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Depression is a major public health concern, affecting millions worldwide, and necessitates early, accu-
rate detection for timely intervention. This study focuses on enhancing machine learning (ML) and deep
learning (DL) models for improved accuracy in depression detection using the Counsel Chat Dataset. To
address the challenges of class imbalance, we employed advanced preprocessing techniques, including the
Synthetic Minority Oversampling Technique (SMOTE), alongside model fine-tuning and architectural opti-
mizations. Our results demonstrated significant performance improvements, particularly with transformer-
based models and hybrid architectures. RoBERTa, a transformer-based model, achieved an accuracy of
91.55%, an F1-score of 0.91, and a recall of 92.10%, outperforming state-of-the-art approaches. Similarly,
CNN-LSTM attained an accuracy of 91.67% with a 95% CI of (0.8987, 0.9312), while XGBoost achieved
the highest accuracy among ML models at 93.06%, with a 95% CI of (0.921, 0.941). Statistical tests val-
idated the superiority of these models, with p-values of 5.48e-13 for RoBERTa and 3.41e-16 for XGBoost.
These findings underscore the pivotal role of data augmentation and preprocessing in creating balanced
datasets and enhancing the predictive capabilities of AI models for depression detection.

Povzetek: Članek izboljša zaznavanje depresije z uporabo SMOTE, RoBERTa in CNN-LSTM, pri čemer op-
timizira ekstrakcijo značilnosti, povečanje podatkov in natančnost klasifikacije, s čimer dosega najnapred-
nejše zmogljivosti pri diagnostičnih sistemih umetne inteligence za duševno zdravje.

1 Introduction

Depression is recognized globally as a leading cause of dis-
ability, affecting over 300 million people, as reported by the
World Health Organization (WHO) [1]. This disorder sig-
nificantly burdens individuals and public health systems,
adversely impacting quality of life, social interactions, and
productivity. The complexity of depression arises from a
diverse range of symptoms influenced by biological, psy-
chological, and environmental factors, making early diag-
nosis particularly challenging. Notably, depression ranks
as the fourth leading cause of disability worldwide [2-3],
with anxiety and depressive disorders affecting nearly one-
fifth of the global population. These challenges are com-
pounded by limited access to specialized care, which often
results in extended wait times for treatment due to the strain
on conventional healthcare systems [4-5].
Recent advances in artificial intelligence (AI), partic-

ularly through machine learning (ML) and deep learning
(DL) models, offer promising avenues for the early detec-
tion and prediction of psychological disorders. These tech-

nologies enable the analysis of diverse and voluminous data
sources—ranging from textual interactions and voice sig-
nals to medical records and online behaviors. Studies have
demonstrated the effectiveness of natural language process-
ing (NLP) models in identifying psychological risks, such
as suicidal tendencies and depressive disorders, based on
online conversations [6]. Moreover, AI models trained on
online therapeutic conversations have shown promise in
predicting relapse risks among young therapy patients [7]
and enhancing suicide prevention interventions by identi-
fying effective strategies [8].

Large languagemodels (LLMs) and reinforcement learn-
ing techniques further bolster these capabilities. For in-
stance, models such as GPT-4, when fine-tuned with spe-
cific datasets, produce empathetic and contextually appro-
priate responses, supporting online therapy through im-
proved conversational quality and emotional coherence [9-
10]. Beyond text, AI models analyzing vocal cues have
shown notable success, as subtle changes in voice can
reflect cognitive and emotional shifts linked to depres-
sion. Ensemble models capturing these nuances have pro-
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vided effective early screening methods that are both non-
invasive and accessible [11]. Integrative approaches using
clinical and neuroimaging data have also demonstrated po-
tential in predicting treatment responses among depressed
patients [12]. For example, recent work has demonstrated
how intelligent cognitive assistants (ICAs) can systemati-
cally support behavioral changes in mental health contexts,
leveraging adaptive techniques to personalize interventions
[13].
Despite these advancements, certain challenges remain.

Data imbalances, such as the overrepresentation of healthy
individuals, affect model accuracy. Techniques like
SMOTE have shown success in balancing datasets and en-
hancing model performance, as seen in studies with elderly
populations in South Korea [14]. Furthermore, the opac-
ity of deep learning models—often termed ”black boxes”—
poses a barrier to clinical adoption. Explainability tools like
SHAP and LIME help make predictions more interpretable,
facilitating integration into medical practice [15]. In par-
allel, computational psychotherapy systems incorporating
advanced predictionmodels and natural language interfaces
have demonstrated superior efficacy in addressing stress,
anxiety, and depression through personalized user interac-
tions [16].
This study addresses these challenges by proposing a

framework that leverages advanced data preprocessing,
augmentation techniques, and state-of-the-art ML and DL
models for depression detection. Specifically, this study
aims to evaluate the impact of SMOTE on mitigating class
imbalance in depression detection datasets. Additionally, it
explores the fine-tuning of RoBERTa and CNN-LSTM ar-
chitectures to enhance model performance. Finally, a com-
parative evaluation of traditional machine learning mod-
els (e.g., XGBoost) with deep learning models (e.g., CNN-
LSTM, RoBERTa) is conducted to highlight the benefits of
advanced architectures combined with data augmentation
techniques.
Furthermore, smartphone-based assessments have

emerged as powerful tools for real-time monitoring and
intervention, with potential to revolutionize mental health
care accessibility [17- 18]. These methods, coupled with
IoT-enabled devices, facilitate ecological momentary
assessments, providing granular, individualized insights
that enhance intervention strategies. Furthermore, the use
of persuasive technology in promoting equality in mental
health care emphasizes the ethical and scalable potential of
digital interventions [19].
This article is structured as follows: the Related Work

section reviews existing research on depression detection
using ML and DL, situating this study within the broader
field of mental health research. The Methodology section
details the dataset, preprocessing steps, data augmentation
techniques such as SMOTE, and models used. Experimen-
tal Results and Analysis present the outcomes of various
models, comparing performance metrics like accuracy, F1-
score, and recall. The Discussion section interprets these
findings, contrasting them with existing studies and under-

scoring implications for AI-driven mental health interven-
tions. Finally, the Conclusion summarizes this work’s con-
tributions, limitations, and potential directions for future re-
search.

2 Related works

The application of machine learning (ML) and deep learn-
ing (DL) models in detecting psychological disorders, par-
ticularly depression, has advanced significantly. These
models now effectively analyze various data modalities—
including text, voice, and multimodal datasets, such as the
Counsel Chat Dataset—to identify early indicators of psy-
chological disorders through online interactions. Large lan-
guage models, like GPT-4 and GPT-4-Turbo, have shown
notable efficacy in generating empathic therapeutic re-
sponses. A recent study highlighted GPT-4-Turbo’s perfor-
mance, surpassing GPT-4 with a BLEU score of 64% and
a ROUGE score of 62%, underscoring its ability to provide
lexically rich and nuanced responses crucial for psycholog-
ical support [10].
Transformers, including models such as RoBERTa and

CNN-LSTM, have also excelled in depression detection.
For instance, the VPSYC system, designed to deliver real-
time therapy, reported an accuracy of 91.2% for emotion
classification and 87.5% for depression detection using
RoBERTa, with CNN-LSTM achieving 84% and 80.3%,
respectively, illustrating the superior capability of trans-
formermodels in processing complex emotional states [20].
Analyzing text data from social networks is another promis-
ing approach, enabling early detection of depression symp-
toms. Deep learning models analyzing online interactions
can identify symptoms before clinical detection, offering a
non-invasive method to screen at-risk individuals [21].
In line with current advancements, a recent study pre-

sented the Medico-call platform, a system that combines
big data tools like GATE and UMLS for the automatic pro-
cessing of EMRs to support early prediction of psycholog-
ical pathologies such as depression. This tool leverages
machine learning to enhance diagnostic accuracy and to
predict various psychological conditions through real-time
data analysis from patient consultations and clinical records
[22].
Voice analysis, through acoustic feature examination,

represents another promising avenue. Research has shown
that subtle pitch alterations can indicate emotional and cog-
nitive changes related to depression, with ensemble models
effectively detecting these signals for early screening [11].
Similarly, visual and acoustic signals, including facial ex-
pressions and vocal tones, have shown potential in identi-
fying preliminary depression indicators through Deep Con-
volutional Neural Networks (DCNN) [23].
Challenges persist, however, particularly with dataset

imbalances, where healthy individuals often outnumber
those displaying depressive symptoms. Techniques like
SMOTE (Synthetic Minority Over-sampling Technique)
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have been effective in balancing classes, as evidenced by
a South Korean study where SMOTE application signifi-
cantly improved depression detection accuracy in an elderly
population [14]. Model explainability remains another crit-
ical area, essential for clinical adoption. Explainability
tools such as SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-Agnostic Explanations)
enhance model transparency, making predictions more in-
terpretable for clinicians and thusmore applicable inmental
health contexts [15].
In online interactions, particularly within suicide preven-

tion frameworks, models like BERT have proven valuable.
For example, counselor interactions that used positive af-
firmations improved well-being scores in 65% of cases,
whereas automated macros had a negative effect in 30%,
highlighting the importance of authentic, human-like inter-
actions [8]. RoBERTa has also been employed in suicide
risk prediction within text-based interactions, achieving an
accuracy of 78% and an F1-Score of 75.5%, outperforming
traditional TF-IDF and logistic regression methods, which
attained 65% accuracy [6].
In addition to NLP and acoustic data, EEG and MRI sig-

nals have been leveraged for psychiatric disorder predic-
tion. Supervised models, such as SVMs, have achieved
high classification accuracy in distinguishing psychiatric
conditions, thereby reinforcing ML’s applicability in men-
tal health [24]. Furthermore, models like XGBoost have
shown potential in predicting recurring contacts in youth
counseling services, achieving an AUROC of 68% and a
balanced accuracy of 62%, thereby improving psychologi-
cal care management [7].
Overall, these advancements indicate that ML and DL

models, including XGBoost, CNN-LSTM, and RoBERTa,
hold substantial promise in detecting psychological disor-
ders such as depression. Traditional ML models, such as
SVM and logistic regression, often underperform due to
their reliance on manually engineered features and inability
to handle non-linear relationships. These models are sus-
ceptible to class imbalances, resulting in reduced recall for
minority classes [28].
While transformer-based models like RoBERTa and hy-

brid architectures like CNN-LSTM demonstrate higher ac-
curacy, their performance depends heavily on large, high-
quality datasets and careful hyperparameter tuning. Addi-
tionally, transformers demand significant computational re-
sources, limiting their applicability in resource-constrained
scenarios [20].

3 Methodology

3.1 Dataset description

3.1.1 Data source

The dataset used in this study comes from an online con-
sultation platform dedicated to mental health issues [29].
On this platform, users submit questions related to disor-

ders such as depression, anxiety, or relationship conflicts.
Each record in the dataset includes a question asked by a
user and a detailed response provided by a trained therapist.
In addition to textual exchanges, the dataset also captures
engagement information, such as the number of views for
each question as well as the number of positive votes at-
tributed to the therapists’ responses (upvotes).
This contextual information helps enrich the analysis, in-

cluding studying how users interact with mental health pro-
fessionals’ responses. It also plays a role in creating addi-
tional features for predictive models.

3.1.2 Data structure

The dataset consists of 2,129 records and contains 12 main
variables. The following are the essential variables used in
this study:

– questionID: Unique identifier for each question.

– questionText: Text describing in detail the question
asked by the user.

– answerText: Answer given by the therapist to the
question asked.

– topic: Main pathologymentioned in the question (e.g.,
depression, anxiety).

– upvotes: Number of upvotes received by the thera-
pist’s response.

– views: Number of views of each question.

– split: Indication of whether the record belongs to the
training, validation, or test set.

– combined_text: Combination of questionText and an-
swerText fields, used for training learning models.

The key variable in this study is topic, which is trans-
formed into a binary label. Questions about depression are
labeled with a 1, while those about other conditions are
labeled with a 0. This transformation allows us to focus
our analysis on detecting depression-related questions from
user-provided text.

3.1.3 Distribution of pathologies

Exploratory analysis of the dataset reveals that depression is
the most frequently discussed pathology, followed by ques-
tions related to anxiety and relationship problems. The dis-
tribution of the different pathologies is illustrated in Figure
1, which shows that more than 300 questions in the dataset
concern depression, making it the central topic of this study.
This dominance of depression allows us to focus our ef-

forts on building models capable of detecting signs of de-
pression from user-submitted questions. Although other
pathologies are present in a smaller proportion, they enrich
the application context of our predictive models by provid-
ing a diversity of textual examples.
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Table 1: Overview of machine learning and deep learning models used in mental health and depression prediction
Ref. Year Area Focused Algorithms

under Review
Limitations Performance

[10] 2024 Evaluation of GPT-4 and
GPT-4-Turbo in generating
empathetic responses for on-
line counseling

GPT-4,
GPT-4-Turbo

Need for deeper empathetic re-
sponses, improvement in senti-
ment analysis

GPT-4: BLEU 60%, ROUGE 58%;
GPT-4-Turbo: BLEU 64%,
ROUGE 62%

[20] 2023 AI-based system to detect de-
pression and provide real-time
therapy

RoBERTa,
CNN-LSTM

Slightly lower performance
of CNN-LSTM compared to
transformers

RoBERTa: 91.2% (emotions),
87.5% (depression);
CNN-LSTM: 84% (emotions),
80.3% (depression)

[6] 2023 Predicting suicide risk in on-
line crisis counseling encoun-
ters using transformers

RoBERTa,
TF-IDF +
Logistic

Regression

Lower accuracy with tradi-
tional models compared to
transformers

RoBERTa: Precision 78%, F1-
score 75.5%;
TF-IDF: Precision 65%, F1-score
63%

[9] 2024 Fine-tuning LLMs with RLHF
for improving therapy chatbots

LLM + RLHF Marginal improvement with
RLHF, room for further opti-
mization

RLHF Model: 72%,
Pre-trained Model: 69%

[8] 2023 Effectiveness of online suicide
prevention chats using ML-
based analysis

BERT Human interaction still outper-
forms automated responses in
some cases

Positive affirmations: 65% im-
provement, Macros: Negative ef-
fect in 30% of cases

[7] 2023 Predicting recurrent contact in
youth psychological interven-
tions

XGBoost Moderate accuracy in predict-
ing contact recurrence, requires
improvement

AUROC: 68%,
Balanced Accuracy: 62%

[25] 2021 Review of predictive analytics
models formental illness detec-
tion

Various ML
Techniques

No extensive comparative eval-
uation of ML models

N/A

[26] 2022 Classification of dialog acts
in open-domain conversational
agents using ML techniques

BERT Limited data augmentation
techniques, accuracy could be
improved

8% improvement with data aug-
mentation

[27] 2019 Classification and prediction of
mental health disorders using
MRI data

SVM, LDA,
GPC, DT, RVM,

NN, LR

No extensive review of depres-
sion screening scales used in
MRI studies

N/A

[28] 2020 Depression detection using
supervised ML and linguistic
analysis on social media

SVM, CNN, DT,
KNN, LR, RF

Focuses only on Facebook
data, no application of semi-
supervised or DL methods

SVM, CNN: Precision 78%

Proposed
Approach

2024 Enhanced depression detection
using SMOTE

RoBERTa,
CNN-LSTM,
XGBoost

Requires optimized pre-
processing techniques for
maximum effectiveness

Roberta: 91.55% accuracy;
CNN-LSTM: 91.67% accuracy;
XGBoost: 93.06% accuracy

3.2 Data preparation

3.2.1 Preprocessing of text data

Data preprocessing is a crucial step in preparing text data,
particularly in the field of natural language processing
(NLP). It helps transform raw data into a form that can be
used by machine learning models, reducing noise and fo-
cusing the algorithms’ attention on the most relevant infor-
mation.

Combining text fields In this study, the questionText and
answerText fields were combined to form a single concate-
nated text. This combination was achieved by adding a
unique separator between the two fields to preserve the dis-
tinction between the question asked and the answer given.
This preserves the original context while facilitating the
analysis of the complete interaction between the patient and
the therapist.
This methodology improves the relevance of the data to

models by providing a more holistic view of the exchanges.

Adding a distinctive separator helps models capture nu-
ances in the structure of the dialogue, a critical element for
assessing signs of depression from these interactions.

Text cleaning and standardization Data cleaning is a
critical step that allows us to eliminate noise in the text.
We started by standardizing all texts by converting them to
lowercase, eliminating case differences. Then, we removed
special characters, punctuation, and numbers, to keep only
the words that were relevant for analysis [30].
In addition, we eliminated so-called ”empty words” (or

stopwords), such as articles and conjunctions, which gen-
erally do not provide meaningful information in the context
of depression detection. This text normalization allows us
to focus the analysis on meaningful words, thus improving
the quality of the input data for the models.

Tokenization and padding Once the text data was
cleaned, we transformed it into digital sequences using to-
kenization. This step involves assigning a digital identifier
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Figure 1: Distribution of pathologies in the dataset. This
figure shows the dominance of depression as the most fre-
quently discussed pathology, allowing a focused effort on
building models to detect signs of depression from user-
submitted questions

to each unique word in the text, thus structuring the data in
a digital form [31].
However, texts often vary in length. To standardize the

size of the input sequences, we applied a padding method,
which adjusts the sequences to a fixed length by adding ze-
ros to shorter texts or truncating longer texts. This stan-
dardization is essential to ensure that neural networks can
process the data efficiently and consistently.

3.2.2 Data augmentation

The imbalance between classes in our dataset, with a lower
proportion of depression-related questions, represents a
major challenge in building robust predictive models. To
overcome this problem, we implemented the data augmen-
tation technique, more precisely the SMOTE approach.
SMOTE (Synthetic Minority Over-sampling Technique)

is a method used to deal with imbalanced datasets by creat-
ing new synthetic examples for the minority class. Unlike
simple data duplication, SMOTE generates new examples
by interpolating between existing data points, thereby in-
creasing the diversity of the minority class [32].
In our study, this technique was applied to the class rep-

resenting depression-related questions. By creating addi-
tional examples of this class, we balanced the distribution
of the data, which allowed the models to generalize better
and detect signs of depression more accurately.
The use of SMOTE had a significant impact on the ro-

bustness of the models, particularly on their ability to rec-
ognize examples from the minority class while reducing the
risks of overfitting.

SMOTE implementation SMOTE (Synthetic Minority
Over-sampling Technique) addresses class imbalance by

generating synthetic samples for the minority class through
interpolation. Given two minority-class samples xi and xj ,
SMOTE generates a new sample xnew as follows:

xnew = xi + λ · (xj − xi)

where λ is a random number in [0, 1], xi is a randomly se-
lected minority-class sample, and xj is one of its k-nearest
neighbors. This ensures that synthetic samples lie within
the feature space of existing minority samples, enriching
diversity without duplicating data.

3.3 Models implemented
In our depression prediction approach, we adopted a hy-
brid strategy combining classical machine learning models
and deep learning models. This methodology leverages the
unique advantages of each model type, enabling a broader
and more nuanced understanding of depression-related tex-
tual indicators. Our approach integrates both linear and
nonlinear models, providing the flexibility to capture sim-
ple relationships as well as more complex patterns in textual
data.

3.3.1 Machine learning models

Machine learning models play a fundamental role in our de-
pression prediction strategy. We used a variety of models
that, although based on simpler algorithms than deep mod-
els, perform well on textual datasets. Their efficiency and
interpretability make them particularly suitable for classifi-
cation tasks such as depression detection.

Support Vector Machine (SVM) The Support Vector
Machine (SVM) is a supervised learning model designed
to find a hyperplane that separates the data into two classes
[33-34]. In this study, the SVM was applied to distinguish
between depression-related texts and other types of texts.
To handle the complexity of the data, we employed a Ra-
dial Basis Function (RBF) kernel, which projects the textual
data into a higher-dimensional space, allowing the model
to efficiently manage non-linear relationships. This kernel
was particularly useful for managing the high-dimensional
spaces generated by the vectorization of textual data. By
doing so, the SVM was able to capture subtle patterns in
language, often associated with indicators of depression,
making it a valuable tool in our predictive framework.

Random Forest The Random Forest model is an ensem-
ble learning technique composed of multiple decision trees,
each trained on a random subset of the data [35]. Every
tree makes a prediction based on simple decision rules, and
the final prediction is determined by aggregating the deci-
sions from all the trees. In our study, this model proved
effective in capturing non-linear relationships and complex
interactions between various textual features. It was partic-
ularly adept at identifying specific combinations of words
and phrases that were indicative of depression, even when
these patterns were subtle.
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Naive Bayes Naive Bayes is a classification model based
on Bayes’ theorem, which operates under the assumption
that features are conditionally independent. Although this
assumption is often an oversimplification, Naive Bayes re-
mains highly effective for text classification tasks. In our
case, it served as a quick and efficient baseline model, al-
lowing us to identify the words most strongly associated
with depression. This initial analysis provided valuable in-
sights into potential indicators of depression within the sub-
mitted texts, laying the groundwork formore complexmod-
els.

XGBoost XGBoost is a boosting algorithm that con-
structs decision trees sequentially, with each new tree cor-
recting the errors made by the previous ones. This approach
makes it particularly well-suited for handling imbalanced
datasets, where one class (such as depression) is under-
represented. In our study, XGBoost was instrumental in
addressing class imbalances while also capturing complex
relationships within the text data. This enabled the detec-
tion of subtle indicators of depression that might have been
overlooked by simpler models.

XGBoost tuning XGBoost hyperparameters were opti-
mized using grid search:

– Learning rate: 0.1

– Maximum depth: 6

– Number of estimators: 100

– Subsample ratio: 0.8

– Regularization parameter (λ): 1

These settings allowed the model to efficiently handle im-
balanced data and extract meaningful textual features for
depression detection.

Logistic regression Logistic regression is a linear model
that estimates the probability of classmembership by apply-
ing a logistic function to a linear combination of features.
In our study, this model provided clear and interpretable re-
sults, allowing us to identify the words or expressions most
strongly associated with depression. It offered valuable and
easily understandable insights into the key textual indica-
tors of depression, making it a useful tool for analyzing the
language patterns associated with this condition.

3.3.2 Deep learning models

Deep learningmodels bring superior ability to capture com-
plex relationships and hidden patterns in text data. We have
integrated several deep learning models into our pipeline to
leverage these capabilities. These models are particularly
effective at extracting high-level features in long and com-
plex text sequences.

CNN-LSTM In our study, we utilized a hybrid deep
learning architecture combining Convolutional Neural Net-
works (CNNs) and Long Short-Term Memory networks
(LSTMs)[36], leveraging the strengths of both models for
more comprehensive depression detection. The CNN com-
ponent excels at extracting local patterns in the text, such
as specific word combinations or phrases that may carry se-
mantic significance. By focusing on these local structures,
CNNs effectively identify key textual features that might
indicate depression within short segments of the data.
Meanwhile, the LSTM component, with its bidirectional

structure, models long-term dependencies within the text.
This means it can understand the broader context in which
words and phrases occur, which is essential for capturing
the flow of conversations and detecting nuanced patterns in
tone or writing style that evolve over time. LSTMs are par-
ticularly adept at processing sequential data, making them
ideal for analyzing long conversations or interactions where
the emotional content may change subtly.
Finally, the attentionmechanism further enhances this ar-

chitecture by allowing the model to focus on the most rele-
vant parts of the text for depression detection. Rather than
treating all words equally, the attention mechanism priori-
tizes certain phrases or patterns that are most indicative of
depression. This focused analysis helps the model pinpoint
subtle cues in the language, such as shifts in tone or emo-
tional intensity, which may otherwise go unnoticed.
By combining CNNs and LSTMs, this hybrid architec-

ture captures both local and global patterns in the text. In
our case, this approach proved highly effective in detecting
subtle changes in tone or writing style, offering a deeper
and more nuanced understanding of the textual indicators
of depression.

CNN-LSTM Tuning The hybrid CNN-LSTM model
was optimized for sequential text data. Key hyperparam-
eters included:

– Number of convolutional filters: 64

– Kernel size: 3

– LSTM units: 128

– Dropout rate: 0.5

– Optimizer: RMSprop

– Learning rate: 1× 10−3

– Epochs: 15

The architecture utilized bidirectional LSTM layers with at-
tention mechanisms to focus on critical features within text
sequences.

RoBERTa (Robustly Optimized BERT Approach)
RoBERTa is a pre-trained language model built upon
the Transformer architecture, which utilizes bidirectional
attention mechanisms to deeply understand the context
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of words in a text [37-38]. This architecture allows
RoBERTa to capture the relationships between words in
both directions, making it particularly powerful for tasks
that require a nuanced understanding of language. In
our study, we fine-tuned RoBERTa for the specific task
of depression detection, adapting its powerful language
modeling capabilities to identify indicators of mental
health issues within textual data.

The strength of RoBERTa lies in its ability to leverage
multiple attention heads tomodel complex relationships be-
tween words and their surrounding context. This enables
the model to discern not only individual word meanings
but also how these words relate to one another within the
broader conversation. Such capabilities are crucial in de-
tecting subtle linguistic patterns that may signify depres-
sion.
In our case, RoBERTa proved highly effective in cap-

turing the deep, contextual nuances of language associated
with depression. It identified contextual signals, such as
the use of certain expressions in specific emotional or con-
versational contexts, as well as subtle changes in language
use throughout a text. These shifts in tone or choice of
words can be critical indicators of a person’s mental state,
and RoBERTa’s attention mechanism allowed the model to
focus on these key aspects, making it an invaluable tool for
depression detection.

RoBERTa tuning The pre-trained RoBERTa model was
fine-tuned for the depression detection task. Key hyperpa-
rameters included:

– Learning rate: 2× 10−5

– Batch size: 16

– Epochs: 10

– Optimizer: AdamW with a weight decay of 10−2

During fine-tuning, we froze the initial transformer layers
to prevent overfitting and adjusted the classification head
to output binary predictions.

3.4 The evaluation metrics
The evaluation metrics are essential tools for assessing the
performance of machine learning and deep learning models
[39]. Given the challenges posed by imbalanced datasets
in depression detection, this study prioritizes metrics that
provide a comprehensive understanding of model behavior
while addressing the limitations of simpler metrics like ac-
curacy.

Accuracy and its limitations Accuracy, defined as the
ratio of correctly predicted instances to the total number of
instances, is a straightforward and intuitive metric. How-
ever, it is insufficient in the context of imbalanced datasets,
as it tends to overrepresent the majority class. For instance,

a model predicting all instances as belonging to the major-
ity class could achieve high accuracy while completely ne-
glecting the minority class. Hence, while accuracy is re-
ported in this study, it is not the primary measure of model
performance.

Accuracy =
Number of Correct Predictions
Total Number of Predictions

F1-score The F1-score is the harmonic mean of preci-
sion and recall, making it particularly effective for imbal-
anced datasets. It balances the cost of false positives (FP)
and false negatives (FN), providing a single, interpretable
metric that accounts for both over-prediction and under-
prediction of the minority class. The F1-score was pri-
oritized in this study to ensure a reliable assessment of
model performance on the minority class, which represents
depression-related instances.

F1Score = 2× Precision× Recall
Precision+ Recall

Recall (sensitivity) Recall, also known as sensitivity or
true positive rate, measures the proportion of actual pos-
itive cases (depression-related questions) correctly identi-
fied by the model. This metric is crucial in the context of
depression detection, where missing cases (false negatives)
can delay necessary interventions and have serious conse-
quences. By focusing on recall, this study ensures that the
models prioritize minimizing false negatives.

Recall =
True Positives

True Positives+ False Negatives

ROC-AUC (Receiver Operating Characteristic - Area
Under the Curve) The ROC-AUC metric evaluates the
trade-off between sensitivity (recall) and specificity (true
negative rate) across various threshold values. By plotting
the true positive rate (TPR) against the false positive rate
(FPR), the ROC curve provides a threshold-independent
evaluation of model performance. The area under the curve
(AUC) quantifies this ability, with a value of 1.0 repre-
senting perfect classification and 0.5 indicating random
guessing. ROC-AUC is particularly robust for imbalanced
datasets, as it is insensitive to class proportions, making it
an essential metric in this study.

AUC =

∫ 1

0

TPR(FPR) dFPR

Why these metrics? The combination of accuracy, F1-
score, recall, and ROC-AUC provides a holistic view of
model performance. While accuracy is reported for base-
line comparisons, the study prioritizes F1-score and ROC-
AUC due to their suitability for imbalanced datasets. Re-
call is specifically emphasized to address the critical need
to minimize false negatives in depression detection tasks.
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Interpretation and reporting For each model
(RoBERTa, CNN-LSTM, and XGBoost), all metrics
are calculated and reported to ensure transparency and
comparability. The prioritization of accuracy, recall and
F1-score reflects the importance of accurately identifying
depression-related questions, while ROC-AUC provides an
additional evaluation of model robustness across decision
thresholds.

3.5 Statistical testing
To validate the significance of the observed improvements
in model performance, we conducted statistical tests on the
results obtained from all models implemented in this study.
These tests aimed to confirm whether the enhancements in
accuracy, F1-score, and recall were due to the methodolo-
gies applied, such as SMOTE, and whether specific models
outperformed others.

t-tests Paired t-tests were performed to compare the per-
formance of each model (e.g., SVM, Random Forest,
Naive Bayes, Logistic Regression, XGBoost, CNN-LSTM,
RoBERTa) before and after the application of SMOTE.
These tests evaluated whether SMOTE significantly im-
proved the detection of depression-related questions, par-
ticularly for the minority class. Results were considered
statistically significant at a p < 0.05 threshold.

ANOVA A one-way ANOVA was conducted to com-
pare the overall performance of all models across key met-
rics (accuracy, F1-score, recall, and ROC-AUC). This test
determined whether the differences in performance met-
rics among the models were statistically significant. Post-
hoc pairwise comparisons using Tukey’sHonest Significant
Difference (HSD) test were conducted to identify specific
pairs of models that showed significant differences.

Effect sizes For each pairwise comparison of mod-
els (e.g., SVM vs. Random Forest, CNN-LSTM vs.
RoBERTa), Cohen’s d was calculated to measure the mag-
nitude of performance differences. This provided a practi-
cal interpretation of the results, indicating whether the ob-
served improvements were substantial or merely statisti-
cally significant.

Significance thresholds All statistical tests were con-
ducted at a significance level of p < 0.05. Confidence
intervals (CI) were reported for each metric, ensuring that
the range of potential values was clearly understood. This
approach ensures robustness and transparency in the inter-
pretation of results.

Tools Statistical analyses were conducted using Python
libraries, including SciPy and statsmodels. These tools
provide robust functions for conducting paired t-tests,
ANOVA, and post-hoc analyses, ensuring reproducibility
and precision.

3.6 Data preparation and model training
workflow

In this study, we followed a structured workflow for data
preparation and model training to ensure that the machine
learning and deep learning models effectively detected
signs of depression from the text data. The workflow is
divided into three main phases: Data Preparation, Training,
and Evaluation.
The Data Preparation Phase included text preprocessing

techniques, such as combining text fields, tokenization, and
padding, as well as data augmentation through SMOTE to
handle the class imbalance issue. The Training Phase fo-
cused on training various machine learning and deep learn-
ing models, including SVM, Random Forest, CNN-LSTM,
and RoBERTa. Lastly, the Evaluation Phase involved us-
ing these trained models to predict depression and evaluate
their performance.
The diagram in Figure 2 visualizes this process and high-

lights the key steps involved in each phase.

4 Results and experiments

4.1 Experimental results
Our study aimed to evaluate the effectiveness of various
models in detecting depression from text-based data by
comparing their performances before and after applying
data preprocessing and augmentation techniques. We ex-
plored several machine learning and deep learning mod-
els, including XGBoost, CNN-LSTM, and RoBERTa, and
measured their performances in terms of accuracy and F1-
Score. The experiments were conducted on a Lenovo
ThinkBook 15pGen 2 laptop equippedwith anAMDRyzen
7 5800H processor (16 cores, up to 4.5 GHz), 24GB of
RAM, 1000GB SSD storage, and an NVIDIA RTX 3060
GPU with 6GB GDDR6. After improving the dataset us-
ing techniques like SMOTE to handle class imbalance and
advanced text preprocessing methods, we observed signif-
icant performance improvements in all models.
To provide a comprehensive evaluation, we divided this

section into two parts:

– Comparison of model performances before and after
data improvements.

– Comparison of our results with recent state-of-the-
art studies using similar models on the Counsel Chat
Dataset.

4.1.1 Comparison of model performances before and
after data improvement

The comparison of model performances before and after
the application of data preprocessing methods and data aug-
mentation techniques, such as SMOTE, reveals significant
improvements in the ability to detect depression. In this
section, we evaluate the models across three main metrics:
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Figure 2: Workflow of the data preparation, model training, and evaluation phases in depression detection. The diagram
illustrates the steps from data extraction and preprocessing to model training and evaluation

Accuracy, F1-Score, and Recall, followed by an analysis
of ROC Curves to assess their classification performance.
Table 2 shows the performance of each model before and

after the application of data preprocessingmethods and data
augmentation techniques like SMOTE. All metrics are pre-
sented as percentages (%).

Accuracy improvements As shown in Figure 3, the ac-
curacy of most models improved notably after applying
data preprocessing and augmentation techniques. For in-
stance, XGBoost, one of the top-performing models, saw
an accuracy increase from 90.14% to 93.06%, indicating its
robust performance in correctly identifying both depressed
and non-depressed cases.
SVM also experienced a significant boost in accuracy,

improving from 85.91% to 96.11% after preprocessing,
demonstrating its enhanced capability to classify cases
with fewer errors. Similarly, the Random Forest Model
showed substantial improvement in accuracy, increasing
from 84.27% to 93.47%, reflecting its improved ability to
correctly classify the majority of instances.
Even the Naive Bayes Model, which initially struggled

with accuracy, saw its performance improve from 84.74%
to 92.78%, highlighting the benefits of data balancing.
CNN-LSTM also showed an increase in accuracy from
84.62% to 92.22%, showcasing how preprocessing signifi-
cantly benefits deep learning architectures.
RoBERTa, although already performing well before the

data improvements, saw its accuracy slightly decrease from
93.66% to 91.55%. This slight decline might be due to
overfitting after the data fine-tuning process.

F1-Score improvements As shown in Figure 4, in terms
of F1-Score, which balances precision and recall, the SVM
Model showed dramatic improvement, rising from 40.00%
to 96.07%, indicating a significant reduction in false posi-
tives and an enhanced ability to correctly identify positive
depression cases.
XGBoost also showed impressive F1-Score improve-

ments, increasing from 64.51% to 92.96%. This score sug-

Figure 3: Accuracy evaluation: comparison of imple-
mented models for the counsel-chat dataset before and after
data improvement

gests that the overall performance of the model improved
significantly after the application of data enhancement tech-
niques. Similarly, Random Forest saw its F1-Score rise
from 42.85% to 92.40%, reflecting how well it handled the
balanced dataset.
The Naive Bayes Model, which had a very low F1-Score

of 2.98%, improved considerably after data augmentation,
reaching 93.12%, indicating that even simpler models can
performwell with proper data balancing. TheHybrid CNN-
LSTMModel also displayed substantial F1-Score improve-
ments, rising from 30.18% to 91.30%, demonstrating the
advantages of preprocessing in enhancing deep learning
models.
However, RoBERTa experienced a slight decrease in F1-

Score, dropping from 81.38% to 74.29%, which may be at-
tributed to overfitting during the fine-tuning process with
the augmented dataset.

Recall improvements As shown in Figure 5, the recall
metric, which measures the model’s ability to correctly
identify all positive cases of depression, showed marked
improvement across most models after data enhancement.
The SVMModel saw its recall rise sharply from 30.30% to
94.74%, indicating that it became highly effective in iden-
tifying cases of depression.
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Table 2: Comparison of model performances before and after improvements

Model
Models Performance Before Improvements Models Performance After Improvements

Accuracy (%) Recall (%) F1 Score (%) Accuracy (%) Recall (%) F1 Score (%)

SVM 85.91% 30.30% 40.00% 96.11% 94.74% 96.07%

Random Forest 84.27% 21.21% 29.47% 93.47% 90.03% 93.26%

Naive Bayes 84.74% 1.51% 2.98% 92.78% 97.51% 93.12%

Logistic Regression 86.38% 22.72% 34.09% 96.25% 96.40% 96.27%

XGBoost 90.14% 63.63% 66.66% 93.06% 91.41% 92.96%

CNN-LSTM 84.62% 13.63% 21.17% 92.22% 89.47% 92.02%

RoBERTa 93.66% 89.39% 81.38% 91.55% 78.79% 74.29%

Figure 4: F1-score evaluation: comparison of implemented
models for the counsel-chat dataset before and after data
improvement

Similarly, Random Forest exhibited strong recall im-
provements, increasing from 30.69% to 89.20%, confirm-
ing its enhanced ability to reduce false negatives and
correctly classify a greater proportion of positive cases.
The Naive Bayes Model, which initially had a recall of
only 1.51%, saw a remarkable improvement, jumping to
97.51%, highlighting how critical it is to balance datasets
for models that struggle with class imbalance.
CNN-LSTM also showed significant recall improve-

ment, rising from 13.63% to 89.47%, indicating how pre-
processing can dramatically boost the performance of mod-
els designed to capture complex sequential patterns. XG-
Boost also improved its recall, increasing from 63.63% to
91.41%, making it highly effective in identifying positive
cases.
Finally, RoBERTa showed a slight decrease in recall,

dropping from 89.39% to 78.79%, suggesting that while
it remains effective, the adjustments made during data en-
hancement may have introduced some limitations in its re-
call performance.

ROC curve analysis before data improvement The
ROC curves provide a visual representation of the model’s
classification performance across different thresholds.
Specifically, the area under the curve (AUC) measures the

Figure 5: Recall evaluation: comparison of implemented
models for the counsel-chat dataset before and after data
improvement

model’s ability to distinguish between positive and negative
classes, with a higher AUC indicating better performance.
In Figure 6, we observe the ROC curves for each model

before data improvement. The SVM model, which ini-
tially shows an AUC of 0.87, has room for improvement in
its ability to discriminate between true positives (correctly
identified depression cases) and false positives (incorrectly
identified non-depression cases). The other models, such
as Random Forest and Naive Bayes, also display subopti-
mal AUC values of 0.90 and 0.67, respectively. This sug-
gests that prior to data enhancement, these models were not
as effective at distinguishing between depression and non-
depression cases.
CNN-LSTM, with an AUC of 0.74, performed poorly in

identifying depression, indicating that it struggled with the
complexity of the data. RoBERTa, on the other hand, per-
formed relatively better with an AUC of 0.97, highlighting
its initial strength in handling text-based data for depression
detection. Nevertheless, even RoBERTa had room for im-
provement, as indicated by its occasional misclassification
of depression cases.
Overall, Figure 6 highlights the need for data preprocess-

ing and augmentation to improve the discriminatory power
of the models, as indicated by their suboptimal AUC values
before any improvements.
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Figure 6: Roc curves of models before data improvement.
This figure shows the roc curves for the models on the orig-
inal dataset, highlighting the initial classification perfor-
mance of each model

ROC curve analysis after data improvement After ap-
plying data preprocessing techniques such as SMOTE to
address class imbalance, the ROC curves show significant
improvement in the models’ performance, as seen in Figure
7. The AUC values for nearly all models increased, indi-
cating enhanced ability to differentiate between depression
and non-depression cases.

SVM, in particular, saw a dramatic improvement, with
its AUC rising from 0.87 to 0.99. This substantial increase
indicates that SVM is now highly effective at distinguish-
ing true positives from false positives, making it a reliable
model for depression detection after the data improvements.
Random Forest and Naive Bayes also demonstrated con-
siderable improvements, with AUC values of 0.97 each,
up from their previous 0.90 and 0.67, respectively. These
gains suggest that both models became much better at iden-
tifying depression cases and reducing misclassification er-
rors.

Interestingly, CNN-LSTM, which initially struggled
with an AUC of 0.74, improved to 0.97 after data augmen-
tation, reflecting the enhanced ability of this deep learning
model to capture complex patterns in text data. RoBERTa,
which already had a strong AUC of 0.97, maintained a high
performance with a slight increase, further cementing its
role as a powerful model for text-based depression detec-
tion.

Overall, Figure 7 demonstrates the positive impact of
data augmentation techniques on model performance. The
increase in AUC across all models highlights their im-
proved ability to accurately classify cases of depression,
making these models more reliable for real-world applica-
tion in mental health assessments.

Figure 7: Roc curves of models after data improvement.
This figure shows the roc curves for the models after ap-
plying data preprocessing and augmentation techniques, il-
lustrating the improvement in classification performance

Synthesis of ROC analysis The improvement in the
ROC curves from Figure 6 to Figure 7 is clear evidence that
data preprocessing, particularly techniques like SMOTE,
significantly enhances model performance. SVM and
CNN-LSTM, which initially struggled with classification,
now show AUC values close to 1, indicating near-perfect
performance. Even models that were initially strong,
such as RoBERTa, benefitted from the data improvements,
though their changes were less dramatic due to their already
high performance.
The ROC analysis underscores the importance of han-

dling data imbalance and cleaning noisy data to allow ma-
chine learning and deep learning models to reach their
full potential, especially in tasks like depression detection,
where misclassifications can have serious implications for
patient care.
To further evaluate the performance of the RoBERTa

model, we examined its confusion matrices both before
and after data improvements. The confusion matrix pro-
vides insights into how well the model classified true pos-
itives (correct depression detections), false positives (in-
correct depression detections), true negatives (correct non-
depression classifications), and false negatives (missed de-
pression cases).
In Figure 8, the confusion matrix of the RoBERTa model

before data improvement reveals the following:

– True Positives (Depression correctly classified): 46
cases.

– False Negatives (Depression misclassified as non-
depression): 20 cases.

– True Negatives (Non-depression correctly classified):
351 cases.
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Figure 8: Confusion matrix for roberta before data im-
provement. This matrix shows the classification perfor-
mance on the original dataset

– False Positives (Non-depression misclassified as de-
pression): 9 cases.

This initial confusion matrix highlights that while the
RoBERTa model performs well in identifying non-
depression cases, it slightly struggles with depression mis-
classifications, resulting in a moderate number of false neg-
atives.

Figure 9: Confusion matrix for roberta after data improve-
ment. This matrix shows the classification performance af-
ter applying data preprocessing and augmentation

After applying data preprocessing and augmentation
techniques, as shown in Figure 9, the confusion matrix
demonstrates a noticeable improvement:

– True Positives increased to 56 cases.

– False Negatives reduced to 10 cases.

– True Negatives decreased slightly to 326 cases.

– False Positives increased to 34 cases.

The comparison between the two confusion matrices il-
lustrates the impact of data improvements on the RoBERTa
model’s performance. While there is a slight increase in
false positives (from 9 to 34), the model significantly re-
duces the number of false negatives (from 20 to 10). This
reduction in false negatives is particularly valuable in the
context of depression detection, as it indicates fewer cases
of depression are missed by the model. The improvements
in data preprocessing and augmentation have thus enhanced
the model’s ability to correctly identify cases of depres-
sion, highlighting the trade-off between increasing sensi-
tivity (true positives) and a marginal rise in false positive
cases. Overall, the model’s enhanced performance in iden-
tifying depression accurately outweighs the minor increase
in false positives, demonstrating the effectiveness of our
data enhancement techniques.

4.1.2 Comparison with state-of-the-art studies

To evaluate the effectiveness of our approach, we com-
pared the performance of our models against several recent
state-of-the-art studies that utilized similar algorithms for
depression detection. The comparisons are made using the
same dataset, the Counsel-Chat Dataset, allowing for a fair
and accurate assessment. This comparison highlights how
our fine-tuning techniques, preprocessing, and data aug-
mentation strategies have significantly improved the per-
formance of various models, particularly RoBERTa, CNN-
LSTM, and XGBoost, in detecting depression. The results,
detailed in the table (Table 3) below, clearly demonstrate
the superior performance of our models, further validating
the impact of our methodological enhancements.

Table 3: Comparison with state-of-the-art studies
Study Algorithm Accuracy

(%)
Dataset

[20] RoBERTa 87.5% Counsel-Chat
Dataset

Our
Study

RoBERTa 91.55% Counsel-Chat
Dataset

[20] CNN-LSTM 80.3% Counsel-Chat
Dataset

Our
Study

CNN-LSTM 91.67% Counsel-Chat
Dataset

[7] XGBoost 62.0% Counsel-Chat
Dataset

Our
Study

XGBoost 93.06% Counsel-Chat
Dataset

To further validate our results, we conducted a statisti-
cal comparison between our models and the state-of-the-
art models, as shown in the table below. The comparison
statistics and p-values indicate the statistical significance of
the performance differences.
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Table 4: Statistical comparison with state-of-the-art studies
Study 95% CI Comparison

Statistic
Comparison
p-value

[20] (0.8975, 0.9350) 52.02 5.48e-13
Our Study
(RoBERTa)

(0.9131, 0.9481) - -

[20] (0.793, 0.813) 241.51 2.62e-54
Our Study

(CNN-LSTM)
(0.8987, 0.9312) - -

[7] (0.600, 0.640) 75.23 3.41e-16
Our Study
(XGBoost)

(0.921, 0.941) - -

– RoBERTa:In a recent study on depression detection,
RoBERTa achieved an Accuracy of 87.5%. In con-
trast, our study yielded a significantly higher Accuracy
of 91.55%, with a p-value of 5.48e-13, confirming
the statistical significance of this improvement. This
demonstrates that our fine-tuning techniques and data
preprocessing led to superior performance.

– CNN-LSTM:The state-of-the-art CNN-LSTMmodel
reported an Accuracy of 80.3%. However, our Hybrid
CNN-LSTM model achieved an Accuracy of 91.67%
after improvements, a notable enhancement with a
comparison p-value of 2.62e-54, demonstrating the ro-
bustness of our data augmentation and preprocessing
techniques.

– XGBoost: The XGBoost model in the state-of-the-art
study achieved a balanced accuracy of 62.0%. Our
XGBoost model, on the other hand, reached an Ac-
curacy of 93.06%. The p-value for this comparison
is 3.41e-16, signifying a major performance boost and
affirming the effectiveness of our model training and
data augmentation approaches.

In this section, we demonstrated that the preprocessing
and data augmentation techniques applied to our models
have significantly improved their ability to predict depres-
sion from text-based data. The results show a substan-
tial improvement in both Accuracy and F1-Score across all
models, especially XGBoost, CNN-LSTM, and RoBERTa.
Comparing our results with recent studies in the field, we

can conclude that our models outperform state-of-the-art
models for depression detection, with statistically signifi-
cant improvements across the board. These findings con-
firm the effectiveness of our methodological improvements
and underscore the potential of these models for practical
applications in mental health assessments.

5 Discussion

5.1 Focus on depression detection
This study focused on detecting depression due to its promi-
nence in the dataset and its critical importance as a global
mental health challenge. Depression affects millions of in-
dividuals annually, often requiring early detection for ef-
fective intervention. Text-based platforms provide a unique

opportunity to analyze natural language patterns associated
with depressive symptoms, offering a non-invasive method
for early screening. By prioritizing depression detection,
we were able to leverage a rich dataset, apply advanced
preprocessing techniques, and design models optimized for
this pathology. This focus allowed us to achieve significant
improvements in model performance while addressing key
challenges such as class imbalance and linguistic variabil-
ity.

5.2 Comparison with state-of-the-art models
Our models demonstrated significant improvements over
state-of-the-art approaches, driven by a comprehensive
pipeline that integrated advanced preprocessing, data aug-
mentation, and model optimization techniques.
One of the most noteworthy improvements was observed

with the RoBERTa-based model. In comparison to previ-
ous studies such as [20] which reported a 95% confidence
interval (CI) between 0.8975 and 0.9350, our RoBERTa
model significantly outperformed this range, achieving a
95% CI of 0.9131 to 0.9481. The improvement in accu-
racy can be attributed to our robust preprocessing pipeline
and fine-tuning strategies. In terms of the comparison
statistic (52.02) and the p-value (5.48e-13), previous imple-
mentations of RoBERTa demonstrated significantly lower
performance. This highlights the effectiveness of our en-
hancements, especially in handling depression-related data,
where capturing subtle linguistic cues is critical. The p-
value from these comparisons confirms the statistical sig-
nificance of our improvements, reinforcing the claim that
our RoBERTa model offers better detection capabilities
with a higher degree of reliability.
The CNN-LSTM hybrid model we introduced also

exhibited a considerable performance boost. Traditional
CNN-LSTM approaches, as reported in studies like [20],
produced a 95% CI between 0.793 and 0.813. In contrast,
our CNN-LSTM hybrid model achieved a confidence in-
terval of 0.8987 to 0.9312, showing a significant improve-
ment in accuracy. The comparison statistic (241.51) and
the p-value (2.62e-54) in previous studies underscore the
substantial difference in model performance. Our model’s
ability to combine CNN’s feature extraction with LSTM’s
sequential learning is particularly effective in this context,
allowing it to capture both the local patterns in the text (such
as word groupings) and the temporal dependencies that are
often critical in depression detection. This dual capability
is a clear advantage over purely CNN or LSTM models,
enabling more precise predictions and significantly higher
F1-scores.
In terms of XGBoost, which is frequently used in de-

pression prediction tasks, we once again saw a stark con-
trast between our model and existing ones. For instance, in
the [7] study, the reported 95% CI was between 0.600 and
0.640, while our XGBoost model achieved a much higher
CI of 0.921 to 0.941. The difference in the comparison
statistic (75.23) and p-value (3.41e-16) further emphasizes
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the remarkable improvement in our model. These results
illustrate that our preprocessing, particularly the applica-
tion of SMOTE (Synthetic Minority Over-sampling Tech-
nique), played a pivotal role in mitigating the class imbal-
ance problem that often hampers XGBoost’s performance.
By oversampling the minority class, we ensured that the
model learned to recognize the features associated with de-
pression more effectively, leading to higher recall rates and
an overall improvement in performance.
These results highlight the efficacy of integrating prepro-

cessing techniques, such as SMOTE, with advanced model
architectures to achieve state-of-the-art performance in de-
pression detection tasks.

5.3 Limitations of the proposed approach
Despite the promising results, our study has several limita-
tions that must be acknowledged:

– Dataset Dependency: The reliance on the Counsel
Chat Dataset limits the generalizability of our findings.
This dataset, while rich in depression-related text, is
domain-specific and may not capture the full linguis-
tic variability seen in other mental health datasets or
real-world settings.

– Synthetic DataQuality: While SMOTE significantly
improved recall, it introduced synthetic samples that
might not fully reflect the complexity of real-world
data. This occasionally led to overfitting, particularly
in models like RoBERTa, as evidenced by slight re-
ductions in F1-score.

– Computational Requirements: Fine-tuning
transformer-based models, such as RoBERTa,
requires substantial computational resources, which
may limit their scalability for broader deployment,
especially in resource-constrained settings.

– Model Interpretability: Deep learning models,
particularly RoBERTa and CNN-LSTM, operate as
”black boxes,” limiting their interpretability. While
these models deliver high accuracy, their lack of trans-
parency poses challenges for clinical adoption. Future
work should focus on integrating explainability tools
such as SHAP and LIME.

Addressing these limitations through cross-dataset vali-
dation, lightweight model adaptations, and improved syn-
thetic data generation techniques will be essential for
broader applicability.

5.4 Practical implications of false positives
and negatives

In medical and mental health contexts, the implications of
false positives and false negatives differ significantly, and
both require careful consideration:

– False Positives: Incorrectly classifying non-
depressed individuals as depressed may lead to
unnecessary interventions, such as therapy or medi-
cation. While these cases increase healthcare costs,
their impact is generally less severe than missing true
cases of depression.

– False Negatives: Failing to identify depressed indi-
viduals poses a critical risk, delaying necessary inter-
ventions and potentially exacerbating symptoms. This
is particularly concerning in the context of suicide pre-
vention, where undetected cases can lead to severe
outcomes. Our emphasis on recall across all models
aimed to minimize false negatives, ensuring that de-
pression cases are accurately identified.

By prioritizing recall and balancing precision through
techniques such as SMOTE and hyperparameter tuning, our
study addresses the high stakes of depression detection. Fu-
ture research could explore cost-sensitive learning frame-
works to optimize these trade-offs further.

5.5 Future directions
Building on the results of this study, several avenues for
future research are proposed:

– Cross-Dataset Validation: Testing the models on di-
verse datasets to assess their generalizability and ro-
bustness.

– Explainability Integration: Enhancing model inter-
pretability through tools like SHAP and LIME, mak-
ing predictions more transparent for clinicians.

– Real-Time Applications: Developing real-time de-
pression detection systems for integration into men-
tal health platforms, providing immediate feedback to
users and healthcare providers.

– Dynamic Data Adaptation: Implementing adaptive
learning techniques to account for evolving language
patterns and emerging mental health terminologies in
real-world data.

6 Conclusion

This study presents a significant improvement in depres-
sion detection through a carefully designed process that en-
hanced both machine learning and deep learning models.
By implementing comprehensive data preparation and aug-
mentation techniques like SMOTE, we addressed the crit-
ical issue of class imbalance, leading to a more balanced
dataset and improved model training conditions. This ap-
proach directly contributed to the notable enhancements in
accuracy and F1-scores across all models, particularly for
XGBoost, CNN-LSTM, and RoBERTa.
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When compared to state-of-the-art studies, our models
showed statistically significant improvements in perfor-
mance, as reflected in the p-values, further validating our
enhancements. These findings underscore the effectiveness
of our approach in building a reliable and powerful solu-
tion for depression detection. The multi-model framework
we developed outperforms traditional approaches and of-
fers a practical, scalable solution for real-world applications
in mental health assessments.
In conclusion, our work pushes the boundaries of de-

pression detection models, providing a comprehensive and
valuable method that improves both model accuracy and
interpretability. These contributions lay the foundation for
deploying advanced AI models in clinical and therapeutic
settings, offering more reliable tools for detecting depres-
sion and enhancing the overall mental health assessment
process.
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With the development of Industry 4.0, intelligent manufacturing has become a prominent trend. This study 

focuses on applying artificial intelligence algorithms to optimize mechanical manufacturing processes, 

aiming to improve productivity, product quality, and reduce resource waste. We introduce an intelligent 

scheduling algorithm based on deep reinforcement learning for machinery manufacturing processes. The 

model utilizes deep Q-network (DQN) to make efficient production scheduling decisions and can handle 

complex and dynamic production environments. The experimental results demonstrate the algorithm's 

superior performance in both single-production line and multi-production line collaborative operations. 

Specifically, it achieves significant improvements in key performance metrics, such as production cycle 

time, resource utilization, order delay rate, and emergency order response time. Additionally, the 

algorithm showcases strong adaptability, effectively managing different types of orders and production 

lots. Quantitative improvements are observed in production cycle time and order delay rate, which 

highlight the practical benefits of the proposed approach in real-world applications. 

Povzetek: Model razporejanja, ki temelji na učenju z globoko okrepitvijo in uporablja DQN, optimizira 

mehanske proizvodne procese, izboljšuje proizvodno učinkovitost, izkoriščenost virov in odzivne čase 

naročil, kar prikazuje transformativni potencial umetne inteligence v inteligentni proizvodnji. 

 

1 Introduction 
With the acceleration of the process of global economic 

integration and increasingly fierce market competition, the 

manufacturing industry is facing unprecedented 

challenges. On the one hand, customer demand tends to be 

personalized and diversified, requiring manufacturing 

enterprises to respond quickly to market changes; on the 

other hand, resource and environmental constraints have 

increased, forcing enterprises to improve production 

efficiency and reduce energy consumption and emissions. 

In addition, rising labor costs and shortage of skilled 

personnel also pose a severe test for the manufacturing 

industry. In order to cope with these challenges, the 

manufacturing industry has begun to seek the road of 

transformation and upgrading, in which intelligentization 

has become one of the important development directions.  

In recent years, artificial intelligence technology has 

made breakthrough progress, bringing new development 

opportunities for the manufacturing industry. Artificial 

intelligence can not only be used to optimize the 

production process and improve production efficiency, but 

also help companies to carry out fault prediction, quality 

control, supply chain management and many other 

aspects. For example, the use of machine learning 

algorithms can analyze equipment operation data to 

achieve predictive maintenance of equipment, thus 

avoiding losses caused by unplanned downtime; through 

deep learning technology, it can automatically detect 

product defects and improve inspection efficiency and 

accuracy. 

 

In recent years, scholars at home and abroad have 

conducted a lot of research on the application of artificial 

intelligence in the field of machinery manufacturing. For 

example, Qin J et al. [1] proposed a dynamic scheduling 

strategy based on deep reinforcement learning, which can 

significantly improve the flexibility and efficiency of the 

production line. Yang JZ. et al. [2] utilized convolutional 

neural network (CNN) to realize automatic detection of 

surface defects of parts, and its accuracy rate reached more 

than 98%. Reddy ASK. et al. [3] developed an equipment 

condition monitoring system based on Internet of Things 

(IoT) technology, which effectively reduces the 

equipment failure rate and improves the maintenance 

efficiency. Despite a number of successful cases, there are 

still some challenges and shortcomings in the application 

of AI technology in the field of machinery manufacturing.  

This study aims to optimize production scheduling in 

the mechanical manufacturing process through deep 

reinforcement learning, and improve production 

efficiency, resource utilization and order response speed. 

Specific research questions include: 1) How to design an 

efficient intelligent scheduling algorithm to adapt to 

complex production environments? 2) How to use deep Q-

network (DQN) to automate scheduling decisions? 3) 

How to solve the scheduling problems of multi-line 

collaboration and emergency orders? 4) How to adjust 

algorithm hyperparameters to achieve optimal 

performance in different production scenarios? The 

answers to these questions will provide new ideas for 

scheduling optimization in intelligent manufacturing. 
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Through this study, we expect to provide an 

innovative intelligent scheduling solution for China's 

machinery manufacturing industry, which will help 

enterprises realize the optimization and upgrading of the 

production process, so as to occupy a favorable position in 

the fierce market competition. At the same time, it also 

provides useful reference for the application and 

development of artificial intelligence technology in the 

field of manufacturing. This study innovatively adopts a 

deep reinforcement learning framework to construct an 

intelligent scheduling model, which improves the 

intelligence level of scheduling decision-making through 

autonomous learning and adaptation to complex 

production environments. Meanwhile, the comprehensive 

evaluation index system proposed in the study not only 

focuses on production efficiency, but also covers multiple 

dimensions such as resource utilization, cost savings and 

emergency order processing, forming a comprehensive 

performance evaluation system [4]. The intelligent 

scheduling algorithm demonstrates adaptability and 

robustness in dealing with uncertainties such as equipment 

failures and emergency orders through the dynamic 

adjustment mechanism and intelligent optimization 

strategy, and effectively handles multi-production line 

collaborative operations, which improves the flexibility 

and efficiency of the overall production system. 

2   Literature review 

2.1 Application of artificial intelligence 

technology in the field of machinery 

manufacturing  
Artificial Intelligence (AI) technology is gradually 

changing the face of the machine manufacturing industry. 

It not only improves the efficiency and flexibility of the 

manufacturing process, but also brings unprecedented 

opportunities for innovation in the manufacturing 

industry. The following are some of the more widely used 

aspects in the field of machine manufacturing: 

Intelligent design is an important application 

direction of artificial intelligence technology in 

mechanical engineering. By using generative design 

algorithms, a variety of design options can be 

automatically generated based on performance 

requirements and constraints. Xia TB. et al. [5] proposed 

a generative design framework based on deep learning, 

which utilizes a deep learning model to quickly generate 

design solutions that meet specific functional 

requirements. This automated design process not only 

shortens the product development cycle, but also improves 

the innovation and feasibility of the design. Production 

scheduling is a key link in machine manufacturing, which 

directly affects production efficiency and cost. In recent 

years, machine learning-based methods have been used to 

optimize production scheduling. Deshpande S. et al. [6] 

developed a dynamic scheduling strategy based on deep 

reinforcement learning, which is able to make intelligent 

decisions based on the real-time state of the production 

system, thus reducing production waiting time and 

improving resource utilization. This approach learns the 

optimal strategy by simulating different scheduling 

scenarios, which provides new ideas to improve the 

flexibility and efficiency of production lines. Predictive 

maintenance is used to reduce unplanned downtime by 

monitoring equipment condition data to predict potential 

failure points. Ning FW et al. [7] constructed a predictive 

maintenance system using support vector machine (SVM) 

and long-short-term memory network (LSTM). By 

analyzing the vibration signals of the equipment, the 

system is able to identify upcoming failures in advance, 

effectively reducing the equipment failure rate and extend 

the service life of the equipment. Quality control is a 

critical step to ensure that the product meets the standards. 

Yang J et al. [8] proposed an automatic surface defect 

detection method based on convolutional neural network 

(CNN). The method utilizes a large number of sample 

images to train the CNN model so that it can detect defects 

on the surface of the part in real time on the production 

line with an accuracy rate of more than 98%. This method 

greatly improves detection efficiency and accuracy and 

helps to reduce the defective product rate. 

 

2.2 Research on optimization methods of 

machine manufacturing processes  
With the intensification of market competition and 

technological progress, machinery manufacturing 

enterprises are paying more and more attention to the 

optimization of manufacturing processes. Process 

optimization can not only improve productivity and 

product quality, but also reduce costs and enhance the 

competitiveness of enterprises. The following are several 

common mechanical manufacturing process optimization 

methods and their specific application examples. 

Production process reorganization refers to the redesign of 

the production process to improve productivity and 

flexibility. he Yu BW et al. [9] showed that by 

reorganizing the process of an automotive parts 

production line, a balanced optimization of the production 

line was achieved, bottlenecks in production were 

reduced, and the overall production efficiency was 

improved. This work was carried out by using Value 

Stream Mapping (VSM) techniques to identify and 

eliminate unnecessary process steps and wastes, which 

ultimately led to a significant reduction in production 

cycle time. Process parameter optimization is the process 

of improving product quality and productivity by 

adjusting key parameters in the production process. For 

example, Malhan R et al. [10] explored the optimization 

method of energy consumption in the machining process, 

by using multi-objective genetic algorithm to optimize the 

cutting parameters, which both ensures the machining 

accuracy and reduces the energy consumption. This 

optimization method not only reduces energy costs, but 

also reduces environmental pollution. Modularization and 

standardization are effective means to improve the 

flexibility and efficiency of production. Ahmad HM et al. 

[11] proposed a manufacturing process improvement 

method based on modular design, which can be more 

convenient for production and maintenance by 

decomposing the complex product structure into several 
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independent modules. At the same time, standardized 

components can reduce variability in the design and 

manufacturing process, thus improving productivity and 

reducing production costs. 

The application of smart manufacturing technology 

can significantly improve the degree of automation and 

intelligence of the manufacturing process. For example, 

Wang JJ et al. [12] introduced the concept and 

development trend of a discrete manufacturing smart 

factory, which covers a variety of advanced technologies 

such as IoT technology, big data analytics, and artificial 

intelligence. The application of these technologies makes 

the production process more transparent, efficient and 

flexible. 

 

2.3 Predictive maintenance and quality 

control technology development  
Predictive maintenance and quality control are key 

technologies to ensure the reliability of equipment and 

product quality in the machinery manufacturing process. 

With the development of artificial intelligence and big 

data technologies, these technologies have been 

significantly enhanced. The following are the latest 

advances and application examples of predictive 

maintenance and quality control technologies. Predictive 

maintenance is a technology that predicts potential failures 

by monitoring the operating status of equipment, so that 

measures can be taken in advance to avoid unplanned 

downtime. In recent years, artificial intelligence 

techniques such as machine learning and deep learning 

have been widely applied to predictive maintenance. Ping 

YY et al. [13] developed an equipment condition 

monitoring system based on IoT technology, which 

collects data such as vibration and temperature through 

sensors installed on the equipment, and utilizes machine 

learning such as support vector machine (SVM) and long-

short-term memory network (LSTM) algorithms such as 

Support Vector Machines (SVM) and Long Short Term 

Memory Networks (LSTM) to predict potential failures. 

This method can effectively reduce the equipment failure 

rate and improve the maintenance efficiency. Luo JL. et 

al. [14] proposed an equipment fault diagnosis method 

based on wavelet transform and machine learning, which 

is capable of extracting features from the vibration signals 

of the equipment and classifying the faults using a support 

vector machine, which improves the accuracy of fault 

diagnosis. 

Quality control is a critical step to ensure that 

products meet standards. With the advancement of 

computer vision technology, quality control has become 

more automated and efficient. Ping YY et al. [15] utilized 

Convolutional Neural Networks (CNNs) to achieve 

automated detection of surface defects on parts with an 

accuracy rate of over 98%. They used a large number of 

sample images to train the CNN model, which enabled the 

model to detect surface defects of the product in real time 

on the production line, significantly improving the 

detection efficiency and accuracy. Liu BF. et al. [16] 

implemented online dimensional measurements of the 

product using machine vision technology, which ensured 

product quality by real-time capturing of images of the 

product and dimensional calculation. consistency. Jiang 

JC.et al. [17] developed an intelligent manufacturing 

platform with integrated predictive maintenance and 

quality control features. The platform is capable of 

automatically adjusting the production process, reducing 

failures and improving product quality through real-time 

data acquisition, analysis and feedback mechanisms. 

 

2.4   Problems and challenges 

Despite the significant progress made in the application of 

AI technology in the field of mechanical engineering, it 

still faces a series of problems and challenges that 

constrain the further promotion and application of the 

technology. 

As large amounts of data are generated within 

factories, data privacy and security have become a major 

issue. Many companies are reluctant to share sensitive 

data for fear of leaking it to competitors or third-party 

organizations, which limits the application of AI 

technologies. For example, Johnson KL. et al. [18] pointed 

out that in equipment condition monitoring, companies are 

often reluctant to upload equipment operation data to the 

cloud for analysis, which affects the training and 

optimization of predictive maintenance models. There are 

integration challenges between different AI technologies 

and manufacturing systems. For example, how to 

seamlessly integrate machine learning models into 

existing production control systems for efficient data 

exchange and automated updating of control logic. Kumar 

et al. developed a SWARA-CoCoSo-based approach for 

selecting spray painting robots, which integrates SWARA 

(Step-wise Weight Assessment Ratio Analysis) with the 

CoCoSo (Cost Consensus Solution) method to improve 

the selection process in robotic applications. In a similar 

vein [19], Ghoushchi et al. focused on risk prioritization 

in failure mode and effects analysis (FMEA) by extending 

the SWARA method and integrating it with the MOORA 

(Multi-Objective Optimization on the Basis of Ratio 

Analysis) method, enhanced by Z-numbers theory. This 

approach allows for more accurate and reliable risk 

assessment in industrial applications [20]. 

As shown in Table 1, the current state-of-the-art 

(SOTA) methods primarily focus on production 

scheduling using reinforcement learning and optimization 

algorithms. However, these methods have limitations in 

handling complex production environments, coordination 

among multiple production lines, and sudden order 

changes. For instance, existing deep reinforcement 

learning methods (such as DQN) significantly improve 

production efficiency but are often constrained by high 

computational complexity in dynamic production settings. 

In contrast, this study introduces an enhanced DQN model 

that effectively addresses these challenges. It 

demonstrates superior performance in both single and 

multiple production line collaborations. By integrating 

deep reinforcement learning, this research not only 

enhances the flexibility of scheduling algorithms but also 

exhibits strong adaptability in processing multiple order 

types and production batches. The contributions of this 
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study provide a robust solution to the limitations faced by 

current methodologies, thereby advancing the field of 

production scheduling and optimization. 

 

 

Table 1: Research outcomes 

Study 

Name 

Main 

Methodology 

Application 

Field 

Key 

Results 
Limitations 

Contributions 

of This Study 

Study 

A 

Deep 

Reinforcement 

Learning 

(DQN) 

Mechanical 

Manufacturing 

Scheduling 

Improved 

production 

efficiency 

High 

computational 

complexity, 

difficulty in 

handling 

dynamic 

changes in 

production 

environments 

Proposed an 

optimized DQN 

model capable 

of effectively 

managing 

complex and 

dynamic 

production 

environments 

Study 

B 

Genetic 

Algorithm 

Production 

Planning 

Optimization 

Reduced 

production 

cycle time 

Difficulty in 

coordinating 

multiple 

production 

lines 

Proposed 

scheduling 

algorithms 

suitable for 

both single and 

multiple 

production line 

collaborations 

Study 

C 

Rule-based 

Scheduling 

Algorithm 

Production 

Scheduling 

Increased 

resource 

utilization 

Poor flexibility, 

unable to adapt 

to sudden 

situations 

Enhanced the 

adaptability and 

flexibility of 

scheduling 

algorithms by 

incorporating 

deep 

reinforcement 

learning 

Study 

D 

Reinforcement 

Learning (Q-

learning) 

Smart 

Manufacturing 

Improved 

order 

delay 

Inability to 

adapt to 

complex orders 

and production 

batches 

Proposed a 

Deep Q-

Network 

(DQN) solution 

with stronger 

adaptability, 

supporting 

various types of 

orders 

 

In the discussion section, we explicitly compare the 

experimental results of the intelligent scheduling 

algorithm with the state-of-the-art methods (SOTA) in 

related work. Compared with existing methods, the 

proposed method shows significant advantages in multiple 

performance indicators. Specifically, in terms of 

production cycle time and resource utilization, the 

proposed deep reinforcement learning (DQN) scheduling 

algorithm can effectively shorten the production cycle and 

optimize resource allocation, thereby improving overall 

production efficiency. The main reason for these 

differences is that this study introduced the deep Q 

network (DQN) model. Through the adaptive ability of 

reinforcement learning, the algorithm can respond to 

complex and dynamic production environments in real 

time and handle multiple order types and production 

batches at the same time. In addition, the innovation of the 

proposed method lies in the ability to optimize scheduling 

decisions through deep learning technology, which not 

only improves production efficiency, but also enhances 

the flexibility and adaptability of the system, especially in 

the scenarios of multi-line collaboration and sudden order 

processing. Overall, the method of this study provides a 

new solution for the field of intelligent scheduling, which 

has broad application prospects and practical significance. 
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3   Intelligent scheduling algorithm 

design and implementation 

3.1 Mechanical manufacturing process 

analysis  
The mechanical manufacturing process is a series of 

orderly operational steps that transform raw materials into 

finished products, and these steps usually involve multiple 

stages and different production equipment. In this section, 

the characteristics and components of the mechanical 

manufacturing process will be introduced in detail to lay 

the foundation for the design of the subsequent intelligent 

scheduling algorithm, the specific framework of which is 

shown in Fig. 1. 

The machinery manufacturing process consists of the 

stages of raw material preparation, machining, assembly, 

testing and packaging. Each stage consists of a series of 

specific processes that may involve different production 

equipment and operators. For example, in the machining 

stage, CNC machine tools may be required to cut and drill 

parts, while in the assembly stage, machined parts are 

assembled into the final product. In the mechanical 

manufacturing process, there is usually a strict sequence 

between processes. For example, part machining must be 

completed before assembly. This dependency requires that 

the scheduling algorithm must consider the sequential 

constraints between the processes. Each process requires 

specific resources (e.g., equipment, tools, labor, etc.) [21]. 

The availability of resources directly affects the order and 

time of execution of the processes. Intelligent scheduling 

algorithms need to consider how to rationally arrange each 

process under limited resource conditions. Modern 

manufacturing enterprises often need to deal with many 

different types of orders, each of which may have different 

production lots. Intelligent scheduling algorithms need to 

be able to handle mixed production problems with 

different batches and types [22]. 

There are a variety of common problems in the 

machinery manufacturing process that can affect the 

efficiency and productivity of the entire production line. 

Firstly, production bottleneck means that certain processes 

may become bottlenecks in the whole production process 

due to the limitations of equipment or human resources, 

resulting in a decrease in the efficiency of the whole 

production line. Secondly, in actual production, urgent 

orders may appear, which need to be completed in a short 

time, which requires the scheduling algorithm to have the 

ability to deal with emergencies, and to be able to respond 

quickly and adjust the production plan to meet the urgent 

demand. Finally, equipment failures are inevitable, and a 

reasonable scheduling strategy needs to take into account 

the maintenance plan of the equipment to reduce 

unplanned downtime and ensure the continuity and 

stability of the production process [23]. 
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Figure 1: Mechanical manufacturing process framework 
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Fig. 1 illustrates the framework of a mechanical 

manufacturing process, highlighting the intricate steps and 

interactions between various departments and datasets. 

The process begins with the Design Institute and 

Manufacturing Plant, where the initial design dataset (EO) 

is formulated. This dataset is then used to develop a 

process master program, which serves as the blueprint for 

the manufacturing process. The Manufacturing 

Department plays a crucial role in translating these 

designs into actionable manufacturing programs, which 

are further detailed into MPR/MBOM (Manufacturing 

Process Record/Material Bill of Materials) to ensure that 

all materials and processes are accurately specified. The 

manufacturing process is further broken down into 

specific operations, such as FO (Fabrication Order) and 

AO (Assembly Order), which are executed in the Machine 

Shop and Transfer Shop, respectively. These operations 

are supported by detailed tooling design datasets 

(TDR/TO) that are developed in the Tooling Design 

Department. The Production Preparation Shop is 

responsible for fabricating the necessary tools and 

equipment, ensuring that the manufacturing process is 

well-prepared and efficient. This framework emphasizes 

the importance of parallel engineering, where design and 

manufacturing activities are integrated to streamline the 

process and reduce lead times. The seamless flow of 

information from design to manufacturing ensures that 

each step is well-coordinated, leading to efficient and 

effective production. The use of detailed datasets and 

programs at each stage ensures that the manufacturing 

process is both precise and adaptable, capable of handling 

complex and varied production requirements. 

 

3.2 Intelligent scheduling model construction 
3.2.1 Model architecture 
In building the intelligent scheduling model, we use the 

Deep Reinforcement Learning (DRL) framework, which 

is capable of handling complex decision-making problems 

and is particularly suitable for dynamic and uncertain 

environments in machine manufacturing processes. Deep 

Reinforcement Learning combines the powerful 

representation capability of Deep Learning with the 

decision-making capability of Reinforcement Learning, 

which is capable of learning mapping relationships from 

high-dimensional input data to complex decisions. 

The state space S contains the current state 

information of the machine manufacturing process, which 

includes: (1) Process completion: the completion progress 

ip  and remaining time 
it  of each process. (2) Equipment 

availability: the current status of each piece of equipment 

jd  (idle, in use, maintenance, etc.) [24]. (3) Resource 

Occupancy: the available quantity of each resource (e.g., 

raw materials, tools, etc.) 
kr  and the allocation status. (4) 

Urgent order information: whether urgent orders currently 

exist and their priority 
le . (5) Equipment Maintenance 

Schedule: Maintenance schedule for equipment, including 

maintenance dates 
dm  and estimated time required 

tm  

[25]
. 

The action space A defines all possible actions that 

the scheduling algorithm can select, specifically: selecting 

the next process to be executed 
1a . Allocate the necessary 

resources 
2a  (e.g., equipment, materials, etc.) for the 

current or next process. Adjusting the production schedule 

to accommodate urgent orders based on the current status 

3a . Initiate equipment maintenance program based on 

equipment status and maintenance schedule 
4a . 

Reward function R(s, a): the reward function defines 

the immediate reward obtained after taking action a in 

state s. The reward can be used to quantify the goodness 

of the scheduling decision. The design of the reward 

function needs to consider the following aspects: (1) 

Production efficiency: the faster a process or order is 

completed, the higher the reward. The inverse of the 

completion time can be used as part of the reward, as 

shown in Equation 1.  (2) Resource Utilization: 

Reasonable allocation of resources and avoiding resource 

wastage can be rewarded extra. Resource utilization can 

be calculated by the ratio of allocated resources to total 

resources, as shown in Equation 2. (3) Cost savings: Cost 

savings can be achieved by reducing unplanned downtime 

or reducing energy consumption. The less unplanned 

downtime, the higher the reward, as shown in Equation 3.  

(4) Urgent Order Processing: Additional rewards can be 

earned by responding quickly to urgent orders. The speed 

of fulfillment of urgent orders can be used as part of the 

reward, as shown in Equation 4 [26]. 

When optimizing the production cycle time, we 

assign a higher weight to reflect its key impact on 

production efficiency. At the same time, the weights of 

resource utilization and order delay can be adjusted 

according to actual conditions. We will further explain 

how to optimize the weights through experiments in the 

experimental section to achieve a balance between 

different optimization goals. 

1
( , )eff

i

R s a
t

=


 (1) 

( , )
allocated

k

res total

k

r
R s a

r
=  (2) 

( , ) unscheduled

cost tR s a m= −  (3) 

1
( , )urgent l

urgent

R s a e
t

=   (4) 

A policy ( | )a s  defines the probability distribution 

of taking a given action in a given state. In deep 

reinforcement learning, a policy is usually represented by 

a deep neural network that outputs the probability of each 

possible action a based on the current state s. The policy 

is usually represented by a deep neural network. The goal 

of the policy network is to maximize the long-term 

cumulative reward, as shown in Equation 5 [27]. 

( | ) argmax ( , )aa s Q s a =  (5) 
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3.2.2 Algorithm description 
We use Deep Q-Network (DQN) as the core algorithm for 

intelligent scheduling. DQN is a value-function based 

reinforcement learning method that uses a deep neural 

network to approximate the state-action value function Q 

(s, a) so that it is able to deal with high-dimensional input 

states. The algorithmic framework of DQN is shown in 

Fig. 2 [28]. 

State s DNN
EnvironmentTake action a

Reward r

Observe state s
 

Figure 2: Deep Q-network algorithm 

 

As shown in Fig. 2, the agent obtains information by 

observing the state of the environment, and then uses a 

deep neural network (DNN) to process and analyze it. 

Based on the results of the analysis, the agent takes 

corresponding actions to interact with the environment. 

When the agent's actions have an impact on the 

environment, it receives a reward signal r from the 

environment. This reward signal is used to guide the 

agent's learning process so that it can gradually learn how 

to make better decisions in the environment. The entire 

process reflects the trial-and-error process in 

reinforcement learning, that is, the agent continuously 

tries different action plans and adjusts its strategy based 

on the reward signal received, ultimately achieving the 

goal of optimizing its behavior. 

Step 1: Initialization. Initialize two deep neural 

networks, i.e., the main network Q
 and the target 

network Q 
, where   and    are the parameters of the 

main and target networks, respectively. Initialize   = . 

Set the initial state 
0s  and the discount factor  , where 

0 1   is used to weigh the importance of immediate 

and future rewards. The reward function is constructed 

based on the objectives of production scheduling 

optimization, such as production cycle time, resource 

utilization, and order delay. Specifically, the reward 

function consists of multiple parts: first, the shorter the 

production cycle time, the higher the reward; second, the 

higher the resource utilization, the higher the reward; 

finally, for order delays, the shorter the delay time, the 

higher the reward. In practical applications, these parts are 

weighted and summed to ensure that the model can 

balance the optimization of various indicators. The choice 

of weights is adjusted through experiments to ensure the 

appropriate balance between different objectives. 

Step 2: State observation. At each time step t, the 

intelligent body observes the current state 
ts . The state 

ts  

contains all the necessary information related to 

scheduling, such as equipment status, resource allocation, 

production progress, etc [29]. 

The state 
ts  can be represented as a vector or tensor 

containing information in multiple dimensions as shown 

in Equation 6. 

1 2 1 2 1 2[ , ,..., , , ,..., , , ,..., , , ]t m n os d d d r r r p p p e m=  (6)
 

where 
id  denotes the equipment status, 

jr  denotes 

the resource allocation, 
kp  denotes the production 

progress, e denotes the presence or absence of urgent 

orders, and m denotes the equipment maintenance 

schedule. 

Step 3: Action selection. Based on the current state 

ts  and the strategy ( | )a s , the action 
ta  is selected. In 

the early stage of training, the ò  -greedy strategy can be 

used to balance the exploration and utilization, i.e., 

randomly selecting the action with a certain probability ò  

and selecting the best action under the current strategy 

with a probability (1 )−ò . 

Step 4: Execute the action. The action 
ta  is executed 

and receives the new status 
1ts +
 and the reward 

tr . The 

reward 
tr  is calculated based on the scheduling effect and 

aims to quantify the goodness of the current decision. The 

reward function can be designed Eq. 7. 

 

1 2 3 4efficiency( , ) resource( , ) cost( , ) urgent( , )t t t t t t t t tr w s a w s a w s a w s a=  +  +  +   

(7)
 

where 
iw  denotes the weights of the components, 

efficiency resource cost, ,  and urgent  denote the 

incentive functions for productivity, resource utilization, 

cost savings, and emergency order processing, 

respectively. 

Step 5: Store the experience playback. Store 

1( , , , )t t t ts a r s +
 into the experience replay buffer D. The 

experience playback buffer is used to store historical 

interaction data for use in subsequent training. The size of 

the experience playback buffer D is set to N. When the 

buffer is full, new experiences will overwrite the old ones 

to keep the data fresh. 

Step 6: Training. Randomly draw a batch B of 

experiences from the experience playback buffer D for 

training, which can be done using the mini-batch method 

to improve the training efficiency. Assuming the size of B 

is m, m experiences are randomly drawn from D 

1{( , , , )}i i i is a r s +
. A target network Q 

 is used to estimate 

the expected return of the next state and the parameters of 

the main network Q
 are updated to minimize the loss 

function. The update rule for the target network is

1max ( , ; )i i a iy r Q s a  +
 = + . The loss function is in the 

form of Mean Squared Error (MSE) as shown in Equation 

8. The steps of gradient updating are shown in Equation 9. 

Where   is the learning rate. 
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The learning rate was set to 0.001, which was the best 

value obtained through cross-validation in preliminary 
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experiments, in order to ensure the convergence of the 

model and avoid gradient explosion; the discount factor 

was selected as 0.99, based on the common practice in Q-

learning to balance the relationship between short-term 

rewards and long-term rewards. In addition, in order to 

improve the exploration ability of the model, the 

exploration rate (ε-greedy) gradually decayed during the 

training process. 

Step 7: Update the target network. Every certain 

number of time steps, the parameters of the main network 

are copied to the target network, i.e. . This is done to 

stabilize the training process and to avoid frequent 

changes in the target network leading to unstable training. 

Step 8: Repeat steps 2 through 7 until a 

predetermined number of training sessions have been 

reached or a satisfactory level of performance has been 

achieved. 

 

3.3 Scheduling strategy 
In the design and implementation of intelligent scheduling 

algorithms, in addition to the core algorithmic framework, 

it is also crucial to develop an effective scheduling 

strategy. The scheduling strategy determines how to apply 

the intelligent scheduling algorithm in a specific 

production environment to achieve optimal productivity 

and resource utilization. We propose the following 

scheduling strategies, which can be adjusted and 

optimized according to the specific needs of the machine 

manufacturing process, and their scheduling framework is 

shown in Fig. 3. 

 
Figure 3: Scheduling framework 

 

3.3.1 Priority scheduling strategy 
The priority scheduling strategy allocates resources and 

sequences production according to the importance and 

urgency of the tasks. This strategy is particularly useful for 

processing urgent orders or critical tasks to ensure that 

they are prioritized. Its core consists of two steps: 

emergency order prioritization and critical task 

identification. (1) Emergency Order Prioritization: When 

an emergency order arises, the scheduling system re-

evaluates the current task priorities to ensure that the 

emergency order can be put into production quickly. This 

usually involves dynamically adjusting the resource 

allocation on the production line to ensure quick response 

to urgent orders. The identification of urgent orders can be 

based on customer requirements, order size and other 

factors. (2) Critical task identification: Identify tasks that 

are critical to the production process and ensure that they 

are adequately resourced and prioritized. These critical 

tasks may include high-margin orders, orders from long-

term customers, or processes that are critical to the 

continuity of the production line. By assigning higher 

priority to these tasks, you can ensure that the overall 

efficiency of the production line is not compromised. 

 

3.3.2 Resource balancing scheduling strategy 
The Resource Balance Scheduling strategy is designed to 

optimize resource allocation, avoid resource wastage, and 

ensure that all processes run efficiently. Resource 

requirements for each process are predicted based on 

production schedules and historical data. This can be 

achieved through machine learning models that use past 

data to predict the type and number of resources required 

for each process in a future period. Resource demand 

forecasting helps to plan and procure the necessary 

resources in advance, avoiding delays due to resource 

shortages in the production process. Resource allocation 

is dynamically adjusted based on real-time production 

status to meet the needs of different processes. This means 

that the scheduling algorithm needs to continuously 

monitor changes in the production process and adjust the 

resource allocation strategy according to these changes in 

a timely manner. Dynamic resource allocation can be 

realized by intelligent algorithms, such as deep 

reinforcement learning-based methods, which can make 

optimal resource allocation decisions based on the current 

state and expected changes. 

The discount factor (γ) determines the importance of 

future rewards. We tested different γ values through 

multiple experiments to ensure that the model can 

effectively balance the relationship between current 

rewards and future rewards. The choice of learning rate 

(α) affects the convergence speed of the model. We use a 

grid search method to train and evaluate model 

performance at different learning rates to select the best 

learning rate setting. The tuning process of these 

hyperparameters is crucial to improving model 

performance and stability. 

 

3.3.3 Bottleneck identification and optimized 

scheduling strategy 
The Bottleneck Identification and Optimized Scheduling 

strategy focuses on identifying bottlenecks in the 

production process and taking steps to reduce their impact 

on overall productivity. Production data is analyzed on a 

regular basis to identify bottlenecks that are causing 

production delays. This can be accomplished through data 

analytics techniques, such as using data mining algorithms 

to discover which parts of the production process are often 

the limiting factors. Optimize the identified bottlenecks, 
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such as by adding equipment, adjusting process 

sequences, or improving process efficiency. For example, 

if a particular piece of equipment is found to be a frequent 

bottleneck, this can be mitigated by adding similar 

equipment or improving the operational efficiency of the 

equipment. In addition, bottlenecks can also be eliminated 

by redesigning the production process, such as by using 

parallel processing to improve productivity. 

4   Experimental evaluation 

4.1 Data sets 
The application of intelligent scheduling algorithms is 

increasingly emphasized in today's machine building 

industry. In order to comprehensively assess their 

effectiveness and applicability, we have carefully 

constructed a high-quality dataset. The dataset covers a 

variety of typical scenarios in the machinery 

manufacturing process, fully reflecting the diversity and 

complexity of the actual production process. The 

following is a detailed description of the dataset 

construction process. The data sources mainly include the 

production records of actual machinery manufacturing 

enterprises and the data generated by simulation. The 

actual production records provide us with rich real 

production scenarios, while the simulation data help us 

extend the dataset to cover more possible production 

situations. We collected data from equipment operation 

logs, production schedules, order information, bills of 

materials, and other aspects, and simulated different 

production conditions with advanced simulation software. 

In the data preprocessing stage, we cleaned, feature 

extracted, normalized and generated labels for the raw 

data. This process ensures the quality and consistency of 

the data and lays the foundation for subsequent 

experimental evaluation. The composition of the dataset 

covers equipment status information, resource allocation 

information, production progress information, 

environmental factors and labeling information, reflecting 

the key elements of the production process in an all-round 

way. 

The dataset we used contains more than 10,000 

records, covering 50 different types of production 

scenarios. These production scenarios involve 10 different 

types of orders, 8 production batches, 15 different types of 

equipment, and 12 resource configurations to fully 

demonstrate the diversity and complexity of the 

mechanical manufacturing process. In addition, the 

dataset also includes information such as equipment 

operating status, production progress, resource allocation, 

and environmental factors under different production 

environments to ensure that the actual production process 

is fully reflected. 

In order to further enhance the representativeness of 

the dataset, we combined actual production records from 

5 mechanical manufacturing companies and generated 

more than 5,000 data through simulation. These 

simulation data simulate complex production scenarios 

including multi-task parallel processing and equipment 

fault recovery to ensure that the dataset can cover various 

actual production scenarios. All data have been cleaned, 

feature extracted, normalized, and labeled in the 

preprocessing stage to ensure data consistency and 

quality, providing a reliable basis for subsequent 

experimental evaluation. The dataset is characterized by 

its diversity, complexity and realism. It contains different 

types of orders, production lots, equipment and resources 

to show the diversity of the machine manufacturing 

process. At the same time, the dataset contains complex 

production scenarios such as multitasking parallel 

processing and equipment failure recovery. Although 

simulation data is used to extend the dataset, we ensure a 

high degree of data proximity to the real production 

environment. 

In the process of data set selection and balancing, this 

paper combines production records and simulation data 

from actual machinery manufacturing enterprises to 

ensure data diversity and representativeness. The actual 

production data provides real production scenarios, 

covering different types of orders, production batches, 

equipment and resource usage, reflecting the complexity 

of the real environment. In order to expand the scale of the 

data set and cover more possible production scenarios, this 

paper also uses advanced simulation software to generate 

simulation data, which simulates different production 

conditions, such as multi-task parallel processing and 

equipment failure recovery. In the data preprocessing 

stage, we cleaned, extracted features and standardized the 

original data to ensure data consistency and quality. In 

order to ensure the consistency of training data and test 

data, the data set was reasonably divided in the experiment 

and the balance of different data sources was ensured. 

Through these steps, the data set can not only represent the 

diversity and complexity of the real production 

environment, but also improve the robustness of the model 

and ensure the reliability and repeatability of the 

experimental results. 

 

4.2 Experimental design 
In this study, we aim to evaluate the effectiveness, 

robustness and adaptability of intelligent scheduling 

algorithms through a series of experiments. The goal of 

the experiments is to ensure that the algorithms are not 

only able to complete complex task scheduling within the 

specified time, but also achieve or approach optimal 

productivity. At the same time, we will also examine the 

performance of the algorithms in the face of uncertainties 

such as equipment failures, order changes, etc., as well as 

their adaptability to different types and sizes of production 

tasks. The experimental setup includes selecting classical 

benchmark algorithms such as priority rules and genetic 

algorithms for comparative analysis, and executing the 

experiments on a high-performance computing platform 

to ensure the reproducibility and efficiency of the results. 

We will define a series of evaluation metrics such as 

production cycle time, resource utilization and order delay 

rate to measure the performance of the algorithms. 

In the experimental cases, we will evaluate the 

performance of the algorithms in single production line 

and multi-production line collaborative operations, 

especially in dealing with dependencies between 
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production lines. In addition, we will also test the 

algorithm's response speed and recovery ability in 

abnormal situations such as emergency order insertion and 

sudden equipment failure to examine its flexibility and 

robustness in the face of uncertainties. Through these 

comprehensive experiments, we expect to gain a 

comprehensive understanding of the actual performance 

of intelligent scheduling algorithms in different 

production scenarios and identify their advantages and 

limitations. 

The construction of the simulation environment 

includes multiple software tools and hardware 

configurations to ensure efficient execution and 

repeatability of the experiment. In terms of software tools, 

Python is used for the implementation of deep learning 

models and data processing, TensorFlow is used to build 

and train deep Q networks (DQN), NumPy is used for 

numerical calculations, Matplotlib and Seaborn are used 

for result visualization, and SimPy is used for production 

process simulation. In terms of hardware configuration, 

the experiment used an Intel i7-10700K 8-core processor, 

an NVIDIA RTX 3090 24GB graphics card (used to 

accelerate the deep learning training process), 64GB 

DDR4 memory, and 1TB SSD to store experimental data 

and training models. In addition, to ensure the 

repeatability of the experiment, all experiments were 

initialized with a fixed random seed. 

 

4.3 Experimental results 
Table 2 Comparison of Production Cycle Times for 

Different Algorithms on a Single Production Line 

As shown in Table 2, the average production cycle 

time and its standard deviation for three different 

algorithms on a single production line are demonstrated 

with 95% confidence intervals. The intelligent scheduling 

algorithm has an average production cycle time of 12.3 

hours [10.8-13.8], which is the shortest among the three 

algorithms. This indicates superior performance in 

reducing production cycle times on a single production 

line. 

Table 3 provides a comparison of average resource 

utilization rates and their standard deviations for the three 

algorithms in multi-production line collaborative 

operations, including 95% confidence intervals. The 

intelligent scheduling algorithm achieves the highest 

resource utilization rate at 89.2% [87.4-91.0], indicating 

its efficiency in optimizing resource use across multiple 

production lines. 

 

Table 2: Comparison of production cycle times for different algorithms on a single production line 

Algorithm Name 
Average Production 

Cycle Time (hours) 

95% Confidence 

Interval 

Standard Deviation 

(hours) 

Intelligent Scheduling 

Algorithm 
12.3 [10.8 - 13.8] 1.5 

Prioritization Rule 

Algorithm 
14.5 [13.2 - 15.8] 1.7 

Genetic Algorithm 13.1 [12.0 - 14.2] 1.6 

 

Table 3: Comparison of resource utilization in multiple production line co-operation 

Algorithm Name 
Average Resource Utilization Rate (%) [95% 

CI] 

Standard 

Deviation 

Intelligent Scheduling 

Algorithm 
89.2 [87.4-91.0] 0.9 

Prioritization Rule Algorithm 85.6 [84.4-86.8] 1.2 

Genetic Algorithm 87.4 [86.3-88.5] 1.1 

 

Table 4: Order delay rate in response to equipment failure 

Algorithm Name 
Incidence of Equipment 

Failure (%) 

Order Delay Rate (%) 

[95% CI] 

Standard 

Deviation 

Intelligent Scheduling 

Algorithm 
5 2.3 [1.7-2.9] 0.6 

Prioritization Rule 

Algorithm 
5 4.5 [3.7-5.3] 0.8 
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Algorithm Name 
Incidence of Equipment 

Failure (%) 

Order Delay Rate (%) 

[95% CI] 

Standard 

Deviation 

Genetic Algorithm 5 3.8 [3.1-4.5] 0.7 

 

Table 5: Response time in case of emergency order insertion 

Algorithm Name 
Proportion of Urgent 

Orders (%) 

Average Response Time 

(minutes) [95% CI] 

Standard 

Deviation 

Intelligent Scheduling 

Algorithm 
10 12.4 [11.2-13.6] 1.2 

Prioritization Rule 

Algorithm 
10 18.6 [16.3-20.9] 2.3 

Genetic Algorithm 10 15.7 [13.9-17.5] 1.8 

 

Table 4 illustrates the order delay rate and its standard 

deviation for the three algorithms when there is a 5% 

incidence of equipment failure, including 95% confidence 

intervals. The intelligent scheduling algorithm shows the 

lowest order delay rate at 2.3% [1.7-2.9], demonstrating 

its resilience and efficiency in managing orders during 

equipment failures. 

In Table 5, the average response time and its standard 

deviation for emergency order insertion are compared for 

the three algorithms, with 95% confidence intervals 

provided. The intelligent scheduling algorithm has the 

shortest average response time of 12.4 minutes [11.2-

13.6], highlighting its effectiveness in quickly responding 

to urgent orders. 

Table 6 compares the adaptability of handling 

multiple types of orders by showing the average 

production cycle time and its standard deviation for each 

algorithm, along with 95% confidence intervals. The 

intelligent scheduling algorithm demonstrates the best 

adaptability with an average production cycle time of 13.5 

hours [11.9-15.1] for ten different order types, indicating 

its flexibility and efficiency in processing varied order 

types. 

 

 

Table 6: Adaptability to Handle Multiple Types of Orders 

Algorithm Name 
Order Type 

Quantity 

Average Production Cycle Time 

(hours) [95% CI] 

Standard 

Deviation 

Intelligent Scheduling 

Algorithm 
10 13.5 [11.9-15.1] 1.6 

Prioritization Rule 

Algorithm 
10 16.2 [14.2-18.2] 2.0 

Genetic Algorithm 10 14.8 [12.9-16.7] 1.9 

 

Table 7: Comparison of model performance across diverse production environments 

Environment 

Characteristics 

Average 

Production Cycle 

Time (hours) 

[95% CI] 

Resource 

Utilization Rate 

(%) [95% CI] 

Order 

Delay 

Rate (%) 

[95% CI] 

Response Time to 

Emergency Orders 

(minutes) [95% CI] 

Small-Scale, Low 

Complexity 
10.2 [9.7-10.7] 88.4 [87.5-89.3] 

1.8 [1.5-

2.1] 
10.5 [9.8-11.2] 

Medium-Scale, 

Moderate 

Complexity 

12.3 [11.8-12.8] 86.7 [85.8-87.6] 
2.5 [2.2-

2.8] 
12.4 [11.7-13.1] 
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Environment 

Characteristics 

Average 

Production Cycle 

Time (hours) 

[95% CI] 

Resource 

Utilization Rate 

(%) [95% CI] 

Order 

Delay 

Rate (%) 

[95% CI] 

Response Time to 

Emergency Orders 

(minutes) [95% CI] 

Large-Scale, High 

Complexity 
15.4 [14.9-15.9] 84.5 [83.6-85.4] 

3.2 [2.9-

3.5] 
14.2 [13.5-14.9] 

 

Table 7 compares the performance metrics of a model 

across different production environments characterized by 

varying scales and complexities. The inclusion of 

confidence intervals provides insight into the reliability of 

these estimates. Smaller-scale, less complex environments 

show shorter production cycle times, higher resource 

utilization rates, lower order delay rates, and faster 

response times to emergency orders. Conversely, as the 

scale and complexity increase, all performance metrics 

tend to degrade, indicating that more challenging 

environments present greater operational difficulties. 

The confusion matrix in Table 8 offers a detailed look 

at the DQN's prediction accuracy regarding on-time vs. 

delayed orders, including confidence intervals for each 

metric. A true positive indicates the number of times the 

model correctly predicted an on-time order, while a false 

positive shows incorrect prediction of delays when the 

orders were actually on time. Similarly, true negatives and 

false negatives pertain to the correct and incorrect 

predictions of delayed orders, respectively. This matrix 

reveals not only the overall accuracy of the DQN but also 

its tendency to make certain types of errors, providing 

deeper insights into its behavior and performance under 

various conditions. 

 

Table 8: Confusion matrix for DQN performance 

True 

Class 

Predicted 

Class 

True Positive 

(TP) [95% 

CI] 

False Positive 

(FP) [95% 

CI] 

True Negative 

(TN) [95% CI] 

False Negative 

(FN) [95% CI] 

On-

Time 
On-Time 

920 [900-

940] 
80 [60-100] - - 

On-

Time 
Delayed - - 90 [80-100] 120 [100-140] 

Delayed On-Time - - 70 [60-80] 80 [60-100] 

Delayed Delayed 
850 [830-

870] 
150 [130-170] - - 
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Figure 4: Comparison of performance when production lot size varies 

 

As shown in Fig. 4, the average production cycle time 

and its standard deviation of the three algorithms are 

compared for production lot sizes of 100, 500 and 1000 

respectively. From the table, it can be seen that the average 

production cycle time of the three algorithms increases as 

the production batch increases. The intelligent scheduling 

algorithm outperforms the priority rule algorithm and the 

genetic algorithm when the production lot size changes. 

 

4.4 Discussion 
From the above results, it can be seen that the intelligent 

scheduling algorithm outperforms the other two 

algorithms on a single production line. The shorter 

average production cycle time (12.3 hours) and lower 

standard deviation (1.5 hours) indicate that the algorithm 

is able to effectively manage the production process and 

improve production efficiency. The intelligent scheduling 

algorithm also performs well in multi-production line 

collaborative operations, with an average resource 

utilization rate of 89.2% and a standard deviation of only 

0.9%, which indicates that the algorithm is able to allocate 

resources efficiently and reduce resource wastage. When 

the equipment failure rate is 5%, the intelligent scheduling 

algorithm has the lowest order delay rate (2.3%) with a 

standard deviation of 0.6%, which indicates that the 

algorithm is able to quickly adjust the production plan in 

the face of equipment failures to reduce order delays. The 

intelligent scheduling algorithm has the shortest average 

response time (12.4 minutes) with a standard deviation of 

1.2 minutes for an urgent order percentage of 10%, which 

indicates that the algorithm is able to respond quickly to 

urgent order demands and reduce waiting time. The 

intelligent scheduling algorithm has an average 

production cycle time of 13.5 hours with a standard 

deviation of 1.6 hours when processing 10 types of orders, 

showing good adaptability and flexibility. The average 

production cycle time of the intelligent scheduling 

algorithm increases as the production batch size increases, 

but remains low (from 10.2 hours for 100 pieces to 14.8 

hours for 1000 pieces), and the standard deviation is 

relatively low, which indicates that the algorithm is still 

able to maintain high efficiency when dealing with large-

scale production tasks. 

Although the intelligent scheduling algorithm 

performs well in most cases, there are still some 

limitations. For example, the growth rate of the average 

production cycle time may accelerate when the production 

lot sizes are very large. Therefore, future research could 

further explore how to optimize the algorithm to cope with 

more complex production environments and higher 

production batch requirements. In addition, the 

introduction of more uncertainties, such as supply chain 

disruptions, could be considered to further test the 

robustness and adaptability of the algorithm. 

5    Conclusion 
In this study, we propose an intelligent scheduling 

algorithm applied to the mechanical manufacturing 

process, aiming to solve the key problems in production 

scheduling. By constructing an intelligent scheduling 

model based on deep reinforcement learning, we 

developed a system that can automatically learn and 

optimize production schedules. The model utilizes deep 

Q-networks (DQNs) to handle complex decision-making 

problems, and its performance is evaluated through a 

series of experiments. The experimental results show that 

the intelligent scheduling algorithm exhibits excellent 

performance in a variety of production scenarios. The 

algorithm can significantly shorten the production cycle 

time and improve the resource utilization in both single-

production line and multi-production line collaborative 

operations, and shows good adaptability and robustness in 

the face of equipment failures and urgent orders. In 
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addition, the algorithm can effectively handle multiple 

types of orders and different production batches, showing 

strong adaptability. 

The limitations of this study are mainly reflected in 

the diversity and scale of the data set. Although we used a 

variety of production scenarios and equipment 

information, since the data mainly comes from a single 

industry, it may not fully represent the production process 

of all industries. In addition, the DQN model has limited 

processing capabilities for large-scale data and may not be 

able to effectively cope with more complex dynamic 

production environments. The training time of the model 

is long, which affects the efficiency of practical 

applications. Future research can improve the 

generalization ability of the model by expanding the scale 

and diversity of the data set and covering production 

scenarios in more industries. At the same time, more 

advanced reinforcement learning algorithms can be 

explored, such as multi-agent systems for deep 

reinforcement learning, to further improve the adaptability 

and efficiency of the scheduling model. In addition, the 

integration of the Internet of Things (IoT) technology and 

real-time data streams will also provide more innovative 

and practical application scenarios for intelligent 

scheduling systems. 
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In the era of information explosion, social media has become the main platform for the public to obtain 

information and express their opinions. How to quickly and accurately mine media hotspots from 

massive data has become an urgent problem to be solved. With the rapid development of social media, 

media hotspot mining technology is facing higher requirements. This study focuses on improving the 

SIFRANK algorithm and proposes a more efficient and accurate method for mining social media 

hotspots. By deeply mining the emotional tendencies and interaction patterns of social media users, as 

well as introducing information timeliness evaluation and optimizing network weight calculation, the 

improved SIFRANK algorithm significantly improves its performance in hotspot recognition. Tested on 

the Twitter dataset, the improved algorithm achieved a 15% increase in accuracy in identifying hot 

topics, reaching a 92% accuracy rate (compared to the baseline method of 77%), and was able to 

respond more quickly to newly emerging hot events. In dealing with complex network structures and 

changes in information propagation speed, the algorithm has also shown stronger adaptability and 

robustness, with a 5% improvement compared to traditional models such as PageRank. This study, 

through technological innovation, not only improves the efficiency and accuracy of hotspot 

identification, but also provides a powerful tool for understanding social public opinion trends and 

guiding public policy formulation. 

Povzetek: Izboljšan algoritem SIFRANK izboljšuje rudarjenje na vročih točkah družbenih medijev z 

optimiziranjem izračunov teže omrežja in vrednotenjem pravočasnosti, dosega 92-odstotno 

natančnost – presega tradicionalne modele in izboljšuje prilagodljivost v dinamičnih informacijskih 

okoljih. 

 

 

1 Introduction 
In the era of information explosion, social media has 

become the leading platform for the public to obtain 

information, express their opinions and participate in 

social interactions. In the massive information flow, how 

to quickly and accurately identify and mine media 

hotspots is an urgent need in news dissemination and 

public opinion monitoring and a frontier topic in 

academic research and technology development [1, 2]. 

As the focus topic of public attention at a specific time, 

media hotspots are often influenced by complex social, 

political and economic factors. They are also closely 

related to the information dissemination mode and 

network structure characteristics [3]. Therefore, 

accurately capturing the dynamics of media hotspots and 

evaluating their influence from complicated social media 

data is of great significance for understanding social 

public opinion trends, guiding public policy formulation 

and optimizing information dissemination strategies. 

Traditional hot spot mining methods, such as 

keyword frequency statistics and topic model analysis,  

 

can identify hot topics to a certain extent but often ignore 

the network effect of information dissemination and the 

influence difference of different information sources [4, 

5]. In recent years, with the development of network 

science and extensive data analysis technology, hotspot 

mining algorithms based on network structure, such as the 

SIFRANK algorithm, have gradually become research 

hotspots because they can effectively consider the 

propagation path and influence of information in the 

network [6]. SIFRANK algorithm, by simulating the 

propagation process of information in the network, 

combining the centrality of nodes and the novelty of 

information, quantitatively evaluates the importance and 

influence of information and provides a new perspective 

and method for mining media hotspots [7]. 

However, the original SIFRANK algorithm also has 

some limitations in practical applications, such as 

sensitivity to network structure, estimation bias of 

information propagation speed, and insufficient prediction 

of hot spot duration [8, 9]. Therefore, this paper studies the 

effect of social network media hotspot mining based on 

the improved SIFRANK algorithm, aiming at improving 
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the accuracy and timeliness of media hotspot 

identification through algorithm optimization and model 

innovation. This not only includes the improvement of 

the core mechanism of the algorithm, such as introducing 

more refined information timeliness evaluation, 

optimizing the calculation method of network weight, 

and enhancing the adaptability of the algorithm to 

complex network structures but also involves the in-

depth mining and intelligent analysis of social media 

data, such as using natural language processing 

technology to improve the analysis accuracy of text 

information and using machine learning methods to 

improve the accuracy of hot spot prediction. Considering 

that complex emotional and public opinion dynamics 

often accompany the formation of media hotspots, the 

improved SIFRANK algorithm should also be able to 

effectively capture and analyze social media users' 

emotional tendencies and interaction patterns, providing 

a richer perspective for comprehensively understanding 

the social influence of hot topics. Through 

interdisciplinary integration research, combined with 

theories and methods in sociology, psychology, 

information science and other fields, we will further 

deepen our understanding of the generation mechanism 

of media hotspots and provide powerful theoretical 

support and technical tools for optimizing social media 

information dissemination strategies, improving public 

media literacy and promoting social harmony and 

stability. 

2    Research on extraction algorithm 

of massive short text hot words in 

social network media 

2.1 SIFRANK algorithm 

Traditional key phrase extraction relies on statistics, 

grammar, or knowledge graphs. The pre-trained model 

introduces a new method, SIFRANK (Sentence-

Intermediate Framework Rank), combined with ELMo 

(Embeddings from Language Models) to realize dynamic 

Sentence Embedding and Phrase Embedding, 

multidimensional improvement of extraction quality. 

However, the reasoning speed of ELMo is limited under 

big data, and SIFRANK is limited in extracting hot 

words, common words and new words [10, 11]. By 

optimizing the SIFRANK algorithm, the extraction effect 

of massive hot words is enhanced. Traditional keyword 

extraction models are limited by external knowledge, and 

the emergence of pre-trained language models provides 

new solutions [12]. SIFRANK, which combines SIF 

(Smooth Inverse Frequency) sentence embedding and 

ELMo pre-training model, efficiently extracts short text 

keywords without supervision [13]. 

As an utterly unsupervised sentence vector 

generation technology based on a weighted average, SIF 

is a highly concise and efficient sentence vector 

generation strategy [14, 15]. The starting point of this 

method is to use Embedding technology to convert 

vocabulary into word vectors. Standard implementation 

methods include Word2vec and Fasttext. Compared with 

the traditional sentence vector generation method, this 

method is unique in that sentence vectors are constructed 

by assigning corresponding weights to each word vector 

and performing the weighted average operation. 

Specifically, the weight of each word vector follows 

Equation (1). 

1
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i n

j

j

exp( f )
w

exp( f )
=

=


                            (1) 

Where wi represents the weight of the i-th word, fi is 

the function value that measures the importance of the i-

th word in the sentence, and n represents the number of 

words contained in the sentence. This process ensures 

that when generating sentence vectors, the contribution 

of each word to sentence structure and semantics can be 

fully reflected. 

i

n

sentence i word
i

Embedding Weight Embedding=     (2) 

The sentence vector is obtained through the 

weighting method, which is expressed by formula (2). 

Weighti is the weight value, 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔𝑤𝑜𝑟𝑑𝑖
 is the 

word vector, and Embeddingsentence is the sentence vector. 

By constructing a sentence vector Matrix, the dot product 

operation is performed between each sentence vector and 

the first principal vector in the Matrix. Then, its 

projection value on the principal vector is subtracted 

from the original sentence vector to realize the 

elimination of "common parts" between word vectors and 

highlight each word vector's unique features [16]. The 

SIF method shows significant advantages in text 

similarity evaluation, especially without the need for 

complex supervised learning models, and its performance 

surpasses some complex architectures based on RNN and 

LSTM [17, 18]. This method is suitable for calculating 

various pre-trained word vectors. It can generate sentence 

vectors on various data sets so that it can be effectively 

applied in different test environments. In addition, the 

SIF scheme shows high robustness, can maintain good 

performance even if word frequency information from 

different corpora is used, and can achieve the optimal 

effect by adjusting the parameter range [19]. 

Figure 1 depicts the architecture of the SIFRANK 

model. This model is based on ELMo, which is pre-

trained for large-scale text and extracts word vectors. 

Then, a sentence vector is generated by the SIF method. 

The final step involves calculating the cosine similarity 

between the sentence vector and the word vector of each 

word within the sentence, thereby quantifying the 

importance of each word in the sentence. 

Text preprocessing includes cleaning, word 

segmentation, part-of-speech tagging, and conversion 

into an array of words with part-of-speech [20]. Segment 

and merge noun phrases to ensure semantic accuracy. 

The ELMo model converts words into word vectors, SIF 

weighting is used to obtain sentence vectors, and key 

phrases are extracted using cosine similarity. 
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Figure 1: SIFRANK model 

 

WordEmbedding technology captures semantic 

relationships by learning vector representations of 

words. However, before the advent of ELMo, Word 

embedding was static and could not adapt to the 

challenges of polysemy and context dependence [21, 

22]. The introduction of ELMo, with the help of a deep 

bidirectional language model, realizes the generation of 

word vectors closely related to the context, greatly 

enhancing the efficiency of natural language processing 

tasks. In this model architecture, the bottom LSTM unit 

is used to capture the grammatical characteristics of 

vocabulary. At the same time, the high-level LSTM is 

dedicated to extracting the semantic connotation of 

vocabulary. In the forward part of the bidirectional 

model, for N markers (t1, t2, …, tN) in the sequence, the 

probability p of the occurrence of the k-th position 

marker is evaluated by calculating based on the 

sequence of the first k-1 position markers, as shown in 

Equation (3). 
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The calculation process of the backward model is 

similar to that of the forward model, and the calculation 

steps are shown in Equation (4). 
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The goal in the training process of BiLSTM is to 

maximize, as shown in Equation (5), where the symbol 

Θ represents the angle. Specifically, when ELMo 

processes each tag tk, it generates 2L +1 representations 

by constructing an L-layer Long Short-Term Memory 

(LSTM) architecture. The process description is shown 

in formula (6). 

1 2 0 1 2LSTM LSTM LSTM LSTM

k k k , j k , j k , jR { x ,h ,h | k , ,...,L } { h | k , , ,...,L }= = = =  (6) 

Where xk
LSTM is the result of direct CNN encoding 

of token, ℎ𝑘,0
𝐿𝑆𝑇𝑀  stands for 𝑥𝑘

𝐿𝑆𝑇𝑀 , 

ℎ𝑘,𝑗
𝐿𝑆𝑇𝑀=[ℎ̅𝑘,𝑗

𝐿𝑆𝑇𝑀, ℎ⃗ 𝑘,𝑗
𝐿𝑆𝑇𝑀]. ELMo integrates the output of 

each layer of the bidirectional long-short-term memory 

network (BiLSTM) through linear combination to form 

a vector. This process can be expressed as a formula (7). 

Where E(Rw) is a linear combination vector, the layer 

normalization process of each layer of BiLSTM is 

realized by introducing a scaling factor r. The setting of r 

is used to adjust the parameter scale between BiLSTM 

layers and optimize the network's learning efficiency and 

generalization ability. The weight sj represents the 

coefficient that plays a decisive role in the linear 

combination process, directly affecting the final vector's 

composition and properties. 
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LSTM

w j k , j
j

E( R ) r s h
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2.2 Hot word mining using improved 

SIFRANK algorithm 
SIFRank algorithm adopts an inverse word frequency 

smoothing strategy, which aims to reduce the weight of 

high-frequency words and improve the extraction 

efficiency of keywords in short texts. This algorithm 

combines the power of the ELMo pre-trained model to 

obtain word vectors and sentence vectors with broad 

applicability [23]. By integrating the two-way long-term 

and short-term memory network (LSTM) mechanism, 

ELMo effectively responds to the challenge of polysemy. 

Compared with TFIDF, YAKE, TEXTRANK and other 

methods, ELMo shows more significant advantages in 

multiple evaluation indicators. 

BERT's core position in natural language processing 

cannot be ignored, and its bidirectional Transformer 

architecture endows it with excellent context-

understanding capabilities [24]. Within the framework of 

the SIFRANK algorithm, BERT is applied to generate 

high-precision word vector representations, aiming to 

speed up and optimize the keyword extraction process. 

By pre-training the deep semantics of the learning 

language and fine-tuning it on specific tasks, BERT 

exhibits significant performance advantages in various 

natural language processing tasks [25, 26]. For each 

character in the input text, BERT uses the Self-Attention 

mechanism (Self-Attention) to obtain the enhanced 

semantic vector. Query, Key, and Value are derived from 
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the original text content in this process. In order to 

enhance the diversity of expression, a multi-head self-

attention mechanism is introduced, which allows the 

enhancement vectors of characters to be explored in 

different semantic spaces, and the final vector is formed 

through linear combination to capture the key features 

of diversity. 

To sum up, the BERT model, which is pre-trained 

to learn the deep semantics of a language, can generate 

high-quality word vector representations after fine-

tuning specific tasks. In the SIFRANK algorithm, the 

fine-tuned BERT model is used as a key tool to 

construct word vector dictionaries, aiming to improve 

the efficiency and effectiveness of keyword extraction 

significantly. The model architecture includes a 

Transformer Encoder, which enhances feature 

expression through Multi-head Self-Attention and uses 

residual connection, layer normalization, and linear 

transformation to improve model performance. 

This study aims to improve the accuracy and real-

time performance of social network media hotspot 

mining by improving the SIFRANK algorithm. In 

proposing research questions, the focus is on how to 

optimize algorithms to more accurately identify media 

hotspots in social networks, and how to maintain 

algorithm stability and efficiency in complex and 

changing user interaction patterns. In terms of research 

hypotheses, reasonable inferences can be made based 

on the following points: firstly, it is assumed that the 

distribution of social network data has a certain degree 

of regularity, which can be learned and utilized through 

algorithms to improve the accuracy of hotspot mining; 

Secondly, assuming that although user interaction 

patterns are complex and varied, they contain certain 

patterns and information that are crucial for hotspot 

mining; Finally, assuming that through reasonable 

algorithm design and optimization, effective extraction 

and utilization of these patterns and information can be 

achieved, thereby improving the performance of the 

algorithm. 

The improved SIFRANK algorithm is mainly 

reflected in the following three points: new word 

discovery, improvement in real-time processing ability, 

and optimization of hot word mining. A new word 

discovery algorithm extracts unique terms of social 

networks in advance to improve word segmentation 

accuracy. In real-time processing, combining Bert and 

Word2vec, the speed of word vector generation is 

optimized; Hot word mining captures hot words more 

accurately by modifying the weight formula. 

Information entropy, as a quantitative index to 

evaluate the richness of left and right collocation of 

words, is essentially to measure the total amount and 

uncertainty of information. Specifically, the higher the 

information entropy value, the richer the information 

carried and the higher the uncertainty. Its mathematical 

expression (8) is as follows, where H(X) represents the 

information entropy of the random variable X; 𝑃𝑥𝑖
 is the 

probability of occurrence of event 𝑥𝑖; n is the number of 

all possible events; b is the base of probability, and the 

base is the natural logarithm. 

1

n

i b i

i

H( X ) P( x )log P( x )
=

= −              (8) 

The degree of cohesion within a word is highly 

reflected in the significant co-occurrence characteristics 

among the words that make up the word rather than an 

arbitrary combination. In language, some high-frequency 

words, such as "de" and "shi" in Chinese, form high-

frequency co-occurrence with many other words because 

of their widespread use, so this phenomenon should be 

avoided. In order to quantitatively analyze the 

aggregation of character combinations, the mutual 

information between points is used as a statistical index, 

as shown in formula (9). 

p( x, y )
PMI p( x, y )log

p( x )p( y )
=               (9) 

When constructing the language model, we define 

the co-occurrence probability p (x, y) of words x, y and 

the frequency p (x) of word x and reveal the relationship 

between them through mutual information analysis: the 

higher the co-occurrence frequency of word combination, 

the greater the corresponding point PMI (Pointwise 

mutual information) value. However, the high frequency 

of a single word may dilute the evaluation accuracy of 

PMI, so careful consideration is needed. In order to 

identify potential new words, we need to 

comprehensively evaluate the left and proper information 

entropy and internal cohesion of candidate words and set 

a scoring index score for this purpose. This score not 

only needs to consider the absolute value of the 

difference between the left information entropy LE (left 

entropy) and the right information entropy RE (right 

entropy) of a single word, that is, LE-RE, to measure the 

possibility of word formation, but also needs to combine 

the context relevance of the word itself and the 

consistency of the internal structure. Hence, to more 

accurately judge whether the candidate word meets the 

standard of new words. Construct the statistic as in 

Equation (10): 

1 8

1 8

LE RE e
L( w ) log

| LE RE | e

+ + −
=

− + −
              (10) 

To avoid the risk of the denominator returning to 

zero, the tiny value of 1e − 8 is introduced. Because the 

calculation result of mutual information between two 

points may be biased due to the difference in candidate 

word length, that is, the PMI value under longer 

candidate words tends to show a higher probability in 

order to accurately reflect the internal aggregation degree 

of words, the average mutual information between points 

is used as the evaluation index, as shown in formula (11). 

c1, ..., cn is the word vector, W is the word combination 

result, and n is the number of word vectors. 

1 2

1

n

p(W )
AMI log

n p( c )p( c ) p( c )
=


        (11) 

score L( w ) AMI = +             (12) 

The calculated score is shown in formula (12), where 

α and β are artificially set coefficients to control the 

cohesion of words and the importance of left and right 
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information entropy. By calculating the size of the score 

scoreW of the word combination W and the score 

𝑠𝑐𝑜𝑟𝑒𝑊1
+ 𝑠𝑐𝑜𝑟𝑒𝑊2

 of the sub-words constituting the 

word, if 𝑠𝑐𝑜𝑟𝑒𝑤 > 𝑠𝑐𝑜𝑟𝑒𝑊1
+ 𝑠𝑐𝑜𝑟𝑒𝑊2

, the word 

combination W is considered to be an undiscovered new 

word, and W is added to the custom new word 

dictionary, which is added in the subsequent word 

segmentation task. The Bert pre-training model 

generates word vectors and converts new words in real-

time. Because most of the words have been 

preprocessed, they have little impact on efficiency. A 

more accurate sentence vector is generated by 

improving the weighting formula and combining the 

importance and popularity measures of words, as shown 

in Equation (13). 

1 2 3w like relay fansWeight TF IDF p( w ) l log( k n k n k n )  = − + + + +  (13) 

Among them, TF-IDF is word frequency-inverse 

document frequency, p (w) is the frequency of words 

appearing in this article, nlike refers to the number of 

people who like the message, nrelay refers to the number 

of people who forward the message, and nfans refers to 

the number of fans of the person who sent this message, 

δ, α, β, γ, k1, k2, and k3 is all coefficients, α + β + γ = 1, 

k1+k2 = 1. Sentence vectors are obtained by weighted 

addition of word vectors. 

The improved SIFRANK algorithm is optimized 

under the Spark distributed framework and improves 

efficiency through data parallelization for statistical 

calculations such as word frequency and TF-IDF. Spark 

divides the data set, uses RDD to preprocess text and 

word segmentation in parallel, and counts word 

frequency through map operation and groupByKey to 

accelerate new word discovery and word vector 

calculation. In hot word mining, word frequency and 

TF-IDF are quickly calculated based on the new word 

dictionary, and the RDD operator is used to efficiently 

process user weight calculation, which significantly 

improves the running speed of the algorithm. 

3   Hotspot extraction optimization 

method for relationships between 

social networks 

3.1 Basic ideas of key phrase extraction 
Existing essential phrase extraction methods mainly 

focus on the relationship between candidate phrases and 

text while ignoring the semantic similarity between 

phrases, which may lead to redundant extraction [27, 28]. 

This reduces extraction diversity and accuracy. 

This paper aims to optimize the extraction of key 

phrases, and by adjusting the existing methods, it focuses 

on enhancing the semantic discrimination between 

phrases to ensure that the extracted phrases can 

accurately reflect the text theme. The specific goal is 

based on the unsupervised method's candidate phrase 

sequence output, adjusting the sequence to improve the 

diversity and accuracy of extraction and reducing the 

impact caused by differences in scoring standards. In this 

paper, a PRP optimization method is proposed, which 

adjusts the scores to improve the diversity and accuracy 

of extraction by considering the semantic relationship 

among candidate key phrases and reduces the impact of 

differences in scoring criteria among different methods. 

The PRP method includes normalized ranking, reward 

and punishment modules, and iteratively updating 

candidate phrase scores. 

 

3.2 Overall structure 

PRP consists of three modules: preprocessing, reward 

and punishment, and its structure is shown in Figure 2. 

The preprocessing module solves the problem of 

inconsistent scoring, optimizes phrases and reduces the 

impact of repetition; The reward module evaluates the 

contribution of the new phrase to the overall semantics; 

The penalty module evaluates the similarity of the 

remaining phrases to the selected phrases, adjusting the 

score. 

 

 
Figure 2: Extraction structure model 

 

In order to eliminate the influence of inconsistent 

scores of different extraction methods, this paper 

preprocesses the initial scores of candidate key phrases. 

Then, this paper ranks the candidate key phrase score 

sequence from high to low according to the score. 

Subsequently, the highest-ranked candidate key phrases 

are selected and added to the library. Subsequently, they 

are removed from the pool of candidate key phrases and 

their corresponding scores to obtain a new pool of 

candidate key phrases, and the remaining set of 

candidate key phrases is updated. Unsupervised methods 

prefer longer phrases when phrases partially overlap or 

when one contains the other, but this may not conform to 

the conciseness preference. Counting six key phrase data 

sets, it is found that the phrase length is mainly 

concentrated between 1-3 words, which supports the 

conciseness view. 

In order to more accurately capture media hotspots in 

social networks, we have incorporated a timeliness 

evaluation mechanism into our algorithm. This 
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mechanism evaluates the importance of each data point 

for the current hotspot by calculating its time weight. 

The calculation formula for time weight is 𝑊𝑡 =
1

𝑒𝜆(𝑡𝑛𝑒𝑤−𝑡𝑑𝑎𝑡𝑎), where 𝑊𝑡 represents time weight, 𝑡𝑛𝑒𝑤 is 

the current time, 𝑡𝑑𝑎𝑡𝑎  is the timestamp of the data 

point, and 𝜆 is the attenuation coefficient used to adjust 

the influence of time weight. 

On the basis of the original algorithm, we have 

implemented dynamic adjustment of weights. The 

specific approach is to score each data point based on 

its characteristics (such as clicks, shares, comments, 

etc.) and timeliness evaluation results, and dynamically 

adjust its weight in the algorithm according to the 

scoring results. This dynamic adjustment mechanism 

enables the algorithm to more flexibly respond to hot 

topic changes in social networks, improving the 

accuracy of mining. The pseudocode for dynamically 

adjusting weights is shown in Table 1: 

 

Table 1: Pseudo code for dynamically adjusting weights 

for each data_point in data_set: 

score = calculate_score(data_point) //Calculate score 

based on features 

weight = adjust_weight(score) //Dynamically adjust 

weights based on scores 

updated_data_point = (data_point, weight) 

updated_data_set. append(updated_data_point) 

4   Analysis of experimental results 

4.1 Experimental methods and evaluation 

indicators 
In order to comprehensively verify the performance of 

the improved SIFRANK algorithm, we designed a more 

comprehensive experimental plan and expanded the 

dataset. The new data set covers multiple social network 

platforms (such as Weibo, WeChat, Tiktok, etc.), and 

contains media hot data of different time periods, 

themes and types [29, 30]. By conducting experiments 

on these datasets, we can more comprehensively 

evaluate the performance of algorithms in different 

scenarios, and further optimize algorithm parameters to 

improve their generality and practicality. In the specific 

experimental process, we used cross validation to 

compare the performance of the improved SIFRANK 

algorithm with the original algorithm, in order to 

objectively and accurately evaluate the effectiveness of 

the algorithm improvement. 

The performance of the novel vocabulary 

recognition module is first evaluated through 

comparative experiments. The specific indicators cover 

the number of large-scale novel vocabulary recognition, 

word segmentation accuracy based on novel 

vocabulary, recall rate and F1 value. Then, the 

experiment further tests the performance of SIFRANK 

in hot vocabulary extraction after novel vocabulary 

recognition. The performance evaluation at this stage 

focuses on the precision, recall rate and F1 value of hot 

vocabulary extraction, and the calculation method is 

shown in formulas (14)-(16). In the formula, TP 

quantifies the number of instances in which the model 

accurately identifies positive examples. At the same time, 

FP marks cases where the model misjudges negative 

examples as positive examples. 

TP
Precision

TP FP
=

+
                    (14) 

TP
Recall

TP FP
=

+
                          (15) 

2
1

Precision Recall
F

( Precision Recall )

 
=

+
             (16) 

In the experimental design, we extended the features 

of the dataset. Firstly, we considered the size of the 

dataset to ensure that the selected dataset contains 

enough samples to fully represent the media hotspots in 

the social network; Secondly, we analyzed the diversity 

of the data to ensure that the dataset covers various types 

of media hotspots such as news, entertainment, and 

technology; In the data preprocessing stage, we adopted 

operations such as data cleaning and format conversion 

to eliminate noise and outliers in the data, ensuring data 

quality and accuracy of analysis results. 

To ensure the reproducibility of the experiment, we 

provide the following specific information: 

Key parameter values: We will set the key 

parameters α, β, and δ to 0.5, 0.2, and 0.1, respectively. 

These parameters play a role in balancing model 

complexity, time weight decay, and screening criteria in 

the algorithm. 

Number of training iterations: We specify that the 

algorithm iterates 100 times during the training process 

to ensure that the model fully converges. 

Hardware and software environment: The GPU used 

in the experiment is NVIDIA GTX 2080 Ti, Python 

version 3.9, and TensorFlow 2.5 is also used as the deep 

learning framework. 

 

4.2 Experimental results and analysis 
This study used Apache Spark as a distributed computing 

framework. Firstly, we installed Spark and Hadoop (for 

HDFS storage) on each node in the cluster. Then, we 

configured Spark's environment variables, including 

SPARK-HOME and HADOOP_CONF-DIR. Next, we 

started the Spark cluster and configured the 

corresponding Master and Worker nodes. 

When loading and parsing social media data, we 

used Hadoop's file system (HDFS) to store the raw data. 

Then, we use Spark's RDD (Elastic Distributed Dataset) 

to preprocess the data. The specific preprocessing steps 

include: 

Data cleaning: Remove irrelevant characters, 

punctuation marks, stop words, etc. to purify data. 

Word segmentation: Use Chinese word segmentation 

tools to segment text. 

Remove low-frequency words: Count the frequency 

of words and remove those that appear too frequently. 

Building RDD: Convert preprocessed data into RDD 

for subsequent distributed computing. 

When constructing word vectors, we used a pre 

trained Word2Vec model. This model is trained on a 
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large amount of text data and can accurately map words 

to a high-dimensional vector space. In order to optimize 

the word vector, we fine tuned the model based on the 

characteristics of social media data to make it more 

suitable for the task of hotspot recognition. 

When constructing sentence vectors, we used the 

method of averaging word vectors. The vector 

representation of the sentence is obtained by averaging 

the vectors of all words in the sentence. In order to 

further improve the accuracy of sentence vectors, we 

also tried other methods such as TF-IDF weighted word 

vectors and sentence vector representation based on 

attention mechanism. 

When improving the SIFRANK algorithm, we 

mainly optimized the following aspects: 

Feature extraction: Combining word vectors and 

sentence vectors to extract richer text features. 

Model training: Train a classifier using an 

optimized feature set to improve the accuracy of hotspot 

recognition. 

Real time update: Introducing real-time hotspot 

recognition technology to enable algorithms to capture 

hot topics on social media in a timely manner. 

In order to verify the effectiveness of the 

optimization method, we compared and tested the 

results before and after using SIFRank and 

PositionRank. Both perform well in keyphrase 

extraction. SIFRank uses ELMo and SIF, while 

PositionRank considers position and frequency based 

on a graphical model to form and sort candidate 

phrases. The experiment's baseline results may differ 

slightly from the original text. It can be seen from 

Figure 3 that there are significantly more new words 

found in Chinese social network data than in English 

data sets, which is due to the lack of obvious word 

boundaries in Chinese and the unique network terms 

and spoken language of social networks are difficult to 

process by traditional word segmentation tools 

accurately. The new word discovery algorithm can 

effectively identify and extract these new words through 

unsupervised learning, thus improving word 

segmentation accuracy. 

Table 2 shows the performance comparison of 

different algorithms on two social media hotspot datasets. 

Compared with the SOTA method, the Improved 

SIFRANK algorithm proposed in this study maintains a 

high level of F1 score, although slightly lower than the 

original SIFRANK and SIFRANK+. Improved 

SIFRANK balances accuracy while pursuing higher 

robustness and adaptability. The Improved SIFRANK 

algorithm has made significant improvements in 

robustness and adaptability. By optimizing the algorithm, 

its adaptability to different datasets and noise has been 

improved, making it more stable when facing complex 

and changing social network data. The Improved 

SIFRANK algorithm improves its ability to identify hot 

topics by introducing new feature extraction methods and 

weight allocation mechanisms. At the same time, the 

algorithm also considers the timeliness of information 

and user interaction behavior, thus more accurately 

capturing the evolution trend of hot topics. 

 

 
Figure 3: Result diagram of the number of new words 

discovered by the new word discovery algorithm 

 

Table 2: Improved SIFRANK keyword mining performance test 

Algorithm 

Social Network Media Hotspot 

Dataset 1 

Social Network Media Hotspot 

Dataset 2 

P R F1 P R F1 

TF-IDF 0.1986 0.2067 0.2026 0.1695 0.2145 0.1894 

TEXTRANK 0.2261 0.2766 0.2489 0.2363 0.2766 0.2549 

SIFRANK 0.7477 0.8378 0.7902 0.7826 0.8561 0.8177 

SIFRANK + 0.7181 0.8141 0.7630 0.7566 0.8257 0.7897 

Improved-

SIFRANK 
0.6909 0.7790 0.7323 0.7124 0.7949 0.7514 

 

Table 3 summarizes the performance comparison of 

different algorithms (including baseline algorithms TF-

IDF, TETRANK, original SIFRANK, and the improved 

SIFRANK proposed in this study) in social network 

media hotspot mining. From the table, it can be seen that 

improving SIFRANK significantly outperforms other 

algorithms in key indicators such as accuracy, recall, and 

F1 score, with F1 scores increased by 10%, 10%, and 
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0.10, respectively. This proves the effectiveness of the 

improvement strategy proposed in this study, making 

the algorithm more accurate and reliable in hotspot 

recognition. In terms of computational efficiency, 

although the improved SIFRANK has reduced 

compared to the original SIFRANK (from 240 

seconds/time to 150 seconds/time, it should be noted 

that this is a relative value and still within an acceptable 

range for practical applications), considering its 

significant improvements in other aspects, this small 

difference in computational efficiency is acceptable. In 

addition, the improvement of SIFRANK has 

demonstrated the highest level of timeliness, 

adaptability, and robustness, further demonstrating its 

advantages in practical applications. 

 

Table 3: Performance Comparison of Social Network 

Media Hotspot Mining Algorithms 

Method 
Accurac

y (%) 

Reca

ll 

(%) 

F1 

Scor

e 

Computational 

Efficiency 

(seconds/iterati

on) 

TF-IDF 70 65 0.67 120 

TEXTRAN

K 
75 70 0.72 180 

Original 

SIFRANK 
80 75 0.77 240 

Improved 

SIFRANK 

(Ours) 

90 85 0.87 150 

 

 
Figure 4: Influence of deletion of preprocessing module 

on the effect of optimization method 

 

Figure 4 shows the impact of deleting 

preprocessing modules on the effectiveness of 

optimization methods. The figure intuitively illustrates 

the importance of the preprocessing module in 

improving the SIFRANK algorithm for social network 

media hotspot mining. By comparing the algorithm 

performance before and after removing the 

preprocessing module, it can be clearly seen that the 

absence of the preprocessing module has a significant 

impact on the overall performance of the algorithm. We 

used two sets of data separately: one set was the 

performance data of the optimization algorithm 

containing the preprocessing module, and the other set 

was the performance data of the algorithm after deleting 

the preprocessing module. By comparing these two sets 

of data, it can be found that the accuracy and real-time 

performance of the algorithm have significantly 

decreased after removing the preprocessing module. This 

indicates that the preprocessing module plays an 

important role in filtering noise, improving data quality, 

and providing effective input for subsequent mining 

processes. Further analysis reveals that the impact of 

removing preprocessing modules on algorithm 

performance varies across different datasets and 

experimental conditions. In some cases, this impact may 

be more significant, while in other cases it may be 

relatively weaker. This further demonstrates the 

flexibility and adaptability of the preprocessing module 

in improving the SIFRANK algorithm, as well as its 

importance in different application scenarios. 

Figure 5 shows that the trend of F1 scores with α of 

the optimization method on different datasets is similar, 

indicating the method's stability. The effect of the model 

rises first and then decreases with the increase of α, and 

the optimal α value is mainly in the range of 0.1-0.3, 

emphasizing the importance of the reward vector. 

 

 
Figure 5: Scores of F1 @ 10 and F1 @ 15 with different 

values 

 

Through the analysis of Figure 6, we can draw the 

following conclusions: removing any module in 

MICRank will reduce the effect of key phrase extraction. 

In addition, the global information score of a phrase has 

the most significant influence on its becoming a key 

phrase, followed by the local information score. In 

contrast, the phrase attribute information has the most 

minor influence. Most key phrases come from phrase sets 
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that summarize the primary information of the text, a 

few key phrases come from phrase sets that express 

local information of the document, and phrase attribute 

information (such as word frequency, word length and 

position) only play a fine-tuning role when one 

candidate key phrase is included in another candidate 

key phrase. 

 
Figure 6: Results of ablation experiment 

 

In the ablation study, we evaluated the contribution 

of each algorithm modification one by one and obtained 

the following quantitative results: BERT ensemble: After 

integrating the BERT model on the basis of the original 

SIFRANK algorithm, the F1 score improved by about 

5%. This indicates that the BERT model can more 

effectively capture semantic information in text, thereby 

improving the accuracy of hotspot mining. New word 

discovery module: After introducing the new word 

discovery module, the recall rate of the algorithm 

increased by about 3%. The new word discovery module 

can identify and include words that do not appear in the 

dictionary but have practical meaning, thereby improving 

the sensitivity of the algorithm to new hot events. 

The advantage of the MICRank model is that it can 

quickly extract critical phrases. Figure 7 shows the time 

data analysis of extracting a single document. Compared 

with MDERank, the speed is 6.1 times higher than that of 

SIFRank, and it is also significantly faster than that of 

SIFRank, achieving a speed increase of 7.63 times. This 

performance improvement is mainly due to MICRank's 

ability to filter non-key phrases within segments. 

Although this may lead to an increase in the time 

complexity of the model, it still shows high efficiency in 

practical applications. 

 

 
Figure 7: Time to extract a single document 

 

 
Figure 8: Experimental results of generic setup dataset 

  

1 2 3 4 50

1 2 3 4 50

8

6

4

2

0

4

3

2

1

0

K1 K2 K3

K1 K2 K3

P
o
w

er
P

o
w

er

Time（days）

Time（days）

Mapping result Mapping result

1.2

0.9

0.6

0.3
gate-only Area

Gate-only Delay Virtual  Wirelength Virtual total Wirelength Total WL

Mapping result

Via count Delay

K1 K2 K3

24

22

20

18

16

7 AM 8 AM 9 AM 10 AM 11 AM 12 AM 1 PM 2 PM 3 PM 4 PM 5 PM 6 PM 7 PM

7 AM 8 AM 9 AM 10 AM 11 AM 12 AM 1 PM 2 PM 3 PM 4 PM 5 PM 6 PM 7 PM

(a)Speed Analysis for Regular Vehicles

(b) Delay Time/Travel Analysis for Regular Vehicles

time2.0

1.8

1.6

1.4

1.2

1.0

0.8

0.6

K1
K2
K3
K4

K1 combined with h

S
p

ee
d

 (
m

p
h

)
D

el
a

y 
T

im
e/

T
ra

ve
l 

T
im

e
(%

)

K2 combined with h
K3 combined with h
K4 combined with h



42   Informatica 49 (2025) 33–46                                                                                                                                      J. Zhang et al. 

Figure 8 shows that the MICRank model performs 

well for the six datasets under the generic setting, 

indicating good generalization capabilities. This means 

satisfactory key phrase extraction results can be 

obtained using generic parameters when processing 

other text or datasets. 

In this paper, a unified LTP tool is used for text 

processing, ensuring the experiment's consistency. In 

different models, specific parameters are set, such as the 

n-gram window length of TFIDF is 3, the window size 

of YAKE is 1, the window sizes of TextRank and 

SingleRank are 2 and 10, respectively, etc. As shown in 

Figure 9, the experimental results show that the 

MICRank model performs well on multiple data sets 

under standard settings, showing the model's 

generalization ability. This means that when processing 

new text or data sets, you can use these general 

parameters to obtain satisfactory keyphrase extraction 

results. 

 

 
Figure 9: Common model experimental data on each data set 

 

 
Figure 10: Multiple hot spot mining results 

 

 
Figure 11: Model ablation experiment 

 

Figure 9 shows the standard model experimental 

data analysis on each data set. This paper obtains 

4067KB of content after preprocessing using 50 pieces of 

social network media content. The generative algorithm 

100

80

60

40

20

0

200

150

100

50

0

S
tr

es
s 

(M
p
a
)

S
tr

es
s 

(M
p

a
)

K1
K2

K1

K2

K3

0.02 0.04 0.06 0.08 0.100.00 0.02 0.04 0.06 0.08 0.100.00

Strain y Strain y

%
100

80

60

40

20

0

-20

%
100

80

60

40

20

0

-20
0 10 20 30 40 50 0 10 20 30 40 50

BRAM DSP

K1
K2

K3
K4

K5
K6

Decision BDM

91%

90%

89%

88%

90%

85%

8 16 32 0.0 0.5 1.0

Scaling Training Data Impact of λ on Verifier

%
 o

f 
P

ro
b
le

m
s 

S
o
lv

e
d

(B
e
st

-o
f-

1
6
) 

%
 o

f 
P

ro
b

le
m

s 
S

o
lv

e
d

Redics RCN GnDm



Improved SIFRANK for Efficient Media Hotspot Mining… Informatica 49 (2025) 33–46 43 

processes the news summary, making the results 

intuitive and easy to understand. The dimensional 

information is further extracted, and the generated key 

information sequence compresses the original content to 

20KB. 

Different improvement methods were introduced 

into the experiment, and the results are shown in Figure 

10 and Figure 11. Experimental group 1 adopted GSG 

training and continuous copy mechanism, and the 

ROUGE index was slightly improved; Experimental 

groups 2 and 3 explored the influence of improvement 

order. Experimental group 2 performed better on 

ROUGE-1, and experimental group 3 performed 

slightly better on ROUGE-2; Experimental groups 4 

and 5 combined GSG training and continuous copy 

mechanism, and experimental group 5 achieved the best 

ROUGE index, reaching 0.3695, 0.2233 and 0.3492. 

Table 4 shows the t-test results of the improved 

SIFRANK algorithm and the original algorithm on four 

key experimental indicators: F1 score, recall rate, 

accuracy, and running time. By comparing the t-value 

and p-value, we can draw the following conclusion: 

F1 score: The average F1 score of the improved 

algorithm is significantly higher than that of the original 

algorithm (t=3.57, p=0.002), indicating that the 

improved algorithm performs better in comprehensively 

measuring the accuracy and recall of the classification 

model. 

Recall rate: The average recall rate of the improved 

algorithm is significantly higher than that of the original 

algorithm (t=2.94, p=0.008), indicating that the 

improved algorithm can identify more relevant hotspots 

and improve the sensitivity of the model. 

Accuracy: In terms of accuracy, the improved 

algorithm also showed significant advantages (t=3.16, 

p=0.006), which means that the improved algorithm has 

a higher proportion of truly relevant hotspots among the 

identified hotspots. 

Runtime: The average runtime of the improved 

algorithm is significantly lower than that of the original 

algorithm (t=-4.00, p=0.001 *), indicating that the 

improved algorithm not only maintains high 

performance but also significantly improves 

computational efficiency and reduces runtime. 

 

Table 4: Comparison of t-Test Results for Original and 

Improved SIFRANK Algorithms 

Experiment

al Metric 

Mean of 

Original 

Algorith

m 

Mean of 

Improve

d 

Algorith

m 

t-

Valu

e 

p-

Value 

F1 Score 0.75 0.82 3.57 0.002 

Recall Rate 0.70 0.78 2.94 0.008 

Precision 

Rate 
0.80 0.85 3.16 0.006 

Runtime 

(seconds) 
120 100 -4.00 

0.001

* 

 

In terms of accuracy in hotspot recognition, the 

improved SIFRANK algorithm has significantly 

improved compared to the original algorithm. By 

introducing pre trained language models, the algorithm 

can better understand the semantic information in social 

media texts, thereby more accurately identifying 

potential hot topics. At the same time, combined with 

real-time hotspot recognition technology, the algorithm 

can timely capture hot topics on social media, improving 

the timeliness of hotspot recognition. In terms of 

algorithm efficiency, the improved SIFRANK algorithm 

also shows significant advantages. We have optimized 

the calculation process of the algorithm, reduced 

unnecessary computational overhead and made it more 

efficient in processing large-scale social media data. The 

comparative experimental results show that the improved 

algorithm outperforms the original algorithm in terms of 

accuracy and efficiency in hotspot recognition, and can 

better adapt to dynamic and real-time social media 

environments. 

5    Conclusion 
Social media is crucial for information dissemination and 

public opinion formation in the information age. How to 

accurately and efficiently mine the media hotspots on 

social networks is of great significance to understanding 

social public opinion and guiding information 

management. This study focuses on improving the 

SIFRANK algorithm to improve the accuracy and 

timeliness of media hotspot mining. The algorithm's 

performance is significantly improved by introducing 

information timeliness evaluation and optimizing 

network weight calculation. 

(1) By improving the algorithm, the recognition 

accuracy of hot topics by the SIFRANK algorithm has 

been successfully improved to 89%, which is 15% higher 

than the 74% before optimization. At the same time, the 

response speed of the algorithm has also been 

significantly improved, and it can effectively identify hot 

topics within 1 hour after the event occurs, which reflects 

the significant improvement in the timeliness of the 

algorithm. 

(2) By introducing an information timeliness 

evaluation mechanism, the weight of hotspots can be 

dynamically adjusted to ensure that the algorithm can 

capture newly emerging hotspot events in a timely 

manner, avoid excessive attention to outdated 

information, and further improve the accuracy of hotspot 

recognition. 

(3) In practical application, the effect of a large-scale 

social network data set is verified. The results show that 

the improved SIFRANK algorithm can accurately 

capture media hotspots and effectively analyze the spread 

path and influence of hotspots. Especially when dealing 

with complex network structures and changes in 

information propagation speed, the algorithm shows 

more robust adaptability and robustness. 

In the research on social media hotspot mining based 

on the improved SIFRANK algorithm, we have achieved 

significant results, but we also recognize the limitations 

and biases of the dataset, as well as the need for further 
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optimization of the algorithm's scalability on large-scale 

data. Future research needs to be more cautious in 

selecting datasets, exploring more diverse data sources, 

and focusing on algorithm optimization and 

parallelization techniques to improve accuracy and 

processing efficiency. 
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Abstract: With the rapid development of Internet technology, the complexity and diversity of network 

traffic have increased significantly, and traditional network traffic classification and anomaly detection 

methods are unable to deal with current network threats. To solve this problem, this paper proposes a 

network traffic classification and anomaly detection technology based on deep learning. Through the 

analysis and experiment of a large number of network traffic data, this paper constructs a convolutional 

neural network model to accurately identify and classify normal traffic and abnormal traffic. The 

experimental results show that the accuracy of the proposed model on the test dataset reaches 98.7%, 

excellent performance was achieved on the CIC-IDS2017 and ISCX VPN NOVPN datasets, with 

accuracies of 98.5% and 99.2%, respectively, significantly improving recall and F1 score, and effectively 

reducing error rates, outperforming traditional methods. In addition, this paper further optimizes the 

model by comparing and analyzing the performance of different network structures, and finally reduces 

the false alarm rate to 1.5%. This research provides effective technical support for improving network 

security, deeply analyzes the influence of different network structures and parameters on the performance 

of the model, and finally optimizes the best model, which shows strong robustness and adaptability in 

multiple real network environments. 

Povzetek: Predlagano je optimizirano konvolucijsko nevronsko omrežje za klasifikacijo omrežnega 

prometa in odkrivanje anomalij, ki dosega visoko natančnost na nizih primerjalnih podatkov, izboljšuje 

priklic in rezultate F1 ter zmanjšuje lažne alarme. 

 

1 Introduction 
In recent years, given the rapid progress of science 

and technology and the rapid increase of Internet traffic 

demand, classifying network traffic has become 

particularly critical in managing network resources and 

ensuring network security [1]. By finely classifying 

network traffic, we can ensure that users enjoy the best 

quality network services and that the core element of 

efficient management of traffic resources is achieved. Due 

to the widespread use of software encryption tools such as 

HTTPS, SSH, SSL, and Tor, traditional traffic 

classification technologies are facing challenges. At the 

same time, detecting malicious traffic has become more 

complex [2]. Therefore, we must conduct an exhaustive 

classification and segmentation of internet traffic 

generated by the application. This will help us more 

accurately identify various network protocols and 

distinguish different types of application traffic to achieve 

more efficient network resource management, prevent 

malicious programs, and provide a convenient way for 

Internet service providers to diagnose faults. 

 

At present, the classification of network traffic mainly 

depends on port technology, inspection of deep packets, 

and the adoption of characteristic-based statistical 

methods. However, due to the different port usage 

methods, the accuracy of port-based classification 

technology has yet to reach the preset standard [3]. Deep 

Packet Inspection (DPI) technology does not perform well 

when processing encrypted data streams and may threaten 

users' privacy and security. The current situation makes 

researchers increasingly biased toward adopting statistical 

and behavioral-based analytical methods. However, these 

tools require the manual creation of functionality related 

to the initial data flow, increasing operational and 

subsequent maintenance costs. 

With the rapid popularization of 5G technology, the 

number of related devices continues to rise. According to 

the Report on the Development of China's Internet 

Network, the number of Internet users in China has 

climbed to 1.067 billion [4]. However, the penetration rate 

of the Internet is only 75.6%. Among these users, as many 

as 99.8% use mobile phones as their Internet tools. At the 

same time, the types of mobile Internet applications in 

China have reached an astonishing 2.52 million. This kind 
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of application has brought unprecedented tests to the 

quality of network services. In the field of communication 

networks, hierarchical management of traffic is critical, 

including but not limited to firewall functions, slice 

management of 5G networks, and integration and 

distribution of QoS resources. Packet classifiers are 

increasingly widely used in enterprises, cloud, and 

Internet service providers. Its primary function is to 

monitor and regulate network traffic to ensure the security 

and efficiency of the network. By identifying and filtering 

malicious network traffic and spam, the packet classifier 

can improve the efficiency of network resource usage and 

slow down network delay and data loss [5]. This further 

improves the overall stability and performance of the 

network. 

Simply put, the classification of network traffic plays 

a crucial role in enhancing the security protection and 

overall performance of the network [6]. This system 

allows network administrators to identify and deal with 

non-traditional traffic and attacks quickly. Furthermore, 

the system optimizes the network architecture and traffic 

scheduling strategy, thus significantly improving the 

overall performance and reliability of the network [7]. 

Among the issues related to network security, traffic 

classification constitutes the critical link between 

intrusion detection, protective measures, and security 

management. 

This article discusses the challenges faced by 

traditional network traffic classification methods, such as 

deep packet inspection (DPI) and port-based methods. 

DPI performs poorly in handling encrypted and mixed 

traffic, while port-based methods cannot effectively cope 

with dynamic port allocation and multi-port 

communication scenarios. These traditional methods 

perform poorly in modern complex network environments, 

leading to misjudgments and omissions. Deep learning 

methods overcome these limitations by automatically 

learning and extracting traffic features, improving the 

accuracy and robustness of classification and detection. 

2 Introduction to related theories 

2.1 Deep learning 

As a branch of machine learning, deep learning 

employs multi-level nonlinear transformation techniques 

to perform advanced abstraction and descriptive learning 

of input data to reveal complex patterns and laws [8, 9]. 

The core idea of this method is that it can automatically 

extract features from data, thus avoiding manual design 

steps, and it can adapt to many data types, such as images, 

speech, and natural language. The neural network input 

formula is shown in (1). 

 1 2[ , , , ]nX x x x=   (1) 

Where X represents the input feature vector, xi 

represents a certain attribute of the traffic data, and n 

represents the dimension of the input feature [10]. The 

initial stage of the convolutional neural network is 

specially designed for processing image data. It has a 

complex structure, mainly composed of three core parts: 

the input, hidden, and output layers [11]. During the 

training process, each node begins to assign weights and 

updates the parameters when passed in reverse. Given the 

high complexity of image data, Convolutional Neural 

Networks (CNN) successfully identifies the core 

characteristics of images through its unique organizational 

structure. The linear transformation formula is shown in 

(2). 

 ( ) ( ) ( 1) ( )l l l lZ W X b−= +  (2) 

Among, Z(l) represents the linear combination result, 

X(l−1) represents the activation output, W(l) represents the 

weight matrix, and b(l) represents the bias vector. The 

convolutional layer has apparent advantages in parameter 

sharing and local connection, dramatically reducing the 

number of required parameters and improving the 

generalization performance and computational efficiency 

of the model. Furthermore, the translation invariance of 

this convolutional layer ensures that it can adapt to data 

such as images, speech, etc., with spatial or temporal 

layout [12]. Generally, the convolution of images is done 

by employing a 3 × 3 filtering technique. This technique 

is based on calculating the weighted product of input 

pixels and various pigments in the filtering device, 

generating activation maps or feature maps containing 

critical information extracted from the image. The 

activation function formula is shown in (3). Where A(l) 

denotes the activation output and f(Z(l)) denotes the 

activation function. 

 ( ) ( )( )l lA f Z=  (3) 

The F1 score has been selected as one of the key 

indicators for evaluating model performance, with priority 

given to its ability to better balance precision and recall, 

especially when dealing with imbalanced datasets. 

Compared with the AUC-ROC curve, the F1 score can 

more accurately reflect the comprehensive performance of 

the model in classification tasks, especially in the field of 

anomaly detection. Positive class samples (abnormal 

traffic) are usually much fewer than negative class 

samples (normal traffic), which makes the traditional 

AUC-ROC curve vulnerable to data imbalance and leads 

to more optimistic evaluation results. The AUC-ROC 

curve mainly measures the overall classification 

performance of the model at all thresholds, but it does not 

directly consider the sensitivity to false positives (false 

alarms) and false negatives in practical applications. In the 

practical application of network traffic classification and 

anomaly detection, false positives and false negatives 

have a more direct impact on security and performance. 

Therefore, F1 score can provide a more balanced and 

practical evaluation standard by comprehensively 

considering accuracy and recall rate. Therefore, F1 score 

is considered more suitable than AUC-ROC in this study 

to evaluate the actual performance of network traffic 

classification and anomaly detection models. 

2.2 Types of learning 

Fully supervised learning, as an innovative 

technology in machine learning, has the core goal of 

identifying the interdependencies between input and 

output data [13]. By training on labeled data with known 
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inputs and corresponding outputs, the technique can learn 

and generate a model that accurately feeds input data into 

output data. The formula of the cross-entropy loss function 

is shown in (4). 

  
1

1
log( ) (1 ) log(1 )ˆ ˆ

N

i i i i
i

L y y y y
N =

= −  + − −  (4) 

Where L denotes the loss value, N denotes the total 

number of samples, and yi denotes the true label. Fully 

supervised learning systems generally adopt models such 

as neural networks, decision trees, and support vector 

machines to realize the orderly transformation between 

input and output data [14]. In order to maintain excellent 

performance when dealing with ambiguous information, 

this type of model usually requires a lot of labeling 

information during its training process. Fully supervised 

learning methods have been widely used and practiced in 

many fields, such as image recognition, language 

recognition, and natural language processing, especially in 

predicting and deeply analyzing input data, where it plays 

a crucial role. The formula of the mean square error loss 

function is shown in (5). 
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Where, LMSE denotes the mean square error, N denotes 

the total number of samples, and yi denotes the true label 

[16]. Unsupervised learning aims to find and lock hidden 

architectures and patterns in unlabeled datasets. There are 

pronounced differences in content between unsupervised 

learning and fully supervised learning: the former does not 

include labels or classification data, requiring the 

algorithm to identify various data patterns independently. 

Commonly used techniques, such as clustering, 

dimensionality reduction, and association rules mining, 

are often accepted methods. We used the clustering 

method to classify the data, subdivide it into multiple 

unique categories or groups, and determine these 

categories according to the similarity between data points 

or the distance between them [16]. By adopting 

dimensionality reduction technology, we successfully 

converted high-dimensional data into low-dimensional 

data, which helped us have a deeper understanding of the 

data structure and significantly improved the operating 

efficiency of the model. By applying the association rule 

analysis method, we can identify universal patterns or 

corresponding rules from the data set and further explain 

the interrelationship between these characteristics. The 

Softmax function formula is shown in (6). Where yi 

denotes the prediction probability, zi denotes the category 

score, and k denotes the total number of categories. 
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2.3 Model carving performance index 

Traditional classification techniques use a specific 

threshold to classify prediction results into positive or 

negative categories, but adjusting this threshold may 

impact the distribution of prediction labels [17]. When we 

try to reduce the proportion of one type of error, it often 

leads to the increase of another type of error. Therefore, 

finding a balance between accuracy and recall becomes 

significant. A perfect accuracy means that no false 

positive results will be produced, and the accuracy of the 

recall also ensures that false negatives will not occur. In 

most cases, balancing recall and accuracy is particularly 

critical compared with meager error rates. Considering 

both performances, the F1 score is the harmonic average 

of accuracy and recall.  

Accuracy and recall are two important indicators for 

evaluating the performance of classification models. 

Accuracy focuses on how many samples predicted as 

positive by the model are truly positive, while recall 

focuses on whether the model can recognize all positive 

samples. In practical applications of network traffic 

classification and anomaly detection, there is often a trade-

off between accuracy and recall, especially when facing 

imbalanced datasets. Overoptimizing accuracy may lead 

to a large number of false negatives (missed reports), 

while optimizing recall may result in higher false positives 

(false alarms). Therefore, it is crucial to find a balance 

between F1 score as a harmonic mean of accuracy and 

recall. However, there is no clear explanation in the 

current discussion on how to balance these two indicators 

based on the specific characteristics of the dataset, or how 

to adjust the weights of accuracy and recall according to 

the requirements of practical applications when facing 

specific types of network traffic and anomaly detection 

needs. For different application scenarios, it may be 

necessary to select priority optimization indicators based 

on actual risks and needs to ensure that the actual 

performance of the model meets expectations. The 

convolution operation formula is shown in (7). 
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Among them, M, N represent the size of the 

convolution kernel, Z represents the combination result, 

W(l) represents the weight matrix, b(l) represents the bias 

vector, and X represents the number. Before determining 

how to integrate and evaluate the combination of 

"category a and category b," you first need to obtain a copy 

of the dataset containing only these two categories and 

eliminate the data of other categories. If the actual 

classification we observe is a, then this classification will 

be identified as a positive class. When the actual class we 

observe is b, we usually label such classes unfavorable. 

Since this problem belongs to the category of binary 

classification, we can decide to adopt this binary 

classification method [18]. There are differences between 

a and b and a, so we should consider these two scenarios 

separately. In three different datasets, we got six one-to-

one scores, while in four, we got twelve one-to-one scores 

each. Ultimately, we evenly assigned weights to each 

metric to ensure that the final average metric proportion 

can be accurately calculated. The weighted average 

classification evaluation formula is shown in (8). 
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Among them, Avg Score represents the final average 

evaluation score, N represents the number of datasets, wi 

represents the weight of the i indicator, and Scorei 

represents the score of the i-th one-on-one comparison. 

This covers precisely interpreting the network dataset and 

its structural design within the organization [19]. The 

network flow and session are clearly defined, and their 

similarities and differences are discussed. In deep learning, 

the core concepts of convolutional neural networks, 

capsule neural networks, and autonomous attention 

mechanisms are fundamental. Different types of machine 

learning are described. When discussing the classification 

problem, the criteria of model evaluation and other related 

elements play a crucial role. The classification output 

formula of network traffic is shown in (9). Among them, 

y represents the classification output, Wo represents the 

output layer weight matrix, ht represents the hidden layer 

state, and bo represents the reconstruction error. 

 max( )o t oy soft W h b= +  (9) 

3 Traffic classification algorithm for deep 

learning 

3.1 Problem analysis 

In the two-layer structure of TCP/IP, the network 

traffic data presents a precise time series distribution, 

which is constructed by different levels of headers and 

information [20]. When analyzing the network traffic data 

in detail, we observe that the bytes inside it show a precise 

time series relationship, which performs uniquely in 

various traffic types. We can use this ordered data to 

classify traffic in various categories through the sequential 

model we built. The performance comparison table of 

network traffic classification and anomaly detection 

model based on deep learning is shown in Table 1. 

Table 1: Performance comparison table of network traffic classification and anomaly detection model based on deep 

learning 

Model/Method Accuracy Precision Recall F1-Score 

CNN 98.3% 97.8% 98.1% 97.95% 

RNN 96.7% 96.2% 95.9% 96.05% 

LSTM 97.5% 97.0% 96.8% 96.90% 

GRU 97.2% 96.8% 96.5% 96.65% 

Autoencoder 94.8% 94.1% 94.4% 94.25% 

Random Forest 95.6% 95.3% 95.0% 95.15% 

SVM 93.4% 92.8% 93.0% 92.90% 

K-Nearest Neighbors 90.5% 89.9% 90.1% 90.00% 

To evaluate the performance of the model, we 

conducted experiments on the CIC-IDS2017 and ISCX 

VPN NOVPN datasets, using a dataset partitioning ratio 

of 80% -10% -10%. The experimental results compared 

the performance of deep learning models with traditional 

methods through indicators such as accuracy, recall, and 

F1 score, ensuring fair comparison. All experiments were 

conducted under the same hardware configuration to 

verify the advantages of deep learning models in traffic 

classification and anomaly detection, especially in terms 

of accuracy and anomaly detection capabilities. 

In this study, a deep learning-based network traffic 

classification and anomaly detection method was 

proposed, and compared and evaluated with the current 

state-of-the-art technology (SOTA). The latest SOTA 

method performs well in key indicators such as accuracy, 

precision, recall, and F1 score, but the method proposed in 

this study has achieved significant improvements in 

multiple evaluation indicators. For example, the proposed 

model achieved an accuracy of 98.7%, significantly higher 

than traditional methods such as port-based detection 

methods and DPI (Deep Packet Inspection) techniques, 

which often face challenges of high false alarm rates and 

low detection accuracy in traffic classification. In terms of 

recall and precision, the proposed deep learning model 

overcomes the shortcomings of existing methods by 

optimizing network structure and feature extraction 

techniques, especially when dealing with complex and 

changing network traffic, it can better identify abnormal 

traffic. In addition, by adjusting the F1 score, the proposed 

model further demonstrates its high robustness and 

effectiveness in network security, making it highly 

applicable and novel in the fields of real-time network 

monitoring and anomaly detection. 

We construct a classification technology of the LSTM 

data stream, which divides the execution process of the 

algorithm into two independent steps. In the course of the 

preliminary study, we chose to use LSTM to analyze 

various features in the packets. When the project entered 

the second stage, we conducted an in-depth discussion and 

study on the sequence relationship between data intervals. 

Ultimately, we used Softmax technology to complete the 

data classification work. Yuan and his research team 

constructed a particular LSTM network structure that can 

effectively simulate the characteristics and serial 

consistency of network flow, and its detection accuracy is 

more remarkable than that of traditional technologies [21]. 

Wang and his team used CNN and GRU to build a network 
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framework for parallel processing, which is mainly used 

to classify malicious traffic. Tong and his team built a 

bidirectional stream sequence network classification 

framework based on LSTM technology. Qiang and his 

team proposed a classification strategy based on GRU, 

which mainly focuses on studying network traffic 

sequence characteristics. 

 
Figure 1: Flowchart of network traffic preprocessing and feature extraction 

 

The flow chart of network traffic preprocessing and 

feature extraction is shown in Figure 1. The network 

traffic preprocessing and feature extraction process first 

obtains raw data through the data collection module, and 

then performs data cleaning and time window partitioning. 

Next, multiple key features are extracted and redundancy 

is reduced through feature selection. Finally, the features 

are normalized and standardized to ensure high-quality 

and efficient data input into the deep learning model. 

This article shows us how to classify traffic using time 

series convolutional network technology. TCN represents 

a deep neural network method dedicated to constructing 

sequences, which employs convolution techniques to 

capture the interrelationships between time series in 

sequences. The core idea of this method is to use 

convolution kernels of different sizes to process the input 

sequence and to capture the dynamic changes of time steps 

in real time [22]. Temporal Convolutional Network (TCN) 

uses multiple layers: the convolution layer and the pooling 

layer. In the pooling layer, in order to reduce 

computational complexity and parameters, a simplified 

sampling method is adopted, which also effectively avoids 

the problems caused by overfitting. TCN shows apparent 

advantages in learning time dependence compared to 

traditional recurrent neural networks. It can effectively 

handle gradient dissipation and emergencies and supports 

efficient parallel computing, which undoubtedly speeds up 

training and logical inference. TCN has shown significant 

potential for application in many technical fields, such as 

speech recognition, natural language processing, video 

interpretation, and time series prediction.  

Through comparative experiments on the accuracy of 

various classification models, the performance of different 

deep learning models (such as CNN, LSTM, Transformer) 

and traditional methods (such as SVM, decision tree) in 

network traffic classification and anomaly detection tasks 

was evaluated. Using the CIC-IDS2017 and ISCX VPN 

NOVPN datasets, experimental results show that deep 

learning models outperform traditional methods in terms 

of accuracy, recall, precision, and F1 score. Especially 

when dealing with complex traffic patterns, they have 

stronger generalization ability and anomaly detection 

performance. The stochastic gradient descent optimization 

formula is shown in (10). Where θt represents the 

parameters of the iteration, η represents the learning rate, 

and ∇θL(θt) represents the gradient of the loss function to 

the parameters. 

 1 ( )t t tL   + = −   (10) 

 y wx b= +  (11) 

The linear regression model formula is shown in (11). 

Where y represents the predicted value of the model, w 

represents the weight vector, x represents the input feature 

vector, and b represents the bias term. Although TCN has 

the characteristics of expanding the perceptual domain and 

generating long-term dependencies by stacking 

convolutional layers, this strategy may also ignore the 

interdependencies between different positions within the 

sequence. Therefore, in this chapter, we plan to integrate 

the self-attention mechanism into the TCN model, with the 

core purpose of identifying critical locations in the input 

sequence more centrally for more precise construction of 

what depends on this model [23]. Next, we plan to use the 

optimized classification technology to classify the 

averaged data sets and take recall, accuracy, and F1 scores 

as the primary evaluation criteria. The flow chart of deep 

learning model training and optimization is shown in 

Figure 2. 
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Figure 2: Deep learning model training and optimization flow chart 

 

3.2 Network traffic classification model 

As one of the deep learning models, time-series curl 

neural networks are mainly used in constructing and 

developing sequence models. This technology uses 

convolutional neural networks as its infrastructure, which 

gives us a more comprehensive range of perception 

capabilities and ensures the practicality of the training 

process and fewer parameter requirements, thus providing 

excellent performance for sequence modeling [24].  

To ensure the generalization ability of the model, the 

dataset is divided into training set, validation set, and 

testing set. Specifically, the CIC-IDS2017 and ISCX VPN 

NOVPN datasets are divided according to a common 80-

10-10 ratio: 80% of the data is used to train the model, 10% 

of the data is used to validate the model's tuning and 

selection of hyperparameters during training, and the 

remaining 10% is used as the final test set to evaluate the 

model's performance on unseen data. This dataset 

partitioning method aims to ensure that the model can 

learn from sufficient training data, while adjusting the 

model through validation sets to avoid overfitting, and 

validating the model's generalization performance through 

independent test sets. In addition, the selection of the test 

set ensures its complete independence from the training 

and validation processes, thus more objectively reflecting 

the performance of the model in practical applications, 

further confirming the model's generalization ability. The 

Sigmoid function formula for logistic regression is shown 

in (12). Where y represents the probability of the 

prediction and z represents the linear combination result. 
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The formula of the L2 regularization term is shown in 

(13). Where R denotes the regularization term, λ denotes 

the regularization strength, wj denotes the weight 

parameter, and p denotes the total number of weight 

parameters. TCN and conventional recurrent neural 

networks exhibit superior performance in capturing long-

time dependencies, which helps to avoid gradient 

vanishing and explosive risks effectively [25]. In addition, 

TCN is also equipped with efficient parallel computing 

tools, which not only improve the speed of practice and 

logical inference but also support the learning of multiple 

tasks and multi-functional features such as self-regulation 

of pools. TCN demonstrates excellent performance when 

performing sequence modeling tasks such as speech 

recognition, natural language parsing, and machine 

translation. 

TCN has shown superior performance in processing 

network traffic sequence data, but the specific parameter 

settings (such as kernel size of convolutional layers, 

network layers, or other structural details) have not been 

fully explained. These parameters are crucial for the 

learning ability and performance optimization of the 

model. For example, the choice of kernel size directly 

affects the model's ability to capture long-term and short-

term dependencies, while the number of network layers 

and neurons determine the model's capacity and 

complexity. Therefore, the lack of discussion on these 

details creates a certain degree of uncertainty in the 

evaluation of the model's reproducibility and 

generalization ability. In order to comprehensively verify 

the effectiveness of TCN, future research should further 

explore the impact of different hyperparameter 

configurations on model performance and provide more 

detailed descriptions of the model structure. The ReLU 

activation function formula is shown in (14). Where f(x) 

represents the output after activation and x represents the 

input value. 

 ( ) (0, )f x max x=  (14) 
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The covariance matrix formula is shown in (15). 

Where W represents the covariance matrix, N represents 

the number of samples, xi represents the eigenvector, and 

μ represents the mean vector of samples. We use the 

classification model established on the TCN network to 

transform 28x28 grayscale frame images into 1x784 
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image sequences. We then input these sequence data into 

TCN to complete the feature extraction work [26]. After 

utilizing TCN for output, we selected an omnidirectional 

connectivity layer to predict traffic and employed the 

Softmax function to classify and consolidate data at the 

output layer. 

The robustness and applicability of the proposed 

model were validated through experiments on multiple 

datasets and real-world scenarios, demonstrating its 

powerful performance in different network environments. 

However, analyzing network traffic may involve user 

privacy issues, requiring strict adherence to privacy 

protection policies and adoption of encryption measures. 

In addition, the model has certain limitations in handling 

edge situations and real-time data streams, especially for 

new types of attacks and scenarios outside the dataset. 

Future research can further improve the adaptability and 

performance of the model through methods such as 

incremental learning. 

In this study, in order to comprehensively verify the 

actual performance of the network traffic classification 

model, we designed a testing environment that extensively 

simulates real-world scenarios. This environment covers 

different network conditions, such as high latency, 

bandwidth fluctuations, network congestion, and different 

traffic patterns. We used multiple network topologies and 

real datasets (such as CIC-IDS2017 and ISCX VPN 

NOVPN) to simulate complex network traffic situations. 

In addition, the testing environment also includes various 

types of attacks and abnormal behaviors, such as denial of 

service attacks (DoS), worm virus propagation, malicious 

traffic, etc., to ensure the reliability and accuracy of the 

model under various potential network threats. Through 

this diverse testing environment, we can comprehensively 

evaluate the classification performance, anomaly 

detection ability, and adaptability of the model under 

different network conditions, thereby further verifying its 

feasibility and robustness in the real world. 

 
Figure 3: Comparison of accuracy of different classification models 

 

The accuracy comparison of different classification 

models is shown in Figure 3. Although traditional RNN 

methods can establish long-term dependence models, this 

may lead to the disappearance of gradients or produce 

explosive effects. TCN adopts the method of stacking 

convolutional layers to expand its perception capabilities. 

This method helps to establish long-term dependencies but 

may disregard the dependencies of various parts of the 

sequence [27]. When we add self-attention mechanisms to 

the model, this will allow us to observe critical areas more 

deeply, which not only helps us establish 

interdependencies more accurately but also improves the 

explanatory power of the model. 

The TCN+self-attention model proposed in this 

article has undergone multiple optimizations and 

adjustments to ensure its efficiency and accuracy in 

network traffic classification and anomaly detection tasks. 

Firstly, we employed two hyperparameter adjustment 

techniques, Grid Search and Random Search, to optimize 

the key hyperparameters of the model, such as the size, 

number of layers, learning rate, batch size, and number of 

heads in the self-attention mechanism of the convolution 

kernel. The reasonable selection of these hyperparameters 

is crucial for the performance of the model. Through these 

techniques, we can find the optimal parameter 

configuration among different combinations of 

hyperparameters, thereby improving the model's 

generalization ability and accuracy. 

To verify the effect of hyperparameter adjustment, we 

used the Cross Validation method. By dividing the dataset 

into multiple subsets and taking turns using each subset 

for validation, we can reduce the risk of overfitting and 

ensure the robustness of the model's performance on 

unseen data. In addition, we also utilize Early Stopping 

techniques to prevent overfitting of the model. During the 

training process, if the loss on the validation set does not 

improve within a certain number of iterations, the model 

will stop training early to save computational resources 

and avoid overfitting. Ultimately, through these 

hyperparameter adjustment techniques and validation 

methods, we ensured the superior performance of the 

TCN+self-attention model in network traffic classification 

and anomaly detection tasks. 
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3.3 Experiment and result analysis 

To examine the value of classification models based 

on TCN and combined with TCN and Self-Attention in 

practical applications, we selected equalized CIC-

IDS2017 and ISCX VPN-nonVPN data as inputs in this 

issue. We adopted high accuracy, low recall, and F1-score 

data as evaluation criteria. This experiment compares the 

performance differences between the TCN model, 

TCNSA model, and the one-dimensional CNN 

classification method described in the literature on the two 

data sets. 

The CIC-IDS2017 and ISCX VPN NOVPN datasets 

are declared to be balanced, mainly due to the balanced 

sampling of various network traffic by the datasets during 

design. The CIC-IDS2017 dataset includes various types 

of network attacks and normal traffic. By collecting 

network traffic from different time periods, the proportion 

of attack types and normal traffic in the dataset is 

relatively balanced. The ISCX VPN NOVPN dataset 

further reduces the problem of excessive proportion of a 

single traffic type by designing multiple scenarios that 

include both normal traffic and VPN traffic. 

For possible class imbalance issues in certain 

situations, this study did not adopt artificial data 

augmentation methods such as oversampling or 

undersampling, as these datasets themselves have good 

representativeness in terms of diversity and distribution. 

In some extreme cases (such as when there is limited data 

for a certain type of attack), researchers may consider 

using synthetic minority oversampling techniques 

(SMOTE) or other balancing strategies for moderate 

adjustments. However, in the application of datasets such 

as CIC-IDS2017 and ISCX VPN NOVPN, the default 

dataset design already has sufficient class balance. 

Therefore, these datasets provide a balanced data 

foundation for network traffic classification and anomaly 

detection tasks, which contributes to the stable evaluation 

of model performance. 

 
Figure 4: Analysis of the importance of traffic data set characteristics 

 

The importance analysis of traffic data set features is 

shown in Figure 4. On the CIC-IDS2017 data set, the 

accuracy, recall, and F1-score of the TCN model reached 

the standards of 0.949, 0.927, and 0.938, respectively, 

while the accuracy of the TCNSA model was improved to 

0.976, 0.954, and 0.964 respectively. The specific growth 

rates are 2.84%, 2.91%, and 2.77%, respectively. TCNSA 

achieved a leading position of 3.28% in accuracy 

compared with the one-dimensional CNN model in 

reference. 

 
Figure 5: Change of loss function during training 

 

The change of loss function during training is shown 

in Figure 5. The changing trend of the loss function during 

the training process reflects the improvement of the model 

learning effect. In the process of model optimization, as 
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the number of training iterations increases, the loss 

function gradually decreases, indicating that the model is 

effectively capturing the features of the data and 

improving its predictive ability. If the loss function 

fluctuates or cannot steadily decrease, it may be necessary 

to adjust the learning rate or optimize the model structure 

to better adapt to the data, thereby further improving 

classification accuracy and anomaly detection capabilities. 

On the dataset of ISCX VPN-nonVPN, the data on 

accuracy, recall, and F1-score of the TCN model are 0.961, 

0.965, and 0.963, respectively, while the accuracy of the 

TCNSA model is 0.984, 0.966, and 0.975, respectively, 

which improves the accuracy of the model by 2.39%. 

The experiment will use the CIC-IDS2017 and ISCX 

VPN NOVPN datasets for data preprocessing, feature 

engineering, and training set partitioning, respectively. 

Compare CNN, TCN and other models, evaluate them 

using F1 score, accuracy, recall and other indicators, and 

perform statistical significance tests such as paired t-test. 

In addition, evaluate the robustness and real-time 

performance of the model to validate its application in real 

network environments. Through these experiments, the 

performance of the model is validated to ensure the 

scientific validity and practical significance of the paper. 

We conduct in-depth research on the TCN model and 

its operational logic of the self-attention mechanism. We 

further integrate the self-attention mechanism in the TCN 

model to more accurately describe the interdependency 

between input data sequences. We conducted an in-depth 

comparison and tested the CIC-IDS2017 balanced version 

and the ISCX VPN-nonVPN dataset provided in Chapter 

3. After an in-depth analysis of the experimental data, we 

find that the TCNSA model surpasses the traditional 

classification methods based on TCN in the classification 

of network traffic. 

Analyzing the impact of different network structures 

and parameters is a key step in optimizing model 

performance. The study compared several common deep 

learning network structures, including Convolutional 

Neural Networks (CNN), Recurrent Neural Networks 

(RNN), and Long Short Term Memory Networks (LSTM). 

CNN excels at extracting local features from raw traffic 

data and is suitable for processing structured traffic 

information; RNN and LSTM perform better in processing 

temporal data, capturing the temporal dependencies of 

network traffic. Through experiments, it has been found 

that LSTM networks have achieved good performance in 

traffic classification and anomaly detection tasks, 

especially in handling traffic data with long time spans. 

The selection of hyperparameters also has a 

significant impact on model performance. In the 

experiment, we adjusted hyperparameters such as learning 

rate, batch size, network layers, and number of neurons. 

Through cross validation, the optimal hyperparameter 

combination was determined, where a smaller learning 

rate and moderate batch size help improve the 

convergence speed and accuracy of the model. Increasing 

the number of network layers and neurons can improve the 

performance of the model, but excessive increase may 

lead to overfitting, so a balance needs to be found between 

accuracy and generalization ability. These experimental 

results indicate that different network structures and 

parameter configurations have a significant impact on the 

classification accuracy, false alarm rate, and other 

indicators of the model. Optimizing these parameters can 

effectively improve the application performance of the 

model in actual network traffic monitoring. 

4 Anomaly detection technology 

classification model hardware 

deployment 

4.1 Model Introduction 

The number of devices in today's network 

environment is vast, and their distribution range is quite 

broad. Especially in the application scenarios of industrial 

interconnection communications, it is essential to ensure 

the stable operation of these equipment networks. With the 

continuous expansion of network scale and complexity, 

the amount of network data presents the characteristics of 

massive, multi-dimensional, and high-speed, which sets 

higher standards for network traffic classification systems, 

including faster data processing speed, more economical 

cost, and more straightforward deployment methods. 

 
Figure 6: Performance of the model under different training set sizes 
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Figure 6 shows the performance of the model at 

various training set sizes. Currently, network traffic 

classification systems mainly depend on software 

platforms to execute and operate in the market. When 

dealing with a large amount of fast network data, if the 

computation speed does not meet the standard, it may lead 

to losing the number of data packets. In the case of 

multiple applications running simultaneously, the 

dynamic allocation of resources may sometimes cause the 

resources of the classification software to become strained, 

triggering abnormal operations. The problems in these 

suggestions will likely impact the communication of 

devices and the security of the Internet. 

 

 
Figure 7: Anomaly detection ROC curve 

 

The anomaly detection ROC curve is shown in Figure 

7. The network traffic classification mechanism deployed 

on embedded hardware has been widely praised for its 

cost-effectiveness, compact size, and easy maintenance. 

This system can adapt to the installation of a variety of 

terminal equipment, and at the same time, it will not 

adversely affect the stable communication path. It is 

especially suitable for real-time network traffic 

classification tasks. Some computing systems are built on 

the FPGA platform, enabling fast computing through high 

parallel processing and reconfigurable capabilities. 

However, the system based entirely on FPGA technology 

takes a long time to develop and encounters many 

difficulties in dealing with outdoor equipment and task 

scheduling. The convolutional neural network structure 

for network traffic classification and anomaly detection is 

shown in Table 2. 

Table 2: Convolutional neural network structure for network traffic classification and anomaly detection 

Hierarchy Type Output dimension Description of action 

Input layer Raw network traffic data (Batch Size, N) 

Enter the original network traffic 

data, N is the characteristic 

dimension 

Convolutional 

layer 1 
1D convolution (Batch Size, N-3) 

Local features are extracted, the 

convolution kernel size is 3, the 

step size is 1, and the activation 

function uses ReLU 

Convolutional 

layer 2 
Maximum pooling (Batch Size, N/4) 

Continue the pooling operation, 

reduce the feature dimension, and 

the pooling size is 2x1 

To evaluate the improvement of the proposed model 

compared to the baseline method, we used statistical 

significance tests such as paired t-tests or confidence 

intervals to ensure the reliability and validity of the 

experimental results. Paired t-test verifies whether the new 

model significantly outperforms the baseline method in 

accuracy, recall, F1 score, and other metrics by comparing 

the performance differences of the model on the same 

dataset. At the same time, we added confusion matrices to 

other datasets to further evaluate the generalizability of the 

model. By demonstrating the relationship between real 

categories and predicted categories, the confusion matrix 

provides us with deeper analysis, helping to validate the 

consistency and robustness of the model's performance on 

different datasets. By integrating these evaluation methods, 

we can more accurately assess the advantages and wide 

applicability of the proposed deep learning model in 

network traffic classification and anomaly detection. 
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4.2 Based on network traffic classification 

system framework 

Using the multifunctional platform of ARM + FPGA, 

we built an encrypted traffic classification system based 

on ZYNQ. FPGA (PL side) is mainly responsible for 

performing centralized tasks of fast hardware calculations, 

such as convolution and pooling layer calculations. Since 

the Softmax classifier is mainly used in the output part, its 

performance in hardware acceleration could be better, so 

ARM (PS side) does its main processing work. Running a 

Linux platform on ARM is a responsibility that involves 

the maintenance of external equipment, the assignment of 

tasks, and the processing of network information. The 

information exchange between ARM and FPGA is mainly 

realized through the AXI bus of the ZYNQ chip, and the 

MXI-DMA control unit also completes the data exchange. 

The hardware and software integration process of 

FPGA acceleration system faces some specific challenges. 

Firstly, the interface between hardware and software 

requires precise coordination to ensure that FPGA 

accelerators can effectively collaborate with ARM 

processors to process complex network traffic data. The 

parallel computing capability of FPGA can significantly 

improve processing speed, but its programming and 

debugging complexity is high, requiring hardware circuits 

to be designed and optimized for specific tasks. In addition, 

the integration of ARM+FPGA faces issues such as data 

transmission delay, bandwidth limitations, and memory 

management, all of which may affect the overall 

performance of the system. Although the combination of 

ARM and FPGA can theoretically bring significant 

performance improvements, the paper does not provide 

performance comparison data or benchmark support 

before and after integration, and the lack of quantitative 

verification makes it difficult to clarify the performance 

improvement in this part. In future work, detailed 

performance comparisons should be further provided to 

demonstrate the advantages of hardware acceleration in 

practical applications, in order to support the application 

effect of ARM+FPGA combination in deep learning tasks.

 

 
Figure 8: Confusion matrix of traffic type classification 

 

The traffic type classification confusion matrix is 

shown in Figure 8. Once ARM's critical applications are 

activated, it can capture Ethernet data in real-time and 

decompose it into multiple independent dialog modules. 

After preprocessing the data, the sample data is configured 

by DMA and then transferred to the input buffer FIFO of 

the FPGA. FPGA deep learning acceleration tools are 

mainly responsible for handling computational tasks such 

as convolution, and DMA technology is used to transmit 

these computational results to the DDR system. Based on 

this, ARM uses Softmax software to classify its output 

results deeply. 

The proposed deep learning model performed well in 

multiple experiments, achieving a high accuracy of 98.7% 

and a low false alarm rate of only 1.5%. This indicates that 

the model can accurately identify normal and abnormal 

traffic in network traffic classification and anomaly 

detection tasks, greatly reducing the risk of false positives. 

High accuracy indicates that the model can effectively 

distinguish different types of traffic, while low false alarm 

rate ensures the reliability of anomaly detection results 

and avoids unnecessary alerts. These results validate the 

efficiency and reliability of the model in practical 

applications, providing strong support for traffic 

monitoring and anomaly detection in the field of network 

security. 
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Figure 9: Distribution of anomaly degree of network traffic 

 

The distribution of network traffic anomaly degree is 

shown in Figure 9. Regarding hardware acceleration, 

acceleration is feasible, whether between different levels 

or within them. Although inter-layer parallel computing 

can significantly improve computing speed and 

performance, the limitation of non-reusability among 

modules in each computing hierarchy leads to the relative 

consumption of resource utilization. Although the 

convolutional module can be used multiple times and can 

significantly reduce the consumption of resources, to 

achieve parallel acceleration between different hierarchies, 

we believe that each layer should design the convolutional 

module independently, which reduces its flexibility and 

increases the cost of redesign. 

4.3 System test analysis 

After completing the design of the IP core for the 

lightweight accelerator, the FPGA circuit structure, and 

the software development, we established a hardware test 

environment using the Xilinx ZYNQ7100. A 

comprehensive simulation test of the IP core was 

conducted, followed by the joint debugging of the entire 

system. These efforts were aimed at verifying the practical 

application effectiveness of the lightweight encryption 

flow rate classification model. 

 

 
Figure 10: Comparison of model training time 

 

The model training time pairing is shown in Figure 10. 

In this section, we chose Xilinx ZYNQ7100 as the 

hardware platform and performed related development 

work on Ubuntu 16.04 using the toolchain of Vivado 

2017.4. Xilinx ZYNQ7100 is equipped with a K7 FPGA, 

which is equipped with a dual-core ARM Cortex-A9 

processor and rich logic resources. 

On the FPGA technology platform, we build an 

encrypted data traffic classification model to improve 

speed and reduce weight. At the same time, on the ARM 

technology platform, we implemented applications 

consisting of operating system and C programming, as 

well as processing accelerator components and other 

related external hardware devices. The primary 

responsibility of the peripheral network plug-in is to 

capture the network data set on the personal computer, 

while HDMI and keyboard and mouse are specially 

designed to display and manipulate these data sets. 
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In order to evaluate the variability and reliability of 

the report indicators, we introduced the analysis methods 

of error bars and statistical confidence intervals. By 

repeatedly measuring different experiments, we calculated 

the standard error of each model on various indicators 

such as accuracy, recall, F1 score, etc. Furthermore, 95% 

confidence intervals were used to estimate these indicators 

in order to understand the stability of the experimental 

results. The error bar represents the fluctuation range of 

each evaluation indicator, while the confidence interval 

provides the credible range of the estimated values of the 

indicators, which helps to determine the reliability of the 

model performance. Through this approach, we can 

clearly reflect the performance fluctuations of deep 

learning models under different datasets and experimental 

conditions, providing a more scientific basis for model 

selection and application. 

In this chapter, we successfully build an ARM + 

FPGA-based SPC platform and complete a fine-pruning 

handling of lightweight encrypted network traffic 

classification solutions in hardware. In the technical 

background of FPGA, we adopt HLS technology to build 

an accelerated system for deep learning and combine 

parallel processing and pipeline operation to improve 

computational efficiency. ARM is mainly responsible for 

network data maintenance and system scheduling. 

Through a series of systematic tests and verification, the 

platform has demonstrated its excellent processing ability 

to encrypt and classify network traffic re-sent by the 

TCPreplay tool. It can ensure that network traffic is 

correctly and securely classified through the FPGA 

accelerator. 

4.4 Discussion 

This article provides a detailed comparison between 

the proposed model and the state-of-the-art (SOTA) 

methods listed in related works. Our experimental results 

show that compared with traditional machine learning 

based methods such as support vector machines, decision 

trees, etc., deep learning models exhibit significant 

advantages in key indicators such as accuracy, false alarm 

rate, and recall rate. Especially in the testing on the CIC-

IDS2017 and ISCX VPN NOVPN datasets, the deep 

learning model achieved an accuracy of 98.5%, and the 

false alarm rate was significantly reduced, significantly 

better than other methods. 

The advantage of deep learning models lies in their 

ability to automatically learn and extract complex traffic 

features from large amounts of data, without relying on 

manually designed features. This enables the model to 

better capture implicit patterns in network traffic, thereby 

improving the accuracy of anomaly detection. Compared 

with traditional methods, deep learning models can handle 

more complex traffic features, reducing the occurrence of 

false positives and false negatives, thereby improving 

network security. However, the high performance of deep 

learning models is also accompanied by significant 

computational requirements and training time, which may 

pose challenges for environments with limited computing 

resources. 

Although deep learning methods have achieved 

excellent performance in traffic classification and 

anomaly detection tasks, there are still some potential 

trade-offs and limitations. The training process of deep 

learning models requires a large amount of data and 

computing resources, which may not be applicable in 

resource constrained scenarios. Deep learning models 

often lack good interpretability, which may affect their 

applicability in some applications that require 

transparency and auditability. Deep learning methods 

have high requirements for data quality and quantity. 

When the data is insufficient or unrepresentative, the 

effectiveness of the model may decrease. Although deep 

learning performs well in terms of accuracy and false 

alarm rate, in some application scenarios, it is necessary to 

consider both computational costs and data requirements 

comprehensively. 

5 Conclusion 

Through a large number of experiments, this paper 

verifies its effectiveness and superiority in practical 

application. In the field of network security, accurate 

traffic classification and efficient anomaly detection are 

very important to ensure the stable operation of network 

systems. Although the traditional method based on rules 

and feature engineering can meet the basic requirements 

to a certain extent, with the increasing complexity of 

network traffic, its performance limitations become more 

and more obvious. Therefore, using deep learning 

technology for network traffic classification and anomaly 

detection has become an important research direction. 

The TCN model has significant advantages in training 

and inference time compared to traditional LSTM and 

GRU models, as convolution operations can process 

sequential data in parallel. However, TCN has high 

memory requirements, especially when processing long 

sequences or using larger convolution kernels, which may 

become a limiting factor in resource limited environments. 

Overall, TCN outperforms RNN models in terms of 

computational efficiency, but when selecting a model, 

factors such as computational resources, time 

requirements, and memory limitations still need to be 

considered. 

A deep learning model based on convolutional neural 

network is constructed to automatically extract the 

features of network traffic data, and then realize 

classification and anomaly detection. The training and test 

data of the model comes from an actual data set covering 

a wide range of network traffic, containing more than 1 

million data samples. In the classification task, the 

classification accuracy of the model for network traffic 

reaches 98.7%, which is significantly better than the 

traditional classification method. Specifically, the 

classification accuracy of traditional feature engineering-

based methods on the same dataset is only about 85%, 

while the CNN model proposed in this paper improves the 

classification accuracy by 13.7 percentage points. In 

addition, the accuracy and recall rate of the model reached 

97.2% and 96.8%, respectively, which indicates that the 
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model effectively reduces the missed detection rate while 

correctly identifying positive samples. 

The model proposed in this article demonstrates 

strong adaptability and robustness, and can effectively 

identify and detect abnormal behavior in a constantly 

changing network traffic environment. By introducing 

deep learning techniques, especially temporal 

convolutional networks (TCNs), models can handle 

different types of traffic data and adapt to the dynamic 

changes in network traffic. Experiments have shown that 

even in the presence of noise or partial loss in the dataset, 

the model can still maintain high accuracy and low false 

positive rate. This adaptability enables the model to 

maintain good performance in the face of various network 

environments and attack patterns, enhancing its robustness 

in practical applications. In addition, through reasonable 

hyperparameter adjustment, the model can optimize its 

ability to recognize different traffic patterns, further 

enhancing its robustness. 

In terms of anomaly detection, the model shows 

equally excellent performance. The experimental results 

show that the F1 score of the anomaly detection model 

based on deep learning on the test set reaches 96.3%, while 

the F1 score of the traditional rule-based method under the 

same conditions is only about 82%. The improvement of 

the model's detection accuracy is mainly due to its in-

depth learning and understanding of complex network 

traffic patterns, which enables the model to effectively 

identify abnormal behaviors in network traffic. In addition, 

the false alarm rate of the model is reduced to 1.5%. 

Compared with the false alarm rate of traditional methods, 

this result further highlights the advantages of deep 

learning methods in anomaly detection. 

Convolutional neural networks perform well in 

network traffic classification, but there is still room for 

improvement. By combining recurrent neural networks or 

long short-term memory networks, temporal features can 

be better captured; Adopting lightweight architecture or 

pruning techniques can help improve computational 

efficiency; Self supervised learning and reinforcement 

learning can enhance the adaptability of models to new 

types of attacks; By enhancing data or adjusting the loss 

function, the problem of imbalanced data can be solved, 

further improving classification performance. 

The network traffic classification and anomaly 

detection technology based on deep learning proposed in 

this paper not only shows excellent performance in 

laboratory environments, but also shows strong 

adaptability and robustness in applications in multiple real 

network environments. Through in-depth analysis of 

different network structures and parameter configurations 

of the models, this paper optimizes an optimal model, 

which provides a solid technical foundation for future 

network traffic management and security protection. 

Future research can further explore the application of deep 

learning models in larger and more diverse network 

environments to continue to improve the accuracy and 

efficiency of classification and detection. 
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This study proposes a malicious code detection model DTL-MD based on deep transfer learning, which 

aims to improve the detection accuracy of existing methods in complex malicious code and data scarcity. 

In the feature extraction process, the weighted sum method of GIST and LBP features is used to combine 

the advantages of the two features. Online transfer learning is used to reduce the data distribution 

difference between the target domain and the source domain. The model uses ResNet50V2 as the backbone 

network and combines SimAM to enhance the feature extraction and representation capabilities. In 

addition, in order to further improve the robustness of detection, GAN is used to generate malicious code 

variants and expand the training data set. In the experiment, the public CICIDS 2017 data set is used for 

model training and testing. The performance test results show that when the threshold is 0.7, the accuracy 

of DTL-MD is 95.8% and the F1 score is 0.93. In a performance test involving 30,000 samples, the 

throughput of the DTL-MD model under Trojans, viruses, worms, and adware is 11, 12, 11, and 12 tasks/s, 

respectively, and the inference time is 211, 225, 239, and 234 samples/s, respectively. Compared with 

GAN, DTL-MD increases the throughput by about 10% and the inference speed by about 15%. The 

research aims to provide new ideas for improving the intelligence and automation level of malicious code 

detection technology, which has certain application value and practical significance. 

Povzetek: A deep transfer learning-based model (DTL-MD) enhances malicious code detection using 

ResNet50V2, GAN-generated variants, and online learning, achieving 95.8% accuracy and improving 

detection speed and robustness against evolving threats. 

 

1 Introduction 
As the Internet becomes more widespread and 

information technology advances rapidly, the 

transmission routes of malicious code (MC) have 

become increasingly complex, and the impact of 

malicious software in modern society is becoming 

increasingly significant [1]. MC not only affects the 

security of personal information, but also poses a 

serious threat to the network environment of enterprises, 

government agencies, and society [2]. In recent years, 

the types of MC have increased exponentially, from 

traditional viruses, Trojans, and spyware to ransomware 

and worms in recent years, showing a trend of 

diversification and high complexity [3]. With the 

continuous advancement of MC attack technology, the 

existing signature matching-based detection methods 

have been unable to effectively cope with the challenges 

of variant MCs and new attacks [4]. Furthermore, as 

MC samples continue to pile up, the challenge lies in 

efficiently extracting discernible features from a vast 

array of samples and enhancing the model's ability to 

adapt to novel attack types via transfer learning. This 

has become crucial for boosting detection precision and 

tackling variant attacks effectively [5]. In this context, 

scholars have proposed various innovative methods for 

detecting MC to cope with the constantly changing MC  

 

environment. Kim proposed an MC detection technology 

combining dynamic and static analysis to address the 

diversification of MC propagation channels and the 

increasing intelligence of propagation technology. 

Through dynamic and static analysis of Trojan-type 

downloaders and MC of deliverers, the accuracy of 

detection was effectively improved [6]. Kim et al. raised 

an approach for detecting and classifying MC based on 

application programming interface sequences to address 

the problem of the proliferation and diversification of 

malware. Research showed that the proposed method 

showing high detection efficiency and accuracy [7]. Wang 

et al. proposed an efficient detection method combining 

CNNs and generative adversarial networks (GANs) to 

address the accuracy issues caused by the complexity of 

MC families and the rapid growth of variants in malware 

detection. Research showed that this method significantly 

improved detection accuracy by generating MC variants 

and performing lightweight classification [8]. Li et al. 

proposed an MC detection method based on feature fusion 

and machine learning. They extracted multidimensional 

features through static analysis and statistical analysis, 

extracted feature vectors using the n-gram model and TF-

IDF, selected the best feature vectors with the classifier, 

and finally built an automatic detection model. The results 

showed that the recognition accuracy of this method could 

reach 98.0%, with an F1 score of 0.969 [9]. 
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Online Transfer Learning (OTL) is a technique that 

combines the advantages of online learning and transfer 

learning. It improves the adaptability of models in 

dynamic environments by receiving new data in real 

time and using source domain knowledge to transfer to 

the target domain. Li et al. raised an evolutionary multi-

objective Bayesian optimization algorithm combined 

with multi-source OTL to address the challenge of 

limited fitness evaluation in multi-objective 

optimization problems. Through the comparison of 

multiple multi-objective optimization benchmark 

problems and real-world problems, it was proved that 

transfer learning could effectively improve the 

optimization performance of the problem [10]. Cherifi 

et al. proposed an automatic classification method for 

chest CT scans based on machine learning and deep 

learning. CT images were classified into COVID-19 or 

non-COVID-19 categories, and different machine 

learning models were used. The results showed that the 

accuracy of the ResNet50V2 model was 86.67% on a 

small data set and 97.52% on a large data set, 

demonstrating the potential of OTL in rapid detection [11]. 

Cui proposed a performance test of target detection and 

motion recognition algorithms in combination with OTL. 

In addition, the study also compared the recognition 

accuracy of 3D-CNN and dual-resolution 3D-CNN models 

under different video frames. The results showed that when 

the number of video frames was 20, the accuracy of the two 

algorithms in recognizing basic basketball movements was 

89.6% and 95.8%, respectively [12]. Qin et al. proposed an 

OTL-based estimation method to address the problem of 

data domain distribution differences caused by changes in 

temperature, aging, and other conditions in battery state of 

charge estimation. Through the design of a transfer 

conversion mechanism and a new Hoeffding-based 

extreme learning machine algorithm, research showed that 

this method could effectively reduce negative transfer and 

accurately estimate under complex conditions [13]. Table 

1 summarizes the above related studies, including the 

proposed models, key indicators, and limitations. 

Table 1: Literature review summary. 

Reference Method Key Results Limitations 

Kim [6] 

Combination of 

dynamic and static 

analysis 

Solve the problem of the 

diversification of the malware 

propagation method. 

Poor detection 

performance on complex 

malware. 

Kim, Lee [7] 
API aequence-based 

detection 

The more complex the malicious 

behavior, the higher the detection 

efficiency. 

Limited adaptability to 

large data sets 

Wang et al. [8] CNN + GAN Classification accuracy: 97.78% 
High computational 

complexity 

Li et al. [9] 
Feature fusion and 

machine learning 

Recognition accuracy: 98.0%,  

F1 score: 0.969,  

AUC: 0.973. 

More suitable for static 

samples 

Li et al. [10] 

Adaptive online 

multisource transfer 

learning method 

The performance gains brought by 

transfer learning are demonstrated on 

multiple benchmarks and real-world 

problems. 

Insufficient focus on the 

specific domain of 

malware detection 

Cherifi et al. 

[11] 

ResNet50V2 transfer 

learning 

The accuracy is 86.67%, sensitivity is 

93.94%, specificity is 81%, F1 score 

is 86% on the small dataset. 

Affected by 

hyperparameter adjustment 

Cui [12] 
SSD with 3D-CNN 

architecture 

The best recognition accuracy of 

95.8% was achieved using 3D-CNN 

at 20 video frames. 

Applicability needs to be 

verified 

Qin et al. [13] 
OTL framework and 

Hoeffding-based ELM 

Accurate SOC estimation results can 

be obtained even under complex 

application conditions. 

Target space differences 

lead to negative transfer 

According to Table 1, although existing MC 

detection methods have made some progress in the 

fields of static analysis and signature matching, 

traditional methods still have insufficient adaptability 

and detection accuracy when faced with rapidly 

increasing MC variants, complex attack patterns, and 

scarce target domain samples. Specifically, existing 

methods usually rely on fixed feature extraction rules 

and cannot effectively deal with new MC variants. In 

addition, the model has poor data adaptability in the 

target domain, resulting in reduced accuracy when 

migrating to new data sets. Due to limited training data, 

many methods have insufficient generalization capabilities 

and are difficult to meet actual application needs. To this 

end, a Deep Transfer Learning-based Malware Detection 

Model (DTL-MD) is proposed. The novel aspects of this 

research include the following. Firstly, by employing a 

feature selection strategy, the process of extracting features 

from MC samples is refined, thereby enhancing the 

model's discriminatory capabilities. Secondly, through 

OTL, the model can effectively cope with the situation of 

insufficient MC samples in the target domain and adapt to 
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new MC variants. The objective of this research is to 

offer a more efficient, intelligent, and adaptable solution 

for detecting MC. 

The contributions of the research are as follows: 

First, DTL-MD reduces the impact of sample scarcity in 

the target domain by introducing the OTL strategy. 

Second, an improved feature selection mechanism is 

designed to more effectively extract key features that 

are helpful for MC identification. Finally, DTL-MD 

improves detection speed and computational efficiency 

by optimizing the computational structure, combining a 

simplified attention mechanism and an efficient 

convolutional module. 

2 Methods and materials 

2.1 Design of visual texture feature 

extraction based on feature fusion 

It is assumed that OTL can effectively reduce the 

data distribution differences between the source domain 

and the target domain, thereby improving the adaptability 

of the model in the target domain, especially in the case of 

insufficient data. Meanwhile, feature selection is assumed 

to optimize feature extraction, remove redundant features, 

and improve model accuracy and robustness. Based on 

these assumptions, the DTL-MD model is designed, and 

the model construction and optimization process will be 

introduced in detail below. 

In MC detection, the visualization technology of MC 

based on image processing can provide powerful support 

for detection models by converting the binary data of MC 

into images and extracting texture features from them. 

Global Image Structure Feature (GIST) and Local Binary 

Pattern Feature (LBP) are two common texture features. 

GIST can capture the global structural information of an 

image, while LBP focuses on local texture details [14]. 

Therefore, a visual texture feature extraction scheme based 

on feature fusion is proposed, which combines GIST and 

LBP to better capture the multidimensional features of MC 

samples. First, the MC is converted from a byte stream to 

a visual image, as shown in Figure 1. 

(a) Bitstream data extraction from malicious code file

(b) Visualization process of malicious code bytestream

Malicious code file Bitstream data Bytestream data

Malicious code 

bytestream data

Binary unsigned 

integer data

Grayscale image 

pixel points

Convert byte data 

and arrange it

 

Figure 1: Visualization of MC. 

Figure 1(a) shows the extraction process of MC bit 

streams or byte streams. By extracting byte stream data 

from MC samples, their binary representations are 

obtained. These data reflect the basic structure and 

behavior patterns of the program. Figure 1(b) shows the 

process of further processing the byte stream data into a 

grayscale image. In the standardization process, each byte 

is mapped to a pixel value in the grayscale image, 

preserving the local features and global structural 

information in the MC. Therefore, the preprocessing 

process of MC detection combining the two is shown in 

Figure 2. 
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Byte stream 

extraction and 

normalization

Data cleaning
Grayscale image 

generation

Image 

standardization

Image 

enhancement

Image 

segmentation

Texture feature 

extraction  



66 Informatica 49 (2025) 63–78 Y. Li et al. 

Figure 2: Detailed data preprocessing process in MC detection. 

As shown in Figure 2, after inputting MC, noise or 

irrelevant information is first removed through data 

cleaning. Next, byte stream extraction and 

normalization are performed to make the data format 

consistent. Then, the standardized byte stream data is 

converted into a grayscale image, with each byte 

corresponding to a pixel's grayscale value, completing 

the graphical representation of the data. First, a 

grayscale image is generated from the MC file, and 

GIST extracts the global structural information of the 

image through a Gabor filter. Gabor filter can 

effectively capture the local structure and texture 

information of the image. The expression is shown in 

equation (1) [15]. 
2 2 2

2
( , , , , , ) exp cos 2

2

x y x
x y

 +  
= − +   

  


      


   

(1) 

In equation (1), x  and y  are the image 

coordinates.   is the the rotating angle of the filter.   

is the wavelength, and   is the spatial aspect ratio.   

is the standard deviation, and   is the phase offset. 

Applying multi-scale and multi-directional Gabor 

filtering to an image results in response maps for 

different directions and frequencies, reflecting the 

comprehensive texture information of the image. Next, 

the response map is subjected to pooling processing to 

extract features representing the global structure, as 

shown in equation (2). 

, ( , ) ( , ) ( , , , , , )F x y G x y x y=               (2) 

In equation (2), , ( , )F x y   is the filter response 

diagram. ( , )G x y  is a grayscale image.   indicates a 

convolution operation. Furthermore, in LBP extraction, 

the local texture information of the image is extracted 

by calculating the relationship between the gray value 

of each pixel and its neighboring pixels, as shown in 

equation (3). 
1

0

( , ) ( ) 2
P

p

p c

p

LBP x y s I I
−

=

= −                   (3) 

In equation (3), pI  and cI  are the values of the 

neighboring pixels and the central pixel, respectively. 

( )s x  is a symbolic function. P  is neighboring pixel. 

By encoding the texture features of local images, each 

local region of the image is converted into a binary 

number, thereby extracting local texture features. In 

addition, in order to reduce the dimensionality of 

features and enhance the discriminative power of 

features, the information gain and L1 regularization 

strategies are introduced to construct a feature selection 

strategy. Information gain measures the contribution of 

a feature to the target class information. The calculation 

of information gain ( )iIG x  is shown in equation (4). 

( ) ( ) ( )i iIG x H y H y x= −                     (4) 

In equation (4), ( )H y  is the entropy of the target 

variable y . ( )iH y x  is the entropy of the target variable 

y under the given feature condition ix . Subsequently, 

Lasso regression selects features through the L1 

regularization term, thereby avoiding the interference of 

redundant features. For example, after L1 regularization, 

features with higher scores include certain image texture 

features, while features with a score of zero are excluded. 

Here is an example: After L1 regularization feature 

selection, the model selected feature 1 (score: 0.85), 

feature 2 (score: 0.72), and feature 4 (score: 0.91), 

excluding features with lower scores (such as feature 5, 

score: 0.02). The optimization objective of Lasso 

regression is given in equation (5). 

2

1 1

ˆ arg min ( )
pn

T

i i j

i j

y x
= =

 
= − + 

 
 


          (5) 

In equation (5), ix  is the eigenvector. j  is the 

weight coefficient of the feature.   is the regularization 

parameter, which controls the strictness of feature 

selection. Through Lasso regression, the unimportant parts 

of the feature weight coefficients will be compressed to 

zero, automatically selecting features with high 

discriminative power. During the feature selection process, 

the threshold of information gain was set to 0.05, and only 

features with information gain greater than this threshold 

were retained to remove low-contribution features. 

Subsequently, L1 regularization (  =0.01) further 

compressed the feature space, reducing the number of 

features from 512 to 128. 

After feature selection, GIST and LBP are fused. After 

feature fusion, the model selected fused features with high 

scores, such as GIST feature 1 (score: 0.88) and LBP 

feature 2 (score: 0.79), which played a key role in the 

classification of MC. To better combine the advantages of 

the two features, a weighted sum is used to obtain the final 

feature vector fusionF , as shown in equation (6). 

1 2fusion GIST LBPF F F =  +                   (6) 

In equation (6), GISTF  and LBPF represent the GIST 

and LBP vectors after feature selection. 1  and 2  are 

the feature weights, which are determined by cross-

validation and manual tuning. In the cross-validation 

process, the data set is divided into multiple subsets, and 

the model is evaluated on different training and validation 

sets to select the best weight combination. For certain 

specific weights, manual tuning is performed to optimize 

the model's performance in MC detection. Therefore, after 

the above calculations, a general framework for MC 

detection based on combined features is finally obtained, 

as shown in Figure 3. 
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Figure 3: A common framework for MC detection based on combined features. 

As shown in Figure 3, the first input MC file 

undergoes data cleaning and byte stream extraction, and 

after normalization processing, it is converted into a 

grayscale image, with each byte corresponding to a 

pixel's grayscale value. Subsequently, GIST and LBP 

are extracted from the generated grayscale image. Next, 

the study uses information gain screening and L1 

regularization to further complete feature selection and 

remove redundant features. Subsequently, the GIST and 

LBP are fused through weighted summation to form the 

final feature vector, which is then input into the 

detection model for MC detection. 

2.2 MC detection method based on OTL 

In the previous section, the feature extraction and 

fusion methods of MC provide important input data for 

subsequent detection tasks. OTL combines the 

advantages of online learning and transfer learning. It 

can receive new data in real time and use the source 

domain knowledge to optimize the target domain 

model. Specifically, online learning enables the model 

to be updated in real time and adapt to changing attack 

patterns and MC variants. Meanwhile, transfer learning 

can transfer knowledge from the rich data in the source 

domain to solve the problem of scarce samples in the target 

domain. In this way, OTL not only improves the 

generalization ability of the model, but also enhances its 

ability to respond to new attacks in practical applications. 

To guarantee the effectiveness of OTL, feature selection is 

crucial. Through the feature selection method in Section 

2.1, the GIST and LBP features are optimized to provide 

efficient input data. These refined features make the 

application of OTL in the target domain more efficient. 

Feature selection ensures that the OTL model can focus on 

the most discriminative features by removing redundant 

information, thereby improving detection accuracy and 

adaptability [16]. Therefore, the research attempts to 

propose an MC detection method based on OTL. By 

combining the advantages of online learning and transfer 

learning, it can achieve incremental updates when new 

samples arrive, and improve the detection accuracy of the 

target domain with the help of source domain knowledge. 

The framework of the two is shown in Figure 4 [17]. 
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Figure 4: Schematic diagram of online learning and transfer learning. 

Figure 4(a) shows the online learning mechanism, 

which performs incremental updates by receiving 

training data streams in real time and performs real-time 

predictions on test data streams. In the transfer learning 

mechanism of Figure 4(b), the source domain model 

utilizes transfer learning to adapt to the target domain, 

addressing the issue of limited sample availability in the 

target domain. The essence of OTL lies in transferring 

knowledge from the source domain to the target domain. 

Assuming that the source domain data is 

( ) 
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,
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and 
T

iy  are the corresponding labels. The goal is to 

optimize model performance in the target domain by 

minimizing the discrepancy in distribution between the 

source and target domains. The measurement method is 

the Maximum Mean Discrepancy (MMD), which 

quantifies the distribution difference between the source 

domain and the target domain, as shown in equation (7) 

[18]. 

1 1

1 1
( , ) ( ) ( )

S Tn n
S T

S T i i

i iS T H

MMD D D x x
n n

 
= =

= −     (7) 

In equation (7), ( )   is the mapping function. Sn  

and Tn  are the numbers of samples for the source 

domain and target domain. By minimizing MMD, OTL 

can minimize the difference between the source domain 

and the target domain, ensuring that the model can be 

transferred to the target domain. In the incremental 

learning and online updating steps, the model needs to 

gradually receive new data and continuously update. 

Assuming that the parameters of the model are  , in 

each step t , the goal of the model is to continuously 

update the parameters through incremental learning. 

Whenever new data arrives, assuming that the loss 

function of the current step is ( )tL  , the model is 

updated at time step t  as shown in equation (8) [19]. 

1 ( )t t t t tL+ = −                                       (8) 

In equation (8), t  is the learning rate, and ( )t tL   

is the gradient of the loss function with respect to the 

parameter  . Through this incremental update process, the 

model only updates the part related to the new data without 

retraining the entire model. This method ensures that OTL 

improves the adaptability of the target domain through 

local updates without retraining the entire model. The OTL 

framework is developed based on TensorFlow and Keras, 

combined with a custom gradient update rule to adapt to 

online incremental learning scenarios. In the domain 

adaptation process, OTL uses minimizing MMD as the 

objective function and adjusts model parameters in real 

time through back propagation. Existing experimental 

results showed that incremental updates had significant 

advantages in dynamic environments. Reference [20] 

proves that the incremental learning strategy can 

effectively improve the real-time update capability of the 

model and enhance performance and response speed. To 

further improve the performance of MC detection in the 

target domain within the OTL framework, a DTL-MD MC 

detection model is developed. It combines the GAN and 

the Residual Network (ResNet), while introducing the 

Group Convolution and the Simple Attention Module 

(SimAM). Group convolution improves computational 

efficiency by reducing model parameters, providing faster 

adaptation capabilities for fine-tuning in the target domain. 

SimAM further enhances the expression of key features 

and improves the detection performance on the target 

domain. Its structure is shown in Figure 5. 
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Figure 5 DTL-MD model structure.

As shown in Figure 5, the DTL-MD model first 

generates target domain data through GAN and inputs it 

into the model for processing together with the source 

domain data. Next, ResNet extracts features, which are 

then further processed and enhanced through Group 

Convolution and SimAM to finally generate detection 

results. The data generated by GAN is generated outside 

the model and then input into the model together with 

the source domain data, thereby improving the 

adaptability and detection capabilities of the target 

domain. In DTL-MD, the study combines grouped 

convolution to further improve computational 

efficiency and model performance, as shown in 

equation (9). 
1 1 / 1

, , , , , , ,

0 0 0

K K C G

i j k i p j q r p q r k

p q r
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− − −

+ +
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In equation (9), , ,i j kY is the k th channel at position 

( , )i j  in the output feature map. , ,i p j q rX + + is the 

convolution window value of the input feature map's r th 

channel. , , ,p q r kW  is the convolution and weight of the r th 

channel. C  and G  are the number of channels and the 

number of groups in the input feature map. Then, the 

SimAM attention mechanism is introduced to enhance the 

representation of important features by weighting the 

features of each channel. Furthermore, GAN enhances the 

diversity of target domain data by generating new MC 

samples. Compared with the original dataset, the samples 

generated by GAN are customized for specific MC 

categories, such as Trojans, viruses, and worms. The 

feature distribution of the generated samples is similar to 

that of the original dataset, aiming to supplement the lack 

of samples and improve the performance of the model in 

detecting specific categories of MC. OTL, by updating 
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model weights in real time, enables the model to quickly 

adapt to new feature distributions when receiving new 

target domain samples. 

DTL-MD employs transfer learning techniques to 

pre-train on source domain data to capture its 

underlying features, followed by fine-tuning on the 

target domain to align with its specific characteristics. 

The comprehensive loss function is outlined in equation 

(10) [21]. 

( ) ( ) ( , )total S T S TL L L MMD D D   = + +   (10) 

In equation (10), ( )SL   and ( )TL  are the loss 

functions of the source domain and target domain, 

respectively.   and   are hyper-parameters. The errors 

of the source domain and the target domain are calculated 

as the prediction errors of the source domain data and the 

target domain data, respectively. The MMD term is used 

to measure the distribution difference between the source 

domain and the target domain features. By minimizing the 

loss function, the model optimizes the source domain task 

while minimizing the MMD to minimize the difference 

between the source domain features and the target domain 

features, helping the model to better adapt to the target 

domain data. Therefore, the final framework of the DTL-

MD MC detection model is shown in Figure 6. 
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Figure 6: The framework of the DTL-MD MC detection model. 

As shown in Figure 6, in the DTL-MD MC 

detection model, the source domain and target domain 

data are processed in a hierarchical and parallel manner. 

After the source domain data undergoes feature 

selection, the importance of the features is evaluated 

through histogram correlation analysis, and features 

with strong task relevance are screened out to provide 

support for subsequent feature extraction. The target 

domain data is combined with new samples generated 

by GAN, and the feature distribution is optimized 

through transfer learning. Finally, the feature extraction 

module processes the source domain and target domain 

features in parallel, and Softmax generates the detection 

results. Finally, the pseudo code of DTL-MD is shown 

in Figure 7. 

Through this pseudo-code, the specific 

implementation methods of the model in data 

processing, feature extraction, feature fusion and OTL 

are more clearly understood, and the replicability and 

transparency of the model implementation are 

improved. 

3 Results 

3.1 Parameter impact analysis and 

ablation experiments 

To evaluate the effectiveness of the raised DTL-

MD MC detection model, the research built a hardware 

and software environment that meets the requirements of 

the experiment. The experimental platform uses the 

Ubuntu 20.04 operating system, the algorithm 

development language is Python, and the model 

construction and optimization are based on the TensorFlow 

and Keras frameworks. The hardware configuration 

includes an AMD Ryzen 7 5800H processor, an NVIDIA 

GeForce RTX 3070 graphics card, and 16 GB of memory. 

The experimental data is sourced from the publicly 

available MC dataset CICIDS 2017 dataset, which 

contains a variety of network attack types and malware 

samples and is suitable for malware classification and 

variant detection tasks. The dataset was divided into a 

training set (70%), a validation set (15%), and a test set 

(15%). The validation set was used to tune 

hyperparameters. There was no sample overlap between 

the training set and the test set to ensure the fairness of the 

model performance evaluation. In the experiment, MC 

samples and normal samples in the training data were 

evenly distributed. GAN-generated samples were used to 

enhance sample data of specific categories in the target 

domain, improving classification accuracy and the 

generalization ability of the model. 

First, the hyperparameters and in the loss function 

were jointly tuned, and the results are shown in Table 2. 
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# Pseudocode for DTL-MD Model

# Step 1: Data Preprocessing

def preprocess_data(file):

    byte_data = extract_byte_data(file)  # Extract byte data from the file

    normalized_data = normalize(byte_data)  # Normalize the data

    grayscale_image = convert_to_grayscale(normalized_data)  # Convert to grayscale image

    return grayscale_image

# Step 2: Feature Extraction

def extract_features(image):

    gist_features = extract_gist(image)  # Extract GIST features

    lbp_features = extract_lbp(image)  # Extract LBP features

    return gist_features, lbp_features

# Step 3: Feature Selection

def select_features(gist_features, lbp_features):

    selected_features = select_important_features(gist_features, lbp_features)  # Feature 

selection

    optimized_features = apply_regularization(selected_features)  # Apply L1 regularization

    return optimized_features

# Step 4: Feature Fusion

def fuse_features(gist_features, lbp_features, weights):

    fused_features = weights[0] * gist_features + weights[1] * lbp_features  # Feature fusion

    return fused_features

# Step 5: Online Transfer Learning

def online_transfer_learning(model, source_data, target_data):

    mmd_value = compute_mmd(source_data, target_data)  # Calculate MMD

    model.update_parameters(mmd_value)  # Update model parameters with new data

    return model

# Step 6: Train and Detect

def train_and_detect(model, train_data, test_data):

    model.train(train_data)  # Train model on the data

    detection_results = model.detect(test_data)  # Detect using the trained model

    return detection_results

# Main Execution

def main():

    input_file = "malicious_code_sample"

    

    # Step 1: Data Preprocessing

    image = preprocess_data(input_file)

    

    # Step 2: Feature Extraction

    gist, lbp = extract_features(image)

    

    # Step 3: Feature Selection

    selected_features = select_features(gist, lbp)

    

    # Step 4: Feature Fusion

    fused_features = fuse_features(gist, lbp, [0.7, 0.3])

    

    # Step 5: Online Transfer Learning

    model = initialize_model()  # Initialize the model

    model = online_transfer_learning(model, source_data, 

target_data)

    

    # Step 6: Train and Detect

    detection_results = train_and_detect(model, train_data, 

test_data)

    

    # Output final results

    print("Detection Results: ", detection_results)

if __name__ == "__main__":

    main()

 

Figure 7: Pseudocode of DTL-MD 

Table 2 Hyperparameter joint tuning experiment. 

    Accuracy (%) F1 Score (%) Training time (s) 

0.1 0.01 90.3 88.4 1117 

0.1 0.05 91.8 89.2 1162 

0.1 0.1 93.1 90.5 1213 

0.1 0.5 92.6 89.7 1263 

0.1 1.0 91.9 89.1 1318 

0.5 0.01 92.7 90.8 1214 

0.5 0.05 94.2 91.8 1267 

0.5 0.1 95.7 93.4 1316 

0.5 0.5 94.8 92.3 1374 

0.5 1.0 94.1 91.9 1427 

1.0 0.01 92.4 90.1 1263 

1.0 0.05 93.4 91.3 1311 

1.0 0.1 93.3 90.9 1373 

1.0 0.5 92.8 90.5 1426 

1.0 1.0 91.7 89.8 1482 
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From Table 2, when   was 0.5 and   was 0.1, 

the model had the best performance on the verification 

set, with an accuracy of 95.7%, an F1 of 93.4%, and a 

training time of 1316 s. Meanwhile, an excessively high 
  significantly increased the training time, while a low 

  might weaken the utilization efficiency of source 

domain features. 

Secondly, by testing the performance of a single 

feature and the fusion of the two features at different 

iteration times, the research analyzed the independent 

contribution of each feature and its performance 

improvement after fusion. The results are shown in Figure 

8. 
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Figure 8: Ablation experiment. 

As shown in Figure 8(a), when the number of 

iterations was 600, the detection accuracy of the fused 

feature reached 95.8%. The fused feature can more 

comprehensively characterize the characteristics of the 

MC sample. In Figure 8(b), when the number of 

iterations was 600, the training time of the fused feature 

was 932 s, which was about 200 s longer than that of the 

GIST and LBP features. Although the fused feature 

increased the training time, the improvement in its 

detection accuracy showed that this computational 

overhead was reasonable in MC detection tasks that 

required high precision. 

3.2 Performance test of DTL-MD MC 

detection model 

GAN, Extreme Gradient Boosting (XGBoost), and K-

Nearest Neighbors (KNN) are selected as comparison 

algorithms. First, the classification ability of the MC 

detection model was evaluated, and the results are shown 

in Figure 9. 
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Figure 9: Classification performance test results. 

Figures 9(a) and (b) show the accuracy and F1 score 

of each model as a function of the threshold value. The 

F1 score can balance the precision and recall, and is 

particularly suitable for MC detection in unbalanced 

data sets, ensuring fewer missed detections and false 

positives. In Figure 9(a), when the threshold was 0.7, the 

accuracy of GAN, XGBoost, KNN, and DTL-MD were 

91.2%, 91.3%, 87.9%, and 95.8%, respectively. In Figure 
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9(b), when the threshold value was 0.7, the F1 scores of 

each model were 92.1%, 91.9%, 85.9%, and 93.2% 

respectively. DTL-MD had the highest accuracy and F1 

score at high thresholds, effectively reducing false 

positives through strict classification criteria and 

avoiding erroneous classification of MC. In contrast, the 

accuracy and F1 score of XGBoost and GAN were 

similar, but slightly lower than that of the DTL-MD 

model, which was due to their conservative decision 

boundary at high thresholds. Although the number of false 

positives was reduced, some more complex malicious 

samples was missed. To ensure the reliability of the results, 

the standard deviation and 95% confidence interval of the 

accuracy and F1 score of each model at a threshold of 0.7 

were calculated, see Table 3. 

Table 3: Standard deviation and confidence interval of accuracy and F1 score. 

Model 
Accuracy 

/% 

F1 Score 

/% 

Accuracy 

Std Dev 

Accuracy 

confidence 

interval 

F1 Score 

Std Dev 

F1 Score 

confidence 

interval 

GAN 91.2 92.1 ±0.3 [90.9, 91.5] ±0.2 [91.8, 92.4] 

XGBoost 91.3 91.9 ±0.2 [91.1, 91.5] ±0.3 [91.6, 92.2] 

KNN 87.9 85.9 ±0.4 [87.5, 88.3] ±0.3 [85.6, 86.2] 

DTL-MD 95.8 93.2 ±0.2 [95.6, 96.0] ±0.2 [93.0, 93.4] 

According to Table 3, the DTL-MD model showed 

smaller fluctuations in the standard deviation and 

confidence interval of the accuracy and F1 score, 

indicating that it had higher stability under different 

experimental conditions, higher accuracy and smaller 

fluctuation range. 

Subsequently, the False Negative Rate (FNR) and 

training time of each model as a function of the number of 

iterations are shown in Figure 10. 
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Figure 10: FNR and training time test results. 

In Figures 10, the training time reflects the 

deployment efficiency of the model in practical 

applications, ensuring high accuracy while having good 

real-time and operability. In Figure 10 (a), when the 

number of iterations was 600, the false detection rates 

of each model were 0.10%, 0.08%, 0.16%, and 0.05%, 

respectively. In Figure 10 (b), when the number of 

iterations was 600, the training time of each model was 

1049 s, 1282 s, 901 s, and 1257 s respectively. As the 

number of iterations increased, the false detection rate of 

the DTL-MD model decreased from 0.12% to 0.05%. In 

terms of training time, the DTL-MD model required 1257 

seconds for training. More iterations of training improved 

the model's accuracy, but also led to an increase in 

computational overhead. Finally, the test results of each 

model under various sample sizes are in Table 4. 

Table 4: Test outcomes with various sample sizes. 

Model Sample size 
Samples per 

second 

Memory usage 

/MB 

Model size 

/MB 

Computational complexity 

/GFLOPS 

GAN 

5000 319.7 1603.5 134.8 47.2 

10000 310.3 1645.7 139.1 48.1 

15000 299.6 1697.4 144.5 50.2 

20000 289.8 1746.2 149.3 52.3 
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XGBoost 

5000 329.1 1449.3 124.6 42.8 

10000 314.7 1497.2 129.3 43.6 

15000 308.2 1547.6 134.9 45.1 

20000 299.4 1598.4 139.8 46.9 

KNN 

5000 229.4 1202.6 109.5 28.3 

10000 219.8 1246.5 113.6 29.5 

15000 209.3 1299.4 117.9 30.8 

20000 199.6 1349.8 122.1 31.9 

DTL-MD 

5000 199.7 1702.5 160.3 39.9 

10000 209.4 1804.6 164.2 41.8 

15000 219.8 1906.1 168.9 44.2 

20000 229.3 2008.3 173.4 47.1 

In Table 4, computational complexity measures the 

computational efficiency of the model in processing 

data in GFLOPS (billion floating-point operations per 

second), reflecting the computational resources required 

by the model to complete a specific task. This value is 

related to the model architecture and the size of the 

dataset. The computational complexity reflects the 

computing resources required by the model to process 

each task. A lower FLOPs value means that the model 

has better scalability and can run efficiently on large-

scale datasets or real-time applications. The processing 

speed of XGBoost reached 299.4 samples/second with 

a sample size of 20,000. In contrast, the processing 

speed of DTL-MD was relatively slow, especially at 

20,000 samples, which was only 229.3 samples/s. The 

complex deep learning structure required more 

computing time and resources to complete the detection 

of MC. In terms of memory usage, DTL-MD consumed 

2008.3 MB with a sample size of 20,000. In terms of 

model size, the size of DTL-MD remained at 160 MB. 

In terms of computational complexity, GAN reached 

52.3 GFLOPS at 20,000 samples, while DTL-MD had a 

computational complexity of 47.1 GFLOPS at 20,000 

samples, which is suitable for deployment in 

environments with sufficient computing resources. As 

the dataset increased, the processing speed of DTL-MD 

increased. For small datasets (such as 5,000 samples), its 

processing speed was slow, but the memory usage and 

computational complexity were low. As the sample size 

increased, although the training time and memory usage 

increased, DTL-MD still maintained high accuracy, 

especially in the 20,000 sample dataset, where it performed 

well and showed good generalization ability. 

3.3 MC detection simulation experiment 

based on DTL-MD model 

Furthermore, the research conducted simulation 

experiments on DTL-MD to test its practical application 

effect. The comparison models were selected from the 

more advanced models in the field, namely Malware GAN-

enhanced Network (MGANet), Sequence GAN for 

Malware Detection (SeqGAN-Malware), and Deep 

Reinforcement Learning for Malware Detection (DRL-

Malware). The research team constructed a self-built MC 

dataset containing 30,000 samples, of which 20,000 

malware samples covered various types such as Trojans, 

viruses, and ransomware, and 10,000 normal software 

samples were from commonly-used applications. Firstly, 

the throughput and inference speed results of each model 

under the detection of four types of MC, namely Trojans, 

viruses, worms, and adware, are shown in Figure 11. 
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Figure 11: Throughput and inference time tests under different attack types. 
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Figures 11 (a)-(d) show the throughput and 

inference time test results under different attack types. 

Throughput measures the task processing capability of 

the model, while inference speed reflects the single-

sample processing efficiency. Throughput is calculated 

as the number of tasks completed per second, while 

inference speed represents the number of samples 

processed per second. The two are closely related, 

because a task usually contains detection operations for 

multiple samples, so throughput is usually lower than 

inference speed. 

In Figure 11 (a), the throughput of MGANet under 

Trojans, viruses, worms, and adware was 12, 13, 11, and 

12 tasks/s, respectively, with an inference speed of 320 

to 330 samples/s. In Figure 11 (b), the throughput of 

SeqGAN-Malware under Trojan, virus, worm, and 

adware was 11, 12, 10, and 11 tasks/s, respectively. In 

Figure 11 (d), the throughput of the DTL-MD model 

under Trojan, virus, worm, and adware was 11, 12, 11, and 

12 tasks/s, respectively, and the inference time was 211, 

225, 239, and 234 samples/s, respectively. The large 

computational resources and complex network structure 

resulted in a heavy computational burden during the 

inference process, and the throughput performance was 

moderate. In Figure 11 (c), the inference speed and 

throughput of DRL-Malware were slightly lower. The 

training process of deep reinforcement learning required 

the model to optimize performance through continuous 

policy updates, and the limitations of the learning strategy 

led to a decrease in inference speed. Subsequently, the 

same test dataset was used, containing five main types of 

MC (Trojans, viruses, worms, adware, and ransomware), 

and 1,000 samples of each type were randomly selected. 

The corresponding robustness and processing delay results 

are shown in Figure 12. 
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Figure 12: Robustness and processing delay results. 

In Figure 12, the robustness of each type of MC was 

calculated through 10 experiments, and the standard 

deviation reflects the deviation between the 

experimental results and the average value. The smaller 

the standard deviation, the smaller the volatility of the 

model's detection results on the MC type, and the 

stronger the robustness. The robustness of DTL-MD 

under Trojan, virus, worm, adware, and ransomware 

code was 0.71, 0.79, 0.83, 0.72, and 0.80, respectively, 

indicating strong adaptability in the face of diverse MC. In 

terms of processing delay, the DTL-MD model had a 

longer inference time, with a response time of 172 ms 

under the worm type. Finally, the detection results of each 

model under different network bandwidths are shown in 

Table 5. 

Table 5: Detection effect under different network bandwidths. 

Network 

bandwidth 
Model 

Throughput 

(tasks/s) 

Latency 

variance 

/ms 

Computational 

efficiency 

(FLOPs/task) 

Stability 

/SD 

Low  

(100 Mbps) 

MGANet 11 23 1.5 0.7 

SeqGAN-Malware 10 27 1.8 0.8 

DRL-Malware 9 30 2.0 0.9 

DTL-MD 10 29 1.9 1.1 

Medium  

(500 Mbps) 

MGANet 13 18 1.3 0.5 

SeqGAN-Malware 11 21 1.6 0.6 
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DRL-Malware 10 23 1.8 0.7 

DTL-MD 11 22 1.7 0.8 

High 

bandwidth 

(1 Gbps) 

MGANet 14 15 1.2 0.4 

SeqGAN-Malware 12 17 1.5 0.5 

DRL-Malware 11 19 1.7 0.6 

DTL-MD 12 17 1.6 0.7 

In Table 5, the performance of the model in various 

practical applications can be evaluated by the 

throughput, latency fluctuation, computational 

efficiency, and stability under different bandwidths. 

Stability is measured by calculating the standard 

deviation of the inference latency. A lower SD value 

indicates a more stable performance of the model, 

especially under low bandwidth conditions. DTL-MD 

was 10 tasks/s at low bandwidth. In terms of latency 

fluctuation rate, the latency fluctuation rate of MGANet 

under high bandwidth conditions was only 15 ms. The 

delay fluctuation rate of DTL-MD was 17 ms. In terms of 

computational efficiency, DTL-MD had a computational 

efficiency of 1.6 FLOPs/task under low bandwidth 

conditions. Complex models can lead to higher 

computational costs and longer processing times. 

Finally, the study introduced the Deep Malware 

Detection Network (DMDN), Light Gradient Boosting 

Machine (LightGBM), and Adversarial Malware 

Detection Network (AMDN). The study also introduced 

the MalwareBazaar dataset and designed a cross-domain 

migration experiment. The results are shown in Table 6. 

Table 6: Performance comparison in diverse datasets and cross-domain migration tests. 

Dataset Model Precision (%) Recall (%) 

Robustness 

(Standard 

deviation) 

Detection rate 

(Tasks/s) 

MalwareBazaar 

DTL-MD 91.8 92.3 0.73 12 

DMDN 89.7 90.5 0.81 10 

LightGBM 87.4 88.2 0.86 14 

AMDN 88.9 89.8 0.79 11 

CICIDS 2017 

DTL-MD 90.2 91.0 0.75 11 

DMDN 87.6 88.8 0.84 9 

LightGBM 85.3 86.5 0.89 13 

AMDN 86.7 87.9 0.82 10 

Cross-domain 

Test 

DTL-MD 88.3 89.7 0.75 10 

DMDN 85.9 87.0 0.81 8 

LightGBM 84.1 85.2 0.85 12 

AMDN 86.7 87.9 0.80 9 

In Table 6, the Precision and Recall of DTL-MD on 

the MalwareBazaar dataset reached 91.8% and 92.3% 

respectively. Meanwhile, in the cross-domain migration 

experiment, the Recall of DTL-MD remained at 89.7% 

with a standard deviation of 0.75, which proved its 

robustness in dealing with changes in data distribution. In 

contrast, DMDN and AMDN performed second best in 

robustness, and although LightGBM had an advantage in 

detection rate, its detection accuracy was relatively low. 

4 Discussion 
In order to improve the accuracy of MC detection, the 

study designed a detection model DTL-MD based on OTL 

and tested its performance. Compared with the model 

proposed by Kim et al. in the literature [6], although it 

performed well in the accuracy of MC detection, it was 

relatively slow in processing speed and was suitable for 

relatively static scenarios. In the DTL-MD performance 

test, when the threshold was 0.7, the accuracy of DTL-MD 

was 95.8% and the F1 score was 93.2%. Although DTL-

MD was slower than XGBoost and KNN in inference 

speed, its high accuracy made it more advantageous in MC 

detection tasks that require high reliability. In particular, 

on the 20,000 sample dataset, the memory usage of DTL-

MD was 2008.3 MB and the computational complexity 

was 47.1 GFLOPS, showing its ability in computationally 

intensive tasks. The feature fusion-based method proposed 

by Wang et al. in the literature [8] showed a high accuracy 

in MC detection, but its computational complexity was 

high and the training and inference speeds were slow. In 

contrast, DTL-MD optimized computational complexity 

while maintaining high accuracy, making it still scalable 

in large data sets and real-time detection scenarios. In 

application tests, DTL-MD also performed well in the 

robustness of MC types such as Trojans, viruses, worms, 

and adware. Especially in low-bandwidth environments, 

DTL-MD had a throughput of 10 tasks/s and a latency 

fluctuation of only 15 ms, which was suitable for real-time 

MC detection. 
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The advantage of DTL-MD is that it is highly 

adaptable and can handle small data sets. It can also 

maintain good detection performance when there are 

fewer samples, showing strong generalization ability. 

5 Conclusion 
The study proposed an MC detection model DTL-MD 

that combines OTL and optimized feature selection 

strategies, and verified its effectiveness in MC detection. 

However, the model's throughput and latency volatility are 

high, and its real-time performance is poor in low-resource 

environments. In addition, its high computing 

requirements make its application on large-scale data sets 

face computing cost issues. In the future, the study will 

explore lightweight models, optimize the calculation 

process, and improve its computing efficiency through 

efficient feature extraction and pruning techniques to 

solve the problem of high computing overhead in large-

scale data sets. Meanwhile, the experiment used a data set 

containing many known malicious samples. In the future, 

the study will introduce new MC samples to further verify 

the model's capabilities, especially its performance when 

detecting new samples. 
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The research on the mining algorithm of financial data association relationship mainly explores a certain 

kind of association relationship in depth, but it is not suitable for the attributes and characteristics of 

financial data itself, and there are few comprehensive analysis and application for financial data 

association relationship mining. In order to overcome the above problems, this paper proposes a financial 

data generation and prediction model based on GAN. Based on WGAN network, this paper improves the 

authenticity of the generated virtual samples by increasing the cyclic consistency loss term and selecting 

intermediate samples for the generated samples to optimize the generated model. At the same time, in the 

system, this paper adopts intelligent data analysis research method, mines the correlation of different 

dimensions of financial statement data, and presents the mining results by using the correlation 

visualization method, so as to realize the risk assessment and trend prediction of enterprise financial status. 

In terms of the overall recognition accuracy of the model, the random forest model has the highest 

accuracy rate, reaching 74.46%. In terms of recall rate, the GBDT model is slightly higher than the 

random forest model, with a recall rate of 73.43%, but its accuracy rate, F1 value and AUC value are 

slightly lower than the random forest model. According to the comprehensive experimental analysis results, 

it can be seen that the model proposed in this paper has good performance in the authenticity analysis 

and prediction of financial data. Generally speaking, the model proposed in this paper provides a reliable 

tool for the authenticity audit of financial data, and can provide a reference for the formulation of 

subsequent schemes and policies through financial data prediction. 

Povzetek: A deep transfer learning-based model (DTL-MD) enhances malicious code detection using 

ResNet50V2, GAN-generated variants, and online learning, achieving 95.8% accuracy and improving 

detection speed and robustness against evolving threats.

1 Introduction 

After the formation of the capital market, the financial 

analysis system has been gradually improved, and the 

regulatory agencies have clearly defined and required the 

scope, frequency and caliber of financial data that 

enterprises need to disclose. At the same time, internal 

and external audits will severely punish the fraud of 

financial data, so that the financial statement data 

publicly disclosed by enterprises can truly reflect the 

operating status of enterprises, and the scope of financial 

analysis is correspondingly expanded to analyze the 

financial status, operating results and cash flow of 

enterprises. The traditional analysis method is to 

quantitatively or qualitatively evaluate the financial 

status of an enterprise in the field of financial accounting 

according to the key indicators formulated by the 

enterprise's solvency, operational ability and profitability, 

as well as the year-on-year situation of the indicators, but 

the ability to predict financial risk exposure and financial 

development trend is weak. Therefore, relevant experts  

 

 

began to try to use more mature artificial intelligence and 

data mining methods for financial analysis and prediction, 

but there are few studies on judging or predicting the 

operating conditions of enterprises by mining the 

association relationship between enterprise financial data 

[1]. 

The association relationship between enterprise 

financial data will produce various manifestations 

according to different data objects. Among them, the 

distance attribute of enterprise financial indicators in 

different dimensional spaces is the spatial association 

relationship of enterprise finance, and enterprises with 

closer distance in multi-dimensional spaces have higher 

financial similarity. The group dependence attribute 

between financial indicators in all enterprises is the static 

time association relationship of financial indicators. 

Based on the frequently occurring financial indicator 

groups, that is, the frequent item sets of financial 

indicators, the abnormal financial data of enterprises can 

be found [2]. The related attribute of the historical trend 

of financial indicators in different industries is the 

dynamic time correlation between industries. The change 
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of the financial situation of upstream industries will have 

an impact on downstream industries through a period of 

transmission, and then the financial indicators of 

upstream and downstream related industries will show 

positive or reverse correlation in the time trend. Through 

the analysis of trend correlation, the future financial 

situation of downstream industries can be predicted. 

According to different association relationships, 

predecessors have developed corresponding algorithms 

for data mining, but at present, various algorithms mainly 

explore a certain association relationship in depth, and 

there are few comprehensive analysis and applications for 

all association relationships [3]. 

In order to overcome the above problems, this paper 

proposes a financial data generation and prediction model 

based on GAN. Based on WGAN network, this paper 

improves the authenticity of the generated virtual samples 

by increasing the cyclic consistency loss term and 

selecting intermediate samples for the generated samples 

to optimize the generated model. At the same time, in the 

system, this paper adopts intelligent data analysis 

research method, mines the correlation of different 

dimensions of financial statement data, and presents the 

mining results by using the correlation visualization 

method, so as to realize the risk assessment and trend 

prediction of enterprise financial status. 

2 Related works 

In view of the data results mined by association 

relationships, some scholars further adopt visual analysis 

methods to release the value of data, make it easier to 

understand and make the essence of things more 

prominent. They also integrate visual interactive 

interfaces into the process of data mining, and combine 

expert experience in the execution steps of the algorithm, 

so as to improve the interpretability of the algorithm and 

make the data mining results more match the business 

reality. However, the existing visual analysis methods of 

association relationships cannot well adapt to the 

characteristics of financial data. At present, most of the 

various methods focus on the association relationships 

themselves, and the visual analysis of financial data needs 

to be further combined with the analysis objectives of 

indicator trends, indicator proportions, group changes, 

group order, etc. Moreover, the existing methods lack a 

comprehensive visual analysis solution for financial data 

association that matches the above objectives [4]. 

Scholars have used flow chart research, 

management evaluation scoring, stage analysis, etc., but 

qualitative research can't be applied to the changeable 

needs of financial risk early warning, and its accuracy 

can't meet the needs of enterprises. Therefore, scholars 

began to study the financial indicators of enterprises by 

quantitative methods, and developed univariate early 

warning model, multivariate early warning model, 

Logistic linear regression model, neural network analysis 

model and other methods [5]. 

Reference [6] put forward that a single financial 

index should be used as the judgment basis of financial 

risk early warning. By comparing and analyzing the 

results of a single financial index of enterprises with 

financial risks, it finally found that the two financial 

indexes, return on net assets and property rights ratio, had 

the best effect on financial early warning, and put forward 

a univariate early warning model. Reference [7] added 

indicators such as cash flow debt ratio and asset-liability 

ratio to the model research. Then, reference [8] puts 

forward new suggestions for improving financial 

indicators, which contributes to the early warning model 

of financial indicators. In addition, reference [9] put 

forward in the research that the effects of asset-liability 

ratio, return on total assets and working capital ratio are 

the most effective. 

With the deepening of early warning research, many 

scholars have found that a single index can't fully reflect 

the financial risks of enterprises, and the accuracy of 

univariate financial early warning model still can't meet 

the needs of enterprises. Reference [10] proposed to 

apply multiple financial indicators to the research of 

financial risk early warning model, optimized five 

optimal comprehensive indicators among 22 financial 

indicators, calculated the weight coefficient of each 

indicator, established the Z-value model, and achieved 

great achievements. The Z-value model has made great 

achievements in the follow-up enterprise financial risk 

early warning analysis. Reference [11] put forward the 

concept of multivariate linearity, which proved that the 

multivariate linear model has higher accuracy than the 

multivariate early warning model and is more suitable for 

the existing enterprise financial early warning. 

The logistic regression model is developed from the 

idea of multivariate linearity. Through the Logistic linear 

regression model, reference [12] performed linear 

analysis in combination with the current economic 

environment and model characteristics, and believed that 

financial risk early warning should accumulate 

experience with the increase of research samples and 

quantity, and the early warning results will become more 

accurate. After that, scholars put forward that the 

combination of factor analysis and Logistic regression 

model can more accurately reflect the possible financial 

risks in financial indicators, and reduce the excessive 

weight caused by the repetition of index factors, which 

also proves that it is more accurate and scientific. 

With the rapid development of artificial intelligence, 

with the powerful technical support of Internet big data, 

neural network began to be used in financial risk early 

warning. Reference [13] proposed to use the empirical 

risk minimization principle of neural network to early 

warning enterprises. At the same time, with the rapid 

development of computer technology, the prediction 

effect of neural network early warning model based on 

machine learning technology is getting better and better. 

Then, through the empirical analysis of past data, the 
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computer can quickly summarize the abnormal rules of 

financial risk companies' indicators and reflect them, and 

its accuracy is far better than that of previous models. 

Moreover, it can quickly adapt to a single category of 

samples, but it is not possible to accurately analyze the 

situation where the number of samples is small and the 

data is insufficient. 

Financial indicators are the most widely used 

indicators in financial early warning models, and they are 

also indicators that objectively reflect the operating and 

financial status of an enterprise. Furthermore, it is easy to 

obtain, so as early as when the univariate early warning 

model was put forward, it received enough attention. In 

addition, the selection of financial indicators has also 

changed from a single indicator such as asset-liability 

ratio and equity ratio at the beginning to multiple 

indicators in parallel later, and then to the ability to 

classify specific financial indicators into multiple 

indicators later, so as to further improve the efficiency of 

the model [14]. 

With the improvement of financial risk early 

warning model system based on financial indicators, 

scholars have found that many external factors such as 

industry environment, national policies, competitive 

environment and other external factors will greatly affect 

the early warning results of the early warning model. 

Therefore, they put forward to add non-financial 

indicators to the financial early warning model, among 

which the addition of non-financial indicators such as 

company ownership structure, external economic 

indicators, market industry development status, etc. 

greatly improves the accuracy of the model. After that, 

stock fluctuation, inflation rate, equity concentration, etc. 

were all included in non-financial indicators, and the 

prediction effect of the model was further improved. It is 

not difficult to see that non-financial indicators play an 

important role in various enterprise financial early 

warning models, and their own early warning research 

value cannot be underestimated [15]. 

Regarding the purpose and function of financial 

diagnosis, by finding another way to focus on the 

strategic perspective, reference [16] pointed out that 

financial diagnosis must stand at the strategic height to 

play a role in the strategic development of the company. 

Reference [17] indicated that the purpose of financial 

diagnosis is to improve the company's ability to obtain 

operating profits, control financial risks and operational 

risks, and help the company better operate and manage. 

Reference [18] hold that financial diagnosis is a dynamic 

rather than a static process, strategy and financial 

diagnosis are intertwined, and financial diagnosis needs 

to focus on strategy, and strategy also needs to be 

matched with finance to achieve the desired effect. On the 

main content of financial diagnosis, reference [19] 

pointed out that financial diagnosis includes three major 

activities: operation, investment and financing. Only by 

starting from these three aspects and supplementing 

suitable methods can we evaluate and calculate the 

situation of enterprises. Reference [20] proposed that 

financial diagnosis should also include prospect 

diagnosis, establish an interval evaluation system, use the 

discounted cash flow method in financial management to 

evaluate prospects, and optimize the content of financial 

diagnosis. Reference [21] pointed out that massive data 

without aggregation will limit financial diagnosis, so 

useful information should be extracted through data 

mining technology, which can better ensure the accuracy 

of financial diagnosis results and apply it to enterprise 

decision-making. 

In summary, the contents of the relevant work are 

shown in Table 1. 

 

Table 1: Summary of related work. 

Serial 

Number 
Research Method Shortcoming 

1 
Visualization of Association 

Relationships 
Lack of adaptability 

2 Single indicator research Insufficient accuracy 

3 Multi indicator research Insufficient intelligence 

4 Logistic regression model Underfitting problem 

5 Neural Network Model Not suitable for small samples 

6 Financial diagnosis 
Insufficient intelligence and low 

accuracy 

 

In summary, traditional financial data analysis 

methods have the problem of insufficient intelligence. 

Several common intelligent algorithms are prone to 

underfitting in financial data processing and require a 

large amount of data for training, which is not suitable for 

financial data analysis of small sample data. Therefore, 

this paper combines decision tree classification algorithm 

to process financial management data in universities, 

constructs a four-dimensional dynamic investment 

decision game system, improves the risk management 
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effect of financial data in universities, and enhances the 

accuracy of financial risk warning. 

 

3 Zero-sample generation model 

based on cyclic invariance 

Because there is serious domain offset and pivoting 

problems in the embedding model and the data imbalance 

problem in the zero-sample problem itself, based on 

WGAN network, this paper improves the authenticity of 

the generated virtual samples by increasing the cyclic 

consistency loss term and selecting intermediate samples 

for the generated samples to optimize the generated 

model. 

 

3.1 Zero-sample generation model based 

on cyclic invariance 
In this paper, n marked visible class samples are set, 

which have financial data characteristics 
d nX  ¡  and 

semantic description 
m nA  ¡  at the same time. Zero-

sample learning aims to identify 
un   invisible class 

samples um n

uX


 ¡   that only have semantic attribute 
ud n

uA


 ¡  at the time of training. Y and 
uY  are labels of 

X and 
uX  , respectively, and in a zero-sample 

environment, 
uY Y =  exists. It is assumed that the 

labels of visible class and invisible class are C and 
uC  

respectively. In the traditional zero-sample learning, it is 

only necessary to correctly identify 
uX   in 

uC  , but 

under the generalized zero-sample condition, it is 

necessary to search and identify in 
uC C   space. 

Moreover, each semantic description a is a description of 

a category y. Formally,  X ,A,Y   and  u uA ,Y   are 

given to train the model, the goal of zero-sample learning 

is to learn the mapping function 
u uf : X Y→  , and the 

goal of generalized zero-sample learning is to learn the 

mapping function  u uf : X ,X Y Y→   
[22]

. 

The underlying generative model used is the 

WGAN model. The visible class sample  X ,A,Y , the 

attribute 
uA  of the invisible class, and the random noise 

( )z ~ N 0,1   are given. The GAN generator G 

synthesizes false features through input class embedding 

a and noise z. At the same time, the GAN discriminator 

D takes the real financial data x and the features of the 

generated financial data ( )G z,a  as inputs to distinguish 

whether the input features are true or false. The loss 

function of WGAN is as follows: 

( ) ( ) ( )( )
2

ˆWGAN x 2
ˆL E D x,a E D x,a λE D x,a 1 = − −  −         

%      

     (1) 

Among them, x% is the generated false sample, x̂  

is the interpolation of x and x% , and

( ) ( )x̂ αx 1 α x,α 0,1= + − % . 

Considering the diversity of generated samples, the 

model will generate multiple intermediate samples for 

each category here. Therefore, the samples will be 

divided into multiple clusters by clustering, and the 

central sample of each cluster will be calculated 

respectively.  c c c

1 2 kx ,x , ,xL  is set as k clusters of class 

c, and the intermediate sample is  c c c c

1 2 kS S ,S , ,S= L . 

c
i k

c

k ix xc

k

1
S x

x


=                 (2) 

Similarly, for the generated virtual samples 
ix% , 

intermediate samples can also be defined: 

c
i k

c

k ix xc

k

1
S x

x


=  % %
% %               (3) 

In order to encourage that each generated sample 

should be close to at least one intermediate sample cS , 

this paper introduces a regularization term to deal with a 

single sample and has the following form, where 
1n  is 

the number of generated samples and k is the number of 

intermediate samples per class. 

 

1n
2

c

R1 i j 2j 1,k
i 11

1
L min x S

n 
=

= − %            (4) 

At the same time, it should also be ensured that the 

intermediate samples of each class should be close to 

their real samples, so that the samples of the whole cluster 

are close to the real samples. Then, a regularized cluster 

sample is introduced, and its form is as follows. Among 

them, C is the total number of categories. 

 

C
2

c c

R2 j j
2j 1,k

i 1

1
L min S S

C 
=

= − %          (5) 

At this stage, through the above two regularizations, 

the correlation between the generated sample and the real 

sample is guaranteed from the financial data feature 

domain. However, in this process, the relevant semantic 

description is used to generate the corresponding virtual 

samples, so the cyclic consistency loss is introduced into 

the model, and the correlation between the generated 

virtual samples and the real samples is further measured 

from the aspect of semantic description, so as to further 

improve the authenticity of the generated samples. 

Among them, the cyclic consistency loss converts the 

generated virtual samples into semantic description 

information by adding a regressor R after the 

discriminator, calculates the loss between the virtual 

semantic information and the real semantic information, 

and thus feeds it back to the generator to optimize the 

generation process. Its calculation form is as follows: 

( )( )( )
2

cyc
2

L E a R G a,z= −        (6) 

After the generator is trained to generate enough 

financial data features for the invisible class, zero-sample 

learning can be transformed into a supervised learning 

task in the traditional sense. 

In addition, this model combines two softmax 

classifiers into a cascade classifier to perform 



GAN-Based Financial Data Generation and Prediction: Improving… Informatica 49 (2025) 79–92 83 

classification tasks. In some other zero-sample 

classification models, a generated virtual financial data 

sample is used to train a softmax classifier to correctly 

classify the true invisible class samples at the time of 

testing. The loss of the classifier is as follows: 

( )( )clsL E log P y x;θ= −        (7) 

Among them, ( )P y x;θ  is the probability that the 

financial data sample x is correctly predicted as class y. 

The parameter θ  is obtained by training with the 

following formula. The parameter T is related to the task 

type. When it is a traditional zero-sample classification 

task, T is an unknown class sample used for testing. 

However, when it is a generalized zero-sample 

classification task, T is the set of unknown class samples 

and known class samples used for testing. 

( )
( )

( )

T

y

N
T

i

i 1

exp θ x
P y x;θ

exp θ x
=

=


        (8) 

Before this, a softmax classifier is added to this 

model, which is used to evaluate the confidence of the 

classifier. Since the output of the softmax layer is a 

probability vector, the uncertainty of the measurement 

result can be determined by the entropy of this result. 

Therefore, the sample with low classification entropy can 

be used as a reference to classify other unseen samples. 

The calculation method is as follows. 

( )
C

c c

c 1

E y y log y
=

= −            (9) 

 

Figure 1: Model structure diagram. 

 

The specific model structure is shown in Figure 1. 

The overall model loss function is as follows: 

WGAN CLS R1 R2 CYCL L αL γL γL βL= + + + +    (10) 

The evaluation index of zero-sample learning has 

different calculation methods under different settings. 

In the case of traditional zero-sample learning, the 

same evaluation criterion, TOP-1 accuracy rate, is used to 

evaluate the accuracy of the model as the normal machine 

learning single-label financial data classification. 

However, because the number of samples in each 

category in the zero-sample dataset is not balanced, the 

average accuracy cannot be used for the overall dataset to 

evaluate the model. At present, in various zero-sample 

learning methods, the class average accuracy is usually 

used as the zero-sample evaluation standard. The average 

accuracy rate of each category is calculated first, and then 

the average accuracy rate of each category is calculated 

by finding the average value of the sum of all categories. 

The calculation formula is as follows 
M

cc i

i 1

1
A Acc

M =

=               (11) 

Among them, M is the number of unseen classes and 

iAcc  is the classification accuracy on the i-th invisible 

class. 

In the case of generalized zero-sample learning, the 

test set includes not only invisible class samples, but also 

some visible class samples. Therefore, this paper uses the 

harmonic mean accuracy proposed by Xian et al. as the 

evaluation index of generalized zero-sample learning, 

and the calculation formula is as follows 

s u

s u

y y

y y

2 Acc Acc
H

Acc Acc

 
=

+
          (12) 

Among them, sy
Acc   and uy

Acc   represent the 

class average accuracy of visible and invisible classes in 

the test set, respectively. 

 

 

3.2 Attention-based FS-f-VAEGAN-D2 

zero-sample learning method 
In zero-sample learning, both VAE and GAN have certain 

defects as generators. The financial data generated by 

VAE model is rather fuzzy, and the expression effect of 

some more complex data is poor. For the GAN model, the 

input of the generator is random Gaussian noise, which 

will be difficult in the training process and the model will 

be difficult to converge. Therefore, this paper uses VAE-

GAN model to build the system, including an encoder, a 

decoder/generator, and a discriminator. The VAE-GAN 

model diagram is shown in Figure 2. 

 

Figure 2: VAE-GAN model diagram. 

 

One advantage of the GAN model is that its 

discriminator network can be measured by the similarity 

of financial data to distinguish them from "non-financial 

data". Specifically, since the reconstruction error of the 
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elements in the VAE model is not sufficient for the 

expression of financial data invariance, the VAE-GAN 

model replaces the VAE reconstruction (expected log-

likelihood) error term with the reconstruction error 

expressed in the GAN discriminator. The end result is a 

method that combines the features of GAN as a high-

quality generative model and VAE as a method to 

generate data encoders into latent space z. 

The attention module proposed in this paper is 

shown in Figure 3. Firstly, financial data features are fed 

into a 1 1   convolutional layer with three different 

weight values to obtain three attention features. After 

transposing one of the attention features, it is multiplied 

by the other attention feature softmax gets an attention 

map, and the calculation formula of the attention map is 

as follows 

( ) ( )( )

( ) ( )( )

T

i i

N
T

i i

i 1

exp W1x W 2x
β

exp W1x W 2x
=


=


        (13) 

Finally, the attention map is multiplied by the last 

attention feature, and then input into a 1 1

convolutional layer again, and finally the financial data 

feature x'   with attention is obtained. Its calculation 

formula is as follows 

( )
N

i

i 1

x' W β W 3x
=

 
=  

 
            (14) 

Firstly, the FS-f-VAEGAN-D2 model is briefly 

introduced. The model structure diagram is shown in 

Figure 4. In the case of inductive model, based on the 

VAEGAN model, VAE and GANs are combined to use a 

shared decoder and generator to enhance the feature 

generator. The definition of zero-sample learning in this 

paper is consistent with the previous description. 

For the first VAE-GAN model, the advantages of the 

VAE model and the GAN model can be utilized to learn 

complementary information to generate features. When 

the target data follows a complex multi-modal 

distribution, VAE loss and GAN loss are able to capture 

different modalities of the data. It mainly trains the whole 

model generator and discriminator through visible class 

samples. Among them, the loss function of the VAE 

model is as follows: 

( ) ( )( ) ( ) ( )S

VAE q z x
L KL q z x,a p z,a E logp x z,a = −  

(15) 

The loss function of the GAN model is as follows, 

where x% is the generated sample of the visible class, and 

x̂  is the interpolation of x and x%. 

 

 

Figure 3: Attention module diagram. 
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Figure 4: FS-f-VAEGAN-D2 model diagram. 

 

( ) ( ) ( )( )
2

S

ˆWGAN x 2
ˆL E D x,a E D x,a λE D x,a 1 = − −  −         

%      

           (16) 

Under the inductive method, the objective function 

of the overall f-VAEGAN model is as follows. At this 

time, the model only contains one discriminator D1. 

S S S

VAEGAN VAN WGANL L γL= +           (17) 

When the unlabeled samples of the invisible class 

are available at this time in the case of the direct push 

model, the model adds an additional discriminator D2 to 

distinguish the real features of the unseen class from the 

generated virtual features. By inputting the true unlabeled 

features of the unseen class into the discriminator, the 

manifold structure of the unseen class can be obtained, 

thus generating more true unseen class features. The loss 

of this discriminator is as follows. Among them, x%  is 

the generated sample of the visible class, and x̂  is the 

interpolation of x and x%. 

( ) ( ) ( )( )
2

n

ˆWGAN x 2
ˆL E D x,a E D x,a λE D x,a 1 = − −  −         

%  

(18) 

Under the direct deduction method, the objective 

function of the whole FS-f-VAEGAN-D2 is as follows: 

1 2

n n

WGAN WGAN
G ,E D ,D
min max L L+         (19) 

In the modified model, the attention module 

mentioned herein is added to the FS-f-VAEGAN-D2 

model (Figure 5). Before adding the generated visible and 

invisible financial data features and the real financial data 

features to the discriminator network, the corresponding 

financial data features with attention are generated by the 

attention module. Then, the features of financial data 

after selective attention are input into the discriminator to 

improve the discrimination ability of the discriminator. 

Furthermore, by inputting unlabeled samples into the 

attention module to generate selectively noticed financial 

data features, the ability to properly classify financial data 

features can be improved in the discriminator. This is 

very important in the direct inference model. If the 

unlabeled samples are classified into the wrong category, 

it will affect the subsequent generation process and the 

accuracy of the model will be greatly reduced. Next, this 

paper will analyze the performance of the model after 

adding attention mechanism through experiments.
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Figure 5: Schematic diagram of FS-f-VAEGAN-D2 model after adding attention mechanism. 

 

 

 

 

 

 

 

 

 

4 System construction and test 

4.1 System model 

 

Figure 6: System architecture diagram 

 

This system uses Python language for programming 

and development in PyCharm. The database adopts the 

overall architecture of MySQL system and is divided into 

three parts: client, server and database. The client and 

server interact through URLconf, and the server operates 

the database by calling the Model corresponding to the 

data table one-to-one. The system architecture design is 

shown in Figure 6. The client page display part is 

implemented using the Bootstrap30 framework, and the 

server is implemented using the Django framework. 

Django is a Web framework based on MVT design 

pattern, in which M stands for Model, which is used to 

encapsulate the Model for accessing the database, V 

stands for View, which is responsible for receiving 

requests forwarded by URLconf, processing business 

logic, accessing the Model and returning processing 

results, T stands for Template, which is responsible for 

data display and encapsulates HTML, CSS and other files. 

In the server based on MVT mode, View receives the 

request sent by the client, calls the corresponding 

business logic processing method to respond, and 

operates the classes in the Model if it needs to access the 

database. Then, Model defines a class corresponding to 

the data table one-to-one, and operates the database by 

instantiating the objects of the class. Finally, Template 

receives the parameters passed by View, embeds them 

into the front-end page, and completes the data display 
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work. 

According to the analysis of system functional 

requirements, this paper divides the system functions into 

four modules: login module, user management module, 

basic data management module and model management 

module. The basic data management module includes 

four sub-modules: company management, index 

management, industry management and sample 

management. The specific design is shown in Figure 7. 

 

Figure 7: System functional module design. 

 

The validation of the circular consistency term and 

the contribution of intermediate sample clustering to the 

improvement of authenticity in financial warning models 

is mainly achieved through a series of rigorous steps and 

methods. 

For the validation of loop consistency items, the 

following steps can be followed: 

(1) Clear cycle consistency indicator: In financial 

warning models, cycle consistency usually refers to the 

consistency between the model's predicted results and 

actual financial data. To verify this, it is necessary to first 

determine specific metrics for measuring consistency, 

such as accuracy, recall, F1 score, etc. 

(2) Historical data validation: The cycle consistency 

of the model is verified using known historical financial 

data. The model's prediction results are compared with 

the actual historical data, and consistency indicators are 

calculated to evaluate the performance of the model on 

the real data.  

(3) Sensitivity analysis: A sensitivity analysis is 

performed to observe the response of the model 

prediction results to changes in the input data. This helps 

to understand the stability and consistency of the model 

in different situations. 

This paper analyzes parameters such as accuracy 

and recall, validates the model using an actual dataset, 

and discusses and analyzes it in conjunction with actual 

data 

The data used in this paper are all from the penalty 

announcements published by China Securities 

Regulatory Commission, Stock Exchange and Securities 

Regulatory Bureau for fraudulent behaviors of listed 

companies. The fraud announcements of listed 

companies publicly criticized or punished from 2012 to 

2023 published by CSMAR contain 16 types of violations, 

which are diverse and cross-cutting. The higher the 

complexity of the violation types, the greater the impact 

on the data and the empirical effect. Therefore, this paper 

focuses on selecting fraudulent companies with false 

records, fictitious profits and false assets as fraud samples. 

Only by comparing fraudulent companies with non-

fraudulent companies can we observe the obviousness of 

fraudulent behaviors, and the non-fraudulent companies 

matching with each fraudulent company are selected as 

non-fraudulent samples. Then, the data of Choice 

Financial Terminal and Juchao Information Network are 

selected as the stability verification data set, and they are 

named Choice and cninf respectively. 

In the analysis of the authenticity of financial 

statements, this paper balances the data set, then brings it 

into the random forest model, GBDT model and 

XGBoost model to construct the identification model, 

and uses the FS-f-VAEGAN-D2 (financial statements-f-

VAEGAN-D2) in this paper to construct the fusion model, 

and tests the stability of each model to explore the 

optimal financial fraud identification model on this data 

set. 

In the analysis of the predictive ability of the model, 

this paper uses the model proposed in this paper to 

conduct experiments on the data sets of SSE 50 and CSI 

300, and compares them with the LSTM model, CNN-

LSTM model, LSTM-Attention model, VMD-LSTM 

model, TCN model, BiLSTM model and TCCFR model. 

 

4.2 Results 
In this paper, the accuracy rate, recall rate, accuracy rate, 

F1 value and AUC value of each model on the CSMAR 
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test set are counted, and the statistical results are shown in Table 2. 

 

Table 2: Comparative evaluation of models. 

Model Category Accuracy Recall Precision F1-Score AUC 

RF 0.7446 0.7218 0.2893 0.4130 0.7996 

GBDT 0.7422 0.7270 0.2879 0.4124 0.7953 

XGBoost 0.7056 0.7041 0.2529 0.3722 0.7730 

FS- f-VAEGAN-D2 0.7748 0.8034 0.2993 0.4361 0.8581 

 

 

Figure 8: Comparison chart of ROC curves. 

 

Financial forecasting models usually do not directly 

apply AUC curves for evaluation. The AUC curve (Area 

Under the Curve) is mainly used to evaluate the 

performance of binary classification models, especially 

when dealing with imbalanced datasets, which can 

provide stable and reasonable evaluation results. In 

binary classification problems, the AUC curve measures 

the model's ability to distinguish between positive and 

negative classes by showing the relationship between true 

case rate (TPR) and false positive case rate (FPR) at 

different thresholds. The ROC curve comparison chart is 

shown in Figure 8. 

This article selects three publicly available anomaly 

detection table column datasets as experimental datasets, 

with dimensions ranging from less than 10 dimensions to 

hundreds of dimensions, and quantities ranging from 

hundreds to hundreds of thousands. The following is a 

specific introduction to the dataset and related 

experimental settings. 

(1) CSMAR China Stock Market & Accounting 

Research Database is a research-oriented and precise 

database developed by Shenzhen Xishima Data 

Technology Co., Ltd. based on academic research needs 

and practical situations. There are a total of 385213 

samples in CSMAR, most of which are abnormal samples, 

accounting for 78.36% of the total. CSMAR is a classic 

network intrusion detection dataset that includes four 

types of attacks in addition to normal data: denial of 

service, monitoring activities, remote unauthorized 

access, and local unauthorized access. Positive samples 

consist of data samples from four types of attacks, which 

are the superposition of multiple Gaussian distributions. 

Therefore, positive samples with complex distributions 

can also be used. This article will use single hot encoding 

to transform discrete features into continuous data that 

can be processed. The continuous features will be 

normalized and reduced to [1,1] -. The final CSMAR 

dataset consists of 119 features, 20000 training data, and 

5000 testing data. 

(2) Choice database is a financial database that 

provides comprehensive professional data services. It 

covers various financial products such as Shanghai and 

Shenzhen listed companies, funds, New Third Board, 

macro, industry, wealth management, bonds, futures, 

options, US stocks, Hong Kong stocks, etc., providing a 

variety of financial data including basic information, 

announcements, financial data, etc. This paper randomly 

samples and fills all data containing NAN and Inf to 

ensure that each data dimension is the same. Perform 

single hot encoding on discrete data columns, convert 

timestamp columns to relative time and normalize them, 

and remove useless information columns that are all 

single values. The final data dimension is 73 dimensions, 

with 40960 training data and a total of 20000 positive and 

negative test samples. Among them, each of the seven 

attack methods contains 1000 cases (if the total is less 

than 1000, they will all be classified as the test set). 

(3) The cninf database provides corresponding 

programming interfaces or data processing tools for users 

to access and process data more conveniently This article 

will perform single hot encoding on discrete data 

columns, convert timestamp columns to relative time and 

normalize them, and remove useless information 

columns that are all single values. The final data 

dimension is 70 dimensions, with 35214 training data and 

19525 positive and negative samples in the test data. 

Among them, each of the seven attack methods contains 

1000 cases (if the total is less than 1000, they are all 

included in the test set). 

In order to verify the stability of the model proposed 

in this paper, the original test data set is increased from 

one to three, and the stability of the model proposed in 

this paper is measured. The stability test results shown in 

Table 3 are obtained. 
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Table 3: Stability test results. 

Test set Model Category Accuracy Recall Precision F1-Score AUC P 

CSMAR 

RF 0.7446 0.7218 0.2893 0.4130 0.7996 <0.05 

GBDT 0.7422 0.7270 0.2879 0.4124 0.7953 <0.05 

XGBoost 0.7056 0.7041 0.2529 0.3722 0.7730 <0.05 

FS- f-VAEGAN-D2 0.7748 0.8034 0.2993 0.4361 0.8581 <0.05 

Choice 

RF 0.7419 0.7214 0.2874 0.4158 0.7968 <0.05 

GBDT 0.7390 0.7332 0.2851 0.4095 0.8007 <0.05 

XGBoost 0.7044 0.7111 0.2510 0.3725 0.7739 <0.05 

FS- f-VAEGAN-D2 0.7720 0.8090 0.2996 0.4322 0.8549 <0.05 

cninf 

RF 0.7423 0.7262 0.2874 0.4106 0.7939 <0.05 

GBDT 0.7458 0.7204 0.2893 0.4125 0.7876 <0.05 

XGBoost 0.6997 0.7043 0.2524 0.3741 0.7663 <0.05 

FS- f-VAEGAN-D2 0.7681 0.8026 0.2967 0.4341 0.8558  

 

The prediction error values of each model are shown 

in Table 4. 

 

4.3 Analysis and discussion 
Among the compared single integrated models, the 

evaluation indexes of XGBoost model are lower than 

those of random forest model and GBDT model, and the 

ability of identifying fraudulent companies and non-

fraudulent companies is weak. In terms of the overall 

recognition accuracy of the model, the random forest 

model has the highest accuracy rate, reaching 74.46%, 

followed by the GBDT recognition rate at 74.22%, and 

the XGBoost model has the lowest accuracy rate, only 

70.56%. In terms of recall rate, the GBDT model is 

slightly higher than the random forest model, with a recall 

rate of 72.70%%, but its accuracy rate, F1 value and AUC 

value are slightly lower than the random forest model. 

Therefore, in general, the overall performance of the 

random forest model is better than that of the GBDT 

model. To sum up, the random forest model has the best 

recognition performance, followed by the GBDT model, 

and finally the XGBoost model. 

 

 

Table 4: Comparison of prediction effects of each model. 

Dataset Models RMSE MAE MAPE/% InferenceTime/ms 

SSE 50 

LSTM 35.442 25.622 0.907 3.477 

CNN-LSTM 40.418 29.563 1.048 2.154 

LSTM-Attention 36.163 26.748 0.947 2.323 

VMD-LSTM 39.109 30.404 1.072 11.816 

TCN 58.182 49.319 1.72 6.768 

BiLSTM 36.102 25.912 0.916 5.62 

TCCFR 34.804 24.711 0.875 4.272 

Logistic regression 38.251 29.351 1.021 9.321 

Neural networks 36.231 31.214 1.035 13.214 

FS-f-VAEGAN-D2 34.489 24.148 0.855 10.118 

CSI 300 

LSTM 47.387 37.968 0.982 5.904 

CNN-LSTM 51.008 40.354 1.044 3.483 

LSTM-Attention 40.727 31.972 0.831 3.843 
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VMD-LSTM 49.918 41.728 1.089 18.564 

TCN 50.194 41.334 1.067 9.384 

BiLSTM 48.633 40.238 1.047 9.391 

TCCFR 40.635 31.339 0.814 7.295 

Logistic regression 39.214 30.474 1.024 9.761 

Neural networks 37.557 31.280 1.058 13.354 

FS-f-VAEGAN-D2 37.77 28.869 0.749 8.019 

 

According to the results, in the fraud samples of the 

test set, the recognition rate of FS-f-VAEGAN-D2 model 

is 77.48%. It can be seen that FS-f-VAEGAN-D2 model 

has obviously improved the recognition effect of 

fraudulent companies, which is three percentage points 

higher than that of GBDT model, and has a good 

recognition ability for companies with fraudulent 

behaviors. Moreover, the area of ROC curve and 

coordinate axis also reached 0.817, which is higher than 

the area of the three single models established above, and 

has good overall performance. 

Judging from the stability test results, the AUCs 

obtained by the RF model on the test sets CSMAR, 

Choice, and cninf are 0.7996, 0.7968, and 0.7939, 

respectively, and the AUCs obtained by the GBDT model 

on the test sets CSMAR, Choice, and cninf are 0.7953, 

0.8007, 0.7876, the AUCs obtained by the XGBoost 

model on the test sets CSMAR, Choice, and cninf are 

0.7730, 0.7739, and 0.7663, respectively, and the AUCs 

obtained by the FS-f-VAEGAN-D2 model on the test sets 

CSMAR, Choice, and cninf are 0.8581, 0.8549, and 

0.8558, respectively, and the test results have little 

fluctuation and are basically stable. On the whole, the test 

method proposed in this paper has high stability. 

The data in Table 4 shows that compared with 

existing neural network models and logistic regression 

models, our model has certain advantages in RMSE, 

MAE, MAPE, and Inference Time, which verifies that 

our model has certain advantages in financial early 

warning compared to existing models. It can be seen from 

Table 4 that the RMSE, MAE and MAPE values of the 

FS-f-VAEGAN-D2 model on the two data sets are the 

smallest. It shows that the prediction error of FS-f-

VAEGAN-D2 model is small, and the prediction 

accuracy is higher than that of other models. However, 

the FS-f-VAEGAN-D2 model does not have advantages 

in terms of algorithm computational overhead. The 

InferenceTime of this model is 10.118 milliseconds on 

the SSE 50 dataset and 8.019 milliseconds on the CSI 300 

dataset. The CNN-LSTM model has the shortest average 

time required to process a single test sample. The 

InferenceTime of the CNN-LSTM model is 2.154 ms on 

the SSE 50 dataset and 3.483 ms on the CSI 300 dataset. 

Although the FS-f-VAEGAN-D2 model takes more time 

to process a single sample on average than the CNN-

LSTM model, InferenceTime is calculated in 

milliseconds. Compared with the millisecond time gap, 

the FS-f-VAEGAN-D2 model has a more significant 

improvement in prediction effect.  

Based on the above analysis results, the FS-f-

VAEGAN-D2 model proposed in this paper has good 

performance in the authenticity analysis of financial data 

and the prediction of financial data. Therefore, this paper 

increases data characteristics through financial indicators 

to improve the prediction ability. On the premise of 

considering historical data, prediction research is carried 

out on various financial indicators integrated into the 

company's financial statement information. Overall, the 

model proposed in this paper provides a reliable tool for 

financial data authenticity audit, and can use financial 

data forecasting to provide a reference for the formulation 

of subsequent plan policies. 

5 Conclusion 

Different from traditional financial analysis methods, the 

intelligent data analysis research method proposed in this 

paper mines the correlation of different dimensions of 

financial statement data, and presents the mining results 

by using the correlation visualization method to realize 

the risk assessment and trend prediction of enterprise 

financial status. Based on the basic WGAN model, the 

quality of generated samples is improved in the process 

of generating samples. Moreover, a cascade classifier is 

set in the classification stage to improve the classification 

accuracy. Through the experiments on each data set, it 

can be seen that the two regularizers and classifiers 

proposed by the model have the ability to improve the 

accuracy of zero-sample learning classification. 

According to the comprehensive experimental analysis 

results, it can be seen that the model proposed in this 

paper has good performance in the authenticity analysis 

and prediction of financial data. Generally speaking, the 

model proposed in this paper provides a reliable tool for 

the authenticity audit of financial data, and can provide a 

reference for the formulation of subsequent schemes and 

policies through financial data prediction. 

However, the model proposed in this paper has too 

many regularization terms, which will affect the overall 

training process of the model and lead to model 

convergence failure in some extreme cases. Therefore, in 

the follow-up research, it is necessary to focus on finding 

a better regularization term to replace the proposed 

regularization term and reduce the complexity of the 
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model. 

The current model in this article has certain 

limitations in convergence under extreme conditions, and 

actionable work will be taken in the future to address 

these issues. Therefore, further validation strategies need 

to be proposed in different financial environments to 

enhance the robustness of the model. 
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Earthquakes have the potential to cause catastrophic structural and economic damage.  This research 

explores the application of machine learning for earthquake prediction using LANL (Los Alamos National 

Laboratory) dataset. The data, obtained from a laboratory stick-slip friction experiment, simulate real 

earthquakes through digitized acoustic signals recorded against the time to failure of a granular layer. 

We introduced a hybrid model combining CatBoost and Support Vector Regression (SVR) to predict the 

time of the next earthquake, evaluating its performance against individual CatBoost and SVR models. The 

hybrid model demonstrated superior accuracy with a Mean Absolute Error (MAE) of 0.0825, 

outperforming the individual models. We implemented feature engineering to optimize the predictive 

capability of the models. Additionally, we compared our hybrid model's performance with previous studies 

to validate its efficacy. Our findings underscore the potential of machine learning, particularly hybrid 

models, in enhancing earthquake prediction accuracy. This study highlights the robustness and 

effectiveness of the hybrid CatBoost-SVR model, paving the way for advanced AI algorithms in seismology 

and contributing to improved disaster preparedness and mitigation strategies. 

Povzetek: A hybrid CatBoost-SVR model improves earthquake prediction using the LANL dataset, 

achieving superior accuracy (MAE: 0.0825). This approach enhances machine learning applications in 

seismology, contributing to disaster preparedness and mitigation strategies. 

 

1 Introduction
Earthquakes stand as one of nature's most devastating 

phenomena, posing formidable challenges for prediction 

despite the extensive efforts of the seismology 

community. Unlike other natural disasters such as floods, 

tornadoes, and hurricanes, which can often be forecasted 

in terms of timing, location, and potential impact, 

earthquake prediction remains notably elusive. Currently, 

seismographs serve as the primary method for detecting 

imminent earthquakes, yet their warnings typically offer 

only seconds of lead time, insufficient for effective 

preventive action against substantial structural damage. 

The complexity and nonlinear characteristics of seismic 

data further compound the difficulty in earthquake 

prediction, presenting a persistent challenge in 

geophysics. Recent strides in machine learning present 

promising avenues for improving prediction accuracy in 

earthquake forecasting. This study delves into a hybrid 

model that merges CatBoost and Support Vector 

Regression (SVR) to enhance earthquake prediction 

performance, leveraging insights gained from analyzing 

the LANL earthquake dataset. Additionally, alternative 

approaches to earthquake prediction involve monitoring 

changes in land elevation, groundwater levels, animal 

behavior, and precursor seismic activity. A notable 

instance of effective earthquake prediction transpired 

during the Haicheng, China earthquake of 1975, where an 

evacuation advisory was disseminated a day prior to the 

occurrence of a magnitude 7.3 seismic event. In the 

month’s antecedent to the earthquake, alterations in land 

surface elevation and groundwater levels, numerous 

instances of anomalous animal behavior, and the 

occurrence of several foreshocks collectively served as 

precursory indicators, initially prompting a precautionary 

advisory. Subsequently, a surge in foreshock activity 

prompted the escalation of the advisory to an evacuation 

warning. Nevertheless, it is imperative to note that the 

majority of earthquakes do not manifest such conspicuous 

precursory signs. Despite the success witnessed in 1975, 

the 1976 Tangshan earthquake, registering a magnitude of 

7.6, occurred without any forewarning, resulting in an 

estimated 250,000 casualties [1]. Amidst the rapid 

evolution of statistical and deep learning methodologies, 

novel paradigms in earthquake prediction have emerged 

[2] [3]. These strategies hinge upon extensive datasets, 

accentuating the imperative of curating, amassing, and 

simulating earthquake data, a realm that has recently 

garnered notable scrutiny [4]. Through the fusion of 

meticulously curated data and cutting-edge statistical and 
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deep learning methodologies, the endeavor to forecast 

earthquake timing based on realistically attainable data 

could potentially be surmounted, aligning with the 

prevailing trajectory across diverse machine learning 

applications. In both [2] and [3], machine learning and 

deep learning frameworks are harnessed to prognosticate 

the timing of subsequent earthquakes. These frameworks 

leverage physically amassed and labeled earthquake 

parameters, such as relative strength index, momentum, 

and moving force averages. Classic machine learning 

(ML) [4] algorithms conventionally compute seismic 

metrics like Gutenberg-Richter b-values, time intervals, 

earthquake energy, and mean magnitude. In contrast, 

contemporary deep learning (DL) models [5] exhibit 

proficiency in assimilating multifaceted features. Both 

ML and DL models are driven by data and demonstrate 

efficacy in moderate-magnitude earthquake scenarios; 

however, they encounter challenges with high-magnitude 

events due to the scarcity of requisite data. Data-driven 

models necessitate voluminous datasets to yield precise 

predictions. Certain DL methodologies endeavor to 

anticipate significant earthquakes by exclusive training on 

such instances, yet these methods necessitate further 

refinement [6]. A prevalent trait among these 

methodologies is their analysis of protracted temporal 

sequences of seismic data, which poses a formidable 

hurdle for DL techniques. Accurate earthquake prediction 

holds the potential to avert fatalities and mitigate 

catastrophic repercussions, thus positioning the 

anticipation of earthquake timing and magnitude as a 

cornerstone objective within the domain of geoscience [7]. 

Despite protracted time-series observations and field 

studies, the precise anticipation of earthquake scale or 

timing persists as an enduring challenge [8]. Moreover, 

the unpredictability of devastating subduction 

earthquakes, with magnitudes of 9.0 or higher, adds a 

concerning dimension to this endeavor [9]. Traditional 

methods of earthquake prediction, such as using 

seismographs, often provide only seconds of warning 

before an earthquake occurs, which is insufficient time to 

take preventative measures. Other approaches involve 

monitoring changes in land elevation, groundwater levels, 

animal behavior, and foreshocks. However, these methods 

do not always provide clear or reliable precursors to 

impending earthquakes. Monitoring with non-destructive 

testing (NDT) acoustic emissions (AE) involves the 

continuous recording of acoustic data as the material 

undergoes stress. The recording process typically persists 

until the material reaches failure. In controlled laboratory 

environments, stress-induced failure can be hastened by 

artificially subjecting the material to stress [10][11]. Upon 

failure, discrete acoustic emissions (AEs) are discerned 

within the recorded data. These discrete AEs denote short-

duration elastic waves generated due to the initiation of 

minute internal cracks and slip occurrences along grain 

contacts, thereby furnishing valuable insights into the 

material's response under stress. Subsequently, AEs can be 

categorized based on the damage mechanism through the 

utilization of unsupervised clustering algorithms. In 

certain instances, the precise labels for each cluster are 

determined through methodologies such as transmitted 

light analysis [12] or scanning electron microscopy [13]. 

Finally, scrutinizing AE production across the failure 

cycle facilitates the identification of temporal patterns and 

enables deductions regarding the material's remaining 

useful life (RUL). Some research endeavors have 

expanded upon this analysis by integrating machine 

learning methodologies to forecast RUL, yielding varying 

degrees of efficacy [14][15]. 

Recent advancements in machine learning (ML) 

algorithms and computational hardware have catalyzed 

novel insights and methodologies within the seismological 

community [16]. ML applications now extend to 

fundamental signal processing tasks, encompassing 

earthquake event detection [17], phase picking [18], 

association [19], and hypocenter determination [20], as 

comprehensively documented by [21]. Concurrently, the 

utilization of data-driven ML approaches has broadened to 

encompass the prediction of TTF in laboratory 

experiments, leveraging Acoustic Emission (AE) data and 

its associated measurements [22]. A study on earthquake 

forecasting emphasizes the importance of long-term 

predictions regarding the timing, intensity, and location of 

future seismic events. By leveraging expert systems and 

extensive data analysis, more accurate forecasting models 

can be developed for specific regions, such as Los 

Angeles, improving preparedness and risk management 

[23]. Advanced machine learning techniques, such as 

attention-based Bi-Directional Long Short-Term Memory 

(LSTM) networks, have been highlighted as powerful 

tools for enhancing the precision of earthquake 

predictions, which are critical for disaster response in 

earthquake-prone areas [24]. Additionally, extreme value 

theory has been applied to assess the maximum possible 

earthquake magnitudes in high-risk areas, underscoring 

the value of ground-based observations and statistical 

methods in refining forecasting models [25]. 

Machine learning techniques have also been used to 

cluster earthquakes based on historical intervals, offering 

insights into recurring seismic behaviors and improving 

the predictive power of long-term forecasts [26]. For 

regions with complex fault zones, statistical models like 

the SARIMA model can help forecast earthquakes by 

analyzing past seismic events, contributing to more 

reliable predictions and risk management strategies [27]. 

Other research has focused on analyzing geoelectric field 

signals before earthquakes using advanced techniques, 

which can provide early warning signs and valuable data 

to improve forecasting accuracy [28]. 

Another significant area of study is the monitoring of 

slow seismic activity, which may indicate the potential for 

a major earthquake. By identifying these patterns, 

researchers can enhance the effectiveness of forecasting 

models [29]. Additionally, understanding the relationship 

between ground motion attenuation and regional 

geophysical data is crucial for developing robust 

forecasting models that predict the impact of seismic 

events [30]. Lastly, the study of seismic stress levels and 

their relationship with earthquake magnitude helps 

improve predictions of high-magnitude earthquakes, 

providing deeper insights into seismic behavior and 

further refining forecasting methods [31]. Collectively, 
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these approaches are advancing earthquake forecasting 

and risk management, enhancing preparedness in 

earthquake-prone regions. 

When working with the LANL earthquake dataset, it 

is essential to recognize several limitations and potential 

biases that influence the generalizability and reliability of 

the findings. The dataset is geographically biased, 

focusing on specific regions, which limits the applicability 

of conclusions to areas with different seismic 

characteristics. If the data predominantly covers certain 

tectonic plate boundaries or fault lines, it does not fully 

represent the behavior of earthquakes in less seismically 

active regions. Additionally, the dataset has temporal 

gaps, with uneven data distribution over time, which 

affects trends analysis and the ability to draw consistent 

conclusions across different periods. The dataset also has 

biases in the types of seismic events included, such as 

overrepresentation of certain magnitudes or depths, which 

skews model development. If smaller or larger 

earthquakes are underrepresented, the results do not 

accurately reflect the full range of seismic activity. 

Furthermore, the quality of the data is important, as 

seismic recordings are affected by noise from 

environmental factors, sensor inaccuracies, or 

technological limitations. If the dataset includes noisy or 

incomplete data, it compromises the ability to detect 

meaningful patterns or leads to incorrect conclusions. 

Incomplete or missing data points, especially if they are 

not randomly distributed, further introduce biases. There 

are also issues with manual labeling and classification 

errors, where misclassification of events distorts the 

analysis, particularly if smaller seismic events are 

confused with more significant ones. Finally, the sampling 

frequency of the dataset impacts its usefulness, as 

insufficient resolution results in the loss of critical 

information, such as early warning signs of large 

earthquakes or aftershocks. Acknowledging these 

limitations and biases is crucial for a more realistic and 

transparent understanding of the dataset’s applicability to 

earthquake prediction and modeling. 

In the context of predicting Time to Failure (TTF) 

within controlled laboratory environments, researchers 

typically employ Machine Learning (ML) frameworks 

that rely on three distinct feature categories. These 

categories encompass a) AE-Driven Features, which are 

directly derived from continuous Acoustic Emission (AE) 

signals, capturing nuanced details about the material's 

structural response and behavior; b) Geodetic-Driven 

Features, extracted from geodetic measurements, offering 

insights into the material's deformation characteristics and 

spatial dynamics, thus shedding light on its mechanical 

integrity; and c) Catalog-Driven Features, sourced from 

earthquake or seismicity catalogs, providing historical 

data on seismic events and their associated attributes. 

These feature categories collectively enable a 

comprehensive approach to TTF prediction, integrating 

diverse data sources to enhance predictive accuracy and 

reliability within laboratory settings. Acoustic emissions 

(AE) denote transient elastic waves arising from the 

formation of minute internal cracks and slip events along 

grain contacts within stress-stricken materials. AE 

monitoring offers invaluable insights into material 

structural integrity and response mechanisms under stress, 

thus laying the foundation for TTF prediction in 

laboratory setups. The amalgamation of AE data with 

machine learning methodologies presents a promising 

avenue for enhancing the precision and efficacy of TTF 

prognostications, thereby fostering advancements in 

comprehending material behavior under stress and 

augmenting predictive capacities within the realm of 

seismology. Despite the limitations and biases present in 

the LANL earthquake dataset, our "Hybrid CatBoost and 

SVR Model" helps provide better results by effectively 

addressing these challenges. The CatBoost algorithm, 

known for its robustness in handling categorical features 

and its ability to deal with noisy and incomplete data, 

enhances the model’s ability to identify important patterns 

in seismic events. By reducing overfitting and improving 

generalization, CatBoost ensures that the model remains 

accurate even in the presence of biases like geographical 

or temporal imbalances. On the other hand, the Support 

Vector Regression (SVR) component helps capture 

complex relationships in the data, especially for modeling 

non-linearities that might arise due to varying earthquake 

magnitudes and depths. Together, the hybrid model 

leverages the strengths of both algorithms, enabling it to 

mitigate the impact of incomplete or noisy data, and 

ultimately providing more reliable predictions. 

Additionally, the combination of CatBoost's feature 

engineering capabilities and SVR’s precision ensures that 

even with a limited dataset, the model can deliver 

meaningful insights, improving the overall accuracy and 

robustness of earthquake predictions. 

We propose a novel hybrid approach that combines 

CatBoost, a gradient boosting algorithm, with Support 

Vector Regression (SVR). This hybrid model leverages 

the strengths of both methods to improve the accuracy of 

predicting the time-to-failure of earthquakes using the 

LANL earthquake dataset. Integrating CatBoost with 

Support Vector Regression (SVR) can yield superior 

results due to the complementary strengths of the two 

algorithms. CatBoost, a gradient boosting algorithm, is 

adept at handling categorical features and automatically 

managing missing data. It excels in capturing complex 

relationships within the dataset, producing robust 

predictions. On the other hand, SVR, a kernel-based 

regression algorithm, is proficient in modeling nonlinear 

relationships and high-dimensional spaces. By combining 

the predictions from CatBoost with the features in SVR, 

the integrated model can leverage the advantages of both 

algorithms. CatBoost provides an initial understanding of 

the data's complex patterns, while SVR further refines 

predictions based on its ability to capture intricate 

relationships.  

Our paper builds significantly on the work presented 

in [32], where researchers from the Los Alamos National 

Laboratory (LANL) developed a dataset of acoustic data 

from laboratory-simulated earthquakes. This dataset was 

utilized to train a support vector regression (SVR) 

machine learning model for predicting time-to-failure, 

defined as the time until a major earthquake event. The 

model used statistical features such as moving average, 
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kurtosis, and variance. In this study, we aim to enhance 

their results by Catboost techniques. Some major 

contributions of research includes: 

This research bridges the gap between machine 

learning and seismology, demonstrating how advanced 

data-driven approaches can be applied to traditional 

scientific problems. The study also incorporates the 

consideration of slow slip events (SSEs) and their 

relationship with regular earthquakes, adding to the 

understanding of seismic processes.  

2 Dataset description 
In 2017, researchers at Los Alamos National Laboratory 

(LANL) achieved a significant breakthrough in the 

prediction of Slow Slip Earthquakes (SSE) within 

laboratory conditions that mimic natural settings. Through 

meticulous experimentation, the team developed a method 

wherein a computer system was trained to detect and 

analyze quasi-periodic seismic and acoustic signals 

emitted during fault movements. By processing extensive 

datasets, they identified a distinct sound pattern, 

previously dismissed as noise, which serves as an 

indicator of an impending earthquake. Utilizing a time 

window of 1.8 seconds of data, the team attained an 

impressive 89% coefficient of determination in 

forecasting the time remaining before a laboratory 

earthquake event, employing Random Forest Regression 

and quasi-periodic data. In the laboratory environment, 

seismic sounds produced by the interaction of steel blocks 

with rocky material, simulating real earthquake activity, 

were recorded by an accelerometer. This groundbreaking 

discovery represents the first successful prediction of 

laboratory earthquake occurrences. While acknowledging 

the differences in shear stress between laboratory 

experiments and natural earthquakes, the LANL team is 

actively engaged in validating their findings in real-world 

scenarios [33][34]. Moreover, this innovative approach 

holds potential beyond seismology, with possible 

applications in material failure research across diverse 

industries like aerospace and energy. These findings 

underscore the notion that fault failure follows a 

discernible pattern rather than occurring randomly. 

 

3 Data exploration 
The LANL earthquake dataset serves as a 

comprehensive repository of acoustic emission signals 

captured during laboratory-simulated earthquakes. Each 

entry within this dataset encapsulates the acoustic data 

recorded at distinct time intervals, providing a detailed 

snapshot of seismic activity. Crucially, each sample is 

paired with a target value denoting the time until the 

occurrence of the subsequent laboratory earthquake. This 

temporal information enables researchers to study the 

dynamics of earthquake events and explore predictive 

modeling approaches [35]. The acoustic data itself is 

composed of discrete segments, each spanning a duration 

of 0.0375 seconds, comprising seismic signals recorded at  

 

 

Figure 1:  Acoustic data and time to failure analysis: 

subset representing 1% of total dataset. 

 

a frequency of 4MHz. This results in a substantial 

dataset containing a total of 150,000 data points. Each 

segment of acoustic data is meticulously annotated with a 

corresponding "time to failure" value as shown in Table 1, 

representing the duration until the laboratory fault 

undergoes failure, as determined through stress 

measurements. The acoustic signal consistently exhibits 

significant fluctuations immediately preceding each 

failure event Figure 1. Additionally, it is noteworthy that 

failures can be visually anticipated by observing instances 

where substantial fluctuations in the signal are succeeded 

by smaller ones.  

Upon closer examination of a zoomed-in time plot 

Figure 2, it becomes apparent that the prominent acoustic 

signal oscillation occurring at the 1.572-second mark 

precedes the occurrence of the failure event, albeit not 

precisely coinciding with it. Before this major oscillation, 

there are noticeable sequences of intense signal 

fluctuations, suggesting a buildup of activity leading to the 

larger event. Subsequently, after the significant 

oscillation, there are also smaller oscillations observed, 

indicating a potential aftermath or continuation of the 

event's effects [36][37]. In this time plot, it becomes 

evident that the significant oscillation preceding the 

failure does not occur immediately before the event. 

 

Table 1: Dataset: Seismic Activity (v) and Time to 

Failure (s) 

Sesmic activity (𝒗) Time to failure (s) 

12 1.4690999832 

6 1.4690999821 

8 1.469099981 

5 1.4690999799 

8 1.469099988 

8 1.469099977 

9 1.4690999766 

7 1.4690999755 

-5 1.4690999744 

... ... 
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Figure 2: Zoomed-in-time-plot. 

Instead, there are sequences of intense oscillations 

that precede the large oscillation, as well as smaller peak 

oscillations that follow it. Subsequently, after a series of 

minor oscillations, the failure takes place. Initially 

structured as a Pandas Dataframe, the dataset underwent a 

process of segmentation, dividing it into 150,000 

individual samples. Each sample is coupled with its 

corresponding time to failure, facilitating the training and 

validation of predictive models. Moreover, the dataset 

includes an additional 2626 preconstructed acoustic 

segments earmarked specifically for model testing 

purposes. This meticulous organization of the dataset 

enables researchers to conduct robust evaluations of 

model performance and effectiveness in earthquake 

prediction tasks. Seismic signals are captured through a 

piezoceramic sensor that generates a voltage in response 

to deformation caused by incoming seismic waves. This 

voltage, referred to as the acoustic signal, serves as the 

primary input for our analysis. The acoustic signal 

represents the recorded voltage, expressed as integers. 

The Acoustic Signal essentially signifies the voltage 

generated by the deformation induced by seismic waves. 

These signals are integer values ranging from -5515 to 

5444, with an average of 4.52. Examining the distribution 

of these acoustic signals reveals a distinct peak, indicating 

a concentration of values around the mean. However, the 

distribution also exhibits outliers in both directions, 

suggesting sporadic occurrences of exceptionally high or 

low values. This observation is illustrated in Figure 3, 

where the distribution's shape and the presence of outliers 

can be visualized. The range of the acoustic signals, 

 

 

Figure 3: The distribution of acoustic signals analyzed 

individually. 

 

 

Figure 4: The distribution of time to failure analyzed 

individually. 

spanning from -5515 to 5444, reflects the entirety of 

recorded voltage variations, from the most negative to the 

most positive values. This comprehensive range offers 

insights into the full spectrum of voltage fluctuations 

experienced during seismic activity. Negative values 

might signify voltage decreases due to compression or 

damping effects, while positive values could indicate 

voltage increases resulting from tension or amplification. 

The wide span of this range underscores the substantial 

variability in recorded voltage, influenced by factors like 

seismic wave intensity, distance, environmental 

conditions, and sensor sensitivity [38]. Despite the range's 

breadth, a very high peak in the distribution suggests a 

clustering of values around a central tendency, indicative 

of predominant signal strength or intensity. However, the 

presence of outliers in both directions highlights 

occasional deviations from this central tendency, likely 

stemming from anomalies in seismic activity or sensor  

behavior. These outliers necessitate careful consideration 

during data analysis to ensure accurate interpretation and 

modeling of the seismic signals. 

The time to failure represents the duration, in seconds, 

remaining until an imminent stick-slip failure event 

occurs. This metric serves as a crucial indicator of the 

proximity of failure, allowing for proactive measures to be 

taken. The minimum value of Time to Failure is extremely 

close to zero, at 9.55039650e-05 seconds, indicating 

instances where failure occurred imminently after 

observation. Conversely, the maximum Time to Failure 

extends to 16 seconds, representing cases where failure 

was predicted further in advance. The distribution of Time 

to Failure exhibits a right-skewed pattern, as illustrated in 

Figure 4. This skewness indicates that the majority of 

observations are clustered towards the lower end of the  

 

 

Figure 5: Time series relationship between first 1000 

rows. 
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Figure 6: Time series relationship between first 10,000 

rows. 

time scale, with fewer instances of longer Time to Failure 

values. This distribution pattern provides valuable insights 

into the temporal dynamics of stick-slip failure events, 

highlighting the variability in the timeframes leading up to 

failure occurrences. The explanation details a time-series 

plot analyzing the first 1000 rows of data, with the orange 

lines depicting seismic activity (acoustic feature) and the 

blue line representing time to failure, indicating the 

duration until the next earthquake. Notably, the plot 

reveals a linear trend in the time to failure, suggesting a 

consistent change over time, implying a potential 

predictive relationship with the acoustic feature. 

Figure 5 centres on analyzing time-based data, 

underscoring the importance of examining both the 

distribution of acoustic signals and the target feature over 

time. Two functions are provided to facilitate visualization 

of these features. First function generates a plot 

showcasing the acoustic data and time to failure for a 

specified range of indices, while the other function allows 

for comparison across two distinct index ranges. 

In the example provided, the first function is 

employed to plot the first thousand rows of the dataset, 

with orange lines representing the acoustic feature and a 

blue line depicting the target feature. The resulting plot 

illustrates a linear relationship in the target feature, 

prompting further exploration to gain a comprehensive 

understanding of the dataset's behavior across a broader 

range of rows. 

After examining the initial 1000 rows, further analysis 

is conducted on larger subsets of the data, including the 

first 10,000 rows shown in Figure 6 and the entire dataset 

comprising 600,000 rows shown in Figure 7. These 

analyses reveal consistent trends, with the time to failure 

decreasing sharply to nearly zero seconds when an 

earthquake event occurs, indicating a rapid onset of 

seismic activity. The observations underscore the 

predictive potential of the acoustic data in forecasting  

 

 

Figure 7: Time series relationship between first 600k 

rows. 

 

 

Figure 8: Cumulative distribution of the time to failure 

with high signal. 

earthquake occurrences and highlight the significance of 

ongoing analysis to refine predictive models and enhance 

accuracy. After generating the time-series plots, we 

analyze them to extract meaningful insights about the 

behavior of the data over time. This analysis involves 

identifying recurring patterns, detecting abrupt changes or 

anomalies, and assessing the overall trend in the data 

series. By interpreting the time-series plots, we can gain a 

deeper understanding of the underlying dynamics driving 

seismic activity and the predictive relationship between 

the acoustic data and time to failure. In summary, time-  

series analysis plays a crucial role in uncovering 

temporal patterns and relationships within the data, 

providing valuable insights that inform subsequent 

modeling and prediction efforts in the context of 

earthquake forecasting.  In our analysis, we examined a 

dataset containing a massive 629 million rows, although 

our focus was on a subset of 600,000 rows. We were 

particularly interested in understanding the timing of 

events, noting that the time-to-failure spanned from nearly 

zero to 12 seconds. 

To delve deeper into this aspect, we decided to 

investigate the Cumulative Distribution Function (CDF) 

of the target feature, which helped us understand how 

frequently events occurred within the 0 to 12-second 

range. After setting the display precision and loading the 

dataset, we visualized the distribution of acoustic data. 

Upon examining the CDF plot shown in Figure 8 of the 

target feature, we discovered that approximately 85% of 

the events occurred within a mere 0.3 seconds, indicating 

a rapid onset of events. This observation shed light on the 

timing patterns within the dataset and emphasized the 

importance of events occurring within close proximity to 

zero seconds. 

3.1 Feature engineering 

Data preprocessing is an essential preliminary step in 

harnessing the LANL earthquake dataset for model 

training and assessment. This section delineates a series of 

preprocessing procedures orchestrated to refine the 

dataset, ensuring its cleanliness, informativeness, and 

readiness for subsequent analyses. The journey begins 

with the ingestion of the LANL earthquake dataset, an 

amalgamation of acoustic signal data accrued during 

laboratory-simulated earthquakes. Within this dataset lie 

acoustic emission signals, captured at varied time 

intervals, accompanied by corresponding time-to-failure 
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values delineating the duration until the advent of 

subsequent seismic events. Subsequently, meticulous data 

cleaning protocols are executed to rectify any aberrations 

present within the dataset. Through adept imputation 

techniques, missing values are diligently addressed, 

ensuring comprehensive data coverage. Concurrently, 

outliers, with their potential to skew model training 

outcomes, are meticulously identified and rectified 

through judicious methods. Following data cleansing, the 

dataset undergoes a transformative phase through the 

application of feature engineering techniques.  

The data cleaning and preparation process for the 

LANL earthquake dataset involved several key steps to 

ensure the quality and consistency of the input data for the 

hybrid model. First, missing or incomplete data points 

were identified and addressed through appropriate 

imputation techniques or, in some cases, by removing 

records with excessive missing values to avoid 

introducing bias. Next, outliers were detected and handled 

to prevent them from disproportionately influencing the 

model’s predictions. This step was particularly important 

as seismic data can sometimes contain unusual readings 

due to sensor malfunctions or other anomalies. Data 

normalization and scaling were applied to ensure that 

features with different units and ranges did not skew the 

performance of the model, particularly for algorithms like 

Support Vector Regression (SVR), which are sensitive to 

the scale of the input data. Additionally, categorical 

variables, such as event types or geographic locations, 

were encoded using techniques such as one-hot encoding 

or label encoding to make them compatible with the 

CatBoost algorithm, which is capable of handling 

categorical data efficiently. Temporal features, such as the 

date and time of seismic events, were also processed to 

extract meaningful patterns, such as trends or seasonality, 

that could contribute to better model performance. Feature 

engineering was performed to create new variables that 

could enhance the model’s ability to identify key seismic 

patterns, such as calculating the time between successive 

events or aggregating data at different time intervals. 

Through this comprehensive data cleaning and 

preparation process, the dataset was transformed into a 

structured and reliable format, enabling the hybrid model 

to learn effectively and provide accurate predictions. 

Feature engineering is a critical step in the model 

development process, as it involves transforming raw data 

into meaningful features that can enhance the predictive 

power of machine learning models. In this study, feature 

engineering was focused on extracting key characteristics 

from Acoustic Emission (AE) data, which is considered a 

rich source of information for predicting Time to Failure 

(TTF). The goal of feature engineering was to identify and 

create features that can effectively capture the underlying 

patterns and dynamics of the AE signals, which are 

indicative of the system’s failure behavior. The feature 

engineering process began with the assumption that the 

distribution of AE data holds valuable information that 

can be leveraged to predict failure. This assumption is 

based on both empirical observations and established 

findings in the literature, which suggest that variations in 

AE data, particularly in the form of spikes, can precede 

failure events. By focusing on these variations, we aimed 

to identify statistical features that could serve as reliable 

indicators of failure time. A key insight from the data was 

that stick-slip failure events, often associated with 

mechanical systems, are typically preceded by a series of 

AE signal spikes. These spikes, which are indicative of 

micro-failures, provide crucial information that can help 

predict when a system is approaching failure. We 

hypothesized that the frequency and intensity of these AE 

spikes correlate with the remaining useful life of the 

system, and therefore, the statistical characteristics of the 

AE signal could serve as valuable features for modeling. 

Building on this foundation, we derived a set of 18 

statistical features from each 150,000-point segment of the 

AE data. These features included basic statistical metrics 

such as mean, standard deviation, skewness, and kurtosis, 

which have been shown to reflect important characteristics 

of the AE signal. Additionally, we calculated features like 

the ratio of standard deviation to mean, as well as 

distributional features represented by various percentiles 

(e.g., 1st, 5th, 25th, 50th, etc.). These features were 

selected because they provide a more comprehensive 

representation of the AE signal’s behavior over time. Not 

all derived features were ultimately used in the model. For 

example, while maximum and minimum values were 

initially considered, they were excluded from the final 

feature set due to their sensitivity to extreme events, which 

mainly serve as markers of significant disruptions in the 

AE signal rather than predictors of failure. After the 

features were extracted, a database was created, which 

contained a large set of statistical features corresponding 

to each segment of AE data. This database covered a wide 

range of TTF values, allowing us to explore how each 

feature correlated with the time to failure. Initial analysis 

showed that certain features, such as the count of mode 

appearances, exhibited a strong correlation with TTF. 

However, special care was taken to exclude data recorded 

immediately after major failure events, as these post-event 

values closely resembled early-stage data and could 

introduce inaccuracies into the predictive model. Herein, 

statistical attributes such as mean, standard deviation, 

skewness, and kurtosis are meticulously computed, 

affording insights into the distributional characteristics of 

the acoustic signals. The derivation of rolling window 

statistics facilitates the capture of temporal nuances and 

trends embedded within the data. Furthermore, to foster 

uniformity and comparability across diverse features, the 

dataset is subjected to normalization or standardization.  

Table 2: Comprehensive global overview of the dataset 

statistics 
 

acoustic - data time-to-failure 

count 6.29E+08 6.291E+08 

mean 4.52E+00 5.68E+00 

min -5.52E+03 9.55E-01 

max 5.44E+03 1.61E+01 

std 1.07E+01 3.67E+00 
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Figure 9: Total number of possible combinations 

compared to the number of features. 

Through normalization, data is rescaled to span a range 

between 0 and 1, while standardization ensures a mean of 

0 and a standard deviation of 1. These harmonizing 

techniques alleviate the impact of disparate feature scales, 

thereby bolstering the efficacy of subsequent model 

training endeavors.  

In this study, we derived a comprehensive set of 25 

statistical features from each of the 150,000 segments of 

acoustic emissions (AE) data as shown in Figure 9. These 

features were meticulously selected to capture various 

statistical properties of the data. The initial twelve features 

included the maximum, minimum, mean, standard 

deviation, the ratio of standard deviation to mean, 

skewness, kurtosis, mode, and the frequency of mode 

appearances. These features were chosen to encapsulate 

the central tendency, variability, and shape of the data 

distribution. Additionally, we calculated thirteen 

percentile features at specific levels: 1st, 5th, 10th, 25th, 

50th, 60th, 70th, 75th, 80th, 85th, 90th, 95th, and 99th. 

These percentiles were included to provide a detailed 

understanding of the data distribution and to capture the 

behavior of the acoustic signals at various thresholds. 

Notably, while the "maximum" and "minimum" features 

were computed, they were excluded from the final 

modeling process. This decision was made because these 

features, due to their extremely high values, primarily 

indicated the main earthquake events rather than providing 

predictive insight for the time to failure. By focusing on 

the remaining features, we aimed to enhance the model's 

ability to predict the time until the next earthquake based 

on more subtle patterns within the acoustic data. This 

strategic feature selection was crucial for developing a 

robust and accurate predictive model. 

In this study, feature selection was conducted by 

constructing multiple models and comparing their Mean 

Absolute Errors (MAEs) to identify the combination of 

features that resulted in the lowest MAE. However, it is 

important to consider the curse of dimensionality, where 

the total number of potential feature combinations 

increases exponentially with the number of features in the 

set. 

In an alternate scenario, the Los Alamos National 

Laboratory (LANL) achieved a coefficient of 

determination of 0.89 through their analysis of quasi-

periodic seismic signals. Their approach involved 

partitioning the data into 1.8-second time windows and 

employing a Random Forest technique. They identified 

variance, kurtosis, and threshold as the most influential 

features within their model. Inspired by this methodology, 

our study concentrates on predicting the time remaining 

before the next failure solely based on moving time 

windows of acoustic data. We segmented the data into 0.3-

second time windows, encompassing 1,500,000 

observations, significantly shorter than the laboratory 

quake cycle, which spans 8 to 16 seconds. It is noteworthy 

that a substantial proportion of high acoustic values 

(exceeding an absolute value of 1000) occur 

approximately 0.31 seconds before an earthquake. This 

observation prompted us to partition the data into 0.3-

second windows to minimize error towards the conclusion 

of the quake cycle. Evaluating the sensitivity of our 

findings to variations in time window sizes revealed 

optimal results when employing 1.5 million observations 

per time window, yielding a dataset composed of 419 

distinct windows. Each window generated a set of 95 

potential statistical features, encompassing metrics such as 

Standard Deviation, quantiles at 90%, 95%, and 99%, 

Absolute Standard Deviation, and diverse rolling standard 

deviation measures across varying observation intervals. 

Leveraging a feature importance technique, we discerned 

the salience of specific features within the dataset. 

Subsequently, advanced machine learning techniques, 

notably the Catboost-SVM model, were employed to 

analyze the continuous values derived from the acoustic 

time series data.To mitigate feature correlation effects, 

principal component analysis was applied, effectively 

condensing the feature space from 95 to 5 principal 

components, accounting for 99.9% of the total data 

variance. To ensure robustness and integrity, a 50/50 

continuous split strategy was implemented for training and 

testing datasets. The regularization hyperparameters for 

each machine learning algorithm were meticulously tuned 

using a random grid search approach, validated through a 

3-fold cross-validation methodology. Visualization of 

feature-TTF relationships, as depicted in Figure 10, 

unveiled significant correlations between certain features 

and Time to Failure (TTF). 

Cross-validation methodologies, notably k-fold cross-

validation, serve as a robust mechanism for scrutinizing 

model performance. By segmenting the training data into 

multiple folds, the model is iteratively trained on different 

fold combinations, with performance evaluations 

conducted across each iteration. This iterative process 

furnishes more dependable assessments of model efficacy. 
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4 Methodology 
In our research endeavor focused on earthquake 

prediction utilizing the LANL dataset, we embark on a 

comprehensive methodology integrating advanced 

machine learning techniques to enhance forecasting 

accuracy. The methodology commences with an intricate 

phase of data preprocessing, a pivotal step ensuring the 

dataset's readiness for subsequent model training and 

evaluation. This preprocessing stage involves meticulous 

cleaning to address any missing values or outliers that may 

distort the model's learning process. Additionally, feature 

engineering techniques are employed to extract 

informative statistical features from the raw acoustic 

signal data, thereby enriching the dataset with valuable 

insights into seismic activity dynamics. Following data 

preprocessing, it proceeds with the training of individual 

predictive models, commencing with the utilization of 

CatBoost, a powerful gradient boosting algorithm 

renowned for its efficacy in handling heterogeneous data. 

CatBoost is adeptly trained on the preprocessed dataset to 

generate preliminary predictions concerning the timing of 

earthquake occurrences. Concurrently, an SVR model is 

trained independently to capture residual errors from the 

predictions generated by the CatBoost model. This two-

step training process aims to harness the complementary 

strengths of both algorithms, with CatBoost excelling in 

capturing complex patterns and SVR adept at modeling 

nonlinear relationships inherent in seismic data. 

Once the individual models are trained, it advances to 

the integration phase, where features generated by the 

CatBoost model, along with the residuals obtained, are 

amalgamated to form an augmented feature set. This 

combined feature set serves as input for training the hybrid 

CatBoost-SVR model, an ensemble model designed to 

optimize predictive performance by leveraging the 

strengths of both algorithms. The hybrid model undergoes 

meticulous evaluation using established metrics such as 

Mean Squared Error (MSE), facilitating comprehensive 

comparison with individual CatBoost and SVR models to 

gauge its efficacy in earthquake prediction tasks. 

Moreover, it encompasses a post-evaluation analysis 

phase aimed at interpreting feature importance and 

gaining insights into the contributions of individual 

features and algorithms to the hybrid model's predictive 

performance. This analysis provides valuable information 

for refining the model and identifying areas for further 

improvement. To ensure the robustness of model 

performance, cross-validation techniques such as k-fold 

cross-validation may be employed, along with 

hyperparameter tuning to fine-tune the parameters of both 

CatBoost and SVR models. 

4.1 CatBoost model 

In our research utilizing the LANL earthquake dataset, 

CatBoost shown in Figure 10 emerges as a fundamental 

component of our predictive modeling framework. 

Renowned for its robust gradient boosting capabilities, 

CatBoost plays a pivotal role in deciphering the intricate 

patterns embedded within the heterogeneous acoustic 

signal data characteristic of seismic activity dynamics. 

Through meticulous data preprocessing, which includes 

thorough cleaning and feature engineering, we prepare the 

LANL dataset to harness CatBoost's prowess in extracting  

 

 

Figure 10: Architecture of CatBoost. 

pertinent statistical features indicative of earthquake 

occurrences [39]. 

During the modeling phase, CatBoost is trained on the 

preprocessed dataset to generate initial predictions 

regarding the timing of earthquakes [40][41]. Leveraging 

its advanced gradient boosting techniques, CatBoost 

excels in discerning complex temporal dependencies and 

subtle patterns inherent in the acoustic data. Moreover, 

CatBoost's ability to handle categorical features adeptly 

proves invaluable, ensuring that all relevant information is 

effectively utilized during model training. 

Understanding these key concepts of the training data 𝐷D 

and the indicator function  

𝑦𝑘
𝑗
= 𝑦𝑙

𝑗
, allows us to define the formula for the encoded 

value  
𝑦̂𝑗
𝑙 ,  of the j-th categorical variable of the l-th element in 𝐷 

as follows: 

𝑦̂𝑙
𝑗
=
∑  𝑦𝑘∈𝐸𝑙

1
𝑦𝑘
𝑚=𝑦𝑙

𝑗 ⋅ 𝑧𝑘 + 𝑏𝑘

∑  𝑦𝑗∈𝐸𝑙
1
𝑦𝑘
𝑗
=𝑦𝑙

𝑗 + 𝑏
 

Prokhorenkova et al. state that CatBoost prevents target 

leakage due to the specific property of the technique it uses 

for encoding categorical variables, which they detail as: 

F(𝑦̂𝑗 ∣ 𝑧 = 𝑤) = F(𝑦̂𝑙
𝑗
∣ 𝑧𝑙 = 𝑤). 

One of the key strengths of CatBoost lies in its provision 

of feature importance metrics, which offer valuable 

insights into the underlying factors driving seismic 

activity. 
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By analyzing these metrics, we gain a deeper 

understanding of the acoustic signal characteristics that 

significantly influence earthquake prediction accuracy. 

This knowledge informs subsequent model refinement 

endeavors, facilitating the selection of the most 

informative features for enhanced predictive performance. 

 

4.2 SVR model 

Support Vector Regression (SVR) shown in Figure 1 

stands as a fundamental component within our predictive 

modeling framework, aiming to harness the intricacies of 

the LANL earthquake dataset for enhanced earthquake 

prediction accuracy. Rooted in the principles of support 

vector machines, SVR offers a potent methodology for 

capturing nonlinear relationships inherent in seismic 

activity dynamics [42]. 

SVR operates by transforming the input data into a 

high-dimensional feature space, where it endeavors to 

identify the optimal hyperplane that best fits the data while 

maximizing the margin between data points and the 

hyperplane. This mechanism allows SVR to adeptly 

capture complex temporal patterns and relationships 

present in the acoustic signal data recorded during 

laboratory-simulated earthquakes [43]. 

In our research, SVR serves as a complementary 

component alongside CatBoost within a hybrid modeling 

approach geared towards refining earthquake prediction 

accuracy. While CatBoost excels in elucidating global 

patterns and interactions within the data, SVR augments 

this capability by focusing on capturing residual errors and 

fine-tuning predictions, particularly in regions of the 

feature space where CatBoost may exhibit limitations. The 

continuous-valued function that is being approximated 

can be expressed as in the following eq. 1: 

 

𝑦 = 𝑓(𝑥) =< 𝑤, 𝑥⟩ + 𝑏 = ∑  𝑀
𝑗=1 𝑤𝑗𝑥𝑗 + 𝑏, 𝑦, 𝑏 ∈

ℝ, 𝑥, 𝑤 ∈ ℝ𝑀              (1) 

It is based on the linear loss function of Eq. 2,3,4: 

𝐿𝜀(𝑦, 𝑓(𝑥, 𝑤)) =

{
0    |𝑦 − 𝑓(𝑥, 𝑤)| ≤ 𝜀
|𝑦 − 𝑓(𝑥, 𝑤)| − 𝜀     otherwise 

 (2) 

𝐿𝑐(𝑦, 𝑓(𝑥, 𝑤)) =

{
0    |𝑦 − 𝑓(𝑥, 𝑤)| ≤ 𝜀;

(|𝑦 − 𝑓(𝑥, 𝑤)| − 𝜀)2     otherwise, 
 (3) 

𝐿(𝑦, 𝑓(𝑥, 𝑤)) =

{
𝑐|𝑦 − 𝑓(𝑥, 𝑤)| −

𝑐2

2
    |𝑦 − 𝑓(𝑥, 𝑤)| > 𝑐

1

2
|𝑦 − 𝑓(𝑥, 𝑤)|2    |𝑦 − 𝑓(𝑥, 𝑤)| ≤ 𝑐

 (4) 

 

 

Figure 11: Architecture of SVR. 

Table3: Parameters of SVR. 

Parameter Value 

Kernel 

Radial Basis Function 

(RBF) 

C 1.0 

Epsilon 0.1 

Gamma auto 

Degree 3 

Coefficient 0.0 

Shrinking True 

Tolerance 0.001 

 

By adopting a soft-margin approach similar to that 

used in SVM, slack variables 𝜉𝜉 and 𝜉∗𝜉∗ can be 

introduced to protect against outliers. 

 
ℒ(𝑤, 𝜉∗, 𝜉, 𝜆, 𝜆∗, 𝛼, 𝛼∗)

=
1

2
∥ 𝑤 ∥2+ 𝐶∑  

𝑁

𝑖=1

𝜉𝑖 + 𝜉𝑖
∗ +∑  

𝑁

𝑖=1

𝛼𝑖
∗(𝑦𝑖 − 𝑤𝑇𝑥𝑖 − 𝜀 − 𝜉𝑖

∗)

+∑  

𝑁

𝑖=1

𝛼𝑖(−𝑦𝑖 +𝑤𝑇𝑥𝑖 − 𝜀 − 𝜉𝑖) −∑  

𝑁

𝑖=1

𝜆𝑖𝜉𝑖 + 𝜆𝑖
∗𝜉𝑖

∗

 

                                             (5) 

 

∑  
𝑁𝑠𝑣
𝑖=1 (𝛼𝑖 − 𝛼𝑖) = 0, 𝛼𝑖 , 𝛼𝑖

∗ ∈ [0, 𝐶]               (6) 

Moreover, SVR offers versatility in modeling diverse 

relationship types through its kernel trick, affording us the 

opportunity to encapsulate nonlinear dependencies 

between acoustic signal features and earthquake timing 

[44]. By judiciously selecting kernel functions and tuning 

hyperparameters such as C, epsilon, gamma, and degree, 

we tailor the SVR model to adeptly capture the nuanced 

dynamics of seismic activity as represented in the LANL 

earthquake dataset. Through rigorous experimentation and 

comprehensive model evaluation, our research endeavors  

to showcase the efficacy of SVR within our hybrid 

modeling paradigm for earthquake prediction. Leveraging 

SVR's capacity to handle nonlinear relationships and 

refine predictions, we aspire to elevate the overall 

accuracy and reliability of earthquake forecasting, thereby 

contributing substantively to the field of seismology and 

advancing disaster preparedness efforts. 
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4.3 Hybrid model 

Our research introduces a novel hybrid modeling 

approach that synergistically integrates CatBoost and 

Support Vector Regression (SVR) shown in Figure 12 to 

bolster earthquake prediction accuracy, leveraging the 

distinctive strengths of each model component to achieve 

superior performance. This section delineates the pivotal 

role played by the hybrid model in advancing the state-of-

the-art in earthquake forecasting. The hybrid model 

architecture strategically combines the robust gradient 

boosting capabilities of CatBoost with the nuanced 

nonlinear regression capabilities of SVR, aiming to 

harness the complementary strengths of both models for 

  

 

Figure 12: Flow diagram of CatBoost-SVR model for 

earthquake prediction. 

optimal predictive accuracy. CatBoost, renowned for its 

prowess in capturing global patterns and interactions 

within the data, lays the foundation for the hybrid model 

by furnishing preliminary predictions and identifying 

salient features. Conversely, SVR operates as a refinement 

mechanism, focusing on capturing residual errors and 

fine-tuning predictions, especially in regions of the feature 

space where CatBoost may exhibit limitations. By 

amalgamating these two distinct modeling paradigms, the 

hybrid approach endeavors to surmount the individual 

limitations of CatBoost and SVR while capitalizing on 

their collective strengths. Through a meticulous fusion of 

diverse modeling techniques, the hybrid model aims to 

transcend the boundaries of conventional earthquake 

prediction methodologies, offering a holistic and 

synergistic solution to the inherently challenging task of 

forecasting seismic activity.  

Our research demonstrates the tangible benefits 

accrued from the hybrid modeling approach in terms of 

enhanced earthquake prediction accuracy. By judiciously 

leveraging the complementary capabilities of CatBoost 

and SVR, the hybrid model adeptly captures intricate 

temporal dependencies and subtle patterns embedded 

within the LANL earthquake dataset and reliable 

predictions of earthquake timing. Through rigorous 

experimentation and comprehensive model evaluation, we 

showcase the tangible improvements achieved by the 

hybrid model over individual CatBoost and SVR models. 

The hybrid approach not only outperforms its constituent 

components but also exhibits superior robustness and 

generalization capabilities, underscoring its efficacy as a 

promising solution for advancing earthquake prediction 

methodologies. 

5 Experimental results 

The effectiveness of our hybrid model, which integrates 

CatBoost and Support Vector Regression (SVR), was 

rigorously evaluated using the LANL earthquake dataset. 

The results demonstrated substantial improvements in 

earthquake prediction accuracy compared to the 

individual models. The training process begins with the 

collection and preprocessing of acoustic data related to 

seismic activities. This involves handling missing values, 

outliers, and noise, ensuring the data is clean and ready for  

Table 4: Parameters of CatBoost. 

Parameter Value 

Iterations 1000 

Learning Rate 0.1 

Depth 6 

L2 Regularization 3 

Random Seed 42 

Loss Function RMSE 

Early Stopping Enabled  

analysis. Relevant features are then extracted from the 

acoustic data, including frequency components, 

amplitudes, and other time series characteristics. These 

features will serve as the input for the hybrid CatBoost-

SVR model. Next, the dataset is split into training and 

validation sets. A small validation split, typically around 

6%, is used to assess the model's performance during 

training. This split enables the CatBoost model, which 

captures temporal patterns, to be trained on a large portion 

of the data, ensuring it can effectively learn from the 

available information.  

The CatBoost model is then trained on the training data, 

utilizing the extracted acoustic features as input and the 

time of failure as the target variable shown in Figure 13. 

Similarly, the SVR model is trained on the same dataset to 

predict the time of failure. Both models are configured 

with specific parameters, including iterations, learning 

rate, depth, regularization, and others, to optimize their 

performance. Once both models are trained, their 

predictions are combined using a fusion technique, such 

as averaging or weighted averaging. This hybrid approach 

leverages the strengths of both CatBoost and SVR, 

potentially improving prediction accuracy. 

The training dataset used in this study is exceptionally 

large, consisting of a continuous segment containing over 

629 million acoustic signal data points. Despite its vast 

size, it's important to note that this dataset covers only 16 

laboratory-simulated earthquakes. These earthquakes 

were artificially generated within a controlled laboratory 

environment rather than occurring naturally in the field. 

The experimental duration lasted for 157.28 seconds, 

during which data was continuously recorded.  This 

extensive dataset provides a rich source of information for 



104 Informatica 49 (2025) 93–110    Arush Kaushal et al. 

training machine learning models to predict seismic 

events. Each data point in the dataset represents a specific  

 

 

Figure 13: Training split in relation to acoustic data to 

time to failure for earthquake prediction. 

 

 

Figure 14: Subset of training data in relation to acoustic 

data to time to failure for earthquake prediction. 

measurement or observation of the acoustic signal. 

Throughout the experiment, data was recorded at a 

frequency of 4 MHz, indicating the rate at which 

individual data points were sampled or recorded. The size 

and detail of this dataset offer significant potential for 

exploring and understanding the underlying patterns and 

dynamics of seismic activity, despite its limited coverage 

of actual earthquake events. Figure 14 demonstrates that 

following each earthquake, there are distinct fluctuations 

in the acoustic data.  

These fluctuations indicate changes in the surrounding 

environment triggered by the seismic event. The excerpt 

further specifies the temporal relationship between 

earthquakes and acoustic alterations: the shortest duration 

observed between an earthquake and these acoustic 

changes, occurring before the first earthquake, is 1.5 

seconds. Conversely, the longest duration observed, 

preceding the seventh earthquake, extends to 16 seconds. 

Understanding this pattern and its temporal characteristics 

is crucial for several reasons. Firstly, it provides direct 

evidence of the immediate impact of earthquakes on the 

surrounding environment, as captured by acoustic sensors. 

This insight aids in understanding the dynamics of seismic 

events and their effects on the surrounding area.  

The Hybrid CatBoost and SVR model applied to the 

LANL dataset for earthquake prediction involves a 

configuration that balances computational complexity 

with predictive accuracy. By using 100 epochs for the 

CatBoost model and a batch size of 32, we ensured that 

the model could learn effectively while optimizing 

memory usage on the GPU. The learning rate was set to 

0.05 to maintain a balance between training speed and 

model performance. L2 regularization was employed with 

a value of 3 to reduce overfitting, which is crucial for noisy 

data like earthquake-related data. In terms of 

computational resources, we set the C parameter for the 

SVR model to 1.0 to balance model complexity and error 

rates, while the epsilon value was set to 0.1 to allow small 

errors during training. The Radial Basis Function (RBF) 

kernel was selected to handle the non-linear nature of the 

data, and GPU acceleration was used to speed up the 

training process, particularly for large datasets. The batch 

size for SVR was also set to 32, helping optimize memory 

usage during optimization. The computational cost 

increases when using a hybrid approach, as both CatBoost 

and SVR are trained separately and then their predictions 

are combined. This means the training time for the hybrid 

model is higher compared to using a single model, 

especially when dealing with large datasets. With 100 

trees in CatBoost and 1000 support vectors in SVR, 

training required substantial computational power. To 

handle this efficiently, we used high-performance GPUs 

like the NVIDIA Tesla V100, which helped reduce the 

overall training time. We also ensured the system had 32 

GB of RAM to accommodate the large datasets without 

hitting memory bottlenecks. While dropout is not directly 

applicable to CatBoost and SVR, we used early stopping 

in CatBoost to prevent overfitting by halting training when 

the validation error plateaued. The gamma parameter in 

SVR was set to 0.1, ensuring that the influence of support 

vectors remained optimal for generalization. The runtime 

for this hybrid model depends on various factors like the 

number of epochs, trees, and support vectors, and we 

observed that training took several hours on a multi-core 

CPU setup. For large datasets, cloud-based platforms like 

Google Cloud AI or AWS EC2 instances with GPU 

support were used to accelerate training. These platforms 

allowed us to scale training efficiently, significantly 

reducing training time. Once trained, the model 

demonstrated fast inference times, processing predictions 

in milliseconds per sample, making it suitable for real-

time applications like earthquake forecasting. The model 

was optimized for speed, ensuring that even large batches 

of data could be processed quickly without compromising 

accuracy. The model’s feasibility in real-time earthquake 

prediction depends on having access to sufficient 

computational resources, such as GPUs and adequate 

RAM, to handle the high computational cost during 

training. The scalability and efficiency demonstrated 

through cloud-based platforms also highlight that, with the 

right infrastructure, this approach can be effectively 

implemented in real-world environments where real-time 

prediction and high accuracy are essential. Moreover, 

identifying consistent temporal patterns between 

earthquakes and acoustic alterations enables the 

development of predictive models. By understanding how 

quickly changes in the acoustic environment occur 

following seismic events, researchers can better forecast 

future earthquakes based on real-time acoustic data. This 

capability is invaluable for improving early warning 

systems and enhancing disaster preparedness efforts, 

potentially saving lives and reducing damage from seismic 

events.  
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Figure 15: Two segments of testing data. 

The testing dataset is comprised of 2624 sequential 

segments, each holding 0.0375 seconds of acoustic 

signals. To match this format, the training dataset was 

fragmented into roughly 4194 segments, each also 

containing 0.0375 seconds of data, equivalent to 150,000 

sample points. It's notable that this segment length is 

relatively brief when contrasted with the average time gap 

between earthquakes in the training data, which stands at 

9.83 seconds. This adjustment in the structure of the 

training dataset ensures uniformity with the format of the 

testing data shown in Figure 15, which aids in 

standardizing the process of model evaluation. However, 

the shorter segment length may present certain constraints, 

particularly in capturing longer-term temporal patterns 

inherent in the seismic data. Nonetheless, despite this 

difference, the segmented training data remains valuable 

for training machine learning models to forecast seismic 

events using acoustic signals. 

𝑀𝑆𝐸 =
1

𝑀
∑  𝑀
𝑗=1 (𝑥𝑗 − 𝑥̂)

2
              (7) 

𝑀𝐴𝐸 =
1

𝑀
∑  𝑀
𝑗=1 |𝑥𝑗 − 𝑥̂|              (8) 

The hybrid model, which combines the strengths of 

CatBoost and SVR, significantly outperformed both 

individual models, achieving a validation MSE. This 

improvement highlights the hybrid model's capability to 

integrate the broad pattern recognition strengths of 

CatBoost with the detailed, nonlinear modeling 

capabilities of SVR. The notable reduction in MSE 

illustrates the enhanced accuracy and robustness of the 

hybrid approach. A comprehensive error analysis further 

elucidated the performance improvements brought by the 

hybrid model. Analysis of the residuals from the CatBoost 

model revealed specific nonlinear patterns that were not 

fully addressed. The SVR model effectively captured 

these patterns, refining the predictions and thereby 

reducing the overall error. This synergy between CatBoost 

and SVR was particularly beneficial in capturing temporal 

dependencies within the dataset, leading to improved 

prediction accuracy for seismic events, especially those 

occurring at the extremities of the time intervals. The 

CatBoost models feature importance analysis identified 

several key predictors of earthquake timing, which were 

crucial to the hybrid model’s enhanced performance. 

These key features included statistical attributes such as 

mean, standard deviation, skewness, and kurtosis of the 

acoustic signal segments, along with rolling window 

statistics that captured temporal trends and patterns. The 

integration of these features into the hybrid model allowed 

for a more comprehensive understanding and prediction of 

seismic events. 

The performance evaluation of our hybrid model was 

conducted against the individual CatBoost and SVR 

models using Mean Absolute Error (MAE) as the primary 

metric. The table presents a comparative analysis of three 

models: CatBoost, SVR (Support Vector Regression), and 

a hybrid model that integrates both CatBoost and SVR. 

The evaluation is based on four essential metrics: Training 

Mean Squared Error (MSE), Validation MSE, Testing 

MSE, and MAE. For the CatBoost model, the Training 

MSE is recorded as 0.145, with Validation MSE at 0.150, 

Testing MSE at 0.152, and MAE at 0.123. Conversely, the  

Table 5: Performance metrics of the CatBoost-SVR 

model. 

Model 
Training 
MSE 

Validation 
MSE 

Testing 
MSE 

MAE 

CatBoost 0.145 0.150 0.152 0.123 

SVR 0.148 0.153 0.155 0.137 

Hybrid 
Model 0.120 0.134 0.136 

0.0825 

 

SVR model demonstrates slightly higher MSE values, 

with Training MSE at 0.148, Validation MSE at 0.153, 

Testing MSE at 0.155, and MAE of 0.137. In contrast, the 

hybrid model, amalgamating CatBoost and SVR, 

outperforms both individual models across all metrics. It 

achieves the lowest MSE values: Training MSE at 0.120, 

Validation MSE at 0.134, and Testing MSE at 0.136. 

Notably, it also attains the lowest MAE of 0.0825. These 

reduced MSE and MAE scores of the hybrid model 

underscore its enhanced precision in predicting the time of 

the next earthquake based on acoustic data, positioning it 

as the superior choice among the examined models. The 

CatBoost component effectively identifies crucial features 

and offers robust initial predictions, while the SVR 

component refines these predictions by addressing 

residual errors, particularly in areas where CatBoost may 

exhibit shortcomings. Consequently, the superior 

performance of the hybrid model emphasizes its potential 

as a robust tool for enhancing earthquake prediction 

accuracy. To validate the robustness and generalization 

capabilities of the hybrid model, cross-validation 

techniques were employed. These included k-fold cross-

validation, which ensured consistent performance across 

different subsets of the training data. The model was also 

tested on unseen data, further underscoring its reliability 

and applicability in real-world scenarios. Consistent 

performance across these validation methods highlighted 

the model's robustness and its potential for practical 

application in earthquake prediction. Table 5 illustrate the 

average prediction of next earthquake using the CatBoost-

SVR model. This presents a comparison of the 

benchmark, final model, and actual data values for the 

time remaining until the next earthquake in the provided 

data. Figure 16 presents a comparison of the predictions 



106 Informatica 49 (2025) 93–110    Arush Kaushal et al. 

for the actual data values representing the time remaining 

until the next earthquake. The plot showcases the 

performance of the applied model (depicted in green) and 

the actual values (highlighted in blue). This positioning 

indicates that the applied model outperforms the others in 

predicting the time until the next labquake. 

The selection of the Hybrid CatBoost and SVR model 

for earthquake prediction in this methodology was driven 

by the complementary strengths of both algorithms, 

making them well-suited for the complexities of seismic 

data. CatBoost, a gradient boosting model, excels in 

handling large datasets with complex relationships 

between features. It is particularly effective in managing 

categorical variables and missing data, which are common 

in real-world seismic datasets. Its robust performance in 

capturing non-linear patterns without requiring extensive  

 

Figure 16: Comparison between the actual time to failure 

and the prediction generated by the benchmark model. 

hyperparameter tuning makes it an ideal choice for 

modeling the intricate relationships present in earthquake 

data, where simple linear models often fall short. 

Moreover, CatBoost’s ability to reduce overfitting through 

regularization and its built-in handling of feature 

interactions allow it to perform well in noisy 

environments, such as earthquake forecasting. SVR, on 

the other hand, is a powerful regression model that works 

well in situations where the data exhibits high variance 

and non-linear patterns, which are characteristic of 

seismic events. By using kernel methods, SVR is capable 

of capturing complex relationships between variables, 

making it a suitable choice for earthquake prediction, 

where the underlying patterns may not be easily 

discernible. Combining CatBoost’s strength in handling 

categorical and complex relationships with SVR’s ability 

to model non-linear data provided a hybrid approach that 

leverages the advantages of both models. This hybrid 

model was chosen to improve predictive accuracy, as it 

could better generalize across the diverse features of the 

seismic dataset while minimizing overfitting. 

Additionally, the hybrid model offered a more flexible and 

scalable approach, enabling the model to adapt to new and 

varied seismic data inputs, making it a strong candidate for 

real-world earthquake prediction tasks. 

Despite aligning with the general trend, the 

predictions from the applied model also show closer 

proximity to the extremes. However, it is worth noting that 

the final solution still does not capture the majority of 

these extreme values, as evidenced by the green lines 

never descending below 1.5 seconds in the plots. 

Nonetheless, the achieved MAE score on the unknown 

earthquake data registers at 0.0225, representing a 

significant improvement. The Table 6 outlines a 

comparative analysis of various studies based on the 

authors, algorithms employed, datasets utilized, and the 

Mean Absolute Error (MAE) obtained in forecasting the 

time until the next earthquake. Brykov et al. [45] utilized 

the XGBoost algorithm on the LANL dataset, achieving 

an MAE of 0.1910. In contrast, H Jasperson et al. [46] 

employed the Conscience Self-Organizing Map (CSOM) 

algorithm on the same LANL dataset, yielding a lower 

MAE of 0.1291. Our study, however, stands out with the 

application of the CatBoost-SVR algorithm on the LANL 

dataset, resulting in the lowest MAE of 0.0825 among the 

compared studies as shown in Figure 17. This indicates 

that our methodology demonstrates superior predictive  

 

 

Figure 17: Graphical representation illustrating the 

performance metrics of the CatBoost-SVR model. 

accuracy in forecasting the time until the next earthquake 

compared to the other approaches discussed. 

The hybrid model's efficacy in predicting the time of the 

next earthquake is demonstrated through its superior 

performance compared to individual CatBoost and SVR 

models, as indicated by lower MSE and MAE scores. By 

integrating the strengths of both CatBoost and SVR 

algorithms, the hybrid model leverages their 

complementary features. CatBoost's proficiency in 

handling categorical features and SVR's ability to capture 

complex patterns enable the hybrid model to effectively 

discern diverse patterns within the acoustic data related to 

seismic activities. This fusion results in enhanced 

precision, as evidenced by the reduced MSE and MAE 

values, showcasing the model's capability to provide more 

accurate forecasts. Furthermore, the hybrid model exhibits 

robust generalization to unseen data, ensuring reliability 

in real-world scenarios. Its resilience to noise and 

fluctuations further underscores its dependability, making 

it a promising approach for seismic activity forecasting 

based on acoustic data. 
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Table 6: Comparative performance of earthquake 

prediction algorithms. 

S. 

No. 

Authors Algorith

m 

Dataset MAE 

1. Brykov et al. 

[45] 

XGBoost LANL 0.191

0 

2. H Jasperson et 

al. [46] 

CSOM LANL 0.129

1 

3. X.Zang et al. 

[47] 

GNN LANL 0.142 

4. P. Bannigan et 

al. [48] 

LGBM LANL 0.125 

5. Our study CatBoost 

-SVR 

LANL 0.082

5 

 

6 Conclusion and future scope 

The culmination of this research underscores the efficacy 

of our hybrid model in earthquake prediction accuracy, as 

demonstrated through comprehensive performance 

evaluation against individual CatBoost and SVR models. 

Leveraging Mean Absolute Error (MAE) as the primary 

metric, we conducted a thorough comparative analysis 

across essential metrics including Training Mean Squared 

Error (MSE), Validation MSE, Testing MSE, and MAE. 

Our findings reveal that the hybrid model, combining 

CatBoost and SVR, consistently outperforms both 

individual models across all metrics, showcasing the 

lowest MSE values and attaining the lowest MAE of 

0.0825. These notable reductions in MSE and MAE 

underscore the enhanced precision of our hybrid model in 

predicting the time of the next earthquake based on 

acoustic data, positioning it as the superior choice among 

the examined models. Our approach to feature selection 

involved constructing various models and comparing their 

MAEs to identify the optimal combination of features 

yielding the lowest MAE. However, the study also 

highlights the challenge posed by the curse of 

dimensionality, where the total number of possible feature 

combinations escalates rapidly. Despite this challenge, our 

study aimed to predict the time remaining before the next 

failure solely based on moving time windows of acoustic 

data, employing a data segmentation approach similar to 

LANL's quasi-periodic seismic signals analysis. The 

potential applications of the Hybrid CatBoost and SVR 

model in disaster management and seismology are vast. 

One of the most impactful applications is in earthquake 

early warning systems, where the model can be integrated 

into existing seismic networks to provide real-time 

predictions. This capability could enable authorities to 

issue timely alerts, helping mitigate human casualties and 

reduce infrastructure damage in the event of an 

earthquake. The model’s ability to process large datasets 

and integrate various seismic features, such as historical 

seismic activity and geological factors, could enhance 

earthquake forecasting, improving the understanding of 

earthquake dynamics and identifying patterns that precede 

significant seismic events. Additionally, the model could 

be used for risk assessment in earthquake-prone regions, 

informing better urban planning, construction practices, 

and emergency response strategies. By predicting the 

likelihood of earthquakes and assessing regional 

vulnerabilities, governments can take proactive measures 

to improve public safety and preparedness. 

Looking forward, several future research directions 

could build on the findings of this study and further 

enhance the model’s capabilities. One promising avenue 

is the integration of real-time seismic data from a broader 

network of sensors, such as GPS and ground motion 

sensors, to improve the accuracy and timeliness of 

predictions. Another exciting direction is the exploration 

of deep learning models, such as convolutional neural 

networks (CNNs) or recurrent neural networks (RNNs), 

which could automatically extract useful features from 

raw seismic data, thereby improving prediction accuracy. 

Furthermore, the development of ensemble models that 

combine multiple machine learning algorithms could 

enhance robustness and reduce errors. Techniques like 

transfer learning could allow the model to be applied to 

different seismic regions with minimal retraining. Finally, 

addressing the model’s computational efficiency and 

scalability, particularly for large datasets, will be critical 

for real-time implementation. Research into distributed 

learning methods or more efficient parallel processing 

techniques could improve the model’s feasibility for large-

scale, real-time applications in earthquake prediction and 

disaster management. In essence, this research not only 

showcases the effectiveness of our hybrid model in 

earthquake prediction but also underscores the importance 

of meticulous feature selection, model optimization, and 

rigorous evaluation techniques in enhancing predictive 

accuracy.  

Data availability 
The competition dataset and binary data have been 

uploaded to Kaggle. 

(https://www.kaggle.com/c/LANL-Earthquake-

Prediction/data) 
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The 2D Discrete Wavelet Transform is a signal transform that is frequently used in picture and video 

compression. It is a computationally costly signal transform. VLSI implementation of 2D DWT is 

susceptible to a set of restrictions such as area and power consumption due to its increasing use in high 

data rate communication and storage in portable and handheld devices. The Distributed Arithmetic 

architecture is one of several architectures for constraint-driven VLSI implementation of 2D DWT that 

have been developed in recent years. The Distributed Arithmetic architecture is used efficiently to execute 

inner product computations, eliminating the need for multiplication and increasing computation speed. 

Filtering is the most power-intensive process in DWT, and multipliers are more expensive, so in 

Distributed Arithmetic architecture, multipliers are substituted with shifts and ROM lookup tables. 

However, as the number of filter coefficients grows, the size of the ROM look-up table grows, which can 

be decreased using the lookup table compression technique. In this paper, an Improved Memory Efficient 

Distributed Arithmetic Architecture for DWT has been proposed. The look-up table is used to stock the 

inner product values and then compressed. The performance of the improved LUT compressed algorithm 

is superior than the existing technique. 

Povzetek: Predlagana je optimizirana pomnilniško učinkovita VLSI arhitektura za 2D DWT pri obdelavi 

satelitskih slik. Z uporabo porazdeljene aritmetike in stiskanja LUT zmanjša stroške računanja, izboljša 

hitrost in učinkovitost za aplikacije z visoko hitrostjo prenosa podatkov.

1   Introduction  
Wavelet-based approaches are used to tackle complicated 

problems in math and engineering, with current 

applications including data compression, signal 

processing, image processing, pattern recognition, 

computer graphics, aeroplane and submarine detection, 

and other medical imaging technologies. A wavelet is an 

orthogonal function that may be applied to a limited set of 

data in the sense of the Discrete Wavelet Transform 

(DWT). 

Mohanty B.K. Meher P.K. introduced a distributed 

arithmetic (DA) formulation for DWT computation 

utilising 9/7 filters in 2009, and transferred it to bit-parallel 

and bit-serial architectures for high-throughput and low-

hardware implementations, respectively. For low-

hardware solutions, the bit-serial structure processes the 

input vector's bit-slices in a serial fashion, whereas the bit-

parallel structure processes all the bit-slices in parallel for 

high-throughput computing. The hardware usage 

efficiency of the bit-parallel structure is 100 percent. The 

suggested DA DWT structure has a much greater 

throughput rate and requires less area-delay product than 

conventional multiplier-less arrangements. 

To process N-bit input operands, the fundamental serial 

architecture needs N clock cycles [3]. The primary 

disadvantage of the serial DA design is that it consumes  

 

more clock cycles and the filter's performance is slow. To 

expedite the procedure, it is preferable to apply the DA in 

parallel. The input data is separated into even and odd 

samples based on their location in the parallel 

implementation. Even samples convolve with even and 

odd filter coefficients, while odd samples convolve with 

the same set of coefficients at the same time [2]. The result 

is achieved concurrently for both even and odd input 

samples. The number of clock cycles is lowered, resulting 

in faster processing and less memory. 

Distributed arithmetic calculations are bit-serial 

in nature in their most evident and direct form, i.e., each 

bit of the input samples must be indexed before a new 

output sample becomes available. When the input samples 

are represented with B bits of accuracy, an inner-product 

computation takes B clock cycles to complete. By 

replicating the LUT and adder tree, a parallel realisation 

of distributed arithmetic allows multiple bits to be 

processed in one clock cycle. The odd bits are sent to one 

LUT and adder tree in a 2-bit parallel implementation, 

while the even bits are fed to an identical tree. To suitably 

weight the outcome, the bit partials are left shifted and 

added to the even partials before aggregating the 

aggregate. All input bits can be calculated in parallel and 

then concatenated in a shifting adder tree in the extreme 

scenario [4]. 
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An LUT, a cascade of shift registers, and a 

scaling accumulator make up the distributed arithmetic 

implementation of the Daubechies 8-tap wavelet FIR 

filter. All potential sums of the Daubechies 8-tap wavelet 

coefficients are stored in the LUT. The bit-wide output is 

delivered to the bit serial shift register cascade, one bit at 

a time, as the input sample is serialised. The input sample 

is stored in a bit-serial format in the cascade, which is then 

utilised to generate the requisite inner-product 

computation. The shift register cascade's bit outputs are 

utilised as address inputs to the LUT. The scaling 

accumulator adds together partial LUT results to generate 

a final result at the filter output port. 

The benefit of utilising DA for a wavelet with a 

greater number of coefficients, on the other hand, may be 

lost over time due to a huge rise in memory size. The 

needed number of table entries is 2n. As the number of 

filter coefficients 'n' rises, the size of the look-up database 

grows exponentially. 

A recent 2D DWT implementation on the NVidia 

GeForce GTX TITAN Black GPU was proposed in [7]. 

The authors of the paper [7] used a register-based 

technique to propose their DWT algorithm, which they 

claimed was four times quicker than existing GPU-based 

software implementations of DWT. 

Darji et al. [8] presented a lifting DWT-based 

multiplier-less 1D/2D DWT architecture. They employed 

an innovative z-scanning method to reduce the transposing 

buffer size to 0 by using an innovative z-scanning method. 

Their temporal buffer size, on the other hand, is 

proportional to the number of input data points. Their 

requirement for adders is likewise quite great. Other newer 

methods may be able to outperform their architecture in 

terms of real-time image decomposition. 9/7 and 5/3 filter 

architectures were proposed by Meher et al. [9]. They 

offered 9/7 and 5/3 architectures with and without 

pipelines, as well as reconfigurable 9/7 and 5/3 systems. 

They concentrated on drastically lowering the size of the 

area and memory. Despite the fact that their design is 

space-efficient and their working speed is sufficient, there 

is still room to reduce their CP and thus increase the 

maximum operating frequency, which is a critical design 

component for real-time signal processing. 

A multiplier-less lifting-based 2D DWT 

architecture was proposed in the work [10]. A flipping-

based 2D DWT architecture was also presented in the 

same paper [10]. The inherent low critical-path delay of 

flipping-based architecture might be realised utilising 

lifting-based DWT design, according to the paper [10]. To 

validate the contributions, both designs were compared to 

other existing works. Despite the fact that the designs 

provided in [10] claim to greatly minimise critical-path 

delays, the critical-path delays of both lifting- and 

flipping-based architectures are significantly higher than 

any convolutional DWT architecture. As a result, there is 

plenty of room for improving timing performance. 

In the work of Hegde et al. [11], the authors 

proposed one lifting- and flipping-based DWT 

architecture which is memory and power efficient. They 

used area consumption, critical-path delay, and power 

consumption as the main performance metrics. They 

proposed ‘look-up table’ (LUT)-based multiplier to 

reduce area and critical-path delay. They developed the 

architecture using gate-level HDL language and provided 

the ASIC implementation details. By proposing LUT-

based multiplier, they successfully achieved to reduce the 

critical-path delay and area consumption of their 

multiplier than any conventional popular multiplier. 

However, they did not completely omit multipliers from 

their designs. Therefore, their design’s critical-path delay 

and power consumption are greater than any other 

multiplierless design. Moreover, LUT-based design uses a 

lot of registers or memory. Therefore, their design is also 

memory extensive. 

We are now concentrating on briefly mentioning 

some of the most current works in the domain of DWT 

architectural design, having discussed some of the most 

recent and benchmark works in the subject. The authors 

introduced 1D/2D DWT architectures based on floating-

point multiply and accumulator circuit' (MAC) units in 

their paper [12]. The 45 nm CMOS technology was used 

to implement the design. Though the validation and 

verification of the work is commendable, the performance 

in terms of critical-path delay, CT, and memory 

consumption should be improved further. 

The study given in [13] is about the LeGall 5/3 

DWT filter's DA-based DWT architecture. The work was 

implemented on an Altera FPGA, and the design's quality 

was compared to that of previous DWT-based works to 

demonstrate its superiority. However, there is still a lot of 

room for improvement in terms of area usage, power 

consumption, and operation speed with the DWT 

architecture. The authors of the paper [14] described a 

LeGall 5/3 DWT filter with a 1D DWT architecture based 

on 'canonical sign digit' (CSD)-based DA. 

The authors used the CSD-based DA approach to 

propose a hardware-efficient DWT architecture that only 

required seven adders, a few shift registers, and 

multiplexers. However, their clock period is 100 ns [14]. 

This means that the working frequency of their design is 

only 10 MHz, which is far too low for many real-time 

applications. The work of [15] offered another major and 

current DWT architecture. A dual-memory controller-

based 2D DWT architecture with a focus on real-time 

image processing was presented in the study [15]. The 

design's memory requirements were said to be streamlined 

to allow for real-time image processing. 

  An architecture that reduces the number of 

adders in a 1D Daub-4 filter module architecture and 

enhances the conventional Daub-4 very large-scale 

integration (VLSI) architecture design was proposed by 

Tiancai Lan et al [16]. The input image has a size of N × 

N matrix, and the output result is saved in the TM. Four 

sub-bands are obtained by reading the high and low 

frequencies one at a time to the second Daub-4 filter 

following the first Daub-4 filter's process.  

Hussin et al. [17] proposed the 2D DWT and 

Huffman encoding for image compression. Once the input 

image has been chosen, the first step begins with RGB 

layer division. Next, superfluous image data at each RGB 

layer is eliminated using the lossy compression (DWT) 

technique. The output of the DWT process is then encoded 
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and stored using lossless compression (the Huffman 

encoding approach). 

 

The major purpose of this study is to create a 

DWT with a memory-efficient multiplier-less 

architecture. In DWT filtering, the distributed arithmetic 

architecture is used to produce multiplier-less computing. 

The size of the ROM look-up table increases when the 

filter coefficients rise in DWT with DA architecture, 

which can be lowered by employing a more effective LUT 

compression mechanism. 

The size of the LUT can be lowered by counting 

the number of toggles between each pair of entries and 

compressing the result. The idea behind compressing the 

table is to reduce the amount of bit transitions per column 

as much as possible, then save the indices just where a bit 

toggling occurs rather than the entire column. Using the 

look-up table decoding approach, the needed inner 

product value is created from the compressed look-up 

table. 

The following is a breakdown of the paper's 

structure. The DA architecture for DWT implementation 

was covered in part II. The suggested DA-based DWT 

architecture with better compression algorithm is 

described in Section III. In section IV, the findings and 

debates are discussed. Section V brings the paper to a 

close. 

 

2 Distributed arithmetic 

architecrure for dwt implementation 
  

FPGA implementation may be difficult due to 

their lack of arithmetic capabilities compared to general-

purpose DSP processors. The reprogrammable 

configuration of FPGA is, nevertheless, its most 

significant benefit. Field Programmable Gate Arrays 

(FPGAs) are utilized in this study to implement DWT in 

hardware. With a large reduction in calculation time, 

DWT gives enough information for analysis and synthesis 

of the original signal. 

The DA-based DWT has several uses in science, 

engineering, mathematics, and computer science. The use 

of DWT as an analogue filter bank in biomedical signal 

processing for the creation of low-power pacemakers, as 

well as in ultra-wideband wireless communications, is 

demonstrated. 

To disguise the multiplications, DA is a bit level 

rearrangement of a multiply accumulate. It's a useful 

strategy for shrinking parallel hardware multiply 

accumulates that's ideally suited to FPGA designs. Since 

its introduction over two decades ago, DA has been 

frequently employed in VLSI implementations of DSP 

systems. The majority of these applications rely heavily 

on computing, with multiplication and/or addition being 

the most common operations. The key benefit of the 

distributed arithmetic technique is that it speeds up the 

multiply process by computing and storing all potential 

medium values in a ROM. After that, the input data may 

be used to address the memory and the result directly. 

 

Formulation of algorithm 

An illustration of normal Multiply Accumulate (MAC) 

operation 

                
1 1 2 2 ........... i iy A X A X A X= + +  

             (1) 

Ai = Coefficient,  Xi = Input       

                              

Distributed arithmetic implementation of DWT 

 

Let Xk be a N-bits scrambled 2’s complement number 

|Xk|<1 

 

Xk: {bk0, bk1, bk2……, bk(N-1),   

 Where bk0 is the sign bit 

 

Xk is expressed as 

 

                              Xk = -bk0 + ∑ 9𝑁
𝑛                          (2)                                                    

 

Substitute equation (2) in equation (1),       

 

y =  ∑ 𝐴𝑘
𝑘=1 𝑘

 + ∑ 9𝑁
𝑛    

 𝑦 = ∑ 𝑏𝑘0𝐴𝑘 +  ∑ 𝐴𝑘 ∑ (𝐴𝑘𝑏𝑘𝑛) 2−𝑛𝑁−1
𝑛=1

𝑘
𝑘=1

𝑘
𝑘=1  

                                                                                   

  𝑦 =  − ∑ 𝑏𝑘0𝐴𝑘 +𝑘
𝑘=1

             ∑ ∑ (𝐴𝑘𝑏𝑘𝑛)2−𝑛 𝑁−1
𝑛=1

𝑘
𝑘=1                        (3)                                  

 

Expanding this part        

                                                            

𝑦 =  − ∑ 𝑏𝑘0𝐴𝑘 + ∑ (𝐴𝑘𝑏𝑘1)2−1 +𝑘
𝑘=1

𝑘
𝑘−1

(𝐴𝑘𝑏𝑘2)2−2 + ⋯ + (𝐴𝑘𝑏(𝑁−1))2−(𝑁−1)      (4) 

𝑦 = −[𝑏10𝐴1 + 𝑏20𝐴2 + ⋯ +  𝑏𝑘0𝐴𝑘]            
+ [(𝑏11𝐴1)2−1 + (𝑏12𝐴1)2−2

+ ⋯ +  𝑏1(𝑁−1)𝐴12−(𝑁−1)] + ⋯

+  [(𝑏𝑘1𝐴𝑘)2−𝑘 +  (𝑏𝑘2𝐴𝑘)2−𝑘

+ ⋯ (𝑏𝑘(𝑁−1)𝐴𝑘)2−(𝑁−1)] 

 

y =  − ∑ 𝑏𝑘0
𝑘
𝑘=1 𝐴𝑘 + ∑ [ 𝑏1𝑛𝐴1 + 𝑏2𝑛𝐴2 +𝑁−1

𝑛=1

              … + 𝑏𝑘𝑛𝐴𝑘] 2−𝑛                                    (5)                            

 

y = − ∑ 𝐴𝑘(𝑏𝑘0)𝑘
𝑘=1 +  ∑ [∑ 𝐴𝑘𝑏𝑘𝑛]𝑘−1

𝑘=1
𝑁−1
𝑛=1  2−𝑛  

      (6)                                                    

 

Because each bkn can only take on values of 0 and 1, there 

are only 2k potential possibilities. The memory holds the 

result y after N such cycles. 

 

Hardware reduction in DA method  

 

Figure 2.1 gives the hardware realization of the 

original equation (3) and for this original equation, the 

hardware utilization is high. The DA approach decreases 

hardware use, allowing the operation to run faster. 
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y = − ∑ 𝐴𝑘(𝑏𝑘0)𝑘
𝑘=1 +  ∑ ∑ (𝐴𝑘𝑏𝑘𝑛)𝑁−1

𝑛=1
𝑘
𝑘=1 2−𝑛    

      (7)

                                                            

 
Figure 2.1: Hardware utilization for original equation 

 

Figure 2.2 shows the hardware utilization in bit level 

rearrangement. In that hardware is reduced compared to 

original equation 

 

y = − ∑ 𝐴𝑘(𝑏𝑘0)𝑘
𝑘=1 +  ∑ [∑ 𝐴𝑘𝑏𝑘𝑛]𝑘−1

𝑘=1
𝑁−1
𝑛=1  2−𝑛    

      (8)

                                                                  

         
Figure 2.2: Hardware utilization in bit level 

rearrangement 

 

 

 

DA architecture 

The LUT, Shift registers, and scaling 

accumulator make up the DA architecture of a FIR filter. 

Various sums of the four coefficients make up the LUT 

data. The operands are loaded into the registers through a 

register chain in the shift registers. Depending on whether 

a serial or parallel architecture is used, the operands are 

then shifted 'n' bits at a time. In the scaling accumulator, 

the output of the DA LUT is added to the scaled output. 

It's made with an M-bit adder and a N+M-bit shift register 

at the output. 

 

Serial DA architecture 

As illustrated in Figure 2.3, the basic serial 

architecture requires N clock cycles to handle N-bit input 

operands. The LUT, adder tree, and scaling accumulator 

are all part of the critical path in the DA architecture, 

which runs from the input shift register to the output. The 

critical path delay is dominated by adder delays without 

the pipeline registers. When the design is fully pipelined, 

the significant fan-out loading delay incurred at the output 

of the shift register feeding the DA LUT inputs entirely 

masks the adder delays. If the loading factor is taken into 

account, the adder delays dominate the critical route 

latency, which may be considerably reduced by applying 

the technique outlined in. However, there will be little 

benefit from adopting quicker adder stages until the fan-

out delays are addressed. 

 

 
 

Figure 2.3: Serial DA architecture 

 

The implementation findings show that by using 

parallelism with more than one bit at a time, the 

performance of DA systems may go up virtually linearly. 

Adding parallelism is the same as repeating the 

fundamental structure as many times as needed, each of 

which may function independently without clock 

frequency deterioration caused by pipelining. 

Due to pipelining, the frequency of both 

operations stays the same. Furthermore, because each 

stage of the DA calculation is only a single basic FPGA 

element, the highest potential clock frequency for a 

particular FPGA device may be exploited. The main 

drawback of the serial DA architecture is, it requires more 

clock cycles and the speed of filter is low. 

 

Parallel DA architecture 

The procedure will be slower because the DA 

architecture is bit serial in nature. A parallel distributed 

arithmetic architecture is built to speed up the procedure 

[4]. Figure 2.4 depicts the parallel DA architecture. The 

input data is separated into even and odd samples based 

on their location in parallel implementation. Filter 

coefficients are also divided into even and odd samples. 

Even samples convolve with even and odd filter 

coefficients, while odd samples convolve with the same 

coefficients at the same time. 

It is possible to receive results for both even and 

odd samples of input at the same time. The number of 

clock cycles is lowered, resulting in faster processing and 

less memory. The registers are loaded with the input 
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values for each cycle, and then the reloading procedure to 

registers is enabled for the following set of cycles. The 

serial shift register, which must access the look-up table, 

will receive the input x[n]. The old value will be moved 

into the next register when the new input arrives in the first 

register. Similarly, as new values enter registers, the old 

values are removed from the registers. 

 

 
 

Figure 2.4: Parallel DA architecture 

 

Consider the bit locations and retrieve the values 

of inputs from that bit position to get the address from the 

input values. Consider the LSBs of all serial registers to 

determine the initial address, for example. The initial 

position value will be generated using this address. Obtain 

all of the bit position addresses and the accompanying 

values from the look-up table in the same manner. Shift 

the values by the bit position value and provide them to 

the adder during adding. Finally, the output, which is the 

convolution of the filter coefficients and the inputs, will 

be generated. 

Both the high-pass and low-pass filters will be 

built using the same design. If the input is 8 bits long, the 

convolved value takes 8 clock cycles to compute. The 

filter operations are stated using floating point arithmetic 

while computing the wavelet coefficients. In practice, 

though, integer arithmetic is employed. The filter 

coefficients are shortened as a result. The precision of the 

calculated coefficients suffers as a result of this reduction. 

 

3 Proposed memory efficient da 

architecture for dwt 
Implementing DWT with DA architecture may 

improve computation speed, but it will also increase 

memory size as the number of wavelet coefficients grows. 

The multi-level decomposition requires a high level of 

DWT implementation complexity. As a result, the benefit 

of employing DA will be effectively gone. The size of the 

look-up table in the DA architecture for DWT is reduced 

using a novel way. A table compression approach, as 

shown in Figure 3.1, can be used to minimize the size of 

the look up table required to record all possible 

combinations of input in DA architecture. The algorithm 

for compressing the LUT is the same as that used to save 

a processor's assembly language instructions [5]. A similar 

approach can be used to reduce the number of LUTs in DA 

architecture [1].  

After going through high pass and low pass 

filters, the DWT coefficients are created. The filter 

coefficients are convolved with inputs to perform the filter 

operation with N input variables. The coefficients are 

fixed in this case. Binary can be used to represent inputs. 

The inputs are scaled to have absolute values less than one. 

In ROM look-up tables, the inner product for several 

inputs can be computed and saved in advance. If there are 

n wavelet coefficients, the look-up table will be 2n. All 

LSBs are assumed to be the first to receive data. Similarly, 

all bit positions are determined, and the look-up database 

is used to determine the appropriate values.  

 

 
Figure 3.1: Memory reduced DA architecture 

 

LUT encoding algorithm 

 The size of the LUT can be lowered by counting 

the number of toggles between each entry and 

compressing them [1]. The idea behind compressing the 

table is to reduce the amount of bit transitions per column 

as much as possible, then save the indices just where a bit 

toggling occurs rather than the entire column. Figure 2 

displays an example of a LUT with seven symbols, each 

with eight bits. The table is 56 bits in size (before 

compression). There are 8 distinct binary words in the 

table, with an index length of 3 bits. As a result, if the 

column contains no more than two transitions, it can be 

compressed. Seven columns will be compressed in this 

example, but one column will remain uncompressed. After 

compression, the table's size is reduced to 34 bits (from 56 

bits before). FPGA RAM blocks are used to hold the 

compressed table. 

 

 If the lookup table compression is modified using 

the following steps auxiliary compression can be 

achieved. The steps to be incorporated in the modified 

lookup table compression are as follows: 

 

Total number of locations:  LUT size: 2n 

if index< 2n/2  

      use rep with (n-1)-bits 

else 

       n-bits 

 

Using the above steps the table is further compressed as 

shown in Figure 3.2. Hence the LUT compression of 28 

bits can be achieved. 
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 (a)                                              (b) 

 
(c) 

Figure 3.2: a) Uncompressed LUT b) Existing 

Compressed LUT c) Improved LUT Compression 

 

Using the LUT compression methodology and 

the improved LUT compression, the size of the 

compressed LUT is decreased by 39.28% and 50%, 

respectively. Thus the modified LUT can be an efficient 

method for compressing the DWT coefficients. 

 

LUT decoding algorithm 

The needed inner product value is created from 

the compressed look-up table in this decoding process. 

When a certain input to a look-up table comes, it 

determines its location in each compressed table column. 

 

• If the input is greater or equal to the compressed 

look-up table value, then generate ‘1’ 

• If the input is lesser to the compressed look-up 

table value, then generate ‘0’ 

 

The uncompressed table columns' original bits are 

received straight from the ROM. 

 

DA DWT architecture 

 The parallel implementation of DA architecture 

is exposed in Figure 3.3. The input data is separated into 

even and odd samples based on their location in parallel 

implementation. As a result, even samples convolve with 

even and odd filter coefficients, whereas odd samples 

convolve with the same set of coefficients. The results for 

both even and odd samples of input are obtained. Here 

number of clock cycles are abridged which results in 

increased speed and decreased memory.  

 

 

 

 

 

 To access the LUT, the same number of registers 

must be used for accessing filter quantities. The data will 

be sent into a serial shift register, which will need to 

consult the look-up table. The old value will be moved into 

the next register when the new input arrives in the first 

register.  

 

Similarly, when new values enter registers, the 

old values are removed from the registers by examining 

bit positions and determining the values of inputs based on 

that bit position. Finally, all bit position addresses are 

obtained from the look-up table and are given as input to 

adder by shifting its values. Finally, the result, which is 

the convolution of the filter coefficients and the inputs, 

will be achieved. 

The DA architecture speeds up the operation by 

lowering memory use, but as the size of the look-up table 

grows larger, the decoding process becomes more time 

demanding. 

 
Figure 3.3: DA DWT architecture 

 

4 Results and discussion 
In this work, the distributed arithmetic 

architecture for DWT is designed and simulated using 

Verilog in MODEL SIM 0.61xd. Simulation verifies the 

functionality of both high pass and low pass filters. Then 

it is synthesized into Spartan3E FPGA platform using 

Xilinx ISE Design Suite 13.2.  

 

Simulation and synthesized results for single level 

DWT 

The synthesized results for the suggested design 

are presented in Figure 4.1 for the low pass and high pass 

filters. The Parallel DA-DWT Architecture reads input 

vectors from a ROM. The shredded outputs are saved, and 

simulated waveforms are used to illustrate them. 
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 Figure 4.1: Synthesized result of single level DWT 

 

Comparison of uncompressed and compressed DA 

ROM Size 

The Table I give the memory size of the look-up 

table for low pass and high pass filter with uncompressed 

DA is reduced to 60% and 40% compared to compressed 

DA respectively. The proposed technique gives the 

compression efficiency of 50% for low pass and 72% for 

high pass filter whereas the existing technique gives the 

compression efficiency of 60% for low pass and 63% for 

high pass filter. 

 

Table 1: Comparison of distributed arithmetic schemes 

Architecture 

Memory 

size (ROM) 

Lowpass 

filter 

Memory size 

(ROM) 

Highpass 

filter 

Uncompressed DA 

[1] 
80 bits 256 bits 

Existing Compressed 

DA [8] 
48 bits 96 bits 

Proposed Improved 

DA 
40 bits 72 bits 

 

Performance comparision 

The performance comparison of different architecture for 

DWT is given in Table II. 

 

Table 2: Performance comparison of various DWT 

architecture 

Scheme Level = 1 

Filter implementation [9] 16   multipliers 

Lifting implementation [8] 6 multipliers 

Serial DA  based 

implementation [14] 
43 adders 

Compressed DA based 

implementation 

4 adders 

4 subtractors 

 

The Table II gives the requirement of adder and 

multiplier for different architectures to design DWT. The 

filter based implementation involves direct multiplication 

for inner product calculation in the filter, which requires 

more number of multipliers. The filter based 

implementation of DWT for single level requires 16 

multipliers. The lifting scheme is implemented to reduce 

the arithmetic computation which requires 6 multipliers to 

implement the DWT for single level. The serial DA based 

architecture involves multiplier less operation for inner 

product calculation; it requires 43 adders to design single 

level DWT. The proposed method reduces up to 4 adders 

and 4 subtractors. 

 

Hardware utilization comparision 

The Table III gives the device utilization of DA 

architecture. It is less compared to convolution based 

architecture. The DA architecture uses LUT instead of 

multiplier for MAC unit to get inner product calculations. 

 

Table 3: Hardware utilization comparison 

LOGIC 

UTILIZATION 

CONVOLUAT

ION BASED 

ARCHITECT

URE (one 

level) [6] 

DA BASED 

ARCHITECT

URE (one 

level) 

Number of slices 

Flip Flops 
47 102 

Number of 4 

input LUTs 
294 115 

Total number of 

occupied slices 
209 91 

Number of 

bonded IOBs 
91 35 

Number of 

BUFGMUXs 
1 1 

 

Images transform comparisons using 2D-DWT 

  

 
     

(a) Input image (b) DWT Processed image (c) Output    

                                                                              image 

 

5 Conclusion 
The memory efficient DA architecture for 

discrete wavelet transform is implemented using Spartan 

3E FPGA. The DA architecture is built on the Look-up 

table technique for effective inner product computation. 

When using DA architecture to implement DWT, the size 

of the ROM look-up table grows as the filter coefficients 

grow. The revised look-up table compression technique 

reduces the size of the LUT up to 115. The compressed 

LUT is kept in the FPGA's ROM. Data can be decrypted 

by decompressing the table while conducting DWT 

calculation. The memory-based method enables the 

Parallel DA-DWT to achieve high computation speeds 
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while using a little silicon area by replacing multipliers 

with compact ROM tables. Saving adders, quick 

processing time, regular flow of data, and minimal control 

complexity are all advantages of the suggested 

architecture, making it suited for image compression 

systems. The proposed method reduces the memory size 

from 80 bits to 40 bits for LPF and 256 bits to 72 bits for 

HPF, but the decoding process will be time consuming 

while increasing the filter coefficients. The focus of future 

research will be on improving the speed of retrieval from 

LUTs and quick decoding. 
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Sign language recognition has become increasingly important as the number of hearing-impaired people 

increases. This paper optimized the you only look once version 5 (YOLOv5) algorithm from perspectives 

of attention mechanism and loss function. The convolutional block attention module (CBAM) was added 

to the network, and the original intersection over union (IoU) loss function was improved to focal complete 

IoU (CIoU). Experimental analyses were performed on the American Sign Language (ASL) dataset in the 

Windows 10 environment. Moreover, the ten-fold cross-validation was used. The experiments found that 

adding the CBAM to the neck part of YOLOv5 showed the most effective sign language recognition results. 

The improved algorithm showed improvements of 0.95% in P value, 4.19% in R value, and 2.66% in mean 

average precision (mAP) compared to the baseline algorithm. When comparing different loss functions, 

the focal CIoU performed the best. Compared with other recognition algorithms, the improved YOLOv5 

algorithm performed better in sign language recognition, achieving P value, R value, and mAP of 93.26%, 

96.77%, and 98.12%, respectively. These results verify the reliability of the improved YOLOv5 algorithm 

in sign language recognition for hearing-impaired people. It can be applied in practice. 

Povzetek: Članek raziskuje prepoznavanje znakovnega jezika za naglušne osebe z izboljšanim algoritmom 

YOLOv5, ki združuje CBAM z Focal CioU. Avtorji so optimizirali algoritem YOLOv5 z dodajanjem 

pozornostnega mehanizma CBAM in izboljšanjem funkcije izgube IoU na Focal CIoU. 

 

1 Introduction 
Sign language is a main communication tool for hearing-

impaired people [1]. The study of sign language has 

gained more attention as the number of people with 

hearing impairments continues to increase. Sign language, 

a type of body language, conveys complex meanings 

through gestures, which can be understood after 

specialized learning. However, the general population has 

limited exposure to sign language, posing significant 

challenges for hearing-impaired individuals in 

communicating with the outside world. With the 

continuous advancement of computer technology, using 

computers to achieve sign language recognition can 

provide reliable assistance for communication among the 

hearing-impaired population [2]. Sign language 

recognition can be categorized into the recognition of 

static sign language images and the recognition of 

dynamic sign language videos, which have been 

extensively investigated [3]. FAl Rafi et al. [4] studied the 

identification of Bengali sign language using pre-trained 

MobileNetV2 and a conditional deep convolutional 

generative adversarial network, achieving a test accuracy 

of 94.74%. Takahashi et al. [5] proposed a network that 

combined a 3D convolutional neural network (CNN) with 

a Transformer for isolated sign language identification. 

They demonstrated its effectiveness through experiments 

on LSA64. Yu et al. [6] explored Chinese sign language 

identification based on wearable sensors and used a deep 

belief network to recognize captured electromyography, 

accelerometer, and gyroscope signals, achieving favorable 

recognition accuracy. Joshi et al. [7] studied dynamic 

Gujarati sign language recognition. They extracted 

features based on the Mediapipe algorithm, established a 

deep learning model with six layers based on long short-

term memory, and found high accuracy through 

experiments. Wang et al. [8] developed a gesture 

recognition method based on the Transformer model and 

trained it on a large corpus. Through experiments, it was 

found that the average word error rate of this method was 

21.6%. Sharma et al. [9] proposed an attention-based real-

time embedded long short-term memory (LSTM) for 

dynamic sign language identification and achieved a real-

time recognition rate of 99.7%. Kourbane et al. [10] put 

forward a new deep learning-based framework to achieve 

hand pose estimation. Through extensive experiments on 

two datasets, they found that this method was superior to 

the existing methods. This paper primarily focused on the 

recognition of static sign language images. To address 

challenges such as feature extraction difficulties and poor 

recognition performance of sign language images and to 

further enhance the recognition performance of sign 

language images, an optimized you only look once version 

5 (YOLOv5) model was developed based on deep learning. 

The effectiveness of this model in sign language 

recognition was verified through experiments, offering a 

more accurate approach for recognizing static sign 

language images. Moreover, the method enhanced 
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communication efficiency between hearing-impaired 

people and the outside world. The results also provide 

theoretical support for further utilization of deep learning 

methods. 

2 Related works 
The improved YOLOv5 algorithm developed in this paper 

was compared with some existing target recognition 

methods, and the following results were obtained. 

 

Table 1: Comparison of related works. 

 P/% R/% mAP@0.5/

% 

Faster 

region-CNN 

[11] 

80.12 ± 

1.87 

67.89 ± 

1.65 

79.84 ± 1.77 

YOLOv3 

[12] 

87.77 ± 

2.01 

80.12 ± 

1.77 

90.31 ± 2.01 

YOLOv4 

[13] 

88.05 ± 

1.97 

83.25 ± 

1.56 

92.56 ± 2.33 

YOLOv5 88.12 ± 

2.07 

90.33 ± 

1.64 

94.21 ± 2.14 

MobileNetV

2 [14] 

91.12 ± 

2.56 

81.94 ± 

1.82 

91.27 ± 2.05 

ShuffleNetV

2 [15] 

91.08 ± 

2.33 

82.11 ± 

2.01 

91.26 ± 2.17 

Improved 

YOLOv5 

93.26 ± 

2.77 

96.77 ± 

2.68 

98.12 ± 2.32 

 

The results in Table 1 verified the reliability of the 

improved YOLOv5 algorithm in recognition of static sign 

language images. Compared with the existing target 

detection methods, in this paper, based on the traditional 

model, the improvement of the detection performance was 

achieved through the introduction of the attention 

mechanism and the optimization of the loss function, 

enabling the model to pay more attention to the samples 

that are difficult to classify. 

 

3 Improved YOLOv5 algorithm 

3.1 Sign language and deep learning 

Hearing impairment is a global health issue [16]. Based on 

the data published by the China Disabled Persons’ 

Federation, the number of hearing-impaired people in 

China reached 20.54 million in 2010, accounting for the 

most significant proportion of disabilities (24.16%). 

Among them, children have a relatively high prevalence 

of Grade 1 and Grade 2 hearing disabilities. Moreover, at 

least 20,000 newborns are affected by hearing impairment 

annually, with a prevalence rate of 0.1%-0.3% for 

congenital hearing impairment in newborns and 0.27% for 

children under five years old. 

The hearing-impaired people usually use sign 

language for communication. However, sign language 

interpreters are often necessary for effective 

communication between the general population and 

people who rely on sign language. Unfortunately, the 

severe shortage of such interpreters cannot meet the 

communication needs of these people. As technology 

develops, artificial intelligence-based sign language 

recognition has emerged as a prominent solution to 

address hearing-impaired people’s communication 

requirements. 

As a non-verbal communication, sign language does 

not rely on auditory language but utilizes a unique 

grammatical structure. It is the visual language for 

individuals with hearing impairments and plays a crucial 

role in communication [17]. Sign language recognition 

can aid hearing-impaired people in communicating with 

the society. It can be categorized into static and dynamic 

sign language recognition. The former involves 

identifying gestures in images and has wide applications 

in hospitals and banks. The latter refers to a series of 

movements within a short time. Hand trajectory is 

combined with position for accurate recognition; therefore, 

it is more complex than static gestures. 

In recognizing static sign language images, rich 

gesture features are extracted from them, and a classifier 

is used for accurate recognition. There are two main 

approaches to feature extraction. The first approach 

involves extracting visual features from sign language 

images pre-processed by denoising and segmentation [18]. 

Sign language recognition can be achieved using methods 

like support vector machines (SVM) or extreme gradient 

boosting (XGBoost), which learn a limited number of 

features. The second approach is based on deep learning, 

which can learn advanced features from images and 

achieve faster training. It has shown excellent 

performance in tasks like image identification and target 

detection [19], making it increasingly popular in sign 

language recognition [20]. 

A convolutional neural network (CNN) is a basic deep 

learning approach [21]. Image features are extracted by 

convolution. The convolution operation is conducted on 

the input feature maps to get new feature maps. The 

formula for convolution operation is: 

 

𝑌𝑘
𝑚 = 𝑓(∑ 𝑊𝑗𝑘

𝑚 ∗ 𝑌𝑗
𝑚−1 + 𝑏𝑘

𝑚
𝑗∈𝑇 ), 

 

where 𝑇 is the set of feature 𝑦𝑗
𝑚−1  in 𝑚 − 1, 𝑊𝑗𝑘

𝑚  is the 

weight of the convolution kernel, 𝑏𝑘
𝑚 is the bias, and ∗ is 

the convolution operation. 

The pooling layer reduces dimensionality through 

feature selection, which reduces the computation amount 

and avoids overfitting. Generally, there are two operations: 

maximum pooling and average pooling (Figure 1). 

 

1 6 3 5

2 7 9 3

1 2 2 1

6 3 5 4

4 5

3 3

7 9

6 5

Mean 

pooling

 Maximum

pooling

 
Figure 1: An example of pooling operations. 

 

For the features that are learned by convolution and 

pooling, the CNN converts them into classification results 

in the output layer through a fully connected layer. A 
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Dropout layer is usually added to the network to avoid 

overfitting: 

𝑦̃(𝑙) = 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝) × 𝑦(𝑙), 

𝑧𝑖
(𝑙+1)

= 𝑤𝑖
(𝑙+1)

𝑦̃(𝑙) + 𝑏𝑖
(𝑙+1)

, 

𝑦𝑖
(𝑙+1)

= 𝑓(𝑧𝑖
(𝑙+1)

), 

where 𝑦(𝑙)  stands for the output vector of the 𝑙  layer, 

𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝) is the Bernoulli function, 𝑤𝑖
(𝑙+1)

 and 𝑏𝑖
(𝑙+1)

 

are the weight and bias of the 𝑙 + 1 layer, and 𝑧𝑖
(𝑙+1)

 is the 

input vector of the 𝑙 + 1 layer. 

In CNN, nonlinear factors are introduced through 

activation functions to enhance the fitting ability of the 

network. Commonly used activation functions are: 

(1) sigmoid function: 𝑦 =
1

1+𝑒−𝑥, 

(2) Tanh function: 𝑦 =
𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥, 

(3) rectified linear unit (ReLU) function: 𝑦 =

𝑚𝑎𝑥{0, 𝑥} = {
𝑥, 𝑥 ≥ 0
0, 𝑥 < 0

. 

 

3.2 YOLOv5 algorithm 

Based on a CNN, the YOLO algorithm has various 

versions, such as YOLOv2 and YOLOv3. Among these 

versions, the most widely used is the YOLOv5 algorithm 

[22], which has a more lightweight structure and provides 

outstanding advantages in detection speed and accuracy. 

The YOLOv5 algorithm has five versions, namely n, s, m, 

l, and x, which differ in width and depth. The YOLOv5s 

algorithm is the lightest version and is particularly suitable 

for mobile deployment. Thus, this paper presents a sign 

language recognition method for hearing-impaired people 

based on the YOLOv5s algorithm. 

The YOLOv5 network can be segmented into the 

following parts. 

(1) Input end 

Mosaic data augmentation is employed to expand the 

dataset and increase the diversity of the data. Moreover, 

the scaling of the input image is adaptively adjusted to 

enhance recognition accuracy and efficiency. 

(2) Backbone network 

① Focus module: The input image is sliced to get 

multiple low-resolution sub-images to reduce the amount 

of computation. 

② Cross stage partial (CSP) network module: 

Convolution operation is combined with residual 

components to enhance the feature extraction capability of 

the model. 

(3) Neck network 

① Spatial pyramid pooling (SPP) structure: The 

feature maps of different sizes are divided into four blocks, 

which are subjected to maximum pooling of 1×1, 5×5, 9×9, 

and 13×13, and then the resulting feature maps are spliced 

and input to the next layer. 

② Feature pyramid network (FPN) and path 

aggregation network (PAN) structures: They have 

multiple bottom-up and top-down paths to acquire more 

information. 

(4) Head network 

The feature maps output from the backbone and neck 

networks are post-processed to obtain the final recognition 

results. The binary cross entropy loss (BCELoss) is used 

as the classification loss function: 

𝐵𝐶𝐸𝐿𝑜𝑠𝑠 = −
1

𝑛
∑[𝑦𝑛 ln 𝑥𝑛 + (1 − 𝑦𝑛) ln(1 − 𝑥𝑛)], 

where 𝑥𝑛 is the first probability of the 𝑛-th sample and 𝑦𝑛 

is the binary label value (0 or 1). 

The complete intersection over union (CIoU) loss is 

used as the bounding box loss function: 

𝐿𝐶𝐼𝑜𝑈 = 1 − 𝐼𝑜𝑈 +
𝜌2(𝑏,𝑏𝑔𝑡)

𝑐2 + 𝛼𝑣, 

𝛼 =
𝑣

(1−𝐼𝑜𝑈)+𝑣
, 

𝑣 =
4

𝜋2 (arctan
𝑤𝑔𝑡

ℎ𝑔𝑡 − arctan
𝑤

ℎ
)

2

, 

where 𝐼𝑜𝑈 is the IoU between the predictive box and true 

box, 𝜌2(𝑏, 𝑏𝑔𝑡)  is the Euclidean distance between 

predictive box 𝑏 and true box 𝑏𝑔𝑡, 𝑐 is the diagonal length 

of the minimum outer rectangle of the predictive box and 

true box, 𝛼 is the weighting function, 𝑣 is the width-to-

height ratio similarity, 𝑤𝑔𝑡  and ℎ𝑔𝑡  are the width and 

height of the predictive box, 𝑤 and ℎ are the width and 

height of the predictive box. 

The YOLOv5 algorithm also employs non-maximum 

suppression (NMS) as a post-processing technique to 

eliminate duplicate recognition results and filter out the 

best detection box: 

𝑠𝑖 = {
𝑠𝑖 , 𝑖𝑜𝑢(𝑀, 𝑏𝑖) < 𝑁

0, 𝑖𝑜𝑢(𝑀, 𝑏𝑖) ≥ 𝑁
, 

where 𝑠𝑖 is the confidence level of the 𝑖-th predictive box, 

𝑀  is the current predictive box with the highest 

confidence level, 𝑏𝑖 is the 𝑖-th predictive box, and 𝑁 is the 

IoU threshold. 

 

3.3 Improved YOLOv5 algorithm 

This paper optimized the YOLOv5 algorithm in terms of 

both the attention mechanism and the loss function to 

further improve its performance in sign language 

recognition. 

Adding the attention mechanism can make the model 

allocate greater focus towards essential parts and thus 

improve the recognition performance, which has 

promising applications in machine vision, natural 

language processing, and other fields [23]. This paper 

adds the convolutional block attention module (CBAM) 

[24] to the YOLOv5 algorithm to enhance the network’s 

generalization ability.  

The CBAM module has been well applied in image 

recognition tasks, such as remote sensing images [25] and 

radar images [26]. The structure of CBAM is presented in 

Figure 2. 

Input feature

Channel

attention

module

Spatial

attention

module
Refined feature

Figure 2: CBAM structure. 

 

For feature map 𝐹 ∈ 𝑅𝐶×𝐻×𝑊 , 𝐶  is the number of 

channels, and 𝐻 and 𝑊 are length and width. The formula 

for channel attention is: 

𝑀𝐶(𝐹) = 𝜎 (𝑊1 (𝑊2(𝐹𝑎𝑣𝑔
𝐶 )) + 𝑊1(𝑊2(𝐹𝑚𝑎𝑥

𝐶 ))), 
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where 𝐹𝑎𝑣𝑔
𝐶  and 𝐹𝑚𝑎𝑥

𝐶  are feature maps after mean pooling 

and maximum pooling, 𝜎  is the sigmoid activation 

function, 𝑊1 and 𝑊2 are weights. 

The input of spatial attention is the multiplication 

result of 𝑀𝐶 and original feature map 𝐹. The calculation 

formula is: 

𝑀𝑆(𝐹𝑆) = 𝜎 (𝑓7×7([𝐹𝑎𝑣𝑔
𝑆 ; 𝐹𝑚𝑎𝑥

𝑆 ])), 

𝐹𝑆 = 𝑀𝐶⨂𝐹. 

The computation formula of the output feature map is: 

𝑀𝐹(𝐹) = 𝑚𝑎𝑥(0, ( 𝑀𝑆⨂𝐹𝑆)⨁𝐹). 

In sign language recognition, CIoU loss may not fully 

take into account the diversity of sign language in shape. 

In order to better focus on the difficult-to-recognize 

gestures, this paper introduces focal loss [27] as a loss 

function. Focal loss can assign higher weights to samples 

that are difficult to classify. The combination of focal loss 

with CIoU enables it to pay better attention to difficult 

samples, reduce missed detections, and improve detection 

performance. 

𝐿𝐹𝑜𝑐𝑎𝑙𝐶𝐼𝑜𝑈 = (1 − 𝐼𝑜𝑈 +
𝜌2(𝑏,𝑏𝑔𝑡)

𝑐2 + 𝛼𝑣)
𝛾

, 

where IoU refers to the intersection over union between 

the prediction box and the true box, 𝜌2(𝑏, 𝑏𝑔𝑡)  is the 

Euclidean distance between prediction box 𝑏 and true box 

𝑏𝑔𝑡 , 𝑐 is the diagonal length of the minimum enclosing 

rectangle of the prediction box and the true box, 𝛼 is the 

weight function, 𝑣 refers to the aspect ratio similarity, and 

𝛾 is an adjustment factor to mitigate the effect of sample 

imbalance on identification, 1.5 here. 

 

4 Results and analysis 

4.1 Experimental setup 

The experiment was conducted in a Windows 10 

environment, and the specific configuration is displayed 

in Table 2. 

Table 2: Experimental environment. 

 Configuration 

Operating system Windows 10 

Compute unified device 

architecture 

11.0 

Programming language Python 3.7 

Deep learning 

framework 

PyTorch 1.7.0 

Central processing unit Intel(R) Xeon(R) Gold 

5218 

Graphic processing unit Tesla T4 

YOLOv5 version YOLOv5 v6.1 

Image processing 

library 

OpenCV 4.1.2; Pillow 

8.2.0 

 

Table 3 presents the parameter settings in the 

improved YOLOv5 algorithm. 

 

Table 3: The training parameters of the improved 

YOLOv5 algorithm. 
 Numerical value 

IoU threshold 0.5 

Epochs 200 

Batch size 16 

Optimizer Stochastic gradient descent 

Initial learning rate 0.01 

Weight decay factor 0.0005 

The following indicators were used to evaluate the 

effectiveness of sign language recognition: 

(1) 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, 

(2) 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, 

(3) 𝑚𝐴𝑃 =
∑ 𝑃(𝐾)∆𝑅(𝐾)𝑁

𝐾=1

𝐶
. 

In the above equations, 𝑇𝑃  denotes the quantity of 

positive samples identified as positive, 𝐹𝑃 is the quantity 

of negative samples identified as positive, 𝐹𝑁  is the 

quantity of positive samples identified as negative, 𝑁 is 

the sample size of the test set, 𝐶  is the number of 

categories, 𝑃(𝐾)  is the 𝑃  value when simultaneously 

identifying 𝐾 samples, and ∆𝑅(𝐾) is the change of the 𝑅 

value when the number of samples to be identified 

changes from 𝐾 − 1 to 𝐾. 

The mean average precision (mAP) when the IoU 

threshold was 0.5 was used. 

Static sign language recognition has significant social 

significance in practice and can provide convenience for 

hearing-impaired people. Therefore, this paper mainly 

studied static sign language identification. The static sign 

language images used were from the American Sign 

Language (ASL) dataset [28]. This dataset contains 26 

English letters and has been widely applied in the current 

research of static sign language recognition. Moreover, it 

involved 36 sign languages: space, del, nothing, and the 

letters A-Z, and included 87,000 images in a size of 

200×200. Thirty thousand images were randomly selected 

for the experiments. Ten-fold cross-validations were used, 

and the results were expressed as mean ± standard 

deviation. Moreover, statistical tests and analyses were 

conducted in the SPSS26.0 software. 
 

4.2 Experimental results 

In order to determine the optimal location of the CBAM 

in the YOLOv5 network, the effects of different CBAM 

locations on sign language recognition were compared. 

The YOLOv5 algorithm without CBAM was used as a 

baseline model, and the CBAM was added at the following 

locations: 

(1) after the CSP structure of the backbone network, 

(2) after the SPP structure of the neck network, 

(3) before the convolutional structure of the head 

network. 

It is assumed that if CBAM is added after the SPP 

structure of the neck network, it can pay more attention to 

the easily ignored targets. 

 

Table 4: Effects of different locations of CBAM on sign 

language recognition. 

 
P/% R/% mAP@0.5

% 

Base 88.12 ± 

2.74 

90.33 ± 3.01 94.21 ± 

2.81 

Backbon

e 

88.97 ± 

2.78 

90.59 ± 3.98 94.77 ± 

3.68 
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Neck 89.07 ± 

3.01 

94.52 ± 4.27 96.87 ± 

3.56 

Head 81.17 ± 

2.89 

95.12 ± 3.64 95.07 ± 

3.62 

F value 3.695 3.841 3.261 

P value 0.001** 0.002** 0.004** 

Note: **: p < 0.01 

 

As shown in Table 4, the addition of the CBAM at 

different locations within the YOLOv5 network had an 

impact on sign language recognition results. For instance, 

when the CBAM was added to the head section, the P 

value was the lowest, only 81.17%, but the R value was 

improved to 95.12±3.64%, and the final mAP value was 

95.07±3.62%. Moreover, when the CBAM was added in 

the neck section, the P value was the highest, the R value 

was second only to the head, and the mAP value was also 

the highest, reaching 96.87 ± 3.56%. It was found through 

comparison that different locations of CBAM led to 

significant differences in sign language recognition results 

(p < 0.01). The performance was the best when the CBAM 

module was added to the neck part. 

In order to assess the optimization effectiveness of 

focal CIoU on the YOLOv5 algorithm, the loss function, 

including IoU, generalized IoU (GIoU) [29], distance IoU 

(DIoU) [30], CIoU, and focal CIoU, were respectively 

used in the original YOLOv5 algorithm. 

Table 5 shows that the traditional YOLOv5 algorithm 

(with the IoU loss function) had a low P value, R value, 

and mAP, suggesting a poor performance in sign language 

recognition. However, after improving the loss function, 

the sign language recognition performance of the 

YOLOv5 algorithm showed an improvement. It was found 

through comparison that different loss functions resulted 

in significant differences in sign language recognition 

results (p < 0.01), and the performance was best when 

focal CIoU was used. 

 

Table 5: Effects of loss function on handwriting 

recognition. 

 P R mAP@0.5% 

IoU 88.12  ± 2.74 90.33 ± 3.01 94.21 ± 2.81 

GIoU 89.07 ± 2.68 90.56 ± 2.87 94.33 ± 2.79 

DIoU 90.12 ± 2.77 91.88 ± 2.93 94.95 ± 2.87 

CIoU 90.54 ± 2.76 92.37 ± 2.84 95.12 ± 3.12 

Focal 

CIoU 

91.67  ± 2.61 94.87±  3.21 96.64 ± 3.07 

F value 3.564 3.528 3.425 

P value 0.002** 0.007** 0.009** 

Note: **: p < 0.01 

 

Ablation experiments were performed on the 

improved algorithm to analyze the effect of various 

module improvements on the model’s performance (Table 

6). 

 

 

 

 

 

Table 6: Ablation experiments. 

 P/% R/% mAP@0.5/% 

Base 88.12 ± 

2.74 

90.33 ± 3.01 94.21 ± 2.81 

Base+

CBA

M 

89.07 ± 

2.64 

94.52 ± 2.32 96.87 ± 2.56 

Base+

CBA

M+Fo

cal 

CIoU 

93.26 ± 

2.77 

96.77 ±  2.68 98.12  ± 2.32 

F 

value 

3.784 3.452 3.415 

P 

value 

0.007** 0.005** 0.006** 

Note: **: p < 0.01 

 

It was found that adding the CBAM to the YOLOv5 

algorithm significantly improved the R value. Introducing 

focal CIoU based on CBAM further enhanced the model’s 

recognition performance. It was found through 

comparison that the differences were significant (p < 0.01). 

These results validated the effectiveness of the 

improvement made to the YOLOv5 algorithm.  

Moreover, the improved YOLOv5 algorithm was 

compared with other recognition methods (Table 7). 

The Faster region-CNN algorithm was less effective 

in sign language recognition. Among the YOLO series 

algorithms, the YOLOv3 and YOLOv4 algorithms 

achieved mAP values slightly lower than the improved 

YOLOv5 algorithm. The results demonstrated the 

effectiveness of experiments on the improved YOLOv5 

algorithm. Comparing the improved YOLOv5 algorithm 

with MobileNetV2 and ShuffleNetV2, the improved 

YOLOv5 algorithm achieved a higher mAP value. The 

statistical tests also suggested significant differences. 

These findings further validated the effectiveness of the 

proposed approach for sign language recognition. 

Table 7: Comparison with other recognition algorithms. 

 P/% R/% mAP@0.5/% 

Faster region-

CNN 

80.12 ± 1.87 67.89 ± 1.65 79.84 ± 1.77 

YOLOv3 87.77 ± 2.01 80.12 ± 1.77 90.31 ± 2.01 

YOLOv4 88.05 ± 1.97 83.25 ± 1.56 92.56 ± 2.33 

YOLOv5 88.12 ± 2.07 90.33 ± 1.64 94.21 ± 2.14 

MobileNetV2 91.12 ± 2.56 81.94 ± 1.82 91.27 ± 2.05 

ShuffleNetV2 91.08 ± 2.33 82.11 ± 2.01 91.26 ± 2.17 

Improved 

YOLOv5 

93.26 ± 2.77 96.77 ± 2.68 98.12 ± 2.32 

F value 3.427 3.714 3.526 

P value 0.008** 0.007** 0.008** 

Note: **: p < 0.01 
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5 Discussion 
This paper developed a YOLOv5 algorithm combining the 

CBAM attention module and focal CIoU to recognize 

static sign language images. The performance of the 

proposed method in static sign language identification was 

verified through experiments on the ASL dataset. 

The results showed that adding the CBAM attention 

module and focal CIoU improved the detection 

performance of the YOLOv5 algorithm. CBAM can 

adaptively learn which pixels and channels are more 

important, which can not only improve the accuracy but 

also reduce the complexity of the model and alleviate 

overfitting. It has extensive applications in deep neural 

networks. The experimental results on the ASL dataset 

also verified the reliability of embedding the CBAM 

module into the YOLOv5 structure. Focal CIoU improves 

the detection performance by better focusing on the targets 

that may be ignored. Through comparison, it was found 

that compared with other loss functions, the P, R, and 

mAP values of focal CIoU were all higher, and the 

differences were significant (p < 0.01). 

The results verified the performance of the improved 

YOLOv5 algorithm in recognizing static sign language 

images. Therefore, this method can be extended to the 

recognition of other static images, and it can also be 

introduced into the recognition of dynamic sign language 

videos by converting dynamic sign language videos into 

static sign language images. 

However, there are also some limitations in this study. 

For instance, experiments were only conducted on a single 

dataset, and the recognition of continuous sign language 

was not achieved. In future work, further verification will 

be carried out on a broader range of datasets, and the 

recognition issues of dynamic and continuous sign 

language will be considered. 

 

6 Conclusion 
This paper presents an improved YOLOv5 algorithm for 

sign language identification in hearing-impaired people. 

The performance of the proposed algorithm was assessed 

using the ASL dataset. The results demonstrated that 

adding the CBAM enhanced the algorithm’s recognition 

performance. Specifically, introducing the CBAM into the 

neck section yielded the best results. Moreover, focal loss 

further improved the algorithm’s performance in sign 

language recognition. These results highlight the practical 

applicability of the proposed approach in actual sign 

language recognition, ultimately aiding in communication 

for people with hearing impairments. 
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The COVID-19 pandemic has provided an unprecedented amount of information in news outlets, which 

include scientific, health-related, political, economic, and social narratives. This study compares the 

effectiveness of machine learning and deep learning algorithms for classifying text data, with a certain 

emphasis on how well the former handle COVID-19 news narratives. The study dataset contains news 

articles regarding COVID-19. To achieve the primary purpose of this research is to classify COVID-

19 related news, we integrate multiple datasets. The analysis reveals machine learning models exhibit 

superior performance in text data classification. In particular, the Random Forest model reaches a 98% 

accuracy rate. In contrast, with regards to deep learning models, the Bidirectional Long Short-Term 

Memory model with FastText integration turns out to be the best option due to its exceptional accuracy. 

Exploratory data techniques such as topic modeling and word cloud approaches are incorporated to 

uncover hidden patterns in the data. Pre-trained (e.g., deep learning) and non-pre-trained ML models 

are implemented highlighting the versatility of ML in text classification tasks. The specific purpose to 

compare to the deep learning and machine learning algorithm to classification of the new article. 

Notably, a predictive model employing Bi-LSTM with the FastText pre-trained model achieved an 

impressive 94% accuracy in classifying COVID-19 news reports.  

Povzetek: Primerjalna analiza modelov ML in DL za klasifikacijo novic COVID-19 razkrije RF kot 

najbolj natančno (98 %), medtem ko Bi-LSTM s FastText (94 %) odlikuje kontekstualno razumevanje, 

kar izboljšuje učinkovitost klasifikacije besedila. 

 

1 Background of the study 

Natural language processing has made extensive use of 

text classification to divide texts into different classes. In 

the context of COVID-19 news articles, text classification 

is crucial for identifying and categorizing the vast amount 

of information generated daily. In text categorization 

tasks, machine learning algorithms have demonstrated en-

couraging results, especially when applied to COVID-19 

news items. Empirical evaluation has been conducted to 

determine the efficacy of several machine learning tech-

niques for text classification of COVID-19 news items.  
Jin et al. (2024) investigated the use of AI techniques, such 

as natural language processing and machine learning, to 

improve text classification [1]. Their findings highlight 

the potential of technologies to enhance accuracy and ef-

ficiency in text processing, supporting information re-

trieval and decision-making despite operational chal-

lenges. Didi et al. (2022) undertook studied on the catego-

rization of tweets related to COVID-19 using machine 

learning methods and analysed public sentiment about the 

pandemic through their novel hybrid feature extraction 

method that combines syntactic elements with semantic 

aspects for more accurate text data representation and en-

hanced classification. Their research built upon previous 

work exploring Twitter's potential in understanding public 

opinion during the pandemic, focusing on sentiment anal-

ysis using ML models as naïve Bayes and Logistic Regres-

sion [2]. The authors demonstrated with a focus on diag-

nostics and predictive modelling. It emphasized deep 

learning's impact on healthcare applications, especially 
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Convolutional Neural Networks while addressing chal-

lenges like data scarcity and diversity [3]. Abdeen et al. 

(2021) introduced NeoNet, a cutting-edge machine learn-

ing algorithm created to categorize news stories and med-

ical papers about COVID-19 according to their degree of 

veracity. Leveraging advanced Term Frequency-Inverse 

Document Frequency bigram features, NeoNet enables ac-

curate prediction of document relevance and accuracy, 

with the goal of widespread adoption across various social 

media platforms [4]. In his evaluation of the COVID-19 

pandemic's fake news prevalence and its effects, Abhishek 

Koirala discussed earlier studies on the identification of 

fake news and brings up the establishment of the Liar Da-

taset. The study addressed new challenges posed by 

COVID-19-related news, experimenting with deep learn-

ing models to improve classification accuracy but notes 

inconsistencies in the dataset that may hinder this process 

[5]. 
The methodologies and efficacy of neural network and 

neuro-fuzzy algorithms in detecting Covid-19-related dis-

information on social media are thoroughly examined by 

Ravichandran and Keikhosrokiani (2023) [6]. This study 

highlights the role of NF and NN methodologies in as-

sessing their strengths, and limitations, and providing rec-

ommendations for future research. Chughtai et al. (2021) 

paper emphasizes the role feature selection has in model 

performance and uses benchmark datasets to demonstrate 

the efficacy of their SVM classifier using MMR algo-

rithm, emphasizing its improvement in F1-score and role 

in detecting misinformation [7]. Arbane et al. (2023) stress 

the importance of using advanced machine learning algo-

rithms for automatic sentiment analysis to gain insights 

from social media data during the COVID-19 pandemic 

[8]. Previous studies, including those by Mansoor et al. 

(2020) and Samuel et al. (2020) used various machine-

learning models to evaluate public sentiments at different 

pandemic stages, revealing details such as the impact of 

lockdowns on emotional responses [9,10]. Additionally, 

other researchers incorporated deep learning methods to 

examine sentiments [11]. Using machine learning classifi-

ers [11], researchers investigated sentiments expressed on 

Twitter during the pandemic using various machine learn-

ing classifiers and predicts sentiments in two datasets col-

lected before and after lockdown periods. The results sug-

gest changes in public sentiment during and after lock-

downs, providing insights into public opinion dynamics in 

response to the pandemic and associated restrictions [12].  

Dangi et al. (2022) examines the nature of COVID 19 

news coverage across the United Kingdom, India, Japan, 

and South Korea using topic modeling and sentiment anal-

ysis with top2vec and RoBERTa to deeply analyse a large 

amount of news data. It introduces an extensive approach 

that utilizes the top2vec algorithm to identify underlying 

topics in news articles, and RoBERTa for categorizing 

sentiments [11]. They focused on sarcasm detection using 

lexical and word embedding approaches while others de-

veloped systems for identifying fake news by analysing 

sentiment and named entity features from Twitter data 

[12]. Madani (2021) discussed about the MVEDL ensem-

ble deep learning model, which is intended to categorize 

tweets about COVID-19 as informative or not. They eval-

uated on the "COVID-19 English labelled tweets" dataset, 

transformer models like RoBERTa, BERTweet, and CT-

BERT that demonstrated a strong performance with an ac-

curacy of 91.75% and an F1-score of 91.14% [14].  Malla 

and Alphonse (2021) investigate how well several trans-

former-based models—including BERT, RoBERTa, AL-

BERT, and DistilBERT perform in text classification for 

uses like sentiment analysis and the identification of false 

news. Their findings suggest that these models can signif-

icantly improve accuracy in classifying challenging data 

types found on social media platforms [15].   

Qasim et al. (2022) explores the application of domain-

specific BERT-based models, such as BioBERT and 

CovBERT. They highlight the superiority of CovBERT in 

handling vocabulary deficiencies in scientific summaries, 

achieving up to 94% accuracy compared to its predeces-

sors [16]. They also examine the transition from machine 

learning to deep learning models and highlight the poten-

tial of the Cov-Dat-20 dataset in assisting epidemiologists 

in addressing the challenges posed by COVID-19. Kha-

dhraoui et al. (2022) explores sentiment analysis of 

COVID-19-related tweets, covering research in different 

languages like Nepali and review underscores the con-

straints of current methodologies. They support a back-

drop for the authors' exploration of hybrid feature extrac-

tion methods to enhance the classification of Nepali 

COVID-19 tweets [17].  Shahi et al. (2022) integrates Bi-

directional Long Short-Term Memory neural networks 

with local interpretable model-agnostic explanations, aim-

ing for an effective model and proposes experimentation 

with different RNN-based models, machine learning tech-

niques, explains ability methods such as LIME and SHAP 

using datasets like the Constraint 2021 COVID-19 fake 

news dataset and the WNUT COVID-19 tweet dataset 

[18].   
The challenge of accurately classifying biomedical papers 

related to the COVID-19 pandemic into relevant catego-

ries addressed by Ahmed et al. (2022). They look into nu-

merous machine learning approaches such as document 

representation strategies, neural networks and random for-

ests, focusing on a subset of the Lit Covid corpus and em-

ploying pre-processing and feature engineering methods 

such as TF-IDF, BOW, and BERT embedding [19].  

Rabby and Berka (2023) discusses a range of studies re-

lated to the detection of fake news and spam, including 

exploration of review spam across millions of Amazon re-

views, identification of spam in Arabic texts, comparison 

of different machine learning models using n-gram analy-

sis to flag false information and focus on online articles 

for detecting fake news with a high accuracy rate [20]. 

Etaiwi (2022) also build an ensemble model utilizing fu-

sion vector multiplication on a COVID-19 English fake 

news dataset, with a 98.88% accuracy and an F1-score of 

98.93% for achieving high performance in their model 

evaluation [21].  Malla and Alphonse (2022) discuss the 
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challenge of classifying Covid-19 misinformation on so-

cial media conducting a systematic review of studies from 

2018 to 2021 that use various machine learning techniques 

of misinformation classification, evaluates their effi-

ciency, strengths, and limitations. They propose a novel 

hybrid ANFIS-DNN model to enhance accuracy and ef-

fectiveness in this domain [22].  
Ravichandran and Keikhosrokiani (2023) present a novel 

collection of 24 Information Society (IS) laws, exploring 

their connections with electronics and artificial intelli-

gence (AI) [23]. These laws highlight exponential growth 

in areas such as processing, storage, and communication, 

while addressing their societal and economic impacts. The 

researchers also discuss how AI advancements contribute 

to electronics and broader IS progress, emphasizing their 

interdependence and potential future developments [24].  

Janko et al. (2021) investigate factors influencing the early 

spread of COVID-19 across countries, focusing on the pe-

riod before countermeasures [25]. By analyzing a diverse 

dataset with statistical methods and machine learning 

(ML) feature selection, they identify key factors like cul-

ture, development, and travel. They also use a novel rule 

discovery algorithm to explore factor interconnections, 

cautioning against overreliance on ML alone. The best 

model, using a decision tree classifier, predicts infection 

classes with about 80% accuracy. The researcher of [26] 

presents SentiTextRank, an emotional variant of Tex-

tRank, for extractive summarization and classifying sen-

tences into eight emotional categories from SenticNet, 

SentiTextRank using both single and multi-document 

summarization tasks. The work of  authors in [27] investi-

gate the emotional component of successful medical web 

pages related to spine pathology, hypothesizing that they 

would exhibit distinct emotional patterns. Using sentiment 

analysis and machine learning, the study retrieves high 

classification accuracy, with disgust emerging as a key 

emotion. The findings suggest that digital content impacts 

patients' biopsychosocial ecosystems, influencing chronic 

pain and health behaviours, raising ethical concerns for 

health information providers. 

The comprehensive review of existing literature on text 

classification in the context of COVID-19 indicates sev-

eral significant areas where further research is needed. The 

application of natural language processing, deep learning, 

and machine learning methods for categorizing docu-

ments, and analyzing sentiment, and fake news identifica-

tion has advanced significantly, yet there are still un-

addressed issues. To begin with, despite numerous studies 

focusing on fake news detection and sentiment analysis, 

the lack of standardized datasets and inconsistent labelling 

practices poses challenges for model generalization and 

benchmarking. Additionally, many studies have predomi-

nantly focused on English-language datasets without con-

sidering the requirement for multilingual models to com-

bat misinformation across diverse cultural and linguistic 

contexts. While some research acknowledges the  

 

 

 

 

Table 1: Comparison among the related articles. 

Autor 

and 

Title 

Refer-

ences 

Dataset Algorithm Result 

[2] Tweets da-

taset  

 

TF-IDF, 

Word2Vec, 

Glove, and 

FastText, 

SVM. 

Fast Text with TF-IDF 

performed better 

[4] COVID-19 

News Articles 

Open Re-

search dataset 

 TF-IDF, NN, 

SVM, and 

RF, NeoNet. 

NeoNet better perform 

 

[5] COVID-19 

News articles 

dataset 

LR, Embed-

ded LSTM, 

LSTM, Bidi-

rectional 

LSTM. 

Embedded LSTM Hy-

brid models better per-

former 

[6] COVID-19 

News dataset 

between July 

2018 and 

May 2021. 

Neuro-fuzzy, 

NN and spe-

cially ANFIS. 

Hybrid ANFIS-DNN 

better performer 

[8] COVID-19 

related tweets 

and com-

ments dataset. 

LSTM, Bi-

LSTM, 

Bi-LSTM model is su-

perior over LSTM. 

[10] Twitter da-

tasets 

LR, RF, 

MNB, SVM, 

and DT 

Decision Tree Classi-

fier better performer. 

[11] COVID-19 

articles da-

taset 

top2vec and 

RoBERTa 

RoBERTa 

[13] COVID-19 

English la-

beled tweets 

dataset  

RoBERTA, 

CT-BERT, 

and 

BERTweet 

Ensemble Deep Learn-

ing (MVEDL) model 

[14] COVID-19 

fake news da-

taset and 

COVID-19 

English tweet 

dataset 

BERT-base, 

BERT-large, 

RoBERTa-

base, RoB-

ERTa-large, 

DistilBERT, 

XLM-RoB-

ERTa-base, 

ALBERT-

RoBERTa-base model 

achieved the highest 

accuracy in COVID-

19 fake news dataset, 

Bart-large, BERT-base 

are the respective win-

ners of other datasets 
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base-v2, Elec-

tra-small, and 

BART-large 

[15] Dataset of bi-

omedical arti-

cles on 

COVID-19 

CovBERT 

and BERT 

CovBERT outperform 

[16] Nepali-

COVID-19 

tweets dataset 

FastText + 

TF-IDF, 

LR, SVM, 

NB, KNN, 

DT, RF, Ex-

treme Tree 

classifier, 

AdaBoost, 

and MLP 

 FastText with TF-

IDF, SVM + RBF is 

the best performing 

classifier. 

[17] Covid-19 

fake news da-

taset 

BiLSTM, 

LSTM, GRU, 

RNN, CNN, 

SVM, DT 

BiLSTM model high 

classification accuracy 

[18] COVID-19 

Open Re-

search dataset 

RF, Logistic 

regression, 

KNN, DT 

Multi-layer 

Perceptron, 

Neural Net-

work 

(BERT), 

BOW 

Random Forest and 

Neural Network 

(BERT) 

[20] COVID-19 

fake news da-

taset 

BERT, 

BERTweet, 

AlBERT, CT-

BERT, RoB-

ERTa and 

DistlBERT 

RoBERTa 

[21] Covid-19 

misinfor-

mation re-

lated papers 

dataset  

Neuro-Fuzzy, 

Neural Net-

work 

ANFIS-DNN model 

 

importance of explain ability in classification models; lim-

ited research exists on implementing and evaluating rea-

sonable AI specifically tailored for COVID-19-related 

text classification. The following Table 1 highlights the 

current state of research on text classification using ma-

chine learning algorithms for COVID-19 news articles 

with comparison among them.  

 

 

 

 

 

Table 1 shows most of the research for text data analysis 

are not using feature extraction technique. Some of the lit-

erature use FastText or TF-IDF technique for feature ex-

traction technique. But they skip some powerful feature 

extraction technique like BERT or Glove technique. In 

this research, we utilize FastText, TF-IDF and BERT tech-

niques and compare them. 

 

2   Methods and materials 
The three segments of the text classification approach are 

features extraction, text pre-processing, and dataset 

description are considered. In the Algorithm Selection 

phase, the innovative deep learning algorithms have been 

merged. How text pre-processing was done for machine 

learning is explained in the Text Classification Approach 

section. The mathematical description of the process is 

used to extract private data from the dataset and how text 

data can be transformed into a numeric form shown in the 

third phase. Lastly, the algorithms that have been 

shortlisted in this type of study are discussed in the fourth 

phase. Learning rate for Adam optimizer: 0.001 is 

considered as starting point. Batch sizes (e.g., 16, 32, or 

64) typically work well for text data analysis, especially in 

tasks like text classification or sentiment analysis. We use 

32 for our text data analysis. Start with 10 epochs use early 

stopping to avoid overfitting. 

 

2.1 Dataset description 
The dataset from Kapoor et.al (2020) [34] and Lipenkova 

et.al (2021) [35] contained news articles regarding 

COVID-19 since the primary purpose of this research is to 

categorize news related to COVID-19. In this research we 

use news article text data. Two Datasets of news articles 

are extracted from www.inshorts.com and then labeled 

based on relation to COVID as well as the sentiment. They 

have been assembled from different repositories and 

reformatting for a similar distribution. After combining 

the two datasets, the sample size of our dataset is 14012 in 

total. Balancing imbalanced data for classification tasks in 

machine learning (ML) is crucial because imbalanced 

datasets can lead to biased models that favour the majority 

class and fail to detect the minority class effectively. The 

imbalance data use SMOTE (Synthetic Minority Over-

Sampling Technique) interpolating between existing 

samples of the minority class. For analysis text data we 

pre-process the data by removing punctuation, removing 

numbers, removing special characters and symbols, 

removing URLs, emails, and mentions, removing stop 

words, tokenization, text normalization, vectorization of 

text, term frequency - inverse document frequency. The 

features column of Table 1, and the feature’s value of 

Table 2 is the header-wise first content information of the 

dataset. This dataset consists of six attributes which are 

depicted below. 

 

 

 

http://www.inshorts.com/
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Table 2: Attribute of the proposed research dataset 

Features Feature’s Value 

Headline Headline of the article 

Sentiment 1 if the article is positive, 0 other-

wise 

Covid 1 if the article is related to COVID, 

0 otherwise 

Description Description of the news  

Image Image URL 

Source  Source URL 

 

 

2.2 Features extraction algorithm 

Two new classifications, pre-trained model configuration, 

and non-pre-trained model setup have been incorporated 

into the features extraction. This process comprises two 

parts: the non-pre-trained model setup and the pre-trained 

model configuration. The unique word embedding 

technique Text to sequence, Fast Text, and Glove is 

demonstrated by the PTMS. However, the NPTMS 

provided an explanation of the typical features extraction 

method: Inverse document frequency paired with term 

frequency (TF-IDF). 

 

A) Pre-trained model structure 
FastText: FastText is a library developed by Facebook's 

AI research (FAIR) lab, designed for efficient text 

classification and representation learning. It is particularly 

useful for text classification, word representation (word 

embeddings), and language modeling tasks. FastText 

improves traditional Word2Vec by representing words as 

subword-level units (i.e., n-grams), making it more 

effective for handling rare or out-of-vocabulary (OOV) 

words. Additionally, FastText supports effective training 

and inference, making it a popular tool for text 

classification tasks. It is an efficient and powerful tool for 

text classification, leveraging subword information to 

handle out-of-vocabulary (OOV) words and offering 

better performance in languages with rich morphology.  

FastText is a novel technique for word embedding 

represents words as bags of n-gram characters. This 

approach addresses the issue of morphology neglect, in 

other words embedding representations by capturing 

subword information explained [28]. Consider the term 

"introduce" with 𝑛 equal to 3, FastText generates three-

gram characters shown in the following representation:  

< 𝑖𝑛, int, 𝑛𝑡𝑟, tro, rod, odu, duc, uce, ce > 

We are considering a word 𝑤 that is correlated using an 𝑛-

gram dictionary with a size of 𝐺 as a way to represent the 

vector for each 𝑛-gram 𝑔. In this case, the acquired scoring 

function defined in Spirovski et al. (2018) [28] is: 

𝑠(𝑤, 𝑐)

= ∑  

𝑔∈𝑔𝑤

𝑧𝑔
𝑇𝑣𝑐                                              (1) 

where 𝑔𝑤 ∈ {1,2, … , 𝐺} 
 

Global Vectors (Glove): GloVe is another popular 

method for word embedding that is widely used in text 

analysis. GloVe was developed by Stanford researchers 

and designed to capture global statistical information 

about a corpus, unlike methods such as Word2Vec, which 

focus on local context windows. The key idea behind 

GloVe is the co-occurrence matrix of words in a corpus 

contains valuable information about the relationships be-

tween words. GloVe uses the co-occurrence data to gener-

ate dense word vector. Global Vectors (GloVe), a potent 

word embedding method has been applied to text classifi-

cation [29]. This strategy bears a strong resemblance to 

Word2Vec, which provides a high-dimensional vector of 

each word and trains it across an extensive corpus using 

surrounding terms. Pre-trained word embedding are 

widely used, based on 50 dimensions for word presenta-

tion in Wikipedia 2014 and Gigaword 5, as well as 

400,000 vocabularies introduced as the corpus [ 36]. Un-

like the traditional word embeddings such as Word2Vec, 

which can't generate vectors for words not seen in training 

data, FastText can generate embeddings for any word by 

breaking it into subword units (n-grams). FastText is par-

ticularly useful for languages with complex morphology 

(e.g., Turkish, Finnish) or rare words as it captures mean-

ingful subword features. Pre-trained FastText models are 

available for many languages, which can be used directly 

for feature extraction in downstream tasks, saving time 

and computational resources. 

B) Non-pre-trained model structure 

Term Frequency-Inverse Document Frequency (TF-

IDF) 

In order to reduce the influence of frequently occurring 

words in the dataset, inverse document frequency is a 

method that should be combined with term frequency [30]. 

Terms in the document that have a high or low frequency 

are given a higher weight by IDF. TF-IDF combines term 

frequency and inverse document frequency. Equation 2 

mathematically represents a term's weight that is used in 

this study.  

TF-IDF.𝑊(𝑑, 𝑡) = 𝑇𝐹(𝑑, 𝑡) ∗ log (
𝑁

𝑑𝑓(𝑡)
) (2) 

In this scenario, 𝑑𝑓(𝑡) represents the number of 

documents in the corpus containing the word 𝑡, and 𝑁 is 

the total document count. According to Tokunaga and 

Makoto the initial factor in equation 2 enhances recall, 

while the second term improves word embedding 

accuracy [37]. TF-IDF is a simple and computationally 

efficient method for text feature extraction. Unlike GloVe 

or FastText, TF-IDF doesn't require a pre-trained model. 

It can be computed directly from the text corpus. The 
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resulting features (weights) are easy to interpret since they 

are based on word frequency and document distribution. 

 

2.3 Deep learning algorithms 

CNN and RNN are the main types of deep learning 

architectures used for text classification. Hierarchical 

machine learning or deep learning involves a series of 

algorithms performed in sequential order. 

 

2.3.1 Bidirectional long short-term-memory (Bi-

LSTM)  

Bi-LSTM input sequences can be in both directions with 

two neuron sub-layers. This orientation is to generate a 

complete 

input context. There are also backward hidden sequences, 

namely ℎ  ⃖  , ℎ     . From this configuration, we can compute 

the output sequence 𝑦: two neuron sub-layers can be used 

in both directions for Bi-LSTM input sequences. The goal 

of this viewpoint is to produce an entire input context. 

Backward hidden sequences are also present, denoted as 

(h) ⃖  and (h)  . We can calculate the output sequence based 

on this arrangement 𝑦: 

ℎ  𝑡

= ℋ(𝑊𝑥ℎ   𝑥𝑡 + 𝑊ℎ   ℎ
  ℎ  𝑡−1

+ 𝑏ℎ   )                                                                             (3) 

ℎ⃖ 𝑡

= ℋ (𝑊𝑥ℎ
ℎ
𝑥𝑡 + 𝑊←←ℎℎ⃖ 𝑡+1

+ 𝑏ℎ⃖  )                                                                             (4) 

𝑦𝑡

= 𝑊ℎ   𝑦ℎ  𝑡 + 𝑊ℎ⃖  𝑦ℎ⃖ 𝑡
+ 𝑏𝑦                                                                                (5) 

 

It is an advanced architecture of the Long Short-Term 

Memory (LSTM) network, a type of recurrent neural 

network (RNN) is designed to learn sequential 

dependencies in data. The key feature of a Bi-LSTM is its 

ability to consider both past (backward) and future 

(forward) context while processing sequences. This makes 

it especially effective for tasks where the entire context of 

a sequence is critical, such as natural language processing 

(NLP), speech recognition, and time-series prediction. 

 
2.3.2 Convolutional neural networks (CNN) 

A widely used deep learning structure for categorizing 

hierarchical documents is the convolutional neural 

network defined [31]. While initially constructed for the 

processing of images, CNNs have proven to be useful for 

text classification as well explained [32]. CNN's use 

pooling to minimize the output's size from one layer to the 

next in the network to reduce the complexity of the 

computation. To minimize outcomes while retaining 

essential features, various pooling techniques are used 

[33]. The process of choosing the highest value in the 

pooling window is referred to as max pooling, which is a 

commonly employed technique. The feature maps are 

transformed into a single column before transmitting the 

pooled output from stacked feature maps to the next layer. 

In general, both the weights and the feature detector filters 

are modified during the back-propagation phase of a 

convolutional neural network. The number of channels is 

a potential issue that emerges when using CNN for text 

classification (size of the feature space). In general, the 

program has few channels (e.g., just 3 RGB channels) and 

can be very broad for text classification applications, 

resulting in very high dimensionality. The CNN based text 

classification architecture includes word embedding as 

input layer 1D convolution layers, 1D pooling layer, 

completely connected layers, and finally, the output layer 

[33].  

 

2.4 ML model performance measure 

Precision: The ratio of the model's accurate true positive 

estimate to the total positive estimate (including both cor-

rect and incorrect classifications). It is expressed as: 

   Precision

=
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                                          (6)   

Recall / Sensitivity: The predictive ratio shows a positive 

correlation and is expressed as: 

Recall =
TP

TP + FN
 (7) 

 

F1 score: This provides a more accurate estimate than the 

accuracy metric for the misclassified instances; it is 

calculated as the harmonic mean of Precision and Recall. 

In mathematical terms, it can be expressed as 

F1
= 2

⋅
Precision.Recall

 Precision + Recall
                                                       (8) 

 

Accuracy: The sum of all the precisely forecasted 

events. It is presented as: 

Accuracy

=
TP + TN

TP + TN + FP + FN
                                                  (9) 

 
2.5 Proposed algorithms architecture 

The proposed algorithms provided a description of the 

algorithms utilized for COVID-19 related news 

classification. The findings indicate the effectiveness of 

machine learning algorithms in analyzing the text data 

used in this research. Both machine learning and deep 

learning methods are applied to categorize the text, as 

detailed in our proposed architecture shown in Figure 1. 
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3   Results analysis  

The classification result is gathered using the deep 

learning (DL) approach and presented by the empirical 

consequence. The model assesses and analyzes precisely 

and the best model that emerged. 

 

 

 

 
 

Figure 1: Architecture of the proposed algorithm 
 

 

 
Table 3: Classification result for deep learning algorithms 

 

Algorithm 

          In case of "0"    In case of "1" 

Features 

Extraction 

Technique 

Precision Recall 
F1-

score 
Precision Recall F1-score 

 

Accuracy 

CNN Text to sequence .93 .90 .92 .90 .93 .92 .92 

BI-LSTM Text to sequence .93 .90 .92 .90 .93 .92 .92 

BI-LSTM Fast Text .95 .92 .94 .93 .95 .94 .94 

BI-LSTM Glove .93 .90 .92 .90 .99 .93 .92 
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Table 4: Classification result for machine learning algorithms (Baseline model) 

Algorithm 

In case of "0" In case of "1" 

Features 

Extraction 

Technique 

(FET) 

Precision Recall F1-score Precision Recall 
F1-

score 
Accuracy 

RF TF-IDF 
.92 .85 .90 .88 .94 .9 .94 

MNB TF-IDF 
.75 .86 .82 .87 .73 .8 .81 

GB TF-IDF 
.88 .67 .78 .74 .91 .82 .8 

LR 
TF-IDF 

.81 .82 .83 .84 .82 .83 

 

.83 

SVM TF-IDF 
.93 .93 .94 .95 .94 .94 .92 

 
 

Table 5: Classification result for machine learning algorithms with (TF-IDF) 

Algorithm 

In case of "0" In case of "1" 

Features 

Extraction 

Technique 

(FET) 

Precisio

n 
Recall F1-score 

Precisio

n 
Recall 

F1-

score 

Accura

cy 

RF 
TF-IDF .97 .91 .94 .92 .98 .94 .98 

MNB 
TF-IDF .80 .92 .86 .91 .77 .84 .85 

GB 
TF-IDF .93 .73 .82 .78 .95 .86 .84 

LR TF-IDF .86 .88 .87 .88 .86 .87 .87 

SVM TF-IDF .98 .99 .98 .99 .98 .98 .96 

 

The accuracy of the classification algorithms is evaluated 

based on a set of metrics for each class. These metrics 

involve accuracy, recall, and f1-score, computed using 

true and false positives along with false negatives. In 

Table 3, the classification results for deep learning 

algorithms and a cutting-edge natural language processing 

technique are presented based on feature extraction 

methodology. Additionally, Table 4 and Table 5 exhibit 

the classification outcomes from machine learning 

methods without any feature extraction technique and 

utilizing TF-IDF (term frequency inverse document 

frequency) approach. 

 

 

 

 

 

 

 

 

 

 

3.1 Deep learning model result 

Model assessment includes receiver operating 

characteristics, area under the curve, and confusion 

matrix. The algorithm that provides the best accuracy is 

used as the foundation for the model assessment. Using 

the Bi-LSTM and the Fast Text method, we were able to 

obtain a good score in Figure 9. The model assessment 

illustrates how well our suggested model works for the 

specific task. 
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Figure-2: Confusion Matrix of Bi-LSTM using 

Glove 

 

 
Figure-3: ROC-AUC curve of Bi-LSTM using Glove 

 

 

 

 

 
Figure-4: Confusion Matrix of CNN with 

text sequence 

 

 

                        
Figure-5:  ROC-AUC curve of CNN with Text 

Sequence 
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Figure-6: Confusion Matrix of Bi-LSTM with Text   

 

 

 
Figure-7: ROC-AUC curve f Bi-LSTM Text 

Sequence 

 
Figure-8: Confusion Matrix of Bi-LSTM using 

FastText 

 

 
Figure-9: ROC-AUC curve of Bi-LSTM using 

FastText 
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3.2 ML model assessment 

ML model evaluation is conducted using various 

approaches, including ROC, AUC, Accuracy of Models, 

and Confusion Matrix. Notably, the assessment in this 

section was performed utilizing the algorithm that yields 

the highest accuracy across all ML methods. We found a 

satisfactory score by using the SVM method. In this 

section shows tradional model assessment how well 

performs compare to the deep learning method in text 

classification. We only show the best model in machine 

learning method. 

 

 
Figure-10: Confusion Matrix of RF 

 

 
Figure-11: ROC-AUC curve of RF 

   

      
Figure-12: Confusion Matrix of SVM 

 

 
Figure-13: ROC-AUC curve of SVM 

 

 
Figure-14: Confusion Matrix of MNB 
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Figure-15: ROC-AUC curve of MNB 

            

 

Figure-16: Confusion Matrix of GB 

 

Figure-17: ROC-AUC curve of GB 

 

Estimating binary classification problems often relies on 

the receiver operator characteristic curve, that plots true 

positive rate against the false positive rate at different 

threshold levels. The ROC serves as a probability graph 

that effectively distinguishes between signal and noise.  A 

key metric derived from the ROC curve is crucial for 

evaluating a classifier's ability to differentiate between 

two groups: an AUC of 1 indicating accurate 

discrimination between positive and negative class points; 

while an AUC of 0 implies all negatives are predicted as 

positives and vice versa. For instance, as shown in Figure 

11, the RF classifier model achieves an AUC value of 

approximately 0.96, demonstrating its precise 

discrimination capability between positive and negative 

class points. 

 

3.3 Exploratory data analysis  

Exploratory data analysis (EDA) is an important technique 

for examining the dataset and understanding its 

fundamental characteristics. The EDA provides valuable 

insights into the dataset combining topic modeling. While 

EDA uncovers meaningful patterns and observations, the 

topic modeling approach illustrates the hidden semantic 

structure of text and figured out the most dominant word 

in each sentence. In this study, text data was analyzed 

using these approaches to explore new things from the 

dataset.  

 

3.3.1 Topic modelling approach 

As defined by Hornik and Grün (2011), the topic 

Modeling approach is a systematic method for classifying 

items that are present in a written document and extracting 

hidden patterns from a text corpus [ 38]. This technique is 

widely applied for tasks such as feature selection, 

document clustering, and information extraction from 

unorganized data. Text in a document can be categorized 

into distinct topics using the Latent Dirichlet Allocation 

(LDA), which is an illustration of a topic modeling. The 

coherence score for latent Dirichlet allocation (LDA) is 

displayed in Figure 18 below, which is based on the topic 

count. 

 
 

Figure-18: Coherence score for latent Dirichlet 

allocation (LDA) 
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We use the "corpora. Dictionary ()" function to create a 

dictionary of documents. The "Dictionary ()" function 

iterates through each document, giving each unique token 

a unique id and counting them.  Word Cloud Visualization 

(WCV) has been developed, showing the dataset’s most 

frequently occurring words in the word cloud. The word's 

visual representation is an important way to distinguish 

news categories and derive insightful intuitions. 

Nevertheless, Figure 19 provides a detailed illustration of 

Word Cloud, highlighting the dominant words and their 

importance. 

 

 
Figure-19: Word Cloud for News classification 

 

4 Conclusion  

To protect people's safety in the framework of COVID-19, 

it is essential to implement measures that make sure the 

spreading of precise information online. This study 

employs a predictive model-based utilize the fast-test pre-

trained bidirectional long short-term memory (Bi LSTM) 

with an accuracy of 94% in classifying COVID-19 news. 

Additionally, the LDA technique is applied to reveal 

themes and detect hidden patterns within the dataset. The 

study reveals the deep learning method has lower accuracy 

compared to the machine learning method for text 

classification. Although the RF algorithm has achieved 

98% accuracy, all method accuracy is lower compared to 

all deep learning method accuracy. However, Bi-LSTM 

with fast-test method perform better among all deep 

learning methods for text classification. Our results 

indicate that the Bi-LSTM + FastText model outperforms 

several traditional text classification models, such as SVM 

and RF, in terms of accuracy and robustness. This 

performance is consistent with findings in SOTA literature 

[39], where Bi-LSTM has been shown to capture long-

term dependencies in text data more effectively than 

traditional models. The success of the Bi-LSTM can be 

attributed to its ability to process information from both 

the past and future context. This feature is particularly 

advantageous in sentiment analysis tasks where context is 

crucial. FastText is well known for its efficient handling 

of subword information, and also contributes to the 

performance by capturing richer semantic representations 

of words, even when out-of-vocabulary terms appear. This 

method embeddings overcome the limitations of 

traditional models (such as word2vec or GloVe) face 

when dealing with out-of-vocabulary (OOV) words. 

Different models rely deeply on predefined features (e.g., 

bag-of-words, TF-IDF). Our approach leverages word 

embeddings from FastText, allows the model to learn 

features directly from data. The most of research only 

perform the Bi-LSTM or other machine learning model 

without embedding or feature extraction technique or 

hyper parameter technique. In this paper, we incorporate 

all of these techniques for the classification of text 

analysis. Our findings show that embedding these 

techniques all together enhance performance. However, 

the difference in feature extraction methods could explain 

the differences in performance between our results and 

models that rely on more manual feature engineering. 

Variations in hyper parameter tuning may also explain 

performance differences. While our study provides a basic 

hyper parameter grid search, and a more extensive search 

or fine-tuning of layer sizes, learning rates, and 

regularization strategies may improve further 

performance. Overall, the machine learning model is the 

best classifier for text data classification. 

 

5 Limitations 

In this paper, a new machine learning and deep learning 

methods for classifying COVID-19 related electronics 

news were provided. While our analysis of the associated 

experimental data to demonstrate the suggested solution. 

Inaccurate news classification yielded a decent result for 

our trials. Nevertheless, this study has several 

shortcomings such as the dataset that used in this research 

is modest size in comparison to COVID 19 related text 

data. Our dataset contains lacks noun, verb, adjective, and 

other information since it does not use Part of Speech 

(POS) tags. During text pre-processing, we employed the 

lemmatization strategy, which takes a lot of time and 

results in poorly tuned hyperparameters on the BI-LSTM 

model. Despite these limitations, this study highlights the 

effectiveness of combining machine learning and deep 

learning methods for text classification and provides a 

foundation for future research to address these challenges.  
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Prestressed concrete components have high resistance to cracks and stiffness, yet prone to damage 

leading to accidents under adverse environments and extreme loads. The study uses machine learning 

algorithms to construct an intelligent concrete damage recognition model aimed at accurately assessing 

its health status. The piezoelectric wave measurement method is used to collect small wave signals from 

concrete. The improved back propagation network is used to identify concrete damage characteristics in 

the signals, and the support vector machine is taken to correct the identification results. The genetic 

algorithm is used to optimize the back propagation neural network, obtaining the optimal threshold and 

weight of the back propagation neural network to improve its robustness and feature extraction ability 

in noisy environments. According to the results, the model constructed by integrating two classification 

algorithms has a mean square error of 7.962×10-4, a coefficient of determination of 0.9756, and an F1 

score of 0.9836 in the damage location recognition results. In the identification results of the degree of 

damage, the mean square error of the research model was 6.548×10-2, the coefficient of determination 

was 0.9531, and the F1 score was 0.9925, respectively. In the environment with introduced noise, the 

recognition accuracy of the research model was 93.7%. The results indicate that the research method 

has higher accuracy and robustness in damage identification compared with other models, which can be 

used for concrete damage detection in large buildings or long-term high load buildings. 

Povzetek: A hybrid GA-BP-SVM model enhances damage identification in prestressed concrete using 

piezoelectric wave measurement, achieving high accuracy (F1: 0.9925) and robustness (93.7% under 

noise), improving structural health monitoring.

1 Introduction 
Concrete materials have abundant raw materials, low 

prices, simple production processes, durability, and 

strong plasticity, which are widely used in infrastructure 

construction and building construction. With the large-

scale and diversified development of civil engineering, 

concrete may be subjected to strong external pressure or 

long-term corrosion, causing damage and leading to 

structural safety in buildings [1]. However, the early 

characteristics of concrete damage are not obvious. It is 

difficult to fully cover them through regular manual 

inspections, which cannot provide accurate results for 

assessing its health status. The piezoelectric wave 

measurement method uses piezoelectric materials to 

generate and detect waves. The instrument is small, easy 

to use, and not affected by the environment. It can be 

used for monitoring and warning, improving structural 

safety. The piezoelectric wave measurement method 

combined with machine learning algorithms can 

adaptively detect concrete damage, with high efficiency 

and accuracy. Back Propagation (BP) network can 

handle complex nonlinear problems and automatically 

extract patterns between data. It has high adaptability and 

self-learning ability, which is a commonly used feature  

 

classification algorithm. Genetic Algorithm (GA) 

simulates the natural selection process and has an 

automatic elimination mechanism. Through selection, 

hybridization, and mutation, the population evolves 

gradually towards the optimal solution. It is a meta-

heuristic algorithm used for optimization. Support Vector 

Machine (SVM) is an extensively applied supervised 

learning algorithm. SVM has high accuracy in 

classification and regression tasks, especially in high-

dimensional spaces, which has high generalization 

ability. Many scholars have conducted relevant research 

on piezoelectric wave measurement methods, GA, BP, 

and SVM algorithms. 

In response to the inaccurate measurement of 

explosion shock wave pressure under the instantaneous 

high temperature effect in the explosion field, Shi et al. 

used piezoelectric wave sensors to analyze the effects of 

environmental temperature and transient temperature. A 

theoretical analysis method for transient temperature was 

proposed. A transient temperature control strategy was 

designed by coating 0.5 mm thick lubricating silicone oil 

on the sensor membrane and 0.2 mm thick glass fiber 

cloth on the sensor side. The accuracy of the explosion 

shock wave pressure was improved to 97.8% [2]. To 

accurately predict whether the surface roughness of 

mailto:15713761803@163.com
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precision manufactured aluminum alloys meets the 

requirements, Bai et al. designed a BP prediction method. 

The results showed that the predictive progress of the 

model was improved by 7.8%. BP recognized small 

features in high-precision manufacturing and solved the 

insufficient accuracy [3]. In response to the inaccurate 

prediction of the self-diffusion coefficient in pure liquids, 

Zeng et al. used the BP to establish a nonlinear method 

that predicted the self-diffusion coefficient of pure 

liquids at normal pressure. The R2, AARD, and RMSE 

for predicting the self-diffusion coefficient were 0.9940, 

7.09%, and 0.1106, respectively [4]. Jiang et al. used an 

optimized GA to plan the optimal layout of the clothing 

production line for the uneven work intensity among 

employees. The results showed that the balance rate of 

the production line increased from 70.5% to 97.05%, and 

the production cycle was shortened by 32.80%, verifying 

the efficiency improvement performance [5]. To solve 

the difficulty in early warning of nonlinear 

macroeconomic systems, Yin et al. proposed a CNN 

economic early warning system based on the IGA-BP. 

The correlation coefficient was 0.89, and the delay 

number was 0. The economic warning system based on 

IGA-BP algorithm was effective. The BP optimized by 

GA could improve its feature classification ability [6]. To 

optimize the ability to prevent and control large-scale 

crop diseases, Gangadevi et al. proposed an improved 

SVM plant disease and pest identification model. The 

recognition accuracy of the research model reached 

91.1%, which was superior to other models. The 

powerful feature classification ability of SVM could 

solve the crop disease prevention and control [7]. Dong 

et al. proposed a runoff prediction model based on SOA-

SVM to address the difficult runoff prediction caused by 

its nonlinear and non-stationary characteristics. The 

results indicated that the average error and RMSE 

indicators of the research model were superior to other 

models [8]. Zhang et al. designed a method for 

automatically extracting damage characteristics from 

point cloud data to address the inaccurate damage 

detection in reinforced concrete structures. The results 

indicated that the research method was an effective 

approach for post disaster impact assessment and large-

scale building damage detection [9]. 

Signal transmission device:Driver

Severe damage 

to concrete

Slight damage 

to concrete

Sensor

Sensor

 

Figure 1: The principle of piezoelectric wave measurement 

 

The above research indicates that existing detection 

methods have insufficient ability to detect small cracks 

and other damages in concrete structures in the early 

stages. Although existing literature has made significant 

progress in the application of machine learning and 

optimization algorithms, relatively little research has 

been done in the field of damage identification of 

prestressed concrete members, especially in the 

combination of piezoelectric wave measurement and 

GABP-SVM model. Existing methods often do not 

perform well when dealing with noise and uncertainty in 

complex environments. The piezoelectric wave 

measurement method can identify extremely small wave 

changes, providing a data basis for damage detection of 

concrete components. GA can be applied to optimize the 

BP for extracting damage features from piezoelectric 

wave measurement data. Therefore, introducing SVM 

algorithm for feature classification can improve the 

accuracy of damage detection in prestressed concrete 

components. The research aims to combine piezoelectric 

wave measurement method with GA, BP, and SVM 

algorithms to construct a new intelligent damage 

identification model for prestressed concrete 

components, monitoring the health status of concrete. 

The research is structured from three sections. The 

first introduces related algorithms and mechanisms in the 

concrete damage recognition model based on GABP-

SVM. The second section tests the model. The third 

section summarizes the research results. The latest 

research and comparison of research results in this field 

are shown in Table 1. 
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Table 1: Comparison chart of SOTA and research achievements in this field 

Algorithms Year Researcher Method MSE R2 F1 
Prediction 

accuracy 
SOTA lacks 

Optimize 

BP 

2023 Bai et al[3] BP / / / / 
Traditional BP may fall into 

local optima 

2022 Zeng et al[4] BP-ANN / 0.9940 / / 
Not tested for robustness in 
complex environments 

2022 Yin et al[6] IGA-BP / / / / Robustness unverified 

/ This study 
Improved 
GA-BP 

/ 0.9235 0.00724 / / 

Research 

model 

2024 
Gangadevi et 

al[7] 

FOA-

SVM 
/ / 0.945 91.1% 

Unoptimized FOA may 

obtain non optimal solutions 

2023 Dong et al[8] 
SOA-

SVM 
/ / / / Robustness unverified 

2022 Zhang et al[9] 

Point 

cloud 

data 

/ / / / 
Low efficiency and unstable 
accuracy 

/ This study 
GA-BP-

SVM 

6.548×10-

2 
0.9531 0.9836 93.7% / 

 

2 Methods and materials 
The study first introduces the principle of 

electromagnetic wave dynamic measurement method. 

Then, the GA is taken to optimize BP to improve the BP 

algorithm to identify concrete damage characteristics 

from piezoelectric wave measurement data. Finally, 

SVM is used to further classify and modify the output of 

GABP, improving the accuracy of damage detection in 

prestressed concrete components. 

2.1 Design of concrete damage feature 

classification algorithm based on 

GABP 

Under earthquake, high load and other conditions, cracks 

and other damages may occur on the surface or inside of 

prestressed concrete components. When cracks are small 

or damage occurs inside concrete components, they are 

usually difficult to detect. If not repaired timely, it may 

lead to major accidents such as structural collapse. 

Piezoelectric smart materials have positive/negative 

piezoelectric effects. The positive piezoelectric effect is 

manifested by the internal polarization when subjected to 

external forces, releasing charges proportional to the 

pressure. The negative pressure electric effect is 

manifested in the external electric field, where materials 

convert electrical energy into mechanical energy and 

undergo deformation [10-11]. Therefore, piezoelectric 

smart materials can be used as signal sensors, which are 

taken as signal transmission device in concrete structure 

damage detection. The principle of using piezoelectric 

intelligent materials for piezoelectric wave measurement 

is shown in Figure 1. 

In Figure 1, the signal transmission device deforms 

under the action of an electric field to generate sinusoidal 

stress waves, which propagate inside the concrete. 

During the propagation process, the signal will gradually 

decay due to energy loss caused by friction, scattering, 

and crack absorption between the medium and particles.  

 

Therefore, there is the energy conservation 

I H R TE E E E= + + . IE  is the energy of stress waves, 

which is the initial stress wave energy. HE  represents 

energy loss, which refers to the energy lost during the 

propagation of stress waves in concrete due to friction, 

scattering, and absorption. RE  is the energy of the 

transmitted wave received by the sensor after passing 

through the concrete. TE  is the reflected wave energy, 

which refers to the energy reflected back by stress waves 

when they encounter damage or interfaces inside 

concrete. Therefore, by collecting signals through 

sensors, concrete damage can be monitored. There is 

much interference noise in the signals collected by 

sensors. Many options for dimensionality reduction can 

preserve the main information. Singular value 

decomposition can select the k largest singular values to 

explain most of the variance in the signal, preserving the 

main information. Therefore, the study uses singular 

value decomposition to reduce the dimensionality of the 

signals, set the threshold of cumulative variance 

contribution to 90%, and introduces the BP algorithm to 

identify the characteristics of concrete damage 

information in the signals. The BP is displayed in Figure 

2. 

In Figure 2, during the forward propagation process, 

initialization is first performed, and then the sample data 

enters the hidden layer for calculation using a transfer 

function. The result is then fed to the output layer, where 

the error and calculation result are calculated. Finally, the 

termination condition is reached and the prediction result 

is output. During the iteration process, if the termination 

condition is not satisfied, BP is performed, and updated 

the obtained training error to all neurons. Each neuron 

adjusts the weights and thresholds of the entire network 

on the basis of the training error. If the training frequency 

reaches the set condition or the error reaches the 
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minimum, the neural network ends. Otherwise, it enters 

the hidden layer to continue calculation until the 

condition is met. The forward propagation is shown in 

equation (1) [12]. 

1

2

( , ), 1, 2,...,

( , ), 1, 2...,

q R

s s

r f H E l

o f H A s N





= =


= =
  (1) 

In equation (1), qr  is the output of the hidden layer. 

so  is the output of the output layer. E  is the input 

sample, A  is the output of the hidden layer. N  is the 

sample size. RH   and sH  represent the weight matrices 

of the hidden layer and the output layer. 1f  is the 

activation function of the hidden layer. 2f  is the 

activation function of the output layer.   is the neuron 

index of the hidden layer. s  is the neuron index of the 

output layer. The training error is shown in equation (2). 

2

1

1
( )

2

N m

ns ns

s

J i o
=

= −     (2) 

In equation (2), m  satisfies the output layer node. n  

satisfies the input layer node. 
nsi  satisfies the expected 

output of the network. J  represents the training error. 
1

2
 

is the coefficient used in error calculation. nsi  is the 

expected output value of the network for the i -th output 

node and the s -th sample. nso  is the output value of the 

n -th neuron in the output layer for the s -th sample. The 

updated network weights are shown in equation (3). 
1
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Figure 3: Genetic algorithm variation operation 

 

In equation (3), 
1

s



 +
 represents the weight matrix of 

the 1 + -th iteration from the hidden layer   to the 

output layer s . s



  is the weight matrix before the 

update. S  is the maximum number of output layers. 
K

k  

is the specific layer weight update for the k -th iteration. 

K  is the total number of iterations. g



  is the weight 

matrix from the input layer g  to the output layer   

during the  -th iteration. 
1

g



 +
 is the updated weight 

matrix. G  is the total number of input layers. 
L

d  is the 

weight update of the output layer for the l -th iteration. 

L  is the maximum number of iterations.   satisfies the 

learning rate.   is the maximum number of iterations. qr  

is the output of the hidden layer in the q -th iteration. 

gE  is the input sample in the g -th iteration. Due to the 

BP over-fitting in noisy environments, there are 

numerous heuristic algorithms that can be used to 

optimize BP, among which GA exhibits high stability 

and robustness when dealing with complex problems, 

and can better cope with noise and uncertainty. 

Therefore, the study introduces GA to optimize BP. The 

GA evaluates the suitability of individuals based on the 

fitness function and the gap between them and the 

optimal target. Genetic methods such as selection, 

crossover, and mutation are performed to simulate 

natural selection of better individuals. Different fields 

will use different fitness functions. Generally, the fitness 

function of GA is transformed from the objective 
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function to the fitness function, as displayed in equation 

(4). 

g( x )
f ( x )

g( x )


= 

−
     (4) 

In equation (4), when solving the minimization 

problem, the fitness function f ( x ) g( x )= −  is used. 

When solving the maximization problem, the fitness 

function is g( x ) . When the fitness function is not 

directly transformed from the objective function, the 

fitness function to solve the minimization problem is 

shown in equation (5). 
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Figure 4: Optimal classification hyperplane for SVM 
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Figure 5: SVM network topology diagram 
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In equation (5), maxC  is the maximum fitness value. 

C  is the fitness value. When solving the maximization 

problem, the fitness function is shown in equation (6). 

0

1
0 0

1
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f ( x ) , else

, C , c g( x )
c g( x )


 − 
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  − 
+ −

 (6) 

 

In equation (6), minC  is the minimum fitness value. 

c  is the fitness threshold. The core of GA operators is 

crossover and mutation, which bring the entire selection 
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process closer to the optimal solution. GA randomly 

generates new offspring in the population through 

crossover operations. When designing the crossover 

probability, excellent individuals should avoid cross 

pairing. This can avoid the disappearance of excellent 

individuals and ensure that new individuals are close to 

the optimal solution [13]. Similar to natural genetic rules, 

when there is only cross inheritance, the diversity of the 

population is insufficient, and individuals who are too 

similar can easily slow down or even stop the population 

evolution speed. Therefore, GA includes mutation 

mechanisms, which increase population diversity through 

mutation. The genetic mutation operation is displayed in 

Figure 3. 
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Figure 6: Damage identification model for prestressed concrete components based on GABP-SVM 
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Figure 7: Comparative experimental results of BP and GABP 

 

Figure 3 displays the mutation operation of binary 

encoding. Figure 3 (a), Figure 3 (b), and Figure 3 (c) 

depict the exchange, insertion, and flashback during the 

replication process. Genetic variation produces new 

individuals, which determines the local search of GA and 

can bring diversity to the population. These three genetic 

operators of GA simulate the recombination and 

mutation process of sexual reproduction, and select better 

individuals through fitness scores to evolve the entire 

population towards the optimal solution. The BP 

optimized by GA is used to map the space vector from n

-dimensional to m -dimensional, which can reduce the 

blindness in the weight adjustment process. The 

optimized weight correction is shown in equation (7) 

[14]. 

( 1) ( )

( 1) ( )

jk jk k r

ij ij k p

w w h E

w w i E

  

  

+ = +


+ = +

   (7) 

In equation (7),   and   are learning factors, used 

to control the magnitude of weight adjustment. ( )ijw   

and 

( )jkw   satisfy the weights of each neuron in the hidden 

and output layers after   iterations. r  is the sample 

size. pE  is the sample error, used to guide the 
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adjustment of weights. ( 1)ijw  +  and ( 1)jkw  +  are 

the weights of each neuron in the hidden layer and output 

layer after 1 +  iterations. kh  and ki  are the gradient 

terms for weight updates, used to minimize the error of 

the network. The new fitness function is shown in 

equation (8). 

 

( )
1

m

p p

p

F k asb o t

=

 
 = −
 
 
     (8) 

 

In equation (8), k  is the coefficient. m  is the 

number of output layer nodes. p po t−  is the output error 

of the network. During the optimization process, 

floating-point encoding is used to encode the basic 

solution space. After encoding is completed, the 

population of the GA is initialized. The population M  is 

shown in equation (9). 

M m n m q q m=  +  + +    (9) 

In equation (9), n  is the input layer node size in BP. q  

is the hidden layer node size in BP. The probability ip  of 

an individual being selected in GA is shown in equation 

(10). 
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In equation (10), i if k / F= . iF  represents the 

fitness value of node i , calculated by equation (8). After 

determining the individual population F , individuals are 

decoded and corresponding network connection 

thresholds and weights are generated. Genetic operations 

are performed on individuals with lower F -values until 

the maximum iteration is satisfied to obtain the optimal 

threshold and weights for the BP network, ultimately 

optimizing the BP network. 
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Figure 8: Comparison of optimization algorithms and experimental results 

70 80 90 100
70

P
re

d
ic

ti
v

e 
v

al
u

e

(a) Prediction accuracy of SVM

True value

80

90

100

7

0

P
re

d
ic

ti
v

e 
v

al
u

e

8

0

9

0

100

R2=0.74

7

0

8

0

9

0
100

7

0

P
re

d
ic

ti
v

e 
v

al
u

e

(c) Prediction accuracy of DT

True value

8

0

9

0

100

R2=0.58

7

0

8

0

9

0
100

(b) Prediction accuracy of RF

True value

R2=0.94

 

Figure 9: Comparison test results of SVM algorithm and classification algorithm
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2.2 Construction of damage identification 

model for prestressed concrete 

components based on GABP-SVM 

In practical applications, prestressed concrete 

components may have small cracks in the concrete due to 

factors such as insufficient compaction, natural 

shrinkage, and uncleared wood chips, which reduces the 

GABP feature recognition accuracy [15]. SVM is a 

supervised learning algorithm widely used in 

classification and regression analysis. The study 

introduces SVM to further classify GABP recognition 

results, aiming to improve the accuracy of concrete 

component damage detection. In classification problems, 

SVM attempts to find a hyperplane to maximize the 

boundary between two categories. The optimal 

classification hyperplane for SVM is shown in Figure 4. 

In Figure 4, in two-dimensional space, the 

classification hyperplane can be imagined as a line that 

separates two categories. In a higher dimensional space, 

the optimal classification hyperplane becomes a 

hyperplane. SVM can train a classifier for concrete 

damage feature classification by collecting and analyzing 

various concrete damage data. The optimal classification 

plane and lines G, G1, and G2 in SVM algorithm are 

displayed in equation (11). 

( ) Tf x w x b= +      

                                                                       (11) 

 

In equation (11), w  satisfies the normal vector. b  

satisfies the bias amount. Among all the classified 

samples, ( )1 1,x y , ( )2 2,x y , ... and ( ),i ix y  need to satisfy 

equation (12). 

 

( ) 1i iy wx b+                   (12)                     

In equation (12), different w  and b  can determine 

different position planes. The optimal classification plane 

calculation is shown in equation (13). 
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In equation (13), 
21

min
2

w  represents the minimum 

confidence range. Equation (13) can be converted into 

equation (14). 
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In equation (14), 
21

min
2

w  can be used as a 

prerequisite for the optimization problem. When the 

current condition cannot be met, relaxation variables 
i  

and 
*

i  are introduced to relax the range of the premise 

conditions. At this time, the objective function is to 

minimize the confidence range, as shown in equation 

(15). 
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In equation (15), C  satisfies the penalty factor, 

which is the punishment for data that exceeds the   

range [16]. Through the above classification constraints, 

SVM has excellent ability in classification. The SVM is 

displayed in Figure 5. 

In Figure 5, in neural network architecture, the input 

layer receives feature vectors from the original input of 

the data source, with each feature vector representing a 

sample. The hidden layer is composed of multiple 

neurons and connected to each input node in the input 

layer, forming a fully connected structure. The output 

layer is responsible for outputting classification results, 

and the number of neurons is usually equal to the number 

of categories in the classification problem. In the SVM 

structure, the input space refers to the space of the 

original input data, while the feature space refers to the 

space of the feature vectors obtained through hidden 

layer processing. SVM can map data from the input 

space to the feature space to complete classification 

tasks. The model structure for identifying damage in 

prestressed concrete components combining GABP and 

SVM is shown in Figure 6. 

In Figure 6, the sensor of piezoelectric fluctuation 

measurement method identifies the fluctuation changes 

in prestressed concrete components. After collecting 

recognition data and conducting preliminary processing, 

it is input into a BP optimized by GA to identify the 

characteristics of concrete damage. Afterwards, the 

calculation results are fed into the SVM for further 

classification and correction, improving the accuracy of 

damage detection in prestressed concrete components. At 

the end, the visualization results of damage identification 

are output. A damage recognition method for prestressed 

concrete components is constructed on the basis of 

GABP-SVM. During the training, the original signal is 

first preprocessed. This includes removing the DC bias 

from the original signal to make the average value of the 

signal zero, and using a bandpass filter to remove high-

frequency noise and low-frequency interference to 

preserve useful signal components. The most important 
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thing in the pre-processing process is to reduce 

dimensionality through SVD, retain the main singular 

values, and remove noise and redundant information. 

After that, a BP neural network is created and the 

dimensions of the input layer, hidden layer, and output 

layer are set. Then, GA is used to optimize the weights 

and thresholds of BP neural network to improve the 

performance of the model. Finally, SVM is used to 

classify the output of the optimized BP neural network to 

further improve the classification accuracy and complete 

the model training. Compared with the traditional SVM, 

this study uses SVD to denoise the data. Moreover, the 

powerful nonlinear modeling capability of the improved 

BP algorithm is combined with the linear classification 

performance of SVM. By fully utilizing the advantages 

of these two algorithms, the classification problem of 

complex data collected by sensors can be better solved. 

This method enables GABP-SVM to better perform 

damage detection tasks. 

 

0
10

20

-10

20

10

0

-10

10

0

5

-5

-10

0
10

20

20

10

0

-10

10

0

5

-5

-10

0
10

20

20

10

0

-10

10

0

5

-5

-10

0
10

20

20

10

0

-10

10

0

5

-5

-10

(d) GABP-SVM recognition results(c) VGG16 recognition results

(a) XGBoost recognition results (b) AlexNet recognition results

Roller failure

Outer ring failure

Inner ring failure

 

Figure 10: Comparison test results between GABP-SVM algorithm and other algorithms 
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Figure 11: Comparison test results between GABP-SVM algorithm and other algorithms 
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Figure 12: Experimental results of training GABP 
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Figure 13: Comparison of 4 algorithms for fault recognition in 3 parts 

 

3 Results 
To verify the damage identification model for prestressed 

concrete components based on GABP-SVM, relevant 

experiments are conducted. The experiment conducts 

performance tests on the optimization algorithm GA, 

feature classification algorithm GABP, and SVM used in 

the research, verifying the computational efficiency and 

classification accuracy. Afterwards, comparative tests are 

conducted with other concrete component damage 

identification models to verify the generalization ability 

and the damage identification performance. 

3.1 Performance analysis of damage 

feature classification algorithm based 

on GABP-SVM 

The study uses the piezoelectric wave measurement 

method to extract rich wave data information from 

prestressed concrete components. GA, BP, and SVM 

algorithms are used to identify damage characteristics. 

To verify the effect of BP optimized by GA, a 

comparative test is conducted between BP and GABP. 

The computer configuration used in the experiment is 

Intel ® CoreTM i9-9980XE, with an 8-core 2.1GHz 

CPU, 16GB of memory, and 1TB of hard drive. The 
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experiment selected 2,000 samples from the classic 

MNIST dataset for algorithm training and testing, with 

80% of the dataset used for training and 20% for testing, 

as displayed in Figure 7. 

In Figure 7 (a), the experimental results of the GABP 

algorithm on the testing set showed that the fitting degree 

between the GABP feature classification results and the 

true values was high. The R2 of the GABP was 0.9235, 

and the MSE was 0.00724. In Figure 7 (b), the BP 

algorithm on the testing set show that the fitting degree 

between the BP feature classification results and the true 

values was lower than that of GABP. The R2 of the BP 

was 0.8682, and the MSE was 0.01416. The results 

showed that the R2 value of GABP was 0.0553 higher 

than that of BP, and the MSE value of GABP was 

0.00692 lower. The GABP has better feature 

classification ability than the basic BP algorithm. To 

verify the computational efficiency of the improved 

method, a comparative test is conducted between the 

GABP algorithm and three heuristic algorithms, namely 

Grey Wolf Optimization (GWO), Bat Algorithm (BA), 

and Particle Swarm Optimization (PSO), to optimize the 

BP algorithm, as displayed in Figure 8. 

In Figure 8 (a), in the unimodal function, the average 

fitness of GABP dropped to the lowest at 417 iterations, 

and the average fitness of GWO-BP dropped to the 

lowest at 440 iterations. However, BA-BP algorithm and 

PSO-BP algorithm had slower iteration speeds than BA-

BP and GWO-BP algorithms, and had not yet converged 

after 500 iterations, with average fitness values still at a 

high level. In Figure 8 (b), in multimodal functions, the 

average fitness value of the GABP algorithm dropped to 

the lowest after 48 iterations. The global search speed of 

the GWO-BP in the early stage was similar to that of the 

BA-BP algorithm, but the speed was slower in local fine 

search. The average fitness value of the GWO-BP 

algorithm dropped to the lowest after 174 iterations. The 

PSO-BP and BA-BP algorithms converged faster in 

multi-modal functions than in unimodal functions, but 

convergence was still incomplete after 500 iterations. 

The genetic operation of GA provides various ways to 

generate new solutions, increase the diversity of 

understanding, and help GA better explore the solution 

space. Therefore, GA has strong global search 

capabilities. Moreover, GA has strong parallel computing 

ability, which can significantly improve the convergence 

efficiency, so that the convergence efficiency of GA-BP 

is higher than that of PSO-BP and BA-BP. To verify the 

classification accuracy of SVM, a comparative test is 

conducted using Random Forest (RF), Decision Tree 

(DT), and SVM. 1,600 samples from the CIFAR-10 

dataset were selected for algorithm training and testing, 

with 80% of the dataset used for training and 20% for 

testing. The results are shown in Figure 9. 

In Figure 9 (a), the predicted value of SVM was close to 

the standard value, with a prediction accuracy of 0.94. In 

Figure 9 (b), the predicted value of the RF was far from 

the standard value, with a prediction accuracy of 0.74. In 

Figure 9 (c), compared with the standard value, the 

predicted value of DT was very discrete, and the distance 

between the predicted value and the standard value was 

farther than SVM and RF, with a prediction accuracy of 

0.58. 

3.2 Performance Analysis of GABP-SVM 

Algorithm 

To verify the performance of the GABP-SVM algorithm, 

experimental tests are conducted. The study conducted 

comparative experiments with Extreme Gradient 

Boosting (XGBoost) in ensemble learning, Visual 

Geometry Group Network (VGG), and AlexNet Neural 

Network (AlexNet). The experiment selected 20,000 data 

samples from the Kesi West Reserve bearing dataset, 

with 80% of the dataset used for model training and 20% 

for model testing. Four algorithms were used in the test 

to identify and classify faults in the inner, outer, and 

rolling elements of bearings. The additive Gaussian 

white noise in 
38 (SNR d )b− 

 was introduced as 

interference data. The experimental results are shown in 

Figure 10. 

In Figure 10 (a), XGBoost algorithm identified the 

fault characteristics of the rolling elements, but the fault 

characteristics of the inner and outer rings were not 

accurately classified. In Figure 10 (b), AlexNet algorithm 

could recognize the inner, outer, and rolling element 

features, but did not complete the classification task for 

the three types of features. In Figure 10 (c), VGG16 

algorithm did not complete the recognition and 

classification of fault types, and the recognition results 

had many discrete points. The accuracy and robustness of 

the model were both at a low level. In Figure 10 (d), 

GABP-SVM algorithm accurately identified the fault 

characteristics of the inner and outer rings and rolling 

elements of rolling bearings and completed the 

classification. The results show that in noisy 

environments, the feature recognition ability of GABP-

SVM algorithm is superior to XGBoost, AlexNet, and 

VGG16 algorithms. The setting of crossover and 

mutation rates in GA will affect the optimization effect 

of parameters, thereby affecting the performance of the 

model. To analyze the impact of GA parameters on 

model performance, a sensitivity analysis is conducted. 

The study conducted tests different combinations of 

mutation rate and crossover rate, and the test results are 

shown in Figure 11. 

In Figure 11, as the crossover rate increased, the 

performance of the model gradually improved. When the 

crossover rate was 0.7, the R2, F1 score, and accuracy of 

the model were all the highest. When the crossover rate 

was 0.9, the indicator values decreased. In different 

crossover rate values, the indicator value first increased 

and then decreased with the increase of mutation rate. 

When the crossover rate was 0.7 and the mutation rate 

was 0.05, the R2, F1 score, and accuracy were at their 

highest values, which was the optimal parameter setting 

for GA in GABP-SVM. 
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3.3 Performance analysis of damage 

identification model for prestressed 

concrete components based on GABP-

SVM 

The above experiment shows that the feature 

classification algorithm used in the study has high 

accuracy. To verify the performance of combining the 

two for damage feature recognition, a comparative 

experiment is conducted between the GABP-SVM model 

and concrete damage recognition models based on SVM 

and GABP, as well as a model that integrates PSO and 

RF. The experiment first trains GABP to obtain the 

optimal weights and thresholds of BP, as presented in 

Figure 12. 

In Figure 12 (a), after 54 iterations, the calculated 

optimal fitness value was 0.0326421, and the optimal 

number of hidden layers was 9. In Figure 12 (b), after 

100 iterations, the optimal fitness value calculated was 

0.0336789, and the optimal hidden layer was 21. The BP 

is set as the optimal threshold and weights. A 

comparative experiment is conducted between the 

optimized GABP-SVM and other models mentioned 

above, as presented in Table 2. 

In Table 2, the symbol ''*'' indicates a P<0.05 when 

compared to other algorithms, indicating that the 

difference in results is statistically significant. Among 

them, R2 is mainly used for regression analysis to 

determine the classification ability of the model. The 

range of R2 values is [0, 1], and the larger the R2, the 

higher the classification accuracy of the model. The 

Mean Squared Error (MSE), R2, and F1 scores of the 

GABP-SVM model in the damage location recognition 

results were 7.962×10-4, 0.9756, and 0.9836, 

respectively, which were superior to the SVM model, 

GABP model, and PSO-RF model. In the results of 

identifying the degree of damage, the MSE, R2, and F1 

scores of the GABP-SVM model were 6.548×10-2, 

0.9531, and 0.9925, respectively, which were also 

superior to other models. To further verify the 

robustness, comparative tests are conducted on the 

models that performed better in an environment with 

added noise. The test results are shown in Figure 13. 

In Figure 13 (a), the PSO-RF model had an accuracy 

of 82.6% in identifying damage to prestressed concrete 

components. In Figure 13 (b), the accuracy of SVM 

model in identifying damage to prestressed concrete 

components was 69.8%. In Figure 13 (c), the accuracy of 

GABP-SVM model for damage identification of 

prestressed concrete components was 93.7%. The results 

indicate that in noisy environments, the damage 

recognition accuracy of the GABP-SVM model is 

significantly higher than that of the SVM and PSO-RF 

models. To further analyze the robustness of the research 

model under different damage scales, the experimental 

data is organized into three datasets: minor damage, 

moderate damage, and serious damage to test the model. 

The experimental results are shown in Table 3. 

In Table 3, "*" represents a P<0.05 when compared to 

other algorithms, indicating that the difference in results 

is statistically significant. The recognition ability of 

GABP-SVM and PSO-RF models for serious, moderate, 

and minor damages showed a decreasing trend, while the 

decrease in GABP-SVM was smaller than that of PSO-

RF. GABP-SVM maintained a high overall recognition 

level, with MSE, R2, and F1 scores of 0.0907, 0.5054, 

and 0.4062 for PSO-RF for minor damages, respectively. 

The results indicate that the GABP-SVM model exhibits 

higher robustness than the comparison model under 

different damage scales. 

4 Discussion 
Comparative experiments were conducted on the basic 

algorithms that make up the research model, and a 

damage identification model for prestressed concrete 

components based on GABP-SVM was verified. The R2 

of the GABP feature recognition was 0.9235, and the 

MSE value was 0.00724, which was better than the BP 

algorithm. Jin et al. reached similar conclusions using 

GABP for rolling bearing fault diagnosis [17]. In the 

calculation of unimodal and multimodal functions, the 

GABP algorithm solved for the optimal solution that was 

closer to the true result after 417 and 48 iterations, 

respectively. This result was similar to the one obtained 

by Khatri et al. using GA to improve the load-bearing 

performance of fluid dynamic sliding bearings [18]. 

However, the research algorithm exhibits higher feature 

recognition ability and convergence efficiency compared 

to the latest advanced algorithms. The reason is that the 

GA is used to automatically optimize the parameters of 

the BP algorithm. In addition, the GA is improved to 

avoid getting stuck in local optima. The classification 

prediction accuracy of SVM algorithm was 0.94, which 

was better than RF algorithm and DT algorithm. This 

result was similar to the conclusion of the SVM-based 

radial deformation error evaluation method for turbine 

blades proposed by Chen et al [19]. In the model testing, 

the GABP-SVM model performed better than the SVM 

model, GABP model, and PSO-RF model in identifying 

the location and degree of damage. In the robustness test 

of the model with added noise, the accuracy of the 

GABP-SVM model in identifying damage to prestressed 

concrete components was 93.7%, which was 11.1% and 

23.9% higher than the PSO-RF and SVM. Zhao et al. 

proposed similar conclusions in the research of concrete 

mesoscopic damage characteristics detection based on 

improved R-CNN [20]. However, the GABP-SVM 

model is more robust than the newly proposed model 

based on the improved R-CNN model. Also, due to the 

deep optimization of GA in this study, it avoids falling 

into local optimal solutions in complex environments, 

thus ensuring the stability of the model. The results 

indicate that the designed model not only has excellent 

accuracy in identifying damage to concrete components, 

but also has extremely high robustness. From this, the 

study uses RF to preprocess the data and GA to optimize 

the parameters of BP. The improved BP output results 

are input into SVM for further feature classification, 

greatly improving the recognition ability of concrete 

component damage and the generalization ability in 

complex concrete structures. Finally, the study analyzes 
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the computational complexity and scalability of the 

GABP-SVM model. The analysis results show that as the 

data size increases, the computational complexity does 

not significantly increase. In high-dimensional data, the 

GABP-SVM model can still maintain high feature 

recognition ability. The results indicate that the 

dimensionality reduction techniques introduced in the 

study and the parallel computing capability of the GA 

enable the GABP-SVM model to have higher 

computational efficiency and scalability. 

5 Conclusion 
Concrete is widely used in urban construction and 

industrial production. Concrete components are prone to 

damage and structural instability under conditions such 

as earthquakes, long-term high loads, and environmental 

corrosion. A smart concrete damage identification model 

was constructed by combining machine learning 

algorithms with the intelligent sensing effect of 

piezoelectric materials, aiming to accurately evaluate the 

health status of concrete. The study used piezoelectric 

wave measurement method to collect small wave signals 

from concrete. The GA was used to optimize BP to 

identify the characteristics of concrete damage from the 

signals. In addition, SVM was introduced to further 

classify and modify the recognition results of GABP, and 

a damage recognition model for prestressed concrete 

components based on GSBP-SVM was constructed. The 

designed model could accurately identify the damage 

location and degree of concrete, with high robustness. 

Concrete has extremely wide applications. Currently, 

there are a large number of buildings with complex 

structures and large volumes. In addition to prestressed 

concrete components, various forms of concrete 

components are different. Future research can focus on 

different forms of concrete components to broaden the 

applicability of the research model. 
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Recently, the solution for recognizing and understanding an object based on visuals is to integrate the 

adaptation function (continuous machine-driven process) into the system update function involving humans 

(continuous human-driven process). However, this has created a gap between the adaptation function and 

the system. This situation requires understanding the system viewed as a dynamic composition of the learning 

process. This research introduced a self-learning model in the form of an adaptive kernel equipped with the 

SpinalNet architecture, and the goal of this study is to increase the Convolutional Neural Network (CNN) 

accuracy. The model consisted of a domain model, contextual knowledge, and adaptive learner developed 

based on the CNN with SpinalNet. The combination of Adaptive Kernel and SpiralNet in this CNN has a 

significant impact, allowing the model to adjust the selection of subsequent kernels based on the optimal input 

from the previous kernel. Moreover, this combination results in lower memory usage during training. The 

evaluation results show that our proposed model provides better classification accuracy than the SpiralNet 

model without the Adaptive Kernel. Furthermore, in terms of inference speed, our model outperforms 

SpiralNet, as evidenced by the use of fewer parameters.  

     Povzetek: Prilagodljiv model samoučenja, ki temelji na jedru, izboljša prepoznavanje vzorcev v sistemih za 

vid, integracijo CNN s SpinalNet za izboljšanje natančnosti klasifikacije, optimizacijo izbire jedra in 

zmanjšanje uporabe pomnilnika med usposabljanjem.

1 Introduction 
Computer (system) vision is a field of artificial 

intelligence that trains computer machines to interpret and 

understand (recognize) the visual world through deep 

learning models. The goal is that the machine can 

accurately identify and classify real-world objects and 

then react to what it sees. At present, the recognition and 

reaction capabilities of a system will be associated with 

the complexity of a highly dynamic, unpredictable, and 

uncertain environment [1]. In addition, the involvement of 

various elements of the real world interacting with the 

system will require the adaptability of the system. This 

ability will determine the success or failure of a system in 

recognizing and acting on what is occurring in its 

environmental context [2]. In fact, [3] states that the need 

to develop a system has entered the wave of learning from 

experience, namely the deployment of machine learning 

techniques. It functions to support various system 

functions to create an adaptive system, including a system 

capable of operating under conditions of uncertainty. 

Also, it can guarantee that its main property will function 

optimally. Therefore, a vision system for the current world 

requires a pattern recognition model possessing 

adaptability and a reliable optimization level. 

Adaptability in a system aims at realizing the behavior of 

adapting a system built based on special requirements [4]. 

This situation, among others, requires a system to 

recognize changes in its application domain. Additionally, 

it can change itself to produce alternative behaviors [5].  

 

Further, [3] in his latest review of long-term challenges 

that could trigger a new wave of scrutiny in the field of 

self-adaptation, raises an interesting question, namely the 

extent to which to develop systems to handle conditions 

that were not (fully) anticipated at the time the system was 

cultivated. Researchers have proposed various approaches 

to fostering adaptability in a system based on their 

respective problem domains. As a result, currently, neither 

a definition nor a specification for a system's adaptability 

has been widely agreed upon [6]. Besides, this applies to 

the specification of adaptability in vision systems. As an 

example, there is a need for deep meta-learning applied to 

image recognition problems  [7]. This problem can be 

resolved by understanding the system viewed as a 

dynamic composition of the learning process, namely how 

to enhance the system with self-learning abilities [3]. 

The perspective of growing adaptability is grounded in the 

self-learning model. The idea is to overcome the gap 

existing in the traditional perspective. In particular, there 

is a need to integrate the adaptation function (continuous 

machine-driven process) into the system update function 

involving humans (continuous human-driven process). 

Consequently, the system can only run for a short cycle 

since it has to wait for updates to deploy. Researchers 

generally develop adaptability for pattern recognition in 

vision systems by expanding various features to 

complement machine learning's ability to recognize visual 

cues. Some approaches or techniques can be used. 

Generally, they can be categorized into three categories, 

namely feature-based, template-matching, and image-
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based [8]. Image-based techniques are one of the concerns 

in this study because they can utilize all parts of an image. 

As a result, the detection process does not depend on the 

characteristics of an image or not focus on matching small 

parts of the image, becoming the model [9], [10]. It is 

expected that our research can be more flexible in 

developing a generic model to capture and recognize 

objects holistically with an optimal level of accuracy with 

self-learning capabilities. 

The existing main problem related to the application of 

machine learning for vision systems is to determine the 

most optimal algorithm. In addition, the researchers have 

conducted miscellaneous empirical investigations on 

various existing algorithms. One of them is a neural 

network. Nowadays, neural networks have become a 

method in machine learning with great success, including 

in object detection research [11] which initially had 

difficulties in its development. With various extensions of 

existing neural network-based methods, the development 

process has become easier [12]. One of them is the 

utilization of a deep neural network. It is a neural network 

architecture delving image data. In the context of a vision 

system, object detection is performed by training a 

computer to interpret and understand the visual world 

through a deep learning model. Hence, the machine can 

accurately identify and classify objects and react to what 

it screens. Therefore, the vision system requires a pattern 

recognition model to reach a reliable level of optimization 

and adaptation. 

There are myriad neural network algorithms. One of the 

developments (types) is the Convolutional Neural 

Network (hereafter, CNN) algorithm. CNN is a variation 

of Multilayer Perceptron (hereafter, MLP) designed to 

process two-dimensional data. On the one hand, MLP is 

not suitable for use in the case of image classification since 

it does not store special information from image data and 

considers each pixel as an independent feature, resulting 

in poor results [13]. On the other hand, CNN is also a type 

of deep neural network designed to process two-

dimensional data with a high network depth and is widely 

applied to image data [14]. Based on research [15], CNN 

has shortcomings in terms of the old model training 

process. Therefore, there has been a plethora of studies 

developing the CNN algorithm to get results or 

performance, especially regarding the level of accuracy so 

that it gets better. One of the developments in the use of 

optimization algorithms. Several optimization algorithms 

are included in the minibatch-based adaptive algorithm or 

algorithms included in the gradient descent optimization 

algorithm. 

These works allow us to extend the self-learning model 

based on neural network theory. A neural network, as a 

fundamental primitive, can provide flexibility in designing 

an architecture that focuses on adaptability. However, its 

impact on computational complexity should also be noted. 

Furthermore, various existing research results mainly 

accentuated the level of accuracy in the pattern recognition 

process. Only a tiny proportion pays attention to the 

adaptability of the learning process. One of the reasons for 

this is the lack of a good representation for meta-learning 

[7]. This study introduced a self-learning model for pattern 

recognition in the vision system by bringing up the 

adaptability function in the learning process. The model 

consisted of an optimized CNN algorithm employing an 

adaptive kernel. Thus, CNN can adapt to the model 

parameters in the learning process. The rest of this study 

consists of the second part discussing relevant studies, the 

third part describing the proposed model, and the fourth 

part eliciting the application of the model. In particular, it 

consists of experiments and a discussion of the evaluation 

results.  Finally, the fifth part concludes all the work 

results and discusses future job opportunities. The rest of 

this study consists of the second part discussing relevant 

studies, the third part describing the proposed model and 

the fourth part eliciting the application of the model. In 

particular, it consists of experiments and a discussion of 

the evaluation results.  Finally, the fifth part concludes all 

the work results and discusses future job opportunities. 

2 Related work 
There have been various empirical results relevant to 

machine learning for pattern recognition needs in vision 

systems. [16] compared the results of applying various 

optimization algorithms in deep learning, namely CNN, 

with three different CNN architectures. This study 

deployed two machine learning models, namely 

supervised and unsupervised learning. There were ten 

algorithms compared in this study, including the 

minibatch-based adaptive algorithm or algorithms 

included in the gradient descent optimization algorithm, 

namely the Stochastic Gradient Descent (SGD) algorithm, 

SGD-Momentum, SGD-Nesterov, AdaGrad, AdaDelta, 

RMSProp, Adaptive Momentum, AdaMax, Nadam, and 

AMSGrad. Four datasets were utilized: MNIST, CIFAR-

10, LFW, and Kaggle Flowers. One of the results of this 

study was that the Adaptive Momentum optimization 

algorithm worked optimally. In other words, it reached the 

highest level of accuracy when applied to the first and 

third CNN architectures with the dataset applied as LFW. 

Besides, [17] also compared the performance of CNN. 

The results indicated that the Adaptive Momentum 

optimization algorithm had the highest level of accuracy. 

This study applied the Adaptive Momentum algorithm to 

three different CNN architectures, namely ShallowNet, 

LeNet, and AlexNet. The results reported that the best way 

to increase the accuracy of photosynthetic pigment 

prediction on plant digital images was to deploy the 

adaptive momentum algorithm combined with the LeNet 

architecture.  

Currently, the use of CNN architecture has reached a 

higher level by adding an adaptive scheme to the training 

process. The research in [18] introduced an adaptive 

learning rate rule in CNN training by integrating the Egret 

Swarm Optimization Algorithm (ESOA) and quadratic 

interpolation (QIESOA) to improve prediction accuracy. 

Adapting the learning rate improved CNN's weaknesses in 

multi-domain image classification tasks, achieving the 

highest accuracy of 97.15% on the test dataset. Luo and 

Hu [19] developed Adaptive Attention ResNet (AA-

ResNet), which addresses overfitting and training errors in 

CNNs with deeper networks. Feature extraction became a 
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primary focus of their research, using residual modules 

and adaptive attention to enhance feature representation. 

The developed model demonstrated high performance on 

the Cifar-10, Caltech-101, and Caltech-256 datasets. The 

research by Jiang et al. [20] discussed the role of activation 

functions in Convolutional Neural Networks (CNNs). It 

introduced the Adaptive Offset Activation Function 

(AOAF) as a solution to improve image classification 

accuracy. AOAF is a new parametric activation function 

that connects negative and positive values by adding an 

adaptive parameter (the average of the input feature 

tensor) [20]. The results showed that AOAF significantly 

improved accuracy, especially on datasets with high 

feature complexity. Wu and Pan [21] introduced an 

adaptive modular convolutional neural network (CNN) 

model design to improve efficiency and accuracy in image 

recognition tasks. Through a gate unit based on attention 

mechanisms, the model adaptively selects the optimal 

network structure based on learning. The results showed 

high accuracy on three Kaggle datasets (Cats-vs.-Dogs, 

10-Monkey Species, Birds-400). The research by Guo et 

al. [22] focused on developing an Adaptive Pooling 

Network (APN) based on memristor arrays to improve the 

performance and resilience of CNNs in managing 

information loss during pooling. The results demonstrated 

that APN enhanced CNN performance in terms of both 

accuracy and robustness on the MNIST and CAPTCHA 

datasets. To clarify the research results and identify gaps 

in the state-of-the-art concerning adaptability in vision 

systems, especially CNNs, we have summarized the 

findings in a table, as shown in Table 1.  

 

Table 1: State-of-the-art 

Research Proposed 

Method 

Problem Contribution Result Weakness 

Wei dkk. [18] CNN + QIESOA Slow 

convergence of 

traditional CNNs 

Adaptive 

learning rate 

update with 

ESOA and 

Quadratic 

Interpolation. 

91.25% (Cifar-

10), 88.66% 

(EMNIST), 

95.87% 

(EuroSAT), 

88.66% 

(Fashion-

MNIST), 

97.15% 

(RiceImage). 

Adaptation to 

datasets with 

high dynamics or 

specialized 

domains has not 

been discussed. 

Luo dan Hu [19] AA-ResNet Overfitting due 

to network 

depth. 

Adaptive 

attention, 

multitask loss 

function. 

92.43% (Cifar-

10), 69.61% 

(Caltech-101), 

52.29% 

(Caltech-256). 

Adaptation to 

large-scale 

datasets or new 

domains has not 

been tested. 

Jiang dkk. [20] AOAF Low 

performance of 

the ReLU 

function. 

Using negative 

values in feature 

extraction. 

Accuracy 

increased by 

4.8% compared 

to ReLU 

Not tested on 

datasets with 

high noise or 

different 

distributions. 

Wu dan Pan [21] Adaptive 

Modular CNN 

Model 

Overfitting, 

large parameters. 

Parallel modules 

and submodules, 

adaptive 

reduction of 

FLOPs. 

99.3% (Cats-vs-

Dogs), 99.26% 

(10-Monkey 

Species), 

99.13% (Birds-

400) 

Not evaluated on 

datasets with 

noise or extreme 

variations. 

Guo dkk. [22] APN 

(Memristor-

based) 

Information loss 

in CNN pooling. 

Adaptive pooling 

without 

backpropagation. 

99.3% (MNIST), 

92.6% 

(CAPTCHA). 

Difficult to adapt 

to systems 

without 

memristors and 

large datasets. 

 

Self-learning capabilities for vision systems have also 

been developed [7] by proposing a framework consisting 

of three main modules: the concept generator, meta-

learners, and concept discriminators. This framework 

integrated the representational power of deep learning into 

meta-learning. The results substantially improved vanilla 

meta-learning, demonstrated in various few-shot image 

recognition problems. Other researchers, including [23], 

employed a new structure and concept called SpinalNet. 

SpinalNet is an amalgamation of DNN and Gradual Input 

implementations. This study highlighted the shortcomings 

of DNNs related to computational intensity due to the size 

of the input network. Therefore, this study applied gradual 

input, which was the concept of input gradually, to reduce 

the burden of the calculation process. The results of this 
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study indicated that SpinalNet was able to increase the 

accuracy of the usual DNN. 

We had studied the model's adaptability before, starting 

with integrating the self-adaptation approach into 

requirements modeling [24]. As an illustration, we 

introduced a self-adaptation approach embedded into the 

primitive system requirements specification. Furthermore, 

in the study [25], we added a contextual-requirements 

approach to the adaptation pattern of the primitive system 

requirements. The goal was to capture the relevant context 

attributes so that the adaptive behavior of the system 

would match the prevailing context. In another study [1], 

we developed a pattern of adaptation to deal with the 

variability of system services. In this case, our primitive 

system requirements map to the various service levels of 

the system. In this study [2], we introduced the adaptation 

requirements for the adaptive systems (ARAS) 

framework, extending the system modeling language with 

control loop patterns and the context inheritance 

hierarchies. Technically, both were mapped into a graph 

network (Bayesian Network). We have defined several 

formalizations for adaptability in a graph. However, the 

results specific to the requirements of the vision system 

have not been attained. More recently, in the paper [26], 

[27], we merely attempted to apply the adaptability of this 

graph network to the needs of the Internet of Things (IoT) 

network system. 

We captured research opportunities Based on the related 

job descriptions and studies conducted previously. In this 

case, the study can be performed to improve (to enhance) 

the adaptability of the learning process in pattern 

recognition for vision systems. One example is the 

expansion of the CNN model development. More 

technically, the addition of the SpinalNet architecture to 

the CNN model that we have developed can have the 

opportunity to increase the adaptability and optimization 

of the learning process. Meanwhile, based on studies in 

related studies, it was explained that CNN fit image data. 

It has even been widely applied to image data [8]. 

Consequently, image-based techniques were also our 

concern when formulating the needs of this research. 

Additionally, [7], contended that there is a lack of a good 

representation for meta-learning, where this meta-learning 

will learn the learning algorithm (meta-learner) of many 

related tasks. These statements and facts have motivated 

us to develop a new model with self-learning capabilities 

for pattern recognition in vision systems. 

3 Proposed method 
The perspective used in developing this proposed model 

was inspired by [3]. In this sense, [3] notes that the 

challenge in the long-term triggering a new wave of 

research in the field of self-adaptation is to understand the 

system as a dynamic composition of the learning process. 

The idea is to enhance a system with self-learning 

capabilities. To illustrate, a system allows it to learn from 

the variety of data it collects and autonomously develops 

its learning process under changing and unpredictable 

conditions. In the context of the vision system, the work 

of [7] applied this perspective by proposing deep meta-

learning. Further, they also demonstrated its usefulness in 

image recognition problems. This work was extremely 

inspiring for us to propose a new model of self-learning 

capability for vision systems. Our model consists of three 

main components, namely the domain model, contextual 

knowledge, and adaptive learner as presented in Figure 1: 

a. Domain model is a domain modeling in the form of a 

graph network structure to capture high-level visual 

signal representations. 

b. Contextual knowledge represents the relevant context 

attributes in the model domain according to the current 

dynamic visual cue context. 

c. Adaptive learner consists of utility (utility function) 

and learner (learner function) functions that carry out 

learning and recognize visual cues representations 

based on the prevailing context. 

 

 
 

Figure 1: Self-learning model for pattern recognition in 

the vision system 

 

Domain model 

In a previous study [1], [2], we defined every element in 

the model domain indicating a dependency relationship. 

Furthermore, the model was regarded as a dynamic 

property in nature to be monitored based on certain 

parameter values. In this study, we developed it to specific 

representations for monitoring and capturing high-level 

visual cues. More specifically, the model deployed the 

SpinalNet structure developed by [23] taking inspiration 

from the human somatosensory system as presented in 

Figure 2. Following the way of how the human spinal 

network works, Spinal Net utilized gradual input (Gradual 

Input). All the layers contained in the model contributed 

to the main output of X in the same way that reflexes 

worked. Next, the modular input was sent to the main 

output of X. It was similar to how the brain works. 
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Figure 2: SpinalNet model from (Adapted from [25]) 

 

In a model like the one illustrated in figure 3, the first layer 

utilized a simple linear function and obtained only the sum 

of weight w from x1-x5. The second layer of the model 

gained the total weight w of x6-x10 as one input and the 

result of layer 1 as the other input. Briefly stated, the 

definition can be formulated as follows: 

 

a. For each layer 𝑥𝑖 ∈  {𝑥1, 𝑥2, . . . , 𝑥𝑛} will contribute 

to the main output layer X. 

b. For each input 𝑁𝑖 ∈  {𝑁1, 𝑁2, . . . , 𝑁𝑛} can be 

modularized into each of its 𝑥𝑖 layers and become 

inputs for 𝑥𝑖+1. layers. 

 

 
Figure 3: Simplified SpinalNet as a single hidden layer 

from (Adapted from [23]) 

 

Contextual Knowledge 

Contextual knowledge is a representation of dynamic 

properties in the model domain [2]. It refers to the 

abstraction of domain properties relevant to the expected 

system behavior. Also, it covers the specific context in 

which this expected behavior applies [28], [29], [30]. In 

this investigation, contextual knowledge was specified for 

the needs of context attributes related to visual cues in the 

model domain. The attribute applied as contextual 

knowledge in this research was the kernel dimension. It 

was intended to determine the size of the matrix to perform 

convolution and input shift. The kernel on convolution is 

formulated as follows: 

 

a. 𝐹(𝑥) ∗ 𝐹(𝑦) is the dimension of the kernel matrix. 

b. 𝑁(𝑥) ∗ 𝑁(𝑦) is the dimension of the input matrix. 

c. The output dimension of the convolution is 𝑁(𝑥) −
𝐹(𝑥) + 1 ∗  𝑁(𝑦) − 𝐹(𝑦) + 1. 

d. Convoluting the kernel 𝑄𝑢,𝑣 with the activation 

function tanh will result in weight 𝐾𝑢,𝑣. 

 

Adaptive learner 

The adaptive learner is a module that can automatically 

serve adjustments due to changing and growing needs. 

The main purpose of this module is to model the system 

dynamically. In particular, the module learned to 

recognize every need existing in the model domain and 

contextual knowledge on a run-time basis. The main 

problem to be handled was related to variables with 

varying, different, and flexible properties. This module 

indicated two functions, namely the utility function in the 

form of a function to sort or define alternative varieties 

according to their use for individual visual cues, and the 

learner function to carry out learning and introduction to 

obtain the most optimal results. The new kernel function 

was obtained through the result of the convolution of each 

input convolution Q(u,v) as in the following equation: 

 

𝜎𝑢,𝑣 =  ∑ ∑ 𝑄(𝑢,𝑣)𝑖,𝑗
𝑥𝑖,𝑗

𝑁−1

𝑗=0

𝑁−1

𝑖=0

   . . (1) 

 

The new kernel K(u,v) can then be deployed to perform 

convolution on the input image to produce S. 

Subsequently, it was applied as the output kernel as in the 

following calculation: 

 

𝑆 = ∑ 𝑥𝑢,𝑣𝐾 (∑ 𝑄𝑢,𝑣𝑖,𝑗
𝑥𝑖,𝑗

𝑖,𝑗

)

𝑢,𝑣

. . (2) 

 

𝑓 = tanh(S) ..(3) 

 

4 Experiment 
This section describes the evaluation of our proposed 

model for recognizing visual cue patterns, particularly 

handwriting patterns. In this experiment, we deployed 

MNIST datasets sourced from the research of LeCun, et. 

al. [31]. These datasets refer to a collection of handwritten 

images of numbers 0-9 consisting of 60,000 training data 

and 10,000 test data. The images were black and white. 

Each image was 28x28 pixels. The use of the MNIST 

dataset on the CNN method was performed by Saqib, et. 

al. [32]. The study succeeded in building a model 

recognizing and classifying handwritten figure images. 

The experimental results showed that the CNN model 

attained the highest classification of accuracy for a certain 

number of hidden layer neurons. Another scrutiny was 

conducted by Anwar, et. al. [33] Involving the MNIST 

dataset as the classification object of CNN. In addition to 

using MNIST, we also applied other datasets such as 

KMNIST, QMNIST, Fashion-MNIST, and EMNIST to 

strengthen the validation of the model we have developed. 
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Preparation of model application 

The network architecture structure developed in this 

experiment was inspired by the SpinalNet architectural 

model by carrying out several expansions, namely 

combining it with the Convolutional Neural Network 

architecture through an adaptive kernel on the convolution 

layer. The experimental mechanism was applied to the 

MNIST dataset with several models. As an example, the 

conventional CNN model commonly used covers the 

CNN model combined with the Adaptive Kernel, the 

SpinalNet model, and the model developed by the authors. 

Contextual knowledge elicitation was conducted to 

identify the relevant context attributes in the model 

domain related to the dynamic context of visual cues. This 

provides dynamic parameter updates during training on 

the adaptive kernel. The adaptive kernel parameters are 

iteratively updated during the backpropagation process. 

The kernel adapts by minimizing the cross-entropy loss 

through the gradient descent algorithm. The utility 

function calculates the optimal kernel value based on the 

contextual knowledge that has been learned. This 

mechanism allows the kernel to dynamically shift its focus 

and optimize the most relevant features for visual signals. 

Unlike non-adaptive kernels, which rely on static 

parameters, adaptive kernels dynamically adjust their 

parameters during training. For instance, after each 

convolution operation, the kernel dimensions are updated 

to optimize weight alignment in subsequent layers. This 

flexibility results in higher accuracy and efficiency, as 

demonstrated in our model. Figure 4 shows the distinction 

between the adaptive and non-adaptive kernel processes to 

clarify the differences. 

In this experiment, we identified the data collected from 

the results of pre-processing and preparation for the 

application of the model as contextual knowledge, namely 

the kernel that can change according to the determined 

input. 

 

Pattern recognition implementation and operation 

Our proposed model applied three main parts, namely the 

Adaptive Kernel, Convolutional Layer, and Full 

Connected Layer as shown in figure 5. First, the Adaptive 

Kernel was a Convolutional Layer involving an adaptive 

system in its kernel parameters. The determination of the 

kernel was based on the optimal input of the previously 

applied convolution. Second, the Convolutional Layer, 

both Adaptive Kernel and Convolutional Layer applied 

Maxpooling and Relu as activating functions. By applying 

the Spinal Layer to the Full Connected Layer section, the 

input parameters were smaller. As a result, memory usage 

can be kept to a minimum in learning the model. Third, 

Spinal Layer divided the input into several parts and then 

processed it with a linear function. In our model, the input 

was divided into two equal sizes and was processed 

linearly in six layers. In the final stage of the full 

connected layer, a linear function was utilized to combine 

the applied Spinal Layers. The utilized Spinal Net 

structure is shown in Figure 6. 

 

 
Figure 4: Differences between adaptive kernel approaches compared to non-adaptive methods. 

 

 

 

 
Figure 5. Self-learning model architecture 

 

 
Figure 6: SpinalNet architecture in full-connected 

layer 

 

More specifically, the implementation of the integration 

between the adaptive kernel and SpinalNet is shown in 

Figure 7, which illustrates the workflow of the proposed 

model. 

The model designed in Figure 7 processes a 28x28 

grayscale input image through a series of steps, starting 

from the dynamic kernel to the fully connected layer. In 
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the dynamic kernel, the kernel weights are adaptively 

adjusted during training, resulting in 25 feature maps 

(28x28x25). This output is then passed to the dynamic 

layer, where the results from multiple kernels are 

combined, and the channels are reduced to 6 (28x28x6). 

Next, the Conv2D Layer extracts deeper features, 

followed by the MaxPooling Layer for downsampling, 

producing an output of 12x12x20. A Dropout Layer is 

applied to prevent overfitting without altering the data 

dimensions. The data is then flattened through the Flatten 

Layer into a 1D vector (500 elements), which is processed 

progressively by the SpinalNet Layers by splitting the 

vector into six segments and generating a combined 

representation with a total of 1500 elements. Finally, the 

Fully Connected Layer processes this representation into 

logits for 10 classes to generate probabilities, determining 

the final class prediction. Combining the Adaptive Kernel, 

Convolutional Layer, and SpinalNet ensures 

computational efficiency and model adaptability in 

handling visual data. 

 

 
Figure 7: Purposed method framework 

 

 

The integration results between SpinalNet and the 

Adaptive Kernel were trained using various datasets for 

classification tasks. This experiment has two training 

scenarios: one where the model is trained with the 

additional VGG-5 network [34] and another where the 

model is trained without that additional network. The 

model with the added VGG-5 was trained for 100 epochs, 

using a batch size of 128 and a learning rate 5×10-3. In 

contrast to the hyperparameters used in the first scenario, 

the model without the VGG-5 addition was trained for 

eight epochs, using a batch size of 128 and a learning rate 

of 1×10-2. The difference in hyperparameter usage was 

made to adjust to the needs of each model being trained to 

maximize the potential of the training results. 

Additionally, both training scenarios were optimized 

using Stochastic Gradient Descent (SGD) with the same 

momentum value 0.9. 

These hyperparameters were determined based on the 

results of a systematic evaluation of several 

hyperparameter choices using a grid search approach. The 

evaluation was based on validation accuracy across 

various configurations while also monitoring the stability 

of the loss function and the efficiency of the number of  

 

 

 

parameters in the model. The evaluation results for each 

hyperparameter choice are shown in Tables 1 and 2. 
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Table 1: Hyperparameter testing for the proposed 

model with the added VGG-5 

Hyperparameter Range Optimal Value 

Learning Rate [0.001, 0.005, 

0.01] 

0.005 

Batch Size 
[32, 64, 128] 

128 

Hidden Layer in 

SpinalNet 

[64, 128, 256] 128 

Neuron per Layer 

in SpinalNet 

[64, 128, 256] 128 

Momentum [0.5, 0.7, 0.9] 0.9 

 

Table 2: Hyperparameter testing for the proposed 

model without VGG-5 

Hyperparameter Range Optimal Value 

Learning Rate [0.001, 0.005, 

0.01] 

0.01 

Batch Size 
[32, 64, 128] 

128 

Hidden Layer in 

SpinalNet 

[4, 6, 8] 8 

Neuron per Layer 

in SpinalNet 

[125. 250, 500] 250 

Momentum [0.5, 0.7, 0.9] 0.9 

 

From the tests in Table 1, the optimal configuration for the 

proposed model with the added VGG-5 was obtained, 

which included a learning rate of 0.005, a batch size of 

128, 128 hidden layers in SpinalNet, 128 neurons per 

layer, and a momentum value of 0.9 for SGD. Meanwhile, 

the optimal performance for the proposed model without 

the VGG-5 addition was achieved with a learning rate of 

0.01, a batch size of 128, 8 hidden layers in SpinalNet, 250 

neurons per layer, and a momentum value of 0.9. This 

configuration provided the highest validation accuracy, 

maintained a stable loss curve throughout training, and 

showed a balance between performance and 

computational efficiency. 

Before the training process, we performed data 

preprocessing on all datasets used. In this process, we 

applied the same steps to all datasets, which included 

converting the images to tensors and normalizing the 

values. In the tensor conversion process, the pixel values 

of the images were changed from the original range (0 to 

255) to the range [0.0, 1.0] by dividing each pixel value 

by 255. Afterward, the converted pixel values underwent 

normalization using the Z-Score normalization method. 

After passing through this data preprocessing stage, the 

model training process is expected to be faster and more 

stable, accelerating convergence and reducing imbalance. 

 

Model evaluation and comparison 

To validate the proposed model, we compared this 

research model with the original SpinalNet model. The 

comparison included accuracy, the number of parameters 

used, and the inference speed of the model on each test 

dataset used. Tables 3 and 4 compare the evaluation results 

between our model and SpinalNet. 

 

Table 3: Comparison of Adaptive-SpinalNet and 

SpinalNet with the added VGG-5. 

Dataset 

Adaptive-SpinalNet SpinalNet [23] 

Accuracy Inference 

Time  

Accuracy Inference 

Time 

MNIST 99.78% 5.21s 99.72% 5.33s 

KMNIST 99.24% 5.25s 99.15% 6.12s 

QMNIST 99.54% 16.77s 99.68% 16.92s 

Fashion-

MNIS 

95.21% 5.70s 94.68% 6.43s 

EMNIST 

(Digits) 

99.74% 12.57s 99.82% `13.03s 

EMNIST 

(Letters) 

94.69% 8.68s 95.88% 9.17s 

 

 

 

 

 

Table 3 highlights the comparison between VGG-5 + 

Adaptive-SpinalNet and VGG-5 + SpinalNet regarding 

accuracy and inference time. It is evident that the inference 

speed of our model consistently outperforms across all 

datasets. Similarly, the Adaptive-SpinalNet model 

demonstrates a speed advantage compared to the original 

SpinalNet model. The adaptive kernel dynamically adjusts 

weights based on the input it receives, enabling a focus on 

the most relevant features for the classification task and 

thereby reducing processing time for less significant 

information. Additionally, parameter efficiency is 

achieved by minimizing redundancy in kernel weights. 

This results in optimal representation without excess 

parameters that could slow the inference process. The 

comparison of parameter reduction is illustrated in Figure 

8. 

 

Table 4: Comparison Between Adaptive-SpinalNet and 

SpinalNet 

Dataset 

Adaptive-SpinalNet SpinalNet [23] 

Accuracy Inference 

Time  

Accuracy Inference 

Time 

MNIST 98.93% 3.42s 98.48% 3.61s 

KMNIST 92.52% 3.81s 88.25% 4.08s 

QMNIST 98.47% 12.85s 98.07% 13.03s 

Fashion-

MNIS 

87.92% 3.54s 86.61% 3.90s 

EMNIST 

(Digits) 

99.35% 9.09s 99.16% 9.29s 

EMNIST 

(Letters) 

91.43% 5.24 90.23% 5.97s 

 

In addition to its positive impact on parameter reduction, 

the SpinalNet architecture combined with Adaptive 

Kernel generally enhances accuracy across all datasets. 

This is particularly evident in Table 4, demonstrating that 

directly applying Adaptive Kernel to SpinalNet improves 

the model's accuracy on all test datasets. This indicates 

that our model, tested on various datasets (including 

MNIST, Fashion MNIST, KMNIST, and EMNIST), can 

generalize across different data distributions. 

Experimental results reveal that the Adaptive-SpinalNet 
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model consistently achieves competitive performance, 

even on datasets with significantly different visual 

patterns from MNIST. This highlights the model's ability 

to adapt to diverse data distributions. This adaptability is 

further reinforced by the Dynamic Kernel mechanism, 

which dynamically adjusts kernel weights based on input 

patterns during inference. This allows the model to capture 

relevant features under varying data conditions. 

Furthermore, the SpinalNet architecture processes feature 

independent segments, offering additional flexibility in 

handling shifts in data distribution. 

Furthermore, to provide stronger validation, we compared 

the model's performance with related studies using the 

same dataset benchmarks. This comparison is presented in 

Table 5.  

 

 

 

 
(a) 

 
(b) 

 

Figure 8: Comparison of the number of parameters between Adaptive-SpinalNet and SpinalNet: (a) with VGG-5, 

(b) without VGG-5 

 

Table 5: Comparison of Adaptive-SpinalNet with related studies 

Model Accuracy Number of 

Parameters MNIST KMNIST QMNIST Fashion MNIST 

SpinalNet [23] 98.48% 88.25% 98.07% 86.61% 16K 

VGG-5 + 

SpinalNet [23] 
99.72% 99.15% 99.68% 94.68% 3.6M 

CNN + QIESOA 

[18] 
- - - 97.15% Not Mentioned 

APN 

(Memristor-

based) [22] 

99.3% - - - Not Mentioned 

R-ExplaiNet26-

64 [35] 
99.70% 98.66% - 93.03% 0.89M 

Improved 

Efficient 

Capsnet [36] 

- 98.43% - - 0.58M 
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PMM [37] 97.38% - - 88.58% 

4.9K (MNIST), 

16.7K (Fashion 

MNIST) 

ConvPMM [37] 99.10% - - 90.94% 

0.13M 

(MNIST), 

0.28M (Fashion 

MNIST) 

Adaptive-

SpinalNet 
98.93% 92.52% 98.47% 87.92% 15.9K 

VGG-5 + 

Adaptive-

SpinalNet  

99.78% 99.24% 99.54% 95.21% 1.1M 

 

 

Table 5 demonstrates that the VGG-5 + Adaptive-

SpinalNet model outperforms all other models in terms of 

accuracy on the MNIST and KMNIST datasets. Although 

its accuracy on the QMNIST and Fashion MNIST datasets 

remains slightly below the VGG-5 SpinalNet and CNN + 

QIESOA models, the differences are insignificant, 

indicating that our model performs well in handling data 

variability. The Adaptive-SpinalNet model has the fewest 

parameters compared to other models, except for the 

PMM model on the MNIST dataset. This proves the 

effectiveness of the Adaptive Kernel in reducing 

computational complexity in the SpinalNet model with 

minimal accuracy trade-offs. This performance is 

achieved through the Dynamic Kernel, which dynamically 

adjusts weights to extract relevant features, while 

SpinalNet processes features in independent segments to 

enhance flexibility and computational efficiency. With a 

low parameter count, Adaptive-SpinalNet demonstrates 

strong generalization across various datasets, making it 

suitable for real-world applications involving diverse data. 

In addition to the appropriate selection of 

hyperparameters, the performance achieved by Adaptive-

SpinalNet is also attributed to the optimal sizing of the 

Dynamic Kernel. The kernel size significantly affects the 

model's adaptability. To clarify this, Table 6 presents the 

model's performance trained on the MNIST dataset using 

different Dynamic Kernel sizes. 

 

Table 6: Comparison of adaptive-spinalnet model 

performance on the MNIST dataset based on kernel size 
Ukuran 

Kernel 

Recall Precision F1-Score Accuracy 

(3x3) 98.91% 98.91% 98.91% 98.91% 

(5x5) 98.93% 98.93% 98.93% 98.93% 

(7x7) 98.80% 98.80% 98.80% 98.80% 

(9x9) 98.38% 98.38% 98.38% 98.38% 

 

The results in Table 6 show a performance improvement 

when the kernel size is increased from (3x3) to (5x5). This 

suggests that enlarging the kernel size in the Dynamic 

Kernel can enhance performance. However, when the 

kernel size is further increased to (9x9), performance 

decreases. A larger Dynamic Kernel does not necessarily 

guarantee an improvement in model performance, as a 

very large kernel tends to aggregate information over a 

larger area, potentially overlooking important small or 

local patterns. In addition to this finding, another 

interesting observation from the comparison in Table 6 is 

the consistency between precision, recall, F1-Score, and 

accuracy. Identical values for precision, recall, and F1-

score indicate that our model works effectively, achieves 

an optimal balance, and handles class distribution well. 

This demonstrates that our model performs well on the 

MNIST dataset. 

 

 

 

 

Another option that can be used as an adaptation method 

for the SpinalNet model is Reinforcement Learning (RL)-

-based adaptivity, which can be used to select or adjust 

kernels based on feedback from the environment to 

optimize performance. While this method may have the 

potential to adjust kernels based on experience, 

weaknesses such as computational overhead, dependence 

on reward design, and stability issues make it less ideal for 

high-efficiency real-time applications. The performance 

comparison between the Adaptive Kernel and RL methods 

in Table 7 demonstrates this. 

 

Table 7: Performance comparison of adaptive kernel and 

rl methods on the spinalnet model using the MNIST 

dataset 

Method Epoch 
Acc 

(%) 

Inference 

Time (s) 

Domain 

Shift 

Acc (%) 

Adaptive 

Kernel 
5 97.85 3.42 88.97 

Reinforcement 

Learning-

Based 

Adaptivity 

5 96.67 5.65 85.74 

 

The comparison results in Table 7 show that the Adaptive 

Kernel method has a significant advantage over the 

Reinforcement Learning-based Adaptivity approach in 

terms of accuracy, inference time efficiency, and handling 

domain shift. Both methods were tested with five training 

epochs, with the Adaptive Kernel method achieving an 

accuracy of 97.85%, higher than the RL-based method, 

which only reached 96.67%. Furthermore, the inference 

time of the Adaptive Kernel is much faster, at 3.42 

seconds, compared to 5.65 seconds for the RL method. 
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This indicates that the Adaptive Kernel method is more 

efficient for real-time applications than the RL-based 

adaptivity method. To further test the adaptability, we 

performed data augmentation for domain shift, which 

included random image rotation of up to 30°, brightness 

variation, and contrast changes. The evaluation results 

showed that the Adaptive Kernel's adaptation to domain 

shift was also superior, with an accuracy of 88.97% 

compared to 85.74% for the RL-based method. These 

results confirm that the direct adaptation mechanism of the 

Adaptive Kernel is more effective and efficient than the 

RL-based exploration, making it more suitable for 

adaptive vision systems that require high performance and 

resilience to data distribution changes. Another advantage 

is shown in the loss values generated at each epoch. 

Although the Adaptive Kernel method has a higher loss 

value than the RL-based adaptivity method in the first 

epoch, in subsequent epochs, the loss values for the 

proposed method consistently stay lower than those of the 

RL method. The comparison of loss values is shown in 

Figure 9. 

 

 

 
(a) 

 
(b) 

Figure 9: Comparison of Loss Values Between Adaptive Kernel and RL-based Adaptivity. (a) Original MNIST 

Test Data, (b) Augmented MNIST Test Data 
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Threats to validity 

a. Pre-Liminaries validity 

Validity in the preliminaries stage is measured by 

looking at the problem domain, which is understood as 

the clarity of data rows, datasets, and pre-processing. 

The transformation from non-linear to linearly 

separable transforms the data to a higher level by 

adding features using kernel functions. The raw data 

consists of various variants of the MNIST dataset, 

including MNIST itself, KMNIST, QMNIST, and 

Fashion-MNIST. Data identification is carried out to 

ensure that the pre-processing process in the model 

preparation stage is carried out correctly. This is a 

preparation stage for implementing the model as 

contextual knowledge. The data used is not too large. 

This was done to see how the model could be used with 

a limited amount of data but with high accuracy. 

 

b. Fitting validity 

In the evaluation of our research, the process of 

determining the model is carried out using cross-

validation and a confusion matrix. Validation is done 

by estimating the error and how our model can 

accommodate the unseen data. K-fold cross-validation 

is used to reduce parts that cause underfitting. By 

reducing training data, it is possible to lose trends in 

the data set, increasing the error caused by bias. The 

validation used is cross-validation, which generalizes 

the independent/unseen data set.At the validation 

stage, our learning self-learning model ensures that 

each process is carried out with attention to the 

evaluation of metrics, how to handle overfitting, and 

processes to reduce bias. 

c. Bias validity 

Measurement of the accuracy of each model is 

optimized by optimization of Stochastic Gradient 

Descent (SGD) and Cross Entropy Loss. To eliminate 

the habit of estimating gradients, SGD is required to 

reduce the cost of each iteration. The computing cost 

of each iteration will run linearly from O(n) to O(1). In 

determining the SGD variable, the learning rate affects 

the resolution of the conflicting goal by reducing the 

learning rate dynamically as optimization progresses. 

Cross entropy is determined to define the loss function 

in optimization. This is done by minimizing the cross 

entropy. Defining cross entropy indirectly proves the 

equivalence of the relationship between objects. Done 

as long as the entropy data is constant.. 

 

5 Conclusion dan further studies 
This study introduces a self-learning model for pattern 

recognition in vision systems. The model is developed 

through a self-adaptation approach where the system is 

regarded as a dynamic composition of the learning 

process. The goal is to enhance the system with self-

learning capabilities, enable it to learn from collected 

visual data and develop its learning process 

autonomously. Our model encompasses three main 

components, namely (a) domain model to capture high-

level representations of visual cues, (b) contextual 

knowledge representing context attributes relevant to the 

current dynamic context of visual cues, and (c) adaptive 

learner performing learning and recognizing visual cue 

representations based on the prevailing context. This 

model is prepared with a formulation combining the 

adaptive kernel method on the CNN architecture and the 

utilization of SpinalNet in the fully connected layer of the 

CNN. 

The validity of the proposed model was evaluated using 

cross-validation with several testing schemes. In addition 

to the evaluation results compared with the original 

SpinalNet model, we also validated the model by 

comparing its performance through evaluations with 

methods used in related studies, varying kernel sizes, and 

comparisons with other adaptation methods. The 

evaluation results indicate that the proposed model 

performs very well regarding accuracy and computational 

complexity. The results of this work pave the way for 

future studies. In other words, future studies can include 

developing and expanding our proposed model for other 

domain needs (e.g., audio recognition, machine 

translation, and so on). 
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In this paper, we propose a Learning-based Ensemble Method with Optimal selection strategy (LbEM-OSS), 

which presents a new outlier detection algorithm that captures only outstanding ones of constituent models. 

Using KNN to define local regions and Pearson correlation to evaluate the detectors makes the ensemble 

robust. Our method can adapt and generalize better across different high-dimensional datasets by generating 

pseudo-ground truths with average and maximum aggregation strategies. On a wide range of benchmark 

datasets, LbEM-OSS outperformed both statistics-based and neural ensemble methods, which achieved state-

of-the-art ROC-AUC as high as 97.78% in the best-case and 4-8% AUC improvements over existing methods 

on average. These results portray its potential for noise, different dimensionality,  and heterogeneous data 

nature. Moreover, it is highly scalable and accurate, which makes it an essential application in practical 

fields like fraud detection, network security, and healthcare. This research highlights the need for dynamic 

selection approaches within ensemble methods, providing the groundwork for future developments in sound 

outlier detection. 

Povzetek: Nova metoda ansambla, ki temelji na učenju, optimizira zaznavanje izstopov z dinamičnim 

izbiranjem najbolj zmogljivih modelov. Izboljša robustnost v visokodimenzionalnih naborih podatkov, s 

čimer doseže najsodobnejšo natančnost in razširljivost za aplikacije pri odkrivanju goljufij, varnosti omrežja 

in zdravstvenem varstvu. 

 

1   Introduction 
Outlier detection, a necessary part of data analysis, allows 

the identification of data points with significantly different 

values than the rest of the data set. Let's start with outliers. 

They can corrupt statistical studies and machine learning 

models; if they are not correctly handled, they can lead to 

incorrect results. Several statistical methods exist for 

outlier detection, including the Z-score,  Tukey's fences, 

and isolation forests. For instance, anomaly detection is 

essential in the finance industry, fraud detection, and 

healthcare [1], [2]. Ensemble methods are necessary for 

improving the accuracy and robustness of outlier detection 

schemes, especially in high-dimensional data scenarios, as 

many features cause the problem of dimensionality curse 

and lead to higher complexity and noise than conventional 

outlier identification methods usually obtain robustness. 

To mitigate this problem, ensemble techniques combine 

several outlier detection algorithms to provide a final 

prediction that is more reliable and accurate. Ensemble 

methods reduce the impact of the shortcomings of 

individual models and offer a more holistic assessment of 

outliers in high-dimensional data by aggregating the 

results of several models [4], [5], [6]. Existing literature 

suggests that constituent outlier detection models play a 

crucial role in shaping an ensemble-based method's 

effectiveness for multiple reasons [10]. These models 

help detect and treat outliers in the dataset to avoid 

damaging the performance of the machine learning 

models. Ensemble models aggregate their predictions, 

which allows them to find outliers and minimize their 

effect, influencing the total accuracy. Moreover, the 

individual models may be over-fitted, and outliers alter the 

noise, but including the robust outlier-detection models in 

the ensemble strengthens them against noisy data. 

Additionally, by concentrating on the most significant data 

points, outlier detection encourages improved 

generalization, allowing the model to learn from 

representative instances, which enhances its forecasting 

capabilities on unseen data. Moreover, these models have 

provided additional information on the outliers' features, 

which helps improve the ensemble model's 

interpretability. As such, constituent outlier detection 

models are essential components of ensemble-based 

methodologies, leading to more accurate, robust, well-

generalizing, and transparent insights into the data. 

mailto:girishloshankar@gmail.com
mailto:chakri.ls@gmail.com


172   Informatica 49 (2025) 171–192                                                                                                             G.R. Ginni et al. 

Ensemble methods are a new and powerful tool in the 

outlier detection arsenal, combining multiple models to 

harness each model's strengths to produce robust and 

accurate results. K-nearest neighbors (kNN) and Local 

Outlier Factor (LOF) are some of the key algorithms used 

in such methods. The kNN algorithm is effective for 

describing an isolated area using only k-nearest data points 

since it centers more on the local neighborhood structure 

of the data, which is especially helpful for anomaly 

detection. Similarly, LOF assesses the local density of a 

point compared to its neighbors and marks points with a 

substantially lower local density as outliers. They are 

complementary in that each method provides a solution for 

the diversity problem of the datasets with different 

characteristics, and integrating those methods into 

ensemble frameworks is the foundation of the proposed 

approach. 

This paper presents the following contributions: We 

introduce a new algorithm named the Learning-based 

Ensemble Method with Optimal Selection Strategy 

(LbEM-OSS), focusing on the dynamic selection of top-

performing constituent models to achieve a more robust 

outlier detection result. This would ensure that separate 

methods such as K-Nearest neighbors (KNN)-based 

models, Isolation Forests, and statistical outlier detection 

methods are rated based on their local and global relevance 

for being part of an ensemble. We use average and 

maximum aggregation strategies to generate pseudo-

ground truths for this empirical evaluation. By calculating 

global and local ground truths, our algorithm reaches better 

accuracy, further improving adjustment to various high-

dimensional datasets. The algorithm's performance is 

validated by several empirical studies conducted on 

benchmark datasets (re0, Sun09, Shuttle),  and the 

algorithm produces the highest AUC score of 97.78%. Our 

proposed method can be used for fraud detection, 

healthcare, and network security applications and provides 

a reliable automatic outlier detection algorithm for 

complex data environments. The rest of the paper is 

organized as follows: The introduction summarizes the 

literature on various ensemble methods and information 

acquisition strategies. In Section 3, we propose an outlier 

detection algorithm. Section 4 examines the proposed 

method in experiments performed on some high-

dimensional datasets. Section 5 presents a conclusion and 

suggests future research avenues. 

 

2   Related work 
In this section, research on existing ensemble learning 

approaches for outlier detection. Chakraborty et al. [1] 

proposed an innovative approach to outlier detection by 

integrating probabilistic neural networks and layered 

autoencoders, particularly addressing scenarios with 

multiple outliers and class imbalance. This method 

enhances detection accuracy by leveraging deep learning 

techniques for robust feature extraction. However, the 

study lacks dynamic selection mechanisms tailored for 

dataset-specific characteristics addressed in our proposed 

LbEM-OSS algorithm through KNN-based local regions 

and Pearson correlation evaluation. Reunanen et al. [2] 

suggested maximizing the selectivity and efficiency of 

outlier detection ensembles by using fewer instances. Our 

method adjusts parameters to yield a wide range of precise 

outcomes, which is advantageous for different algorithms. 

Boukerche et al. [3], significant research has addressed 

different difficulties over the last ten years by 

concentrating on effective outlier identification strategies. 

We classify new techniques, review their features, 

benefits, and drawbacks, and look at possible future 

developments.  Zhong et al. [4] state that network traffic 

anomaly detection is essential for network security, but 

current approaches have problems with complexity, 

flexibility, and retraining. HELAD surpasses others by 

using deep learning algorithms—Abbasi et al. [5] required 

due to the increased data flow by flexible solution. 

ElStream outperforms traditional techniques in the 

detection of idea drifts using ensemble learning. 

Fitriyani et al. [6] introduced an ensemble learning 

model for predicting diabetes and hypertension, 

integrating the system into a smartphone app for real-time 

diagnosis. While achieving high accuracy, the study 

focused on supervised ensemble methods and did not 

address unsupervised or semi-supervised scenarios 

common in outlier detection. Our approach builds on this 

by enhancing unsupervised ensemble techniques for high-

dimensional datasets, thus broadening applicability. 

Schubert et al. [7] proposed a generalized outlier detection 

framework using flexible kernel density estimates, 

enabling the identification of anomalies in diverse data 

distributions without relying on rigid assumptions. Their 

approach demonstrates robustness in high-dimensional 

datasets, making it particularly relevant for ensemble-

based outlier detection methods that enhance accuracy and 

adaptability. Zhang et al. [8] described utilizing stacking 

ensemble learning and multi-dimensional feature fusion in 

MFFSEM for intrusion detection. MFFSEM works better 

on a variety of datasets than current approaches. Li et al. 

[9] investigated Ps prediction using a Ps dataset and 

dimensionality reduction using four ensemble approaches. 

The results show the advantage of ensemble techniques. 

Zhu et al. [10] suggested a method for detecting intrusions 

on Internet of Things networks that combines ensemble 

learning with subspace clustering. It performs better than 

current techniques, with few false positives and excellent 

accuracy.  

Ouyang et al. [11] improved machine learning 

analysis efficiency by introducing an EBOD approach for 

real-world datasets. Zhang et al. [12] presented DELR, a 

double-level ensemble approach to anomaly detection that 

aims to improve generalization capacity by tackling 

diversity and information loss. Suggested future 

enhancements include deep learning integration and real-

time optimization, and DELR beats state-of-the-art 

algorithms on real-world datasets. Wang and Mao [13] 

addressed issues in process monitoring by introducing a 

dynamic ensemble outlier identification approach with 

one-class classifiers. Rigorous studies show its usefulness 

and future studies might focus on potential enhancements. 

Wang and Mao et al. [14] addressed ensemble difficulties 

by putting forth a dynamic outlier identification strategy 
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that makes use of one-class classifiers. Experimental data 

demonstrate its efficacy over static ensembles and single 

models. The goal of more studies is to close the oracle's 

performance gap. Aljame et al. [15] used standard blood 

testing; early diagnosis of COVID-19 is essential. 

Combining classifiers improves predictions in an 

ensemble model called ERLX. The diversity of datasets 

and model validation continues to be challenged. 

Zhang et al. [16] enhanced using a hybrid ensemble 

model that combines balanced sampling and outlier 

identification. In terms of prediction, it does better than 

benchmarks. Mienye et al. [17] improved across various 

domains through ensemble learning, integrating 

predictions from numerous models. Popular algorithms, 

including XGBoost and Random Forest, as well as 

bagging, boosting, and stacking techniques, are covered in 

this review. Yin et al. [18] employed 246 data sets and the 

stacking approach of ensemble learning. Outlier 

management and dimension reduction were incorporated 

into the preprocessing. An eight-model comparison 

revealed the advantage of ensemble models, mainly when 

dealing with skewed data. Tsai and Lin [19] evaluated 55 

datasets to solve imbalanced class learning. OCC 

ensembles enhance performance. The influence of feature 

selection and multi-class unbalanced datasets will be 

investigated in future studies. Bull et al. [20] compared to 

supervised approaches, outlier ensembles perform 

comparably in damage identification and dimension 

reduction. Real-world engineering examples show how 

effective they are.  

Zhang et al. [21] used for credit scoring have been 

altered by AI. In addition to improving feature 

interpretability and automatically optimizing parameters, a 

unique ensemble model handles outliers. Subudhi and 

Panigrahi [22] suggested a database security-focused 

intrusion detection system that combines OPTICS 

clustering and ensemble learning. Empirical findings 

demonstrate its advantages. Eddine et al. [23] used feature 

engineering and an RF classifier to create an intrusion 

detection model with excellent accuracy for IIoT security. 

Rovetta et al. [24] identified potentially dangerous 

occurrences in road audio streams. A novel ensemble 

approach combining one-class SVM for outlier 

identification and DNN for event classification shows 

promise. Cheng et al. [25] improved efficiency and 

accuracy with a two-layer ensemble technique that 

combines the Local Outlier Factor (LOF) for precise 

outlier identification with Isolation Forest (iForest) for 

rapid scanning and trimming.  

Hus et al. [26] suggest that a stacked ensemble ANIDS 

using AE, SVM, and RF models be used for network 

intrusion detection. Tested on actual campus logs, NSL-

KDD, and UNSW-NB15 datasets, it performs better than 

conventional models, decreasing incorrect predictions. 

Wei et al. [27] defend against adversarial assaults and out-

of-distribution inputs. XEnsemble, a technique for DNN 

models, combines input and output verification. Biswas 

and Samanta [28], with Decision Tree, Naive Bayes, and 

kNN as essential learners, use ERF to address finding 

anomalies in wireless sensor networks. The AReM dataset 

evaluation reveals that ERF performs better than 

individual learners. In the future, multi-class 

categorization could be used. Jiang et al. [29], outlier 

identification in the Internet of Things is challenging 

because of resource limitations and wireless transmission. 

With an emphasis on their performance and unresolved 

research concerns, this review contrasts machine learning-

based methods for outlier detection. Tsogbaatar et al. [30] 

used SDN to anticipate device state, manage flows, and 

identify abnormalities; the deep ensemble learning 

framework DeL-IoT tackles IoT risks. 

 

Table 1: Comparative analysis of existing ensemble outlier detection methods with their performance metrics and 

limitations 

Ref Methodology Dataset Performance 

(AUC/Precision) 

Limitation 

[1] Probabilistic neural 

networks with layered 

autoencoders 

Custom 

dataset 

AUC: 85.3% Limited scalability and 

lacks adaptive detector 

selection. 

[2] Outlier detection 

ensemble 

UNSW-

NB15 

AUC: 82.1% Suboptimal feature 

selection and fixed detector 

configurations. 

[3] Deep learning 

ensembles 

IoT datasets Precision: 

89.5% 

Limited ability to 

address class imbalance and 

complex outliers. 

[10] Subspace clustering 

with ensembles 

UNSW-

NB15 

AUC: 88.4% Hyperparameter tuning 

challenges and narrow 

dataset focus. 
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Proposed LbEM-OSS Multiple 

high-

dimensional 

datasets 

AUC: 97.78% Outperforms existing 

methods in adaptability and 

robustness. 

 

 

 

Table 2: Summary of literature findings 
Ref. 

 

Approach Technique Algorithm Dataset Limitation 

[2] Deep 

Learning and 

Machine 

Learning 

Outlier 

detection 

ensemble 

outlier 

detection 

algorithms 

Custom 

dataset 

Further work will need to experiment 

with other optimization methodologies. 

[10] Bottom-

up and 

Threshold-

based approach 

ML and 

Anomaly-based 

techniques 

Clustering 

algorithms, 

namely 

CLIQUE, 

PROCLUS, 

and SUBCLU 

UNSW-

NB15 dataset 

 

Upcoming projects will improve 

feature selection skills, refine 

hyperparameter tuning, evaluate the 

approach on different datasets and real-

world situations, and guarantee the 

method's morally and practically sound 

implementation. 

[16] Machine 

learning and 

ensemble 

learning 

Clustering 

and hyper-

parameter 

optimization 

techniques  

classic 

outlier 

detection 

algorithms 

the UC 

Irvine (UCI) 

Future research should consider and 

appropriately avoid any potentially 

negative behaviors and discriminatory 

practices of artificial intelligence systems 

toward humans. 

[17] Machine 

learning and 

Ensemble 

Learning 

Ensemble 

and blending 

techniques 

state-of-

the-art 

algorithms and 

ensemble 

algorithms 

European 

cardholders’ 

dataset and 

Brazilian 

credit dataset, 

It is thus advised that ensemble 

clustering be the subject of future study. 

[23] Ensemble 

Learning, DL, 

and ML 

ML and 

encryption 

techniques  

ML 

algorithms 

Bot-IoT 

and NF-

UNSW-

NB15-v2 

datasets. 

Our future work will utilize other 

datasets, such as the TON-IoT dataset 

comprising IoT and IIoT data, to gain a 

worldwide perspective and develop and 

evaluate an efficient IDS for enhancing 

network security. 

[24] Ensemble 

Outlier 

Detection 

Approach 

cutting 

edge 

methodologies 

SVM and 

clustering 

algorithms 

Custom 

dataset 

The suggested approach will be 

improved to recognize events even when 

background noise heavily distorts their 

signals. 

[28] Density-

based approach 

Machine 

Learning 

techniques 

ERF 

algorithm 

Intel 

Berkeley 

Research lab 

(IRLB) 

dataset 

Determining the many stages of 

nature may be our future direction when 

utilizing multi-class classifiers. 

[32] Outlier 

detection 

approach 

RSS based 

techniques 

A 

clustering-

based outlier 

detection 

algorithm 

UCI 

dataset 

Future research might examine the 

suitability of artificial intelligence (AI) 

methods for outlier identification in 

localization and wireless sensor networks 

(WSNs). 

[35] ANNODE 

approach 

Machine 

Learning 

techniques 

SVM 

algorithms (H-

OCSVM and 

QS-OCSVM) 

Intel 

Berkeley 

Research Lab 

Mica2dot 

dataset 

Future work will define specific 

methods (such as offset and drift) 

for continuous failure detection and 

expand the assessment to include more 

sensors. 

[39] Step-by-

step 

pharmaceutical 

treatment 

approach 

Machine 

Learning 

techniques 

Ensemble 

learning and 

supervised 

learning 

algorithms 

Custom 

dataset 

The following are a few goals that 

might be explored in further research: 

1. Increasing the performance of 

asthma control level detection by 

including additional elements, such 

as genetic factors and biomarkers, 

that impact asthma control levels.   

2. Relying on time series analysis 

to implement asthma control 
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level detection models instead of 

attribute-based data. 

3. Using new technologies to 

develop self-care systems using 

models for detecting asthma control 

levels. 

                  

 

Table 3: An overview of the data sets used in the literature 

Dataset (s) References 

UNSW-NB15 dataset [10] 

UCI [16],[32] 

European cardholders dataset and Brazilian credit 

dataset 

[17] 

Bot-IoT and NF-UNSW-NB15-v2 datasets. [23] 

Intel Berkeley Research lab (IRLB) dataset [28],[35] 

Custom dataset [2],[24], [39] 

 

Belhadi et al. [31] offered a model that outperforms 

current techniques in detecting anomalous human behavior 

by utilizing data mining and deep learning technologies. 

Bhatti et al. [32] presented "iF_Ensemble," a Wi-Fi indoor 

localization technique that combines ensemble, 

unsupervised, and supervised approaches. By detecting 

outliers, accuracy is increased by 2%. Wang et al. [33] 

identified the shortcomings of the existing iNNE 

architecture for wireless sensor network outlier 

identification, including flexibility and resource usage. 

Khare et al. [34] investigated the use of ensemble ML for 

anomaly detection in IoT contexts and compared it to 

conventional techniques. Jesus et al. [35] suggested 

machine learning, namely ANNODE, to identify reliable 

outliers in environmental sensor networks. It has been 

verified using actual datasets and has outperformed 

competing solutions.  

Liu et al. [36] addressed sparsity in high-dimensional 

data by introducing SO-GAAL for outlier detection. This 

strategy is expanded by MO-GAAL, which outperforms 

rivals on a range of datasets. Xu and Chen [37] suggested 

a unique approach to anomaly detection for GSHP systems 

that combines statistical modeling and deep learning. 

Anomalies found are classified and verified, 

demonstrating the efficacy of the approach. Future studies 

will improve the evaluation of anomaly severity. Kapucu 

et al. [38] suggested a way for photovoltaic systems to 

diagnose faults using ensemble learning that increases 

generalization and classification accuracy. Khasha et al. 

[39] determined asthma control levels, a revolutionary 

ensemble learning technique that integrates machine 

learning algorithms with the experience of clinicians. Chai 

et al. [40] use human input, human-in-the-loop outlier 

detection, or HOD, to detect outliers precisely. To reduce 

human labor, HOD uses a bipartite graph-based technique 

with clustering to provide context inliers. Experimental 

data confirm the advantage of HOD. The literature showed 

a need to develop the best selection strategy for finding 

constituent outlier detection models to be part of an 

ensemble approach. Breunig et al. [41] introduced the LOF 

(Local Outlier Factor) method, which identifies outliers 

based on the local density deviation of a data point 

compared to its neighbors. This approach effectively 

handles varying densities within datasets, making it a 

foundational technique for local region-based outlier 

detection and ensemble methods leveraging neighborhood 

information.  As seen in Table 1, existing ensemble 

methods often struggle with scalability, adaptive detector 

selection, and achieving high accuracy across diverse 

datasets. These limitations underline the necessity for our 

novel selection strategy, which integrates KNN-based 

local region definition and Pearson correlation for dynamic 

detector evaluation, achieving significantly higher 

performance. Table 2 summarizes the literature findings, 

while Table 3 presents the datasets used in the literature. 

The literature review observed that performance needs to 

be improved in selecting appropriate detection methods for 

ensemble models to enhance outlier detection 

effectiveness. Luo et al. (2021) developed a convolutional 

neural network (CNN) to autonomously identify acute 

ischemic stroke in brain magnetic resonance imaging 

(MRI) data. [42] Test results revealed that the designed 

model significantly outperformed the pre-improvement 

model in the social network data recommendation task. 

Choudhary et al. [43] 

 

3   Proposed system 
Unsupervised learning is key in identifying outliers 

and critical in multiple domains, such as fraud detection, 

network security, or quality assurance. It does not require 

labeled data and is usually used for clustering, density 

estimation, etc. It helps prevent fraud by identifying 

outliers, network security, and high-quality goods & 

services. Unsupervised outlier detection not only helps 

maintain the health and reliability of data-driven systems, 
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but it also helps identify strange or dubious data points far 

from the mean. Outlier Detection – Clustering-based 

unsupervised learning is essential in outlier detection, as it 

identifies any data point that does not fit the expected 

pattern or any cluster of the data set. Using clustering to 

identify groups of similar data points makes it possible to 

identify outliers (i.e., single data points that do not belong 

to any cluster or single data points spread out amongst 

identified clusters). This technique helps find anomalies in 

massive data sets that are impossible to check manually. 

When we use hierarchical clustering to detect outliers, the 

result may consist of clustering algorithms like K-means, 

DBSCAN, and data points from outside the clusters, which 

are probably outliers. These exceptions may be mistakes 

in data assembly, fraud, or once-in-a-lifetime occurrences 

that may fascinate analysts. This clustering-based 

unsupervised learning approach can assist organizations in 

boosting the quality of their data, tighten up fraud 

detection, and allow organizations to unlock insights from 

unusual data points. 

 

 
Figure 1: Ensemble learning-based framework 

 

Figure 1 is the proposed ensemble learning-based 

framework to improve outlier detection performance. The 

process begins with high-dimensional data. Pre-processing 

is applied to the high-dimensional data. Each detector 

computes the training outlier score, updates the outlier 

score matrix, and creates a global ground truth by 

averaging using the training data. The testing data is 

utilized for every test instance throughout the testing 

process. Use the KNN ensemble to characterize the 

immediate area. Provide a ground truth for the area. For 

 

High Dimensional Data 

Pre-processing 

Training Data 

For Each Detector 

Compute Training  

Outlier Score 

Update Cutter 

Score Matrix 

Generate Global 

Ground Truth by 
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Testing Data 

 
 

For Each Test 
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Collection 

Compute   
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each detection, the framework computes the outlier score 

and computes the Pearson correlation.  The outlier 

detection results are obtained from the selected detectors. 

In high-dimensional data, not all features are relevant for 

outlier detection. Preprocessing can include techniques to 

reduce dimensionality by eliminating redundant or 

irrelevant features. This increases computational 

efficiency and improves the accuracy of outlier detectors. 

Data may have different ranges and units. Normalizing and 

scaling the data ensures that all features contribute equally 

to calculating distances and similarities, which are critical 

in outlier detection. Incomplete data can introduce errors 

in the analysis. During preprocessing, methods for filling 

in the blanks or deleting partial records may be used to 

handle missing data, thus improving the dataset's quality. 

Data may contain noise that can confuse outlier detectors. 

Preprocessing can include filtering techniques to remove 

noise, ensuring that detectors focus on actual abnormalities 

in the data. In some cases, transforming the data to a 

different space can make underlying structures more 

evident and more accessible to detect as outliers. 

Preprocessing improves the quality and relevance of the 

data fed into the outlier detection framework, resulting in 

more accurate and efficient detection. Initially, our 

framework combines a set of diverse detectors. It first 

determines the vicinity of every test occurrence before 

selecting the best capable local detector (or detectors). The 

test instance's outlier score is produced using the chosen 

detector or detectors.  

The framework relies on two key components: local 

pseudo-ground truth generation and dynamic outlier 

ensemble selection. Local pseudo-ground truth refers to 

the benchmark score computed for each test instance by 

aggregating the outlier scores of its k-nearest neighbors. 

This localized reference ensures context-aware evaluation 

of detector accuracy. Dynamic outlier ensemble selection 

is the process of adaptively selecting detectors with high 

correlation to the pseudo-ground truth, ensuring the 

ensemble is optimized for dataset-specific characteristics. 

These components enhance the framework's robustness 

and adaptability across diverse datasets. 

 

3.1 Base detector generation 
To encourage learning unique features in the data, a 

productive ensemble should be built with diverse base 

estimators [24], [32]. One way to introduce diversity 

among a collection of homogenous base detectors is to 

subsample the training set and area of features or adjust the 

model hyperparameters [6], [32]. By building a pool of 

models with the same fundamental technique utilizing 

different hyperparameters, we show how effective the 

framework is in this work. However, heterogeneous base 

detectors may also be employed with the proposed 

algorithm as a generic framework. 

With n points and d features, the representation of the 

training data is 𝑋𝑡𝑟𝑎𝑖𝑛  ∈  𝑅𝑛×𝑑, while the representation of 

the test set is 𝑋𝑡𝑒𝑠𝑡 ∈ 𝑅𝑚×𝑑 with m points. Initially, a 

collection of base detectors 𝐶 =  {𝐶1, . . . , 𝐶𝑅}  is created 

by the method and populated with a variety of 

hyperparameters, such as a collection of LOF detectors 

with different MinPts [5]. The same dataset is used for 

inference once all base detectors have been trained on 

𝑋𝑡𝑟𝑎𝑖𝑛. After combining the data, an outlier score matrix 

𝑂(𝑋𝑡𝑟𝑎𝑖𝑛),  is created, which is represented by the score 

vector from the 𝑟𝑡ℎ  base detector, Cr (•), in Eq. (1). Z-

normalization is used to normalize each detector score 

𝐶𝑟(𝑋𝑡𝑟𝑎𝑖𝑛)  by earlier research [2,32]. 

𝑂(𝑋𝑡𝑟𝑎𝑖𝑛) = [𝐶1(𝑋𝑡𝑟𝑎𝑖𝑛), … , 𝐶𝑟(𝑋𝑡𝑟𝑎𝑖𝑛)] ∈  𝑅𝑛×𝑑            

(1) 

 

3.2 Pseudo ground truth generation 
Two methods are used to create a false ground truth 

(denoted target) with 𝑂(𝑋𝑡𝑟𝑎𝑖𝑛)LSCP evaluates detector 

competency in the lack of ground truth labels. Average 

base detector scores (i) and maximum scores for all 

detectors (ii) are shown. This is further discussed in Eq. 

(2), which represents the entire aggregate (average or 

maximum) of all base detectors. 

𝑡𝑎𝑟𝑔𝑒𝑡 =  ∅(𝑂(𝑋𝑡𝑟𝑎𝑖𝑛))  ∈ 𝑅𝑛×1              (2) 

Note that the proposed system's fictitious ground truth 

was developed solely for detector selection and is based on 

training data. 

 

3.3 Local region definition 

The set of a test instance 𝑋𝑡𝑒𝑠𝑡
(𝑗)

's k closest training 

objects is known as its local region, or 𝜓𝑗. Technically, this 

is indicated as: 

𝜓𝑗  =  {𝑥𝑖  | 𝑥𝑖  ∈  𝑋𝑡𝑟𝑎𝑖𝑛,𝑥𝑖
 ∈  𝑘𝑁𝑁𝑒𝑛𝑠

(𝑗) 
}  where the 

collection of a test instance's closest neighbors, as 

determined by an ensemble criterion, is described by 

𝑘𝑁𝑁𝑒𝑛𝑠. This kNN variant—which is comparable to 

Feature Bagging [1], suggested making use of kNNs for 

superior accuracy over clustering methods in DCS [9] and 

allaying worries about the curse of dimensionality on kNN 

[4]. The steps involved are as follows: Additional training 

objects are added if they occur more than t/2 times to 

𝑘𝑁𝑁𝑒𝑛𝑠
(𝑗)

 to define the local region. (i) t groups of [
𝑑

2
, 𝑑]  to 

create new feature areas, features are chosen at random. 

(ii) The k nearest training objects to 𝑋𝑡𝑒𝑠𝑡
(𝑗)

 Use the 

Euclidean distance to identify each group. The region's 

size is not fixed since it depends on how many training 

items fulfill the selection requirements. 

The number of closest neighbors to take into account 

throughout this procedure is determined by the local area 

factor k; excessive values are avoided. Larger values of k 

may focus too much on global connections and incur 

higher computational expenses; on the other hand, lesser 

values of k emphasize local links more, which may cause 

instability. While cross-validation [16] may be used to find 

an optimum k when ground truth is provided 

experimentally, there is no comparable simple method for 

unsupervised settings. Due to these factors, we advise 

using k = 0.1n, 10% of the training samples, with a 

restricted range of [30,100], which produced positive 

practical results. 

 

3.4 Model selection and combination 
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To extract the local pseudo-ground truth 𝑡𝑎𝑟𝑔𝑒𝑡𝜓𝑗 for 

every test instance, retrieve values from the target that 

correspond to the local area 𝜓𝑗: 

𝑡𝑎𝑟𝑔𝑒𝑡𝜓𝑗  =  {𝑡𝑎𝑟𝑔𝑒𝑡𝑥𝑖
|𝑥𝑖  ∈  𝜓𝑗} ∈ 𝑅|𝜓𝑗|×1                    

(4) 

where the cardinality of 𝜓𝑗 is indicated by |𝜓𝑗|. In the 

same way, the pre-calculated training score matrix 

𝑂(𝑋𝑡𝑟𝑎𝑖𝑛)  may be used to extract the local training outlier 

scores 𝑂(𝜓𝑗)  as follows: 

𝑂(𝜓𝑗)  =  [𝐶1(𝜓𝑗), . . . , 𝐶𝑟(𝜓𝑗)]  ∈ 𝑅|𝜓𝑗|×𝑅                      

(5) 

In light of this, it is possible to effectively get the 

local outlier scores and targets from precalculated values, 

even if the local region must be recomputed for every test 

instance. 

While the proposed system evaluates the similarity 

between base detector scores and the pseudo goal, DCS 

assesses the accuracy of base classifiers as the proportion 

of adequately classed points [16] for determining base 

estimator skill in a limited region. The reason behind this 

divergence is the lack of well-defined and consistent 

techniques for accessing binary labels in unsupervised 

outlier mining. Although converting pseudo-outlier scores 

to binary labels is feasible, choosing the suitable 

conversion threshold is challenging. Furthermore, using 

similarity measures rather than absolute accuracy for 

competency evaluation is more stable because outlier 

identification jobs often include imbalanced datasets. 

Consequently, LSCP calculates the local competence of 

every base detector by utilizing the local pseudo-ground 

truth's Pearson correlation. 𝑡𝑎𝑟𝑔𝑒𝑡𝜓𝑗and the local detector 

score 𝐶𝑟(𝑋
𝑡𝑟𝑎𝑖𝑛

𝜓𝑗
)., which is helpful in outlier ensemble 

model combinations [25]. For 𝑋𝑡𝑒𝑠𝑡
(𝑗)

, the detector 𝐶𝑟
∗ with 

the highest similarity is deemed to be the most capable 

local detector; hence, its outlier score 𝐶𝑟
∗(𝑋𝑡𝑒𝑠𝑡

(𝑗)
)  may be 

regarded as the test sample's final score. 

 

3.5 Dynamic outlier ensemble selection 
In unsupervised learning, choosing just one detector 

might be dangerous, even if it is the one that most closely 

resembles the pseudo-ground truth. One way to lower this 

risk is to select a group of detectors for a second-phase 

combination. This concept may be understood as a 

modification of supervised DES [16] for outlier 

identification; thus, we provide ensemble versions of the 

system that utilize the Average of the highest and lowest 

values of average ensembling techniques. More 

specifically, MOA selects a set of competent detectors near 

a test instance and, when ∅_average generates the pseudo 

ground truth, uses the maximum of their predictions as the 

outlier score. On the other hand, AOM determines the 

average of the selected subset when the pseudo target is 

created using ∅_max. Setting the group size of selected 

detectors to one is one instance when the ensembles 

provide the original algorithms. While a group size of R 

results in a genuinely global algorithm, more prominent 

group sizes can be considered more international in their 

detector selection. In light of this, we recommend using a 

variance-adjusted group size selection method. 

Specifically, a histogram of detector Pearson correlation 

scores (to the fictitious ground truth) is constructed using 

b equal intervals. The detectors from the most frequent 

interval are retained for the second-phase combination. 

Fewer detectors are chosen when b is significant, which 

flexibly regulates the group size strength in proposed 

ensembles. 

The complexity of training each base detector and 

generating the pseudo-ground truth depends on the 

underlying model and the number of training samples. 

However, since this study suggests a combination 

structure, we concentrate on the overhead added at the 

combination step in our discussion. The additional time 

required to define each test instance's local area is 𝑂(𝑛𝑑 +
 𝑛𝑙𝑜𝑔(𝑛)): 𝑂(𝑛𝑑)  for the distance computation and 

O(nlog(n)) for summing and sorting, with the proper 

implementation of the models, for example, using a k-d 

tree [16]. Here, n and d represent each test case and its 

dimensionality. Although defining the local region 

necessitates several rounds, the complexity analysis does 

not account for the fixed number of iterations. An extra 

O(s) is required to combine the s base detectors in MOA 

and AOM, resulting in an 𝑂(𝑛𝑑 +  𝑛𝑙𝑜𝑔(𝑛) +  𝑠)overall 

time complexity. 

Aggarwal and Sathe recently employed the biased-

variance trade-off, a popular approach for assessing 

erroneous generalization in classification problems, to lay 

the theoretical groundwork for outlier ensembles [2]. 

Where there is typically a trade-off between these two 

channels, squared bias or variance can be decreased to 

decrease the reducible generalization error in outlier 

ensembles. A high-bias detector may not perform well 

with complicated data, but it is less susceptible to data 

fluctuation than a high-variance detector in terms of 

instability. Controlling variance and bias is the aim of 

outlier ensembles to lower the total generalization error. 

This new approach has been used to assess several recently 

presented algorithms to improve interpretability [23, 24, 

30]. 

It has been demonstrated that variance reduction 

occurs when diverse base detectors are combined, for 

example, by averaging them [2,23,24]. However, some of 

the base detectors in the mixture may be false, which 

would raise bias. This explains the poor performance of 

generic global averaging. The proposed system mixes 

variance and bias reduction in Aggarwal's bias-variance 

framework. Starting different base detectors with different 

hyperparameters to generate pseudo-ground truth 

generates diversity and subtly promotes variance 

reduction. The method also prioritizes local competency-

based detector selection to help find base detectors with 

conditionally low model bias. The framework is also 

expected to be more stable than global maximization 

(GG_M) as the variance is reduced by using the output of 

the most competent detector instead of the global 

maximum of all base detectors. In their second phase, they 

significantly minimize generalization errors by reducing 

variance and bias.  
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3.6 Research design 
Linking existing ensemble-based outlier detection 

methods, the research intends to fill in gaps by introducing 

an ensemble mechanism dubbed the Learning-based 

ensemble Method with Optimal Selection Strategy 

(LbEM-OSS). Provide a dynamic framework for ensemble 

design that enables the selection of high-performing outlier 

detection models based on local relevance; Use K-Nearest 

Neighbors (KNN) for defining local regions to ensure 

context-sensitive outlier detection; and establish a robust, 

accurate ensemble-based approach by leveraging Pearson 

correlation for detector evaluation and selection. 

Additionally, the study aims to assess the anticipated 

framework in high-dimensional datasets and compare its 

findings with the latest methods. This will be driven by at 

least a few key hypotheses associated with the study. The 

proposed LbEM-OSS algorithm should achieve improved 

accuracy and robustness compared to the ensemble outlier 

detection approaches. Our second assumption is that using 

KNN for local region identification and Pearson 

correlation for the detector will be more effective and will 

thus lead to higher performance values (mean average 

precision and AUC). 

A critical parameter of the method is the size of the 

local region of each test instance, which is defined by the 

local area factor (k), significantly affecting the algorithm's 

performance. This parameter specifies the number of 

nearest neighbors'' to be taken from where the local region 

is formed, thus substantially impacting the granularity of 

local ground truth, computational time, and, consequently, 

detection accuracy. More significant k values highlight 

global connections, which can wash out local traits 

necessary for outlier detection in a better and more reliable 

way, and k values less emphasize local linkages but are 

potentially unstable due to limited local characteristic 

representation. An empirical upper bound of k = 0.1 n k = 

0.1n (10% of training samples) is found, restricted between 

30 and 100, that achieves a good compromise between 

variability and computational burden. Choosing the best k 

is especially difficult in unsupervised setups as no label 

data is available. The suggested method advises testing a 

subset of the pseudo-ground truth data using cross-

validation to find an appropriate k. The primary goals of 

this investigation, together with parameter considerations, 

align with the overall purpose of improving outlier 

detection methods. The variability of kk also makes the 

approach more effective in a broader array of datasets and 

scenarios. In future work, We will refine this approach by 

automatically optimizing k using some appropriate 

metaheuristic techniques. 

 

3.7 Proposed algorithm 
This article, A Learning-Based Ensemble Method 

with Optimal Selection Strategy Abstract Outlier detection 

strategies have been well-studied in low- or high-

dimensional datasets. It starts by dividing the dataset into 

test and training sets and then calculating each detector's 

outlier scores using the training data. A global ground truth 

is generated, and a local region is defined for each instance 

in the test set to create a local ground truth. It chooses 

which detectors are most relevant to a particular ensemble 

by measuring the correlation between the score of each 

detector and the local ground truth. Last,  it outputs a final 

outlier score for every instance based on the selected 

detectors so outlier detection results can be derived. 

 

Algorithm: Learning-based Ensemble Method, 

with Optimal Selection Strategy (LbEM-OSS) 

Input: High dimensional dataset D, candidate 

outlier detectors C, number of neighbors n, threshold 

th 

Output: Outlier detection results R, performance 

statistics P 

1. Begin  

2. Initialize selected outlier detectors vector S 

3. (T1, T2)DataSplit(D) //training and test 

data 

4. For each outlier detector candidate c in C 

5.    scoregetOutlierScore(c, T1) //computes 

outlier score 

6.    matrixupdateOScoreMatrix(c, score) 

7. End For 

8. ggtcomputeGGTruth(M)  //generation of 

global ground truth 

9. For each instance t in T2 

10.   lregioncomputeLocalRegion(n, t, T2) 

//compute local region using KNN 

11.    lgtcomputeLGTruth(ggt, lregion) 

//generation of local ground truth 

12.    For each outlier detector candidate c in C 

13.       scoregetOutlierScore(c, lregion, T1) 

//computes outlier score 

14.       pccomputePearson(score, lgt)  

//compute Pearson correlation  

15.       IF pc>=th Then 

16.          add c to S  //S has constituent outlier 

detection methods of ensemble 

17.       End If 

18.       foscorecomputeFOScore(S, t) 

//compute final outlier score 

19.       Add t and foscore to R  

20.    End For 

21. End For  

22. Print R 

23. End 

Algorithm 1: Learning-based Ensemble Method, with 

Optimal Selection Strategy (LbEM-OSS) 

 

Algorithm 1: Outlier Detection Algorithm uses 

multiple outlier detection algorithms to provide outlier 

detection in high dimensional datasets and improve 

efficiency. This fundamental idea of fusing 

complementary candidate detectors can be applied to an 

optimal selection scheme to improve the robustness and 

accuracy of detection pipelines. The algorithm initializes a 

vector(S)to hold selected outlier detectors for the 

ensemble. Then, Data is split (D) for train (T1) and test 

(T2). We can create two datasets based on our dataset, i.e., 

The training and testing datasets. This is a significant split 

as it will make the algorithm train the ensemble on 1 

dataset. At the same time, the performance will be 
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measured by taking a different testing dataset, which will 

not provide some bias as it will overfit the training data. 

The algorithm will run each candidate outlier detector 

(c) in a set (C) and calculate the outlier score using the 

training data (T1). It provides a score indicating how likely 

each instance in the dataset will be an outlier based on the 

features that the detector (c) learned. The results will be 

the outlier score matrix, a base for further calculations. A 

consolidated score matrix from the individual candidate 

detectors produces a global ground truth based on this new 

score matrix. It is a reference against which local ground 

truths will be compared to gain a complete overview of the 

outlier structure over the entire dataset. The algorithm 

individually processes each instance (t) from the testing 

set(T2). The local region for every instance is computed 

using the k-nearest neighbors (KNN) method to perform 

the evaluation locally concerning the instance. Local 

ground truth is defined over this region using the global 

ground truth computed previously, enabling a focused 

review of outlier characteristics that may differ from the 

global perspective. 

All candidate detectors (c) are validated based on the 

local ground truth in the next step. An outlier score is 

calculated for the instances in the local area, and the 

Pearson correlation coefficient between the calculated 

score and the local ground truth is measured. This 

correlation measures how much a detector agrees with the 

correct outlier status of the instances considered. If the 

correlation equals or exceeds L=ht, the detector (c) is part 

of the ensemble set (S). After we have chosen the best 

detectors, we calculate the final outlier score for each 

instance (t) based on all selected detectors in (S). This 

statistical score value thus represents the final metric for 

each example of whether they are to be considered 

abnormal or not. The output vector (R) contains the results 

(t, the final outlier score for t). The LbEM-OSS algorithm 

provides a principled framework for outlier detection in 

high-dimensional datasets. It aims at an optimal selection 

strategy of a unity set of several detectors such that the 

strengths of each method are maximized and the 

weaknesses of the methods are minimized. So, combining 

global ground truth with local ground truth enhances the 

correctness and reliability of the results from outlier 

detection [30], making this method more robust and 

applicable for data analyses across different fields 

compared to some of the methods above. 

The local region of each test instance consists of k 

neighbors that arrive between the granularity and 

computational overhead of the k values. Although k=0.1n 

(10% of the dataset size) is the best value over several 

datasets empirically, for more minor data, k is set in the 

range of 30–100 to guarantee that sufficient neighbors are 

considered without substantial noise. This choice balances 

local sparsity and keeps the algorithm sensitive to the local 

context. 

We used Pearson correlation as the evaluation metric 

for the detector competence since it can quantify the linear 

relationship between the detector score and the pseudo-

ground truth. The scoring function also works well with 

the aggregation methods in the algorithm, e.g., averaging 

and maxing the individual detector scores, such that 

valuable detectors that highly correlate to these reference 

numbers are retained. Although alternatives such as 

Spearman correlation or mutual information might better 

describe non-linear or rank-based patterns, Pearson 

correlation was found to work better in this space 

empirically. 

The generation of pseudo ground truth is a key 

component in the proposed Learning-based Ensemble 

Method with Optimal Selection Strategy (LbEM-OSS); we 

use two aggregation strategies for the pseudo ground truth: 

average and max scores overall base detectors. And this is 

why these selections are made — their benefits fit nicely 

together. While the average score might smooth out 

variations across detectors and provide a stable 

representation of potential outliers, the maximum score 

captures extreme values that can signify extreme outlier 

behavior. These strategies guarantee that the pseudo 

ground truth encompasses global trends and corner cases, 

enabling super effectiveness in the case of unsupervised 

learning. 

Local area factor kk from equation (9) (throughout 

the paper, this factor is set to 0.1n0). The value of p, 

(1n(10% of training samples)), was estimated using brute 

force. It is a balance between emphasizing local relations 

and computational efficiency. It could describe smaller 

values of k, which is a more localized perspective. Still, as 

described in the Theory section, they may be unstable — 

too few points in a neighborhood may not capture the 

general essence. In comparison, global trends heavily 

influence larger values; thus, they may not help or even 

blur the available information on detecting the outliers 

successfully. Various k values (30 to 100) were tried for 

multiple datasets, and the best was n0. In all cases, 1n 

seemed to produce the best results. Future framework 

releases will investigate more sophisticated parameter 

optimization methods for this selection (for example, 

cross-validation over pseudo ground truth or meta-

heuristic algorithms). 

The computation overhead, in this framework, local 

regions must be recomputed at each test instance using K-

Nearest Neighbors (KNN), which is expensive for high-

dimensional datasets. The complexity of this process is 

O(nd) O(nd) when calculating the distance between each 

test instance and all training samples and O(nlog⁡n) O(n 

log n) when sorting and summing, assuming 

implementation of efficient algorithms like k-d tree. The 

overall complexity increases by generating local ground 

truths and Pearson correlations for model detector 

selection. Although these steps allow one to detect outliers 

more accurately and context-relatively, they come with a 

trade-off regarding their run-time. In future work, we will 

thus try to reduce this computational overhead by running 

KNN through efficient algorithm approximations like 

locality-sensitive hashing (LSH) for increased scalability. 

 

4   Experimental results 
This section reports the results of a practical 

experiment implemented on different high-dimensional 

data sets. Furthermore, the results of the proposed 

approach are in contrast to numerous state-of-the-art 
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outlier detection approaches. A comparison of ROC-AUC 

and mean average precision for all the outlier detection 

methods assessing the performance of outlier detection 

methods on identifying outliers 

Tr23, Wap, Glass, Shuttle, Kddcup, Ecoli, Yeast, 

Caltech, Sun09, Fbis, K1b, re0, re1, Tr11, which are used 

for the evaluation datasets. These datasets cover a wide 

area of domains and difficulties: biological data (Ecoli and 

Yeast), computer vision (Caltech and Sun09), textual data 

(Tr23, Wap, Fbis, K1b, re0, re1, and Tr11), and network 

security (Shuttle and Kddcup). These were chosen to 

assess the generalization and stability of the LbEM-OSS 

algorithm as the data's nature is high dimension, class 

imbalanced, and noise. 

We empirically evaluate the proposed Learning-based 

Ensemble Method with Optimal Selection Strategy 

(LbEM-OSS) optimization framework over the high-

dimensional datasets Ecoli, Yeast, Caltech, Sun09, etc. 

These datasets were selected according to their 

approximate representation for high-dimensional outlier 

detection tasks. In widely varied domains such as biology, 

computer vision, and network security, these datasets 

naturally contain high-dimensional data with complex 

structures and outliers. Ecoli and Yeast are standard 

bioinformatics datasets for genetic and protein data where 

anomalies present as differences in patterns exposed from 

everyday observations. At the same time, Caltech and 

Sun09 represent visual data datasets reflecting data 

analysis challenges where high-dimensional features can 

inhibit the identification of anomalies. Such variation in 

dataset characteristics guarantees the proposed method is 

robust and generalizable to different application scenarios. 

We assess LbEM-OSS performance with well-known 

metrics, such as ROC-AUC and mean average precision 

(mAP). These measures are relevant for evaluating the 

performance of outlier detection approaches, showing the 

true positive rates and the precision-recall trade-off for 

different thresholds. Finally, we apply statistical tests, 

including paired t-tests and Wilcoxon signed-rank tests, to 

verify statistically that the performance differences 

between LbEM-OSS and baseline methods are statistically 

significant. They test in a statistical way if the gains we see 

are real and not just random noise in the data. 

The statistical tests provide background to the 

quantitative results and add rigor to the comparative 

analysis. The proposed approach is reliable, e.g., the 

statistical significance of LbEM-OSS producing a much 

higher AUC score (e.g., 97.78%) compared to existing 

methods (e.g., subspace clustering ensemble giving 

88.4%). The experimental design used in this paper 

provides a comprehensive assessment of LbEM-OSS’s 

performance by combining different datasets, solid 

evaluation metrics, and statistical validation.

  
(a) Ecoli dataset (b) Yeast dataset 
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(c)  Caltech dataset (d) Sun09 dataset 

Figure 2: Performance comparison in outlier detection using Ecoli (a), Yeast (b), Caltech (c), and Sun09 (d) 

datasets 

Figures 2–7 illustrate the performance of LbEM-OSS 

compared to baseline methods across multiple datasets. 

For clarity, "GG_IO_WA" represents the Generalized 

Gaussian model with Isolation Forest and Weighted 

Average strategy, one of the leading ensemble-based 

approaches evaluated. LbEM-OSS consistently 

outperforms these methods, achieving the highest ROC-

AUC on the re0 dataset. The proposed method consistently 

achieves the highest ROC-AUC scores across all datasets, 

indicating its superior performance in outlier detection 

compared to the other methods. The effectiveness of 

several outlier identification techniques on four datasets—

Ecoli, Yeast, Caltech, and Sun09—is contrasted in Figure 

2. Each graph's x-axis shows the different approaches 

being compared, while the y-axis shows the ROC-AUC 

values. Each graph's techniques are labeled: GG_A, 

GG_IO_M, GG_IO_AOM, GG_IO_WA, GG_FB, and a 

suggested method. The proposed approach outperforms 

the other approaches using the Ecoli dataset, obtaining the 

most incredible ROC-AUC score of 0.7854. GG_IO_WA 

obtained the second-highest score of 0.7769. Different 

techniques with scores of 0.7632 and 0.7766, respectively, 

are GG_IO_AOM and GG_A. GG_FB performs the 

lowest, with a score of 0.752. 

With the Yeast dataset, the proposed method 

outperforms the others, achieving a ROC-AUC score of 

0.7763. GG_IO_WA follows closely behind with a score 

of 0.7758, while GG_IO_AOM scores 0.7656. GG_A and 

GG_IO_M score slightly higher than 0.77, with GG_FB 

showing the lowest performance at 0.7318. With the 

Caltech dataset, the proposed method achieves the highest 

score again, with 0.7845, followed by GG_IO_WA at 

0.7367. GG_IO_AOM and GG_IO_M scored 0.7453 and 

0.6583, respectively. GG_FB shows a noticeably lower 

performance, with a score of 0.3935, indicating a more 

significant gap between this method and the others. With 

the Sun09 dataset, the proposed method reaches an 

impressive ROC-AUC score of 0.9013, outperforming all 

the other methods. The closest competitor is 

GG_IO_AOM, which scores 0.883, while GG_FB again 

performs the lowest, scoring 0.8422. Other methods, such 

as GG_IO_WA, GG_IO_M, and GG_A, score between 

0.8782 and 0.8903. The proposed method consistently 

achieves the highest ROC-AUC scores across all four 

datasets, indicating its superior performance in outlier 

detection compared to the other methods. The performance 

improvement is particularly significant in the Ecoli and 

Sun09 datasets, where the proposed method stands out 

distinctly. The graphs demonstrate the proposed 

approach's reliability and effectiveness compared to the 

other techniques evaluated. 
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(a) Fbis dataset (b) K1b dataset 

  
(c)  re0 dataset (d) re1 dataset 

 
(e) Tr11 Dataset 

 

Figure 3: Performance comparison in outlier detection using Fbis (a), K1b (b), re0 (c), re1 (d) and Tr11 (e) 

datasets 
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(a) Tr23 (b) wap dataset 

  

(c)  Glass dataset (d) shuttle dataset 

 
(e) KDD cup Dataset 

 

Figure 4: Performance comparison in outlier detection using Tr23 (a), Wap (b), Glass (c), shuttle(d), and KDD 

cup (e) datasets 

 

Figures 3 and 4 illustrate the comparative performance 

of LbEM-OSS and baseline methods across multiple 

datasets regarding ROC-AUC and mAP, respectively. The 

results show that LbEM-OSS consistently outperforms 

existing ensemble techniques, achieving the highest ROC-

AUC of 97.78% on the re0 dataset and maintaining an 

average AUC of 93.6% across all datasets. Similarly, mAP 

scores consistently improve, with an average mAP of 

91.4%. These findings highlight the algorithm's 

adaptability and robustness, particularly in high-

dimensional datasets such as Shuttle and Sun09, where 

traditional methods like GG_IO_WA and GG_FB exhibit 
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noticeable drops in performance. The experimental results 

underscore the superior performance of LbEM-OSS across 

diverse datasets. Its dynamic selection strategy enables 

consistent improvements over baseline methods, 

particularly in structured datasets like re0 and sparsely 

distributed datasets like Sun09. While baseline methods 

such as GG_IO_WA and GG_FB show variability in 

results, LbEM-OSS achieves balanced and robust 

performance, demonstrating its versatility for real-world 

applications. 

  
(a) Ecoli dataset (b) Yeast dataset 

  
(c)  Caltech dataset (d) Sun09 dataset 

Figure 5: Mean average precision comparison in outlier detection using Ecoli (a), Yeast (b), Caltech (c), and 

Sun09 (d) datasets 

 

Figure 5 presents a performance comparison of 

various outlier detection methods applied to different 

datasets, evaluating them using the mean average precision 

(mAP) score. The datasets included in this comparison are 

Ecoli, Yeast, Caltech, and Sun09, each represented by 

separate subfigures (a), (b), (c), and (d), respectively. 

Several methods are considered, such as GG_A, 

GG_MOA, GG_M, GG_AOM, GG_WA, GG_FB, and the 

proposed method. The Ecoli dataset in (a) has mAP scores 

similar across many approaches, with GG_A and 

GG_MOA exhibiting the best results at about 0.2301 and 

0.2516, respectively. The recommended technique 

achieves a good mAP score of around 0.2453 compared to 

methods like GG_FB, which have the lowest score of 

roughly 0.1864. 
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outperforms all others with an mAP score of 

approximately 0.5555, showing its strength in this dataset. 

GG_A follows with a score of around 0.4958, while 

GG_FB has the lowest performance at 0.2854, indicating 

a significant gap in effectiveness across the methods for 

this dataset. 

Lastly, the Sun09 dataset in (d) reveals a similar 

pattern, where the proposed method excels with the highest 

mAP score of around 0.4117. Other methods, such as 

GG_MOA and GG_A, perform moderately well, with 

scores around 0.3864 and 0.3516, respectively. However, 

GG_FB again shows lower performance with a score of 

around 0.3243. Across these four datasets, the proposed 

method consistently performs well, often achieving or 

approaching the highest mAP scores, particularly for the 

Yeast, Caltech, and Sun09 datasets. GG_MOA and GG_A 

also demonstrate competitive performance on several 

datasets, while GG_FB generally underperforms 

compared to the other methods. The results indicate that 

the effectiveness of outlier detection methods can vary 

significantly depending on the dataset, with the proposed 

method proving to be robust across diverse datasets. 

  
(a) Fbis dataset (b) K1b dataset 

  
(c)  re0 dataset (d) re1 dataset 
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(e) Tr11 Dataset 

Figure 6: Mean average precision comparison in outlier detection using Fbis (a), K1b (b), re0 (c), re1 (d), and 

Tr11 (e) datasets 

 

Figure 6 shows a comparative performance analysis of 

various outlier detection methods applied across five 

datasets: Fbis, K1b, re0, re1, and Tr11. This comparison 

makes use of mean average accuracy (mAP) scores. The 

methods compared include GG_A, GG_MOA, GG_M, 

GG_AOM, GG_WA, GG_FB, and a proposed method. 

The results demonstrate that GG_MOA performs best for 

the Fbis dataset (a) with a mAP score of 0.3167. The 

recommended method is in close pursuit, with a score of 

around 0.2407. Some other methods, such as GG_AOM 

and GG_WA, also perform well, scoring about 0.2927 and 

0.2451, respectively. However, with the lowest score of 

0.1867, GG_FB indicates that this method is less effective 

on the Fbis dataset. The recommended method performs 

better in the K1b dataset in (b), as evidenced by the highest 

mAP score of 0.3979. Additionally, GG_AOM performs 

well with a score of around 0.3919, while GG_FB ranks 

second with a score of 0.3836. GG_M has the lowest value, 

with a score of around 0.3707, suggesting a wider variation 

in the techniques' effectiveness for this dataset. 

Most methods yield strong results on the re0 dataset in 

(c). While GG_AOM achieves the highest score, about 

0.8806, GG_A comes in second with a score of 0.8245. 

With a mAP of 0.924, the proposed method performs 

better than most other methods; nevertheless, GG_FB 

performs noticeably worse, scoring 0.5806 instead. In (d), 

the mAP scores for the re1 dataset are relatively close, with 

the recommended method achieving the highest score of 

around 0.6436. With scores of around 0.6207 and 0.6075, 

respectively, GG_MOA and GG_AOM further highlight 

their competitive performance. Although it performs 

somewhat lower than the other strategies, with a score of 

0.5927, GG_FB is still competitive. Finally, mAP values 

in the Tr11 dataset in (e) span a wider range. Significantly 

better than the other alternatives, the proposed method has 

the highest mAP score, at about 0.0944. GG_FB has the 

lowest performance, scoring about 0.0834, followed by 

GG_AOM, which scores 0.0895. Given that it has a minor 

total score range than the other datasets, this dataset could 

provide more challenges for outlier detection. While the 

K1b, re0, re1, and Tr11 datasets have the highest mAP 

scores or are very competitive, all datasets demonstrate 

strong performance from the recommended method. High 

performance from GG_MOA and GG_AOM is 

consistently shown in most datasets. GG_FB typically 

performs worse than the other methods, mainly when used 

on the Fbis and re0 datasets. The outcomes demonstrate 

how the efficacy of these outlier identification techniques 

varies according to the dataset being utilized. 
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(c)  Glass dataset (d) shuttle dataset 

 
(e) KDD cup Dataset 

Figure 7: Mean average precision comparison in outlier detection using Tr23 (a), Wap (b), Glass (c), shuttle(d), 

and KDD cup (e) datasets 

 

Figure 7 compares the mean average precision (mAP) 

scores for various outlier detection methods across five 

datasets: Tr23, Wap, Glass, Shuttle, and Kddcup. Each 

chart focuses on a single dataset and shows the 

performance of several methods: GS-A, GS-NOA, GS-M, 

GS-AOM, GS-TH, and a "Proposed" method. The y-axis 

in each chart represents the mAP scores, and the x-axis 

lists the different methods. When using the Tr23 dataset, 

the "Proposed" technique outperforms the other methods, 

which vary from 0.492 to 0.5095, with the highest mAP 

score of 0.5142. For this specific dataset, this suggests that 

the "Proposed" approach outperforms the others in terms 

of outlier detection. Once more, the "Proposed" approach 

performs well with the Wap dataset, scoring about 0.4049. 

Nevertheless, the GS-A approach, which has the 

maximum score of 0.4383, somewhat outperforms it. The 

other approaches lag somewhat behind, with scores 

ranging from 0.40 to 0.42. 

Similar trends can be seen in the Glass dataset, where 

the "Proposed" approach has the most incredible mAP 

score (0.6249), making it stand out. The results for the 

other approaches, which range from 0.552 to 0.593, are 

noticeably lower than this. For the Glass dataset, this 

demonstrates how reliable the "Proposed" approach is in 

outlier identification tasks. The mAP scores for the Shuttle 

dataset exhibit a more tightly packed clustering of values, 

with values ranging from 0.054 to 0.193. The "Proposed" 

approach has the highest score of all examined approaches, 

0.193. This outcome shows that the "Proposed" approach 

performs better even on more complex or differently 

structured datasets like Shuttle. With the Kddcup dataset, 

the "Proposed" method scores 0.3079, trailing behind other 

methods like GS-A, GS-NOA, and GS-M, which achieve 

scores around 0.3572, 0.3521, and 0.3612, respectively. 

Despite not being the highest in this dataset, the 

"Proposed" method still shows competitive performance. 

Across most datasets (except Kddcup), the "Proposed" 

method consistently ranks among the best-performing 

approaches, often achieving the highest mAP scores. This 

highlights its effectiveness in detecting outliers across 

various datasets with different characteristics. 

Those figures comparing performances of each outlier 

detection method are abstract but show tons of insight and 

American-style academic sentences. In contrast, GG_FB 

ranks consistently worse in comparison with other 

methods on the majority of the datasets (lower ROC-AUC 

and mAP scores). The main reason for this 

underperformance is the fixed feature bagging-based 
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nature of the technique, which means it cannot capture 

complex and hidden high-dimensional data structures. On 

the contrary, GG_FB is not sufficiently flexible enough to 

accommodate the varying characteristics of datasets. In 

contrast, our proposed method can adaptively and 

socialistically choose competent detectors, resulting in a 

more suitable output linked to the native structures of the 

data. 

The accuracy and generalizability of LbEM-OSS are 

demonstrated through specific cases. The proposed 

method also significantly exceeds competitors on the 

challenging high-dimensional and sparse anomaly Sun09 

dataset,  achieving a ROC-AUC of 0.9013 compared to 

GG_IO_AOM's (0.883) and GG_FB's (0.8422). The result 

highlights LbEM-OSS as an effective mechanistic model 

that can adapt to high dimensional complex feature spaces 

powered by KNN local region coupled with detector 

specificity characterized by Pearson correlation. 

Likewise, on re0, we attain near-optimal performance 

with a ROC-AUC score of 0.9981, just out-performing the 

next-best technique (GG_IO_WA, 0.9959). It emphasizes 

the power of this method in detecting minor deviations in 

datasets with close clustering and a low coefficient of 

variation. Shuttle and KDDCup can be classified as data 

from different domains, validating the generalizability of 

the method across various domains, such as in network 

security and fraud detection; the consistent 

outperformance on datasets indicates the method's 

robustness. 

These results parallel the most valuable characteristics 

of LbEM-OSS, such as noise reduction, local adaptation, 

and the variance-bias trade-off. In contrast, classical 

approaches like GG_FB and GG_IO_WA overgeneralize 

patterns or do not self-adapt local patterns, hence worse 

performance. The results validate the proposed method as 

being more accurate than associated state-of-the-art 

methods and show it to be widely applicable to many 

different real-world scenarios. 

To verify the improvements in the performance gained 

by the LbEM-OSS algorithm, paired t-tests were used to 

compare the results of LbEM-OSS against those baseline 

methods that performed the best on individual datasets. 

The results (as presented in Table 1) reject the null 

hypothesis (which assumes no significant difference in 

performance) and indicate that the performance of LbEM-

OSS is statistically significantly different from each 

baseline method with a p-value < 0.01 in all cases. For the 

re0 dataset, LbEM-OSS outperformed the best baseline by 

a mean ROC-AUC margin of 2.32%, resulting in a very 

high statistic of 4.57 (p < 0.001). Likewise, for the Sun09 

dataset, the algorithm achieved an average ROC-AUC 

gain of 1.83% (t-statistic = 3.89, p < 0.01). 

LbEM-OSS also significantly outperformed the 

baseline methods in terms of mAP. In other words, on the 

Shuttle dataset,  the algorithm achieved an mAP of 2.20% 

higher than the best one achieved by others and a t-statistic 

of 5.12 (p < 0.001). KDDCup: the mAP improvement was 

1.78% with a t-statistic of 3.67 (p < 0.01). Statistically 

significant improvements (p < 0.05) in both ROC-AUC 

and mAP scores were achieved on all datasets, indicating 

the performance gains for the proposed method are 

reliable. 

This statistical testing shows that these improvements 

seen on LbEM-OSS are not random but a consequence of 

its selection strategy and overall strength. Overall, the 

consistently low (in this case, always < 0.01) p-values 

across the variety of datasets emphasize the algorithm's 

ability & resilience to work effectively and to substantiate 

the claims (better than existing methods) on high-

dimensional data. 

To confirm the contribution of the new selection 

strategy proposed in the LbEM-OSS framework, we 

perform the ablation experiments and test on different 

datasets by comparing the performance using the LbEM-

OSS framework with and without the selection strategy. 

The results show that AUC scores improved substantially 

using the selection strategy. For example, on the Sun09 

dataset, the AUC score rose from 0.8302 (without this 

strategy)to 0.9013, an 8.56% gain. Similarly, the re0 

dataset improved from 0.9546 to 0.9981 for an 

improvement of 4.56%. On Shuttle, similar gains were 

noted (an improvement of 4.00%), KDDCup (4.65%), and 

Ecoli (3.52%). This stable growth emphasizes how vital 

the dynamic detector selection strategy is when comes to 

improving accuracy. 

Results on ten benchmark datasets reveal consistent 

improvements using the proposed LbEM-OSS algorithm. 

It achieves an average AUC score of 93.6% and mAP = 

91.4%, outperforming existing ensemble methods by 4-8% 

on all the datasets. Our algorithm achieved the highest 

AUC score of 97.78 based on the re0 dataset, which 

indicates our algorithm is very effective where the data is 

structured and nearly tightly bounded. Other datasets, 

including Sun09 and KDDCup, also achieved excellent 

results with AUC of 90.13% and 91.52%. These outcomes 

underscore the versatility and resiliency of LbEM-OSS in 

various high-dimensional situations. 

This ablation study proves that our strategy can select 

the best detectors appropriate for the local regions of each 

test instance. This adaptation involved tuning incorporated 

through adding beneficial noise-robustness potentials 

across heterogeneous datasets, which effectively illustrates 

the importance of this strategy for obtaining optimal 

performance in OOD detection tasks. 

 

5   Discussion 
The experimental results validate the effectiveness of 

the proposed Learning-based Ensemble Method with 

Optimal Selection Strategy (LbEM-OSS) over recent 

state-of-the-art (SOTA) methods. For example, LbEM-

OSS reaches an AUC of 97.78% and far surpasses well-

known techniques, including subspace clustering 

ensembles (AUC: 88.4%) and probabilistic neural 

networks (AUC: 85.3%). Furthermore, we achieve state-

of-the-art (SOTA) performance for mean average 

precision (mAP) on multiple datasets, with consistent 

improvements on challenging datasets such as Shuttle and 

KDDCup. 

LbEM-OSS mainly achieves these performance 

enhancements through the proposed methodological 
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innovations. SOTA methods have used fixed or global 

detector selection strategies, whereas LbEM-OSS uses K-

Nearest Neighbors (KNN) to define local regions around 

each test instance. It offers context-sensitive outlier 

detection as it adaptively respects local data properties; 

GENOA reduces false positives, and improves FLOPS 

precision. At the same time, we use Pearson correlation to 

assess the detector competence, which ensures the 

inclusion of only the most related detectors in the final 

construction of the ensemble. This approach automatically 

chooses possibly different subsets of detectors, thus 

combating noisy and poorly performing detectors that 

typically reduce the accuracy of other ensemble strategies. 

In addition, LbEM-OSS strikes a practical trade-off 

between variance reduction and bias reduction using a 

combination of pseudo-ground truth at a finer scale and a 

fine-tuned ensemble size. The trade-off is relevant when 

the dimensionality of the dataset is high; conventional 

methods will overfit or underfit. 

These findings are consistent with the novelty of the 

proposed approach. This adaptive detector selection 

mechanism based on local context is directly linked to 

improved precision and robustness on heterogeneous 

datasets. Moreover, by including global and local ground 

truth generation, the algorithm can squeeze observations 

as outliers on different granularity scales, which is 

impossible in many SOTA methods. 

The results highlight the real-world applicability of 

LbEM-OSS for fraud detection, network security, and 

health care. The method's generalization performance on 

multiple datasets indicates that it can be directly utilized in 

complex, high-dimensional data settings where the 

existing methods fail. LbEM-OSS achieves significant 

enhancements while incurring computational costs from 

the iterative local region definition and detector 

evaluation. The next step is to improve this process or 

explore a semi-supervised approach to improve it. 

From the presented LbEM-OSS algorithm, we can see 

its promising implications for real-world applications. In 

fraud detection, it can be used to detect abnormal or 

suspicious financial transactions because of the adaptive 

nature of different data distributions and the ability to 

recognize patterns of fraudulent activity that are not easily 

observable. In the same vein, the dynamic selection 

strategy of the method makes it a good candidate in the 

field of network security, especially in dealing with high-

dimensional data similar to IoT systems, which generate 

huge data when deployed in large numbers. Its widespread 

use in those domains heavily depends on the robustness 

and precision of the algorithm, making it a suitable model 

as it is capable of high sensitivity to novel anomalies, such 

as rare genetic mutations in healthcare or defective 

products in manufacturing quality assurance workflows. 

 

6   Conclusion and future scope 
We propose a framework to build an ensemble outlier 

detection method using learning. We propose a different 

strategy for the selection of the ensemble method. Our 

algorithm is called the Learning-based Ensemble Method 

with Optimal Selection Strategy (LbEM-OSS). This 

algorithm's effectiveness in identifying outliers has been 

demonstrated by comparing a wide range of approaches 

and carefully selecting only the best-performing 

approaches to form the ensemble with respect to the 

evaluation metrics employed. We have evaluated our 

proposed methodology against many of the existing 

ensemble outlier detection methods on benchmark high-

dimensional datasets, and our empirical studies showed 

that our method performs the best with 97.78% AUC. We 

establish that our approach can be applied in real-world 

scenarios to automatically identify potential outliers in 

high-dimensional data from different domains. The new 

LbEM-OSS algorithm shows the best performance in 

outlier detection, and it is especially well-suited for high-

dimensional datasets. However, the current unsupervised 

method has some shortcomings that can be improved upon. 

As an example, while pseudo ground truth generation 

generates a solid basis for comparing detector 

performance, it is strictly based on heuristic aggregation 

strategies (like average and maximize), which may not be 

able to account for the intricate details of complex datasets 

with very overlapping outliers. Moreover, unlabelled data 

does not force the algorithm to learn to distinguish true 

outliers from noisy inliers, which appears to impact 

precision, at least for data with considerable noise. 

To address these challenges, future work will focus on 

integrating supervised learning components into the 

existing framework. By incorporating labeled data when 

available, the hybrid approach can enhance detector 

selection and improve accuracy in distinguishing true 

anomalies. Furthermore, semi-supervised methods could 

be explored to leverage labeled and unlabeled data, 

balancing scalability and precision. This hybridization 

aims to make the algorithm more versatile and practical in 

real-world scenarios, such as fraud detection and 

healthcare, where partial labeling is often available. 
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Using an aspect-based sentiment analysis task, sentiment polarity towards specific aspect phrases within
the same sentence or document is to be identified. The process of mechanically determining the underlying
attitude or opinion indicated in the text is known as sentiment analysis. One of the most important aspects
of natural language processing is sentiment analysis. The RoBERTa transformer model was pretrained in
a self-supervised manner using a substantial corpus of English data. This means it was pretrained solely
with raw texts and an algorithmic process to generate inputs and labels from those texts. No human la-
belling was involved, allowing it to utilise a vast amount of publicly available data. The authors of this
work provide a thorough investigation of aspect-based sentiment analysis with RoBERTa. The RoBERTa
model and its salient characteristics are outlined in this work, followed by an analysis of the model’s optimi-
sation by the authors for aspect-based sentiment analysis. The authors compare the RoBERTa model with
other state-of-the-art models and evaluate its performance on multiple benchmark datasets. Our experi-
mental results show that the RoBERTa model is effective for this important natural language processing
task, outperforming competing models on sentiment analysis tasks. Based on the SemEval-2014 variant
benchmarking datasets, the restaurant and laptop domains have the highest accuracy, scoring 92.35 %
and 82.33 %, respectively.

Povzetek: Predlagan je izboljšan model analize sentimenta, ki temelji na aspektih (ABSA), ki uporablja
RoBERTa in njene kontekstualizirane vgrajene predstavitve za izboljšano klasifikacijo sentimenta. Eksper-
imentalni rezultati kažejo večjo natančnost v primerjavi z najnaprednejšimi modeli, zlasti na nizih podatkov
SemEval-2014, kar poudarja učinkovitost RoBERTa pri zaznavanju sentimentne polaritete specifične za
posamezne aspekte.

1 Introduction

Natural Language Processing (NLP) is a subfield of arti-
ficial intelligence that focuses on the interaction between
computers and human languages. NLP seeks to develop
algorithms and models for human language analysis, com-
prehension, and production. NLP is used in various ap-
plications, including speech recognition, language trans-
lation, chatbots, sentiment analysis, and information re-
trieval. NLP combines machine learning, computer sci-
ence, and language techniques to achieve these goals. Some
of the main problems in NLP include the ambiguity and
complexity of human language, handling grammatical and
syntactic changes, and developing models that can capture
the nuances of meaning and context in language. NLP has
advanced recently despite these challenges, and it is ex-
pected to have a significant influence on the way writers
use computers and technology. Beyond the advances in

language creation and deep learning, there are many other
exciting areas of NLP study. Among these is multilingual
natural language processing (NLP), which aims to develop
models and algorithms to understand and generate language
in several languages. This has important implications for
cross-cultural communication and global trade, where be-
ing able to understand and communicate in multiple lan-
guages is essential [10]. This is particularly important for
sensitive applications such as healthcare, where it is essen-
tial to understand how a model arrived at a particular di-
agnosis or treatment recommendation. NLP is a fascinat-
ing field rapidly growing, with a wide range of potential
uses and challenges to research. As this field grows, au-
thors should expect to see more sophisticated and powerful
language-based apps, which will transform the way authors
interact with technology and communicate.

Sentiment analysis, also known as opinion mining, is a
subfield of natural language processing that looks for and
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extracts subjective information from text. The field of sen-
timent analysis, as it is known to writers, began in the early
2000s, when academics began investigating the first ma-
chine learning algorithms to assess and classify sentiment in
textual data. In 2002, Turney proposed the use of the super-
vised learning algorithm Naive Bayes for sentiment analy-
sis, and this approach was widely implemented in the years
that followed. In the mid-2000s, researchers began inves-
tigating the use of lexicons and sentiment dictionaries to
improve the accuracy of sentiment analysis. attitude anal-
ysis is widely used in several areas, including marketing,
customer service, and politics, to analyse public attitudes
and opinions. As social media and online communication
have risen in popularity, researchers are investigating new
techniques, such as deep learning, to improve the accuracy
and use of sentiment analysis in different scenarios [9].
A type of sentiment analysis called aspect-based senti-

ment analysis (ABSA) aims to ascertain people’s opinions
on specific attributes or parts of a product or service. Put an-
other way, by going beyond straightforward emotion polar-
ity classification, ABSA offers a more sophisticated under-
standing of the sentiment towards numerous components
of a good or service [5]. This is important since reviews of
products and services are often based on specific attributes,
such as the quality of a smartphone’s camera or the com-
fort of a car’s seats. By performing sentiment analysis at
the aspect level, businesses can gain a deeper understanding
of the preferences and needs of their customers and make
more informed decisions about marketing, customer ser-
vice, and product development. As businesses strive to im-
prove customer satisfaction and loyalty in a more compet-
itive business climate, the significance of ABSA is grow-
ing. Numerous businesses, such as e-commerce, lodging,
and healthcare, have used ABSA extensively. ABSA fo-
cuses on identifying the attitude towards specific attributes
or characteristics of a product, service, or organisation [14,
13]. Customers often base their decisions on specific char-
acteristics or features of a commodity or service, such as
the cleanliness of a hotel room or the battery life of a smart-
phone, which makes this type of research essential. ABSA
goes beyond simple sentiment polarity classification to give
a more thorough understanding of the sentiment towards
different components. Figure 1 describes the ABSA bet-
ter with the help of an example. Standard procedures in
ABSA include aspect extraction, sentiment polarity classi-
fication, and aspect-level sentiment aggregation. While as-
pect extraction involves identifying the aspects or features
being discussed in the text, sentiment polarity classifica-
tion establishes whether a certain aspect is being perceived
positively, negatively, or neutrally. component-level sen-
timent aggregation combines the sentiment polarity ratings
for each component to get an overall sentiment score for the
good, service, or institution [17, 8].
Applications for ABSA can be found in many industries,

including e-commerce, lodging, and medical. The diversity
and richness of human language make ABSA a challeng-
ing task in natural language processing. One of the main

problems is aspect extraction, which involves identifying
the aspects or elements discussed in the text. This can be
challenging since different people may refer to the same
thing by different names, and different contexts may lead
to different meanings for the same term. Another challenge
is sentiment polarity classification, which requires under-
standing the nuances of language and context to determine
the sentiment towards each component accurately. In terms
of [25, 18] general emotion polarity, the statement ”the bat-
tery life is okay” could be categorised as neutral. Still, if
the battery life was previously perceived as inadequate, it
could be positively polarised. Despite these challenges, re-
cent advancements in natural language processing and ma-
chine learning have greatly improved the precision and ef-
fectiveness of ABSA. The availability of pre-trained mod-
els and large-scale annotated datasets is expanding, facili-
tating businesses’ adoption of ABSA in their operations.

1.1 Contribution
In this paper, the authors present a novel method for
aspect-based sentiment analysis using RoBERTa (ABSA-
RoBERTa). Our approach is motivated because aspect and
sentiment phrases in opinion articles often occur together
and have positional interdependence. Furthermore, con-
sumers can characterise traits in various ways, establish-
ing semantic relationships. The authors argue that, unlike
previous research that requires complex fine-tuning pro-
cedures for RoBERTa to account for these features, the
ABSA-RoBERTa method naturally integrates these depen-
dencies. Consequently, our model requires minimal fine-
tuning for the next assignment to yield state-of-the-art re-
sults on benchmark datasets. Therefore, combining our ap-
proach with RoBERTa points to a promising new direction
for aspect-based sentiment analysis.

1.2 Structure of paper
In section one, the introduction is described, starting with
the NLP introduction, followed by the contribution andmo-
tivation of the study. In section two, related work is pre-
sented, along with a literature survey where extensive lit-
erature is discussed. Section three covers the proposed ap-
proach, detailing the dataset, the job done, and the prelimi-
naries. Section four outlines the evaluation metrics used in
the study. In section five, the authors discuss the results and
provide insights regarding the proposed outcomes. Section
six features the conclusion and discusses the future scope
outlined by the authors.

2 Related work
Heng Yang et al.[23] 2021 show that the implicit aspect
sentiments are typically dependent on the sentiments of the
surrounding aspects, meaning that they can be recovered
through aggregation, a type of dependency modelling. To
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Figure 1: Example of ABSA

validate their findings on the SemEval 14 dataset, they em-
ployed the LSA+DeBERTa-V3-Large model. Heng Yang
et al. [24] 2019 claimed that the two stages of natural lan-
guage processing (NLP) are polarity categorization and as-
pect extraction. The LCF-ATEPC model can operate syn-
chronously on both the Chinese Review dataset and the Se-
mEval 14 dataset. Emanuel H. Silva et al. [19], 2021 in-
dicated that the BERT-based models perform well in tasks
requiring a profound comprehension of language, such as
sentiment analysis. They developed a new approach for
downstream tasks by adopting a Decoding-enhanced BERT
with Disentangled Attention DeBERTa model using the Se-
mEval 14 dataset to improve this theory further. Yiming
Zang et al. [27], 2022 The authors claim that the absence of
annotated data significantly impedes the creation of ASBA
tasks. They developed a Dual-granularity Pseudo Labelling
(DPL) to address this job. DPL provides a general frame-
work that can be used to combine previous approaches from
the literature for the same dataset, SemEval 14. Junqi Dai et
al. [4] examined the dependency parsing trees over several
well-known ABSAmodels and the inductive trees from the
Pre-trained models (PTM). The authors found that, when
tested on six SemEval datasets (14, 15, and 16), the in-
ductive tree of fine-tuned RoBERTa performed the best and
was more sentiment-word-oriented. Boauthorsn Xing et al.
[22]; 2021 created a novel Aspect-level Sentiment classi-
fication model (ASC) with the following features: a dual
syntax graph network that combines both types of syntac-
tic information to comprehensively captures sufficient syn-
tactic information, a knowledge integrating gate that re-
enhances the final representation with further needed aspect
knowledge; and an aspect-to-context attention mechanism
that aggregates the aspect-related semantics from all hidden
states inside the final representation. Alexander Rietzler et
al. [16] 2020; Identified a model called Aspect-Target Sen-
timent Classification (ATSC) that suggests cross-domain
Bert models outperform robust baseline models like Bert
base models. Akbar Karimi et al. [11] 2021; It has been
suggested that aspect extraction and aspect-target sentiment
classification tasks can be handled with Parallel Aggrega-
tion and Hierarchical Aggregation without requiring fine-
tuning the Bert base models in the SemEval 14 dataset.
Youauthorsi Song et al. [21] 2019 demonstrated that us-

ing a pre-trained Bert model on the SemEval 14 dataset,
which was a lighter model than the other models mentioned
in this literature, the Attentional Encoder Network (AEN)
performs better than the Recurrent Neural Network (RNN).

3 Proposed approach
This research presents a novel method for aspect-based
sentiment analysis utilising the RoBERTa. Figure 2 dis-
plays the flowchart of the whole suggested model. Figure
2 outlines our methodology for predicting sentiments. Pre-
processing the data was the initial step, and it was upon this
that the most critical phase—aspect extraction—was com-
pleted. Authors can accurately anticipate a text’s sentiment
once the model has identified its constituent parts.

3.1 Dataset
SemEval 14 Task 4 Subtask 2 [12] is the data set used in
the suggested method. SemEval, an annual international
symposium on semantic evaluation, aims to evaluate NLP
systems’ efficacy. The purpose of Task 4 Subtask 2 in Se-
mEval 2014 was to classify tweets’ emotions better accu-
rately. Participants were asked to classify the attitude ex-
pressed in tweets into one of five categories: ”positive,”
”neutral,” and ”negative.” The task was challenging due to
the informal nature of tweets, which typically contain gram-
mar errors and other noise. Many machine learning meth-
ods, including support vectormachines and deep neural net-
works, were applied to complete this subtask. The results
showed that natural language processing systems are still
challenging. As we know, the ABSA is a challenging task
on its own. The SemEval evaluation has been instrumental
for researchers focusing on Aspect-Based Sentiment Anal-
ysis (ABSA), as high-quality datasets are crucial for such
tasks. The data set is categorized into two domains: restau-
rant and laptop reviews, each further divided into positive,
negative, and neutral sentiment classes.

1. For restaurant reviews: Positive: 728 training samples
and 2,164 test samples
Negative: 867 training samples and 196 test samples
Neutral: 637 training samples and 196 test samples
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Figure 2: Proposed methodology for ABSA using
RoBERTa model

2. For Laptop reviews: Positive: 341 training samples
and 994 test samples
Negative: 870 training samples and 128 test samples
Neutral: 464 training samples and 169 test samples

This data set serves as a valuable reference for evaluating
models in ABSA tasks.

3.2 Embedding layer

Embedding layers are fundamental to many natural lan-
guage processing (NLP) models. These layers represent
words or phrases as vectors in a high-dimensional space,
and the interactions between the vectors capture the se-
mantic meaning of the words or phrases. Training in mas-
sive corpora of text data using techniques like word2vec
or GloVe is a common step in learning embedding layers.
After that, the generated embedding can be used as input
for other downstream NLP tasks like sentiment analysis or
language translation. During training on a specific task, the
embedding layers can also be better modified to capture the
distinct nuances of the text data.

3.2.1 Glove embedding layer

In natural language processing, the glove [15] is an unsu-
pervised learning technique that creates vector representa-
tions of words. These vector representations, or embed-
dings, capture the semantic meaning and context of words
within a specific corpus. GloVe is often used to collect
client attitudes and views regarding particular features or
elements of a good or service in sentiment analysis activ-
ities such as Aspect-Based Sentiment Analysis (ABSA).
Conversely, XLNet is a state-of-the-art language model
that pre-trains using an auto-regressive technique on large
amounts of text data. XLNet has been shown to outper-
form previous language models, such as BERT and GPT-
2, in several natural language processing tasks, including
ABSA. By integrating GloVe embedding with XLNet for
ABSA, customer sentiment towards particular product or
service elements may be further precisely and nuancedly
evaluated. Combining the benefits of both algorithms al-
lows ABSA models to more fully understand the relation-
ships between words and the emotions they evoke, yielding
more insightful and practical results for businesses.

3.3 RoBERTa
RoBERTa is a reimplementation of BERT that includes a
setup for RoBERTa pre-trained models and minor adjust-
ments to the significant hyperparameters and embedding.
We don’t need to utilise token type IDs or specify which to-
ken belongs to which segment in RoBERTa. The segments
are readily divided with the help of the tokenizer.sep token
(or) separation token.

3.4 Preliminaries
The SVM [7]puts the data in a high-dimensional space, and
the model creates support vectors that help forecast the tar-
get labels by drawing a straight line, known as a hyperplane,
to split the data into many classes. Equation (1) expresses
the SVM classifier, and Equation (2) expresses the SVM
classification for dual creation.

minfζi∥f∥2k +C

l∑
i

ξiyif(xi) ≥ 1− ξi, for all iξi ≥ o

(1)

minα

∑
i

αi −
1
2

1∑ 1∑
αiαj†⟩†|K(xi, xj)0 ≤ αi ≤ c,

: for all i;

l∑
i=1

αiyi = 0

(2)
The error generated at position (xi, yi) is measured by

slack variables i in Eqs. (1) and (2), where i is the Lan-
glier’s multiplier. Random Forest (RF) [1] constructs a de-
cision tree for every training set, averages those decision
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trees, and lets users select their preferred prediction out-
come to anticipate the target labels. The RF classifier is
provided by Equation (3).

r(X) = Eθ [rn(X, θ)]

= Eθ

[∑n
i=1 Yi1[Xi∈An(X,θ)]∑n
i=1 1

∗1[Xi∈An(X,θ)]
1En(X,θ)

] (3)

In Eq. (3), rn(X, θ) is the randomised tree of the rect-
angular cell of the random partition containing En(X, θ)
trees. Long Short-Term Memory, often known as LSTM
[26], is a type of recurrent neural network (RNN) design
intended to manage long-term dependencies and avoid the
vanishing gradient issue that certain traditional RNNs may
experience. In LSTMs, a memory cell—a part that stores
information over time—is employed with input, forget, and
output gates. The LSTM can store and retrieve data selec-
tively as needed thanks to these gates, which control the
flow of information into and out of the memory cell. There
are three examples of vanilla LSTM classifiers: (4), (5),
and (6).

δW∗ =

T∑
t=0

(
δ⋆t, xt

)
(4)

δR∗ =

T−1∑
t=0

(
⋆t+1, yt

)
(5)

δb∗ =

T∑
t=0

δp0 (6)

where b is the bias weight, p is the peephole weight, R
is the recurring weight, and W is the input weight. The
BERT (Bidirectional Encoder Representations from Trans-
formers) is used to learn and represent the contextualised
meaning of words in a phrase [20] model with prior train-
ing. BERT-SPC can accurately classify the sentiment po-
larity (positive, negative, or neutral) of a given text input.
It has been shown to outperform traditional machine learn-
ing models in several benchmark datasets used for senti-
ment analysis. BERT-SPC is frequently employed in social
media monitoring, customer feedback analysis, and mar-
ket research. The BERT objective function is provided by
Equations (7) and (8).

L(θ) = −
c∑

i=1

yc log (yc) + Llsr + λ
∑
θ∈Θ

θ2 (7)

Llsr = −Dkl (u(k)∥pθ (8)

Where
{
yauthors ∈ Rc

}
is the output layer’s anticipated

sentiment distribution vector, y is the ground truth repre-
sented as a one-hot vector, λ is the coefficient for the L2
regularisation term, is the parameter set, and p is the net-
work’s predicted distribution. The DeBERT [6] allows the
model to focus on different input aspects independently by

using disentangled attention. To achieve this, the attention
mechanism is split into multiple heads, each focusing on a
distinct subset of the input. By doing this, DeBERTa gains
enhanced capability to handle long-range dependencies and
detect more subtle word connections. The model’s decoder
module explicitly uses the self-attention process to provide
each word in the input sequence with a contextualised rep-
resentation. Eq. provides the DeBERTa classifier (9).

Ai,j =
{
Hi′Pi|j

}∗ {
Hj′Pj|i

}T (9)

where Hi denotes the content vector of token i, and
Pi|j denotes the relative position vector between tokens i
and j. In this example, i and j represent two tokens in a
phrase. XLNet randomly permutes the input sequence, and
the model is trained to predict the probability of each per-
mutation. This allows XLNet to record more complex word
interactions and better manage long-distance dependencies.
Another key component of XLNet is using a segment-level
recurrence mechanism, which allows the model to con-
sider previous input segments while forecasting the next
word. Consequently, the model exhibits superior perfor-
mance across several natural language processing tasks and
has a more remarkable ability to represent long-term depen-
dencies. In Eq. (10) is the XLNet objective function.

max
0

Ez ∼ ZT

[
T∑

t=1

log pθ (xzt | xx<t)

]
(10)

Where x is the text sequence for which pθ is the likeli-
hood factorization order for an order z at a time t.

4 Evaluation metrics
The authors of this article employed the F1 Measure and
accuracy to measure and compare the outcomes, as shown
in the assessment tables and graphs of our study that are
presented ahead of time.

1. Accuracy- Accuracy can be calculated as given in Eq.
(11)

A =
Tp + TN

TP + TN + FP + FN
(11)

A fundamental indicator called accuracy measures the
proportion of instances that were correctly predicted,
where TP and TN represent the number of instances
that correctly predict a label to be positive or nega-
tive, respectively. FP and FN represent the number of
cases with incorrectly predicted labels. However, as
researchers are usually more interested in the minority
class than the majority class, accuracy is not the best
choice for data sets that have imbalances. Great ac-
curacy may sometimes reflect the accuracy of the ma-
jority class or both classes taken together rather than
always indicating high accuracy for the minority class.
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1. F1 Score, Accuracy, and Recall Precision quantifies
the percentage of labels that the model correctly antic-
ipated. The recall is the proportion of all pertinent la-
bels the model identified correctly. As shown in equa-
tions (12), (13) and (14), precision and recall can be
computed.

β =
Tp

TP + FP
(12)

γ =
Tp

TP + FN
(13)

Using the results from β and γ , F1 is given as in Eq.
(14)

F1 =
2× β × γ

β + γ
(14)

5 Results and discussions
A method in natural language processing called aspect-
based sentiment analysis (ABSA) determines how cus-
tomers feel about particular features of a good or service. It
can track client opinions on social media, increase customer
happiness and loyalty, and help businesses make better de-
cisions. The authors changed the data format for the class
sentiment, which comprised three attributes: Positive, Neg-
ative, and Neutral, after tokenizing the provided text data
using the TF-IDF and glove embedding techniques during
the data-preprocessing phase.
A crucial step in aspect-based sentiment analysis

(ABSA), which aims to pinpoint the exact characteristics
or features of a good or service under evaluation, is as-
pect identification. The authors employed rule-based and
machine learning-based approaches to identify specific ele-
ments of our methodology precisely. Authors originally de-
veloped a set of guidelines based on part-of-speech tags and
grammatical dependencies to identify aspects. The authors
then used a machine learning-based approach based on
RoBERTa to improve aspect recognition accuracy further.
The authors improved the ABSA Task with the RoBERTa
model to identify attributes on a dataset of product evalu-
ations, and they achieved state-of-the-art performance on
several benchmark datasets.
Aspect-based sentiment analysis (ABSA) represents fea-

tures or attributes of an item or service in a low-dimensional
space by utilising the idea of aspect embedding. Utilis-
ing TF-IDF and GloVe word embedding, our approach to
aspect embedding involved using RoBERTa, a pre-trained
language model, to construct contextualised representa-
tions of texts’ aspects. The authors refined the RoBERTa
model to acquire aspect embedding, which they subse-
quently used to classify the sentiment associated with each
aspect on a dataset of restaurant reviews [2, 3]. Our
approach achieved state-of-the-art performance for aspect
embedding in ABSA, outperforming earlier approaches al-
ready used on several benchmark datasets. Precise aspect

embedding is essential for successful ABSA since it allows
us to pick up on the subtleties of client mood.
A crucial aspect-based sentiment analysis (ABSA) step,

which involves determining the sentiment expressed to-
wards a particular element or characteristic of a good or
service, is aspect sentiment pairing. Nouns in ABSA of-
ten denote aspects, whereas adjectives or adverbs denote
moods. Finding the adjectives or adverbs in a sentence that
best describes a particular aspect or feature is known as as-
pect sentiment pairing. This job is difficult since adjectives
and adverbs can describe various traits or aspects, and the
attitude towards a particular feature can change depending
on the situation. Accurate aspect sentiment pairing is nec-
essary to produce fine-grained sentiment analysis and give
businesses insights into the specific features of their goods
or services.

5.1 Model comparison
The authors performed training and testing on the Se-
mEval 14 dataset for 6 different models, whose compari-
son is shown in Table 1. The observation indicates that the
RoBERTa model outperformed all other approaches in the
Restaurant and Laptop training datasets. It was also ob-
served that the other models, which were not part of deep
learning models, performed poorly in identifying the sen-
timent with the help of aspects. However, they showed an
improved performance when the prediction of the feelings
was carried out without recognising the aspects. The main
comparison is between the two similar state-of-the-art mod-
els, BERT-SPC and RoBERTa. RoBERTa outperformed
BERT-SPC by giving a 7.89 % increase in accuracy in the
case of the restaurant dataset.

Table 1: Comparison of evaluation metrics of various mod-
els on the Restaurant dataset

Model Accuracy (%) F1 Score (%)

Random Forest 84.67 79.56

SVM 84.18 79.23

Naive Bayes 83.97 77.50

LSTM 70.88 67.45

BERT-SPC 84.46 76.98

RoBERTa (Proposed) 92.35 91.05

Table 2 shows the comparison of our model with other
state-of-the-art models. The authors compare the excel-
lent models with some currently top-performing state-of-
the-art models for which our model outperformed the oth-
ers. Our proposed model improved by 2.02 and 3.88 for
the restaurant and laptop, respectively, over the current best
model LSA+DeBERTa-V3-Large for the Restaurant dataset
for SemEval 2014. The performance of different machine
learning models on a given task can be assessed using a
comparison table of accuracy and F1 scores for multiple
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Table 2: Comparison of proposed model with baseline models

Model Restaurant Laptop
Accuracy (%) F1 Score (%) Accuracy (%) F1 Score (%)

De-BERTa [8] 89.46 - 82.76 79.36
InstructABSA [5] 89.76 92.76 88.37 92.30

LSA+DeBERTa-V3-Large[6] 90.33 85.78 86.21 83.87
LCF-ATEPC [7] 90.18 85.88 82.29 85.29
BERT-SPC [14] 84.46 76.98 78.99 75.03

RoBERTa (Proposed) 92.35 91.05 82.33 84.04

models. The proportion of accurate predictions the model
makes is measured by accuracy, while the model’s F1 score
assesses how well it balances precision and recall.
The table makes it easy to compare the performances of

various models and determine which model is more effec-
tive for a particular activity. A more excellent F1 score
and accuracy indicate better performance, but it is essen-
tial to consider other elements like eachmodel’s complexity
and processing needs. Overall, the comparison table offers
insightful information about the advantages and disadvan-
tages of different machine learning models and can help se-
lect the most appropriate one for a given application.
Figures 3 and 4 Show the detailed comparisons of the

proposed model RoBERTa with the other state-of-the-art
models with box plots of their performance measures, ac-
curacy and F1 score.

Figure 3: Comparison of evaluation metrics for Restaurant
dataset

A classification report is a standardmachine learning tool
to assess how well a model performs on a classification job.
A summary of different metrics, including precision, recall,
F1-score, and support, is given in the report. These metrics
can be used to determine how well the model is doing for
each class in the classification task. A classification report
plot for RoBERTa would display the model’s performance
for each class in a specific classification test. This would
typically show each class’s precision, recall, F1-score, and
support values in a tabular style. These numbers show how

Figure 4: Comparison of evaluation metrics for laptop
dataset

well the model accurately identifies instances of each class
and avoids false positives and negatives. Precision is the
percentage of accurate positive predictions inside all opti-
mistic forecasts for a particular class. Recall is the percent-
age of accurate optimistic predictions from all real positive
cases for a specific class. The F1-score, a weighted preci-
sion and recall average, indicates the model’s effectiveness
in a specific class. The authors learned which classes the
model excels at and which classes it suffers from by exam-
ining the classification report graphic.

6 Conclusion
An unimodal ABSA model uses data from a single modal-
ity, such as textual data, to assess attitudes toward specific
traits or entities. Processing can be completed quickly and
efficiently with this method, as it does not need to jug-
gle many modalities, such as text and pictures. To effec-
tively evaluate sentiment on textual data, unimodal mod-
els must incorporate language patterns, contextual cues,
and dependencies within the text. As our suggested model
demonstrates, sentiment prediction depends on how well
the model ascertains the text’s elements. Our cutting-edge
model produced accuracy values of 92.35% and 82.33%
for the SemEval 14 Task 4 Subtask 2 restaurant and lap-
top datasets, respectively. To improve results in the future,
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writers can apply federated learning overmany state-of-the-
art models or ensemble techniques to our model. The au-
thors also intend to try the same technique on the multi-
modal (Image and Text) (Image, Text and Audio) ABSA
problem using an existing dataset, such as Twitter, and a
real-time dataset (15 & 17).
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This study evaluates and compares the forecasting performances of the ARDL (AutoRegressive Distributed
Lag), LSTM (Long Short-TermMemory), and XGBOOST (Extreme Gradient Boosting) models on the MASI
(Moroccan All Shares Index). The analysis incorporates daily new COVID-19 cases into the ARDL ap-
proach to investigate short-term and long-term relationships with MASI. Cointegration and causality tests
are conducted on daily time series data. In terms of accuracy, the ARDL model, especially when including
trend and seasonality variables, outperforms LSTM and XGBOOST models. The ARDL model with lags,
trend, and seasonality variables achieves the lowest Mean Absolute Percentage Error (MAPE) of 26.7%,
with a processing time of 1 second. In comparison, the LSTM and XGBOOST models have MAPE values of
30.5% and 32%, respectively, while requiring significantly longer processing times. These findings suggest
that the ARDL model is more efficient and accurate in predicting future values of MASI under pandemic
conditions.

Povzetek: Članek primerja modele ARDL, LSTM in XGBoost za napovedovanje maroškega indeksa MASI
med COVID-19. Model ARDL presega modele globokega učenja glede natančnosti in učinkovitosti, kar
poudarja odpornost ekonometričnih pristopov pri finančnih napovedih.

1 Introduction

Investing in financial markets has long been a focal point
for capital holders. While ongoing research and develop-
ment of new strategies persist, the ever-evolving nature
of financial markets necessitates constant adaptation by
traders. Consequently, they are increasingly turning to ma-
chine learning as a means to enhance and optimize their
trading systems. This approach allows them to harness the
power of advanced algorithms and data analysis techniques
to stay competitive andmakemore informed investment de-
cisions in the dynamic world of finance.
As financial markets keep changing with more traders

and a lot of money involved, it becomes extremely hard to
perfectly predict what prices will do in the future. These
markets are very complicated, and many things can affect
prices, making it almost impossible to guess accurately.
That’s why traders use complex models and strategies to
handle this uncertainty [15]. The various factors that af-
fect financial time series create a situation where they don’t
stay the same over time, making them non-stationary. This
non-stationarity adds complexity to the already challeng-
ing tasks of predicting future outcomes and making smart
investments in financial markets. Researchers are keenly
interested in finding ways to transform these non-stationary
time series into more predictable and stable ones, as this can
greatly enhance the effectiveness of trading systems [11].

Successful financial forecasting involves combining fi-
nancial theory, market analysis, diverse data sources, and
computational advancements. To build precise models, a
comprehensive toolkit is essential, with financial econo-
metrics and machine learning being key components. Ma-
chine learning enables better predictions by handling non-
linear data, complex variable interactions, and unstructured
datasets. However, financial econometrics remains crucial
for inferential analysis of economic relationships in finance,
and its importance persists alongside machine learning [5]
Financial markets are continuously impacted by events

around the world (war, pandemic, natural disaster, etc.).The
economic impact of COVID-19 via government actions
was examined and it was proved that stocks are negatively
affected by social distancing, but positive outcomes are ob-
served for awareness, testing, and income support mea-
sures, thereby highlighting the dual economic effects of
government responses [2]. As an example of war impact,
the Russian-Ukrainian conflict has influenced the intercon-
nections between Russia, European financial markets, and
global commodity markets [17] .
Time series forecasting is a critical tool in predicting

future outcomes in various fields. In the finance indus-
try, forecasting financial market trends is essential for in-
vestors, policymakers, and analysts to make informed deci-
sions. The recent COVID-19 pandemic has caused signif-
icant disruptions to global financial markets, including the
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Moroccan financial market. The impact of the pandemic on
the financial market has made forecasting more challeng-
ing, and traditional methods may not be enough to capture
the complexity of the situation.
Machine learning algorithms have shown promise in pro-

viding accurate predictions for various forecasting prob-
lems, including time series forecasting. In this article, we
aim to explore the effectiveness of machine learning al-
gorithms in forecasting the Moroccan financial market’s
trends, with a particular focus on the impact of the COVID-
19 pandemic.
We will explore the hypothesis that machine learning al-

gorithms, specifically ARDL, LSTM, and XGBoost, can
provide more accurate and reliable predictions for the Mo-
roccan financial market than traditional methods. The arti-
cle aims to contribute to the existing body of knowledge by
providing insights into the effectiveness of machine learn-
ing algorithms in financial time series forecasting and their
ability to capture the effects of unpredictable events such as
the COVID-19 pandemic.

2 Related work

Forecasting exchange rates is a critical task in the finan-
cial industry, and it has attracted significant attention from
researchers in recent years. The high volatility and com-
plexity of the foreign exchange market make it challenging
to predict exchange rates accurately. Deep learning tech-
niques, particularly LSTM and XGBoost, as well as the
ARDL model, have been widely used to tackle this prob-
lem. In this section, we will discuss some works that stud-
ied the predictability of Forex based on LSTM, XGBoost,
and ARDL.
The article [6] examines the impact of the COVID-19

pandemic on the Saudi Arabian stock market. The authors
use an ARDL model to analyze the relationship between
COVID-19 cases and the stock market index, taking into
account other factors such as oil prices and exchange rates.
They use data from January 2015 to July 2020, which in-
cludes the period of the pandemic. The results show that
COVID-19 has had a significant negative impact on the
Saudi stock market, with a decrease in the stock market
index following an increase in the number of COVID-19
cases. The authors also find that oil prices and exchange
rates have a significant impact on the stock market, but that
the effect of COVID-19 is larger. The article provides ev-
idence of the impact of the COVID-19 pandemic on the
Saudi Arabian stock market and highlights the importance
of consideringmultiple factors when analyzing the relation-
ship between the stock market and external events. The
findings may be useful for investors and policymakers in
the region.
This study[14] examines the impact of COVID-19 on

daily market returns in affected developed and emerging
markets. It finds that an increase in new cases and deaths
negatively affects market returns globally. Interestingly,

daily testing has a positive impact. These findings apply
to both developed and emerging markets, with the excep-
tion that news of new COVID-19 deaths positively affects
emerging markets. The study suggests that early proactive
measures by governments can protect financial markets and
boost investor confidence during future pandemics.
This study [10] investigates the correlation between

stock market progress, economic growth, and financial in-
novation in Bangladesh from 1980 to 2016. To examine
the cointegration in the long term, the ARDL bounds test
was utilized. Additionally, the Granger Causality test was
implemented to identify directional causality between the
variables through the error correction mechanism. The
ARDL bounds test approach confirms the existence of a
long-term relationship between economic growth, stock
market progress, and financial innovation. Moreover, the
results of the Granger Causality test show amutual relation-
ship between financial innovation, economic growth, and
stockmarket progress, both in the long and short run. These
findings affirm the hypothesis that the growth of market-
based financial systems and financial innovation can drive
economic growth.
The authors in [13] analyze the connection between

oil prices and stock prices in both oil-exporting and oil-
importing countries. To do so, they approach the relation-
ship from several angles. Firstly, they examine the possibil-
ity of non-linearities in the relationship to determine the un-
equal response of stock prices in the two categories to posi-
tive and negative shifts in oil prices. Secondly, they account
for within-group differences by allowing for heterogeneity
in the cross sections. Thirdly, they compare the predictabil-
ity of linear (symmetric) and nonlinear (asymmetric) Panel
ARDLmodels through the Campbell and Thompson (2008)
test. The results reveal that the stock prices in both oil-
exporting and oil-importing countries respond differently to
changes in oil prices, with a stronger response seen in oil-
importing countries compared to oil-exporting countries.
The article [12] introduces a new model for forecasting

nonlinear time series data. The proposed model combines
two existing techniques: EMD (empirical mode decompo-
sition) and NARDL (neural autoregressive distributed lag)
modeling. EMD is used to decompose the time series into
a series of IMFs (intrinsic mode functions), each represent-
ing a different scale or frequency component of the data.
The NARDL model is then applied to each IMF to cap-
ture the nonlinear relationships between the variables.The
MNARDL (multiscaled NARDL) model is shown to out-
perform other existingmodels in terms of accuracy, particu-
larly in cases where the data exhibits nonlinearities and non-
stationarities. The model is demonstrated through simula-
tion studies and real-world applications in the areas of eco-
nomics and finance.The article presents a novel approach
to time series forecasting that integrates two existing tech-
niques and provides improved accuracy for modeling non-
linear data.
This paper [19] explores the challenges of predicting

stock market movements, a key area of interest across var-
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ious fields such as statistics, AI, and finance. It highlights
the importance of accurate predictions in reducing invest-
ment risks and emphasizes that machine learning models
often outperform traditional statistical approaches. Specif-
ically, the study investigates the Gaussian Naïve Bayes
(GNB) algorithm, which has not been extensively studied
in this context. The researchers evaluate GNB’s perfor-
mance when integrated with different feature scaling and
extraction techniques, using Kendall’s test of concordance
for ranking. Results indicate that the GNB model com-
bined with Linear Discriminant Analysis (GNB_LDA) out-
performed other models in three of four evaluation met-
rics (accuracy, F1-score, and AUC). Additionally, the GNB
model using Min-Max scaling and PCA achieved the high-
est specificity rank, demonstrating that GNB performs bet-
ter with Min-Max scaling than with standardization tech-
niques.
Authors of the article [8] discusses the challenges of pre-

dicting foreign exchange rates due to their complex and
volatile nature. The paper proposes a new model that
combines two powerful neural networks, the GRU (Gated
Recurrent Unit) and LSTM, to predict the future closing
prices of four major currency pairs. The proposed hybrid
model outperforms standalone LSTM and GRU models, as
well as a simple moving average-based statistical model,
for a 10-minute timeframe and provides the best result for
two currency pairs in terms of MSE (Mean Square Error),
RMSE (Root Mean Square Error), and MAE (Mean Abso-
lute Error) performance metrics for a 30-minute timeframe.
The model’s performance is validated using MSE, RMSE,
MAE, and R score, with the proposed hybrid GRU-LSTM
model proving to be the least risky among all compared
models in terms of R2 score.
Forecasting fast and high-frequency financial data is

challenging due to the dynamic and chaotic nature of stock
markets. This study [4] presents a novel hybrid model
combining fractional order derivatives and deep learning,
specifically LSTMnetworks, to predict suddenmarket fluc-
tuations. Traditional methods like data mining and statisti-
cal approaches struggle with stock price variability, but the
proposed ARFIMA-LSTM (Autoregressive fractionally in-
tegrated moving average LSTM) hybrid model effectively
extracts features and models non-linear functions. It over-
comes volatility and overfitting issues, outperforming tradi-
tional methods by achieving approximately 80% accuracy
improvement in RMSEwhen evaluatedwith real stockmar-
ket data from the PSX company.
The article [1] investigates the relationship between pub-

lic debt and economic growth in Morocco. The authors use
an ARDL model to analyze the impact of public debt on
economic growth, taking into account other factors such as
investment, exports, and inflation. They use data from 1980
to 2019 to estimate the model.The results show that there is
a negative relationship between public debt and economic
growth in Morocco, indicating that an increase in public
debt can lead to a decrease in economic growth. The au-
thors also find that investment and exports have a positive

impact on economic growth, while inflation has a negative
impact. The article highlights the importance of managing
public debt in order to promote economic growth in Mo-
rocco. The findings may be useful for policymakers in the
country as they make decisions about fiscal policy and debt
management.
Behavioral finance studies suggest that emotions im-

pact stock markets. This paper [3] discusses a method to
collect and analyze sentiment from various sources about
Casablanca Stock Exchange. Using sentiment analysis and
machine learning, it aims to link public sentiment to stock
market performance.
The paper [18] presents a financial risk prediction model

utilizing graph networks to address inaccuracies in enter-
prise financial risk and profit predictions. It integrates
multi-scale feature extraction and sequence analysis, em-
ploying a bidirectional gated recurrent unit to effectively
capture temporal relationships in time series data. The
profit prediction model combines multi-scale advantages
with attention mechanisms to enhance the identification of
influential features, significantly improving predictive ac-
curacy. After iterative training, the model achieved an ac-
curacy of 98.03% and an F1 score of 0.98 for financial risk
predictions. The profit prediction model outperformed oth-
ers in regression and classification metrics, with a mean
square error of just 0.0232. Overall, both models demon-
strate strong predictive capabilities and practical signifi-
cance.
This article [16] discusses the increasing importance of

electric vehicle load scheduling in grid power scheduling
due to the rising use of electric vehicles. The effective
electric vehicle power dispatching helps balance the peak-
valley difference of power dispatching, increase the power
supply utilization rate, and reduce the power supply pres-
sure of line transformer. The article summarizes the re-
search status of electric vehicle charging load, analyzes
traditional charging load research methods and proposes a
charging load forecasting method combining XGBoost and
LSTM. The proposed method is based on the prediction
results of the XGBoost model for feature engineering and
statistical methods, and training the LSTM model for load
prediction. The charging station load forecasting method
studied in this paper can support the regional load forecast-
ing research of electric vehicles with high permeability and
further optimize power dispatching. The proposed method
is verified using the data of a charging station in Jiangsu.
This paper[7] introduces a new approach to predict future

returns in volatile and nonlinear financial markets. It con-
sists of three stages: fractal modeling and recurrence anal-
ysis, Granger causality tests, and wavelet transformation.
Machine learning algorithms are applied to learn patterns
and make predictions. Testing with Asian emerging stock
indexes from 2012 to 2017 shows that this framework is
effective for forecasting.
The authors of [9] discuss the challenge of forecasting

stock prices due to the volatile nature of the stock market,
which makes it difficult to apply linear models or simple
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time-series or regression techniques. The author suggests
that SVM (support vector machine) is a good alternative
tool for stock forecasting, as it is a popular machine
learning technique for the capital investment industry that
can forecast financial data more accurately. The article
presents an experiment that examines the stock prices of 5
Moroccan banks and shows that SVM can perform better
when the global evolution of the market is added to the
independent variables. To express the global evolution of
the market, the author uses three indices of the Casablanca
Stock Exchange: MASI, MADEX (Moroccan Most Active
Shares Index), and Banks Sector Index.Also, this article
highlights the potential of SVM for stock price prediction,
and emphasizes the importance of considering the global
market conditions as a variable to improve forecasting
accuracy. The findings may be useful for investors and
financial analysts looking for new methods to improve
their stock trading and investment decisions. Below is a
comparative table (Table 1) of the results of the related
work, with their results.

In conclusion, these studies provide evidence that LSTM,
XGBoost, and ARDL models can all be effectively used to
forecast exchange rates. The results suggest that LSTM is
generally better in terms of accuracy and stability, while
XGBoost is faster in training and prediction time. In this
current work, we aim to demonstrate that ARDL mod-
els have distinct advantages, particularly in the context of
the Moroccan market, as they take into account exogenous
variables during events and can be explained with a for-
mula, contrasting with the black-box nature of machine
learning algorithms. The unique behavior of the Moroccan
market necessitates a deeper exploration of these tailored
approaches.

3 Methodology
The article aims to explore the possible short-term and long-
term relationships between the COVID-19 pandemic and
the Moroccan financial market. The study also investigates
the potential of the ARDL model in improving the accu-
racy of future value predictions for the Moroccan financial
market, compared to LSTM an XGBOOST.

3.1 COVID19 impact on Moroccan
financial market based on ARDL

Most financial market studies use VAR (Vector autore-
gression) modeling to analyze the relationship between ex-
planatory and explained variables. However, this method
requires that the series be integrated of the same order,
which is not always the case for macroeconomic series. To
address this issue, Pesaran, Shin, and Smith (2001) pro-
posed the ARDL method, which considers the limitations
of the VAR model. This approach, which tests the long-

run relationship based on variables with different integra-
tion orders, is an alternative to cointegration tests. The
ARDL method provides unbiased estimates of the long-run
relationship and is more suitable for small samples. In this
study, we will use the ARDLmodel to investigate the short-
and long-run relationships between COVID-19 pandemic
and Moroccan financial market. We will also determine
the optimal number of lags using AIC (Akaike Information
Criterion) and test for the presence of causal relationships
between the variables.

3.1.1 Research model

The application of the ARDL model, represented by the
subsequent equation, will enable the estimation of the re-
sponses to the hypotheses stated underneath :

∆LogMASI(t) = C +

p∑
i=1

α1i∆LogMASI(t−i)+

q∑
i=0

α2i∆LogCOV ID(t−i)

+β1LogMASI(t−1)

+β2LogCOV ID(t−1) + ε(t)

(1)

(Table 2) provides a description of the various variables
included in the equation.

Table 2: Description of equation variables

Variable Description
MASI Price of the Moroccan All Shares Index
COVID Daily new cases of COVID-19
C Constant
Log( ) Natural logarithm operator
∆ First difference operator
α1;α2 Short-run coefficients
β1;β2 Long-run dynamics
ε(t) Error term

It is important to note that before estimating the ARDL
model, a cointegration test must be performed. This is be-
cause it is not possible to estimate an error correction model
or determine the short and long-term effects for variables
that are not cointegrated. In the case of long-term effects,
we conduct a cointegration limit test based on the Fisher
statistic, with the hypothesis being that the variables are
cointegrated.
H0 : β1 = β2 = 0
If H0 is rejected, it indicates the existence of cointegra-

tion. The F-statistic should surpass the upper bounds of I(1)
to reject H0, but if it is less than the lower critical bounds
of I(0), H0 is accepted. Otherwise, no conclusion can be
made. Once cointegration is confirmed, the long-term rela-
tionship is determined by eliminating the variables in first
difference (Morley, 2006 and Antoniou et al., 2013). Uti-
lizing equation (1), we can deduce that the relationship is
illustrated by the subsequent equation :
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Table 1: Summary of studies and their findings

Work Models Dataset Results

[6] ARDL Saudi Arabia (TASI)

The study finds a long-term negative relationship between LOG_TASI and
LOGCOVID_19, with unidirectional causality from COVID-19 to TASI,
highlighting the need for strong national measures to prevent
a significant stock market crash in KSA.

[14] panel-EGLS and
panel quantile regression approaches Different emerging markets

Finding that new cases and deaths negatively influence returns,
while increased testing positively affects them, with some variations
between developed and emerging markets.

[10] ARDL Bangladesh market
The study revealed that financial innovation positively influences
economic growth both in the short and long run, which is statistically
significant as well.

[13] Nonlinear Panel ARDL Oil-stock nexus

The study finds that incorporating positive and negative oil price
changes improves stock price forecasts only for oil-importing countries,
highlighting a key difference in the oil price-stock relationship
between importing and exporting nations.

[12] Multiscaled Neural ARDL Oil & Bitcoin
The empirical experiments conducted on real-world economic data
prove that the decomposing framework significantly improves
the forecasting accuracy.

[8] GRU-LSTM hybrid network EUR/USD, GBP/USD, USD/CAD
The hybrid GRU-LSTM model outperforms standalone LSTM, GRU,
and SMA models in predicting GBP/USD and USD/CAD currency pairs,
demonstrating the best performance metrics and lowest risk overall.

[1] ARDL GDP

The study using an Auto Regressive Distributed Lag model
reveals that total government debt significantly negatively impacts
economic growth in Morocco both in the short term (0.62% decrease
in growth for a 1% increase in debt) and long term (0.4% decrease), while
the investment rate positively influences growth;
however, bank credit to the private sector remains statistically
insignificant, highlighting challenges in the trade balance and the need
for broader economic reforms.

[9] SVM MASI & MADEX
SVM significantly improves stock forecasting accuracy
for five Moroccan banks, especially when incorporating global
market trends like the MASI, MADEX, and Banks Sector Index.

LogMASI(t) = −
(
C

β1

)
−
(
β2

β1

)
LogCOV ID(t) (2)

The confirmation of the presence or absence of cointe-
gration between the variables can be done by using ECM
(error correction model) for eq.2 as demonstrated below:

∆LogMASI(t) =

p∑
i=1

α1i∆LogMASI(t−i)

+

q∑
i=0

α2i∆LogCOV ID(t−i)

+β1ECM(t−1) + εt

(3)

ECM(t) = LogMASI(t)−[
−
(
C

β1

)
−
(
β2

β1

)
LogCOV ID(t)

] (4)

In the ARDL model, trend and seasonality are incor-
porated through lagged values of MASI index prices and
COVID-19 cases, selected to capture short-term fluctua-
tions and long-term equilibrium adjustments. The trend
component is addressed by using previous levels of the
MASI, reflecting persistent market shifts, while seasonality
is captured by lags that align with observed recurring pat-
terns in COVID-19 data. This structure ensures the model
can respond to both immediate impacts and ongoing trends
in the market, particularly during volatile periods like the
COVID-19 pandemic.

3.2 Forecasting MASI index with ARDL,
LSTM and XGBoost

We hypothesize that by using ARDL, LSTM and XGBoost
models, we can accurately forecast the future values of the
MASI. Specifically, we expect that:

– The ARDL model will perform well in predicting
MASI since it can capture both short and long-run dy-
namics of the data. We expect that the model will
be able to identify significant relationships between
MASI and other relevant economic indicators, such as
COVID19 cases, inflation rate, and interest rate.

– The LSTMmodel will also perform well in predicting
MASI since it can capture complex temporal depen-
dencies in time series data. We expect that the model
will be able to learn and identify the patterns in MASI
and its determinants over time, thereby improving its
forecasting accuracy.

– The XGBoost model will perform well in predicting
MASI since it is an ensemble tree-based method that
can capture non-linear relationships and interactions
between variables. We expect that the model will be
able to identify the most important features that influ-
ence MASI, and thereby provide more accurate fore-
casts than traditional regression-based models.
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4 Results and discussion

4.1 Data and description
Our study focuses on analyzing the impact of the COVID19
pandemic on theMASI, using daily closing prices that were
obtained from www.investing.com. We also collected data
on the daily number of confirmed COVID19 cases from the
official website of the Moroccan Ministry of Health. The
data covers the period from March 03, 2020 (the day when
the first COVID19 case was reported inMorocco) to Febru-
ary 11, 2022. Prior to analysis, both variables were sub-
jected to a log transformation. ( the data is accessible via
this link https://osf.io/umjgb/files).

4.2 Descriptive statistics
The following table (Table 3) displays the descriptive statis-
tics for two variables analyzed in our study. The first vari-
able, MASI, represents the closing price of MASI, while
the second variable, NEW_CASES, represents the number
of new daily confirmed cases of COVID-19 in Morocco.

Table 3: Descriptive statistics ofMASI andCOVID-19 new
cases (2 March 2020 to 11 February 2022)

MASI NEW_CASES
Mean 11524.53 1576.031
Median 11517.92 579.0000
Maximum 13991.47 12039.00
Minimum 8987.890 0.000000
Std. Dev. 1347.250 2219.878
Skewness 0.018541 2.233916
Kurtosis 1.856586 8.076603
Jarque-Bera 26.44808 924.1962
Observations 485 485

The two figures (1,2) show the trends of MASI price and
COVID19 new cases over the same period.

4.3 ARDL quantitative results and
discussions

4.3.1 Stationarity (Unit root tests)

This part discusses the concept of non-stationarity in
time series data, where a series with a moving average
and/or variance that varies over time is considered non-
stationary. If not addressed through stationarization, this
non-stationarity can lead to ”spurious” regressions. To
determine if a series is stationary or not (i.e., if a unit
root exists), several tests can be used, such as ADF (aug-
mented Dickey-Fuller) test, PP (Phillippe-Perron) test, AZ
(Andrews and Zivot ) test, the Ng test-Perron, and KPSS
(Kwiatkowski-Phillips-Schmidt-Shin) test. Among these
tests, the ADF and PP tests are the most commonly used
and easy to apply. The ADF test is effective in cases of au-
tocorrelation of errors, while the PP test is suitable in the

Figure 1: Movement of MASI price in the concerned pe-
riod

Figure 2: COVID19 new cases in the concerned period

presence of heteroscedasticity. In this study, the ADF and
PP tests were used with the test critical values of Mackin-
non (1996), and the results are presented in (Table 4).
The results of the study show that the Log MASI Level

data is non-stationary, while the Log MASI 1st difference
and Log COVID19 data are stationary. The optimal number
of lags is 17 based on AIC, and all variables have a signifi-
cance at the 1% level. The ADF test statistic values are also
reported for each variable, with the LogMASI Level having
a test statistic value greater than the critical value and a p-
value greater than 0.05, indicating non-stationarity. Mean-
while, the Log MASI 1st difference and Log COVID19
have test statistic values lower than their respective critical
values and p-values lower than 0.05, indicating stationarity
(Table 5).

4.3.2 ARDL estimation

To select the most optimal ARDL model with statistically
significant results and fewer parameters, we utilize AIC.
The model is estimated with the ”constant & trend” option
because of its high significance (Probability < 1%). The
following are the estimation results of the selected optimal
ARDL model.
The optimal model is selected based on the AIC value,

where the model with the smallest AIC value (Figure 3) is
considered the best. In this study, the optimal model is the
ARDL(2,6), which is statistically significant with a global
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Table 4: ADF Unit Root test onthe log level of variables

Variables Level Integration
orderT-statistic 1% 5% 10% P-value

Log MASI -0.8291 -3.4441 -2.8675 -2.5700 0.8095 I(1)Log MASI 1st Difference -5.3066 -3.4441 -2.8675 -2.5700 0.0000
Log COVID -3.0442 -3.4442 -2.8675 -2.5700 0.0317 I(0)

Table 5: PP Unit Root test on the log level of variables

Variables Level Integration
orderT-statistic 1% 5% 10% P-value

Log MASI -0.3695 -3.4436 -2.8672 -2.5698 0.9114 I(1)Log MASI 1st Difference -18.1950 -3.4436 -2.8673 -2.5699 0.0000
Log COVID -5.6379 -3.4437 -2.8673 -2.5699 0.0000 I(0)

Figure 3: Akaike information criteria

Prob (F-statistic) value of 0.0000 (Table 6).
While most of the coefficients in the model are signifi-

cant, it is necessary to conduct validity tests such as auto-
correlation tests to ensure its validity (Table 7). Addition-
ally, the model is globally significant.
Based on the Ljung-Box test results, the Q-statistic prob-

ability is above the 5% and 10% thresholds for all results,
indicating the absence of autocorrelation in the model er-
rors. This is important because the presence of autocorre-
lation in residuals can lead to inconsistent parameter esti-
mates due to the inclusion of a lagged dependent variable
as an exogenous variable in the model.
The F test value of 9.43 (Table 8) exceeds the majority

of the I(1) bounds, indicating significant cointegration be-
tween the variables at a 2.5% significance level. This sug-
gests that it is possible to estimate the long-term effects of
Log_COVID19 on Log_MASI.
The long term relationship is described as follows :

Log_MASI = -0.0020*Log_COVID. The results (Table 9)
show that there is a significant negative long-term relation-
ship between COVID 19 and the stock market in Morocco:
a 100% increase in the daily number of confirmed cases of

COVID-19 resulted in a 0.2% decrease in the MASI price.
In the short-term relationship, it appears that there is no sig-
nificance between all variables, but Log_COVID delayed
by 5 days (t-5) has a positive impact on Log_MASI in day
(t) at the 10% level.
Since correlation does not necessarily imply causality, we
must test the causality that may exist between the variables,
we use the Toda Yamamoto causality test.
A causal relationship from Log_COVID to Log_MASI

is confirmed by the Toda-Yamamoto causality test (Prob
= 0.0005, the null hypothesis is rejected) (Table 10).
However, there is no causality between Log_MASI and
Log_COVID (Pob=0.0857).

4.4 Forecasting results
4.4.1 Performance measure

TheMAPE (Mean Absolute Percentage Error) is a practical
metric used to evaluate the accuracy of forecasting models.
It calculates the average percentage deviation of forecasted
values from the observed values. By expressing the error as
a percentage, the MAPE enables easy comparison between
different models. The formula for MAPE is as follows:

MAPE = 100%− 100%
n

n∑
t=1

∣∣∣∣Forecasted_valuet
Real_valuet

∣∣∣∣
(5)

With n the number of forceasted values.

4.4.2 Results

(Table 11) outlines the various approaches utilized to fore-
cast the MASI index (ARDL, LSTM and XGBOOST),
along with the corresponding inputs for each method.
A greedy algorithm was applied to determine the optimal

lag values for the ARDL model, focusing on selecting the
lagged variables that best capture the short-term dynamics
of the MASI index. Specifically, the model uses a unique
set of inputs based on two-day lags for MASI prices and
six-day lags for new confirmed COVID-19 cases. This se-
lection reflects an iterative process in which different lag



210 Informatica 49 (2025) 203–214 O.M. Hassan et al.

Table 6: ARDL estimation

Variable Coefficient Std. Error t-Statistic Prob.*

MASI_LOG(-1) 1.196800 0.043909 27.25662 0.0000
MASI_LOG(-2) −0.257500 0.043916 −5.863430 0.0000
COVID19_LOG 0.001027 0.000702 1.461975 0.1444

COVID19_LOG(-1) −0.000982 0.000711 −1.382608 0.1675
COVID19_LOG(-2) 0.000570 0.000559 1.020708 0.3079
COVID19_LOG(-3) −0.001067 0.000566 −1.885020 0.0601
COVID19_LOG(-4) −0.000443 0.000557 −0.795811 0.4265
COVID19_LOG(-5) −0.000417 0.000710 −0.586752 0.5577
COVID19_LOG(-6) 0.001191 0.000681 1.749257 0.0809

C 0.555984 0.128045 4.342094 0.0000
@TREND 5.14E − 05 1.22E − 05 4.212603 0.0000

R-squared 0.997024 Mean dependent var 9.346391
Adjusted R-squared 0.996960 S.D. dependent var 0.118471
S.E. of regression 0.006532 Akaike info criterion −7.201220
Sum squared resid 0.019756 Schwarz criterion −7.104652
Log likelihood 1717.689 Hannan-Quinn criter. −7.163241
F-statistic 15512.26 Durbin-Watson stat 2.022289
Prob(F-statistic) 0.000000

*Note: p-values and any subsequent tests do not account for model
selection.

Table 7: Autocorrelation of residuals.

Autocorrelation Partial Correlation AC PAC Q-Stat Prob*

.|. | .|. | 1 −0.031 −0.031 0.4672 0.494

.|. | .|. | 2 0.030 0.029 0.8915 0.640

.|. | .|. | 3 −0.059 −0.057 2.5576 0.465

.|. | .|. | 4 −0.055 −0.060 4.0298 0.402

.|* | .|* | 5 0.082 0.082 7.2305 0.204

.|. | .|. | 6 0.020 0.026 7.4317 0.283

.|* | .|* | 7 0.099 0.090 12.155 0.096

.|. | .|. | 8 −0.029 −0.019 12.565 0.128

.|. | .|. | 9 −0.019 −0.015 12.741 0.175

.|. | .|. | 10 −0.038 −0.032 13.453 0.199

*Probabilities may not be valid for this equation specification.

Table 8: Bound test to cointegation results

F-Bounds Test Null Hypothesis: No levels relationship

Test Statistic Value Signif. Lower bound I(0) Upper bound I(1)

Asymptotic: n=1000
F-statistic 9.433081 10% 5.59 6.26
k 1 5% 6.56 7.3

2.5% 7.46 8.27
1% 8.74 9.63
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Table 9: Dynamics of the short-run and long-run

Conditional Error Correction Regression
Variable Coefficient Std. Error t-Statistic Prob.

MASI_LOG(-1)* −0.060700 0.013991 −4.338372 0.0000
COVID19_LOG(-1) −0.000121 0.000223 −0.545517 0.5857
D(MASI_LOG(-1)) 0.257500 0.043916 5.863430 0.0000
D(COVID19_LOG) 0.001027 0.000702 1.461975 0.1444

D(COVID19_LOG(-1)) 0.000166 0.000680 0.243598 0.8077
D(COVID19_LOG(-2)) 0.000736 0.000706 1.042008 0.2980
D(COVID19_LOG(-3)) −0.000331 0.000706 −0.469430 0.6390
D(COVID19_LOG(-4)) −0.000774 0.000677 −1.144776 0.2529
D(COVID19_LOG(-5)) −0.001191 0.000681 −1.749257 0.0809
EC = Log_MASI - (-0.0020*COVID19_LOG )

Long-Run Coefficients

Variable Coefficient Std. Error t-Statistic Prob.

COVID19_LOG −0.002001 0.003616 −0.553284 0.5803
C 0.555984 0.128045 4.342094 0.0000

@TREND 5.14E − 05 1.22E − 05 4.212603 0.0000

Table 10: Toda-Yamamoto causality test.

Dependent variable: MASI_LOG
Excluded Chi-sq df Prob.

COVID19_LOG 15.32437 2 0.0005

All 15.32437 2 0.0005

Dependent variable: COVID19_LOG
Excluded Chi-sq df Prob.

MASI_LOG 4.914155 2 0.0857

All 4.914155 2 0.0857

Table 11: Forecasting results

Method Inputs MAPE Processing time
Training Forecasting

ARDL Lags only 34.4% 1s
ARDL Lags + trend 32.3% 1s
ARDL Lags + seasonality 32.1% 1s
ARDL Lags + trend + seasonality 26.7% 1s
LSTM Lags 30.5% 2min 56s 21s

XGBOOST Lags 32% 6min 1s

combinations were tested, with the greedy algorithm identi-
fying the combination that minimized the forecasting error.
By emphasizing shorter lags, this approach aims to model
the immediate impacts of recent MASI price fluctuations
and COVID-19 case data, as these factors are expected to
influencemarketmovements in the short term. Thismethod
not only simplifies the model but also enhances its respon-
siveness to recent changes, thereby improving predictive

accuracy.
In contrast, LSTM and XGBOOSTmodels rely on a grid

search of hyperparameters to select the best combination
of variables for the forecast. This method involves testing
different combinations of input variables to determine the
most optimal set for predicting the MASI index accurately.
After evaluating the performance of all three methods,

the ARDLmodel with lags, trend, and seasonality variables
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outperformed both LSTM and XGBOOST models in terms
of accuracy and processing time. This finding indicates that
the inclusion of trend and seasonality variables in addition
to the lags of MASI prices and new confirmed cases data
significantly improves the model’s accuracy.
The ARDL model’s execution time of only 1 second is

also impressive and demonstrates its efficiency, particu-
larly when compared to the relatively more computation-
ally expensive LSTM and XGBOOSTmodels. Overall, the
ARDL model with its unique set of inputs, outperforms the
LSTM and XGBOOST models in terms of accuracy, effi-
ciency, and computational resources.

4.4.3 Forecasting discussion

In this section, we compare the forecasting results of the
ARDL, LSTM, and XGBoost models with findings from
existing literature, shedding light on why the ARDL model
outperformed the others and analyzing the conditions that
contributed to its superior performance.
The ARDL model demonstrated a remarkable accuracy,

achieving a MAPE of 26.7% when incorporating lags,
trend, and seasonality variables. This performance is par-
ticularly noteworthy when juxtaposed with the LSTM and
XGBoost models, which recorded MAPEs of 30.5% and
32%, respectively. A primary reason for the ARDLmodel’s
success lies in its ability to effectively handle short-term dy-
namics using a specific set of inputs—namely, the lags of
MASI prices and new confirmed COVID-19 cases. These
variables are likely to exert an immediate impact on the
market, allowing ARDL to capture the temporal relation-
ships more adeptly.
The findings align with existing literature that empha-

sizes the efficacy of ARDL in time series forecasting, par-
ticularly in scenarios characterized by smaller sample sizes.
The simplicity of the ARDL model, combined with its ex-
plicit incorporation of exogenous variables, allows for eas-
ier interpretation and better forecasting accuracy under con-
ditions where non-linear relationships might not be as pro-
nounced. In contrast, both LSTM and XGBoost, while
powerful in handling complex, non-linear patterns, require
larger datasets to truly exploit their capabilities. In our case,
the relatively limited data available during the COVID-19
period may have hindered these models from achieving op-
timal performance.
Additionally, the computational efficiency of the ARDL

model—requiring only 1 second for execution—highlights
its practicality for real-time forecasting, particularly in fast-
moving markets like the Moroccan stock market. In con-
trast, LSTM’s training time of 2 minutes and 56 seconds,
along with a forecasting time of 21 seconds, and XGBoost’s
6 minutes for training, demonstrate the trade-off between
model complexity and computational demand.
This study’s results suggest that while machine learning

models like LSTM and XGBoost offer sophisticated tech-
niques for capturing non-linear patterns, the unique condi-
tions of theMoroccanmarket, combined with the character-

istics of the dataset, made ARDL the more suitable choice
for this specific forecasting task. Future work could ex-
plore hybrid models that combine the strengths of ARDL
withmachine learning techniques, potentially leading to en-
hanced accuracy. Additionally, further research should in-
vestigate the scalability of these findings to other emerging
markets with similar characteristics, as well as the impli-
cations of larger datasets that might better inform machine
learning approaches.

4.4.4 Computational efficiency discussion

The ARDL model is the most computationally efficient in
both memory usage and scalability due to its simple linear
regression structure. It requires minimal memory since it
only stores a limited number of lagged values and coeffi-
cients, making it ideal for applications needing quick and
efficient forecasts on moderate datasets. However, its sim-
plicity may limit its performance with larger or more com-
plex datasets.
In contrast, the LSTM model, while powerful in captur-

ing complex, long-term dependencies in sequential data, is
much more memory-intensive due to its multi-layered ar-
chitecture and need to store information across each time
step. This memory requirement restricts its scalability un-
less specialized hardware like GPUs is used, making LSTM
better suited for smaller datasets or scenarios where mem-
ory resources are abundant.
XGBoost balances efficiency and scalability well. It re-

quires more memory than ARDL due to its ensemble of de-
cision trees, but it is significantly more scalable because of
its parallel processing capabilities. Optimized for handling
large datasets and sparse data, XGBoost is ideal for ap-
plications prioritizing accuracy on large datasets, although
it requires moderate memory availability for efficient pro-
cessing. Overall, ARDL offers the most efficient option for
smaller datasets, while XGBoost and LSTM trade off mem-
ory and computational resources for accuracy in large and
complex data scenarios.

4.5 Summary and conclusions
This study focuses on modeling the impact of the Covid-19
pandemic on the Moroccan stock market using the ARDL
estimation approach. The study analyzes both short-term
and long-term relationships between the MASI index and
the number of daily confirmed Covid-19 cases, indicating a
negative long-term relationship and unidirectional causality
from Covid-19 to the MASI index.
To capture the short-term dynamics of the MASI index,

the ARDL model uses a unique set of inputs based on lags
of MASI prices for two previous days and new confirmed
cases data from the previous six days. In contrast, LSTM
and XGBOOST models use a grid search of hyperparame-
ters to select the optimal set of input variables for accurate
forecasting.
After evaluating the performance of all three models,
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the ARDL model with lags, trend, and seasonality vari-
ables outperforms both LSTM and XGBOOST models in
terms of accuracy and processing time. The inclusion of
trend and seasonality variables significantly improves the
model’s accuracy, and the ARDL model’s execution time
of only 1 second demonstrates its efficiency compared to
the relatively more computationally expensive LSTM and
XGBOOST models. In summary, the ARDL model with
its unique set of inputs proves to be the best option for ac-
curately forecasting the MASI index during the Covid-19
pandemic.
The ARDL model assumes a stable, long-term relation-

ship between variables, requiring that the data series be
either stationary or integrated of the same order (usually
I(0) or I(1)). To meet this, unit root tests are performed
before model estimation. Additionally, ARDL presumes
no perfect multicollinearity among explanatory variables,
ensuring independent impacts, and it assumes that residu-
als are normally distributed and homoscedastic—meaning
constant variance of error terms over time. If these assump-
tions are not met, the coefficient estimates may be biased or
inefficient, impacting inference validity. Thus, diagnostic
tests for heteroscedasticity, normality, and autocorrelation
are conducted post-estimation to confirm the model’s reli-
ability.
The results offer actionable insights that could guide

trading and investment strategies by providing a reliable
approach to forecasting market trends in the short term,
especially under fluctuating conditions such as those in-
fluenced by COVID-19 cases. For investors, the ARDL
model’s accuracy and efficiency in processing timemay en-
hance their ability to make timely, data-driven decisions,
thereby improving portfolio performance. Policymakers
could also leverage these insights to better understand mar-
ket responses to economic shocks or health crises, enabling
more informed policy adjustments that help stabilize or
stimulate the financial sector. Overall, the study contributes
valuable tools that can support more informed decision-
making across different roles in the Moroccan financial
market.

5 List of abbreviations
ARDL AutoRegressive Distributed Lag

LSTM Long Short-Term Memory

XGBOOST Extreme gradient boosting

MASI Moroccan All Shares Index

EMD Empirical mode decomposition

NARDL Neural autoregressive distributed lag

IMFs Intrinsic mode functions

MARDL Multiscaled NARDL

GRU Gated Recurrent Unit

MSE Mean Square Error

RMSE Root Mean Square Error

MAE Mean Absolute Error

ARFIMA Autoregressive fractionally integrated moving
average

SVM Support Vector Machine

MADEX Moroccan Most Active Shares Index

VAR Vector autoregression

AIC Akaike Information Criterion

ECM Error correction model

ADF Augmented Dickey-Fuller

PP Phillippe-Perron

AZ Andrews and Zivot

KPSS Kwiatkowski-Phillips-Schmidt-Shin

MAPE Mean Absolute Percentage Error
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To enhance the recognition accuracy and dissemination adaptability of ethnic musical instrument styles 

in multiple contexts, this paper proposes an optimization algorithm-driven deep learning system 

framework for the recognition of ethnic musical instrument styles and cross-cultural semantic 

dissemination. The research first constructs a database containing multi-ethnic instrumental audio and 

three-layer cultural semantic labels, and uses CNN, LSTM and Transformer to build a multi -channel 

fusion model to achieve collaborative modeling of timbre, rhythm and structural information. To optimize 

the model structure and parameter configuration, Particle swarm Optimization (PSO) is introduced for 

network structure search, and Bayesian optimization is combined to fine-tune key hyperparameters such 

as Dropout rate and learning rate. The system was trained and deployed on the NVIDIA A100 cluster, and 

a 50% cross-validation was conducted using Top-1 Accuracy, Macro F1-score, and Top-3 Accuracy as 

evaluation metrics. The results show that the optimization strategy improves the Top-1 Accuracy by 6.2% 

compared with the baseline model, and the Top-3 Accuracy reaches 91.4%. The system further integrates 

the style semantic mapping mechanism with the human-computer interaction recommendation interface, 

achieving style content retrieval and dissemination path guidance based on users' emotions and cultural 

cognitive preferences, significantly enhancing the system's cultural adaptability and user comprehension. 

The research integrates artificial intelligence with music information processing technology, providing a 

scalable system solution for the intelligent recognition and global dissemination of ethnic Musical 

Instruments. 

Povzetek: Članek predstavi optimizacijsko podprt okvir globokega učenja za prepoznavanje slogov 

etničnih instrumentov z večkanalnim modelom (CNN–LSTM–Transformer), izboljšanim s PSO in 

Bayesovo optimizacijo. Vključuje semantično preslikavo za učinkovito čezkulturno glasbeno 

posredovanje. 

 

1  Introduction 

1.1  Research background and problem 
proposal 

With the development of artificial intelligence and 

digital audio technology, traditional ethnic instrumental 

music is facing new challenges in digital preservation 

and cross-cultural dissemination. As a multidimensional 

cultural expression, the style of ethnic instrumental 

music has significant differences in rhythm, timbre, 

mode, and performance style. Traditional manual 

classification and expert judgment are difficult to meet 

the large-scale and diversified data processing needs. At 

the same time, there are semantic differences in the 

understanding of "style" in different cultural 

backgrounds, which often leads to recognition distortion 

and cultural misreading of instrumental works in 

cross-cultural communication (Danylets V, 2020). 

Existing research has mostly focused on style modeling 

and emotion recognition in Western music systems, lacking 

structured style databases and adaptive algorithms for 

Chinese ethnic instrumental music In addition, most style 

recognition algorithms lack the ability to model semantic 

information such as cultural labels and performance 

contexts, which cannot effectively support the adaptation of 

audience cognitive differences in communication systems. 

Therefore, building a national instrumental music style 

recognition model that integrates deep learning and 

optimization algorithms, and developing a cross-cultural 

communication information system with semantic mapping 

capabilities based on it, has become a key path to solving 

this problem. Based on the analysis of the characteristics of 

ethnic instrumental music styles, this study proposes a 

systematic recognition interpretation dissemination 
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framework to enhance the digital expression ability and 

international dissemination effectiveness of ethnic 

music. 

1.2  Research review and analysis 

Style classification, as one of the core tasks in music 

intelligent recognition research, has received widespread 

attention in recent years. With the development of deep 

learning, researchers are gradually transitioning from 

traditional rule and feature engineering to data-driven 

model construction (Lin T F&Chen L B, 2024). 

Especially the application of structures such as CNN, 

RNN, and Transformer in audio recognition provides an 

effective path for multi-level style modeling (Anand R, 

2021;). However, existing research mostly focuses on 

Western general music datasets, which have poor 

adaptability to the complex rhythm structure, timbre 

ambiguity, and non-standard modes of ethnic 

instrumental music. 

In recent years, various metaheuristic algorithms 

such as particle swarm optimization (PSO), genetic 

algorithm (GA), and Bayesian optimization have been 

widely used for model tuning, feature selection, and 

structural search in recognition algorithm optimization, 

significantly improving model convergence efficiency 

and generalization ability (Cao Y, 2022). The value of 

these methods in controlling computational complexity 

and improving model performance is increasingly 

prominent, especially suitable for task scenarios such as 

ethnic instrumental music with strong data heterogeneity 

and high label ambiguity. 

On the other hand, the interpretation and 

dissemination of style recognition results still face 

significant challenges. Research has shown that AI 

generated music results often suffer from issues such as 

"semantic misalignment" and "style misreading" in 

cross-cultural communication (Ting Y&Ran Z, 2022; Oh 

H S, 2024). Some current research attempts to adapt 

through mechanisms such as semantic tag embedding 

and user feedback modeling, but lacks a systematic 

semantic propagation architecture and visual interaction 

design, making it difficult to meet the multilingual and 

multicultural understanding needs in real 

communication scenarios (Zlatkov D, 2023; Vear 

C&Benerradi J, 2024). 

1.3  Research objectives, content, and 
approach 

The aim of this study is to construct a national 

instrumental music style recognition system that 

integrates optimization algorithms and deep learning 

models. Based on this, an information system that 

supports cross-cultural semantic adaptation will be 

developed to achieve systematic collaboration in 

intelligent style classification, semantic mapping, and 

dissemination guidance. Aiming at the problems of 

traditional methods in handling non-standard ethnic 

audio features, cultural label ambiguity, and weak 

adaptability to communication scenarios, a parallel 

technical path of multi-channel recognition and semantic 

embedding is proposed. 

The specific research content includes: firstly, 

constructing a structured data system covering multi-ethnic 

instrumental music audio and labels, extracting typical 

rhythm, mode, and timbre features; Secondly, design a 

recognition model that integrates CNN, LSTM, and 

Transformer structures, and introduce particle swarm 

optimization algorithm for parameter tuning and model 

search; Once again, establish a cross-cultural semantic 

embedding mechanism to guide recognition results to align 

with user cognitive space and enhance style interpretability; 

Finally, develop the system integration architecture to 

complete the human-machine interaction design and 

propagation feedback loop. 

The research aims to build a music information system 

with semantic adaptability, with the dual goals of 

optimizing model performance and improving cultural 

adaptability. This system not only enables efficient 

recognition of instrumental styles, but also enhances their 

acceptance and dissemination in cross-cultural 

environments (Bian W, 2023). 

1.4  The structure arrangement and 
innovation points of the thesis 

This study focuses on the dual tasks of identifying ethnic 

instrumental music styles and cross-cultural 

communication. By combining deep learning model 

construction and optimization algorithm application, an 

information system platform with semantic interpretation 

ability is designed, and a complete system path from audio 

modeling to communication feedback is proposed. The 

main innovations are reflected in the following four 

aspects: 

Firstly, build a multidimensional ethnic instrumental 

music database for style recognition. To address the issues 

of strong heterogeneity and lack of annotation system in 

ethnic instrumental music samples, a multi label structure 

integrating rhythm, mode, timbre, and cultural semantics is 

designed to enhance the cultural perception ability of the 

recognition model (Wen J, 2021). 

Secondly, propose a multi-channel recognition model 

that integrates optimization algorithms. Build a fusion 

architecture of CNN, LSTM, and Transformer, combined 

with particle swarm optimization (PSO) for parameter 

adjustment and structural search, to solve the slow 

convergence and overfitting problems of traditional models 

on complex instrumental data. 

Thirdly, design a cross-cultural semantic embedding 

mechanism and user adaptation system. Vectorizing and 

embedding style recognition results with cultural labels, 

constructing a user cognitive feedback mechanism, and 

achieving semantic interpretation and dissemination 

adaptation capabilities for result output. 

Fourth, build a system level integration architecture 

and a visual communication platform. Implementing a 

closed-loop process of "recognition interpretation 

feedback" through module integration to enhance the 
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practicality and interactivity of information systems in 

multicultural contexts. 

2  Digital modeling and data system 
construction of ethnic 
instrumental music 

After clarifying the challenges of identifying ethnic 

instrumental music styles and the construction 

requirements of communication systems in the previous 

chapter, the accuracy and generalization ability of 

recognition models and semantic systems largely depend 

on the quality and structural design of the underlying 

data system. This chapter focuses on the construction of 

the data layer, with a particular emphasis on addressing 

the structured expression of instrumental style elements, 

the collection and standardization preprocessing of 

audio samples, and the design of a multidimensional 

labeling system. By constructing an instrumental music 

database with multimodal features such as rhythm, 

timbre, and mode, solid data support is provided for 

subsequent recognition algorithm modeling and 

semantic propagation system construction. 

2.1  Analysis of elements of ethnic 
instrumental music style 

The structural modeling of ethnic instrumental music 

style is the core prerequisite of style recognition system. 

Compared to the standardized Western music system, 

ethnic instrumental music often has heterogeneous, 

non-linear, and multi structured stylistic features, mainly 

reflected in three key dimensions: rhythm arrangement, 

timbre presentation, and mode system. Accurately 

extracting these feature elements is the foundation for 

building high-performance recognition models and 

semantic propagation systems. 

In terms of rhythm, ethnic instrumental music such 

as Tibetan "Reba Drum" and Dong "Wooden Drum 

Dance" exhibit characteristics of asymmetric rhythms 

and compound rhythm groups, often accompanied by 

local rhythm drift and on-site variations. To model 

rhythm variability, this paper uses Rhythmic Density 

Vector (RDV) to represent the frequency of rhythm 

events per unit time, in order to capture the dynamic 

patterns of style features in time distribution. 

In terms of timbre, ethnic instrumental music often 

uses natural materials such as bamboo, wood, and leather, 

combined with special playing techniques such as 

glissando, vibrato, and staccato, resulting in highly 

localized and non-linear changes in the frequency 

spectrum. This article introduces Mel spectrograms and 

Chroma vector sets to extract sound wave textures, pitch 

contours, and harmonic structures. This combination has 

been validated to have high discriminability in AI music 

style modeling (YinL, 2025). 

In terms of modes, ethnic music often adopts 

pentatonic scales, regional tone systems, and even 

non-twelve-tone structures, which are significantly 

different from mainstream music theory models. This 

article uses Mode Center Distribution (MCD) and local 

frequency offset detection algorithm to capture the fuzzy 

tonality, slip tone behavior, and differential sound 

phenomena in styles, enhancing the model's adaptability to 

complex melodic structures. 

The feature set constructed through the above three 

dimensions will serve as the input tensor for subsequent 

deep learning models, supporting multidimensional 

recognition and cross-cultural semantic modeling of ethnic 

instrumental styles. 

In order to mitigate the long-tail biases in the 

distribution of style categories, this study particularly 

supplements a number of under-representative minority 

instrumental music samples (e.g., Kazakhstan Dongbula, 

Tibetan Strings, Dong Pipa Song, etc.), and ensures the 

cultural authenticity and representativeness of the data 

sources by collecting original audio in cooperation with 

ethnic art universities and local cultural conservation 

agencies. The statistical data shows that the proportion of 

small sample categories in the supplemented data set is 

increased from 10% to 22%, effectively improving the 

identification robustness and generalization ability of the 

model on rare categories. 

2.2  Audio collection, annotation, and 
standardization processing 

To build a high-quality national instrumental music style 

recognition system, it is necessary to first establish an audio 

data system that is representative, computable, and 

semantically correlated. This study starts from three aspects: 

audio collection, manual annotation, and signal 

standardization, and constructs a data-driven audio input 

mechanism to provide stable support for subsequent model 

training and information system deployment. 

In terms of audio collection, this study collected a total 

of 510 pieces of ethnic instrumental music from Han, 

Tibetan, Mongolian, Dong and other regions, covering 

various performance types such as string, wind and 

percussion. There are three types of collection methods: 

⚫ Call open-source digital music archives (such as the 

Chinese Ethnic Music Digital Library and the 

Ukrainian Ethnic Music Database); 

⚫ On site recording of folk performances and 

normalization of sound environment; 

⚫ Organize performance clips from music courses in 

universities to ensure diversity in context, style, and 

technique. The sampling frequency is uniformly 

44.1kHz, and a 16-bit quantization depth is used to 

ensure audio quality and compatibility with machine 

perception. 

In terms of annotation mechanism, a dual labeling 

system of "technical dimension+cultural dimension" is 

adopted. The technical dimension includes basic features 

such as rhythm type, mode category, timbre texture, etc., 

which are initially automatically extracted through the 

Librosa toolkit and combined with expert correction. The 

cultural dimension covers information such as region, 

language, and ritual use, and is generated by manually 
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encoding and comparing with semantic comparison 

tables. The annotation structure is organized in JSON 

format, adapted to the database indexing and retrieval 

logic of backend information systems, and has good 

scalability and cross module sharing capabilities. 

In terms of signal standardization, all audio samples 

are cropped into 10-15 second effective segments and 

Mel spectra are generated as the main input features 

through short-time Fourier transform (STFT). Perform 

denoising, normalization, and loudness correction before 

spectrum processing to eliminate the interference of 

performance environment differences on model 

recognition results. At the same time, cultural labels are 

vectorized and encoded to construct a unified data input 

tensor format, which facilitates parallel loading and 

training of deep learning models. 

The above processing flow constitutes the entire 

process of "cleaning modeling label injection systematic 

organization" of the audio data in this system, ensuring 

that the model input has stability, structural and semantic 

interpretation capabilities, which is the engineering 

foundation for achieving high-performance style 

recognition and cross-cultural communication. 

2.3  Multidimensional label system and 
database structure design 

In order to support the training of instrumental style 

recognition models and the construction of 

cross-cultural communication semantic systems, it is 

necessary to design a data labeling system and database 

architecture with good scalability, retrievability, and 

structured semantic expression capabilities. Traditional 

music data labels are mostly based on "track 

name+instrument+region", lacking deep semantic 

modeling capabilities, making it difficult to serve the 

input control of semantic learning and optimization 

algorithms for deep models. This study adopts a 

multidimensional and multi granularity labeling system, 

and constructs a nested database structure that matches it 

to achieve collaborative modeling of technical features 

and cultural semantics. 

In terms of label system design, it can be divided 

into three categories: 

⚫ Audio feature label dimensions, including rhythm 

density type (dense/sparse), mode structure 

(pentatonic scale, regional tone variation), and 

timbre texture (soft/granular/impurity); 

⚫ Semantic cultural dimensions, including ethnic 

attributes, language systems, performance contexts 

(religion/festivals/education), ritual functions, etc; 

⚫ Perceived feedback dimension, used for audience 

rating data in cross-cultural communication 

analysis, such as style consistency perception, 

cultural recognition difficulty, acceptance rating, 

etc., supports the reconstruction of semantic vector 

space from user feedback (Vear C&Generadi J, 

2024). 

In terms of database structure design, a hybrid 

storage mode of relational database and nested JSON 

structure is adopted. On the one hand, building primary key 

indexes and standard table structures based on PostgreSQL 

supports traditional data management, feature queries, and 

index optimization; On the other hand, nested JSON data 

bodies are used to encapsulate the original path, STFT 

spectrogram, label vector, and metadata of each audio 

sample, enabling flexible querying and parallel data loading. 

This structure has cross model adaptation capability, which 

facilitates batch tensor construction when calling deep 

learning frameworks (such as PyTorch), and is compatible 

with API calls and front-end interaction module parsing. 

In addition, to prevent tag conflicts and structural 

redundancy, a tag consistency verification mechanism 

based on hash verification and semantic mapping rules has 

been constructed, combined with algorithm level anomaly 

detection methods to ensure the accuracy and security of 

data tags. The overall design of the system follows the 

principles of modularity, hierarchical calling, and iterative 

feature updates, and is the underlying information system 

support architecture that supports iterative training of 

optimization algorithms and style models. 

3  Integration of style recognition 
model construction and 
optimization algorithms 

Based on the multidimensional audio feature and label 

system constructed in the previous chapter, this chapter 

designs a deep learning model architecture for ethnic 

instrumental music style recognition, and introduces 

optimization algorithms to improve model performance and 

training stability. By constructing a multi-channel network 

structure that integrates CNN, LSTM, and Transformer, 

parallel modeling of rhythm, timbre, and mode features can 

be achieved; Simultaneously adopting particle swarm 

optimization and Bayesian tuning mechanism for parameter 

space search and generalization ability control, forming an 

intelligent recognition engine driven by style recognition 

and label prediction collaboration. This section provides 

core model support for subsequent semantic systems and 

propagation modules. 

3.1  Multi channel recognition model design 

The recognition of ethnic instrumental styles involves 

complex audio signal modeling tasks with nonlinear, 

multimodal, and trans-time scale characteristics. 

Traditional single neural network architectures often have 

performance bottlenecks in local sensing, timing modeling, 

or remote dependent understanding. Therefore, a 

multi-channel recognition model integrating convolutional 

neural network (CNN), long- and short-term memory 

network (LSTM) and Transformer structure is designed in 

this paper to realize the deep style feature extraction and 

classification prediction of audio samples of ethnic 

instrumental music. 

(1) Input tensor preset 

The model input is the normalized Mel spectrogram 

tensor XT=512 for time frames and F=128 for frequency 
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dimensions. All samples were uniformly sampled to 

22050 Hz and subjected to noise reduction, Z-core 

normalization and short time Fourier transform to ensure 

feature consistency and modeling stability. 

(2) CNN channel (local texture modeling) 

It is used to extract local spectrum texture features 

of audio, suitable for capturing short-time explosive 

features of striking instruments. The channel structure is 

as follows: three-layer two-dimensional convolution 

nucleus, the size of the convolution nucleus is 3 × 3, 3 × 

3, 5 × 5, and the number of channels is 64 → 128 → 256; 

Each floor is connected with BatchNorm, ReLU and 

maximized pooling; The convolution operation is 

expressed as: 

𝐶𝑙 = (𝑊𝑙 ∗ 𝑋 + 𝑏𝑙), 𝑙 = 1,2, . . . , 𝐿 

Wherein, Cl is the feature map output after the first 

layer convolution; Wl is the convolutional kernel weight 

of the first layer (usually 3 × 3 or 5 × 5 filters); X is the 

tensor of input spectrogram; Bl is the offset term of the 

first layer; Is a nonlinear activation function (ReLU in 

this study); Is a two-dimensional convolution operator. 

The output is globally averaged to give Cavg∈ℝ256. 

(3) LSTM Channel (Rhythm and Performance 

Dynamic Modeling) 

Used for learning time series changes such as beat 

organization, duration and pause: 2-layer two-way 

LSTM (BiLSTM) is used, and hidden dimension of each 

layer is 128; Each frame of spectrum input is xt∈ℝF, the 

hidden state after output splicing is Ht∈ ℝ256, and the 

expression is: 

𝐻𝑡 = BiLSTM(𝑋𝑡 , 𝐻𝑡−1), 𝑡 = 1,2, . . . , 𝑇   （1） 

Where: xt is the spectrum vector of frame t (∈ ℝF); 

Ht is the hidden state of frame t (∈ Rd, two-way splicing); 

Hm − 1: hidden state of previous time step; BiLSTM (·) 

is a bidirectional short term memory network. Dropout is 

set to 0.5 and the final frame state Hlastℝ256 is output. 

(4) Transformer channel (global dependency 

modeling) 

Style oriented paragraph repetition, long term 

modulation changes and other global dependencies: use 

three-layer Encoder structure, number of Attachment 

Heads is 8, key/value/query dimension is 64; The 

multi-head attention mechanism is expressed as: 

Attention(Q,K,V) − softmax(
QK

T

√dk
)V   （2） 

Where Q=XWQ is a query matrix, WQRF × dk is a 

linear transformation matrix; K=XWK is the bond matrix; 

V=XWV is the value matrix; Dk is the dimension of the 

key vector (for normalization); Softmax (·) is the 

normalized attention weight; QK ⊤ is the similarity 

matrix between query and key. The output is the CLS 

Token vector Tclsℝ256 as a global style summary feature. 

(5) Fused layer and classified output 

Splice the three-channel output into a unified feature 

vector: 

𝑍 = [𝐶𝑎𝑣𝑔; 𝐻𝑙𝑎𝑠𝑡; 𝑇𝑐𝑙𝑠] ∈ ℝ768   （3） 

Mapping to label space through two-layer fully 

connected network: the first layer: 768 → 128, ReLU 

activation and Dropout (0.4); The second layer: Softmax 

output style probability distribution: 

𝑦̂ = softmax(𝑊𝑜𝑍 + 𝑏𝑜) 

Wherein, Cavg is the feature vector after CNN channel 

pooling; Hlast is the hidden state of LSTM last frame; Tcls is 

CLS classification vector output in Transformer; Is a vector 

splice operation;𝑦̂ is the final style predicted distribution 

vector. The loss function uses Focal Loss to solve the 

problem of long tail category sample deviation, and the 

output supports Top-K confidence extraction. 

The fusion architecture combines local precision, time 

modeling and global semantic understanding, and shows 

better accuracy, generalization and style adaptability than 

the traditional single-channel model in the experiment, 

which provides a stable feature basis for subsequent 

cross-cultural semantic modeling. 

3.2  Acoustic feature extraction methods and 
input dimension construction 

A total of 1440 ethnic instrumental music samples were 

collected in this study, covering 12 representative musical 

instruments in China, Southeast Asia, the Middle East and 

other regions. Each category has an average of about 120 

samples, all of which are 8-second single-channel audio, 

and were collected from open-source databases (such as 

MusicNet), digital music platforms and some manual 

recording resources. All samples were multi-labelled by a 

person with a musical background according to the musical 

instrument's style characteristics, and reviewed by an expert 

to ensure consistency. 

In the task of national instrumental style recognition, 

the extraction of acoustic features directly determines the 

perception and expression space of the model. In order to 

realize the effective expression and information 

compression of acoustic dimension features, a multi-level 

feature extraction process is established in this paper, which 

covers such steps as pre-processing, spectrum conversion, 

feature mapping and tensor standardization. 

All raw audio data is uniformly sampled to 22050 Hz, 

and the Hamming window function is used for frame 

segmentation. The frame length is set to 1024 points and the 

frame shift is 512 points to ensure balanced resolution of 

the signal between time and frequency domains. 

Subsequently, the fast Fourier transform (FFT) is applied to 

each frame of the signal to obtain its spectral energy 

distribution, which is further converted into a Mel 

spectrogram. The mapping formula is: 

M(𝑓) = 2595 ∙ log
10
(1 +

𝑓

700
)       （4） 

Among them, f is the linear frequency, and M (f) is the 

Mel scale frequency, forming a nonlinear frequency axis 

that conforms to the distribution of human auditory 

perception. 

Based on the spectrum, the system further extracts 12 

sub features including Mel Frequency Cepstral Coefficients 

(MFCC), Chroma Features, Spectral Centroid, Zero Cross 
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Rate (ZCR), Short Term Energy (STE), etc., which 

reflect timbre, pitch, and rhythm information, 

respectively. All features are standardized by Z-score to 

satisfy the distribution characteristics of mean 0 and 

variance 1, which facilitates the rapid convergence of the 

neural network model. 

Finally, the feature tensor is uniformly constructed 

as X ∈ RT × F, where T=512 represents the number of 

time frames and F=128 represents the frequency 

dimension of each frame, serving as the input interface 

for the multi-channel model. The input dimension design 

showed good balance in the experiment, ensuring the 

coverage of style features while controlling computational 

complexity and storage pressure. In the process of 

constructing 128 × 512 Mel spectrum tensor, MFCC feature 

can effectively capture tone envelope change, Chroma 

reflects modulation difference, and Spectra Contrast 

supplements frequency domain light and dark contrast. 

These acoustic features have been widely used in musical 

style recognition tasks, and have good migration 

adaptability and semantic differentiation in ethnic music 

scenes. 

 

Figure 1：Multi channel fusion modeling process for ethnic instrumental style recognition 

3.3  Optimization algorithm design and 
parameter optimization strategy 

In order to improve the training stability and prediction 

accuracy of multi-channel identification model, a 

hierarchical optimization mechanism is established in 

this paper. Combined with particle swarm optimization 

(PSO) and Bayesian optimization (BO) strategies, the 

optimal performance of the model is gradually achieved 

from structure configuration to hyperparameter 

regulation. The optimization process is shown in Figure 

1. 

As shown in the figure, the model includes three 

sub-channels: CNN, LSTM and Transformer, which are 

used for local texture, rhythm time and global structure 

modeling respectively. Finally, the style prediction is 

completed through fusion layer and output layer. 

At the early stage of training, the combination 

strategy of adaptive moment estimation (Adams) and 

Ranger optimizer is adopted, which combines the fast 

convergence at the early stage of learning and the stable 

update at the later stage. Ranger combines lookahead 

with RectifiedAdam, enhancing adaptability to gradient 

fluctuations. The initial learning rate was set to 1e-4, and 

the use of theCushion Scheduler adaptively reduced to 

1e-6 to prevent falling into local optima. 

Based on the complexity difference of each 

sub-network of the model, the differential regularization 

strategy is set: CNN channel adopts Dropout=0.3 and 

BatchNorm; LSTM channels use a BiLSTM structure, 

Dropout=0.5； The Transformer channel uses LayerNorm 

and residual connections to enhance stability. 

In the structure optimization stage, the PSO algorithm 

is used to conduct global search on the network depth, the 

number of convolution cores, the number of LSTM hidden 

units, the number of Transformer headers and other 

structural parameters. The specific configuration is as 

follows: 

Set the particle number as 20 and the maximum 

iteration number as 50; Example of search space: 

convolutional kernel number ∈ [32, 128], LSTM hidden ∈ 

[64, 512], and attention head ∈ [2, 8]; The fitness function 

is defined as the weighted average of Top-1 Accurancy and 

F1-score for the verification set. 

When the structure is determined, it enters the 

fine-tuning stage of hyperparameter. Bayesian optimization 

is used to explore the optimal combination of key variables 

such as Dropout ratio, learning rate and batch size, with 

Gaussian process as the agent model and UCB as the 

collection function. The search round was set to 20 and after 

each sampling round, a 50-fold cross validation was used to 

evaluate its performance on the validation set. 
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Assessment indicators include Top-1 Accurancy; 

Macro F1-score; Top-3 Accuracy 

The whole parameter adjustment process is based on 

NVIDIA A100 GPU cluster parallel deployment, and 

adopts Pyr+Optuna framework for process automation 

and experiment log tracking, supporting the 

implementation of reappear experiment and parameter 

traceability. To sum up, this study realizes a significant 

improvement in accuracy, robustness and deployability 

of the ethnic instrumental style recognition model 

through the dual strategy of structure optimization and 

parameter adjustment, and provides a high-performance 

model support for subsequent semantic label mapping. 

3.4  Model output structure and style label 
generation mechanism 

In order to realize the effective transformation from 

multi-channel fusion features to semantic style tags, this 

paper designs a three-layer output mechanism including 

classification mapping, confidence control and tag 

structured management to ensure that the results are 

interpretable, traceable and cross-cultural adaptive. 

On the output layer structure, a softmax 

normalization operation is used to map the fused feature 

tensor into a fixed dimension probability distribution 

vector for multi-label classification prediction. To 

enhance the robustness of the small sample category, 

Focal Loss is introduced as the main loss function, and 

combined with Top-K output strategy to retain multiple 

candidate tags, improving the prediction flexibility of 

the system under the fuzzy boundary. This strategy 

refers to Feng L W (2024)'s confidence candidate 

retention mechanism in the instrumental recognition 

system. 

The style label system is designed based on the 

emotional-music embedment concept proposed by Ji J 

(2025), and a three-layer semantic label structure is 

constructed: 

The first layer is the basic style label (such as 

"Sichuan opera gong drum" and "Dongzu song"), which 

is derived from the manual annotation results of training 

data; 

The second layer is the regional culture label, which 

is generated automatically according to the 

administrative or ethnic division information of the 

origin of music; 

The third layer is a trans-cultural semantic label, 

which is mapped to abstract concepts such as "multi-tone 

type" and "bright rhythm type" by combining NLP 

semantic embedding method (BERT vector 

similarity>0.7). 

Each layer of label is bound by the unique audio ID 

primary key, and the label information is in the form of 

"audio ID: [tag 1, tag 2," Format storage, and support 

JON-RDF dual format export to ensure the structural 

compatibility between the model output and the 

subsequent semantic dissemination system. 

In order to improve the controllability and user 

transparency of model output, the system introduces 

label weight weighting and confidence filtering mechanism. 

The final presentation of predictive labels is required to 

meet a confidence probability threshold>0.4 and priority is 

given to the output of a subset of labels with cross-cultural 

semantic mapping. This mechanism refers to the 

interpretable AI music tag generation structure proposed by 

Zlatkov D (2023) to ensure the adjustability and 

consistency of output tags in the actual dissemination and 

recommendation system. 

To sum up, the output structure of this paper realizes 

standardization and semantic expansion in the three 

dimensions of classification mechanism, label system and 

interface design, significantly enhancing the actual 

usability and cross-cultural adaptability of the model after 

style recognition. 

3.5  Model compression and deployment 
adaptability optimization 

In order to enhance the practicality of the model on the edge 

and mobile devices, this paper introduces Pruning 

technology and parameter compression mechanism. Under 

the premise of keeping the prediction accuracy basically 

unchanged, the attention head and redundancy layer of the 

Transformer channel are subject to structure thinning, and 

the importance of the convolution kernel weight of the 

CNN channel is scored and cut. The experiment shows that 

the accuracy of Top-1 decreases within 1.8% when the 

parameter is compressed by 30%, while the reasoning time 

is shortened by 41% on average, which significantly 

improves the low resource operation capacity of the system. 

4  Design of cross cultural 
communication semantic system 

After completing the intelligent recognition of ethnic 

instrumental music styles, the system needs to further target 

users from different cultural backgrounds to achieve precise 

communication and acceptance of styles. This chapter will 

take "semantic understanding cultural adaptation user 

interaction" as the main line, and construct a 

communication system architecture that covers semantic 

embedding, tag system construction, user preference 

matching, and interactive visualization. This section not 

only emphasizes the computer semantic encoding ability of 

tag information, but also attaches great importance to its 

cognitive consistency in human cultural understanding and 

music dissemination, providing key support for the system's 

transition from classification recognition to cross-cultural 

interaction applications. 

4.1  Semantic embedding strategy and 
cultural label design 

To achieve effective conversion of style recognition results 

into multicultural semantics, this paper constructs a 

semantic tagging system that is compatible with both 

machine understanding and human perception. The core 

process is shown in Figure 2, covering three key modules: 
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tag structure modeling, semantic embedding generation, 

and cross system interface deployment. 

The system divides the style recognition results into 

semantic categories through a multi-level label structure, 

and generates embedding vectors based on audio 

features, which are uniformly output in a 

128-dimensional structured format. The tag embedding 

results are stored in the Neo4j graph database and called 

in a JSON-LD manner, supporting various cross-cultural 

communication scenarios such as user adaptation and 

interface display through the SPARQL interface. 

Firstly, in terms of tag structure, the system divides 

the style recognition results into three levels of tags: the 

first level is the style category (such as "Dong ethnic 

songs"); The second level is cultural semantics (such as 

"narrative type" and "co vocal rhythm type"); The third 

level is functional intent (such as "ritual" and "social"). All 

tags are encoded uniquely and a many to many mappings 

table and weight edges are established, stored in the Neo4j 

graph database. 

Secondly, in terms of semantic embedding generation, 

a joint training scheme of Word2Vec and audio vectors is 

adopted, combined with audio features corresponding to 

style labels (such as MFCC mean, rhythm period, timbre 

spectrogram), and a unified 128-dimensional embedding 

vector is generated through dimensionality reduction 

methods (PCA+T-SNE) for use by semantic matching and 

propagation engines. 

  

 

Figure 2: Process architecture diagram of the semantic tagging system for ethnic instrumental music  

Thirdly, to enhance system scalability and 

transferability, all label vectors and structures are stored 

in JSON-LD format and support SPARQL interface 

queries, achieving efficient integration of semantic 

matching, user push, interface display, and other 

functions. This semantic system serves as a knowledge 

platform for cross-cultural communication and can 

support subsequent recommendation systems, user 

modeling, and interactive visualization modules. 

In addition to the empirical tag embedding method, 

this paper further introduces a large language model 

(LLMs, such as ChatGLM3) to construct a "cultural 

semantic loader" for extracting the equivalence mapping 

relationship of cross-cultural expression. By inputting 

the style tags, text descriptions and music abstracts of 

folk instrumental music, the linguistic model generates 

its semantic neighborhood expressions under different 

cultural frameworks. For example, the model can 

automatically map a "polyphonic style" to a "polyphonic 

style" (European and American contexts) or a 

"multi-layered medical text" (East Asian contexts), 

significantly improving the semantic adaptability and 

output diversity of the label system. 

4.2  User adaptation mechanism and 
communication mode construction 

To achieve effective cross-cultural dissemination of 

ethnic instrumental music styles, the system needs to 

build a user portrait driven adaptation mechanism and 

multi-channel dissemination path. This research design 

is based on a ternary mapping structure of "user tag 

semantic embedding" to dynamically push personalized 

content. 

Firstly, the user adaptation mechanism constructs a 

user vector by embedding user interaction behaviors 

(browsing, bookmarking, duration of stay) and language 

and cultural background (language preferences, cultural 

region codes), and uses collaborative filtering algorithm 

and semantic similarity matching algorithm (Cosine 

Similarity+KNN) to match the optimal set of tags in the 

embedding space. User profiles are updated in real-time and 

cached in Redis databases to improve push response 

efficiency. 

Secondly, in terms of constructing the propagation path, 

the system is designed with three analogical delivery 

models: ①location-based geographic distribution (Geo IP 

matching); ②Cognitive style-based recommendations 

(such as rhythm driven vs. emotion driven); ③Output 

formats adapted based on communication media (such as 

mobile video push, web-based music example displays, 

multilingual subtitle explanation). The distribution control 

module is based on a policy tree model and dynamically 

assigns content priorities by setting propagation weights.  

4.3  Design of visual interface and human 
computer interaction system 

To enhance the operability and interactivity of the system 

for identifying and disseminating ethnic instrumental music 

styles, this article constructs a web-based visual interface 

system that supports interactive functions such as style tag 
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display, semantic recommendation response, and 

cultural information linkage, meeting the differentiated 

usage needs of users with diverse cultural backgrounds. 

The front-end part adopts the Vue.js framework, 

combined with D3.js to build a dynamic tag graph view. 

Users can view the style features (rhythm, mode, timbre) 

and cultural semantic labels of each style by clicking, 

hovering, and other methods through graph nodes. 

Simultaneously design a dual coordinate interface of 

"emotion style", allowing users to achieve reverse 

retrieval of style content by selecting emotional states or 

application scenarios (such as "festivals" and "healing"). 

The interface layout adopts responsive design and is 

compatible with various terminals such as PC and 

mobile devices. 

The backend is built on the combination of Flask, 

Neo4j, and ElasticSearch, supporting high concurrency 

retrieval and asynchronous loading. User behavior data 

(click sequences, search keywords, preference feedback) is 

written in real-time into the MongoDB behavior database 

and fed back to the recommendation engine to update the 

profile. Graph data is loaded by semantic label 

classification and partitioning to avoid performance 

bottlenecks caused by full rendering. 

In terms of interaction process, the system introduces 

an interaction caching mechanism based on user path 

prediction and a front-end pre rendering strategy to improve 

interaction response speed. Users can operate the entire 

chain of "collect download feedback" in the interface to 

build a sustainable learning and dissemination ecosystem. 

At the same time, the system reserves a WebSocket 

interface and OAuth security authentication  

Table 1：Performance comparison between multi-channel fusion model and baseline model 

model structure Top-1 Accuracy Macro F1-score Top-3 Accuracy 

CNN single channel 82.7% 80.1% 91.4% 

LSTM Single Channel 84.3% 81.8% 92.6% 

Transformer Single Channel 83.6% 81.0% 92.1% 

Cao Y (2022) Model 85.2% 82.4% 92.9% 

Multi-channel fusion 

(without optimization) 
86.5% 84.1% 93.5% 

Multi-channel fusion 

(PSO+BO optimization) 
89.1% 87.4% 95.2% 

 

Figure 3：Comparison of model performance and parameter adjustment time under different optimization 

mechanism, supporting external platform embedded 

calls and integration with third-party personalized 

recommendation services. 

In order to realize the dynamic evolution of the 

model and the adaptability of the user, the feedback 

learning mechanism based on reinforcement learning 

(RL) is embedded in the system. Users click, score, 

adjust labels and other behaviors in the interface will be 

fed back to the model end through the state-a- reward 

(SARSA) structure. Combined with the regular adjustment 

and migration learning process, the style prediction and 

semantic matching strategy will be optimized in real time. 

This mechanism significantly improves the system's ability 

to respond to changes in long-term user preferences. 
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4.4  Comparative experiment and model 
performance analysis 

In order to verify the validity of the multi-channel fusion 

model and its optimization strategy proposed in this 

paper, multiple benchmark comparison groups are set up, 

including the single channel model (CNN, LSTM, 

Transformer), the musical instrument identification 

architecture proposed by Cao Y (2022), and the 

unoptimized and optimized fusion models. Each model 

runs on a unified training set and test set. The evaluation 

indicators include Top-1 Accurancy, Macro F1-score 

and Top-3 Accurancy. The evaluation results are shown 

in Table 1. 

The results show that the single channel structure 

has the problem of local modeling bias when dealing 

with the task of ethnic instrumental style recognition. In 

contrast, the fusion model can fully integrate the features 

of local texture (CNN), time series (LSTM) and global 

structure (Transformer) to achieve more comprehensive 

information expression, with significantly improved 

accuracy. The performance of the model is further 

improved after the structure parameters are further 

optimized by PSO and the super parameters are adjusted 

by BO. The accuracy rate of Top-1 reaches 89.1% and 

that of Macro F1-score reaches 87.4%, which are 

superior to the comparison model in three indicators. 

In order to further analyze the performance 

improvement efficiency of the optimization strategy, 

four groups of optimization experiments (no 

optimization, only PSO, only BO and PSO+BO) are set 

up in this paper, and the changes of performance indexes 

and parameter adjustment time under the same resource 

conditions are summarized, as shown in Figure 3. 

The results show that the single optimization 

method can improve the performance to some extent, but 

the optimal performance appears in the combination 

strategy of PSO+BO, which can achieve the optimal 

structure and over-parameter combination in a short time, 

showing the efficient global search ability and local fine 

tuning ability. 

To sum up, based on the existing CNN, LSTM and 

Transformer architectures, this paper introduces the 

multi-channel fusion structure for the first time, and 

combines the hierarchical optimization strategy (PSO 

structure search+BO super parametric optimization). It 

has obtained the leading accuracy and generalization 

ability in the task of national instrumental style 

identification, and has clear technical innovation and 

engineering reproducibility. 

5  System integration 
implementation and experimental 
evaluation 

On the basis of completing the construction of the style 

recognition model and the design of the semantic 

communication system, this chapter integrates and 

deploys the aforementioned technical modules to build a 

complete national instrumental music style recognition 

and cross-cultural communication information system. 

Through unified data flow, function calling, and front-end 

and back-end interface design, a closed-loop process of 

style perception, semantic recommendation, and user 

interaction is achieved. After the system implementation, 

this article conducted multiple quantitative experiments 

including recognition accuracy, Top-K coverage, 

cross-cultural acceptance, etc., combined with visual 

analysis, to comprehensively evaluate the model 

performance and actual dissemination effect, providing 

technical basis for the practical application and promotion 

of the system. 

5.1  System architecture and module 
deployment implementation 

This system adopts a hierarchical architecture, which is 

divided into four modules: data layer, model layer, 

semantic propagation layer, and user interaction layer. It 

constructs a unified information flow and control flow 

channel, realizing an end-to-end closed-loop system from 

style recognition to cultural dissemination. The backend of 

the system uses Python (Flask framework) to build 

RESTful interfaces, while the frontend uses Vue.js 

combined with Element UI for dynamic interactive 

presentation, ensuring interface responsiveness and module 

decoupling. 

In terms of model deployment, the style recognition 

module is encapsulated as a Docker container service, 

integrating a multi-channel CNN-LSTM Transformer 

hybrid network internally, loading the trained PyTorch 

model weights, and exposing the prediction interface to the 

outside world through FastAPI. The embedding vector 

management of semantic propagation module is jointly 

supported by Neo4j graph database and Elasticsearch. 

Label retrieval and similarity calculation are implemented 

through asynchronous calling to reduce blocking waiting. 

The data flow design adopts Kafka message queue 

mechanism to achieve asynchronous collection of front-end 

behavioral data and back-end logs. The system has built-in 

permission control and access logging mechanisms, and is 

connected to the OAuth 2.0 protocol to ensure interface 

level secure access. In the deployment environment, the 

system is deployed on a multi node GPU cluster in a Linux 

environment, and the style recognition and semantic 

retrieval services are elastically scaled through Kubernetes 

to ensure high concurrency and stable response. 

The modules communicate with each other through a 

unified JSON protocol, and the interface documents are 

automatically generated using Swagger, supporting fast 

integration and version iteration. The system has good 

scalability and can meet the future needs of multi language 

and multi regional cultural adaptation and expansion. 

5.2 Model recognition performance testing 

To evaluate the actual performance of the style recognition 

model, this paper tested the recognition performance of 

three types of single network models, CNN, LSTM, and 

Transformer, as well as the fusion model 
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(CNN+LSTM+Transformer). Accuracy, F1 score, and 

Top-K coverage were used as the core evaluation 

indicators. On a publicly available corpus of ethnic 

instrumental music (including approximately 12000 

samples from nine major ethnic styles), experiments 

were conducted with 80% training, 10% validation, and 

10% test set partitioning. All models were trained and 

optimized in the NVIDIA A100 environment. 

The test results show that Transformer has the best 

performance among the single models, with an accuracy 

of 87.5% and an F1 score of 86.9%; The fusion model 

performs outstandingly in terms of comprehensiveness 

and robustness, with an accuracy improvement of 91.3%, 

an F1 score of 90.7%, and a Top-3 coverage rate of 

96.1%. This indicator shows that the system can highly 

match the real style in the first three predictions, meet 

the requirements of multi label fuzzy classification, and 

is suitable for recommendation and interpretation tasks 

in multicultural scenarios. The specific performance 

comparison is shown in Figure 4. 

The experimental results validated the effectiveness of 

model fusion and multi-channel structure, and also 

provided high-precision basic input for subsequent 

semantic propagation and user matching modules. 

5.3  Analysis of cross cultural 
communication acceptance and user 
feedback 

To evaluate the adaptability of the system in different 

cultural backgrounds, this article conducted cross-cultural 

user testing and distributed interactive experience 

questionnaires to four target user groups (Asian users, 

European and American users, Southeast Asian users, and 

African users), covering three indicators: semantic 

matching satisfaction, interface comprehensibility, and 

cultural fit. Each type of user should have no less than 30 

people, and the experimental platform is based on the actual 

deployment interface of the system, collecting data  

 

Figure 4: Performance evaluation of various models in style recognition tasks  

Table 2: Feedback and evaluation of communication systems by users from different cultures 

User group 
Semantic matching 

satisfaction（/5） 

Visual interface 

comprehensibility (%) 
Cultural fit（/5） 

Asian users 4.6 92.5 4.5 

European and American 

users 
4.2 88.3 4.0 

Southeast Asian users 4.4 89.7 4.3 

African users 4.1 85.6 3.9 

 

through user operation trajectory recording and Likert 

scale scoring. 

The experimental results show that Asian users have 

the highest scores in terms of semantic matching 

satisfaction and content fit, with scores of 4.6 and 4.5 

respectively (out of 5), and a visual understanding rate of 

92.5%; European and American users are second, but 

their ratings for cultural symbol relevance are slightly 

lower, with a fit of only 4.0. Southeast Asian users have 

an overall balance among the three indicators, with 

particularly good feedback on visual expression and 

recommendation logic. African users have a good 

evaluation of semantic accuracy (4.1), but there are  

 

certain obstacles in cultural relevance and graphic 

understanding. The user evaluation statistics are shown in 

Table 2. 

The above data indicates that the system has good 

adaptability in multicultural scenarios, but further 

optimization is still needed for cultural deep semantic 

expression and symbol matching mechanisms to enhance 

global users' understanding and acceptance of ethnic 

instrumental styles. 
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5.4  Algorithm comparison experiment 
and visual explanation display 

To verify the advantages of the proposed fusion model in 

terms of performance and interpretability, this paper 

designed multiple sets of algorithm comparison 

experiments, covering traditional machine learning 

models (SVM, random forest) and modern deep learning 

models (Transformer, fusion model 

CNN+LSTM+Transformer), and evaluated them from 

three dimensions: recognition accuracy, training time, 

and interpretability. All algorithms are trained on a 

unified sample set, and the five-fold cross validation 

method is used to enhance the stability of the results. 

Experimental data shows that the fusion model 

achieves an accuracy of 91.3%, which is significantly 

better than Transformer (87.5%) and traditional methods; 

Its interpretability score also reached 4.4 out of 5, thanks 

to the introduction of attention visualization module and 

sound spectrum heatmap matching mechanism in the 

integrated structure, which significantly improved the 

model's perception transparency of style features. 

Although the fusion model is slightly slower in training 

efficiency (38.9 seconds/epoch), it is acceptable in 

application scenarios. The specific data is shown in 

Table 3. 

In addition, the system is embedded with a Grad 

CAM based visualization interpretation module, which  

 

Table3: Performance and interpretability comparison of 

various algorithm models 

Algorithm 

model 

Accuracy 

rate (%) 

Training 

time 

(seconds 

/epoch) 

Explainabilit

y score （/5） 

Traditional 

SVM 
78.4 12.3 2.8 

Random 

Forest 
83.1 18.7 3.5 

Single 

Transformer 
87.5 25.5 4.1 

CNN+LSTM

+Trans 
91.3 38.9 4.4 

 

can map high-dimensional acoustic features to a 

spectrogram heatmap, visually displaying the key 

frequency bands and temporal segments that the model 

focuses on during the judgment process. This 

mechanism not only enhances user trust, but also 

provides understandable support for subsequent 

cross-cultural communication semantic adaptation. 

 

 

 

6  Conclusion and prospect 

6.1  Research summary 

This article focuses on the topic of "Design of Ethnic 

Instrumental Music Style Recognition and Cross-Cultural 

Communication Information System Based on 

Optimization Algorithm". From the construction of 

underlying data to intelligent recognition modeling, and 

then to the cultural communication semantic system and 

user adaptation mechanism, a complete interdisciplinary 

fusion information system has been constructed. The 

research focuses on the audio of ethnic instrumental music, 

systematically completing the structured processing, 

multi-dimensional feature extraction, and semantic label 

construction of the audio, solving the problems of 

unstructured and highly diverse styles in ethnic music data, 

and providing a solid data foundation for subsequent 

modeling. 

In terms of modeling, a multi-channel recognition 

framework integrating CNN, LSTM, and Transformer is 

proposed, which combines acoustic features such as MFCC, 

Chroma, and rhythm periodogram to achieve high-precision 

style recognition. In the optimization algorithm layer, 

adaptive learning rate strategy and genetic parameter 

adjustment mechanism are introduced to effectively 

improve the convergence speed and generalization ability 

of the model. Design a multi-layer semantic tagging system 

and embedding model for cultural dissemination issues, 

construct a knowledge platform through Neo4j graph 

database, and implement human-computer interaction and 

visual display functions for the dissemination interface.  

In the system integration and empirical verification, the 

accuracy of the fusion model was improved to 91.3%, and it 

achieved high acceptance among cross-cultural user groups, 

verifying the applicability and dissemination potential of 

the system in multicultural environments. The overall 

research fully reflects the collaborative path of machine 

learning, database design, and cultural dissemination, 

providing technical models and engineering support for the 

digital intelligent protection and dissemination of ethnic 

instrumental music. 

6.2  Existing problems and shortcomings 

Although this study has made some progress in model 

design and system integration, there are still several issues 

and limitations worth paying attention to from the 

perspective of engineering implementation and large-scale 

promotion. 

⚫ The construction of the data system still faces the 

problem of uneven coverage of sample areas. At 

present, the database mainly consists of mainstream 

ethnic instrumental music such as Han, Dong, and 

Tibetan, and has not yet covered some niche or 

composite styles of ethnic music samples, resulting in 

low recognition accuracy of the model in long tail 

categories and a certain degree of bias. Meanwhile, 

audio labels mainly rely on manual annotation and 
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basic feature matching, and have not yet formed a 

self supervised label extension mechanism. 

⚫ The parameter scale of the fusion model is 

relatively large, especially after adding the 

Transformer module, the training process requires 

high computing resources and is not suitable for 

lightweight device deployment. Although genetic 

algorithm and learning rate adjustment strategy are 

introduced, their robustness has not been verified in 

edge computing or mobile terminal scenarios. In 

addition, the interpretability of multi-channel 

models still relies on post-processing visualization 

mechanisms, and mechanism transparency 

embedding has not been implemented within the 

model. 

⚫ In terms of cross-cultural communication systems, 

semantic label construction and cultural mapping 

rules are mainly based on empirical rules and 

expert evaluation, and there is still a lack of 

systematic modeling and automatic semantic 

transfer mechanisms, making it difficult to meet the 

multi semantic needs of non target language users. 

At the same time, user feedback data has not 

formed a closed-loop linkage with the model, and 

there is a lack of adaptive recommendation and 

propagation optimization strategies based on user 

behavior. 

6.3  Prospects for future research 
directions 

Based on the ethnic instrumental music style recognition 

and cross-cultural communication information system 

constructed by this research institute, future research 

will further deepen from three dimensions: algorithm 

optimization, system expansion, and multimodal 

integration. 

⚫ At the algorithmic level, it is proposed to introduce 

Graph Neural Networks (GNNs) and contrastive 

learning mechanisms to enhance the model's 

discriminative ability between complex music 

structures and similar style categories. Combining 

small sample learning and transfer learning 

methods can effectively address the problem of 

insufficient samples of peripheral ethnic 

instrumental music and enhance the system's 

ability to generalize across languages and cultures. 

⚫ The database system will be expanded into a 

multilingual, multimodal cross storage structure, 

supporting unified indexing and efficient retrieval 

of multi-source data such as audio, video, lyrics, 

and graphs. Combining blockchain technology to 

implement copyright metadata embedding and 

traceability mechanism, enhancing the security 

guarantee of the system in terms of music data 

ownership confirmation, sharing, and transparency 

of use. 

⚫ In terms of interactive systems, the visualization 

and dynamic adaptation functions of semantic tag 

graphs will be strengthened, and a closed-loop 

interaction model of "recognition interpretation 

adaptation optimization" will be constructed by 

combining user behavior feedback and 

recommendation systems. AIGC technology can also 

be introduced in the future to achieve automatic music 

generation and personalized content construction 

based on style tags. 

The ultimate goal is to build a sustainable, 

cross-cultural collaborative, self explanatory, and 

intelligent recommendation platform for ethnic music AI 

dissemination, providing theoretical support and 

technological paradigms for the digital protection and 

dissemination of diverse music worldwide. 
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Accurate and efficient railway shunting operations are crucial for the operation of intelligent 

marshalling yards. This article proposes a closed-loop scheduling method that integrates fuzzy analytic 

hierarchy process (F-AHP), graph neural network (GNN), and multi-objective optimization algorithm to 

achieve intelligent and automated shunting operations through the "perception decision execution" chain. 

The system integrates multi-source sensor data (train position, switch status, track occupancy, etc.), uses 

GNN for track conflict prediction, and determines multi-objective weights based on F-AHP. Combined 

with multi-objective optimization, it generates Pareto optimal scheduling scheme. The experiment was 

conducted at a large marshalling yard in the southwest region, and the results showed that compared 

with manual scheduling, the system reduced the average operating time by 35.7% ± 2.1%, single task 

energy consumption by 21.4% ± 1.5%, and scheduling conflict rate by 87.5% ± 3.2%, while improving 

judgment accuracy to 97.8% (evaluated over 20 runs with p < 0.01).The research has verified the 

comprehensive advantages of the proposed method in terms of efficiency, energy consumption, and safety, 

and has the ability to transplant and expand across stations. To support reproducibility, we also specify 

the optimization model, variable and constraint definitions, the GNN architecture (features, loss, hyper-

parameters), and the rolling-horizon settings with quantified latency budgets. 

Povzetek: Opisan je zaprtozančni sistem za avtomatizirano železniško razvrščanje, ki združuje F-AHP, 

GNN-napovedovanje konfliktov in drsečo MILP-optimizacijo. V realnem ranžirnem centru izboljša 

učinkovitost. 

 

 

1  Introduction 
The shunting operation of railway marshalling yards is 

an important part of the railway freight system, and its 

operational efficiency and safety directly affect the 

transportation capacity of the entire network. With the 

continuous growth of transportation demand, the 

shortcomings of traditional manual scheduling mode in 

terms of efficiency, stability, and safety under complex 

working conditions have become increasingly apparent, 

promoting the application and development of intelligent 

and automated technology in marshalling yards. Despite 

advances in scheduling optimization, device control, and 

path planning, most existing methods only address plan 

generation. They lack real-time interaction with the 

execution layer, leading to delays during unexpected 

tasks or equipment failures. Moreover, many approaches 

are tailored to a single yard layout, limiting their 

portability to other sites. In response to the above issues, 

this article proposes a closed-loop "perception decision 

execution" automated scheduling architecture for 

intelligent marshalling yards, which integrates fuzzy 

analytic hierarchy process (F-AHP), graph neural 

network (GNN), and multi-objective optimization 

algorithm to achieve multi-objective trade-offs between 

scheduling efficiency, energy consumption, and safety; 

By implementing modular deployment and standardized 

interface mechanisms, the portability and adaptability of 

the system in different types of sites can be improved; And 

it was tested and verified in a large marshalling yard in the 

southwest region, and the results showed that the system 

maintained high operational stability and accuracy while 

improving operational efficiency by 35.7%, reducing single 

task energy consumption by 21.4%, and reducing 

scheduling conflict rate by 87.5%. This result verifies the 

feasibility and practical value of the proposed method. 

2  Related work 
Although intelligent transformation is of great significance 

in railway marshalling yard shunting operations, its 

implementation in practice still faces many challenges. The 

shunting environment is complex, nonlinear, and strongly 

coupled, with stringent requirements for dynamic response. 

Achieving precise scheduling and efficient execution in this 

context remains a core challenge in automated path design. 

Similar to load fluctuations in the power grid, changes in 

train flow, train formation sequence, and switch status in 

marshalling yards exhibit suddenness and uncertainty. 

Therefore, numerous studies have attempted to construct 

efficient automated scheduling systems from dimensions 

such as optimization models, equipment control, path 
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planning, and shunting plan generation to cope with 

complex operating conditions. 

Existing studies can be broadly classified into three 

categories: (i) vehicle positioning and track state 

perception technologies to enable digitalization of the 

yard; (ii) optimization algorithms for shunting paths and 

operation sequences; and (iii) automation strategies 

emphasizing system-level collaboration and scenario 

integration. For example, Hyun-Suk et al. (2024) 

proposed an RFID–odometer fusion method for shunting 

vehicle localization, which significantly improved intra-

yard positioning accuracy [6]. Buryakovskiy et al. (2020) 

optimized the performance of shunting diesel 

locomotives to enhance traction efficiency and stability 

[7], while Suyunbayev et al. (2023) investigated 

locomotive utilization strategies considering 

infrastructure adjustments [8]. 

In terms of shunting optimization, Huan et al. (2023) 

applied graph-theoretic models to sequence operations 

on tree-shaped dedicated lines and designed a feasible 

adjustment algorithm [9]. Zhong et al. (2023) developed 

a parallel optimization model for high-speed railway 

stations, jointly optimizing train operations and shunting 

tasks to improve resource utilization [10]. Zhao and Dick 

(2023) further studied the joint optimization of train 

platform layout and shunting at Guangzhou Station, 

effectively reducing regrouping frequency and 

improving formation efficiency [11]. These works 

underline the balance between scheduling feasibility and 

execution efficiency, aligning with the goals of refined and 

high-speed yard operations. 

Zhao et al. (2024) [12] formulated a routing and 

scheduling model for marshalling yards to jointly minimize 

conflicts and improve throughput. Other studies explored 

the coupling between service sequences and operational 

controllability. For instance, Xu and Dessouky (2022) [13] 

introduced a service-scheduling mode for high-speed 

railway depots to improve coordination under dense traffic, 

while Ming et al. (2022) [14] optimized EMU maintenance 

shunting to enhance formation efficiency. 

More recently, Deleplanque et al. (2022) [15] 

conducted a systematic review of freight yard train 

management methods, highlighting the need for integrated 

control and feedback mechanisms. Tao (2022) [16] applied 

intelligent agent modeling for multidimensional evaluation 

of shunting plans. A.D.S et al. (2022) [17] proposed a 

selection framework for multi-stage train classification and 

facility design parameters. Additionally, Mohammed et al. 

(2022) [18] incorporated the DMAIC quality-control cycle 

into shunting service optimization, forming a continuously 

improving closed-loop process. 

In order to facilitate a comprehensive comparison 

between existing research and the method proposed in this 

paper, relevant literature will be organized according to 

dimensions such as method type, dataset and scenario, 

evaluation indicators, main contributions, and existing 

shortcomings. The specific comparison is shown in Table 1.

 

Table 1: Comparison of existing research and improvement points in this paper 
Research 

Source 

Method / 

Technique 

Dataset & 

Scenario 

Evaluation 

Metric(s) 

Main 

Contribution 

Identified 

Limitation 

Improvement in This 

Paper 

Hyun-Suk 

et al. 

(2024) [6] 

RFID + Odometer 

Positioning 

Real station 

yard 

Positioning 

Accuracy 

Improved intra-

yard train 

localization 

Lacks closed-

loop scheduling 

control 

Added perception–

decision–execution 

closed loop 

Buryakovs

kiy et al. 

(2020) [7] 

Locomotive 

Performance 

Optimization 

Yard field 

tests 

Power 

Efficiency 

Enhanced 

operational 

stability of 

shunting 

locomotives 

No integration 

with scheduling 

optimization 

Combined locomotive 

efficiency with 

scheduling 

optimization 

Suyunbaye

v et al. 

(2023) [8] 

Locomotive 

Utilization 

Strategy 

Infrastructure 

change 

scenarios 

Operational 

Efficiency 

Adjusted 

utilization of 

shunting 

locomotives 

Infrastructure-

specific, limited 

adaptability 

Embedded into 

modular scheduling 

framework 

Huan et al. 

(2023) [9] 

Graph-theoretic 

Sequencing 

Model 

Dedicated line 

shunting 

Sequence 

Feasibility, 

Efficiency 

Proposed 

algorithm for 

wagon 

pickup/delivery 

sequences 

Focused on 

single-line 

topology 

Integrated into 

generalized multi-yard 

scheduling 

Zhong et 

al. (2023) 

[10] 

Parallel 

Optimization 

Model 

High-speed 

station 

simulation 

Scheduling 

Efficiency, 

Utilization 

Joint 

optimization of 

train operations 

and shunting 

tasks 

Limited 

generalization 

across yard types 

Developed modular 

architecture for cross-

yard deployment 

Zhao & 

Dick 

(2022) [11] 

Simulation 

Analysis 

(AnyLogic) 

Hump yard 

simulation 

Throughput, 

Delay, Track 

Utilization 

Quantified effect 

of classification 

track length 

No dynamic 

feedback 

mechanism 

Incorporated into 

conflict-aware real-

time optimization 

Zhao et al. 

(2024) [12] 

Routing & 

Scheduling 

Optimization 

Marshalling 

yard 

simulation 

Throughput, 

Conflict Rate 

Formulated 

routing and 

scheduling 

model for yards 

Limited 

validation with 

real deployments 

Embedded GNN 

conflict prediction + 

rolling horizon 

mechanism 

As shown in Table 1, our method differs from earlier 

locomotive optimization [7,8] and shunting sequence 

models [9–11] by embedding conflict-aware GNN 

prediction and F-AHP weighted objectives into a 

deployable closed-loop framework, bridging the gap 

between theoretical models and engineering practice. 

Based on the above research, existing achievements 

still have shortcomings in closed-loop feedback control, 

real-time adaptive capability, and cross scenario 
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generalization: lack of closed-loop control: most 

methods only optimize plan generation and lack real-

time linkage with the execution layer. Lack of real-time 

performance: When sudden tasks or equipment 

abnormalities occur, response speed is limited and 

scheduling continuity is poor. Weak generalization 

ability: Most methods are designed for a single station 

and lack mechanisms to adapt to marshalling yards of 

different sizes. 

Compared with prior works that mainly optimized 

plan generation or individual modules, this article 

highlights novelty in end-to-end system integration. 

Specifically, we (i) combine F-AHP weighting with 

GNN-based conflict prediction within a rolling-horizon 

optimizer, (ii) provide a unified interface design 

enabling deployment across heterogeneous yards, and 

(iii) validate the closed-loop ‘perception–decision–

execution–feedback’ chain in a real large-scale yard 

environment. In contrast, existing frameworks such as 

digital twin yard simulators or grades-of-automation 

standards [3,5,13] have not yet reported yard-scale field 

trials with quantified KPIs. This positions our 

contribution as an engineering blueprint with verifiable 

deployment evidence. Building on these insights, the 

following section presents the technical framework that 

integrates perception, optimization, and control into a 

unified closed-loop system. 

Despite advances in module optimization and 

scheduling logic, automation in marshalling yards still 

faces key challenges. Further breakthroughs are required 

in system integration, functional collaboration, and 

closed-loop perception–decision–execution mechanisms. 

The current difficulties of the railway shunting system 

are mainly reflected in the following aspects: 

Shunting data is sparse and heterogeneous. The 

relevant state variables are discrete and distributed, 

including train sequences, switch statuses, and plan 

adjustments. Most existing models rely on historical 

patterns or static plans and lack real-time perception or 

prediction of traffic dynamics. 

Insufficient ability in spatial-temporal collaborative 

modeling. At present, most of the scheduling and 

execution systems are designed in a decoupled way. 

They issue instructions directly after making decisions, 

and lack feedback mechanisms. Some optimization 

algorithms ignore the dynamic evolution of the 

workflow. Building a collaborative mechanism that 

covers station structure, job timing, real-time status, and 

feedback control is the core of achieving system level 

automation. 

The system evaluation relies on a single scenario 

and has weak generalization ability. Most methods are 

based on specific stations or simulation environments for 

validation, lacking adaptability testing for different types 

of marshalling yards and task categories, resulting in 

insufficient engineering feasibility. 

To address the aforementioned issues, this article 

focuses on the following research questions: 

Does the automation system architecture proposed 

in this article have advantages over traditional manual 

scheduling in terms of response speed, execution accuracy, 

and system stability? 

How to achieve intelligent control of the entire process 

of complex shunting tasks through a closed-loop 

"perception decision execution" mechanism? 

Can the built system adapt to multiple scenarios and 

tasks, and has the ability to promote and engineering 

feasibility? 

Based on the above issues, this article proposes the 

following technical contributions: 

Develop a unified overall architecture that can adapt to 

the working characteristics of the marshalling yard, and 

coordinate the intelligent scheduling system with the 

perception, control, and execution modules to enhance the 

responsiveness of operations and the reliability of the 

system. 

Build a scheduling control process with state feedback 

and dynamic correction mechanisms to achieve dynamic 

matching between plan generation and on-site status, and 

improve execution efficiency and decision-making 

accuracy. 

Through on-site data and simulation verification, the 

system outperforms traditional manual scheduling modes in 

terms of efficiency, accuracy, and stability, and has good 

deployment adaptability and potential for promotion. 

3  Technical framework design for 
automation transformation of railway 
shunting operations 
In the automation technology framework proposed in this 

study, the architecture design combines the fusion of 

perception recognition system to obtain data and the 

intelligent decision-making system for shunting operation 

to optimize work allocation. This is because both methods 

have their own advantages in solving complex combination 

problems. Through the integration of data from multiple 

sources and the joint deployment of multiple sensors, 

effective information acquisition of vehicle numbers, status 

positions, and driving trajectories can be achieved, 

especially in environments with high noise and poor manual 

recognition effects in shunting workplaces. This will 

improve work safety and information accuracy. The 

intelligent decision-making system relies on rule engines 

and dynamic routing optimization algorithms, based on the 

data generated during on-site work, to complete automatic 

simulation and route design of grouping work teams. It has 

self-learning and control characteristics, and is particularly 

suitable for complex work with many changes in the 

working environment. In this work, shunting scheduling is 

formulated as a mixed-integer linear programming (MILP) 

problem under interlocking and capacity constraints, solved 

in a rolling-horizon manner with second-level updates; 

conflict risk is predicted by a supervised graph neural 

network (GNN) trained on annotated yard logs. 

Unlike the traditional process that relies on human 

intuition to formulate shunting instructions, the 

introduction of digital replicas enables the visualization of 

the entire shunting task process, integrating historical, 

current, and predictive data. This enables the early 
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verification of shunting paths and real-time detection of 

track resource conflicts, reducing unnecessary shunting 

frequency and resource waste. High speed real-time 

sensor information will be automatically transmitted to 

the intelligent scheduling system, using track utilization 

prediction tools to generate the optimal job sequence, 

replacing fixed combinations based on humans, 

improving overall work response and system 

controllability. 

Compared with other transformation paths such as 

pure hardware automatic traction systems or fixed 

grouping logic, the solution that integrates scheduling 

perception and intelligent optimization modules has 

significant advantages in system adaptability and scene 

migration capability. Although some high-end systems, 

such as fully enclosed automatic marshalling yards, can 

achieve full process unmanned operation, their 

deployment costs are high and they rely heavily on 

infrastructure, making it difficult to meet the common 

renovation needs of multiple types and levels of stations 

in China. The architecture proposed by this research 

institute emphasizes modular deployment and gradual 

upgrading, which can gradually achieve the transition of 

shunting operations from "human control as the mainstay" 

to "system guidance" without completely replacing existing 

facilities. 

The architecture proposed in this article includes four 

core modules: the perception data layer is responsible for 

multi-source information collection and fusion; Optimize 

the decision-making layer by using F-AHP weight 

calculation, GNN conflict prediction, and multi-objective 

optimization to generate scheduling plans; The homework 

execution layer is responsible for implementing the plan 

into locomotives, switches, and signal systems; The 

execution feedback layer monitors the execution status in 

real-time and dynamically adjusts scheduling instructions. 

The four-layer modules are interconnected through a 

unified standard interface, forming a closed-loop process of 

"job formulation path simulation job execution feedback 

adjustment", as shown in Figure 1.

 
 

Figure 1: Overall framework diagram of automated shunting technology. Modules are grouped into four layers 
(perception, decision, execution, feedback) with standardized interfaces. 

 

Figure 1 shows the overall framework of automated 

shunting technology, which illustrates the functional 

division and data flow relationship of the perception data 

layer, optimization decision layer, job execution layer, 

and execution feedback layer. Each module 

communicates through standardized interfaces to 

achieve closed-loop control from job formulation, path 

simulation to execution feedback. 

 

3.1  Core functions and technical support 
of intelligent scheduling system 
This article proposes and constructs an intelligent 

scheduling system framework, which includes two 

parallel parts: on the one hand, the track usage 

recognition module realizes real-time acquisition of the 

track, switch, and train usage status of the marshalling yard; 

On the other hand, the workflow development and 

optimization module generates dynamic shunting 

instructions. This system solves the problems of a large 

number of shunting route conflicts, delayed adjustment of 

operation plans, and insufficient execution flexibility in 

traditional marshalling yard scheduling. Its core idea is to 

optimize the spatiotemporal coordination of shunting 

operations. Integrate data on track usage from multiple 

sources (track circuits, electronic switch signals, train 

positioning, etc.) and provide a time-series model of track 

usage. This type of data is a two-dimensional matrix (time 

steps x track number) that expresses the spatial state 

distribution of the dynamic working environment. It 
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Signal control 
interface module 
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execution 
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Real time data 
closed-loop 

correction module 
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extracts important features of available dynamic 

arrangements based on the usage relationship between 

tracks, shunting conflict relationship, and task priority 

relationship. 

The initial variable group X0 = [X1, X2, X3, … Xi] 
input to the track state analysis module represents the 

state of each track unit within a given time window, 

where represents the real-time occupancy status of the i-

th track. Based on this, the system establishes an 

occupancy rate evolution map to capture the distribution 

pattern of job loads. To enhance the intelligence of path 

selection, the system further introduces the track conflict 

intensity matrix C, which defines the degree of shunting 

conflict between any two tracks. The conflict-intensity 

matrix CCC is defined as follows: 

))(∧1)(∧1)((
1

1
i,j,taprouteOverl=to=toI

T
=C ji

T

tij  =
（ 1） 

where (t)o i is the occupancy of track iii at time ttt, 

TTT is the number of time steps, and routeOverlap(i,j,t) 

indicates interlocking overlap. Symbols: N—number of 

tracks; Δt=1s—step size. The system first constructs a 

shunting task set T = {T1, T2, … , Tn} , each task 

containing attributes such as train number, destination 

track, starting time window, and priority. Based on these 

attributes, the system uses the job graph G (V, E) to 

establish sequential constraints between tasks, with edge 

weights representing time urgency or the probability of 

track sharing conflicts. The scheduling objective is 

defined as: 

 i iienergyji(i,j) ijconfi idelay xE+wxxC+wdelayJ=wmin （2） 

where energyconfdelay ,w,ww are weights from F-AHP 

(0.45, 0.35, 0.20 respectively). This formulation minimizes 

delays, conflict costs, and energy while respecting 

interlocking and capacity constraints. All symbols are 

explicitly defined: N = number of tracks; Δt = time step (1 

s); T = horizon length; δ(·) = logical intersection operator; 

routeOverlap(i,j,t) = binary indicator of interlocking 

overlap between track i and j at time t; delayi= actual task 

delay; Ei= energy consumption for task i. This function 

aims to minimize shunting conflicts and overlapping path 

occupation while ensuring timely completion of tasks. At 

the same time, to adapt to sudden job adjustments and 

abnormal event handling, the system integrates a feedback 

adjustment module. This module is based on real-time 

feedback of shunting operation execution results and track 

status data, dynamically adjusting scheduling strategies and 

rearranging task order in real time. The system 

continuously updates the shunting schedule through a 

rolling optimization mechanism, ensuring robustness and 

sustained effectiveness.” 

To ensure the repeatability and accuracy of the 

scheduling optimization process, this study introduces the 

fuzzy analytic hierarchy process (F-AHP) at the scheduling 

decision level to determine multi-objective weights, and 

combines graph neural networks (GNN) to extract temporal 

features and predict conflicts of track states. The specific 

steps are shown in the figure:

 
Figure 2: Flow chart of the scheduling optimization algorithm, showing the integration of F -AHP weighting, GNN-

based conflict prediction, and MILP optimization. 

 

This process achieves full automation from data 

collection, feature extraction, weight calculation to 

scheme generation, ensuring rapid response and stable 

operation of the system under complex working 

conditions. Yard states are represented as a graph 

G=(V,E)where nodes denote tracks/switches and edges 

encode feasible routes. Node features include occupancy, 

release time, queue length, and weather flags; edge 

features include route length and turnout count. A two-

layer GraphSAGE (hidden=64, dropout=0.2) with 

sigmoid head predicts path conflict probability. Training 

uses 30 days of logs with binary labels, Adam optimizer 

(lr=1e-3, batch=256), early stopping (patience=10), 

achieving ROC-AUC 0.93 and inference time 0.15 s per 

horizon. 

Algorithm 1: Rolling-horizon scheduling with GNN 

and F-AHP 

Input: Yard state logs, task set T, conflict matrix C 

Output: Dispatch command list 

 

1:  Initialize horizon length H = 60 s, receding step = 

10 s 

2:  while yard is active do 

3:      Collect multi-source sensor data (track circuits, 

switches, RFID, cameras) 

Perception layer data collection and 
preprocessing (1-second refresh);Multi 

source sensors collect track status, switch 
status, and train position;The edge 

computing node performs data cleaning 
and format conversion. 

Fuzzy Analytic Hierarchy Process (F-
AHP) Weight Calculation；Build a fuzzy 
judgment matrix (indicators such as delay, 

conflict, energy consumption, etc.)；
Consistency test (CR<0.1)；Obtain 

precise weights w1, w2 

Graph Neural Network (GNN) State 
Modeling；Construct the relationship 
between orbit and conflict as a graph 

structure G (V, E) 
Node feature: Track occupancy state 

vector；Output: Probability distribution 
of path conflicts 

Plan issuance and execution feedback 
Instructions are issued to equipment such 
as switches, signals, shunting machines, 

etc 
Real time feedback of execution status to 

the perception layer 

Rolling time domain optimization and 
real-time adjustment 

Recalculate the plan every 30 seconds 
High priority events trigger immediate 

recalculation 

Multi objective optimization (improved 
NSGA-II) 

Objective function: Formula (2) 
Generate Pareto optimal solution set 
Select execution plan based on task 

priority 
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4:      Preprocess signals at edge units (filter noise, 

synchronize timestamps) 

5:      Construct yard graph G=(V,E) with 

node/edge features 

6:      Run GNN inference on G to predict conflict 

probability p(i,j) 

7:      Update conflict matrix C with predicted 

risks 

8:      Apply F-AHP to calculate weights (w_delay, 

w_conf, w_energy) 

9:      Formulate MILP: 

            minimize J = w_delay Σ delay_i + 

w_conf Σ C_ij x_i x_j + w_energy Σ E_i x_i 

            subject to interlocking, route 

exclusivity, and resource constraints 

10:     Solve MILP using Gurobi (time budget ≤ 

0.5 s) 

11:     Dispatch command list to locomotives, 

switches, and signals 

12:     Receive feedback from execution layer 

13:     If deviation > 15 s, priority change, or sensor 

dropout > 2 s: 

14:         Trigger re-optimization immediately 

15: end while 

Algorithm 1 details the rolling-horizon scheduling 

procedure, integrating perception, GNN-based conflict 

prediction, F-AHP weight assignment, and MILP 

optimization. It clarifies how re-optimization is triggered 

under abnormal conditions, ensuring reproducibility. 

3.2  Perception decision execution chain 
construction of homework process 
To achieve full process automation control of marshalling 

yard shunting operations, it is necessary to build an 

integrated closed-loop system of "perception decision 

execution", forming an information driven and intelligent 

scheduling operation chain. This technology system 

consists of three parts: front-end information perception 

module, central scheduling decision module, and end job 

execution module. Through interconnection and real-time 

feedback, the system achieves efficient linkage and closed-

loop task execution (as shown in Figure 3).

 
Figure 3: Schematic diagram of the perception–decision–execution chain structure, linking perception, decision, 

execution, and feedback modules. 
 

At the perception level, the system deploys a multi-

source fusion sensor network, including track switch 

status sensors, train position recognition devices, RFID 

train number automatic recognition devices, temperature 

and humidity and rain/snow environment monitoring 

terminals, etc. Through a unified data collection protocol, 

these devices upload the shunting yard operating 

environment and train operation status at a second level 

frequency, achieving dynamic real-time modeling of the 

operating scenario. The collected raw data is 

preliminarily cleaned and filtered through the edge 

computing node to compress redundant information and 

ensure transmission efficiency and response speed. 

At the decision-making level, the system constructs 

an intelligent decision-making model based on graph 

neural networks and multi-objective optimization 

algorithms. The model takes grouping plan, traffic 

organization, switch occupancy, and operation sequence 

as core input variables, and dynamically evolves the 

optimal operation path based on real-time perception 

information. This module is based on graph neural 

networks to parse the trajectory usage relationship graph, 

and can complete conflict detection of all candidate 

paths within an average of 0.15 seconds; when priority 

changes or sudden failures are detected, the rolling 

optimization produces a new instruction list within 0.68 

seconds end-to-end, consistent with the measured latency 

budget. 

At the execution level, job instructions are sent by the 

central decision-making module to various job terminals 

through communication protocols, including switch 

electrical control systems, brake control devices, traction 

power modules, and unmanned shunting machine 

controllers. Each execution instruction is bound with a 

feedback mechanism to ensure that the status feedback after 

the instruction is executed is sensed in real time by the 

system, thereby closed-loop verifying the execution result. 

To prevent execution errors or communication interruptions, 

the system is equipped with a dual verification mechanism 

and redundant logic for security protection, ensuring 

operational safety and job continuity. 

The entire process chain aims to achieve refined 

perception, intelligent decision-making, and automated 

execution, covering train entry recognition, shunting path 

planning, switch operation, and formation confirmation. 

This chain significantly improves shunting efficiency while 

Perception layer (data collection) 
Decision making layer (intelligent 

scheduling and path planning) 
Execution layer (job execution and 

feedback) 

Track state 
sensor 

RFID vehicle 
identification 

system 

Train position 
radar 

Video 
recognition 

system 

Weather and environmental monitoring 
terminal 

Real time dynamic grouping simulation Real time feedback on execution status 

Conflict detection and avoidance 
algorithm 

Unmanned shunting machine control 
module 

Multi objective 
scheduling 

optimization 
model 

Graph neural 
network path 
calculation 

Braking and 
coupling control 

device 

Switch control 
system 
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reducing manual intervention. The system can operate 

continuously across diverse scenarios, providing 

technical support for intelligent railway development. 

3.3  Integrated interface design between 
shunting system and scene environment 
The automation upgrade of the shunting system not only 

depends on the autonomous operation capability of the 

core algorithms and control modules, but also on its 

efficient integration with the complex operational 

scenarios of the actual marshalling yard. The traditional 

shunting system relies heavily on manual operation and 

paper-based planning in the execution process, with 

common problems such as interface fragmentation, 

information silos, and response delays. To build an 

intelligent shunting system with real-time feedback 

capability and controllable visibility, it is urgent to 

design a standardized, modular, and flexible system 

integration interface system that meets the information 

exchange requirements between different functional 

modules of the marshalling yard. 

In terms of integrated architecture, this system 

adopts the design pattern of "unified communication 

bus+layered control architecture". The main control 

system for shunting is interconnected with key 

equipment such as switch actuators, unmanned shunting 

machines, intelligent signal lights, RFID recognition 

terminals, etc. through industrial Ethernet or 5G-MEC 

low latency links to ensure status synchronization and 

rapid command issuance. At the underlying protocol 

layer, the system follows standard protocols such as IEC 

61375 (train communication network) and Modbus/TCP 

to avoid compatibility barriers between vendor devices 

and improve interface universality and migration 

capabilities. In response to the complexity of the 

environment and the access issues of multi-source 

heterogeneous perception systems, middleware data 

buffering and asynchronous synchronization 

mechanisms are introduced in the integrated interface 

design to achieve the distribution and standardization of 

video streams, sensor data, GNSS positioning 

information, etc. under the premise of unified data 

formats. The system constructs a data bridge between 

"perception computation response" through the interface 

scheduling module, achieving a low coupling and high 

cohesion communication link between the state 

perception module and the decision control module. 

In typical scenario applications, such as shunting 

operations on dense formation sections, the scheduling 

system needs to collaborate with the traffic signals in the 

yard, the status of surrounding operating equipment, and 

the positioning information of the train. The use of 

message queue systems (such as Kafka) in interface 

design for event driven processing of state updates 

significantly reduces job conflict rates and scheduling 

response latency. At the same time, the interface logic 

supports dynamic loading and module hot updates, 

ensuring that the system can flexibly adjust 

communication strategies according to changing factors 

such as shunting plans and weather conditions during 

actual operation. At the same time, to enhance the security 

and operational efficiency of system deployment, the 

interface management platform introduces a digital twin 

mechanism, establishing mapping relationships between 

various physical interfaces and virtual scheduling 

environments, supporting real-time visualization of 

interface status, traceability of operation logs, and remote 

debugging, greatly improving the controllability, 

maintainability, and scalability of the integrated system.A 

detailed interface specification is provided in Appendix C. 

In brief, task requests, route conflicts, and execution 

feedback are transmitted in JSON-based messages with 

predefined error codes; update frequencies are 1 Hz for 

track circuits and switch states, 5 Hz for locomotive 

telemetry, and event-driven for safety alarms. Safety-

critical channels are segregated via IEC 61375 priority 

classes, with redundant transmission supported by dual 

Ethernet rings. Appendix C further lists message schemas, 

error codes, and middleware throughput settings. 

4  System implementation path and 
function deployment 
The automation transformation of shunting operations for 

intelligent marshalling yards, with system architecture 

optimization as the core, focuses on multi-layer deployment 

around perception and control integration, scheduling logic 

optimization, and safety guarantee system construction. 

The overall implementation path follows the principles of 

"layered decoupling, module collaboration, and iterative 

updates", gradually promoting the integration and 

deployment of the scheduling control platform, perception 

system, execution device, and environmental interface. The 

system has clear functional division, covering modules such 

as intelligent scheduling core, job process linkage, 

emergency safety mechanism, and data service platform. 

Each subsystem collaborates through standard 

communication protocols and flexible interfaces to ensure 

the stability, accuracy, and intelligence of shunting tasks, 

providing comprehensive support for the efficiency and 

safety of marshalling yard operations. 

4.1  Overall system architecture 
construction and module layering 
To achieve efficient operation and collaborative control of 

intelligent marshalling yard shunting operations, the system 

architecture adopts a four-layer integrated construction 

mode of "perception decision execution feedback", and is 

divided into information perception layer, data processing 

and decision-making layer, control execution layer, and 

interactive feedback layer according to functions. A stable, 

efficient, and scalable intelligent shunting system 

architecture is constructed through the collaborative 

operation of unified data communication protocols and 

standard interfaces among various layers. 

The information perception layer is mainly responsible 

for the real-time monitoring of the front-end environment 

and operation status, including the collection of multi-

source information such as train set position, track 

occupation, turnout status, operation instructions, and the 
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completion of basic data preprocessing through edge 

computing equipment. The decision layer integrates 

scheduling optimization algorithms, job rule libraries, 

and path deduction modules, relying on intelligent 

scheduling cores to dynamically plan and resolve 

conflicts in job tasks, achieving optimal job solution 

output. 

The control execution layer is responsible for 

converting scheduling instructions into executable 

actions, regulating key equipment on site such as 

locomotive remote control, switch switching, signal 

interlocking, etc., to ensure that the operation process is 

automatically executed and controllable with traceability. 

The interactive feedback layer provides human-machine 

interface support for system operation and maintenance 

management, including job status visualization, risk alarm 

prompts, and manual intervention interfaces, to enhance job 

transparency and safety redundancy capabilities. On this 

basis, Table 2 further summarizes and explains the key 

modules and core responsibilities of each functional layer.

 
Table 2: System function module layering and core responsibilities 

System Layer Core Modules Responsibilities 

Perception Layer Sensor Network, Edge Units 
Real-time data collection on trains, tracks, switches; 
edge-side data processing 

Decision & Control 
Layer 

Dispatch Engine, Path Planner 
Generates optimal operation plans and dispatch 
commands based on rules and real-time status 

Execution Layer Control Terminals, Remote Drivers 
Automated control of locomotives, signals, 
switches; execution feedback 

Interaction Layer Visualization Platform, Alarm Modules 
Visualized operation management, system 
monitoring, and manual intervention support 

(Note: "edge computing unit" refers to the computing equipment deployed on the site for rapid local processing of 

perception data; "scheduling engine" refers to the core software module that combines optimization algorithms and rule 

base to generate operation plans; "path planning unit" is used to deduce shunting routes and evaluate conflict risks.)  

 

This hierarchical architecture fully considers the 

complexity of railway operations and the stability of 

system operation in its design, ensuring that the system 

has good real-time response capability and scalability, 

and reserving sufficient space for subsequent module 

function optimization and technical iteration.The 

hardware/software stack is disclosed for reproducibility: 

edge units run Debian with Dockerized microservices 

(gRPC over TLS 1.3); the central scheduler runs Ubuntu 

22.04 with Gurobi 10.0 and PyTorch 2.3; time sources 

are synchronized via IEEE-1588 PTP with ≤1 ms drift. 

Median solver time is 0.31 s, and end-to-end latency 

budget is distributed as sensing 80 ms → fusion 90 ms 

→ GNN 150 ms → MILP 310 ms → dispatch 50 ms. 

4.2  Function implementation and 
collaborative logic of key subsystems 
In the automation transformation of intelligent 

marshalling yards, the functional implementation of key 

subsystems and their collaborative cooperation are the 

decisive factors for system operation efficiency. To 

ensure the intelligent closed-loop execution of the entire 

shunting operation process, the overall system design 

revolves around the logical chain of "state perception 

scheduling decision control execution feedback 

optimization", integrating multiple subsystems organically 

and achieving stable and efficient data exchange through 

the communication platform. 

Among them, the train condition monitoring system is 

responsible for real-time acquisition of train dynamics, 

track occupancy, switch status, and surrounding 

environmental information, providing data basis for 

subsequent scheduling decisions; The scheduling 

instruction generation system takes the optimal path and job 

priority logic as its core, and dynamically generates 

scheduling control instructions based on current job 

requirements and marshalling yard job plans; The switch 

and signal control system accurately execute the instruction 

content, complete the conversion of physical actions, and 

achieve closed-loop feedback on the execution effect 

through the job execution feedback system; All information 

and control flows rely on communication and data 

middleware platforms to achieve high-speed and stable 

exchange, ensuring real-time and consistency of multi 

system collaborative operation. The specific core functions, 

upstream and downstream interfaces, and collaborative 

logic of each subsystem are shown in Table 3:

 
 

Table3: Overview of functions and collaborative relationships of key subsystems 

 

Subsystem Main Function Upstream Input 
Downstream 
Output 

Coordination 
Feature 

Train Status 
Monitoring 

Real-time tracking of 
train position, track 
use, environment 

Trackside sensors, 
ID recognition, 
monitoring 
platform 

Dispatch 
Command 
Generator 

High update rate, 
low-latency 
required 

Dispatch 
Command 
Generator 

Task planning, path 
calculation, priority 
sorting 

Monitoring data, 
work plan 

Switch & 
Signal 
Control, 

Complex logic, 
depends on real-
time optimization 
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Feedback 
System 

Switch & 
Signal Control 

Switches, signal lights, 
block section control 

Dispatch 
commands 

Operation 
Feedback 
System 

High precision, 
interlock and 
confirmation 
required 

Operation 
Feedback 
System 

Reports task status, 
progress, deviation 

Control signals, 
onboard devices 

Dispatch 
Command 
Generator 

Bi-directional 
loop, supports 
dynamic 
adjustment 

Communication 
Middleware 

Ensures system-wide 
data flow and 
command transmission 

All modules All modules 

Event-driven, 
supports hot-
swapping of 
modules 

Through the design of the collaborative mechanism 

mentioned above, the shunting system not only achieves 

refined division of responsibilities for each functional 

module, but also provides technical support for 

intelligent linkage and exception handling during the 

overall operation process, ultimately building a new 

mode of collaborative operation of "edge collection 

cloud decision-making local control". 

4.3  Security control mechanism and 
fault-tolerant strategy design 
In the automation transformation of shunting operations 

in intelligent marshalling yards, system safety and fault 

tolerance constitute the technological foundation for 

sustainable operation. Due to the dynamic nature, 

complex working conditions, and dense links of shunting 

scenarios, any interruption of information, equipment 

failure, or control failure in any link may lead to serious 

consequences such as scheduling conflicts and train 

errors. Therefore, establishing multi-level security 

control mechanisms and improving fault-tolerant 

strategies are necessary guarantees for the deployment of 

automation systems. 

Firstly, redundant secure channels should be set up 

at the system architecture layer, and all critical control 

data should be transmitted through a dual channel 

mechanism. In the event of an abnormality in the main 

channel, the backup channel can automatically switch to 

avoid signal interruption and control loss. The 

communication module integrates CRC verification 

mechanism and message retransmission mechanism 

internally to enhance anti-interference ability and data 

integrity. At the execution level, all switches, signals, 

and interlocking equipment must be equipped with status 

self checking modules and local emergency power-off 

control units to ensure that they can still enter safety 

protection mode, automatically block sections, and 

prevent misoperation in case of system abnormalities or 

network disconnection. 

Secondly, a mechanism for identifying safety 

judgment boundaries and beyond boundaries should be 

introduced into key algorithms. For example, the 

calculation of shunting routes must consider limiting 

factors such as road material occupancy, equipment 

inspection status, and maximum operating range. If there 

is a violation of safety rules, it should be immediately 

stopped and reported to scheduling. Simultaneously 

referring to historical operational data, establish intelligent 

security rules to dynamically assess the level of danger in 

current work, and proactively alert potential hazardous 

work environments, and then guide scheduling policy 

adjustments. For fault handling methods, the system 

provides two options, namely "fault transfer" and "task 

transfer". If there is a problem with a certain subsystem 

function, the system will automatically assign critical work 

to the backup section or collaborative peripheral 

management section to ensure that the work is not 

interrupted as much as possible. 

Thirdly, establish an emergency linkage system for 

unexpected situations, including manual takeover channels, 

information broadcasting mechanisms, and on-site 

operation warning systems. Once situations such as out of 

range shunting, signal loss of control, or personnel entering 

enclosed areas occur, the system can immediately trigger an 

alarm, cut off the shunting command chain, and notify on-

site operators and safety supervision modules to ensure a 

safe closed-loop throughout the entire process. 

5  Application validation and 
performance evaluation 
This article analyzes the applicability and effectiveness of 

the proposed shunting automation transformation 

technology path for system evaluation, focusing on the 

integrated deployment of core functional modules, field 

testing of key performance indicators, and operational 

performance in typical work scenarios. By constructing a 

testing platform in an actual marshalling yard environment, 

a comprehensive evaluation is conducted on dimensions 

such as scheduling efficiency, system response speed, fault 

tolerance, and operational safety, aiming to verify the 

reliability and engineering feasibility of the constructed 

system under complex railway operating conditions. 

5.1  Selection of experimental sites and 
construction of scheduling scenarios 
The experimental station selected for this study is a large 

flat marshalling yard in Southwest China, with 48 

classification tracks and two hump lines. It undertakes the 

task of disassembling and reassembling approximately 

10,000 wagon movements per day (equivalent to 320–350 

train consists).It is one of the typical modern shunting hubs 

in China. The station has the demand for train formation in 

multiple directions, categories, and frequencies, and also 
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has a complete dispatch command system and 

infrastructure equipment, providing a good experimental 

foundation for the automation transformation of 

shunting operations. The manual baseline corresponds to 

the yard’s standard operating rules, in which dispatchers 

issue commands based on paper timetables and radio 

instructions. Baseline response times were recorded 

using the same sensors and logging system to ensure 

comparability. In the construction of the experimental 

environment, we focused on three typical job scenarios 

for functional verification and performance evaluation: 

first, the scenario of automatic train recognition and 

grouping guidance, simulating multiple incoming trains 

entering the grouping area at the same time, and testing 

the dispatch system's ability to quickly analyze and 

divert train numbers and attributes; The second is the 

shunting path planning and dynamic scheduling scenario, 

which verifies the response speed and decision-making 

rationality of the system in the face of dynamic task 

changes (such as vehicle sequence adjustment, 

emergency priority grouping requirements); The third 

scenario is the closed-loop control of shunting task 

execution and state feedback, examining the automation 

response capability of the execution layer (shunting 

machine, signal, switch) under system coordination and 

the stability of the feedback mechanism. It is worth 

noting that although the station has a relatively advanced 

equipment foundation, some of its old control systems 

have not yet achieved complete interconnection. 

Therefore, we have introduced middleware modules in 

data collection and system integration to ensure 

compatibility. This practice improved system 

deployment adaptability and provided a practical 

paradigm for future implementation. 

To ensure the reproducibility of the research results, 

this article summarizes the main variables, system 

configuration, and experimental parameters involved in 

the experiment as follows: 

1. Definition of key variables 

In formulas (1) and (2), δ is a logical intersection 

operation function used to determine track occupancy 

conflicts; T: The number of time window steps (the value 

in this experiment is consistent with the system rolling 

optimization cycle); oi
t
: The occupancy status of track i 

at time t; Di: Actual delay time for task i; ci: Cost of 

track conflicts in the shunting path; w1, w2 : 

Scheduling optimization objective function weights 

(determined through expert evaluation).Sampling rate is 

1 Hz for track circuits and switches; the rolling horizon 

is 60 s with 10 s receding step. The GNN was trained on 

30 consecutive days and tested on a separate 7-day set, 

covering peak/off-peak and multiple weather conditions. 

System hardware and software configuration 

(consistent with on-site deployment): 

Perception layer: RFID train recognition equipment, 

track circuit status acquisition module, high-definition 

camera monitoring equipment (quantity and deployment 

location are the same as on-site); Decision making layer: 

Central dispatch server (running rolling optimization and 

conflict detection algorithms), software environment is 

Linux operating system; Execution layer: On site control 

equipment such as shunting machines, signal machines, and 

electronic switches all support status feedback and 

bidirectional control. 

Experimental parameters: 

Test time range: conducted under the condition of 

operating over 10000 trains per day; Three typical job 

scenarios were repeated in real stations, and the average 

values were calculated and compared with the results of 

manual scheduling; The core evaluation indicators include: 

shunting operation duration, system response time, 

operation energy consumption, scheduling conflict 

frequency and error rate, etc.In this paper, key performance 

indicators (KPIs) are defined as follows: (i) ‘response time’ 

= elapsed latency from task request to dispatch of 

executable command; (ii) ‘operation time’ = duration 

between consist arrival and completion of train formation; 

(iii) ‘energy per task’ = traction electricity consumption per 

shunting movement measured by onboard energy meters; 

(iv) ‘scheduling conflict frequency’ = number of 

interlocking conflicts detected by the system; (v) ‘error rate’ 

= proportion of wagons assigned to incorrect classification 

tracks, verified against yard logs. 

5.2  Analysis of homework efficiency, 
response time, and energy-saving indicators 
In the experimental verification process of the automated 

shunting system, we focused on conducting performance 

analysis around three dimensions: "improving operational 

efficiency", "shortening response time", and "optimizing 

energy consumption". All relevant tests are based on the 

manual shunting system, selecting the same scheduling load, 

time window, and grouping tasks for comparison to ensure 

the comparability of experimental conditions and the 

credibility of conclusions. In terms of homework efficiency, 

the automation system significantly reduces the frequency 

of empty train operation and waiting time in the shunting 

process by integrating intelligent scheduling and path 

optimization algorithms. Taking a typical reorganization 

task as an example, the automation system reduced average 

reorganization time by 21.7%, increased yard resource 

utilization by 18.3%, and demonstrated scalability in peak-

hour parallel scheduling. In terms of response time, the 

average response time of the system to sudden task 

instructions (such as temporary insertion and priority 

scheduling) is 0.68 seconds, which is much better than the 

3.7 second average response level of manual scheduling 

systems. This quasi-real time response capability benefits 

from the efficient collaboration between the asynchronous 

processing mechanism embedded in the system and the 

state aware decision engine, providing technical support for 

the marshalling yard to cope with sudden scheduling 

scenarios. In terms of energy-saving indicators, by 

integrating the optimal scheduling of vehicle operation 

trajectory, traction power curve, and signal interlocking 

logic, the overall energy consumption of the automation 

system is reduced by 12.5% compared to manual methods. 

Among them, the most significant energy-saving source is 

the optimization of the traction path of the shunting 

machine and the intelligent correction of the braking control, 
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effectively avoiding energy waste caused by frequent 

start stop and ineffective acceleration. As shown in 

Figure 4, three key performance indicators - average 

operating efficiency, system response time, and energy 

consumption - were compared between automated 

shunting mode and manual shunting mode under the 

same load and scheduling scenarios. The horizontal axis 

represents the indicator type, and the vertical axis 

represents the percentage improvement value relative to the 

manual mode. The data is sourced from comparative 

experiments conducted at the same experimental site. All 

reported values are mean ± standard deviation over 20 runs; 

paired t-tests confirm significance at p<0.01.

 
 

Figure 4: Comparison of operational efficiency, response time, and energy consumption between manual and 
automated shunting (values are mean ± std over 20 runs). 

 
The observed efficiency improvement mainly 

results from F-AHP weight allocation, which aligns 

scheduling objectives with operational needs. allowing 

the system to prioritize key tasks even in situations of 

frequent resource conflicts; The reduction in energy 

consumption is closely related to the optimization of 

locomotive operation path and traction timing by multi-

objective optimization algorithms, which reduces empty 

running and repetitive shunting behavior. 

5.3  System stability and intelligent 
judgment accuracy testing 
In order to better analyze the anti-interference ability and 

degree of automation of the automatic shunting system 

mentioned in the article, this test selected typical 

multiple shunting scenarios and focused on testing the 

robustness of the automatic shunting system during 

continuous operation, as well as its ability to identify and 

respond to key decision points. This test is divided into key 

actions such as determining the running line, issuing the list 

of detached trains, identifying and alerting conflicts, and 

activating emergency brakes. The stability test items are as 

follows: the number of response interruptions within 72 

hours of continuous system operation without human 

intervention, the number of occurrences of lock up in the 

shunting train, the success rate of successful departure tasks, 

and the success rate of automatic recoveryThe test results 

of system stability and intelligent judgment accuracy are 

shown in Figure5. The horizontal axis represents different 

testing items (task success rate, interruption frequency, 

stability index, judgment accuracy, misjudgment rate), and 

the vertical axis represents percentages or normalized 

scores according to different indicators. All data comes 

from a 72-hour continuous operation test conducted at the 

experimental site.

 
 
 

Figure 5: System stability and intelligent judgment accuracy results from 72-hour continuous operation test 
(values reported with 95% confidence intervals). 

 

As shown in Figure 5, under the condition of no 

external interference, the success rate of system tasks 

remains above 99.2%, the frequency of scheduling link 

interruptions is controlled at less than once per hundred 

hours, and the overall stability index of the system's 

operating state reaches 4.7 (out of 5 points), demonstrating 

good engineering application adaptability and software 

hardware integration resilience. In the testing of intelligent 

judgment accuracy, classification verification is carried out 

for functional modules such as train pose perception, switch 

status judgment, and grouping logic discrimination of the 
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system. Based on the annotated scheduling scenario 

dataset, the system's judgment accuracy reaches 97.8%, 

and the misjudgment rate in complex environments is 

controlled within 1.9%, especially under low visibility 

conditions such as night, rain, and fog. Thanks to the 

introduction of multi-source data fusion algorithms, the 

system's recognition accuracy remains at a high level, 

reflecting its intelligent ability to output stably in 

changing scenarios. All stability metrics are reported 

with 95% confidence intervals; for example, the 99.2% 

task success rate corresponds to CI [98.7%, 99.6%], 

based on 72 h continuous testing with 1,200 executed 

tasks. 

The core of stability improvement lies in the 

introduction of an execution feedback layer to achieve 

closed-loop control, enabling the system to adjust 

scheduling schemes based on real-time status, avoiding 

long-term task backlog or conflict escalation; Improved 

decision accuracy results from the GNN’s effective 

extraction of temporal features for conflict prediction, 

which avoids potential conflict points in path planning and 

reduces misjudgments and missed judgments. 

5.4  Comparative analysis and value 
calculation with manual shunting mode 
To comprehensively verify the actual benefits of the 

proposed automation transformation system, this study 

selected a typical manual shunting mode as the comparison 

object, and conducted multiple rounds of simulation tests 

and real scene playback at the experimental site. The 

experimental results show that compared to traditional 

shunting methods that rely on manual instructions and 

judgments, automated systems exhibit significant 

advantages in multiple dimensions such as operational 

accuracy, timeliness, and energy consumption control (see 

Table 3).

 
Table 3: Comparison of key performance indicators under different shunting modes 

 

Indicator Name Manual Shunting Mode 
Automated Shunting 

System 
Increase or Decrease 

Average Shunting 
Operation Time 

42 minutes 27 minutes ↓ 35.7% 

Shunting Misassignment 
Rate 

4.2% 1.1% ↓ 73.8% 

Energy Consumption per 
Task (kWh) 

13.6 10.7 ↓ 21.4% 

Annual Labor Cost 
(10,000 RMB) 

138 90.5 ↓ 34.4% 

Annual Energy Cost 
(10,000 RMB) 

123.1 96.8 ↓ 21.3% 

Average Monthly 
Dispatch Conflicts 

3.2 times 0.4 times ↓ 87.5% 

Table 3 values represent averaged results from 15 

days of operation logs (≈4,800 tasks), with standard 

deviations listed in parentheses. For example, the 

automated system’s mean operation time is 27 ± 1.3 min 

versus 42 ± 2.5 min in manual mode. Compared with the 

traditional manual shunting mode, the automated shunting 

system proposed in this article has significant advantages 

in the following aspects: 

Scheduling response: In traditional mode, instruction 

transmission and execution take an average of 3.7 seconds, 

but in this paper, the system relies on real-time perception 

and rolling optimization mechanism to compress the 

response time to 0.68 seconds, achieving a speed increase 

of 81.6%. 

Homework efficiency: On average, each round of 

shunting operation in manual mode takes 42 minutes. In 

this article, the system has been optimized to 27 minutes, 

resulting in a 35.7% increase in efficiency. 

Energy consumption control: Through trajectory 

optimization and braking energy management, single task 

energy consumption is reduced by 21.4%, which is better 

than most existing semi-automatic systems (usually 

between 10% and 15%). 

Job safety: The scheduling conflict rate has decreased 

from 3.2 times/month in manual mode to 0.4 times/month, 

the error rate has decreased to 1.1%, and a dual 

verification mechanism has been introduced to enhance 

operational safety. 

System adaptability: Adopting modular deployment 

and standardized interface design, it can quickly migrate 

and deploy between marshalling yards of different sizes, 

which is not available in most fixed logic automation 

systems. 

In summary, this system has achieved improvements 

in real-time performance, accuracy, energy efficiency, 

safety, and cross scenario adaptability that are different 

from existing solutions, providing a scalable technical 

path for the construction of intelligent marshalling yards. 

6  Discussion 

6.1  Adaptability and engineering 
feasibility of automation transformation 
plan 
In the actual process of promoting the automation 

transformation of intelligent marshalling yard shunting 

operations, its flexibility and engineering applicability are 

the key factors determining whether such solutions can be 

widely applied. The technical route described in this plan 

takes into account factors such as the infrastructure 

construction level of existing marshalling yards in China, 
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the complexity of operation processes, the use of 

information technology means, and labor management 

methods, and has strong scalability and engineering 

applicability. As far as its applicability is concerned, the 

scheme has a modular design for the adopted 

organizational structure, and the main functions such as 

auto drive system, detection and decision-making system, 

collaborative interface function, etc. have good scalability 

and universal interfaces. For large marshalling yards, 

high-intensity replacement integration can be carried out 

in conjunction with existing scheduling systems; For 

small and medium-sized stations, the automation upgrade 

of shunting processes can also be gradually achieved 

through local embedded deployment, reducing the impact 

of one-time technology substitution. In terms of 

engineering feasibility, the proposed automation 

transformation plan fully integrates mature sensor 

networks, industrial control systems, and intelligent 

algorithm integration technologies in the current rail 

transit field. The hardware selection of core equipment has 

been practically verified in multiple railway 

informationization projects, and has the characteristics of 

high stability, strong anti-interference, and good 

operability. At the same time, the software system adopts 

a distributed architecture and microservice deployment 

strategy, supporting parallel operation and elastic 

expansion of multiple systems, and can adapt to the 

business load and scenario requirements of different 

marshalling yards. At the same time, construction 

interference factors and operational safety guarantee 

mechanisms were also considered during the project 

implementation process. Phased construction, debugging, 

and trial operation help control risks during technology 

substitution and ensure a stable system transition. 

6.2  Possible technical and organizational 
obstacles during implementation 
In the practical process of promoting the automation 

transformation of railway shunting operations, although 

the technical path has become increasingly clear, there are 

still many constraints to truly achieve large-scale 

deployment, especially significant challenges in 

technology implementation and organizational 

coordination. From a technical perspective, shunting 

operations involve a large amount of real-time perception, 

precise positioning, path planning, and action control. The 

system has extremely high requirements for data 

collection accuracy, environmental adaptability, and 

integration capabilities of heterogeneous devices from 

multiple sources. At present, some marshalling yards lack 

a unified standardized information interface, and there are 

problems such as inconsistent communication protocols 

and difficult data format integration between old 

equipment and new intelligent systems, which increases 

the complexity of system integration and debugging. In 

addition, extreme weather conditions such as signal 

interference, low temperature rain and snow in shunting 

operation scenarios may also affect the stable operation of 

sensing equipment and control systems, reducing the 

reliability of automation systems. On the other hand, 

organizational barriers cannot be ignored. As a highly 

structured organizational system, the railway system has 

solidified its personnel scheduling, job responsibilities, 

and operational processes through years of practice. The 

introduction of automation systems is bound to have an 

impact on the original work system. On the one hand, the 

acceptance and operational ability of operators towards 

intelligent systems vary greatly, resulting in high training 

costs; On the other hand, there is a lack of cross 

disciplinary and cross departmental collaboration 

mechanisms within the organization, making it difficult to 

achieve efficient collaboration between technical 

departments, equipment units, and scheduling 

management, which affects the overall efficiency of 

project progress. At the same time, some station managers 

have a perception of "high cost, low benefit" in 

technological transformation, and their willingness to 

initiate projects is insufficient, which also limits the 

breadth of the promotion of the plan. 

7  Conclusion 
This work presented a closed-loop ‘perception–decision–

execution–feedback’ framework for intelligent 

marshalling yards, combining F-AHP weighting, GNN-

based conflict prediction, and rolling-horizon MILP 

optimization. Validation in a large-scale yard 

demonstrated significant engineering benefits in 

efficiency, safety, and energy reduction. The experimental 

results show that the system has an average improvement 

of 35.7% in job efficiency, a 21.4% reduction in single 

task energy consumption, an 87.5% reduction in 

scheduling conflict rate, while maintaining a task success 

rate of over 99.2%. These results demonstrate the 

effectiveness of our research method in improving 

operational efficiency, reducing energy consumption, and 

ensuring operational stability. From an engineering 

perspective, the proposed system provides a deployable 

blueprint for gradual automation retrofitting of existing 

yards, requiring only modular integration with sensors, 

middleware, and scheduling engines rather than full 

reconstruction.t should be noted that the experimental data 

are mainly from a single large marshalling yard. and 

performance may degrade under incomplete sensing, 

heterogeneous communication protocols, or severe 

weather conditions such as snow or fog. To further 

advance both scientific methodology and practical 

deployment, future work will proceed in three 

directions:(i) multi-yard trials including medium-size flat 

yards and gravity hump yards to validate universality; (ii) 

cross-station collaborative scheduling with shared data 

interfaces, aiming at regional freight network optimization; 

and (iii) tighter integration with edge intelligence and 

5G/TSN communication to further reduce latency below 

0.5 s and enable resilience under dynamic load.From a 

practical standpoint, the proposed system reduces 

integration costs by relying on modular middleware and 

standardized protocols, but its current validation is limited 

to one large flat yard. Broader verification in gravity hump 

yards and mixed-traffic depots is necessary before large-

scale deployment by railway operators. 
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This paper proposes a hybrid model that integrates convolutional neural networks and support vector 

machines, and combines multi strategy collaborative optimization to address the complexity and 

dynamism of secondary system configuration tasks in smart grids. The system is based on multi -source 

operational data and constructs a three-stage process of "feature extraction model training configuration 

output". The CNN part adopts a three-layer convolution and pooling structure (convolution kernel size 3 

× 3, ReLU activation) to extract topology and load features; The SVM part uses radial basis kernel 

functions to classify and optimize high-dimensional features. During the training process, set the learning 

rate to 0.001, batch size to 128, iteration times to 500, and evaluate the model's generalization 

performance through five-fold cross validation. The algorithm was trained using 1000 scheduling 

instances from 3 substations for simulation verification. The configuration accuracy reached 96.8%, 

which is 12.4% higher than manual experience configuration. The average response time was shortened 

to 0.42 seconds, and the error rate was stably controlled within 2.1%. In terms of system integration, a 

modular deployment structure is designed to support closed-loop operation of inference calculation, 

configuration generation, and result feedback. It is compatible with adaptive configuration parameters 

at different voltage levels such as 110kV and 220kV. In comparative testing, under consistent operating 

conditions, the configuration efficiency of this method increased by about 39%, and the system ran 

continuously for 72 hours without any configuration deviation or interruption, demonstrating good 

stability. Research has shown that the CNN-SVM fusion model has significant advantages in extracting 

features and optimizing classification, while the modular integration of various strategy optimization 

architectures and systems has the effect of improving setup efficiency and trustworthiness. This study 

integrates CNN-SVM, GA/PSO, reinforcement learning, and graph neural networks to form a 

comprehensive strategy optimization system suitable for the secondary system setting of substations. 

Unlike previous separate applications of CNN or SVM, this study highlights the synergistic effect under 

complex constraints and emphasizes the online regulation effect and multi-level voltage promotion 

capability. Moreover, compared to existing AI optimization applications in other fields, this article 

focuses more on engineering implementation and real-time constraints in power scenarios, thus 

differentiating it from existing methods. 

Povzetek: Predstavljen je hibridni CNN–SVM model z večstrategijsko optimizacijo (GA/PSO, RL, GNN) 

za konfiguriranje sekundarnih sistemov v pametnih transformatorskih postajah. 

 

1  Introduction 
Smart grid has become the mainstream trend of future 

power grid development. As an important part of power 

grid development, substations provide various key 

services such as protection, measurement and control, 

communication, and automation through their secondary 

systems, which play a crucial role in the stability and 

sensitivity of the entire system. However, the 

architecture of the secondary system is becoming 

increasingly large, including several levels (such as 

interval layer, station control layer, process layer), and 

traditional configuration methods relying on manual 

experience cannot meet the operational requirements of 

rapid response, system compatibility, and flexible 

scheduling of contemporary smart grids [2]. 

From a technical perspective, the configuration problem 

of secondary systems in substations essentially belongs to 

high-dimensional parameter optimization tasks, involving 

multiple equipment types, protection logic, communication 

protocols, and operational scenario variables. It has the 

characteristics of strong parameter coupling, multiple 

constraint conditions, and nonlinear configuration paths [3]. 

In the face of increasing complexity, traditional rule-based 

and template-based configuration methods have significant 

limitations in accuracy and scalability. On the one hand, the 

lag in rule updates has resulted in some protection logic 

configurations being unable to adapt to the operational 

characteristics of new power electronic devices after 

integration; On the other hand, the lack of a unified 

optimization mechanism leads to unstable response 
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efficiency and uncontrollable operating errors in 

different scenarios, greatly increasing the risk of failures 

and maintenance costs. 

The development of artificial intelligence algorithms 

provides a new technological path for optimizing the 

configuration of secondary systems in substations. In 

recent years, algorithms such as deep learning, 

evolutionary computing, and reinforcement learning 

have achieved good results in fields such as power 

system scheduling, fault identification, and parameter 

prediction, and have the ability to autonomously model 

and quickly optimize under multi-source data-driven 

conditions [4]. Especially in handling high-dimensional 

spatial parameter search, nonlinear feature fitting, and 

dynamic response prediction, AI models have shown 

strong adaptability and generalization ability. Therefore, 

building a secondary system configuration optimization 

model based on artificial intelligence algorithms can not 

only achieve automatic generation and dynamic 

adjustment of configuration schemes, but also 

continuously improve their stability and accuracy 

through data training iterations, with high engineering 

implementation value [5]. 

This article proposes a configuration optimization 

oriented artificial intelligence algorithm fusion path 

based on four levels: structure recognition parameter 

extraction algorithm modeling system deployment. 

Based on typical power grid data and measured 

configuration cases, this study focuses on analyzing the 

structural characteristics and configuration constraint 

logic of the secondary system.  On this basis, a CNN 

and SVM hybrid model is constructed to improve feature 

extraction and classification accuracy. Furthermore, a 

multi strategy collaborative optimization framework and 

system modular integration mechanism are introduced to 

optimize and iterate key links in the configuration 

process. In addition, an integrated platform is designed 

to integrate model training into the operational workflow, 

parameter inference, and configuration generation, 

providing a feasible solution foundation for promoting 

the transformation of intelligent substation configuration 

from static manual operation to intelligent and 

automated mode.The core research questions to be 

addressed in this article include: how to achieve accurate 

modeling and efficient operation of secondary systems 

under complex topology and multiple constraint 

conditions; How to ensure the generalization ability and 

robustness of the model under limited computational 

conditions and diverse information? How to adapt to 

application requirements for different voltage levels 

through algorithms/frameworks. The main research 

objectives are as follows: (1) To demonstrate whether 

the CNN-SVM hybrid can achieve higher configuration 

accuracy compared to a single CNN or SVM; (2) Verify 

whether the multi strategy joint optimization algorithm 

can optimize and reduce response time and improve 

system robustness in dynamic distribution network 

systems; (3) Analyze the scalability of module 

integration structure for comprehensive operation of 

different voltage levels and types of stations. 

2  Related work 
The application of artificial intelligence in the power 

system is constantly deepening, and the research focus has 

expanded from single point fault diagnosis to full process 

optimization of configuration. Ar é valo P (2024) pointed 

out that deep models can dynamically correct protection 

logic in distributed energy scenarios, laying the theoretical 

foundation for data-driven secondary system configuration 

[6]. Krishna S B (2024) achieved collaborative prediction 

of load temperature rise and protection settings through 

thermal model coupled convolutional networks, verifying 

the algorithm's ability to handle high-dimensional coupled 

parameters [7]. HasaniA (2024) embedded predictive 

control into microgrid scheduling and proposed a 

distributed controller that can instantly recalculate 

secondary loop parameters when topology changes occur 

[8]. 

In terms of automatic structural recognition, Nayak P 

(2024) proposed a fault detection and classification method 

for transmission lines based on two-dimensional 

convolutional neural networks, which utilizes wavelet time-

frequency images to improve the accuracy of feature 

extraction and establish a reliable recognition mechanism 

for configuration automation [9]. Alferidi A (2024) uses 

multi-agent deep reinforcement learning to optimize energy 

trading in interconnected systems, and its global reward and 

punishment function has enlightening significance for 

quadratic parameter optimization [10]. Jia H (2024) focuses 

on the latency of asynchronous TSN networks and proposes 

a queue shaping algorithm under configuration constraints, 

providing quantitative indicators for communication and 

protection synchronization [11]. 

In terms of real-time optimization strategy, Si R (2024) 

proposed a distribution system restoration method based on 

multi-agent reinforcement learning, which achieves real-

time optimal allocation of resources through dynamic 

network reconstruction, demonstrating the feasibility of 

distributed closed-loop optimization [12]. Gams M, 

Kolenik T (2021) explored the relationship between 

electronics, artificial intelligence, and the information 

society, emphasizing the need to consider the impact of 

information society rules in the research of smart grid 

configuration [13]. Zhang D (2023) utilized an improved 

GA-CNN BiGRU model for power system fault prediction, 

effectively reducing false alarm rates and providing model 

support for reliability evaluation of secondary system 

configurations [14]. 

In recent years, driven by the development of smart grids, 

there has been an increasing amount of research on 

optimizing the secondary system settings of distribution 

stations. Some studies use traditional methods such as gene 

coding and population particles for optimization, but their 

ability to handle high redundancy data and complex 

environments is limited; Some scholars have also attempted 

to introduce deep learning methods, such as using 

convolutional neural networks to identify fault features, but 

they cannot escape the situation of poor model universality 

and slow running speed. 

Based on the above research, although AI technology has 

made significant progress in fault identification, parameter 
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prediction, and on-site online control, it is still not 

enough to rely solely on the existing end-to-end unified 

design, cross scenario transfer mode, and protocol 

scheme when facing the overall configuration of 

secondary systems with voltage levels and multi station 

collaboration. This article uses a CNN-SVM hybrid 

model, combined with multi-dimensional strategy 

collaborative optimization and modular comprehensive 

design, to construct an intelligent device configuration 

system that ensures accuracy, real-time performance, and 

scalability. Therefore, a comparative table was added in the 

text to illustrate the data, performance indicators, and 

limitations of existing technologies, as shown in Table 1. 

 

Table 1：Summary of related research 

Algorithm/Method Dataset or Scenario 
Performance 

Indicator 
Limitation 

Genetic Algorithm 
Simulated substation 

operation data 

Configuration 
efficiency improved by 

8% 

Slow convergence in 
high-dimensional 
dynamic scenarios 

Particle Swarm 
Optimization (PSO) 

Secondary system 
simulation data 

Accuracy about 91% 
Easily trapped in local 

optima 

CNN 
Fault signal feature 

dataset 
Fault recognition rate 

94% 

Insufficient 
generalization, high 

training cost 

Deep Reinforcement 
Learning 

Dynamic load variation 
scenarios 

Configuration accuracy 
95%, faster response 

Algorithm stability 
insufficient, requires 

large training data 

Proposed Method 
(CNN–SVM + Multi-

Strategy 
Optimization) 

Real substation 
scheduling data (multi-

voltage, multi-
scenario) 

Configuration accuracy 
96.8%, error rate 2.1%, 

response time 0.42s, 
efficiency improved by 

39% 

Requires model 
training cost and 

system integration 
design 

This table clearly displays the performance gaps and 

limitations of existing methods, highlighting the 

necessity of the proposed method in this paper. 

3  Analysis of configuration 
characteristics and optimization 
requirements for the secondary 
system of intelligent substations 

3.1  Classification of secondary system 
structural characteristics and 
configuration methods 
The secondary system of an intelligent substation mainly 

includes protection devices, measurement and control 

equipment, communication units, and remote-control 

systems. Its structure is divided into three functional 

levels according to the IEC 61850 standard: station control 

layer, interval layer, and process layer. The communication 

between each layer is achieved through protocols such as 

MMS, GOOSE, SV, etc., to achieve real-time perception 

and control instruction transmission of the operating status 

of a device. With the increasing complexity of 

configuration tasks, the system architecture presents the 

characteristics of "flatness, distribution, and software 

hardware decoupling", requiring the configuration method 

to maintain a dynamic balance between accuracy, real-time 

performance, and scalability. 

At present, the configuration methods for secondary 

systems can be divided into three categories: template-

based configuration, rule driven configuration, and data-

driven configuration. There are significant differences in 

configuration mechanisms, technical dependencies, and 

applicable scenarios, as shown in Table 2.

 
Table 2：Classification and comparison of secondary system configuration methods 

Collocation 
method 

Configuration 
Mechanism 

Technology 
Dependencies 

Advantage limitation 
Applicable 
scenarios 

Template 
based 
configuration 

Generate 
configurations 
uniformly based on 
fixed templates 

Configure template 
library and 
standard interface 

High 
implementation 
efficiency and 
short configuration 
time 

Poor flexibility, 
difficult to adapt to 
complex station 
layouts 

Standardized 
single busbar 
substation 

Rule driven 
configuration 

Logical judgment 
through rule engine 

Expert system, 
logical expression 
library 

Capable of 
handling complex 
logic and strong 
adaptability 

High cost of rule 
maintenance and 
lagging response speed 

Double busbar and 
special station 
type 

Data driven 
configuration 

Automatic 
generation of 
training models 
based on historical 
data 

Data collection 
system, AI 
algorithm platform 

Strong 
adaptability, 
dynamically 
adjustable 

Model training relies 
on data quality, and 
generalization ability 
needs to be optimized 

Multi energy 
complementary 
demonstration 
substation 
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Among them, the data-driven approach relies on 

artificial intelligence algorithms to achieve rapid 

analysis and configuration prediction of system status. 

Its core is to model the configuration behavior as a 

mapping between the state variable X and the 

configuration output Y: 

( );XfY =
（1） 

Among them, X is the input feature, such as station 

structure, load, voltage level; 
f

is an AI model (such as 

CNN, SVM); is the parameter obtained from training; 

Y is the configuration output, such as protection settings, 

link structure, etc. 

The model is trained on a large number of historical 

configuration samples and has a certain generalization 

ability, which can quickly adapt to scenarios such as 

wiring methods and load changes, solving the problems 

of slow response and high error rate in manual 

configuration. This approach provides a foundation for 

building intelligent configuration systems with real-time 

adaptability and precise control capabilities. 

3.2  Configuration parameter constraints 
and performance goal analysis 
The configuration optimization of the secondary system 

of an intelligent substation needs to be completed under 

multiple constraint conditions, and its parameter 

structure has high coupling, including electrical 

parameters and communication resources at the 

equipment level, as well as limitations on logical links 

and functional allocation, forming a typical multi-

objective and multi constraint optimization problem. 

Taking the typical interval layer configuration task as an 

example, configuration parameters include protection 

device type, channel quantity, link mapping, sampling 

frequency, etc. These parameters have mutual 

constraints and upstream downstream dependencies. 

Without optimization modeling, it is easy to cause 

redundant configuration or logical conflicts. 

In the modeling process, the configuration problem 

needs to be formalized as a constrained optimization 

problem, defining objective function 
( )xF

and 

constraint set C. The objective function usually covers 

three dimensions: configuration accuracy, resource 

utilization, and response time, expressed as follows: 

( ) respuseacc TwRwEwxF ++= 321min
（2） 

Among them, x  represents the configuration 

variable vector to be optimized, including device number, 

function binding, link parameters, etc; accE  is the 

configuration error rate, which reflects the deviation of 

the scheme in terms of functional coverage and logical 

correctness; useR is the resource utilization rate, which 

calculates the communication and computing resource 

overhead, link load, and device utilization rate; respT is the 

average response time, reflecting the efficiency and 

timeliness of configuration execution. 321 ,, www is the 

weight coefficient, allocated based on the importance of the 

optimization objective and satisfying the normalization 

constraint: 1321 =++ www . 

The constraints mainly include the following categories: 

①Protocol constraints: for example, GOOSE and SV 

communication mapping require a link delay of no more 

than 4ms; ②Redundancy constraints: Dual loop protection 

must have redundant link support; ③Topology constraint: 

It is necessary to ensure that the links between devices in 

the same section are interconnected and reachable; 

④Resource constraints: Communication bandwidth and 

processing power need to be controlled within system 

thresholds. 

In the application of artificial intelligence algorithms, 

these constraints need to be transformed into differentiable 

functions or penalty terms suitable for training and 

inference, to be incorporated into the model loss function 

for guided learning. Taking reinforcement learning 

strategies as an example, the feedback reward of 

configuration behavior can be dynamically adjusted based 

on whether constraint violations are triggered, driving the 

model to approach the optimal strategy in actual scheduling.  

In summary, the reasonable modeling of the constraints 

and objective relationship of configuration parameters is 

the fundamental step in achieving configuration 

optimization based on AI algorithms, and it is also a 

prerequisite for subsequent algorithm design and system 

integration. 

3.3  Expression of configuration 
optimization problems and exploration of 
algorithm adaptability 
The essence of the configuration problem of the secondary 

system in intelligent substations is to seek the optimal 

equipment connection relationship and logical function 

mapping under various technical parameters and system 

constraints. This problem has the characteristics of high 

dimensionality, multiple variables, and strong constraints, 

including multiple subtasks such as topology matching, 

signal path scheduling, functional unit allocation, and 

communication link configuration. Its optimization 

objectives often involve multidimensional performance 

indicators such as response delay, configuration stability, 

and resource utilization. Therefore, a clear and computable 

problem expression model needs to be constructed. As 

shown in Figure 1, the configuration of a secondary system 

can be abstracted as a structural decision-making task under 

multiple layers of inputs and constraints, with the core 

being mapping the optimal configuration path.
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Figure 1：Schematic diagram of optimization process for secondary system configuration of intelligent substation 

 

Existing research has transformed the configuration 

problem into a decision-making problem with multiple 

objectives. By categorizing the configuration results into 

numerical categories and setting performance evaluation 

indicators, it is possible to conduct mathematical 

comparative analysis and rank the advantages and 

disadvantages of various options. Due to the numerous 

nonlinear relationships and interaction patterns among 

parameters in the secondary system, it is necessary to 

add graphical data or network logic rules during the 

model building process to enhance the practicality of the 

model. 

In terms of algorithm adaptability, different 

optimization requirements will generate different 

algorithm performance requirements. For example, 

when facing a large search space and multiple problem 

variables, traditional exhaustive or rule-based 

processing methods may not meet the requirements of 

speed and accuracy. Artificial intelligence technology 

has high adaptability in handling such problems, 

especially in seeking solutions to complex constraints. 

For example, swarm intelligence technologies such as 

particle swarm optimization and genetic algorithms are 

suitable for adjusting parameters and seeking solutions 

that meet the conditions; Using real-time feedback 

information to enhance reinforcement learning for 

optimizing control strategies; Deep neural networks can 

analyze past configuration data to find patterns and make 

predictions or recommendations for future decisions. 

At the same time, the coordination and matching 

between algorithms and system architecture should be 

considered. For example, in complex network topology 

settings, graphical neural networks can be used to 

represent the connectivity relationships between nodes; 

When real-time response is required, the real-time 

performance of the system can be enhanced through the 

integration of lightweight models and edge computing 

frameworks. Therefore, establishing models and 

selecting algorithms are the core technical support for 

intelligent configuration systems, At the same time, the 

coordination and matching between algorithms and system 

architecture should be considered. For example, in complex 

network topology settings, graphical neural networks can 

be used to represent the connectivity relationships between 

nodes; When real-time response is required, the real-time 

performance of the system can be enhanced through the 

integration of lightweight models and edge computing 

frameworks. Therefore, establishing models and selecting 

algorithms are the core technical support for intelligent 

configuration systems. Based on the analysis of the 

adaptability of multiple algorithms, this article chooses to 

use the combination of CNN and SVM to establish the core 

technology for feature extraction and classification. CNN 

can extract the connections between secondary systems and 

network structure feature information, identify the 

connections between nodes and possible anomalies, while 

SVM has good stability in multi-objective optimization and 

high-dimensional classification, and can complete 

performance indicator discrimination under constraint 

conditions. On the basis of preventing model overfitting 

and reducing computational costs, it can be applied to the 

configuration optimization of secondary systems, and can 

also be adapted to their multi strategy joint optimization 

system. 

4  Configuration optimization 
algorithm design and model 
construction path 

4.1  Feature parameter extraction and data 
preprocessing mechanism 
In terms of the configuration of the secondary system of an 

intelligent substation, the system contains various types of 

information, such as electricity measurement information, 

safety setting configuration information, communication 

status information, equipment logic information, etc. If this 

Configure task initiator 

Send configuration 

request 

Write system feedback Output configuration plan 

Match configuration path 

Configureo ptimizational 

gorithm platform 

Analyze structure and 

requirements 
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information is directly modeled, incorrect results will 

occur. Therefore, it is necessary to extract systematic 

feature factors and implement data preprocessing work 

to provide stable adaptation effects for subsequent 

modeling. 

Normalize numerical power parameters using the 

minimum maximum normalization method, mapping all 

variables to the [0,1] interval to avoid physical 

dimensional differences affecting model training. The 

expression is as follows: 

minmax

min

xx

xx
x

−

−
=

       （3） 

Among them, x is the original data value, minx  and 

maxx  are the minimum and maximum values of the 

variable in the sample set, respectively, and x  is the 

normalized result. This method is suitable for protecting 

bounded numerical variables such as fixed values and 

voltage amplitudes. 

For data with strong volatility and uncertain scale, 

such as communication delay and load change rate, using 

Z-score standardization processing can better highlight 

its abnormal characteristics: 



−
=

x
z

          （4） 

Among them,  is the average value of the variable, 

 is the standard deviation, x is the original data, and 

z is the standardized value. This processing method can 

make the variable distribution tend towards a standard 

normal state, which is beneficial for the training stability 

of deep learning networks. 

In terms of feature construction, for the connection 

topology between devices, a graph structure modeling 

approach is adopted to represent node relationships. The 

adjacency matrix is input into the graph neural network 

for structure perception and feature aggregation, 

achieving structured learning of complex logical 

topologies. Communication quality data is extracted 

through a sliding window mechanism to extract local 

dynamic changes, such as the maximum packet loss rate 

within five minutes and the fluctuation range of channel 

delay, to assist in identifying abnormal nodes or path 

bottlenecks. 

To avoid redundant information interfering with the 

learning process, it is also necessary to perform 

dimensionality reduction on the original feature set. 

Principal component analysis is often used to extract the 

main influencing factors, while combining mutual 

information algorithms to remove low correlation 

features, thereby improving the computational efficiency 

of the model and reducing the risk of overfitting. In 

addition, clustering based encoding methods (such as K-

means encoding) can also be used for structural 

transformation of non numerical features to achieve a 

unified input format. 

The final dataset should have three characteristics: 

unified variables, clear structure, and clear dynamism. 

To ensure the efficiency of model integration, 

standardized data interface formats (such as JSON or CSV) 

should be adopted, and automated processing and model 

integration should be carried out through data 

preprocessing pipelines to build a stable and efficient input 

foundation for subsequent deep learning algorithms. 

4.2  Optimization algorithm model 
construction and selection basis 
Due to the complex issues of high state space and a large 

number of constraints required for the secondary system 

configuration of intelligent substations, traditional manual 

configuration methods cannot adapt to the increasing 

number of devices and the coexistence of multiple functions. 

Therefore, it is necessary to use artificial intelligence 

technology to construct a reasonable and efficient search-

based optimization model. This type of problem mainly 

involves using models to describe the relationship between 

system state and target requirements, and then optimizing 

through algorithms. 

The optimization configuration goals pursued include 

three dimensions: accuracy, efficiency, and resource 

utilization efficiency. To quantify the performance of 

different combination schemes, the following function can 

be established: 

( ) ( ) ( ) ( )xDxCxAxf −−= 321 
（5） 

Among them, x  represents the configuration variable 

vector to be optimized, including device number, function 

binding, link parameters, etc; ( )xA is the coverage of 

configured functions, reflecting the degree to which the 

solution meets various protection, measurement and control, 

and communication functions; ( )xC is the resource 

overhead indicator, which calculates device utilization, 

communication load, and memory usage; ( )xD  is the 

system response delay; 321  ，，  is the weight 

coefficient, and weights are allocated based on actual needs 

to meet 1321 =++  ,The allocation is based on the 

importance of optimization objectives: 1   is the accuracy 

of configuration, which is set at 0.5 according to the 

reference grid configuration standard; 2 is resource 

efficiency, set to 0.3;
3  is the response delay, set to 0.2, 

satisfying the normalization constraint. 

For the above optimization objectives, current 

mainstream algorithms include genetic algorithm, particle 

swarm optimization algorithm, reinforcement learning, and 

graph neural network. GA adapts to processing structure 

allocation and routing optimization through individual 

coding and population evolution mechanisms; PSO is 

suitable for solving parameter tuning problems, with fast 

convergence speed and controllable search paths; RL 

achieves adaptive optimization of configuration decisions 

through strategy learning, suitable for problems with clear 

state transitions and quantifiable feedback; GNN is used to 

express the topology and functional dependencies between 

devices, and is suitable for building structure aware 

configuration models. On this basis, this article adopts the 
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CNN-SVM hybrid algorithm as the main research 

algorithm. CNN is responsible for effectively extracting 

system network framework features and operational 

characteristics, using a three-layer convolution and 

pooling structure to maintain the multi-level nature of 

feature descriptions; SVM can run stably in highly 

complex feature classification tasks with excellent 

performance, so this study uses RBF kernel function to 

optimize the classification process. In this training 

process, set the learning rate to 0.001, batch size to 128, 

epochs to 500, and use a five eight cross test to measure 

the model's large interval fitness. This combination can 

achieve high device configuration accuracy while 

avoiding overfitting of individual models. Moreover, the 

computational cost of this model is lower than that of 

other models, making it more suitable for optimizing the 

configuration of secondary systems. It can also be 

seamlessly integrated with various strategies for joint 

optimization systems. 

When conducting practical operations, some 

algorithms are combined to construct hybrid models, 

such as using PSO and deep learning to adjust 

connection parameters or using GNN+RL to construct 

logical control paths to improve the adaptability and 

computing power of the model. Finally, a suitable model 

is selected and combined with factors such as task type, 

data type, and computing power requirements to ensure 

that the path can be optimized and meet the deployment 

requirements. 

4.3  Construction and iteration 
mechanism of multi strategy collaborative 
optimization framework 
In response to the challenges of strong parameter 

correlation, complex objective function, and dynamic 

changes in operational constraints in the secondary 

system configuration of intelligent substations, a single 

optimization algorithm often fails to meet the 

requirements of accuracy, speed, and flexibility 

simultaneously. Therefore, it is necessary to construct a 

diversified strategy joint optimization framework, which 

can improve the optimization quality and model stability of 

the joint optimization scheme through the filling and 

iterative updating of the functions of each algorithm 

component. 

This framework includes three core modules: the search 

guidance module is responsible for global sampling of 

large-scale parameter spaces, often using genetic 

algorithms or particle swarm optimization algorithms to 

construct initial solution sets; The local reinforcement 

module adjusts the strategy under the guidance of feedback 

signals and can introduce reinforcement learning methods 

such as Q-learning; The structural discrimination module 

uses graph neural networks to perform topological 

constraint verification on the configuration results, 

achieving early filtering of infeasible solutions. These 

modules form a loop mechanism through intermediate 

result sharing and performance indicator feedback to avoid 

optimization stagnation or overfitting. In addition, in the 

input and result verification stage of the multi strategy 

framework, this study uses the CNN-SVM combination 

pattern as the basic framework for input and output result 

confirmation. This is because CNN's ability to distinguish 

network structure and operational characteristics is utilized, 

while SVM is used to ensure the high efficiency and 

stability of high-dimensional data classification. The 

combination of the two can significantly increase the 

feature representation and judgment capabilities of the 

entire system, thereby achieving the optimal balance 

between the two and achieving good convergence rate and 

high accuracy. 

As shown in Figure 2, this study adopts a collaborative 

optimization system consisting of GA/PSO, RL, and GNN. 

GA/PSO first performs a global search to find the initial 

solution set, then RL adjusts and refines the solution space 

according to feedback information, and finally GNN is used 

for topological constraint judgment and elimination of 

solutions that are invalid for the goal. By sharing feedback 

results and achievements in a collaborative manner, the 

goal is to achieve a progressive cycle, which can effectively 

achieve high-precision work efficiency. 

 
Figure 2: Schematic diagram of multi strategy collaborative optimization framework process  

 

 

In the scheduling process, in order to improve the 

efficiency of multi strategy collaboration, a unified 

performance evaluation function needs to be constructed. 

Assuming the current solution is x, the evaluation 

function is as follows: 

( ) ( ) ( )xBwxAwxF += 21 （6） 

Among them, ( )xA can correspond to accE  (the 

complement of configuration error rate, i.e. 

configuration accuracy) in the objective function of 

section 3.2, while ( )xB combines useR and respT in section 

3.2, reflecting system resource consumption and timeliness 

through weight conversion, and 21, ww
is the weight 

coefficient, which satisfies 121 =+ww and can be 

adaptively adjusted according to the optimization scenario.  

In terms of optimization control, a reward feedback-

based update mechanism is introduced to enhance the 

algorithm's dynamic response capability. After each 

iteration, the improvement value is calculated by comparing 
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the current strategy score of ( )xF with the previous 

round's optimal score of ( )*xF ： 

( ) ( )*xFxF −= （7） 

If ＞0 , enhance the sampling probability of the 

current strategy; If 0 , reduce the search scope of 

the strategy in the next iteration and construct a three-

stage iteration rhythm of "exploration compression re 

evaluation". 

This multi strategy collaborative framework has 

demonstrated good performance in simulation testing, 

especially exhibiting strong robustness in complex 

topologies and non-standard wiring scenarios. The 

effective coupling between algorithm modules improves 

optimization accuracy and speed, laying a reliable 

foundation for building an intelligent, flexible and 

adjustable configuration mechanism for substation 

secondary systems. 

5  Configuration optimization 
system integration implementation 
and functional evaluation 

5.1  Configuration optimization system 
architecture and key module deployment 
To achieve efficient configuration optimization of the 

secondary system of smart grid substations, it is 

necessary to build a system architecture with modularity, 

intelligence, and real-time response capabilities. The 

overall system adopts a four-layer structure of "data 

access feature extraction optimization decision 

deployment verification", embedding multiple types of 

computing modules and interface adaptation units to 

ensure the integrity of data processing and the 

operability of algorithm deployment. 

The bottom layer of the system architecture is the data 

access layer, which receives multi-source data uploaded 

by subsystems such as SCADA, station control units, and 

protection devices, covering voltage, current, telemetry 

status, communication links, and other content. The 

middle layer is the parameter processing and feature 

modeling module, which constructs device relationships 

based on graph structures, extracts core feature variables 

such as topology, signal paths, and configuration 

templates, and completes normalization and 

standardization operations through preprocessing 

modules. 

The core computing layer is an intelligent 

optimization module embedded with a multi strategy 

algorithm scheduling unit.The core computing layer is 

an intelligent optimization module embedded with a 

multi strategy algorithm scheduling unit. Simultaneously 

integrating CNN-SVM hybrid model for feature 

extraction and classification discrimination, improving 

the accuracy and stability of configuration results, and 

collaborating with multiple strategy units to achieve 

optimization.Different algorithm modules share variable 

pools through message middleware, supporting 

asynchronous calling and feedback driven. Its output is 

configuration vector  n21 x,…,, xxx = , with each ix

corresponding to the configuration result of a certain 

functional point, such as communication channel selection, 

protection device connection number, etc. The system 

evaluation adopts the following functions: 

( ) ( )i

n

i

ii xfxS 
=

=
1


（8） 

Among them, ( )ii xf  represents the performance score 

(such as latency and reliability) of the i  configuration item, 

i  is its weight coefficient, allocated according to task 

importance, and ( )xS   represents the comprehensive 

score of the overall plan. 

The top layer is the deployment and validation module, 

which imports the optimization results into the simulation 

platform and actual interface protocol for logical validation 

and boundary testing, ensuring that the configuration output 

has stability and practicality. This architecture fully 

integrates computing intelligence and system control 

characteristics, with good scalability and deployment 

adaptability, providing technical support for configuration 

management in complex power grid environments. 

5.2  Automated implementation of algorithm 
integration and configuration process 
To achieve automated configuration optimization of the 

secondary system of smart grid substations, algorithm 

modules need to be deeply integrated into the configuration 

process, forming a data-driven fully closed-loop execution 

chain. The system coordinates data perception, feature 

processing, algorithm invocation, configuration output, and 

verification feedback through a scheduling engine, 

supporting rapid response and precise execution in various 

operating scenarios. 

On the specific implementation path, the configuration 

process consists of three stages: input feature mapping, 

model solving, and parameter deployment. The input end 

receives station control equipment data streams through the 

interface layer, including electrical parameters, 

communication status, and topology information. The 

intermediate processing layer calls corresponding 

optimization algorithm models based on task requirements, 

such as genetic algorithms, convolutional neural networks, 

support vector machines, graph neural networks, etc., to 

dynamically adjust the strategy path, ensuring that the 

feature extraction and classification discrimination process 

is consistent with the overall optimization process. The 

output end automatically generates standard configuration 

instructions and pushes them to the actual device through 

the southbound protocol interface to complete the 

configuration landing. 

In order to measure the overall intelligence level of the 

configuration process, a configuration automation 

evaluation function is introduced: 

+
=

h

m

T

T
A

（9） 
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Among them, A represents the degree of automation 

in configuration, mT is the time it takes for the machine 

to independently complete the configuration process, 

hT is the time required for manual completion of the 

same task, and   is a small positive square with a 

denominator of zero. The larger the value, the higher the 

automation efficiency. 

To support this automation capability, the system 

design has strengthened the model's update mechanism 

and parameter caching logic, achieving adaptive 

evolution of the policy model in multiple calls. The 

status and algorithm performance of each node in the 

process are recorded in real-time for feedback training in 

the next round of configuration, forming a learnable 

closed-loop mechanism. Automated implementation not 

only improves configuration response efficiency, but 

also lays the technical foundation for subsequent large-

scale deployment and iterative optimization of the 

system. 

5.3  Comparative analysis and 
effectiveness evaluation of configuration 
results 
To verify the performance advantages of AI algorithms 

in the configuration of secondary systems in substations, 

a comparative experimental platform was built, The "AI 

optimization system" in this study uses the CNN-SVM 

hybrid mode as the main logic and introduces GNN and 

RL to form a multi strategy collaborative system. The 

basic comparison schemes such as "traditional manual 

configuration", "GA", "PSO", "CNN", "SVM", 

"CNN+SVM" are all run in the same machine 

environment (quad core CPU, 32GB RAM, Kubernetes 

container cluster), and use the same data input (16 typical 

substation scenarios, obtained from the 2023 version of the 

State Grid Corporation of China's typical design library) to 

ensure fairness and comparability. In the experimental 

design, an 8:2 ratio was used to divide the training set and 

validation set, in order to achieve the goal of the former 

learning model parameters and the latter judging model 

performance. In addition, a 5-fold cross validation method 

was used, and the final evaluation index was obtained by 

taking the mean of each cross-training sample. During the 

system operation, four core indicators including 

configuration accuracy, resource utilization, configuration 

error rate, and response efficiency are automatically 

recorded. All data is collected by the Prometheus platform 

and transmitted to the backend database in JSON format. 

Finally, a Python script is called to Matplotlib to generate a 

bar chart for performance analysis. 

The comparison results show that the AI optimized 

system achieves an accuracy rate of 96.2%, significantly 

higher than the 88.8% manually configured; The resource 

utilization rate has increased from 70.4% manually 

configured to 82.5%, reflecting a better scheduling strategy 

for computing resources and communication bandwidth; In 

terms of configuration error rate, the AI system has reduced 

to 1.6%, significantly lower than the 5.7% manually 

configured, effectively avoiding logical conflicts and link 

redundancy; The response efficiency index is set to a 

benchmark value of 100% for manual configuration, and 

the AI system achieves 162.6% in the same environment, 

demonstrating a significant acceleration effect after the 

automation of the configuration process. The above data, as 

shown in Figure 3, demonstrates the comprehensive 

performance improvement of AI algorithms in multiple 

dimensions.

 
Figure 3：Bar chart comparing the performance of AI optimization system and manual configuration system 

 

The above results were processed by an independent 

data analysis module, structured and visualized using 

Pandas and Seaborn libraries, and finally presented in 

the form of a bar chart. The chart can be embedded in the 

front-end interface for dynamic display, and supports 

linkage updates with the configuration platform, 

facilitating subsequent system evaluation and 

optimization adjustments. The overall evaluation shows 

that AI algorithms not only have good engineering 

adaptability, but also can achieve efficient, accurate, and 

stable operation of configuration processes, providing a 

feasible technical path for the deployment of secondary 

systems in smart grids. 

To ensure the credibility and accuracy of the conclusions 

drawn from data analysis, independent sample t-tests were 

used to test some important parameters during the 

comparative testing phase. The results showed a significant 

improvement in system accuracy (p<0.01) and a significant 

reduction in reaction time (p<0.05). The improvement in 

accuracy and reaction speed was also tested using a 95% 

confidence interval, with accuracy rates of [7.8%, 13.5%] 

and reaction speeds of [36.2%, 41.7%], confirming the 
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credibility of the conclusion. The results of this 

experiment are completely in line with expectations: 

objective (1) has been verified through the use of CNN-

SVM, which improves accuracy and reduces error rate; 

Goal (2) is reflected, and after various strategies, the 

response time is shortened and the stability of the system 

is enhanced; Objective (3) is supported in multi scenario 

testing, and the model exhibits scalability under different 

voltage levels and station conditions. 

5.4  System response performance, 
stability, and scalability testing 
To comprehensively evaluate the operational 

performance of AI driven configuration optimization 

systems in practical application scenarios, a testing 

platform with different task scales and load scenarios is 

constructed, focusing on testing response performance, 

system stability, and scalability for variable power plant 

structures. The testing environment is based on Docker 

container deployment, configured with 4-core CPU and 

32GB memory, and equipped with a Kubernetes based 

scheduling platform. The testing tasks include typical 

configuration request processing, abnormal link 

simulation, and multi site concurrent scheduling. To 

ensure the credibility and accuracy of the conclusions 

drawn from data analysis, independent sample t-tests 

were used to test some important parameters during the 

comparative testing phase. The results showed a 

significant improvement in system accuracy (p<0.01) 

and a significant reduction in reaction time (p<0.05). The 

improvement in accuracy and reaction speed was also tested 

using a 95% confidence interval, with accuracy rates of 

[7.8%, 13.5%] and reaction speeds of [36.2%, 41.7%], 

confirming the credibility of the conclusion. The results of 

this experiment are completely in line with expectations: 

objective (1) has been verified through the use of CNN-

SVM, which improves accuracy and reduces error rate; 

Goal (2) is reflected, and after various strategies, the 

response time is shortened and the stability of the system is 

enhanced; Objective (3) is supported in multi scenario 

testing, and the model exhibits scalability under different 

voltage levels and station conditions.Response performance 

is calculated by the average delay from task triggering to 

configuration completion, stability is monitored by service 

availability under 72 hours of high-frequency requests, and 

scalability is measured by resource utilization and system 

response retention ratio under concurrent task growth. 

The test results show that the system maintains an 

average response time of 2.8 seconds and system 

availability of over 99.3% in medium scale (within 50 

nodes) scenarios; When the number of nodes was expanded 

to 200, the response time slightly increased to 3.7 seconds, 

but the resource utilization rate remained at 86.1%, 

reflecting the system's good load regulation and resource 

allocation capabilities. In the scalability test, during the 

high concurrency dynamic generation of topology structure 

and execution constraint mapping process, the system did 

not experience memory leaks, thread blocking, or module 

crashes, and the configuration accuracy remained stable at 

95.4%.

 
Table 3：Evaluation indicators for system response performance and stability under different task scales 

Task scale 
(number of 
nodes) 

Average 
response time 
(S) 

System 
availability (%) 

Resource 
utilization rate 
(%) 

Configuration 
accuracy (%) 

50 2.8 99.3 86.7 95.4 

100 3.2 99.2 87.1 95.1 

200 3.7 99.1 86.1 95.0 

As shown in Table 3, the system exhibits good 

stability and scalability under different load levels, 

which can support the deployment requirements of large-

scale smart grid secondary systems and have the ability 

to continuously evolve and horizontally replicate for 

engineering scenarios. 

5.5  Efficiency comparison analysis with 
manual configuration method 

To compare the specific differences in efficiency 

between the configuration methods of artificial 

intelligence algorithms and traditional manual 

configuration, a unified testing platform is constructed 

to compare four indicators: configuration completion 

rate, total task time, configuration accuracy, and human 

intervention ratio. All data is based on the manual 

configuration method (set as 100%) and converted into a 

percentage expression to highlight the relative performance 

of AI optimized systems. 

In terms of task completion efficiency, the total time it 

takes for AI systems to complete tasks with the same 

configuration is 58.6% of manual configuration, 

demonstrating significant advantages in automated 

scheduling; In terms of configuration accuracy, the AI 

configuration result is 107.1%, which is 7.1% higher than 

manual configuration; In terms of human intervention 

requirements, the intervention frequency required by AI 

systems is only 27.1% of that of manual processes, 

significantly reducing the cost of human intervention; The 

overall completion rate of configuration tasks remains at 

99.3%, higher than the manual configuration rate of 93.6%, 

which is about 106.1%. As shown in Figure 4, the AI system 

has achieved varying degrees of optimization in all four 

core indicators, with reasonable advantages and no extreme 

data fluctuations. 
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Figure 4：Efficiency comparison bar chart of configuration modes 

 

During the data collection process, the system 

monitors indicators through the Prometheus platform 

and writes the results in JSON structure to the backend 

database. Python scripts are used to complete 

standardization conversion and bar chart visualization 

processing. The analysis results indicate that artificial 

intelligence algorithms have stability and promotional 

value in improving configuration efficiency, accuracy, 

and reducing manual dependence. They can be used as 

one of the optimization paths in the deployment of 

secondary systems in smart grid substations, providing 

solid support for subsequent system upgrades and 

intelligent scheduling. 

6  Discussion 

6.1  Adaptability of algorithm models in 
different power grid scenarios 
In the multi strategy collaborative optimization 

framework, the CNN-SVM hybrid model serves as the 

core algorithm to undertake the basic tasks of feature 

extraction and classification discrimination, while GA, 

PSO, RL, and GNN serve as auxiliary optimization and 

structural adaptation modules, forming a clear 

combination of primary and secondary with CNN-SVM 

to ensure the overall performance improvement of the 

framework. The experimental results show that CNN has 

high accuracy in extracting complex topological features, 

while SVM maintains stability in multi constrained high-

dimensional classification. The combination of the two 

not only improves the overall convergence speed, but 

also demonstrates consistent advantages in different 

power grid scenarios, thus verifying the empirical value 

of CNN-SVM fusion. 

In response to the significant differences in power 

grid structure and regional loads in practical applications, 

this study selects three typical scenarios: urban main 

network, county-level distribution network, and 

mountainous microgrid, to compare and test the 

adaptability of AI configuration models. The experimental 

platform is based on Kubernetes container cluster 

deployment, and uniformly calls the CNN-SVM hybrid 

model and GNN structure encoding and policy network 

scheduling module to achieve collaborative operation of 

feature extraction, classification discrimination, and 

structure adaptation, ensuring consistency between input 

features and optimization processes. The testing task covers 

secondary loop topology identification, device constraint 

solution, and communication link reuse, comprehensively 

evaluating the response accuracy, convergence speed, and 

mismatch rate of the model in different scenarios. 

The results show that the AI algorithm performs the best 

in the urban main network environment, with model 

convergence rounds less than 35 times and configuration 

error controlled at 1.2%; The model can maintain an 

accuracy of over 92% in county-level distribution networks, 

but due to data disturbances and device diversity, the 

mismatch rate slightly increases to 2.7%; In the testing of 

microgrids in mountainous areas, due to unstable 

topological boundaries, the convergence stability of the 

model decreases in some tasks and needs to be reinforced 

through incremental learning strategies. In addition, there 

are significant differences in training time, inference delay, 

and resource utilization among the three scenarios: the 

average training time of the urban main network is about 

1.8 hours, inference delay is 320ms, and CPU utilization is 

68%; The training time for county-level distribution 

network is 2.4 hours, with a inference delay of 410ms and 

a CPU usage rate of 72%; The training time for 

mountainous microgrids has been increased to 3.1 hours, 

with a inference delay of 530ms and a CPU usage rate of 

79%. The specific comparison is shown in Table 4, which 

reflects the dynamic relationship between model 

adaptability and environmental complexity.

 
Table 4：Comparison of AI model adaptability test results under different power grid scenarios 

Grid type Average 
accuracy 

Convergence 
rounds 

Configuration 
mismatch rate 

Training 
time 

Reasoning 
latency 

CPU 
usage 

City Main 
Network 

97.8% 34 1.2% 1.8h 320ms 68% 

County level 
distribution 
network 

92.4% 49 2.7% 2.4h 410ms 72% 

Mountain 
microgrid 

89.6% 62 4.1% 3.1h 530ms 79% 
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In order to highlight the advantages of the method 

proposed in this article, the experimental results were 

compared with typical algorithms in relevant worksheets. 

The configuration accuracy of CNN-SVM hybrid model 

reaches 96.8%, which is higher than 88% of genetic 

algorithm, 91% of particle swarm optimization, 94% of 

CNN, and 95% of deep reinforcement learning; The 

response time has been shortened to 0.42 seconds, and 

the error rate has been controlled within 2.1%, both of 

which are better than the single model method. 

The reason for the performance improvement is that 

CNN can efficiently extract features, SVM is more 

robust in high-dimensional classification, and the 

combination of the two avoids overfitting and 

insufficient generalization. Multi strategy collaborative 

optimization further improves convergence speed and 

real-time performance. 

6.2  Technical challenges and engineering 
countermeasures in actual promotion 
Although introducing artificial intelligence algorithms 

into the secondary system of smart grid substations has 

advantages in configuration efficiency and accuracy, 

there are still multiple technical bottlenecks in the actual 

promotion process. Firstly, system training relies on 

large-scale annotated data, and there is significant 

heterogeneity in topology, device types, and 

communication protocols among different regions of the 

power grid, which limits the model's generalization 

ability. To this end, it is necessary to introduce federated 

learning mechanisms to achieve local optimization and 

global parameter sharing of regional models, and 

enhance the model's adaptability under multi-source data 

conditions. 

AI model reasoning requires a large scale of 

computing resources, especially resource contention that 

may occur when multiple sites are scheduled at the same 

time. Model pruning and operator fusion are needed to 

solve the reasoning pressure, and Kubernetes+edge 

computing architecture is combined to achieve dynamic 

scaling; At the same time, due to the poor compatibility 

between the interfaces of existing systems and SCADA 

and EMS platforms, it will increase construction costs. 

Therefore, it is possible to improve the flexibility of 

interaction with traditional systems by packaging AI 

modules into microservices. 

Future research will further explore the cross regional 

generalization ability in larger scale power grid 

environments, enhance the interpretability of models 

through federated learning and knowledge graph, and 

promote the long-term application and standardization of 

AI configuration optimization in engineering through 

deep coupling with actual power grid operation and 

maintenance platforms. 

7  Conclusion 
This paper proposes a configuration optimization 

method based on CNN-SVM hybrid model to address the 

complex configuration problem of secondary systems in 

substations in the smart grid environment. A multi strategy 

collaborative framework is formed by combining graph 

neural networks and reinforcement learning strategies to 

solve the complex configuration problem. The method has 

been integrated and verified in multiple scenarios in 

practical applications, and has been validated in practice. 

Compared with traditional manual configuration methods, 

this method can more accurately, quickly, and efficiently 

meet resource utilization needs, especially for multi site 

simultaneous management and variable network topology 

structures, which have significant advantages. At the same 

time, by introducing automated scheduling mechanisms, 

real-time monitoring feedback, and visual analysis tools, 

the entire configuration process can shift from a command-

based approach to a data-driven approach. 

The deployment based on container and microservice 

systems has achieved good collaboration between modules 

and system elasticity and scalability. Meanwhile, utilizing 

Prometheus and Kubernetes enables full process tracking, 

collection, and analysis of task execution, ensuring the 

practicality and stable operation of algorithm 

implementation. To solve the problem of inconsistent data 

across different regions, we have begun to explore model 

transfer and shared solution strategies to enable broader-

scale basic applications. 

The AI model developed in this paper has good 

universality and can be applied to different scenarios and 

tasks. Therefore, based on this, we can propose a new way 

for edge computing nodes to coordinate with the central 

server to achieve rapid response and configuration loop 

control of the whole system, especially when the network is 

limited or the local facilities are insufficient. Considering 

that the system needs to better cope with changes in 

topology and device constraints, knowledge graphs can be 

used to guide the adaptive modeling and transformation of 

GNN structures into structure-based configuration patterns. 

The system in this study has a certain generalization ability 

when facing unfamiliar topology structures, and can 

directly perform preliminary inference and configuration 

through existing model parameters without the need for 

complete retraining. However, in cases of significant 

topological differences or significant changes in constraint 

conditions, incremental learning or lightweight fine-tuning 

is still necessary to ensure the convergence stability and 

performance reliability of the model in new scenarios. This 

strategy is demonstrated in experiments as a plug and play 

adaptation to small-scale structural changes, while for 

large-scale topological changes, model updates are 

completed through a small amount of iterative training, thus 

maintaining a balance between efficiency and accuracy. 

In summary, introducing artificial intelligence 

algorithms into the secondary system configuration of 

power substations has innovated and optimized the original 

configuration process, and provided new mode support for 

the new architecture of intelligent power grid management 

mode, with reusability and scalability. In the subsequent 

promotion and application, it is necessary to continuously 

optimize the model security, interface consistency, and data 

standardization processing to ensure the long-term stable 

operation and scale promotion of this configuration. 
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Appendix a  experimental 
reproduction details 
1.Algorithm implementation: CNN three-layer 

convolution+pooling (convolution kernel 3 × 3, 

activation function ReLU), SVM uses radial basis kernel 

function. 

2. Training parameters: Learning rate of 0.001, batch 

size of 128, iteration count of 500, optimizer Adam. 

 3.Dataset: 16 scenarios from the typical design 

library of State Grid 2023, divided into 8:2, with both the 

training and testing sets using five-fold cross validation.  

4. Operating environment: 4-core CPU, 32GB 

memory, Kubernetes container cluster; The operating 

system is Ubuntu22.04, Python3.10, and the main 

dependency libraries are TensorFlow 2.11 and Scikit 

learn1.2.  

5.Evaluation indicators: configuration accuracy, 

resource utilization, configuration error rate, response 

efficiency; The statistical method is independent sample 

t-test and 95% confidence interval.  

6.Reproduction explanation: The data interface is 

input in JSON format, and both model training and result 

analysis are implemented through Python scripts, which 

can be directly run in Prometheus and Matplotlib 

environments. 

To enhance reproducibility, this article provides 

pseudocode for the core training process as follows: 

# Pseudocode: CNN–SVM Training and Evaluation 

1. Load dataset (JSON), split into 80% training and 

20% testing. 

2. Preprocess features: 

   - Min–Max scale numeric features 

   - Z-score normalize fluctuating features 

   - Apply PCA/MI for feature selection 

3. Build CNN (3 conv–pool layers, kernel 3×3, ReLU) 

for feature extraction. 

4. Build SVM (RBF kernel) for classification. 

5. Train CNN–SVM with learning_rate=0.001, 

batch_size=128, epochs=500, 5-fold CV. 

6. Evaluate on test set → report accuracy, utilization, 

error rate, response efficiency. 

This pseudocode demonstrates the main steps of data 

preprocessing, model building, training, and evaluation, 

which readers can use to reproduce the experimental 

process. 
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Accurately predicting corporate investment and financing behavior is crucial for improving financial 

intelligence and capital allocation efficiency. This article proposes an economic data-driven multi-task 

deep prediction model that integrates Gated Recurrent Unit (GRU) networks with a multi-head attention 

mechanism to process multi-source heterogeneous economic variables, including macroeconomic 

indicators, corporate financial data, and market sentiment factors, under a unified structure. The model 

constructs multivariate time-series samples through sliding windows and employs a dual-output 

architecture to perform regression prediction of financing intensity and classification recognition of 

behavioral states into three classes (expansion, wait-and-see, contraction). To enhance responsiveness to 

behavioral transition patterns, a feature cross-attention mechanism and a joint loss function optimization 

strategy are introduced, improving nonlinear behavior learning capability and generalization robustness. 

Based on empirical data from 232 A-share listed companies, covering 12,840 training samples over the 

past decade, the experimental results showed that the model achieved a coefficient of determination (R²) 

of 0.862 in the financing prediction subtask, an accuracy of 88.3% in the classification task, and a Macro-

F1 value of 0.841. Compared with baseline machine learning methods including Support Vector 

Regression (SVR), Random Forest (RF), and Multi-Layer Perceptron (MLP), the model demonstrated 

superior error control and trend fitting ability. Overall, the model exhibits high prediction accuracy, 

stability, and industry adaptability, providing a feasible technical path and empirical basis for building a 

data-driven intelligent investment and financing analysis system for enterprises. 

Povzetek: Razvit je večopravilni BiGRU-model z večglavo pozornostjo za napovedovanje intenzivnosti 

ter klasifikacije investicijsko-finančnega vedenja podjetij iz večizvornih ekonomskih podatkov. Preverjen 

je na 12.840 vzorcih. 
 

1  Introduction 
With the increasingly active business activities and 

uncertain business environment, investment and 

financing have become the most important means of 

strategic change and allocation for enterprises, and are 

facing unprecedented pressure. In the past, corporate 

investment and financing activities mainly relied on the 

intuition of financial experts and the evaluation of static 

reports. Nowadays, the emergence of a large amount of 

structural and non-structural economic information has 

made it possible to establish intelligent decision-making 

mechanisms driven by data. The important reason behind 

this is the extreme integration of artificial intelligence 

and big data analysis technology, which has led 

corporate financial management activities to a higher 

level of intelligence. 

Enterprises' investment and financing decision-

making actions will continue to be dynamic, and 

fundamentally, it is the result of a series of multi-level, 

multi cycle, and multi factor interactions. This action 

path depends on the interaction between internal factors 

(such as business operations and asset liability ratios) and 

external macroeconomic factors (such as interest rates, 

government intervention, industrial cycles, etc.), exhibiting 

strong irrational factors and periodic jumps. Therefore, how 

to find dominant indicators from massive, multi cycle, and 

multi factor economic information, accurately capture 

action patterns and future development trends is a major 

technical challenge in the field of intelligent financial 

model research [4]. 

It should be noted that, in contrast, traditional statistical 

modeling is very suitable for linear relationship 

assumptions, while today's machine learning techniques 

and deep learning methods can provide useful information 

for predictive analysis of complex and noise intensive data. 

Especially for time series prediction and behavior 

recognition, it has great advantages [5]. By utilizing 

economic data from various sources to establish a 

predictive model that can grasp structural changes and 

understand development trends, enterprises can have better 

foresight and countermeasures when facing market 

fluctuations or financial pressures. 
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This article intends to design a prediction model for 

investment and financing activities of listed companies 

that integrates economic data feature analysis and 

intelligent algorithm optimization, taking into account 

the construction of the economic theory model 

framework, the diversity and real-time nature of input 

data, and the commercial understanding of industrial 

financial management based on algorithm output results. 

The goal is to pursue the "interpretability" and 

"predictability" of prediction. Using data from several 

representative listed companies to test the model and 

evaluate its predictive accuracy, robustness, and 

adaptability, this article concludes by describing and 

explaining the potential application value of the model 

in industrial financial management. 

Specifically, this study aims to address the 

following research questions: 

(1) Can a BiGRU with multi-head attention achieve 

higher accuracy than traditional machine learning 

models (e.g., SVR, RF, MLP) in predicting financing 

intensity? 

(2) Can a multi-task architecture jointly modeling 

regression and classification tasks improve robustness 

and interpretability in forecasting enterprise investment 

and financing behaviors? 

(3) How does the proposed model perform across 

heterogeneous economic data sources in terms of 

adaptability and stability? 

The structure of this article is as follows: Chapter 2 

provides an overview of the current research status and 

basic concepts on this topic both domestically and 

internationally; Chapter 3 introduces the modeling 

process and key parameters of the constructed model; 

Then Chapter 4 verifies the effectiveness and economic 

explanatory power of the predictive function of the 

model proposed in this article through examples; 

Chapter 5 is an analysis of how the established model 

can be applied to actual business scenarios, and will also 

elaborate on possible issues that may arise; Chapter 6 

provides a comprehensive overview of the entire text and 

outlines future development trends. 

2  Related work 

Due to the increasingly complex and data-driven 

decision-making nature of corporate investment and 

financing behavior, accurately predicting changes in 

corporate investment or borrowing has always been a 

topic of sustained interest for scholars and practitioners. 

Although research methods continue to develop, the 

dynamic evolution process of high-dimensional 

nonlinear data characteristics and economic variable 

interactions is complex and may have multiple driving 

factors, making investment and lending predictions still 

difficult [6]. Traditional regression, time series, and 

other methods perform well in terms of interpretability, 

but they are difficult to play a greater role in irregular 

attributes, multi period changes, and occasional risk 

factors [7]. 

With the deepening of understanding of the business 

activities of listed companies, scholars have begun to use 

artificial intelligence to enhance their judgment ability in 

investment and financing. In recent years, artificial 

intelligence modeling methods centered around neural 

networks have been widely applied in financial analysis of 

listed companies, stock market forecasting, credit rating, 

and more. For example, Shahrour et al. (2023) [8] 

established a stock market price prediction strategy based 

on deep neural networks, which enhanced the response 

speed to the stock market; Yao et al. (2022) [9] overcame 

the problem of noise impact in financial market sequence 

data by adding LSTM to the neural network model of the 

data and applying algorithms to optimize the model; The 

hybrid model designed by Chandok et al. (2024) [10] 

achieved higher robustness and universality in enterprise 

bankruptcy prediction tasks by combining deep neural 

network models. These scholars' research results indicate 

that intelligent modeling methods based on deep learning 

have predictive ability in analyzing the financial activities 

of listed companies, as well as good application scenarios 

and scalability. 

Against the backdrop of the emergence of numerous 

economic data in big data, research on enterprise behavior 

patterns based on big data has become increasingly active. 

Scholars have incorporated various types of economic data, 

such as GDP growth rate, interest rates, and industry 

activity index, into models to expand the predictive 

dimensions and overall system of the model [11]. Tang and 

Wei (2023) [12] used XGBoost and SHAP algorithms to 

discover the key driving factors of a company's digital 

transformation, which can provide visual explanations for 

related investment and financing behaviors. Pei et al. (2023) 

[13] established an interpretable prediction framework from 

the perspective of data features, significantly improving the 

interpretability of traditional "black box" models. These 

studies have formed a theoretical shift from focusing on 

improving the "accuracy" of prediction results to seeking 

the "interpretability and credibility" of prediction principles.  

After continuously understanding relevant issues, 

multi-path fusion modeling and hybrid intelligent methods 

have gradually become mainstream. Wu (2022) [14] 

established a grey prediction model based on fuzzy thinking 

to simulate the nonlinear and uncertain boundaries within 

the economic system; Yang (2024) proposed a cross-border 

e-commerce supply chain demand forecasting model based 

on deep neural networks, focusing on big data-driven 

business decision-making; Kartbayev et al. (2022) proposed 

an intelligent comprehensive evaluation model for 

investment projects that considers multiple input factors, 

which can enable enterprises to obtain better investment 

and financing advice from the wave of digital 

transformation. From this, it can be seen that using a single 

route alone cannot solve the multidimensional and multi-

directional problems faced in the process of enterprise 

behavior prediction. The use of deep learning, optimization 

algorithms, attention, and feature selection ensemble 

methods to construct an integrated architecture has become 

an effective way to break through the bottleneck of 

prediction. 

However, existing research also has certain limitations. 

On the one hand, most intelligent prediction methods still 

heavily rely on the integrity and representativeness of 
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training data, making it difficult to maintain stable 

performance in scenarios with large industry spans and 

strong data distribution heterogeneity [17]; On the other 

hand, many studies still focus on financial markets such 

as stocks and bonds, lacking systematic modeling and 

evaluation of micro level business operations, especially 

actual investment and financing behaviors [18]. In 

addition, key issues such as the engineering feasibility of 

model deployment, the practical path of data fusion, and 

the interpretation mechanism of prediction results still 

need to be further deepened. 

In summary, the current academic community has 

accumulated rich achievements in the field of investment 

and financing prediction, from statistical modeling to deep 

neural networks, from univariate processing to multi-source 

heterogeneous data fusion, with significant technological 

evolution. However, how to construct intelligent models 

with both predictive and explanatory capabilities in 

complex economic environments, and how to enhance the 

model's perception and adaptability to fine-grained changes 

in corporate investment and financing behavior, are still the 

core issues of concern in this study. To highlight the 

performance gap with existing methods, Table 1 

summarizes representative studies, including their methods, 

datasets, evaluation metrics, and limitations, compared with 

the approach proposed in this paper. 

 

Table 1：Summary of representative related studies 

 

Author(s) Method Dataset Metrics Limitations 

Shahrour et al. 

(2023) 

Deep Neural 

Network for stock 

prediction 

Stock market data Accuracy 

Sensitive to noise; 

limited 

interpretability 

Yao et al. 

(2022) 

LSTM with 

optimization 

Financial time 

series 
RMSE, MAE 

Noise sensitivity; 

relatively slow 

training 

Chandok et al. 

(2024) 

Hybrid Deep 

Neural Network 

for bankruptcy 

prediction 

Enterprise financial 

data 

Accuracy, 

Robustness 

High complexity; 

generalization 

limitations 

Tang & Wei 

(2023) 

XGBoost with 

SHAP for digital 

transformation 

Enterprise 

digitalization data 

Visualization, 

Interpretability 

Focuses on feature 

analysis rather than 

complete prediction 

This study 

Multi-task BiGRU 

+ Multi-head 

Attention 

232 A-share listed 

firms (2015–2023) 

R² = 0.862, 

Accuracy = 

88.3%, Macro-F1 

= 0.841 

Higher computational 

cost, but improved 

robustness and 

adaptability 

 

Therefore, this article will focus on the dual axis 

path of "economic data-driven+intelligent prediction 

algorithm", propose an enterprise intelligent investment 

and financing prediction model that integrates multi-

source data processing, structured modeling, and deep 

learning optimization, and empirically verify its 

performance and application value. 

3  Modeling ideas and indicator 
system construction for predicting 
corporate investment and financing 
behavior 

When constructing a practical, explanatory, and 

forward-looking enterprise investment and financing 

behavior prediction system, the starting point of 

modeling work should be based on the triple logic of 

"economic variable driving behavior mechanism 

mapping intelligent algorithm expression". Unlike 

traditional financial modeling that focuses on single 

indicator fitting, the predictive model proposed in this paper 

not only requires the ability to "fit" historical data of 

enterprises, but also emphasizes the ability to extract trend 

driven signals from macroeconomic fluctuations, capture 

structural change arteries from enterprise financial status, 

and recognize and predict behavioral states in multivariate 

cross analysis. The investment and financing behavior of 

enterprises exhibits strong nonlinear and cyclical 

characteristics, often driven by macro cyclical disturbances, 

changes in liquidity preferences, distorted industry 

expectations, and other factors. The interaction relationship 

between multiple heterogeneous input variables frequently 

leads to the failure of classical linear regression and fixed 

coefficient statistical models in actual prediction. To 

address this challenge, this article introduces a multi-source 

data-driven feature construction strategy and a non-linear 

prediction algorithm with strong deep expression ability, 
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attempting to establish an intelligent perception and 

prediction framework for enterprise investment and 

financing behavior in the link of variable extraction 

behavior modeling output mapping. (As shown in Figure 1)

 
 

Figure 1：Overall construction process of enterprise investment and financing behavior prediction Model 

 

3.1  Multidimensional feature analysis and 
variable selection of economic data 

In the modeling of enterprise investment and financing 

forecasting, economic data is not only used as 

background information, but also an inherent driving 

variable in the behavioral evolution path. Therefore, 

scientifically analyzing the multidimensional structure 

of economic data and constructing a variable set with 

predictive ability is the fundamental guarantee for model 

performance. This article divides economic 

characteristics into three sub domains: macro level 

indicators, market factors, and policy signals. In terms of 

variable selection strategy, the Joint Information Gain 

(JIG) mechanism and the Temporal Stability Index (TSI) 

function are used to screen and rank candidate variables. 

The specific formula is as follows: 

 

)∣()()( ii xy-Hy=H,yxJIG
     （1） 

where H(·)denotes Shannon entropy, H(x)is the 

marginal entropy of variable x, H(y)is the marginal 

entropy of the target behavior label y, and H(x,y)is their 

joint entropy. A higher JIG value indicates that the 

candidate variable provides more information for 

predicting investment and financing behaviors. At the 

same time, to avoid introducing pseudo variables with 

high-frequency and violent fluctuations but no stable 

structure, a time series stability index is further 

introduced for dynamic evaluation: 
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              （2） 

In the formula, where Var(x)is the variance of the 

original variable sequence x, and Var(Δx)is the variance 

of its first-order difference Δxt = xt−1 .When TSI 

approaches 1, the sequence exhibits strong stationarity 

and smooth trend continuity; when TSI is close to 0, the 

sequence fluctuates violently and is less suitable for 

stable time-series modeling. 

After preliminary evaluation and empirical screening, 

this article finally included 12 types of variables, namely 

GDP growth rate, M2 money supply, benchmark interest 

rate, manufacturing prosperity index, credit expansion 

index, CPI, PPI, fixed-asset investment index, exchange 

rate index, unemployment rate, government expenditure 

index, and stock market composite index as the core input 

features of the prediction model, ensuring that the model 

has sufficient sensitivity and responsiveness to behavioral 

trends. All variables are resampled in time series at a 

uniform frequency and processed through normalization 

and scale compression methods, providing an input basis 

for the training and fusion of subsequent model structural 

layers. 

3.2  Structured modeling logic and 
prediction objectives for investment and 
financing behavior 
The investment and financing behavior of enterprises is 

essentially a dynamic feedback system driven by both 

internal and external factors. Its state not only changes with 

macroeconomic fluctuations, but is also closely coupled 

with the enterprise's own financial structure, strategic cycle, 

and market expectations. To achieve high-quality 

prediction, it is necessary to construct a structured modeling 

framework that balances time dependence and non-linear 

expression ability. 

This article models corporate investment and financing 

behavior as a temporal response function, with historical 

economic and financial feature sequences as inputs and 

future financing or investment behavior labels as outputs, 

forming an input-output structure. The specific expression 

is as follows: 

Θ);x,…,x,F(x=ŷ t1+k-tk-tt                  （3） 

Among them, ŷ  represents the strength or category 

label of the investment and financing behavior predicted by 

the model; F(⋅) is the nonlinear function to be trained; xt 

is the input feature vector at time t, which includes macro 
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factors, financial indicators, and lead variables; Θ is the 

set of model parameters; K is the length of the historical 

window. 

The prediction objectives are divided into two types 

of tasks: one is numerical regression prediction, which is 

used to estimate the financing amount of the enterprise 

in the future range (such as the scale of new debt or 

equity financing); The second is the multi class 

prediction task, which identifies the behavior status of 

enterprises in the current cycle (such as active financing, 

wait-and-see, investment contraction, etc.). To support 

the dual task learning structure, a joint loss function is 

constructed as follows: 

cls2reg1total Lλ+Lλ=L 
                  （4） 

Among them, Lreg  is the mean square error loss 

function (used to fit the financing amount), Lcls is the 

cross-entropy loss function (used for behavior 

classification), and λ1 , λ2 is the weight adjustment 

coefficient, reflecting the balance of task importance, 

and was empirically determined through grid search 

within [0.1, 0.9] on the validation set. 

The core advantage of this structure is that it not 

only captures the numerical fluctuations and temporal 

structure of input variables, but also combines the 

behavioral logic of label space to achieve a dual output 

of "quantitative estimation+behavioral recognition", 

thus meeting the diversified application needs of 

enterprise financial systems for prediction results. 

3.3  Sample data preprocessing strategy 
and feature engineering design 

The prediction of corporate investment and financing 

behavior relies on the dynamic input of time-series data, 

and the raw data often has problems such as dimensional 

heterogeneity, inconsistent time frequency, and a large 

number of missing outliers. To ensure the stability and 

accuracy of model training, this article conducts 

systematic preprocessing and feature engineering design 

before data modeling. 

Firstly, to address the issue of time alignment 

between macro and micro data, a sliding window 

mechanism is adopted to construct sequence samples. If 

the sliding window length is set to k and the step size is 

1, the i-th sample input sequence is constructed as 

follows: 

]x,…,x,[x=X 1-k+i1+ii

(i)

                  （5） 

Among them, xj is the feature vector of the jth day, 

and the corresponding output label is yi + k, forming the 

training data pair (X(i)y(i)). 

Secondly, to address missing and extreme values in 

the data, this article adopts a combination repair strategy. 

Forward padding is used for macro data, while linear 

interpolation correction is applied to quarterly financial 

data of enterprises based on year-on-year change rate. 

Outlier detection is performed by setting a threshold of 

±3σ; values beyond this range were winsorized (capped 

at boundary values) rather than removed, to preserve 

data continuity. 

In terms of feature construction, considering the trend 

inertia and cyclical fluctuations of investment and financing 

behavior, this paper introduces derivative features based on 

the original variables. The most commonly used treatments 

include: 

First order difference (capturing trend changes): 

1-ttt xx=Δx
（6） 

Rolling average (smooth local fluctuations): 
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The above transformation can significantly enhance the 

sensitivity of the model to trend mutations and short-term 

behavior. All features undergo Z-score standardization 

before input: 

σ

μ
x t

−
= tx

                                   （8） 

Among them, μ is the sample mean of variable x, and 

σ is the sample standard deviation. 

In summary, this section has completed the full chain 

design of the data preprocessing process around four levels: 

"standardized sample generation - cleaning and completion 

- derivative variable construction - scale unification", 

providing a stable, clean, and structured data input 

foundation for subsequent deep modeling modules. 

3.4  Model architecture design and core 
technology selection 

When building a predictive system for enterprise 

investment and financing behavior, the selection of model 

architecture needs to take into account three core elements: 

the high complexity of variable dimensions, the temporal 

dependence of input sequences, and the diversity of output 

targets (including continuous values and categorical labels). 

Therefore, this article adopts a deep learning model with a 

multi-layer nested structure as the main architecture, and 

combines attention mechanism and residual connection 

technology to improve its expression and generalization 

ability for time-series financial behavior data. 

The overall model structure consists of three main sub 

modules: input encoding layer, feature extraction layer, and 

output prediction layer. Firstly, the input encoding layer 

maps different types of variables (such as macro indicators, 

corporate financial characteristics, etc.) to a unified 

dimensional representation through a multi-head 

embedding network. If the input at time t is the feature 

vector xt ∈ Rd, then the embedding transformation is: 

etet b+xW=z
                               （9） 

Among them,We ∈ Rd′×d is the weight matrix,be ∈ Rd′ 

is the bias term, and zt is the high-order expression after 

embedding. 

Subsequently, the feature extraction layer adopts a 

bidirectional recurrent structure (Bi GRU) with gating 

mechanism to capture the temporal dependency patterns of 

forward and backward. The bidirectional structure can 
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extract short-term fluctuations and long-term trends in 

parallel. The calculation form is as follows: 

)(zGRU∥)(z GRU= h t←t→t           （10） 

Among them, ht represents the hidden state vector 

at time t, and ∥  represents the vector concatenation 

operation. To enhance the model's ability to pay 

attention to critical moments, an attention mechanism is 

introduced after the output of the recurrent network, and 

its weight distribution is defined by the following 

equation: 

 =

=
T

j j

t
t

e

e
α

1
exp(

)exp(

）
（11） 

)tanh(et aa

T bhtWv +=
                  （12） 

Among them, αt is the attention weight at time t, v

、Wa、ba are trainable parameters. Ultimately, the output 

layer is divided into two branches based on task types: 

one is the regression prediction branch, which is used to 

estimate financing/investment amounts; The second is 

the classification branch, which is used to determine the 

current behavior status of the enterprise (such as 

"financing expansion" or "conservative wait-and-see"). 

The dual output structure improves overall modeling 

efficiency by sharing underlying features. This 

architecture has good scalability and can flexibly adjust 

the number of layers and parameter configuration 

according to data size and label complexity, making it an 

effective technical path for achieving high-precision and 

multi-objective enterprise behavior prediction. In the 

implementation, the BiGRU consists of 2 stacked layers 

with hidden size 128, followed by a multi-head attention 

module with 4 heads. 

 

3.5  Construction of fusion mechanism for 
multi source heterogeneous economic data 

The formation of corporate investment and financing 

behavior is driven by information from different 

dimensions, including macroeconomic environment, 

financial market dynamics, corporate financial status, 

and external policy signals. These pieces of information 

exhibit heterogeneous characteristics in data structure, 

such as inconsistent frequency, significant differences in 

value distribution, and complex dimensional types. In 

order to achieve behavior modeling in a unified input 

space, it is necessary to design an effective data fusion 

mechanism that aligns representations, compresses 

structures, and integrates information for multi-source 

heterogeneous data. 

This article adopts a fusion mechanism of channel 

embedding weight fusion cross attention structure. 

Firstly, four main data sources are set: macro variable 

sequence M = {mt} , financial indicator sequence F =
{ft}, market sentiment factor S = {st}, and policy signal 

variable P = {pt} . Obtain unified dimensional 

representations through independent linear embedding 

networks: 

 mW=z t

mm

t ,
 fW=z t
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t ,
 sW=z t
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t ,

 pW=z t

pp

t                                       （13） 

Among them, Wm, Wf, Ws, Wpis the weight matrix of 

each channel, and the output is a feature representation of 

the same dimension. Next, a weighted fusion layer is 

constructed, introducing a learnable weight parameter ofαi, 

and integrating multi-source information through weighted 

summation: 


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Among them, qi  and ki  respectively represent the 

query and key vectors from different channels, and βi,j 

represents the degree of attention that channel i pays to 

channel j information. This fusion mechanism enhances the 

model's perception of potential coupling relationships 

between complex data while ensuring the preservation of 

different data substructures, significantly improving the 

robustness of investment and financing behavior prediction 

to structural changes and time mismatches. 

3.6  Implementation and optimization 
strategy of intelligent prediction algorithm 

To improve the accuracy and stability of enterprise 

investment and financing behavior prediction, this study 

designs a multi-task deep neural network guided by 

attention mechanism based on the fusion of multi-source 

heterogeneous data, achieving joint prediction of financing 

intensity regression and behavior state classification. The 

overall algorithm framework combines Gated Recurrent 

Networks (GRU), Multi Head Attention, and multi task loss 

function optimization mechanisms, balancing temporal 

modeling capabilities and structural interpretability. 

In the main structure of the model, the input is the 

processed sample sequence X = [xt−k+1, . . . , xt] , and 

eachxt∈Rdrepresents the multidimensional feature vector at 

time t. By using GRU units for temporal modeling, the state 

update is expressed as: 

ttttt hzhzh
~

⊙⊙)1( 1 +−= −                 （15） 

Among them, ht  is the hidden state at the current 

time, h̃t  is the candidate state, zt  is the update gate,⊙ 

represents the Hadamard product. This mechanism can 

dynamically regulate the degree of influence of historical 

information on current predictions. Introducing attention 

mechanism after hidden state output to enhance the model's 

ability to focus on key time segments. To improve the 

training efficiency and generalization ability of the model, 

this paper introduces early stopping mechanism, gradient 

clipping, and learning rate dynamic adjustment (LR 

Scheduler) strategy.In terms of optimizer selection, Adam 

algorithm is adopted and the initial learning rate is set to 

0.001. Dropout layers (rate = 0.3) and L2 regularization 

were also applied to mitigate overfitting. This intelligent 

prediction algorithm framework combines interpretability, 

scalability, and computational efficiency, and can 

effectively adapt to the modeling needs of enterprise 

investment and financing behavior in complex economic 
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scenarios, laying a technical foundation for subsequent 

empirical analysis and deployment promotion. 

4  Empirical research and model 
evaluation 

4.1  Empirical data sources and sample 
enterprise selection criteria 

In order to verify the effectiveness and adaptability of 

the constructed enterprise intelligent investment and 

financing behavior prediction model, this paper conducts 

empirical research based on heterogeneous data from 

multiple sources, including publicly available 

macroeconomic data from the National Bureau of 

Statistics, financial statement data from WIND financial 

terminal enterprises, policy and policy text databases, 

and investor sentiment index data. The overall data time 

span is from the first quarter of 2015 to the fourth quarter 

of 2023, covering the entire economic cycle fluctuations, 

including the COVID-19 shock phase and post pandemic 

recovery phase, which is conducive to capturing the 

dynamic response of corporate behavior in complex 

economic backgrounds. 

In the selection of sample enterprises, this article 

sets the following three standards to ensure data quality 

and structural integrity: firstly, the industry to which the 

enterprise belongs should cover the four major sectors of 

manufacturing, information technology, healthcare, and 

energy, taking into account the heterogeneity of cyclical 

and growth industries; Secondly, the enterprise must have 

no significant missing financial statements during 

consecutive reporting periods, and the completeness of 

financial data must exceed 95%; Thirdly, the enterprise has 

engaged in at least two or more investment and financing 

activities (including issuance, loans, capital expenditures, 

mergers and acquisitions, etc.) during the sample period to 

ensure that the distribution of behavioral labels is 

representative. 232 A-share listed companies were 

ultimately selected as sample subjects. 

After data processing, a total of 12840 training samples 

were constructed, covering approximately 4.3 million 

structured feature records. The industry distribution of 

sample enterprises is shown in Table 1. Here, Avg. 

Quarterly Data Points refers to the average number of valid 

feature records collected for each enterprise per quarter, 

while Number of Investment & Financing Events denotes 

the cumulative count of major financing or investment 

actions (such as bond issuance, loans, equity financing, and 

capital expenditures) recorded during the sample period:

 

Table 1：Industry distribution and data volume statistics of sample enterprises 

 

Industry Sector 
Number of Sample 
Firms 

Avg. Quarterly Data 
Points 

Number of 
Investment & 
Financing Events 

Manufacturing 83 32 1,238 

Information 
Technology 

57 29 984 

Healthcare 48 31 851 

Energy & Resources 44 33 1,007 

Total 232 — 4,080 

The sample design has continuity in the time dimension, 

heterogeneity in the industry dimension, and balanced 

distribution of behavioral labels, providing a solid data 

foundation for subsequent model evaluation and 

comparative experiments. By implementing a unified 

data standard processing flow and cleaning mechanism, 

the scale consistency between input features and the 

expression stability of the labeling system are ensured, 

effectively reducing the interference of sample noise on 

the model training process. The model training and 

validation work will be carried out under the above data 

framework, and the details will be further elaborated in 

subsequent chapters. 

 

 

 

4.2  Analysis of model prediction 
performance and error metrics 

To comprehensively evaluate the performance of the 

proposed intelligent prediction model for enterprise 

investment and financing in both regression and 

classification tasks, this paper uses mean square error 

(MSE), mean absolute error (MAE), and coefficient of 

determination (R ²) to evaluate the performance of 

financing amount prediction. At the same time, accuracy 

and macro average F1 score (Macro-F1) are used to test the 

behavior state classification task. The experiment adopted 

a partitioning method of 70% training set, 15% validation 

set, and 15% test set, and completed model training and 

testing based on 12840 samples from 232 enterprises. To 

verify the stability of the model, the average of 5 

independent experiments was taken for all results. (As 

shown in Table 2) 
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Table 2：Comparison of model prediction performance and error indicators 

 

Model Type MSE MAE R² Accuracy Macro-F1 

Proposed 
Model 
(BiGRU+Attn) 

0.084 0.213 0.862 88.3% 0.841 

Random Forest 
Regression 

0.129 0.294 0.731 81.5% 0.771 

Support Vector 
Regression 

0.145 0.311 0.687 79.9% 0.752 

Multi-Layer 
Perceptron 
(MLP) 

0.118 0.278 0.743 82.2% 0.788 

Logistic 
Regression 
(Classification 
Task) 

— — — 76.4% 0.705 

From the results, the model shows strong numerical 

approximation ability in predicting investment and 

financing amounts, with an R ² of 0.862, indicating that 

the model is effective in modeling the nonlinear 

relationship between input economic variables and 

corporate behavior variables, and has good fitting 

accuracy for macro disturbance sensitive areas. In 

contrast, traditional baseline models such as Random 

Forest (R² = 0.731) and Multi-Layer Perceptron (R² = 

0.743) achieved significantly lower performance than 

the proposed BiGRU-Attention model (R² = 0.862), with 

Support Vector Regression further dropping to 0.687. In 

terms of classification tasks, the intelligent prediction 

model achieved an overall accuracy of 88.3% on the 

three classification labels, with Macro-F1 reaching 0.841, 

significantly better than logistic regression and shallow 

neural network models.The three behavior categories 

were relatively balanced (expansion: 34%, wait-and-see: 

38%, contraction: 28%), and the confusion matrix 

(Figure X) shows that the model maintained robust 

classification performance across all classes without 

relying on majority-class bias. This indicates that the 

model not only has strong predictive ability, but also can 

effectively identify structural changes in the behavior 

status of enterprises.In practical terms, an R² 

improvement of around 0.1 means the model can reduce 

forecasting errors in financing amounts by tens of 

millions of RMB for large listed firms, while a 5–10% 

gain in classification accuracy translates into more 

reliable early warning of financing contractions or 

expansions, enabling enterprises and regulators to take pre-

emptive actions. 

4.3  Fitting and verification of trends in 
investment and financing behavior changes 

The investment and financing behavior of enterprises is 

driven by multiple factors, showing obvious cyclical 

fluctuations and periodic jumps, and simple predictions are 

difficult to capture their trend trends. To verify the ability 

of the constructed model to capture trends in behavioral 

changes, representative samples were selected from both 

industry cross-section and enterprise longitudinal time 

dimensions for behavioral trajectory fitting testing. The 

focus of the experiment is to determine whether the model 

can accurately identify the rising and contracting stages of 

financing or investment behavior; The second is to test its 

ability to respond to trends in different economic cycles.  

This study selected an enterprise in the manufacturing 

industry (designated as E-94) with significant fluctuations 

in capital expenditures, and analyzed its real financing 

intensity curve and model predicted values from Q1 2017 

to Q4 2023, and compared them with the support vector 

regression (SVR) model. As shown in Figure 2, the model 

in this paper accurately predicted the upward or downward 

trend of financing at multiple keys turning points (such as 

the outbreak of the COVID-19 pandemic in Q1 2020 and 

the impact of raw material price increases in Q3 2021), and 

the fitted curve was close to the actual behavior trajectory, 

without any distortion such as excessive smoothing or 

severe shaking.
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Figure 2: Fitting chart of actual and predicted trends in investment and financing behavior intensity  

 

From the overall trend fitting results, this model not 

only maintains its accuracy advantage in static error 

indicators, but also performs well in dynamic trend 

judgment. Its causal identification ability is strong, and 

it has the ability to perceive behavior "transition points" 

in advance, indicating that the internal feature extraction 

and sequence modeling structure of the model has a 

certain descriptive power on the temporal evolution logic 

of enterprise behavior. Meanwhile, compared with 

traditional models, the model proposed in this paper is 

more robust in trend prediction, exhibiting high 

behavioral fit interpretability and stability, and has 

practical potential for promotion and application in 

dynamic enterprise management and risk warning.It 

should be noted that Figure 2 illustrates a representative 

case from the manufacturing sector, while aggregated 

results across all manufacturing firms (not shown here 

for brevity) confirmed the model’s consistent ability to 

identify expansion and contraction phases in advance. 

4.4  Comparison between intelligent 
prediction models and traditional methods 

In order to systematically evaluate the performance 

advantages of the intelligent prediction model 

constructed in this article in predicting enterprise 

investment and financing behavior, this article selects three 

representative traditional methods for comparative analysis: 

linear regression (LR), support vector regression (SVR), 

and tree based random forest regression (RF). Build 

corresponding models in a unified data sample and feature 

space, and evaluate their performance on the same test set, 

focusing on indicators such as regression accuracy (R ²), 

classification accuracy (Accuracy), and overall error 

control ability (MAE, MSE). 

In order to visually demonstrate the predictive 

performance of each model on the test set, Figure 3 

compares the performance of linear regression (LR), 

support vector regression (SVR), random forest regression 

(RF), and the BiGRU+Attention model constructed in this 

paper under the three core indicators of R ², MAE, and 

accuracy.To ensure consistency, the metrics for RF and 

MLP in Figure 3 have been aligned with those reported in 

Table 2; LR is shown for reference, while MLP and Logistic 

Regression results are only listed in Table 2 for 

completeness. It can be seen that the model in this article is 

significantly better than other methods in all three 

dimensions, especially in terms of regression accuracy and 

classification accuracy, indicating that it is more suitable 

for handling complex financial behavior prediction tasks 

driven by multi-source heterogeneous data
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Figure 3：Comparison of prediction accuracy and error control among different models  

 

Traditional linear models rely on explicit causal 

assumptions in modeling logic, making it difficult to adapt 

to the complex mechanisms of nonlinear investment and 

financing behavior; SVR has a certain generalization 

ability, but there are limitations in processing high-

dimensional interaction structures in multidimensional 

temporal inputs; The RF model performs well in some 

static feature combinations, but lacks time sensitivity to 

behavioral trends. In contrast, the attention enhanced 

BiGRU model constructed in this article has stronger 

temporal modeling and behavioral dynamic capture 

capabilities, which can effectively learn nonlinear 

mapping relationships between variables and improve 

prediction accuracy. 

From the experimental results, the determination 

coefficient R² of our model in regression prediction 

reached 0.862, which is 17.5% and 11.9% higher than 

SVR and RF, respectively; In the classification task, the 

accuracy reached 88.3%, significantly higher than the 76.4% 

of the logistic regression model. In addition, the model 

exhibits lower variance fluctuations and stable 

generalization ability in multiple rounds of cross 

validation. This fully demonstrates that the bidirectional 

recurrent network combined with attention mechanism 

has more advantages in dealing with high-frequency 

economic disturbances and sudden changes in corporate 

behavior structure, especially suitable for dynamic, 

heterogeneous, and complex investment and financing 

behavior prediction task scenarios, and has good 

engineering practicality and promotion value.Although 

more advanced deep learning baselines such as BiLSTM 

and Transformer models were not included due to page 

limits and computational constraints, we plan to 

incorporate these comparisons in future work; preliminary 

trials showed that our BiGRU-Attention framework 

maintained competitive accuracy while offering lower 

training cost than Transformer-based models.In terms of 

computational overhead, the proposed model has about 

1.8M trainable parameters, and training on 12,840 

samples took ~42 minutes on an NVIDIA RTX 3090 GPU, 

which is ~20% longer than MLP but still substantially 

faster than Transformer baselines.” 

5  Discussion on model promotion, 
application and development 

5.1  Comparative discussion with prior 
work 
Beyond application scenarios, it is necessary to formally 

compare our results with those of previous studies. As 

summarized in Table 1, traditional models such as LSTM 

with optimization (Yao et al., 2022) and hybrid deep 

learning models for bankruptcy prediction (Chandok et al., 

2024) achieved certain improvements in accuracy or 

robustness, but they were limited either by training 

efficiency or by generalization ability across 

heterogeneous datasets. In contrast, the proposed BiGRU-

Attention model not only improved regression accuracy 

(R² = 0.862 vs. ≤0.74 in baselines) and classification 

performance (Accuracy = 88.3% vs. ≤82%), but also 

maintained stability in different industry sectors. This 

advantage stems from the joint design of multi-task 

learning and feature cross-attention, which enhances both 

trend fitting and interpretability. However, it should also 

be noted that the higher computational complexity and 

training cost of our model are trade-offs compared with 

simpler methods. 

5.2  Applicability exploration in different 
industry scenarios 

The internal mechanism of corporate investment and 

financing behavior varies significantly across different 
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industries, which is reflected not only in the allocation of 

capital structure, but also in the availability of financing 

channels, investment pace elasticity, and sensitivity to 

external economic variables. Therefore, evaluating the 

generalization ability of the constructed predictive model 

in multi-industry contexts is an important step in verifying 

its practical value and generalizability. 

Manufacturing enterprises usually have strong asset 

accumulation characteristics and fixed investment rigidity. 

Their investment and financing behavior is significantly 

driven by production capacity cycles, and their capital 

allocation is sensitive to economic cycle fluctuations. In 

this type of enterprise, the model can effectively improve 

the accuracy of trend judgment and demonstrate good 

stability by introducing structural variables such as capital 

expenditure intensity and raw material price index. The 

backtesting results show that in the manufacturing sample, 

the model has a high ability to identify financing 

contraction and capacity expansion in advance. 

Information technology enterprises exhibit 

characteristics of light assets, high growth, and high 

volatility. Their investment and financing activities are 

closely related to market valuation expectations and 

technology policy guidance, and their decisions are more 

nonlinear and jumping. In such scenarios, the model needs 

to enhance its perception of changes in policy text 

sentiment index and valuation factors. By adjusting 

feature weights and introducing a dynamic attention 

mechanism, the model maintains high prediction accuracy 

during high volatility periods, especially with strong 

ability to capture behavioral changes under risk preference 

shifts. 

Energy and resource enterprises are significantly 

affected by price cycles, and their investment and 

financing behavior exhibits a "window style" 

characteristic, that is, they concentrate on investing or 

withdrawing during the rapid rise or fall of resource prices. 

In this type of enterprise, the model has a good modeling 

effect on the lagged signal of resource price changes, but 

there is still some error in the response to irrational 

behavior under sudden policy regulation. It is necessary to 

add a sudden disturbance detection mechanism and a 

confidence interval dynamic adjustment strategy to the 

model to enhance its robustness. 

5.3  Data, algorithm, and management 
challenges in model deployment 
Although the prediction model for enterprise investment 

and financing behavior has shown high accuracy and 

strong sensitivity to the future in simulation and 

experimentation, it will also face various challenges in 

practical applications, such as the increase in data 

dimensionality, robustness of algorithm operation, and 

coordination of enterprise management. Whether this 

model can be broken through is related to whether it has 

the possibility of transformation. 

Firstly, in terms of data, the deployment of models 

requires high accuracy and regularity in data acquisition. 

Due to inconsistencies in data format, update efficiency, 

field definitions, and other aspects between accounting 

application systems, ERP systems, and external economic 

databases used in business operations, there may be data 

problems such as dimension mismatch, time slot holes, 

and annotation conflicts at the input of the model. This 

requires improving the specifications of the feature 

processing stage in the model, providing real-time data 

synchronization interfaces and automatic data inventory 

functions to achieve timely and easy to understand 

requirements. 

Secondly, from the perspective of algorithm 

execution, model training often requires a large amount of 

computation, and the convergence state management 

during the adjustment of target parameters is limited to 

varying degrees by device software, hardware, and 

adjustable operation time windows. Especially in the case 

of multi-task target loss optimization, complex models are 

prone to problems such as gradient fluctuations and slow 

local convergence. Without effective management and 

monitoring methods, it is easy to significantly reduce the 

deployment efficiency and stability of the model. In 

addition, with the addition of real-time flowing data and 

incremental learning, the algorithm itself needs to have the 

ability to update in real-time and quickly transfer old 

weights in order to dynamically adapt to changes in 

economic factors. 

Thirdly, at the level of management and decision-

making collaboration, the implementation of the model 

also needs to address the problem of the understanding 

gap between the model and senior managers in the process 

of "prediction explanation action". Senior managers often 

believe that the magical properties of abstract models are 

elusive, and if the model does not produce clear outputs, 

it is difficult to translate them into financial decision-

making recommendations. Therefore, the model output 

should have more than just precision explanations and 

indicative logic of actions, increasing its reliability and 

usability. At the same time, due to the significant 

differences in the composition, construction, and 

decision-making processes of various industries, 

enterprises, and organizations, the installation of models 

should be based on the management environment, with 

adjustable authorization sockets and control of adjustable 

parameter rights to ensure the safe application of 

algorithm effects in practice. 

6  Conclusion 

For the current economic situation and increasingly 

complex corporate financial activities, the development 

model that can clearly explain these complex financial 

activities and accurately predict the evolution of 

investment and financing behavior has become an 

important component of enterprise data decision-making 

systems. This article is based on the leading idea of "data-

driven economic deep learning modeling+multi task 

prediction results", and fully constructs an intelligent 

prediction model for enterprise investment and financing 

activities, including the integration of multiple data 

sources, bidirectional scheduling, and attention 

adjustment control. The efficiency, robustness, and 

universality of this model are confirmed by a large number 
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of actual test samples. In terms of model construction, an 

RNN with GRU as the main body is used to grasp the 

temporal dynamic correlation of investment and financing 

activities, and attention is used to adjust the weight 

proportion of important variables and time periods to 

improve the response to behavior points and mutation 

points. Two task outputs are used to achieve the 

calculation of large and small quantities of the model and 

the expression of behavior label classification. Joint loss 

is used to optimize both tasks simultaneously. 

In the process of feature extraction and data merging, 

we designed an ordered indicator system and a sliding 

window method to generate sequences, ensuring the 

comprehensiveness and dynamism of sequence input; At 

the same time, we have also designed multi-channel 

embedded fusion methods to integrate macroeconomic, 

corporate financial, and market sentiment information, 

ensuring the model's measurement of complex boundary 

decision-making power. From an algorithmic perspective, 

it has been confirmed through multiple training and error 

measurement processes that the model proposed in this 

paper has significant advantages over traditional linear 

and tree-based models in terms of R2, MAE, and F1 

metrics. In the practical stage, 232 A-share listed 

companies were selected as the main participants, and the 

economic series of the past few years were fitted and 

predicted. The results obtained can reflect good 

universality in various fields and also capture the key 

transformation nodes of financing behavior under impact 

conditions. At the level of popularization, it involves data 

seam uniformity, algorithm convergence control, and 

institutional usability in the actual deployment process. It 

is emphasized that the future focus should be on 

expanding the universality of the model framework and 

customizing the business entrance. 

Overall, the algorithm design, feature fusion, and on-

site testing of the enterprise intelligent investment and 

borrowing behavior prediction model proposed in this 

article have certain innovation, providing a feasible 

technical idea for enterprises to use big data to plan 

financial strategies. The idea for future work is to further 

introduce Transformer structure enhancement models, add 

competitive behavior simulation models, and use graph 

convolutional network models to solve the joint prediction 

problem of investment and borrowing behavior among 

enterprises under multi-party participation, improving the 

feasibility of this model for predicting investment and 

borrowing behavior of enterprises in larger and more 

complex business environments. 
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There are core difficulties in the intelligent recognition and generation application of clothing pattern 

structure, such as irregular geometric topology, weakened semantic structure, and unstable path planning. 

To solve such problems, an intelligent feature extraction and structure reconstruction path learning 

scheme that integrates graph neural networks is constructed. In the stage of structural diagram modeling, 

a clothing structure diagram is constructed based on the node edge surface configuration relationship. 

The graph convolutional network is used to embed the spatial adjacency relationship in multiple 

dimensions, supplemented by attention mechanism to enhance the response ability of key nodes and 

improve the stability of extracting local salient features. To better express the relationship between 

structural semantics and geometry, a multi-scale graph embedding strategy and structural context 

aggregation module are introduced to enable nodes to have stronger expressive power in both topological 

and semantic dimensions. In terms of reconstructing path generation, a graph autoencoder architecture 

is introduced to achieve controllable mapping of structure to path space, integrating geometric 

consistency constraints to enhance structural accuracy. The path decision-making process adopts a 

reinforcement learning model based on policy gradient, and optimizes the path guidance process through 

feedback mechanism. This experiment is based on the DeepFashion2 public dataset and our self built 

clothing structure graph data, with a total of 4826 samples and an average of 43 vertices. The results 

show that the accuracy index of our model reaches 91.3%+0.5, the Topology Score reaches 88.0%+0.6, 

and the F1 Structure Score reaches 88.4%+0.6, which is much higher than the basic method. The 

innovation of this study is mainly reflected in three aspects: proposing the use of graph 

convolution+attention to achieve multi task feature extraction; Introducing geometric constraints and 

policy networks to achieve reconstruction methods that maintain path consistency; The first application 

of GNN in the establishment of clothing style structure brings a new approach compared to traditional 

graph mapping. 

Povzetek: Predstavljen je večmodulni GNN-okvir za inteligentno modeliranje in rekonstrukcijo oblačilnih 

krojnih struktur. Združuje večskalne GCN, pozornost, geometrijske omejitve ter učenje z okrepitvijo za 

stabilno načrtovanje poti. Testiran je na 4.826 vzorcih. 
 

 

1  Introduction 
With the deepening development of artificial 

intelligence and graph neural networks in structural 

modeling, graphic recognition, and semantic generation, 

intelligent analysis of graph structured data is becoming 

an important means of complex structure restoration and 

information reconstruction. In applications such as 

intelligent clothing manufacturing and virtual fitting, the 

modeling of clothing pattern structure serves as an 

intermediate link, directly affecting the accuracy of 3D 

reconstruction and the logic of structural restoration. 

However, clothing structure diagrams have features such 

as uneven node distribution, non-linear stitching paths, 

and fuzzy semantic boundaries, which result in 

insufficient accuracy of traditional methods based on 

image contours or geometric templates, making it difficult 

to adapt to diverse pattern organization [1]. 

Previous studies have attempted to use convolutional 

neural networks or generative adversarial networks to map 

images to structures, but there are still shortcomings in 

expressing complex structures and handling spatial 

relationships. Especially for clothing graphics with 

topological constraints and semantic nesting, there is an 

urgent need to establish a unified graph model framework 

that combines structural priors, semantic understanding, 

and path planning capabilities to achieve effective 

transformation from graphic perception to structural 

reconstruction. In recent years, Graph Neural Networks 

(GNNs) have shown good adaptability in processing non-

Euclidean structured data, providing a unified mechanism 

for node propagation, structure perception, and semantic 
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embedding, and providing methodoiogical support for 

clothing structure modeling [3]. GNN can achieve local 

fusion by aggregating adjacent node information and 

perform overall modeling at the layer level, suitable for 

the structural relationship of "node edge stitching 

surface" in clothing. After introducing attention 

mechanism, the recognition accuracy of key parts and 

important suture paths can be improved, and the 

robustness of the model can be enhanced [4]. The graph 

autoencoder and decoder provide the basis for path 

generation, but there are still challenges in coordinating 

sequence control and structural constraints. 

Reinforcement learning has the potential to improve the 

accuracy and efficiency of path generation due to its 

adaptive strategy optimization ability, making it suitable 

for dynamic adjustment during the path generation stage 

[5]. 

In actual modeling, the representation of structural 

diagrams, the accuracy of graph feature extraction, path 

reconstruction strategies, and control feedback 

constitute the core of the system. The key to current 

research is to build a multi module collaborative, feature 

accurate, path reasonable, and strategy controllable 

graph model system that balances modeling accuracy 

and system stability. This study focuses on the core topic 

of "Intelligent feature extraction and reconstruction path 

construction of clothing pattern structure by integrating 

graph neural networks". The technical design and 

experimental verification are carried out around four 

dimensions: "structure graph construction - graph feature 

extraction - path reconstruction generation - strategy 

guided optimization". This study focuses on the graph 

feature extraction and path reconstruction of clothing 

pattern structure. The research question is as follows: 

RQ1: Can graph neural networks effectively model the 

spatial semantic structure of clothing patterns? RQ2: Can 

multitasking and attention mechanisms improve node 

classification and edge prediction accuracy? RQ3: Can 

reinforcement learning improve the consistency of 

structural path reconstruction? 

The innovation of this study lies in the fusion of 

graph convolution, attention, and reinforcement learning 

to form a collaborative framework; Introducing 

geometric constraints to enhance the logical consistency 

of complex structures in tasks; For the first time, GNN 

has been applied to clothing pattern modeling, 

expanding its boundaries in the field of industrial design. 

2  Related work 
In the interdisciplinary research of graph neural 

networks and structural modeling, the extraction and 

reconstruction of structural features of clothing patterns 

have gradually formed a complex task process that 

integrates multi-source graph data, high-dimensional 

semantic mapping, and path optimization. Current 

research mainly focuses on graph structure construction, 

feature fusion, path prediction, and graph data-driven 

learning. 

In terms of graph structure modeling, Dong et al. (2022) 

proposed a weighted fusion of convolutional neural 

networks and graph attention mechanisms for classification 

tasks in high-dimensional spectral images, effectively 

enhancing the recognition accuracy and structure 

preservation ability of graph neural networks for boundary 

regions, and providing basic support for edge detection in 

subsequent structure reconstruction [7]. Sun et al. (2024) 

introduced an adaptive feature fusion module in the 

attribute graph clustering task and achieved stable 

clustering results on irregular structured graphs, verifying 

the enhancing effect of heterogeneous feature combinations 

on graph structure expression [8]. Liu et al. (2022) 

constructed a lightweight image super-resolution model 

based on multi attention mechanism, achieving effective 

recognition and enhancement of key region map features 

under limited computing resources [9]. 

In terms of optimizing the expression of intermediate 

layers in structural reconstruction paths, Chen et al. (2024) 

proposed a multi-layer feature radiation field (FeRF) model, 

which combines deep neural networks with high-

dimensional graph structure embedding to achieve multi-

scale fusion and hierarchical reconstruction of structural 

features in image-to-image tasks [10]. Yi (2022) 

constructed a convolutional neural network model based on 

clothing design to explore the linear structure distribution 

and pattern contour recognition in clothing images, 

providing a preliminary semantic basis for mapping images 

to pattern structures [11]. Yan et al. (2022) proposed the 

Semantic Driven Dual Attention Network (SDAN), which 

utilizes a bidirectional graph attention mechanism to mine 

semantic distribution relationships in the graph, 

significantly improving the accuracy of expressing edge 

connections and region boundaries during the structural 

restoration process [12]. 

In image recognition and classification tasks, Liao et al. 

(2022) combined convolutional networks and attention 

mechanisms for multi class classification of clothing 

images, enhancing the differential expression between 

structural features and demonstrating stronger 

discriminative ability for image samples within the same 

category [13]. Ning et al. (2022) constructed a 

heterogeneous graph transformation relationship network 

between clothing patterns and e-commerce patterns from 

the perspective of cross domain image retrieval, solving the 

interference problem of structural misalignment and fuzzy 

features on retrieval accuracy [14]. Korosteleva and Lee 

(2022) proposed the NeuralTailor method, which 

reconstructs sewing pattern structures from 3D clothing 

point clouds, achieving structure preserving modeling from 

3D to 2D, providing direct technical reference for 

intelligent reconstruction of clothing pattern structures [15].  

In order to compare the differences between existing 

methods and the work presented in this paper more clearly, 

the core elements of the main related studies are 

summarized in Table 1. 
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Table 1：Comparison and summary of related methods 

Method 
Name 

Year Dataset Main Method 
Accuracy / F1 / 

Topology 
Limitation 

CNN-
based 

2022 
Textile 
dataset 

Parallel convolution + 
optimization 

Acc 82% 
Difficult to handle 
complex structural 

relations 

GCN-Net 2023 
Synthetic 
graph data 

Heterogeneous GNN 
feature fusion across 

layers 
Acc 88% 

Insufficient for 
capturing long-range 

dependencies 

SDAN 2022 
Image 

generation 
tasks 

Dual attention 
mechanism for edge 

recognition 
F1 ≈ 85% 

Limited 
generalization, lacks 

path modeling 

NeuralTa
ilor 

2022 
3D point 

cloud 

Reconstructing sewing 
structures from 3D 

point clouds 

Topology ≈ 
87% 

Restricted to 3D 
input, lacks path 

optimization 

GNN+Str
ategy 

2024 
DeepFashio

n2 & 
Custom data 

Multi-module fusion + 
reinforcement learning 

for path guidance 

Acc 91.3% / 
Topo 88.0% / 

F1 88.4% 

Validation scope 
limited 

 

3  Intelligent feature extraction 
mechanism for clothing pattern 
structure based on fused graph 
neural network 

3.1  Construction of clothing pattern 
structure diagram and node feature setting 
The construction of clothing pattern structure diagram 

relies on the data format requirements of graph neural 

network, which requires encoding the geometric 

structure information in two-dimensional images or 

CAD drawings into graph data structures with 

connection relationships. Nodes represent functional 

areas in the clothing structure, such as armrests, collars, 

side seams, armholes, etc., while edges represent the 

stitching relationships or symmetrical connections 

between different parts. The graph structure is defined as 

( )EVG ,= , where  nvvv ,…,,V 21=  is the set of 

nodes and VVE  is the set of edges. Each node sets 

an initial feature vector 
d

i Rx  by extracting its 

position, shape, and structural semantics, which is 

specifically defined as: 

( )   d

iiiiii RsmklvF = ,,,,
（1） 

Among them, il represents the length of the 

structural line, i represents the corner information, ik  

represents the local contour curvature, im represents the 

material code, and is  represents the structural category 

label.Curvature is obtained through edge detection and 

keypoint fitting, and normalized to the [0,1] interval; The 

angle is extracted from the geometric relationships in the 

CAD style drawing to ensure consistency at different 

sizes; The material coding adopts the form of a single 

heat vector, which is jointly generated by manual 

annotation and process database. This formula is used to 

encode the initial structural features of clothing nodes. 

In practical applications, node initialization involves  

 

multiple steps: the length of the structural line is calculated 

and normalized based on the pixel values or CAD 

annotation lengths of the corresponding line segments; 

Edge and corner information is extracted through geometric 

relationships in CAD style drawings to ensure consistency 

across different sizes; Local curvature is obtained through 

edge detection and keypoint fitting; The material properties 

are encoded in the form of individual heat vectors, 

generated by manual annotation and process databases; The 

structural category labels are determined based on a 

predefined set of 43 clothing parts. By extracting and 

encoding the above features, the initialization of the graph 

structure nodes is completed. 

To enhance the geometric integrity of the graph 

construction, edge determination is carried out based on the 

stitching logic of the clothing process and the two-

dimensional spatial connection rules to ensure structural 

connectivity. The relative spatial relationship between 

nodes is encoded by normalizing coordinate differences to 

enhance the geometric perception ability of graph 

convolution. The calculation method for position 

embedding is as follows: 








 −−
=

H

yy

W

xx
P

ijij

ij ,

（2） 

Among them, ( )ii yx , is the image coordinate of node 

iv , W and H are the image width and height, used to 

standardize the feature expression under different clothing 

sizes. This formula is used to calculate the spatial position 

encoding between nodes and normalize the position of 

clothing of different sizes during the graph construction 

stage. 

As shown in Figure 1, the process of constructing a 

structural diagram includes steps such as image 

preprocessing, structural region recognition, node setting, 

edge relationship generation, and attribute vector 

construction. The image input comes from a two-

dimensional pattern of clothing, and semantic segmentation 

models. The nodes are mapped by manually annotated 

keypoints, and the edge relationships are automatically 

inferred under the constraints of process rules combined 

with geometric relationships, supplemented by manual 

correction to ensure the rationality of the structure.
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Figure 1: Construction process of clothing pattern structure diagram 
 

In the process of node feature quantization, the 

curvature of the edges and corners is normalized to the 

[0,1] interval in radians, the material properties are 

mapped to a 4-dimensional vector through single heat 

encoding, and the structure category is set to 43 class 

labels. The position coordinates are normalized 

according to the width and height of the image to 

eliminate the influence of clothing of different sizes. The 

above features are concatenated into node input vectors 

to ensure uniform and reproducible feature dimensions. 

3.2  Structural space extraction mode 
based on graph convolution 
In the clothing pattern structure diagram, the spatial 

dependency relationship between nodes presents a non-

Euclidean distribution, and traditional convolution 

kernels are difficult to capture the feature propagation 

under this irregular topology. Graph convolutional 

neural networks can effectively transmit structural 

semantic information between nodes by constructing 

adjacency relationships in the graph structure, thereby 

completing spatial feature extraction of clothing 

structures. In the constructed structural diagram

( )EVG ,=
, V is the set of nodes representing the 

coordinates and attributes of key parts, and E is the set 

of edges, combined with geometric connections and 

process sequence settings. 

The core of graph convolution lies in the 

neighborhood aggregation mechanism, where the 

representation vector of each node is updated by 

superimposing information from adjacent nodes, 

formally expressed as: 

( ) ( ) ( )( )lll WHDADH 2/12/11 ~~~ −−+ =
（3） 

Among them, IAA +=
~

is the adjacency matrix 

with self connection added, D
~

 is the corresponding 

degree matrix, 
( )lH is the node feature representation of 

the l th layer, 
( )lW is the trainable weight matrix, and

 is the activation function (such as ReLU). This 

formula is applied to the graph convolution propagation 

stage, where node information is updated through 

adjacency matrix and degree matrix. This process 

ensures the joint updating of graph structure information 

and node local features. 

To enhance the representation ability of different scale 

structural regions, a Multi channel GCN is introduced. 

Parallel paths are used to process feature channels under 

different edge weight strategies, and the final fusion 

expression is as follows: 

( )( )
=

=
K

k

kk HGCNZ
1

0
（4） 

Among them, k  is the weight coefficient of the kth 

channel, kGCN
represents the convolution path of the kth 

graph, and 
( )0H is the input initial node feature. This 

formula is used in multi-channel convolution to enhance the 

ability to recognize boundaries and structures by fusing 

features from different channels. In this study, the number 

of multiple channels was set to K=3, and adjacency 

matrices were constructed based on semantic relationships, 

geometric distances, and their fusion. The semantic channel 

highlights the process logic and part categories, the 

geometric channel emphasizes the spatial proximity 

between nodes, and the fusion channel adopts a weighted 

combination method to ensure the unified expression of 

structural semantics and geometric features. This strategy 

captures semantic changes from multiple angles while 

maintaining the integrity of the graph structure, improving 

the recognition ability of complex clothing contours and 

overlapping boundary areas. 

Through the above structural space extraction mode, 

the model achieves accurate perception of local 

configurations, overall partitioning, and node aggregation 

relationships in clothing patterns, establishes a stable 

structural foundation, and provides graph embedding 

support for subsequent structural reconstruction and 

posture regression. 

3.3  Introducing attention mechanism to 
enhance recognition of key structures 
In the clothing pattern structure diagram, there are 

significant differences in the importance of the clothing 

components represented by each node in the reconstruction 

accuracy. The traditional graph convolution method adopts 

equal or static weight methods in the feature aggregation 
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process of adjacent nodes, which makes it difficult to 

effectively identify the semantic significance of key 

structural regions. Therefore, introducing graph 

attention mechanism to enhance the recognition ability 

of the model for key nodes, dynamically allocating 

information weights during feature propagation, and thus 

enhancing the effectiveness of structural expression. 

The core of graph attention mechanism is to assign 

a learnable attention weight to the edges between each 

pair of adjacent nodes, which reflects the feature update 

contribution of the neighboring node to the central node. 

If the input feature of any node i in the graph is

F

i Rh 

and its set of adjacent nodes is 
( )iN

, then the output 

feature ih
of node i can be calculated by the following 

formula: 

( )













= 

 iNj

jiji Whh 

（5） 

Among them, 
FFRW   is a shared linear 

transformation matrix used for feature space projection; 

( ) represents the activation function (commonly 

known as ReLU), which is applied in attention 

mechanisms to dynamically focus on key structural 

nodes and enhance graph convolution representation 

capabilities. ij is the attention weight of node j to node 

i, which is calculated through feature similarity: 

 ( )( )
( )  ( )( )ki

T

iNk

ji

T

ij
WhWhLULeaky

WhWhLULeaky




=

 Reexp

Reexp


（6） 

In this equation, 
FR


 2

 is a trainable weight 

vector, represents vector concatenation operation,

( )iN
represents the set of neighbors of node i, and 

LeakyReLU is a nonlinear activation function. This 

formula is used to calculate attention weights and 

identify semantic similarity between nodes through 

feature concatenation. Through the above mechanism, 

the model can adaptively focus on key parts of clothing 

such as armholes, collars, and side seams, giving higher 

weights in the feature fusion stage, achieving key 

extraction and discriminative expression of structural 

features, and providing a more recognizable graphical 

basis for subsequent reconstruction modules. 

3.4  Multi task driven feature extraction 
process 
In the modeling process of clothing pattern structure, the 

supervision signal of a single task often fails to fully 

stimulate the model's ability to understand complex 

structures. Therefore, a multi task learning mechanism is 

introduced to synergistically model the three sub tasks of 

structure classification, edge recognition, and node feature 

regression, in order to enhance the feature extraction 

generalization ability of graph neural networks. This 

mechanism can optimize multiple task losses in parallel 

based on shared parameters, thereby obtaining more stable 

and discriminative intermediate feature representations. Let 

the total loss function be totalL , consisting of three subtask 

losses: 

regedgeclstatol LLLL 321  ++=
（7） 

Among them, clsL
represents the cross entropy loss of 

structural classification, which is used to determine the 

category of structural components to which each node 

belongs; edgeL  is the edge recognition loss, which uses 

binary cross entropy to calculate the connection prediction 

error between node pairs; regL node coordinate regression 

loss, using mean square error to evaluate the deviation 

between predicted coordinates and annotated coordinates; 

321  ，，
are the weight coefficients of three tasks, In 

this study, the weight parameters are adjusted within the 

{0.2, 0.5, 1.0} interval through grid search, and the optimal 

combination is selected on the validation set to ensure the 

balance of the three types of tasks. The results indicate that 

the performance of the model remains stable under 

parameter changes, with an improvement in edge 

recognition accuracy at larger values of 2 . This formula is 

used for joint calculation of multi task losses, and in actual 

training, the model stability is improved through 

collaborative optimization of three types of tasks. 

To verify the improvement effect of multi task 

mechanism on feature extraction performance, a 

comparative experiment was designed as shown in Table 2. 

Single task training refers to training independent models 

for classification, edge recognition, and coordinate 

regression separately, and taking the average result; Multi 

task training jointly optimizes three types of tasks in the 

same model. Compare and evaluate three indicators: 

classification accuracy, edge prediction F1 value, and 

coordinate error.
 

Table 2: Comparison of structure recognition performance under different training mechanisms 

Training Method 
Classification 
Accuracy (%) 

Edge Prediction F1 
Score 

Coordinate Mean 
Squared Error 

Single-task Training 84.7 0.712 3.65 px 
Multi-task Joint 

Training 
89.2 0.786 2.94 px 

The experimental results show that the multi task 

mechanism outperforms single task training in all three 

indicators, especially in the recognition accuracy of 

structural edge relationships and node coordinate fitting 

accuracy. This indicates that graph neural networks guided 

by multi task loss can more effectively extract structural 
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semantic and geometric information, forming a more 

stable and discriminative expression of clothing pattern 

structure. 

4  Intelligent reconstruction path of 
clothing pattern structure based on 
fused graph neural network 

4.1  Node path construction method for 
clothing pattern structure diagram 
In the task of clothing structure reconstruction using 

graph neural networks, the path information of the 

structural graph not only determines the propagation 

direction of graph convolution, but also directly affects 

the preservation of structural relationships and semantic 

restoration effects. To construct a reasonable node path 

system, it is necessary to comprehensively consider the 

geometric continuity and process logic of the clothing 

structure, ensuring that the graph structure can 

accurately map the connection mode and reconstructable 

sequence of solid components. 

Node path generation is based on the spatial position 

and edge attribute weights of nodes in the structural 

graph, defining a set of optimal traversal paths in the 

directed graph. Assuming the structure diagram 

( )EVG ,=
 is known, the path generation target can be 

formalized as: 

( )




+=
Pvv

ijij
P

ji

dwP
,

* minarg 

（8） 

Among them,
*P  is the optimal path set, ijw

represents the process weight of edge Eeij  , ijd is the 

Euclidean distance between nodes, and  is the adjustment 

coefficient, which controls the relative importance of 

geometry and process. In this study,  was determined by 

grid search on the validation set (with values ranging from 

{0.3, 0.5, 0.7, 1.0}) to balance the contributions of process 

weights and geometric distances. The experimental results 

show that when  is set to 0.5-0.7, the path consistency and 

reconstruction accuracy are optimal. The structural rule 

library is initially annotated and generated by process 

experts, but automated rule extensions and data-driven 

constraint updates are introduced during the training 

process to reduce manual dependencies and enhance 

generalization ability. This formula is used in the path 

search process to generate the optimal connection path in 

the structural diagram by combining geometric and process 

constraints. 

The path search adopts an improved Dijkstra algorithm 

and embeds clothing structure rules to remove path 

branches that do not conform to the construction sequence. 

 
Figure 2: Path construction process of clothing structure diagram 

 

As shown in Figure 2, the path construction process 

includes key steps such as clothing structure diagram 

input, structural rule library loading, feature extraction, 

edge weight matrix construction, structural consistency 

check, and path search execution. The system first 

extracts the spatial coordinates and topological 

relationships of nodes, constructs edge weight matrices 

based on structural rules, and introduces geometric 

distances and process rules as evaluation criteria for 

edges. Subsequently, path branches that do not comply 

with process constraints are eliminated through 

structural consistency checks to ensure that the path 

generation is logically and geometrically reasonable. In 

the path search stage, graph traversal is used to generate a 

path set and output the optimal path set, providing ordered 

input for the subsequent structural information transmission 

of the graph neural network, enhancing the coherence and 

spatial consistency of feature fusion. This path system can 

also provide structural references for multi-scale 

convolution mechanisms, supporting advanced operations 

such as region partitioning and hierarchical extraction. 

4.2  Design of image feature encoding and 
reconstruction path decoding 
The core of graph feature encoding lies in constructing node 

representations that can accurately reflect the topology and 
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geometric properties of clothing pattern structure. In this 

study, each node
Vvi  in the input graph structure 

( )EVG ,=
in the input graph structure 1 corresponds 

to a clothing keypoint, and its feature vector is composed 

of spatial coordinates, connecting edge directions, 

weight values, and structural semantic labels.  This 

formula is applied to the graph feature encoding process 

and differs from the structural spatial feature extraction 

mentioned earlier in terms of application scenarios. The 

embedding update formula for nodes is as follows: 

( ) ( ) ( )

( ) 












= 



+

iNj

l

j

l

ji

l

i hW
dd

h
11 

（9） 

Among them,
( )l
ih  represents the feature 

representation of node iv  in the l nd layer, ( )iN  is the 

set of adjacent nodes, 
( )lW  is the trainable graph 

convolution weight matrix, 
( )

is the nonlinear 

activation function, and jjdd is the degree 

normalization factor, which is used to maintain the 

numerical stability of information propagation. This 

formula is used in the graph encoding stage to update the 

node features of each layer, and in practice, it combines 

the weight matrix and activation function for information 

fusion. 

In the reconstruction path decoding stage, it is 

necessary to perform inverse graph decoding by 

combining the generated path set
*P . Considering the 

spatial order and dependency of clothing structure, this 

paper introduces a decoder model based on path attention 

mechanism. The reconstruction state of each node in the 

path is jointly determined by the context path vector and 

the target embedding, and its generation probability is 

modeled as follows: 

( ) ( )( )HPAttnqHPvp T

ii ,maxsoft, ** =
（10） 

Among them, iq
 is the query vector of the current 

decoding step, the starting node is initialized as a zero 

vector, and the remaining steps inherit the embedding of 

the previous node; H is the node embedding matrix after 

graph encoding, with dimensions set to 128;and
( )Attn

is a standard multi head attention function module that 

measures the degree of matching between nodes and path 

contexts. The decoder adopts a two-layer structure, 

combining self attention and cross attention mechanisms 

to capture path dependencies and ensure spatial 

constraints. This mechanism dynamically adjusts the 

dependency ratio on historical structures during 

decoding, improving the accuracy and stability of 

reconstruction. 

In summary, graph feature encoding and path 

decoding constitute the core closed loop of structural 

intelligent reconstruction. The former extracts deep 

structural semantics from clothing pattern maps, while 

the latter uses path guidance for high consistency topology 

restoration, providing a structurally stable input foundation 

for downstream simulation and optimization modules. 

4.3  Structural reconstruction process based 
on geometric constraints 
The intelligent reconstruction of clothing pattern structure 

not only relies on the efficient propagation of structural 

information by graph neural networks, but also requires the 

use of geometric constraint mechanisms to ensure the 

spatial rationality and topological consistency of the 

generated results. This study proposes an optimization 

strategy based on geometric consistency to address issues 

such as structural drift and scale imbalance that may occur 

during the reconstruction process. Key constraints such as 

edge length and angle are introduced synchronously during 

node generation and path backtracking to achieve precise 

control of structural restoration. 

Assuming the predicted coordinates of the nodes in the 

reconstructed graph are 

2ˆ RPi  , the target reference 

coordinates are 

2RPi  , and the edge set is  . The 

consistency loss function for edge length is defined as 

follows: 

( )

2

,
2

ˆˆ







 −−=

ji

ijjiedge dPPL

（11） 

Among them, ijd
 represents the target edge length 

between nodes extracted from the original pattern structure, 

and 2


 is the Euclidean distance. This constraint is used to 

calibrate the spatial spacing between predicted nodes, 

ensuring the geometric authenticity of the boundary length, 

and is applicable to areas such as sutures and splices that 

require proportional preservation.  To avoid confusion 

with the edge recognition loss in Section 3.4, edgeL in this 

section specifically refers to the geometric edge length 

constraint loss, which is defined as formula (11). 

On the basis of edge length constraints, an angle 

consistency loss is introduced to maintain the relative 

relationship between local angles of nodes. For any set of 

ternary nodes
( ) Tkji ,,

, the angle loss function is as 

follows: 

( )( )
( )




−=
Tkji

ijkkjiangle PPPL
,,

2
ˆ,ˆ,ˆ 

（12） 

Among them, 
( )

represents the actual angle formed 

by three points, and ijk
is the target angle value of the 

structural unit, derived from the initial pattern composition 

or manual rule library definition. This formula is used for 

angle loss constraint to ensure that the triangular 

relationship maintains structural geometric consistency. 

This item helps to maintain the stability of the angular 

relationship of the structural boundary and reduce the 

interference of deformation areas on the path connection 
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logic. To verify the effectiveness of geometric 

constraints, ablation experiments were designed to 

compare the results of turning off and turning on 

geometric constraints under the same model. The results 

showed that when angle loss was removed, the Topology 

Score decreased from 88.0% to 84.7%, and the F1 

Structure Score decreased from 88.4% to 85.2%, 

indicating that geometric consistency constraints have a 

significant effect on improving structural boundary 

preservation and overall reconstruction stability. 

The final optimization objective function is 

combined with the above two types of constraints to 

construct a joint loss model: 

angleedgetotal LLL 21  +=
（13） 

Among them, 21 ，
 is the adjustment factor for 

the two sub loss terms, which is adjusted based on the 

actual task weights. This formula combines edge length 

and angle loss for global structural optimization during 

the training phase. In the training and prediction stages, 

the loss function is embedded in the graph network 

propagation and node coordinate generation module, and 

the model parameters are optimized through 

backpropagation mechanism. This geometric 

consistency mechanism exhibits stronger stability and 

generalization in complex structural regions, providing 

important guarantees for improving the accuracy of 

whole image reconstruction and the reliability of 

engineering applications. 

4.4  Path planning and strategy network 
guidance mechanism 
In the reconstruction process of clothing pattern 

structure, path planning bears the control of node 

generation order and edge weight transmission direction, 

which directly affects the efficiency of information 

aggregation and structural consistency. To enhance the 

path guidance effect, this study introduces edge 

information sampling control strategy in the policy network, 

calculates the sampling probability of edges through 

geometric distance and semantic consistency, and 

suppresses the interference of redundant and noisy edges. 

By combining graph search algorithms with action value 

functions, dynamic optimization of path traversal is carried 

out to enhance the robustness of boundary regions and 

achieve better connection control between structural nodes 

while maintaining topological connectivity. 

Path planning is based on graph structure ( )EVG ,=

, where each state ts represents the current node subgraph 

traversed. The policy network outputs the next action ta , i.e. 

the selection of the next hop node, through policy function

( )ts , with the goal of maximizing the global path score 

function: 

( ) ( )







= 

=

T

t

ttr asrEJ
0

~ ,

（14） 

Among them, T  represents the complete path 

trajectory, and ( )tt asr , is the single step reward function, 

taking into account indicators such as edge weight sparsity, 

topological rationality, and geometric consistency. This 

formula is used for path strategy scoring, guiding the 

strategy network to generate the optimal structural rule-

constrained path. This mechanism refers to the strategy 

gradient idea in reinforcement learning, combined with 

structural constraints to optimize the path selection order, 

in order to reduce redundant backtracking and unstructured 

edge traversal. 

At the implementation level of the model, the policy 

network uses graph attention mechanism to capture the 

contextual dependencies between nodes, and adjusts the 

path priority between nodes through learnable parameters. 

To clearly demonstrate the multidimensional reference 

standards in the path guidance process, Table 2 lists the 

main quantitative indicators and explanations:

 
Table 3：Explanation of key indicators in path guidance mechanism 

Metric Name Symbol Description 

Geometric Deviation δgeo 
Degree of deviation between the current path structure and 

the ideal edge lengths and angles 
Topological Jump 

Count 
Ntopo 

Number of jump connections in non-continuous topological 
segments of the current path 

Structural Consistency 
Score 

Sstruc 
Proportion of path segments matching structural rules; value 

range is [0, 1] 

The strategy network adopts a two-layer graph 

attention structure, with the state space consisting of the 

current node and the generated path, and the action space 

consisting of candidate adjacent nodes. Use reward 

shaping during training: reward when the path conforms 

to the craft rules and geometric relationships, and punish 

when jumping or violating rules occur. The calculation 

method for the indicators in Table 3 is as follows: 

geometric deviation is estimated based on the difference 

between the generated path and the ideal structure, the 

number of topological jumps is counted for non 

continuous connected segments, and the structural 

consistency score is determined based on the proportion of 

segments that conform to the rule path. 

5  Model training process and 
validation analysis 

5.1  Dataset construction and graph format 
conversion process 
The experimental data of this study was constructed based 

on the DeepFashion2 public clothing image set and the self 

structuring PatternStruct Graph dataset, with a total of 4826 
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sampled samples. Each group of samples includes 

complete front and rear views and structural annotation 

diagrams, covering typical clothing types such as dresses, 

jackets, pants, etc. In the annotation process, key 

structural points of the clothing are manually located, 

and 43 node categories are uniformly defined based on 

the clothing process standards. The average number of 

annotated nodes per sample is 43.2, and the edge 

relationships are maintained between 62-75, mainly 

including stitching connections, contour extensions, and 

style symmetry constraints.The PatternStruct Graph 

dataset is not yet fully publicly available, and partial 

annotations can be provided upon request. The 43 types 

of nodes cover common parts of clothing, such as collars, 

shoulder lines, sleeve tops, waistlines, hemlines, crotch, 

etc., and extend to pocket edges, crease lines, and 

symmetrical auxiliary points. They are completed and 

cross checked by personnel with a background in 

clothing craftsmanship. 

The graph structure is uniformly modeled as triplet

( )XEVG ,,=
, where V is the set of structural nodes, 

E is the set of structural connection edges, and 

dV
RX


  is the node feature matrix. The node 

features are composed of normalized coordinates, 

structural type encoding, and local texture feature 

concatenation, in the following form: 

Vitype
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y
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



= 

（ 15） 

In the formula, ii yx ,
represents the coordinate 

value of node i in the image, W and H are the width and 

height of the image, type represents the encoding of 

structural parts, and i represents the mean 

representation of SURF texture features after 

dimensionality reduction (dimension is 28). During the 

dataset construction phase, node features are normalized 

using coordinate differences, structural type encoding, 

and local texture features to ensure that the model can 

capture topological connections across regions. It should 

be noted that this feature does not conflict with the initial 

node feature in Section 3.1: the former is used for 

modeling the original structure, while the latter extends 

the relative position information and texture information 

during dataset transformation to enhance the diversity 

and robustness of model training. 

In order to enhance the ability of structural learning, 

all samples were divided into a training set (70%), a 

validation set (15%), and a test set (15%) after graph 

construction. In the training process, the graph neural 

network is set to input node feature matrix and edge 

index matrix, with the goal of predicting the 

reconstruction path weights and final structural matching 

relationships between node pairs. 

To ensure the reproducibility of the experiment, this 

study provides some pseudo dataset samples and 

experimental code frameworks in the supplementary 

materials. The following provides pseudocode examples 

for training and validation scheduling, demonstrating the 

implementation logic of graph neural network models 

during the training process: 

for epoch in range(total_epochs): 

for batch in training_loader: 

graph, target = build_graph(batch) 

pred = GNN_model(graph) 

loss = loss_function(pred, target) 

optimizer.zero_grad() 

loss.backward() 

optimizer.step() 

val_score = validate_model(GNN_model, 

validation_loader) 

save_best(GNN_model, val_score) 

After graph format conversion and modeling 

optimization processing, the model improved the accuracy 

of structure recognition by 9.3% compared to the non graph 

structure model, and the reconstruction integrity index 

improved by 14.5%. This process provides a data 

foundation and structural guarantee for subsequent 

reconstruction path guidance and multi strategy fusion. 

5.2  Model training process and 
hyperparameter configuration explanation 
This study constructed a training set based on the 

DeepFashion2 and self structuring PatternStruct Graph 

datasets, with a total of 4826 samples, 3378 training sets, 

724 validation sets, and 724 test sets. The average number 

of structural nodes was 43. During the training process, 

graph neural networks are used as the backbone architecture, 

and path guidance mechanisms are employed to enhance the 

accuracy of structural reconstruction. Data preprocessing 

includes normalizing the image to 256 × 256 resolution, 

using Canny operator and semantic segmentation to extract 

structural regions, locating and annotating nodes based on 

process rules to generate feature vectors, and dividing the 

training, validation, and testing sets into 70%/15%/15% 

partitions.The training batch size is set to 16, the training 

epochs are 80, the Adam optimizer is used, the initial 

learning rate is 0.001, and the CosineAnnealing strategy is 

dynamically adjusted. The training platform is PyTorch 

Geometric, and the hardware support is RTX 4090 GPU. 

To better introduce the importance weight of node 

paths, a structural loss function based on path weights is 

introduced: 

( )( )
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−=
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Among them, ijp̂
 is the predicted path length, ijp

is 

the actual structural path length, and ij
 is the weight 

factor dynamically generated by the policy network, 

representing the sensitivity contribution of edges to 

structural accuracy. This formula is used for path loss 

calculation, in this section, pathL introduces dynamic 

weights generated by the policy network based on mean 

square error to highlight the importance of critical 

pathsThis mechanism enables high importance paths to 
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obtain greater gradient updates during training, 

effectively improving the accuracy control capability of 

key node connections. 

To control the complexity of the model, the final 

loss function is defined as: 

2

2
 += pathfinal LL
（17） 

Among them, 
pathL represents path loss, 

represents all network parameters, and regularization 

term
2

  can be used to suppress excessive 

parameter updates, prevent overfitting, and ensure 

training stability. It should be noted that the

angleregcls LLL ,, level subtask loss mentioned earlier 

has been applied to the feature extraction stage through 

joint optimization in the multi task stage, and its results 

have been integrated into the calculation process of path 

loss pathL . Finally, it is reflected in a unified form in

finalL to ensure the consistency and completeness of the 

training objectives. This formula is used for 

regularization constraints and is actually used in training 

to prevent overfitting. 

In terms of network structure, this study adopts a 

three-layer graph convolution stacking architecture, with 

output channels of 64, 64, and 128 in sequence. ReLU is 

selected as the activation function, and BatchNorm is 

added after each convolution layer for normalization to 

improve numerical stability. To prevent overfitting, 

Dropout (ratio 0.3) is introduced between the second and 

third layers. The attention mechanism allocates node 

weights after the convolutional layer to enhance the 

expression ability of key structural parts. The decoding 

part adopts a graph autoencoder structure, which embeds 

and maps the encoded nodes to the path reconstruction 

space, and introduces L2 regularization term in the training 

stage to limit excessive parameter fluctuations. The 

parameter settings are determined based on multiple 

comparative experiments, ensuring accuracy while 

maintaining convergence stability. 

5.3  Model structure comparison and 
applicability analysis 
This study is based on the Graph Neural Network and GNN 

to construct a clothing pattern structure reconstruction 

model, which models the spatial distribution and 

connection relationship of clothing nodes, and compares its 

performance with existing methods, focusing on the 

model's performance in reconstruction accuracy, structural 

consistency, and recognition integrity. Let the 

comprehensive evaluation indicator S be the average of 

three core indicators: 

3

FTA
S

++
=

（18） 

Among them, A represents the accuracy of node 

recognition, T is the score of topology matching, and F is 

the score of structure F1. This formula is used in the model 

evaluation stage to measure the performance of structural 

modeling by averaging the scores of three indicators. The 

test data comes from the publicly available DeepFashion2 

dataset and the self built graph structure dataset, with a total 

of 4826 samples and an average of 43 nodes. 

This section compares three model structures: ① 

Convolutional baseline model (Baseline CNN) that only 

uses image features; ② Introducing GCN Net with a simple 

graph structure; ③ GNN+Strategy model integrating graph 

neural network and path strategy module. The evaluation 

results of the three are shown in the following figure:

 
Figure 3：Model structure comparison bar chart 

 

The test results showed that Baseline CNN achieved 

an accuracy index of 82.0% ± 0.6, GCN Net was 88.7% 

± 0.4, and GNN+Strategy further improved to 91.3% ± 

0.5; In terms of Topology Score, Baseline CNN is 73.5% 

± 0.7, GCN Net has improved to 81.2% ± 0.5, and 

GNN+Strategy has reached 88.0% ± 0.6; In the F1 

Column Score index, the three indicators are 80.1% ± 0.8, 

85.7% ± 0.5, and 88.4% ± 0.6, respectively. The overall 

trend shows that GNN+Strategy outperforms the other two 

structures in various performance evaluations, 

demonstrating stronger structural reconstruction ability and 

robustness, especially in complex structural conditions with 

higher stability and applicability. To further verify the 

significant differences between different methods, a two-
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sample t-test was conducted based on the results of three 

independent experiments. The results are shown in Table 4: 

 

Table 4：Statistical significance test results of performance comparison between methods 

Indicator 
Baseline-CNN vs GCN-

Net 
GCN-Net vs 

GNN+Strategy 
Baseline-CNN vs 
GNN+Strategy 

Accuracy p < 0.01 p < 0.05 p < 0.001 
Topology Score p < 0.01 p < 0.05 p < 0.001 
F1-Struct Score p < 0.01 p < 0.05 p < 0.001 

The experimental results show that GNN+Strategy 

achieves statistically significant differences in three 

indicators compared to the other two methods, indicating 

that this method has higher stability and advantages in 

modeling complex clothing structures. 

In addition, in actual samples, the model showed 

stronger generalization ability on asymmetric complex 

structured clothing such as jackets and windbreakers, 

with a topological error rate reduction of nearly 40%. 

This result indicates that the proposed method is not only 

applicable to static image input scenes, but also suitable 

for extension to 3D clothing modeling and digital twin 

platforms, with high practicality and algorithm transfer 

potential. 

5.4  Performance indicators and 
reconstruction accuracy evaluation 
In order to systematically evaluate the effectiveness of 

the proposed GNN+Strategy model, a comparative 

experimental method was used to select Baseline CNN 

and GCN Net as reference models, representing 

traditional image convolution methods and basic image 

neural network structures, respectively. The three 

models were trained on the same training set 

(DeepFashion2 subset and structure annotation 

extension set, a total of 4826 samples) and consistent 

hyperparameter configuration to examine their 

performance differences in multiple structural 

recognition indicators. The main evaluation dimensions 

include classification accuracy, topological structure 

preservation score, and structural F1 comprehensive score, 

to comprehensively reflect the stability and applicability of 

the model in feature extraction and structural reconstruction. 

The definition of classification accuracy is as follows, 

which measures the proportion of correctly classified 

samples in the predicted output: 

FNFPTNTP

TNTP
Accuracy

+++

+
=

（19） 

Among them, TP and TN respectively represent the 

number of positive and negative samples correctly 

identified, while FP and FN are the misclassified results. 

This formula is used for calculating classification accuracy 

and evaluating the recognition performance of the model on 

node categories. As shown in Table 5, the values are the 

mean ± standard deviation of three independent 

experiments. Baseline CNN has an accuracy index of 82.0% 

± 0.6, GCN Net has an accuracy index of 88.7% ± 0.4, while 

GNN+Strategy model achieves 91.3% ± 0.5, showing better 

performance in high-dimensional feature representation 

and complex polygon boundary recognition. In terms of 

Topology Scores, they are 73.5% ± 0.7, 81.2% ± 0.5, and 

88.0% ± 0.6, respectively, indicating that the latter is better 

able to maintain the connectivity of the original structural 

edges; The F1 Sequence Score is 80.1% ± 0.8, 85.7% ± 0.5, 

and 88.4% ± 0.6, indicating a balance and stability in 

overall recognition and boundary accuracy.

 
Table 5：Comparison results of model structure and performance 

Model structure Accuracy (%) Topology Score (%) F1-Struct Score (%) 
Baseline-CNN 82.0±0.6 73.5±0.7 80.1±0.8 

GCN-Net 88.7±0.4 81.2±0.5 85.7±0.5 
GNN+Strategy 91.3±0.5 88.0±0.6 88.4±0.6 

From the comparison of results, it can be seen that 

GNN+Strategy outperforms Baseline CNN and GCN Net 

in Accuracy, Topology Score, and F1 Stream Score, 

demonstrating the advantage of multi module fusion. 

Multi scale GCN enhances boundary aggregation 

expression and improves the classification accuracy of 

complex suture sites; Path attention dynamically adjusts 

the connection weights during the decoding stage to 

improve the problems of breakage and discontinuity; 

Geometric constraints maintain consistency between edge 

length and angle, improving topological retention. The 

synergistic effect of the three makes the model more stable 

and consistent in the restoration of complex clothing 

pattern structures. 

 

5.5  Discussion 
The GNN+Strategy model proposed in this article 

achieved a classification accuracy of 91.3%, a topology 

score of 88.0%, and an F1 score of 88.4% in experiments, 

significantly better than the baseline models Baseline 

CNN (82.0%/73.5%/80.1%) and GCN Net 

(88.7%/81.2%/85.7%). Comparison with related works 

shows that multi-scale GCN can effectively improve the 

recognition ability of complex boundaries, attention 

mechanism enhances the expression of key nodes, and 

reinforcement learning strategy improves path 

consistency and generation stability. These improvement 

factors collectively promote the overall performance 

improvement of the model under complex clothing 

structure conditions. 
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However, this study still has certain limitations. On 

the one hand, the training process of the model heavily 

relies on manually annotated data, which limits its 

potential application on large-scale unlabeled datasets; On 

the other hand, some rule driven features may still affect 

the convergence efficiency and universality of the model 

in extremely complex structures. Future research can 

attempt to introduce self supervised pre training and 

automated node labeling mechanisms to reduce manual 

dependence and enhance the robustness and 

generalizability of the method. 

6  Conclusion and prospect 
This study constructed an intelligent feature extraction 

and reconstruction model for clothing pattern structures 

that integrates graph neural networks. The system 

integrates structural graph modeling, graph convolution 

extraction, attention mechanism, geometric constraints, 

and reinforcement learning strategies, effectively 

improving the recognition accuracy and reconstruction 

integrity of complex clothing structures. Experimental 

data shows that the proposed model has significant 

advantages over traditional methods in terms of accuracy, 

structural consistency, and reconstruction fidelity, 

especially exhibiting good stability under asymmetric 

structures and boundary blur conditions. The path 

guidance mechanism of the model optimizes the structural 

connection sequence, effectively avoiding path deviation 

and reconstruction errors, providing algorithm foundation 

and structural support for intelligent clothing design. 

However, there are still two shortcomings in the 

research: firstly, the current structural diagram modeling 

is a semi-automatic generation method that combines 

manual annotation with rule constraints. Although it can 

ensure the rationality of the structure, there are still 

shortcomings in manual dependence and automation; 

Secondly, path strategy networks suffer from slow 

convergence speed and local optima when dealing with 

extremely complex structures, which affects overall 

efficiency and scalability. Subsequently, self supervised 

graph representation learning and large-scale pre training 

mechanisms can be introduced to enhance the model's 

adaptability to structural heterogeneity, and explore the 

fusion framework between graph structure and 3D 

modeling, expanding its application breadth and depth in 

virtual clothing simulation, structure generation, and 

intelligent design scenarios. 
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With the development of artificial intelligence and spatio-temporal big data technologies, the dynamic 

evolution characteristics of the tourism flow network and the spatial structure changes of its core nodes 

have become research hotspots. Based on the theory of complex networks, this paper constructs a tourism 

flow network covering mobile phone signaling, online platforms and traffic data, with a focus on discussing 

the spatio-temporal heterogeneous evolution mechanism of node centrality. By introducing AI models such 

as Graph Neural Network (GCN) and Long Short-Term Memory Network (LSTM), multi-scale recognition 

and dynamic prediction of core nodes in the tourism flow are achieved. The dataset contains 47 counties 

and 90 days of tourism flow data, covering 10 million signaling records, 5 million OTA data, and 3 million 

traffic data, processed at the daily level. We adopted a split scheme of 70% training set, 15% validation set 

and 15% test set for model training and evaluation. The experimental results  show that the model has a 

prediction accuracy of 0.10 in RMSE and is superior to traditional benchmark methods (such as STGCN 

and DCRNN). The research also revealed the trend of centrality reconstruction of tourism flow nodes under 

different periods, holidays and external interventions. The research results have important theoretical and 

practical significance for improving the efficiency of regional tourism regulation and optimizing the layout 

of core nodes. 

Povzetek:Članek predstavi GCN–LSTM model za napovedovanje in analizo evolucije centralnosti 

turističnih vozlišč na podlagi 47 regij in večmilijonskih podatkovnih tokov. Model preseže STGCN/DCRNN 

(RMSE 0,10) ter razkrije sezonske, praznične in strukturne premike v omrežju turističnih tokov. 

 

 

1  Introduction 
Against the backdrop of the rapid development of artificial 

intelligence and big data technologies, tourism flow, as a 

comprehensive carrier of population migration, resource 

allocation and consumption behavior, has seen its network 

structure become increasingly complex, dynamic and 

multi-scale. Traditional research on tourism networks 

mainly focuses on node structure and path optimization, 

lacking in-depth analysis of the spatio-temporal 

heterogeneous evolution of "centrality". Especially in the 

complex urban agglomeration structure, the dynamic 

changes of core nodes show significant imbalance and 

multi-factor driven characteristics. Based on this, this 

paper intends to construct an AI-driven framework for node 

centrality identification and evolution analysis, integrating 

multi-source tourism stream data and graph time series 

learning models, to deeply explore its evolution 

characteristics and regulatory mechanisms in 

heterogeneous spatial structures. By integrating the 

network optimization algorithm in graph theory and the 

spatio-temporal data modeling method, we will explore 

how to enhance the dynamic evolution prediction accuracy 

of the tourism flow network, thereby providing a 

theoretical basis for tourism resource allocation and 

regional regulation. 

2  Related work 
The tourism flow network, as an important manifestation of 

the interaction between humans and the land, is essentially 

a typical complex system, featuring openness, nonlinearity, 

dynamic evolution and multi-layer coupling. FT Saenz et al. 

(2023) pointed out in their research based on the prediction 

of national tourism flows in the United States that the 

development of the artificial intelligence industry chain 

relies on the spatial agglomeration of core urban 

agglomerations, and such cities are often important 

destinations and transfer hubs for tourism activities, 

indicating a coupling and strengthening trend between 

tourism flows and the functional grades of cities. 

Furthermore, Zhang L. et al. (2023) pointed out that 

complex system models need to integrate cross-domain 

data and multi-scale processes, and solve heterogeneous 

conflicts at the semantic, spatio-temporal, and execution 

levels. This feature is also widely present in the 

organization and evolution process of tourism flows. 

The tourism flow network, as an important carrier for 

the allocation of human flow and spatial resources among 

cities, possesses typical characteristics of a complex 

system. Its structure is composed of multi-scale nodes, 

multi-type connections and multi-factor driving 

mechanisms, presenting a system behavior with strong 

mailto:jiahn126@126.com
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heterogeneity, high coupling degree and uncertain 

evolution path. Weiwei J. and Jiayun L. (2022) pointed out 

that complex systems often involve multi-process 

interactions across scales, and it is necessary to construct 

AI models that integrate expert knowledge with 

multi-source data to address the modeling gap between 

different data structures and semantic dimensions. 

Meanwhile, Zhang L. et al. (2023) proposed that artificial 

intelligence technology can effectively identify the 

distribution characteristics of heterogeneous structures in 

multi-level networks, providing the possibility for 

structural identification and intervention paths of complex 

systems. 

In the tourism flow network, spatio-temporal 

heterogeneous structure refers to the differences in network 

organization caused by spatial geographical differences, 

temporal evolution laws and inconsistent data structures. 

This heterogeneity is mainly manifested in aspects such as 

the functional differences of nodes, the dynamic changes of 

edge weights, geographical nesting, and the complexity 

driven by behavior, making it difficult for traditional 

homogeneous network models to effectively depict the 

evolution process of the real tourism flow structure. Zhang 

X. Et al. (2021) pointed out that in the environment of the 

Internet of Things and medical data, data heterogeneity is 

characterized by different dimensions, collection delay, 

and inconsistent semantics, and it is necessary to achieve 

hierarchical structure modeling and responsive processing 

with the help of edge computing and artificial intelligence. 

Meanwhile, FT Saenz (2023) proposed in analyzing tumor 

heterogeneity that structural transitions and functional 

reorganizations may occur within complex systems due to 

environmental changes, emphasizing the adaptive 

regulatory mechanism of heterogeneous structures during 

the evolution process. 

With the rapid breakthroughs of artificial intelligence 

technology in the fields of graph structure modeling, time 

series prediction and multi-source data fusion, its 

application in spatial network analysis is deepening 

increasingly. However, the current application of AI in 

spatial network analysis still faces many challenges: First, 

the high heterogeneity of data and the inconsistent 

sampling granularity limit the generalization ability of the 

model; Secondly, the diverse attributes of nodes and the 

non-Euclidean spatial structure result in insufficient 

expressive power of the model. Thirdly, the 

spatio-temporal relationship is highly nonlinear, and 

traditional AI methods have difficulties in analyzing causal 

mechanisms. In addition, semantic conflicts and temporal 

alignment difficulties exist among multi-source data, 

further increasing the complexity of modeling. In 

conclusion, although existing methods have achieved 

remarkable results in spatio-temporal graph modeling and 

traffic prediction, most of them only deal with time series 

data and ignore the importance of topological structure. For 

instance, models such as STGCN and DCRNN mainly 

focus on temporal dynamics without fully considering the 

complex spatial interactions among different nodes. 

Moreover, although TGAT introduces temporal features, it 

lacks integration of multimodal inputs (such as traffic, 

social, and mobile data). The existing methods are 

compared as shown in Chart 1.

 

Table 1: Comparison of existing methods 

Paper Dataset (Size/Region) Method Metric Best Reported Result 

STGCN (Martín, 
2018) 

Traffic flow data (N=10,000, 
NYC) 

Spatio-Temporal Graph 
Convolution 

RMSE RMSE=0.12 

DCRNN (Ma C., 
2024) 

Traffic flow data (N=1,000, 
LA) 

Diffusion-Convolutional 
GNN 

RMSE RMSE=0.09 

Graph WaveNet 
(Sun H, 2023) 

Traffic data (N=2,000, 
Beijing) 

Graph Convolutional 
Network 

RMSE RMSE=0.10 

TGAT (Zhang L, 
2023) 

Social media and traffic data 
(N=500) 

Temporal Graph Attention 
Network 

MAPE M 

 

The model proposed in this paper, through the GCN-LSTM 

architecture, combines spatio-temporal heterogeneous 

features and multi-factor driving mechanisms, filling the 

gap of existing methods. In particular, our model can not 

only handle spatio-temporal sequences but also capture the 

topological relationships between nodes and the interaction 

of multimodal data, achieving dynamic prediction and 

evolution identification of node centrality. In addition, we 

utilized multi-source heterogeneous data, effectively 

integrating signaling data, OTA data, traffic data and social 

media data, which significantly enhanced the predictive 

ability and adaptability of the model. 

3  Construction of tourism flow 
network and data processing 
methods 

3.1  Multi source data acquisition and fusion 
methods 

This study builds a tourism flow network based on 

multi-source heterogeneous data. The data collection 

includes four main channels: mobile phone signaling data, 

online travel platform (OTA) data, traffic operation data 

and social media data. The data sources are shown in Table 

2. 
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Table2：Data source table 

Data 
Source 

Data Type 
Time 

Granularity 
Spatial 

Granularity 
Data 

Volume 
Coverage 

Period 

Data Processing 
and Privacy 
Protection 

Data Acquisition 
and 

Authorization 

Mobile 
Signaling 

Data 

User login 
behavior, 

stay 
information 

15 minutes 
Base station 

coverage unit 

10 
million 
records 

January 
2023 to 

March 2023 

Anonymized using 
IMSI numbers, in 
compliance with 

GDPR and Japanese 
privacy laws 

Authorized from 
operators like 

NTT, SoftBank 

OTA 
Data 

Hotel 
bookings, 

ticket orders, 
destination 
search heat 

Daily 
POI 

geographic 
coding 

5 million 
records 

January 
2023 to 

March 2023 

Data authorized for 
use, in compliance 
with relevant data 

protection 
regulations 

Authorized from 
platforms like 

Trip.com, Fliggy 
API 

Traffic 
Data 

High-speed 
ETC records, 
high-speed 

rail and flight 
logs 

Hourly 
Provincial and 

city 
boundaries 

3 million 
records 

January 
2023 to 

March 2023 

Anonymized by 
license plate, using 
sliding time window 

method for traffic 
smoothing 

Authorized from 
high-speed ETC, 
high-speed rail, 

and flight 
providers 

Social 
Media 
Data 

User 
dynamics, 
geographic 

entity 
extraction 

Daily 
Administrative 

units 
2 million 
records 

January 
2023 to 

March 2023 

NLP used to extract 
geographic entities, 
in compliance with 
Japanese privacy 

laws and data 
protection standards 

Authorized from 
platforms like 

Weibo, 
Xiaohongshu 

3.2  Abstract logic and dynamic definition of 
network nodes and edges 

Network nodes take prefecture-level administrative units as 

the smallest spatial units and are uniquely identified in 

accordance with the national standard administrative 

division codes. All spatial information in the data sources is 

projected to the corresponding administrative units through 

POI matching, GPS coordinate mapping or base station 

location projection. After the high-frequency repetitive  

 

units were merged, the 47 prefectures of Japan were 

ultimately retained as the spatial basis of the tourism flow 

network. To enhance the processing efficiency of 

large-scale data, we adopt parallel computing technology 

and distributed computing frameworks (such as 

ApacheSpark) to accelerate the processing and 

normalization of node data, ensuring the efficient 

generation of node indexes. The specific definitions and 

mapping rules of nodes are shown in Table 3. 

 

Table3：Specific definitions and mapping rules of nodes 

Node Type Number of Nodes Description/Mapping Rules 

Administrative Unit 
(County) 

47 
Mapped to county-level administrative units based on NTT and SoftBank 

data 

POI Clusters (Tourist 
Attractions) 

Y (variable) 
Mapped to POI (points of interest) based on OTA data (e.g., Trip.com, 

Booking.com) 

Total 47 Combined administrative unit nodes and POI nodes 

 

The establishment of edges relies on OD pairs generated 

from different data sources, extracting starting nodes and 

destination nodes for connection. In mobile signaling data, 

when the same user moves across cities within one day, an 

edge is constructed, and the edge weight is the sum of the 

number of users within the OD pair. In OTA data, the 

destination in the order is considered as the inflow node, 

and the search path is constructed based on the search 

history to form a virtual jump relationship. In traffic data, 

ETC matches departure and arrival cities with flight 

records, and edges are established by train number or 

schedule; Repeated shifts only retain the earliest departure 

record once a day to avoid misidentification during 

commuting. Virtual edge creation: Build virtual edges 

based on the user's historical search data. For instance, 

when a user searches for multiple destinations on an OTA 

platform and jumps to them, the generated virtual edges  

 

represent the flow of tourists' interests. The specific 

implementation is as follows: 

 

def create_virtual_edges(search_data): 

    virtual_edges = {} 

    for search in search_data: 

        source, destination = extract_search(search) 

        if (source, destination) not in virtual_edges: 

            virtual_edges[(source, destination)] = 0 

        virtual_edges[(source, destination)] += 1  # 

Each search creates a unit flow 

    return virtual_edges 

 

All edges are directed weighted edges, where edge 

weights represent the cumulative flow intensity per unit per 

day. To maintain the dynamic properties of the network, all 
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edges are annotated with timestamps and form a daily 

subgraph with "days" as the basic time granularity. 

Through sliding window and time series analysis, these 

subgraphs are merged to form a three-dimensional dynamic 

network structure: nodes x nodes x time. To improve the 

efficiency of data processing, GPU acceleration and Graph 

Convolutional Neural Network (GCN) technology are used 

to efficiently process network graphs, ensuring the 

real-time performance and accuracy of the model. 

All the edges are directed weight edges, and the edge 

weights represent the cumulative flow intensity within the 

unit on a daily basis. To maintain the dynamic attributes of 

the network, all edges are marked with timestamps and a 

subgraph is formed each day with "days" as the basic time 

granularity. Through sliding window and time series 

analysis, these subgraphs are merged to form a 

three-dimensional dynamic network structure: node × node 

× time. To enhance the efficiency of data processing, GPU 

acceleration and graph convolutional neural network (GCN) 

technology are adopted to efficiently process network 

graphs, thereby ensuring the real-time performance and 

accuracy of the model. To enhance the stability of the 

network, weak edges with edge weights lower than the 11% 

quantile are eliminated, and the edge weights are 

normalized by Z-score. This method can eliminate the 

influence of outliers on the network structure and ensure 

that the relationship between each node and edge is more 

stable and reliable. The specific operation is as follows: 

 

def threshold_edges(od_edges, percentile=1): 

    threshold = np.percentile(list(od_edges.values()), 

percentile) 

    return {k: v for k, v in od_edges.items() if v >= 

threshold} 

 

def z_score_normalization(od_edges): 

    mean = np.mean(list(od_edges.values())) 

    std = np.std(list(od_edges.values())) 

    return {k: (v - mean) / std for k, v in 

od_edges.items()} 

 

The network storage structure adopts a sparse matrix 

format. Nodes are mapped by an index dictionary, and 

edges are quickly queried and tracked across periods using 

triples (i,j,t). Through this structure, we can efficiently 

store and process large-scale dynamic data, further 

supporting the standardization of input tensors for graph 

neural networks (GCN) and time series models (LSTM), 

ensuring cross-day consistency and model processing 

efficiency. The sparse matrix storage method can 

effectively reduce the demand for storage space and 

accelerate the computing process. By integrating parallel 

computing technology, we have achieved efficient access 

and computing of large-scale data, providing a solid 

foundation for subsequent model training and prediction. 

 

3.3  Spatiotemporal partitioning strategy 
and heterogeneous network structure 
expression 

The time dimension is divided with "days" as the basic 

granularity, and a daily network snapshot graph is 

generated based on the data timestamp. The total duration 

is 90 days, and a total of 90 dynamic graph units are 

generated. To enhance the model's ability to capture the 

evolution trend, a sliding time window mechanism is 

adopted to construct the sequence input. The window 

length is set to 7 days and the sliding step size to 1 day, 

forming a continuous scrolling graph sequence for training 

the time series modeling module. This mechanism ensures 

the model's dynamic learning ability on time series, 

especially capable of capturing the impact of periodic 

fluctuations and unexpected events on tourism flows. 

When modeling time, holidays, weekends and working 

days are respectively labeled as exogenous variables to 

participate in subsequent modeling, thereby improving the 

prediction accuracy of the model at specific time points. 

The spatial dimensions uniformly adopt the scale of 

prefecture-level cities, and the boundaries are demarcated 

in accordance with the latest administrative divisions. To 

express spatial heterogeneity, the following three types of 

heterogeneous substructures are constructed respectively: 

⚫ Heterogeneous graph of regional attributes: Based on 

the economic indicators, tourism resource levels, 

transportation hub levels, etc. of each node, static 

attribute vectors are set for each node for the 

initialization of the graph structure. 

⚫ Heterogeneous graph of behavior sources: Subgraphs 

are constructed respectively based on different data 

sources (such as signaling subgraphs, OTA subgraphs, 

traffic subgraphs), and virtual edges are established 

through shared nodes to form a multi-view graph. 

⚫ The heterogeneous graph of the relationship strength: 

The edge weights are quantified and partitioned, and a 

weight hierarchical network is constructed according 

to the three types of flow intensities of strong, 

medium and weak, which is used to represent the 

dynamic evolution gradient of the edges. 

Missing data processing: For the processing of missing 

data, we adopt spatial completion and temporal 

interpolation strategies. Specifically, spatial completion 

calculates the attribute values of missing nodes through the 

K-nearest neighbor weighted average (KNN) method. 

Time interpolation uses linear interpolation to fill in the 

missing time point data, ensuring the continuity of the time 

series. Data nodes that are missing for more than three days 

will be discarded to avoid excessive impact on subsequent 

analysis. The number of completed and discarded nodes 

will be quantified specifically in the experiment. 

Heterogeneous features are input into the graph neural 

network (GCN) in the form of multiple channels during the 

modeling stage. Different channels handle spatial attribute 

heterogeneity, structural connection heterogeneity, and 

traffic intensity heterogeneity respectively. 
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3.4  Network attribute extraction and 
structural index calculation 

Based on the daily tourism flow dynamic graph, extract the 

structural attributes of nodes and edges and form the tensor 

features required for modeling. Node attributes are mainly 

measured by centrality, which includes three core 

indicators: degree centrality, betweenness centrality, and 

eigenvector centrality. 

Firstly, degree centrality measures the number of 

connections between nodes, which can be divided into two 

categories: in degree (visited) and out degree (actively 

visited): 

CD(v)=
deg(v)

N-1
            

（1）
 

Among them, deg (v) is the degree of node v, and N is 

the total number of network nodes. After normalization, 

this indicator reflects the "connectivity activity" of a 

certain location in the network. 

Secondly, betweenness centrality represents the degree 

to which a node acts as an intermediary in the shortest path 

of the network： 

CB(v)=∑
σst(v)

σst
s≠v≠t         

（2）
 

Among them, σ st is the total number of shortest paths 

from node s to node t, and σ st (v) is the number of shortest 

paths passing through node v. The higher the value, the 

more critical the node is in the flow path. 

Thirdly, network density is used to indicate the density 

of network connections： 

Density=
2|E|

|V|(|V|-1)
     

（3）
 

Among them, ∣E∣ is the actual number of edges that 

exist, and ∣V∣ is the total number of nodes. Density can 

reflect the trend of connectivity changes in the overall 

tourism flow network. Edge attributes include edge weights 

(i.e., OD traffic intensity), sustained active time, and 

sliding change slope. The edge weight represents the flow 

intensity between nodes each day, the continuous active 

time indicates the stability of the flow path, and the sliding 

change slope helps capture the changing trend of the edge 

weight over time. The feature values of all nodes and edges 

are normalized by Z-score to eliminate the influence of 

different feature scales, and the missing data is processed 

by linear interpolation. The dimensions of the node feature 

tensor and the edge feature tensor are N×F×T and E×G×T 

respectively, where N represents the number of nodes, F 

represents the number of node features (such as degree 

centrality, betweenness centrality, etc.), E represents the 

number of edges, G represents the number of edge features 

(such as OD flow intensity, continuous active time, etc.), 

and T represents the time dimension. Through these feature 

tensors, the model can effectively capture the variation 

patterns of nodes and edges in the spatiotemporal 

dimension. In terms of derived features, the cumulative 

inflow represents the total inflow of a certain node within a 

specific time period and is used to measure the 

attractiveness of the node. The rate of change in flow 

intensity represents the rate at which edge weights change 

over time, helping to capture fluctuations in flow intensity. 

All numerical values and features are normalized to ensure 

the consistency and accuracy of the data in the modeling 

process. 

3.5  Data preprocessing and feature 
engineering strategies 

Multi source heterogeneous data needs to be standardized 

and structured after fusion to ensure consistency and 

availability of model inputs. The preprocessing process 

mainly includes four steps: missing repair, exception 

removal, format conversion, and time alignment. Firstly, in 

the node dimension, there are missing records in some 

areas of signaling and OTA data, and a "spatial 

completion+temporal interpolation" strategy is adopted for 

processing. Estimate the inflow/outflow of missing nodes 

spatially based on the average of neighboring cities; Linear 

interpolation is used to smooth and fill in data with 

intervals of no more than 3 days, while records with 

intervals exceeding 3 days are discarded as subgraph nodes. 

For the jumping outliers that appear in the edge attributes, 

the IQR quartile method is used to eliminate them and then 

perform regression reconstruction to ensure the continuity 

of edge weights. Secondly, unify all data fields into tensor 

structures. Node attributes are summarized daily to form a 

tensor matrix Xnode ∈ RN × F × TX, where N is the number of 

nodes, F is the attribute dimension, and T is the number of 

days; The edge attribute is represented as a triplet list (i, j, t) 

→ wijt, which is mapped to RE × G × T through sparse 

matrix storage for easy model reading. Thirdly, all 

continuous attribute fields are standardized using Z-score: 

z=
x-μ

σ
            

（4）
 

Among them, μ is the attribute mean and σ is the 

standard deviation. For comparative features such as 

density and PageRank, Min Max normalization is used to 

preserve relative relationships. All normalization 

parameters are calculated on the training set and reused in 

the validation and testing sets.In the feature construction 

phase, additional derived variables are introduced, 

including the cumulative inflow of nodes (cumulative 

inflow), 7-day average rate of change (slope feature), 

sudden increase frequency (number of fluctuations 

exceeding the threshold), number of edge active periods 

(number of continuous time windows), etc., to enhance the 

model's responsiveness to trends and suddenness. For 

discrete time features such as holidays, use One Hot 

encoding and directly concatenate them into time channels. 

Threshold selection: During the outlier elimination process, 

the 11% quantile is selected as the threshold, and edges 

below this quantile are eliminated to ensure noise is 

removed while retaining the effective flow path. Sensitivity 

analysis indicates that threshold selection has a significant 

impact on network topology, centrality measurement, and 

model performance. The differences in model results under 

different thresholds can be compared through ablation 

experiments to analyze the influence of thresholds on 

model stability and prediction accuracy. The final 

constructed node and edge feature tensors are uniformly 

encapsulated as graph sequence objects, providing a 
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standardized input structure for subsequent graph temporal 

modeling (such as GCN+LSTM). 

4  Model architecture, training and 
evaluation 

4.1  GCN-LSTM model architecture 
This study adopts the GCN-LSTM model for 

spatio-temporal tourism flow prediction. The GCN part is 

used to extract node features from the graph structure, 

while the LSTM part captures temporal dependencies. The 

combination of GCN and LSTM can effectively handle 

spatio-temporal graph data and conduct efficient node 

feature extraction and sequence modeling. 

The GCN section: The GCN consists of 3 layers, and 

the hidden dimension of each layer is 128. The activation 

function is ReLU, and layer normalization and Dropout 

(with a dropout rate of 0.2) are used after each layer to 

prevent overfitting. The output of each layer updates the 

node features through the product of the adjacency matrix 

and the feature matrix. The update equation is: 

)ˆ( )()()1( lll WHAH =+

     （5） 

Among them, Â  is the normalized adjacency matrix 

(including self-loops), H(l) is the node feature matrix of the 

LTH layer, W(l) is the weight matrix, and σ is the ReLU 

activation function. 

The LSTM section: LSTM consists of 2 layers, with 

each layer having a hidden state size of 128 and a sequence 

length of 7 days. The LSTM layer receives the node 

features output from GCN and conducts temporal modeling, 

updating the equation to: 

  ),(
1 fttft bxhWf +=
−


   （6） 

  ),(
1 ittit bxhWi +=
−


   （7） 

  ),tanh(
~

1 CttCt bxhWC +=
−    （8） 

ttttt CiCfC
~

1 += −     （9） 

  ),(
1 ottot bxhWo +=
−


   （10） 

)tanh( ttt Coh =    （11） 

Among them, ft is the forgetting gate, it is the input gate,

tC
~

 is the candidate unit, Ct is the current unit state, ot is the 

output gate, and ht is the hidden state. 

Loss function: The loss function of the model is the 

weighted sum of the regression loss (mean square error 

MSE) and the classification loss (cross-entropy loss). 

Specifically: 

pyCrossEntro)1(MSE ++= Loss
（12） 

Among them, α=0.7 is the weight of the regression loss, 

and (1-α)=0.3 is the weight of the classification loss. The 

weights are obtained through cross-validation. Its model 

architecture is shown in Figure 1.

 

 
 

Figure 1: Architecture of the GCN-LSTM model 

 
4.2  Training protocol and hyperparameter 

Settings 
Optimizer: The model adopts the Adam optimizer with a 

learning rate of 0.001, and uses a step size decay strategy: 

the learning rate decreases to the original 0.5 after every 10 

epochs. This strategy can effectively avoid training 

instability caused by an excessive learning rate. Batch size: 

The batch size is set to 32, meaning that the model will 

draw 32 samples from the dataset each time it is trained. 

Number of training rounds: The maximum number of 

training rounds is set to 50. If the validation set loss does 

not improve within 5 consecutive epochs, early stop is 

enabled to avoid overfitting. Regularization: To prevent 

overfitting, Dropout (with a dropout rate of 0.2) is applied 

between the layers of GCN and LSTM.Hardware 

environment: The training uses NVIDIA Tesla V100 GPU, 

and the total training time is approximately 10 hours.  
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4.3  Data splitting and evaluation methods 

The dataset is split into the training set, validation set and 

test set in chronological order: Training set: It contains 

travel stream data from January 1, 2023 to February 15, 

2023, for model training. Validation set: It contains data 

from February 16, 2023 to February 28, 2023, and is used 

for model selection and parameter adjustment.Test set: It 

contains data from March 1, 2023 to March 31, 2023 as the 

final evaluation set to ensure that the model can generalize 

to unknown data. 

The evaluation indicators include root mean square 

error (RMSE), mean absolute percentage error (MAPE), 

and Direction Accuracy. The evaluation is conducted for 

each node, avoiding the use of future data to predict past 

node centrality values. The following is the evaluation 

formula: 


=

−=
N

i

ii yy
N 1

2)ˆ(
1

RMSE

    （13） 

Among them, yi is the true value, iŷ  is the predicted 

value, and N is the number of nodes. 

100
ˆ1

MAPE
1


−

= 
=

N

i i

ii

y

yy

N     （14） 

This indicator measures the relative size of the 

prediction error and is particularly suitable for time series 

data with significant variations. 

N

yyI
N

i ii =
=

= 1
))ˆsign()(sign(

AccuracyDirection 
（15） 

Among them, I(⋅) is the indicator function, which 

returns 1 when the predicted direction is consistent with the 

true direction; Otherwise, return 0. 

4.4  Benchmark model and classification 
evaluation 

To verify the validity of the proposed model, we compared 

it with several standard spatiotemporal Graph benchmark 

models, including STGCN, DCRNN, Graph WaveNet and 

TGAT/TGN. We trained these benchmark models on the 

same dataset, calculated their RMSE and MAPE, and then 

conducted statistical significance tests through paired 

t-tests and Wilcoxon tests to ensure that the differences 

between different models were statistically supported. 

To further evaluate the model's performance in the 

node classification task, we calculated the accuracy, recall 

rate and F1 value for each category. The evaluation process 

employed a confusion matrix and examined the balance of 

the category distribution. The category distribution is as 

follows: Category A: 30%; Category B: 35% Category C: 

35%. The calculation formulas for accuracy, recall rate and 

F1 value are: 

FPTP

TP

+
=Precision

    
（16） 

FNTP

TP

+
=Recall

    
（17） 

RecallPrecision

RecallPrecision
2F1

+


=

   
（18） 

Among them, TP is the true number of cases, FP is the 

false positive number of cases, and FN is the false negative 

number of cases. The tag generation adopts the supervised 

tag method and is based on the threshold rules of historical 

tourism flow data to ensure that the tags are consistent with 

the actual flow data. The accuracy and reliability of the tags 

are verified by comparison with the actual data. 

5  Ablation experiment: 
spatio-temporal structure 
evolution analysis of tourist flow in 
the case area 

5.1  Research area and data sources 
To enhance the robustness and accuracy of the model, we 

have improved the weak edge pruning method and adopted 

an adaptive sparsification strategy. Specifically, the 

K-nearest neighbor algorithm (k-NN) is used to 

dynamically determine the weak edge threshold at each 

moment. This method can adaptively adjust the removal 

criteria of weak edges based on the neighbor information of 

each node, thereby enhancing the model's adaptability to 

different data distributions and spatio-temporal variations. 

In terms of computational cost, we conducted a 

performance evaluation of the model. The training time of 

the model is 6 hours per epoch. The GPU type used is 

NVIDIA A100, and the total number of parameters in each 

training cycle (epoch) is 1.2 million. These computing 

resources ensure the efficient training and optimization of 

models on large-scale datasets. 

This study selects the Keihanshin metropolitan area in 

Japan (including Tokyo, Kyoto, Osaka and Kobe) as a 

typical case area for empirical research. The Keihanshin 

metropolitan Area is one of the most representative urban 

agglomerations in Japan. It is a highly concentrated area for 

international tourism flows, featuring a clear urban 

hierarchical structure, spatial heterogeneity, and a 

high-frequency tourism flow network. It can effectively 

reflect the dynamic change characteristics of node 

centrality in the tourism flow network. This region is not 

only the economic, cultural and tourism center of Japan, 

but also one of the world's important tourist destinations. 

By analyzing the tourism flow network in this area, the AI 

model evolution mechanism of spatio-temporal 

heterogeneous data can be verified, and its effect in 

practical applications can be demonstrated. The time period 

of this study is set from January 1st to March 1st, 2023, 

covering both the summer travel peak and the regular 

weekly period, with a time granularity of days. The data 

sources used in the research are diverse and highly 

representative, mainly including: anonymous mobile user 

signaling data provided by NTT and SoftBank, which 

records users' network access behaviors, stay information, 

and cross-regional migration paths; The order data and 
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popularity ratings on the Trip.com and Booking.com 

platforms reflect tourists' travel demands and destination 

selection preferences. The high-speed rail (Shinkansen) 

and subway operation records provided by HyperDia reveal 

the traffic flow between cities. And the social media 

dynamic data based on geographic tags obtained through 

Twitter and Instagram provides real-time information on 

tourists' dynamics and travel popularity. All data are 

projected according to the municipal administrative units, 

and some popular scenic spots are processed as POI 

aggregation units to ensure the accurate representation of 

high-frequency tourism nodes. The detailed information 

and characteristics of each data source are shown in Table 4.

 

Table 4：Detailed information and characteristics of data sources 

Data Type 
Time 

Granularity 
Spatial 

Granularity 
Main Content Data Features 

Mobile User 
Signaling Data 

15 minutes 
Base station 

coverage unit 
User login behavior, stay information, 

inter-regional migration 
Anonymized IMSI, GPS 
tracks, user stay duration 

Order Data, 
Heat Scores 

Daily 
City level, 

POI 
Hotel bookings, destination search heat 

Destination heat, booking 
volume, user ratings 

Traffic 
Operation 
Records 

Hourly 
Station, 

inter-city 
connections 

High-speed rail (Shinkansen) and subway 
departure/arrival times, origin/destination 

stations 

Train schedules, traffic flow, 
city connections 

Social Media 
Activity Data 

Daily 
City level, 

POI 
Public posts based on geographic tags 

User location, post content, 
timestamp, tags 

 

All data undergo unified geographic projection and spatial 

standardization processing to ensure geographical 

consistency and comparability among different data 

sources. The minimum granularity of the space is at the 

municipal level, and some scenic spots are processed as 

POI aggregation units to ensure the precise representation 

of high-frequency tourism nodes. 

5.2  Experimental results and analysis 
In this section, we conducted extensive experiments on the 

proposed model in the empirical research of the Keihanshin  

 

 

metropolitan Area and carried out a detailed analysis of the 

experimental results. The experiment mainly focuses on the 

spatio-temporal evolution of node centrality, the influence 

of data sources, the comparison of different window 

lengths, the sensitivity of holidays, and the impact of edge 

trimming. The following are the main results and analyses 

of the experiment: Through model training and analysis, 

we obtained the degree centrality, betweenness centrality 

and eigenvector centrality of different nodes (such as 

Tokyo, Osaka, Kyoto and Kobe) during the experimental 

period. Figure 2 shows the changes in nodal centrality of 

Tokyo and Osaka at different time points.

 

 
Figure 2：Shows the changes in nodal centrality of Tokyo and Osaka at different time points  

 

As can be seen from the table, Tokyo and Osaka have 

maintained a high level of centrality throughout the entire 

period, especially in terms of degree centrality and 

eigenvector centrality, which indicates that these two cities 

have always played an important role in the tourism flow 

network. The centrality of Kyoto and Kobe fluctuates, 

especially during holidays, when the concentration of 

tourism flow increases, reflecting the strong impact of 

holidays on tourism flow. To verify the contribution of 

different data sources to the model's performance, we 
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conducted ablation experiments, removing signal data, 

OTA data, traffic data, and social media data respectively, 

and compared the RMSE and MAPE of the model. Figure 3 

shows the impact of different data sources on the model 

performance.

 
Figure 3：The influence of different data sources on model performance 

 

It can be seen from the table that after removing social 

media data, the RMSE and MAPE indicators of the model 

performed the worst, indicating that social media data plays 

a crucial role in capturing short-term travel flows and 

unexpected events. In contrast, the impact of removing 

signal data or OTA data is relatively small, and the overall 

accuracy and predictive ability of the model can still 

maintain a high level. We tested the impact of different 

time window lengths (3 days, 7 days and 14 days) on the 

model performance. The results showed that the model 

with a 7-day window performed best in terms of prediction 

accuracy. Figure 4 shows the comparison of RMSE and 

MAPE of the model under different window lengths. 

 
Figure 4：Comparison of RMSE and MAPE of the model under different window lengths  

 

By comparison, it can be seen that the model with a 

7-day window performs best in both RMSE and MAPE 

indicators, and can effectively capture short-term 

fluctuations and long-term trends. The 3-day window 

responds well to short-term fluctuations, but it cannot 

capture cyclical changes very well, while the 14-day 

window leads to a decline in prediction accuracy due to 

excessive smoothing. To verify the performance 

differences of the model between holidays and typical days, 

we compared holiday Windows (such as Golden Week and 

Spring Festival) with typical working days (such as 

weekdays from Monday to Friday). Table 5 shows the 

RMSE and MAPE metrics of the model at different time 

periods.
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Table 5：RMSE and MAPE metrics of the model at different time periods 

Time Period Holiday Type RMSE MAPE 

2023-07-01 ~ 2023-07-07 Golden Week 0.16 6.8% 

2023-08-01 ~ 2023-08-07 Golden Week 0.14 5.5% 

2023-12-25 ~ 2023-12-31 Christmas Holiday 0.18 7.2% 

2023-09-01 ~ 2023-09-07 Regular Weekday 0.10 4.2% 

2023-09-08 ~ 2023-09-14 Regular Weekday 0.12 5.1% 

2023-10-01 ~ 2023-10-07 Weekend Holiday 0.13 5.3% 

 

As can be seen from the table, during holidays and special 

events (such as the Golden Week and the Christmas 

holiday), the RMSE and MAPE values of the model 

increase significantly. Especially during the Christmas 

holiday and the Golden Week, the tourism flow fluctuates 

greatly, and the prediction error of the model increases. 

This indicates that holidays have a significant impact on 

tourism flow. In the future, holiday markers or event  

 

 

features can be introduced to improve the model's 

predictive ability for holidays. 

To evaluate the scalability of the model, we conducted 

experiments on datasets with different time spans (15 days, 

30 days, 45 days, 60 days, 75 days, and 90 days), measuring 

the running time, memory usage, and computational 

complexity for each epoch. Table 6 presents the 

experimental results of the model under different time 

spans.

Table 6：Experimental Results of the model under different time spans 

Dataset Size 
Time 
Span 

Time per Epoch 
Memory 

Usage 
Computational 

Complexity 
Computation Time 

(seconds/epoch) 

47 counties, 15 days 
data 

15 days 12 seconds 8GB O(N²) 12 

47 counties, 30 days 
data 

30 days 15 seconds 8GB O(N²) 15 

47 counties, 45 days 
data 

45 days 18 seconds 8GB O(N²) 18 

47 counties, 60 days 
data 

60 days 22 seconds 8GB O(N²) 22 

47 counties, 75 days 
data 

75 days 25 seconds 8GB O(N²) 25 

47 counties, 90 days 
data 

90 days 30 seconds 8GB O(N²) 30 

 

It can be seen from the table that as the time span increases, 

the running time and memory usage of each epoch show a 

linear growth. For the 90-day dataset, the computing time 

for each epoch is 30 seconds and the memory usage is 8GB, 

while for the 15-day dataset, the computing time is 12 

seconds and the memory usage remains unchanged. As the 

scale of the dataset expands, especially when the time span 

exceeds 60 days, the computing time and resource 

requirements of the model will increase significantly, and 

the computational complexity will also rise accordingly. 

 

 

 

 

6  Research discussion 

6.1  A comparison of the adaptability of 
different AI methods in tourism flow 
analysis 

With the wide application of artificial intelligence in 

tourism spatial analysis, how to select the most suitable 

modeling method based on the task is the key to improving 

model performance and result reliability. We compared the 

adaptability of traditional machine learning methods (such 

as random forest, SVR), single deep learning models (such 

as LSTM), and graph structure fusion models (such as 

GCN-LSTM) in the modeling of node centrality in travel 

flow networks. Table 7 lists the comparisons of different 

methods. 
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Table 7：Comparison of different methods 

Model Type 
Spatiotemporal 

Adaptability 
Centrality Prediction 

Accuracy (RMSE) 

Heterogeneous 
Structure 

Recognition 

Explainability 
Level 

Suggested Application 
Scenarios 

Random 
Forest/SVR 

Medium 0.043 Weak High 
Static node ranking, 

single-period prediction 

LSTM High 0.029 Moderate Medium 
Short-term prediction during 

holidays, traffic trend modeling 

GCN-LSTM (This 
model) 

Extremely high 0.021 Strong Medium-High 

Multi-node heterogeneity 
recognition, structural 

transition modeling, policy 
simulation 

 

Analysis of dataset and method differences: Our 

experiments show that traditional random forest and SVR 

models exhibit good stability and interpretability on small 

sample data, but their generalization ability is limited when 

dealing with dynamic spatio-temporal networks and 

structural evolution. In contrast, LSTM can handle 

time-dependent flow trends better, but it has limitations in 

dealing with topological structure changes. The 

GCN-LSTM fusion model can handle both spatio-temporal 

heterogeneity and topological structure changes 

simultaneously, demonstrating extremely strong 

adaptability and higher prediction accuracy. Dataset shift 

and normalization in the experiment, we carried out data 

normalization processing and conducted dataset shift tests 

on different methods. It was found that the performance of  

 

the GCN-LSTM model was relatively stable under 

different datasets and normalization strategies, while the 

performance of LSTM and traditional methods fluctuated 

greatly in the case of data offset and spatio-temporal 

imbalance. 

6.2  Model evaluation and comparison 
To verify the validity of the model proposed in this paper, 

we conducted a detailed comparison between the 

GCN-LSTM model and the existing baseline models of 

temporal graph neural networks (GNNS), such as STGCN 

and DCRNN, especially in terms of prediction accuracy, 

classification accuracy and interpretability. The model 

evaluation and comparison are shown in Table 8.

 

Table 8：Model evaluation and comparison 

Model Type 
Macro F1 
(Class 1) 

Macro F1 
(Class 2) 

Macro F1 
(Class 3) 

AUC 
(Class 1) 

AUC 
(Class 2) 

AUC 
(Class 3) 

RMSE MAPE 

GCN-LSTM (This 
model) 

92.7% 89.8% 86.5% 0.95 0.91 0.87 0.10 6.2% 

STGCN 90.2% 87.5% 83.3% 0.92 0.88 0.84 0.12 7.1% 

DCRNN 91.1% 88.2% 85.1% 0.94 0.89 0.85 0.11 6.8% 

 

Model Analysis and Comparison：Macroscopic F1 score: 

The GCN-LSTM model in this paper demonstrates a high 

macroscopic F1 score in all three types of evolutionary 

classifications, especially in category 1 (continuous 

enhancement), where the model performs better than 

STGCN and DCRNN.AUC (Area Under the Curve) : In 

terms of the AUC indicator, GCN-LSTM outperforms 

STGCN and DCRNN in all categories, especially 

demonstrating significant advantages in the prediction of 

category 1 and Category 2, indicating that it can better 

distinguish different categories.RMSE and MAPE: 

Compared with the benchmark methods, the GCN-LSTM 

model performs better in both RMSE (0.10) and MAPE 

(6.2%), indicating that it has a significant advantage in 

prediction accuracy.To enhance the transparency and 

interpretability of the model, we conducted a SHAP 

(Shapley Value) analysis on the GCN-LSTM model. SHAP 

helps us quantify the contribution of each input feature to 

the prediction of node centrality. The analysis results show 

that the historical traffic flow, traffic data, social media 

activity level and other features of the nodes have a 

significant impact on the model prediction. This analysis 

provides support for understanding the model's  

 

 

decision-making and helps us explain the reasons why the 

model generates centrality at specific nodes. 

7  Research conclusions and prospects 
This study proposes a fusion model based on Graph neural 

Network (GCN) and Long Short-Term Memory Network 

(LSTM) to reveal the spatio-temporal heterogeneous 

evolution mechanism of node centrality in travel flow 

networks. By integrating mobile phone signaling data, 

online travel platform data, traffic flow data and social  

 

media data, the model can accurately capture the dynamic 

changes of travel flows and reveal the process of centrality 

reconstruction of different nodes in spatio-temporal 

evolution. The experimental results show that the 

GCN-LSTM model outperforms traditional benchmark 

methods (such as STGCN and DCRNN) in prediction 

indicators like RMSE (0.10) and MAPE (6.2%), 

demonstrating the significant advantages of this model in 

the identification of spatio-temporal heterogeneity and the 

prediction of multi-index centrality.The advantage of the 

model lies in its ability to dynamically adapt to the changes 

in the centrality of travel flow nodes, especially in the case 
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of high-frequency nodes and periodic evolution. The model 

can accurately predict the evolution trend of the centrality 

of nodes. In contrast, although traditional machine learning 

methods (such as random forests and SVR) and LSTM have 

certain advantages when dealing with certain types of data, 

their performance is significantly inferior to that of 

GCN-LSTM when it comes to complex spatio-temporal 

data and structural changes.The research on the evolution 

of spatio-temporal heterogeneous centrality has expanded 

the theoretical framework of complex network analysis and 

provided new ideas for large-scale dynamic network 

modeling. In the tourism flow network, node centrality is 

not static but evolves dynamically under the combined 

effect of multiple factors. Research shows that external 

factors such as holidays and policy interventions have a 

significant impact on node centrality, which provides a 

theoretical basis for the regulation and optimization of 

tourism flow. 

Despite certain achievements, the model still faces 

challenges in terms of scalability and computational 

efficiency. As the scale of data increases, existing models 

may not be able to maintain efficient performance in 

nationwide tourism stream data. Therefore, how to enhance 

the real-time performance and cross-domain adaptability of 

the model, especially when dealing with large-scale 

spatio-temporal data, remains an important direction for 

the future. With the continuous advancement of deep 

learning and graph learning technologies, in the future, it is 

possible to explore further enhancing the flexibility and 

accuracy of models through adaptive learning mechanisms. 

In addition, by integrating reinforcement learning or 

self-supervised learning methods, the model can become 

more adaptive when dealing with data heterogeneity and 

changes in spatio-temporal structure. In addition, 

enhancing the interpretability of models will also receive 

more attention in future research, especially by improving 

the transparency and credibility of models through SHAP 

values or attention mechanisms. 

Funding 
Funded by Science Research Project of Hebei 

Education Department：Research on the high-quality 

integrated development path of geographical indication 

agricultural products and rural tourism in Hebei 

Province（NO: BJ2025329），S&T Program of 

Hebei：Research on the coupling coordination evaluation 

and driving force of digital technology and high-quality 

development of rural tourism in Hebei 

Province（NO:24456001D） 

References 
[1]   Weiwei J ,Jiayun L .Graph neural network for traffic 

forecasting: A survey[J].Expert Systems with 

Applications,2022,207.https://dol:org/10.1016/j.eswa

.2022.117921 

[2]   Zhang X, Huang C, Xu Y, et al. Traffic flow 

forecasting with spatial-temporal graph diffusion 

network[C]//Proceedings of the AAAI conference on 

artificial intelligence. 2021, 35(17): 

15008-15015.https://dol:org/10.48550/arXiv.2110.04

038 

[3]   Derrow-Pinion A, She J, Wong D, et al. Eta 

prediction with graph neural networks in google 

maps[C]//Proceedings of the 30th ACM international 

conference on information & knowledge 

management. 2021: 

3767-3776.https://dol:org/10.48550/arXiv.2108.1148

2 

[4]   Zhang L, Xu J, Pan X, et al. Visual analytics of route 

recommendation for tourist evacuation based on 

graph neural network[J]. Scientific Reports, 2023, 

13(1): 

17240.https://dol:org/10.1038/s41598-023-42862-z 

[5]   FT Saenz，F Arcas-Tunez，A Munoz. Nation-wide 

touristic flow prediction with graph neural networks 

and heterogeneous open data[J]. Information fusion, 

2023, 91: 

582-597.https://dol:org/10.1016/j.inffus.2022.11.005 

[6]   Sun H, Yang Y, Chen Y, et al. Tourism demand 

forecasting of multi-attractions with spatiotemporal 

grid: a convolutional block attention module 

model[J]. Information technology & tourism, 2023, 

25(2): 

205-233.https://dol:org/10.1007/s40558-023-00247-

y 

[7]   Wu K , Dai B .Golden Week Tourist Flow 

Forecasting Based on Neural Network[J].IEEE, 

2007.https://dol:org/10.1109/ICIT.2006.372637 

[8]   Ilieva G, Yankova T, Klisarova-Belcheva S. Effects 

of generative AI in tourism industry[J]. Information, 

2024, 15(11): 

671.https://dol:org/10.3390/info15110671 

[9] Dimitra Samara,Ioannis Magnisalis,Vassilios 

Peristeras.Artificial intelligence and big data in 

tourism: a systematic literature review[J].Journal of 

Hospitality and Tourism Technology, 2020, 

ahead-of-print(ahead-of-print).https://dol:org/10.110

8/JHTT-12-2018-0118 

[10]   Xu K, Zhang J, Huang J, et al. Forecasting Visitor 

Arrivals at Tourist Attractions: A Time Series 

Framework with the N-BEATS for Sustainable 

Tourism[J]. Sustainability (2071-1050), 2024, 

16(18).https://dol:org/10.3390/su16188227 

[11]   Poltavtsev, S. V., et al. "In-plane anisotropy of the 

hole g factor in CdTe/(Cd, Mg) Te quantum wells 

studied by spin-dependent photon echoes." Physical 

Review Research 2.2 (2020): 

023160.https://dol:org/10.48550/arXiv.2002.04311 

[12]   Martín, Carlos Alberto, et al. "Using deep learning to 

predict sentiments: case study in tourism." 

Complexity 2018.1 (2018): 

7408431.https://dol:org/10.1155/2018/7408431 

[13]   Ma C , Yan L , Xu G .Spatio-temporal graph 

attention networks for traffic 

prediction[J].Transportation Letters: the International 

Journal of Transportation Research, 2024, 

16(9):978-988.https://dol:org/10.1080/19427867.202

3.22617 

https://xueshu.baidu.com/s?wd=author:(FT%20Saenz)%20&tn=SE_baiduxueshu_c1gjeupa&ie=utf-8&sc_f_para=sc_hilight=person
https://xueshu.baidu.com/s?wd=author:(F%20Arcas-Tunez)%20&tn=SE_baiduxueshu_c1gjeupa&ie=utf-8&sc_f_para=sc_hilight=person
https://xueshu.baidu.com/s?wd=author:(A%20Munoz)%20&tn=SE_baiduxueshu_c1gjeupa&ie=utf-8&sc_f_para=sc_hilight=person
https://doi.org/10.3390/info15110671
https://doi.org/10.3390/su16188227
https://doi.org/10.1155/2018/7408431


https://doi.org/10.31449/inf.v49i14.10685  Informatica 49 (2025) 297–308 297 

 

A Transformer-Based Multimodal Semantic Retrieval Model for 

Business Intelligence Systems 

 

Jigang Xie 

Nanjing University of Industry Technology, Nanjing, Jiangsu, 210023, China 

E-mail: xiejigang4765@163.com 

 

Keywords: artificial intelligence enhancement, semantic information retrieval, business intelligence, deep semantic modeling 

Received: August 9, 2025 

In the increasingly growing business intelligence (BI) environment of multi -source heterogeneous data, 

traditional information retrieval methods face significant bottlenecks in accuracy, response efficiency, 

and semantic understanding ability. We aim to investigate whether multimodal semantic modeling and 

dynamic intent recognition can significantly improve retrieval precision and response eff iciency in BI 

contexts. This paper designs and implements a Transformer-based multimodal semantic retrieval model 

architecture, which combines a multi-layer semantic modeling mechanism with a context enhancement 

strategy to model the deep matching relationship between user queries and multimodal business data. 

The architecture introduces a query semantic vector generation module based on Transformer encoders, 

adopts a multi-channel deep feature fusion structure for structured fields, behavior logs, and documents, 

and incorporates a dynamic user intent recognition module for context-aware representation. The 

training employs a contrastive loss with softmax normalization, optimized with the AdamW optimizer and 

cosine learning rate scheduling. Experiments are conducted on three enterprise-level datasets, including 

an internal document corpus (42,000+ samples), a structured product dataset (18,000 records), and user 

behavior logs (3.1M entries). Evaluation results demonstrate that the proposed model outperforms BM25, 

DSSM, and BERT Retriever, achieving Precision@10 = 0.723, nDCG@10 = 0.702, and MRR = 0.537, 

with relative improvements of up to 28.6%. In addition, the model reduces average response latency to 

430 ms and maintains a user satisfaction score above 87, proving its feasibility for deployment in 

intelligent decision-support BI platforms. 

Povzetek: Članek predstavi transformacijski multimodalni model za semantično iskanje v poslovni 

inteligenci, ki združuje tekst, strukture in vedenjske podatke z dinamičnim prepoznavanjem namena. Na 

treh podjetnih naborih doseže dobre rezultate. 

 

 

1  Introduction 

Traditional information retrieval systems have long 

played the role of static tools in enterprise data 

utilization, relying mainly on keyword matching and rule 

indexing to support information acquisition. However, 

with the popularity of Business Intelligence (BI) systems 

in enterprise operations, information retrieval tasks are 

shifting from "passive retrieval" to "semantic 

understanding" and "active recommendation" stages. 

This evolution benefits from the integration and 

development of artificial intelligence, natural language 

processing, and big data technology, providing new 

impetus for the upgrading of commercial information 

systems. In the business intelligence environment, 

information retrieval is no longer just about finding 

whether a certain keyword exists, but about extracting 

semantic information that is meaningful to the current 

business scenario from heterogeneous, multi-source, and 

structurally diverse data. The large amount of data 

generated in the daily operation of enterprises, including 

text contracts, financial statements, user behavior logs, 

market sentiment, and product images, has far exceeded 

the scope that traditional information systems can parse. 

These data often exhibit two key patterns: one is the short-

term, task oriented instant mode, used to quickly respond to 

user queries and behavioral needs; The other type is a deep 

semantic pattern that spans time and business domains, 

revealing the inherent correlation between user intent and 

business development. These two types of information 

together form the fundamental context of commercial 

retrieval systems [3]. 

Identifying the complex interaction relationships 

between these patterns and mapping them to user query 

behavior is an important challenge facing current 

information systems. Traditional methods are difficult to 

meet the understanding needs of contextual semantics and 

cannot adapt to the collaborative effects of multimodal data 

in the retrieval process [4]. To this end, researchers have 

attempted to use artificial intelligence methods such as deep 

learning to introduce semantic modeling, attention 

mechanisms, and intent recognition mechanisms to enhance 

the system's dynamic response capability to user needs. 

Accurate information retrieval not only improves the 

efficiency of utilizing internal knowledge within the 

enterprise, but also demonstrates significant value in 
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external customer service, market monitoring, and 

business risk control. For example, in the formulation of 

sales strategies, intelligent retrieval based on semantic 

recognition can quickly locate the focus of customer 

attention, thereby optimizing the pace of product launch; 

In brand monitoring, the system can perceive changes in 

public opinion and dynamically adjust the risk warning 

level based on keyword evolution. The deep coupling 

between retrieval behavior and commercial activities has 

led to the necessity of building a unified intelligent 

retrieval system, which should have the ability of 

semantic understanding, multimodal fusion, and user 

intention perception, and become an indispensable 

central engine in business intelligence platforms. In 

response to the problems of response lag, shallow 

semantic understanding, and poor structural adaptability 

in current commercial information retrieval systems, this 

paper proposes an AI enhanced retrieval model 

architecture for BI scenarios. This model integrates 

semantic encoding, intent recognition, and multimodal 

data processing modules, aiming to enhance the 

perception and reasoning abilities of retrieval systems 

for complex enterprise data, and promote breakthroughs 

in information systems in precise acquisition, active 

recommendation, and intelligent feedback. 

This paper aims to address the following research 

questions: (1) Can multimodal semantic modeling 

improve retrieval precision in BI contexts? (2) How does 

dynamic intent recognition enhance ranking 

performance under complex user queries? (3) To what 

extent can a Transformer-based fusion framework 

reduce response latency while maintaining accuracy? 

The structure of this article is as follows: Chapter 2 

summarizes the research achievements and development 

trends in the intersection of information retrieval and 

business intelligence systems; Chapter 3 introduces the 

design framework and functional division of the 

proposed model; Chapter 4 elaborates on the system 

implementation path and key technology deployment 

methods; Chapter 5: Application verification and 

effectiveness evaluation based on enterprise level real 

datasets; Chapter 6 explores the challenges and coping 

strategies that the model may face during the promotion 

process; Chapter 7 summarizes the entire text and 

proposes future optimization directions. 

2  Related work 

With the deep embedding of data-driven strategies in 

enterprise operations, Artificial Intelligence (AI) has 

gradually become a key supporting force for the 

evolution of business intelligence systems. Existing 

research has extensively focused on the multi-level 

application of AI technology in scenarios such as 

enterprise management, operational optimization, and 

decision modeling. For example, Asmar and Al Rob 

(2024) [7] pointed out in their literature review that AI 

tools are leaping from assisting decision-making to 

proactive insight and strategy generation, reshaping 

organizations' cognitive structures and response 

mechanisms to information. Senadzki et al. (2023) [8] 

further emphasized that the integration of AI capabilities 

plays a significant role in enhancing enterprise 

competitiveness and promoting the achievement of 

sustainable development goals. 

In terms of the composition of business intelligence 

systems, information retrieval, as the most fundamental and 

active component, has been deeply influenced by the AI 

wave in its technological evolution. The traditional retrieval 

model based on keyword matching and Boolean logic is 

difficult to meet the needs of enterprise users for semantic 

understanding, contextual response, and personalized 

recommendations. This technological bottleneck has driven 

the embedding transformation of AI in information retrieval 

systems. Yang et al. (2024) [9] summarized four major 

paths for AI enabled business models through systematic 

literature review, one of which is "semantic driven 

information acquisition", which improves the model's 

ability to recognize complex query semantics and response 

accuracy through deep neural networks, attention 

mechanisms, and semantic vector embedding. 

With the intervention of machine learning methods, the 

structure and functionality of information retrieval models 

have begun to undergo deep adjustments. Yin and Li (2024) 

proposed introducing artificial intelligence into the 

information management module of university management 

courses to enhance the ability of knowledge graph 

construction and query optimization. This model has shown 

significant user intention recognition effects in actual 

teaching feedback. Chanda and Tidd (2024) [11] explore 

how human judgment can collaborate with algorithms in AI 

assisted decision-making systems from a cognitive 

perspective, emphasizing the value and necessity of 

"interpretable retrieval". In addition, Mahalakshmi et al. 

(2022) [12] studied the implementation path of AI 

technology in the financial services industry and proposed 

that information retrieval models should not only improve 

the accuracy of relevance scores, but also consider multi-

objective collaborative optimization of response time, 

business context, and risk tolerance. 

Although the above research provides rich support in 

dimensions such as business intelligence systems, AI 

decision support, and semantic modeling, there are still 

shortcomings in the context of enterprise level information 

retrieval systems. Firstly, most current models focus on text 

semantic matching and lack the ability to integrate 

structured data with multimodal information (such as charts, 

behavior logs, etc.) [13]; Secondly, some studies only 

validate the effectiveness of algorithms in theoretical or 

simulated scenarios, lacking system level validation and 

feedback loops in real enterprise business scenarios [14]; 

Thirdly, research on modeling user intent is relatively 

independent and lacks a linkage modeling mechanism with 

factors such as query evolution, context transfer, and 

behavior sequence [15]. 

To further clarify the positioning of our work, Table 1 

summarizes representative models including BM25, DSSM, 

and BERT-Retriever, comparing their architectures, data 

modalities handled, and reported performance metrics. 
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Table 1：Comparison of representative information retrieval models 

Model Architecture 
Modalities 

handled 
Reported metrics (example) Limitations 

BM25 
Sparse keyword-based 

ranking 
Text only 

P@10 ≈ 0.52, nDCG@10 ≈ 

0.48 

No semantic understanding, 

weak in multimodal context 

DSSM 

Deep structured 

semantic model (feed-

forward NN) 

Text only 
P@10 ≈ 0.60, nDCG@10 ≈ 

0.55 

Lacks contextual modeling, 

not adaptive to multimodal 

data 

BERT-

Retriever 

Transformer encoder 

with contextual 

embeddings 

Text only 
P@10 ≈ 0.65, nDCG@10 ≈ 

0.62, MRR ≈ 0.66 

High computational cost, 

limited scalability to 

structured/behavioral data 

 

As shown in Table 1, while existing models achieve 

good performance on textual semantic matching, they 

lack robustness in multimodal enterprise scenarios. This 

motivates our proposal of a Transformer-based 

multimodal retrieval model. 

Therefore, based on the inheritance of previous 

research results, this article proposes an artificial 

intelligence enhanced information retrieval model for 

business intelligence scenarios, aiming to achieve 

comprehensive innovation in query intent modeling, 

semantic space construction, multimodal data fusion, 

and system deployability, and empirically verify it 

through enterprise level real data. Through this path, it is 

expected to bridge the technological gap in existing 

research where "models are easy to use but difficult to 

deploy, high accuracy but poor business perception", and 

promote AI retrieval systems from "laboratory level 

tools" to "enterprise level services". 

3  Architecture design of AI 
enhanced information retrieval 
model 

In the AI enhanced information retrieval system 

proposed in this article, the selected model architecture 

follows a three-level strategy of "semantic understanding 

feature fusion result evaluation", with the core goal of 

addressing challenges such as typical multi-source 

heterogeneous data processing, semantic redundancy 

compression, and user intent uncertainty in business 

intelligence systems. Unlike traditional search engines that 

focus on keyword matching, this model emphasizes the 

construction of semantic bridges between queries and 

information units at a deep semantic level, enhancing the 

response intelligence level of information systems. 

In the process of architecture selection, we prioritized 

the structure dominated by traditional inverted indexes, 

which showed significant accuracy bottlenecks when facing 

business queries with semantic ambiguity and frequent 

context jumps. The Transformer model, which is widely 

used in general natural language tasks, has the advantage of 

long-distance modeling in semantic representation. 

However, its strong dependence on single source text and 

lack of native support for structured data limit its 

adaptability in multimodal commercial data. Based on this, 

this study constructed a fusion based dual branch 

architecture: on the one hand, the semantic understanding 

module was used to model the context of textual data, and 

on the other hand, the feature fusion module was used to 

vectorize and encode structured data and user behavior, 

ultimately achieving unified matching judgment in the 

scoring module. The overall architecture of the system is 

shown in Figure 1:

 

Figure 1：Structure diagram of AI enhanced information retrieval 

 

Model this architecture has the following features: 

Module decoupling, clear structure. The model 

deploys semantic understanding, feature fusion, and 

scoring output functions separately, making it easy to 

replace and fine tune for different data sources and retrieval 

tasks. 

Multi modal data fusion mechanism. In the business 

intelligence scenario where non textual information is 

rampant, the model combines text, structured data, and user 

User query input 

Semantic Understanding 

Module 

Query semantic vector 

representation 

Candidate document 

input 

User behavior characteristic 

input 

Structured data input 

Document Encoder 

Module 

Behavior vector 

extraction module 

Table feature extraction 

module 

Multimodal fusion layer  

Matching and scoring 

module 

Top-K result output 
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behavior data through fusion modules to enhance the 

perception ability of users' complex query intentions. 

Emphasize both semantic representation and system 

response. The system not only emphasizes deep semantic 

matching between queries and information units, but 

also focuses on response time and deployability, making 

it suitable for online application requirements in large BI 

systems. 

The AI enhanced architecture proposed in this 

chapter aims to build an intelligent retrieval core module 

with high scalability, strong semantic modeling 

capabilities, and cross modal processing capabilities 

within information systems. The next section will further 

break down the hierarchical functions within the model, 

explaining the specific implementation logic and data 

flow mechanism of each submodule. 

3.1  Overall structure and functional 
stratification of the model 

To enhance the semantic perception capability and task 

adaptability of information retrieval systems in business 

intelligence scenarios, the AI enhancement model 

proposed in this paper follows the architecture concept 

of "layered decoupling, functional collaboration, and 

task fusion". The overall structure is divided into four 

functional levels: input perception layer, semantic 

encoding layer, interaction fusion layer, and sorting 

output layer. Information is transmitted between 

different layers through a unified data interface standard, 

which ensures the flexibility of the model during 

deployment and facilitates independent training and 

optimization of different submodules. 

The input perception layer serves as the data access 

port of the system, mainly responsible for preprocessing 

user queries, candidate information units, and user 

contextual environments. Considering the existence of 

multi-source heterogeneous data such as text, structured 

tables, and behavior logs in BI systems, the model encodes 

input data of different modalities into a unified tensor 

format through a specially designed data parser, which 

facilitates subsequent modeling and processing. The 

semantic encoding layer relies on Transformer structure and 

lightweight convolutional network to handle text semantic 

modeling and non text feature extraction tasks, respectively; 

This design ensures that the model has both the ability to 

understand deep contextual information and the 

performance advantage of quickly processing 

heterogeneous data. 

The interaction fusion layer is the core module of the 

model, responsible for integrating three types of vector 

information: query, document, and context, and introducing 

attention mechanisms to dynamically adjust feature weights, 

so that the final output results can fully reflect the 

comprehensive effect of semantic relevance and business 

background. The sorting output layer is based on the fused 

representation, completing matching scoring, candidate 

sorting, and Top-K result generation, and providing 

interfaces to support system level result display and calling. 

The following table summarizes the roles and 

corresponding key technology paths of each functional 

level: 

 

Table 1：Overview of functional hierarchical design of ai enhanced information retrieval model 

 

Layer Name Core Functional Description Key Technical Components 

Input Perception 
Layer 

Receives and parses multimodal inputs, 
including text, structured tables, and user 

behavior 

Tokenizer, Data Normalization Tools, Field 
Parser 

Semantic 
Encoding Layer 

Builds deep semantic representations of 
queries and information units, extracting 

key contextual features 

Transformer Encoder, Lightweight CNN, 
Feature Embedding Module 

Interaction & 
Fusion Layer 

Fuses multi-source feature vectors and 
models query-document relations via 

contextual attention 

Multi-head Attention Module, Residual 
Connection Layer, Feature Concatenation & 

Compression 

Ranking & Output 
Layer 

Computes matching scores based on fused 
features and outputs the top-ranked retrieval 

results 

Ranking Network, Top-K Selector, System 
Output Format Converter 

This hierarchical structure not only facilitates 

system performance optimization and module 

replacement, but also supports personalized model 

deployment and fine-tuning strategies in specific 

scenarios. In business intelligence systems, different 

enterprise users often have different requirements for 

retrieval response speed, recommendation accuracy, and 

contextual understanding. Through decoupling settings 

at the functional layer, different depth or structure sub 

models can be flexibly plugged in and out to achieve 

customized retrieval services for different business 

objectives. 

 

3.2  Query modeling and vector 
representation based on deep semantics 

In information retrieval systems, accurately representing 

the semantic features of user queries is the foundation of 

matching calculations. Traditional methods such as TF-IDF 

and BM25 typically use sparse term weight matrices for 

modeling and lack context understanding capabilities. To 

overcome this limitation, this paper introduces a deep 

encoder based on Transformer structure for constructing 

low dimensional, context sensitive query vectors. 



A Transformer-Based Multimodal Semantic Retrieval Model for… Informatica 49 (2025) 297–308 301 

 

Given the query text Q = {w1, w2, . . . , wn} input by 

the user, first map each word to a static word vector and 

combine it into an embedding matrix: 

dn

21 R];...;;[ = nQ eeeE
     （1） 

 

Subsequently, the embedding matrix is input into the 

Transformer encoder, which generates a context aware 

representation of HQ through self attention mechanism, 

where each word position vector contains semantic 

dependency information between the word and the entire 

sentence. 

Finally, a weighted average pooling strategy is 

adopted to compress the sequence representation into a 

single query vector q, where the weights are determined 

by the attention scores 
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Among them, αi is the attention weight of the i-th 

word in the aggregation process, where si represents the 

importance score of the i-th position, usually obtained by 

linear transformation. This representation method 

effectively enhances the query's ability to express 

syntactic structure and semantic focus while maintaining 

compactness. The generated query vector q will serve as 

the core input for subsequent matching with document 

and user context interactions. This modeling approach 

supports end-to-end training, has good generalization 

performance and differentiable optimization ability, and 

is suitable for application in multi-source business 

scenarios. In our implementation, all query and 

document embeddings are 256-dimensional (d = 256). 

Word vectors are initialized from pre-trained FastText 

embeddings and fine-tuned during training to adapt to 

enterprise terminology. 

3.3  Fusion processing mechanism for 
multimodal commercial data 

The types of information involved in business 

intelligence systems are highly heterogeneous, including 

text descriptions, structured fields, user interaction logs, 

and other behavioral data. In order to unify the 

representation of information from different sources and 

improve the expression ability of the model, this paper 

designs a multimodal processing mechanism based on 

deep feature fusion, which uses a unified vector space to 

align and model various types of information. 

Assuming the user query is Q, its corresponding 

information unit to be matched includes three types of 

inputs: text data T, structured data S, and behavior 

sequence data B. The three types of features are first 

concatenated to form an initial fusion vector: 

bs ddd

BST RfffZ
++

= ];;[raw （4） 

Among them, the text information T is encoded into 

vector fT ∈ Rd  through a pre trained language model; 

Structured features (such as timestamps, category labels, 

amounts, etc.) are embedded and normalized to represent 

fS ∈ Rds ; The behavior sequence is modeled as fB ∈ Rdb 

through convolution or time series networks. Considering 

the uneven semantic contribution of various modal features, 

a learnable weighted fusion mechanism is further 

introduced to extract fusion vectors through linear 

transformation and nonlinear activation 

)zσ(W rawf bZ used +=
      （5） 

Among them, W ∈ Rd
′×(d+ds+db)  is the fusion weight 

matrix, b ∈ Rd′ is the bias term, σ(⋅) represents the ReLU 

activation function, and d′ is the output dimension of the 

fusion representation. This structure allows the model to 

automatically learn the importance configuration of 

different modalities in specific scenarios based on training 

data. The final fusion vector Zfused  will be used for 

semantic matching and relevance scoring with the query 

representation. Its construction ensures that multi-source 

data has unified alignment ability in the information system 

and preserves potential complementarity between 

modalities. Structured categorical variables are embedded 

using learnable embeddings of size 64, while numerical 

features are normalized to [0,1]. We adopt the ReLU 

activation due to its lower computational cost and faster 

convergence in large-scale BI data, compared with GELU 

which offers smoother gradients but higher latency. 

3.4  User intent recognition and context 
enhancement strategies 

In complex business intelligence scenarios, user queries 

often exhibit features such as semantic incompleteness, 

target ambiguity, and strong contextual dependencies. In 

order to achieve more accurate retrieval and matching, the 

system needs to build a user intent recognition module in 

the information processing front-end, combined with a 

query context modeling strategy, to effectively restore the 

user's real needs. On the basis of semantic modeling, this 

article introduces an intention representation method that 

combines behavior trajectory encoding and context 

alignment, and enhances the retrieval module's perception 

ability of user targets through an explicit vector fusion 

mechanism. 

The user's current query is marked as Q
t
, and its 

preceding behavior trajectory includes a historical query set 

of {Q
t−1

, Q
t−2

, . . . Q
t−k

}  and corresponding interaction 

content of {Dt−1, Dt−2, . . . Dt−k} . Encode each historical 

query and result document separately to obtain 

concatenated embeddings (q
t−i

, dt−i) ∈ R2d . Constructing 

historical context representation using weighted 

aggregation method: 

];[γc
1

i itit

k

i

t dq −−

=

=
        （6） 

Among them, γ
i

∈ [0,1]  is the weight of the i-th 

behavior's impact on the current intention, which satisfies 
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∑ γ
ii  and is obtained through time decay or attention 

learning mechanisms. The current query Q
t
 is encoded 

to obtain semantic vector q
t

∈ Rd, which is then fused 

with historical context ct  to construct the final intent 

representation vector ut: 

)];[Wtanh(u ut utt bcq +=
       （7） 

Among them, Wu ∈ Rd×3d  is the fusion weight 

matrix, bu ∈ R3d  is the bias term, and tanh(⋅)  is the 

nonlinear activation function. This representation has 

semantic perception and historical memory capabilities, 

which are used to guide the correlation scoring and 

ranking optimization of subsequent candidate 

information. After embedding the above intention 

enhancement mechanism, the model can more 

effectively distinguish short-term information needs 

from long-term interest preferences, especially in 

complex ut  and continuous query chains with strong 

performance. The final intent vector and candidate 

semantic representation jointly participate in matching 

judgment, providing a more discriminative retrieval 

scoring basis for the system. 

4  System implementation path and 
algorithm deployment plan 

4.1  System architecture construction and 
module collaboration mechanism 

To achieve AI enhanced information retrieval 

functionality, the system adopts a modular design 

structure and follows the implementation principles of 

"layered deployment, asynchronous computing, and 

collaborative calling", embedding model capabilities 

into a service-oriented information system architecture. 

This architecture mainly includes four key modules: 

query understanding module, candidate generation 

module, deep matching module, and result reordering 

module. Each module communicates collaboratively 

through shared representation vectors and task interfaces. 

The query understanding module receives user 

natural language input and outputs a semantic 

representation vector q ∈ Rd , which is passed to 

downstream modules in the form of an intermediate 

representation within the system to avoid duplicate 

processing of the original input. The candidate 

generation module quickly recalls the initial document 

set  D = {d1, d2, . . . , dN}  based on lightweight vector 

indexing or rule templates, and each document di  is 

generated by an encoder to represent di ∈ Rd.In the deep 

matching stage, the system calculates the semantic 

relevance score of (q, di) for each pair of si  and uses 

dot product similarity to achieve fast matching: 

i

T

i dq =s
             （8） 

The similarity value forms the sorting vector S =
{s1, s2, . . . , sN}, which serves as the input for the result 

reordering module. In order to further integrate context, 

user behavior, and business intent, this module also 

introduces a fusion vector u_t is incorporated into the final 

scoring process. Specifically, the final score is computed as: 

,d)d+f(u(q,d)=qs t

T

final        
(9) 

where f(⋅)f(\cdot)f(⋅) is a lightweight feedforward 

correction network that integrates the intent vector utu_tut 

with the candidate document representation ddd. This 

ensures that contextual information contributes explicitly to 

the ranking decision. The modules of the entire system 

remain decoupled at the deployment level, supporting 

distributed expansion and asynchronous loading, which 

makes it easy to fine-tune and quickly replace submodules 

for different business scenarios. In terms of service 

interaction, each module transmits features and results 

through a unified vector interface, ensuring strong 

maintainability and reliable online inference performance 

of the system. 

4.2  Model training and parameter 
optimization strategies for retrieval 
core modules 

The retrieval core module mainly completes the task of 

semantic correlation modeling, and its performance directly 

affects the recall quality and sorting accuracy of the system. 

In order to improve the representation ability and 

generalization effect of the model, this paper introduces a 

point-to-point supervision mechanism and a negative 

sample comparison learning strategy in the model training 

stage. A deep matching model based on similarity scoring 

is adopted, and end-to-end training is carried out by 

optimizing the sorting objective function. 

The training data is constructed in the form of a 

triplet (q, d+, d
−), where q is the user query, d

+
 represents 

positive sample documents (related), and d
−

 represents 

negative sample documents (unrelated). The query and 

document are mapped to vectors representing q, d+, d
− ∈ Rd 

through semantic encoders. Calculate the matching score 

between the query and the document using dot product 

method: 

++ = dqTs
          （10） 

−− = dqTs
          （11） 

For consistency, the optimization objective is aligned 

with the inference-stage scoring function described in 

Section 4.1, ensuring that the context-enhanced intent 

vector utu_tut also contributes to the training process. In 

order to enhance the model's ability to distinguish positive 

and negative samples, an objective function based on 

contrastive loss is introduced, and the cross-entropy form 

normalized by softmax is used for optimization: 

)
)exp()exp(

)exp(
log(

−+

+

+
−=

ss

s
L

（12） 

This loss function can encourage the model to improve 

positive sample scores while suppressing negative sample 

scores, with clear gradient directionality and good training 

stability. During the training process, batch samples are 
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randomly shuffled and fed into the network, and the 

parameters are updated through the Adam optimizer. The 

learning rate is set to dynamically adjust to avoid 

premature convergence. In addition, to mitigate the risk 

of overfitting, the model introduces Dropout mechanism 

at the structural layer and uses L2 regularization term to 

restrict parameter norm at the embedding layer. In 

industrial deployment, considering the efficiency of 

online inference, the multi branch attention mechanism 

used in the training phase will perform parameter folding 

during inference, thereby reducing inference latency and 

computational resource consumption. This training and 

optimization strategy balances expression ability, 

training efficiency, and deployment performance, 

providing a model foundation for stable system 

operation. 

4.3  Retrieval performance optimization 
and scalable deployment plan 

In order to improve the operational efficiency and 

system responsiveness of AI enhanced information 

retrieval models, this paper constructs a multi strategy 

performance improvement mechanism from two aspects: 

model computation optimization and deployment 

structure elasticity. The model inference process adopts 

a dense vector matching architecture. To improve 

matching speed and memory utilization, the system 

introduces a standardized vector compression strategy, 

which preprocesses all vectors into unit norm form to 

accelerate the calculation of dot product similarity 

dq

d
d
~

,
q

q~ ==

           （13） 

)cos(
~

q~s~ T == d
         （14） 

Among them, q̃, d̃ ∈ Rd  represents the normalized 

query and document vectors, and cos(θ) is the cosine 

value of the angle between the two. This normalization 

operation can make dot product equivalent to cosine 

similarity, making it easier to efficiently recall using 

vector indexing structures such as FAISS or ANN. 

At the deployment level, the system adopts a master-

slave distributed retrieval architecture, where the master 

node is responsible for receiving requests and parsing 

query semantics, while the slave nodes complete 

candidate generation and correlation calculation tasks in 

parallel. To evaluate the scalability of the system, a 

concurrent throughput estimation metric of Tc  is 

introduced: 

LR

PN
Tc

+


=

           （15） 

Among them, N represents the number of processing 

nodes, P represents the maximum concurrent processing 

capacity of each node, R is the average request initialization 

delay, L is the model calculation delay of a single matching 

path, and α is the delay penalty coefficient. This formula 

can be used to dynamically adjust the number of thread 

pools and instance deployments, ensuring stable system 

throughput in high concurrency access scenarios. 

To further reduce end-to-end response time, the system 

also achieves multi-dimensional performance optimization 

through caching popular query vectors, parallel batch 

processing strategies, and model lightweight compression 

(such as quantization and pruning). All model services are 

encapsulated through a unified RPC interface to ensure 

decoupling between the algorithm layer, service layer, and 

application layer, and support independent upgrades and 

expansion migrations in the future. 

5  Application verification and effect 
evaluation analysis 

5.1  Application scenario construction and 
selection of commercial datasets 

To verify the feasibility and performance of AI enhanced 

information retrieval models in business intelligence 

systems, this paper constructs typical application scenarios 

covering multiple query types, multiple data modalities, 

and multiple interaction modes. The selected scenarios are 

centered around enterprise knowledge centers and e-

commerce operation platforms, with the former 

emphasizing the semantic retrieval needs for internal 

document management and intelligent Q&A, while the 

latter focuses on behavior recognition and precise matching 

under high-frequency user access conditions. 

The experimental platform is deployed on a simulated 

enterprise private cloud architecture, covering retrieval 

engines, user query interfaces, multimodal data warehouses, 

and behavior logging systems. All evaluations are 

conducted throughout the entire system chain to ensure 

engineering transferability of the results. 

In terms of dataset selection, to ensure the universality 

and reproducibility of the evaluation process, three types of 

data sources are comprehensively used: ①real business 

document library, ②structured product information library, 

and ③user behavior sequence logs. Document data mainly 

includes internal technical manuals, financial briefings, 

strategic notifications, etc; Structured fields include 

product categories, attributes, numerical features, etc; 

Behavioral data records the user's click, search, browse, and 

feedback paths. The following table shows the composition 

and application scenario mapping of the main datasets:
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Table 2：Overview of experimental dataset and scene adaptation relationship 

 

Dataset Name Data Type Sample Size Core Fields Application Scenario 

DocSet-EntX 
Internal 

Enterprise 
Documents 

42,000+ Title, Body, Tags, 
Timestamp 

Enterprise Knowledge Retrieval, 
Intelligent Q&A 

ProductStruct-Y 
Product Structure 

Fields 
18,000+ 

Category, Price, 
Attribute 

Combinations 

E-commerce Multimodal 
Retrieval, Attribute Matching 

LogTrace-Z User Behavior 
Sequences 

3.1M+ 
Query Content, 
Click Sequence, 

Timestamp 

User Intent Modeling, Behavior 
Prediction 

To unify the input format of multimodal features, 

text data is segmented and encoded before being input 

into the semantic modeling module, while structured 

fields and behavior logs are embedded and time modeled 

separately. All samples were standardized during the 

experimental process to avoid bias in training 

performance due to differences in feature scales. 

5.2  Evaluation indicators for retrieval 
effectiveness and comparative 
experimental analysis 

To evaluate the effectiveness of the proposed AI 

enhanced information retrieval model in business 

intelligence scenarios, this paper sets multiple retrieval 

evaluation indicators based on three types of application 

datasets and conducts comparative experiments with 

several benchmark models. The experiment focuses on 

the differences in Top-K hit rate, semantic ranking 

quality, and overall user response accuracy among different 

models. 

The main evaluation indicators used include: 

Precision@K (P @ K): represents the proportion of relevant 

documents in the Top-K return results; nDCG@K 

(Normalized cumulative loss gain): Consider the 

correlation reward of sorting positions; Mean Recurrent 

Rank (MRR): measures the average reciprocal of the first 

correctly returned position; Recall@K Used to evaluate the 

coverage capability of the system. 

In the comparative experiment, the following three 

models were set as references: BM25 (traditional term 

matching); DSSM (Deep Semantic Matching); BERT 

Retriever (Transformer architecture). 

The model in this article is "MultiModal IR Plus", 

which includes context aware and multimodal fusion 

mechanisms. All models are parameter tuned on the same 

training set and run on a unified test set. The following 

figure shows the P @ 10 nDCG@10 Regarding MRR 

performance:

 
 

(Y-axis denotes evaluation metrics (Precision@10, nDCG@10, MRR), and X-axis lists compared models (BM25, 

DSSM, BERT-Retriever, Ours). Figure redrawn at 300 dpi resolution using Matplotlib to avoid overlapping labels.) 

 

Figure 2: Top-K performance comparison of different models in retrieval tasks 

 

The experimental results show that the model 

proposed in this paper achieves higher Precision@10 and 

nDCG@10 than baseline models. However, the MRR is 

slightly lower than BERT-Retriever, indicating a trade-

off between early-rank precision and deeper ranking 

stability, In multimodal input scenarios, the performance 

of traditional models deteriorates significantly, while the 

fusion structure of this model can more fully utilize 

structured and contextual features to maintain stable 

performance. 

All datasets were randomly split into training (70%), 

validation (10%), and testing (20%) subsets. Each 

experiment was repeated five times, and the reported results 

are given as mean ± standard deviation. To ensure 

robustness, we performed paired t-tests between our model 

and the baselines. Improvements in Precision@10 and 

nDCG@10 were statistically significant at p < 0.05, 
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confirming that the observed performance gains are not 

due to random variation. 

 

5.3  User experience and system response 
performance evaluation 

In business intelligence platforms, the response 

speed of information retrieval systems and the quality of 

user interaction directly affect the overall user 

experience. To evaluate the user side performance of this 

model, an integrated experience evaluation experiment 

was designed in this paper, covering three dimensions: 

response delay monitoring, query feedback recording, 

and subjective rating collection, covering typical 

interaction elements in information system engineering 

practice. 

The testing scenario is centered around the DocSet 

EntX dataset, with 50 sets of standardized query tasks and 

the recruitment of 40 test users with information system 

application backgrounds. The following indicators are 

recorded during the experimental process: Average 

Response Time (ART): refers to the average time from the 

user initiating a request to the first retrieval result being 

displayed; Query Interaction Round (QIR): The average 

number of request rounds required for a user to complete a 

satisfactory query; User Satisfaction Score (SUS): 

Subjective evaluation using the System Usability Scale 

criteria, with a score range of 0-100. The system runs in a 

standard cloud server deployment environment, and the 

experimental results are shown in the following figure:

 
 

(Axes are labeled with average response time (ms) on X-axis and user satisfaction score (0–100) on Y-axis. 

Redrawn at high resolution with clear gridlines.) 

 

Figure 3: Analysis of the relationship between user response delay and satisfaction rating 

 

The experimental results show that the MultiModal 

IR Plus model proposed in this paper has an average 

response delay controlled within 430ms in most 

scenarios, which is significantly better than DSSM 

(612ms) and BERT Retriever (770ms). Its corresponding 

satisfaction score is also stable above 87 points, 

indicating that the system has good interactive response 

efficiency while maintaining high-precision retrieval 

capability, and is suitable for the real-time service needs 

of business intelligence systems. The 40 participants 

were composed of graduate students majoring in 

information systems and industry practitioners with BI 

application experience. The SUS scores were calculated 

following standard guidelines. The average score of 87.2 

was accompanied by a standard deviation of 3.8, 

indicating consistent user feedback across participants. 

5.4  Business value analysis and feasibility 
study of integrated promotion 

In order to systematically evaluate the deployment value 

and horizontal promotion potential of the proposed AI 

enhanced information retrieval model in practical business 

scenarios, this paper conducts a comprehensive quantitative 

and qualitative analysis from four core dimensions: 

integration compatibility, resource consumption ratio, 

deployment difficulty, and task adaptability. At the 

integration level, this model is designed based on a 

standardized RESTful API architecture and has good 

system heterogeneous interface docking capabilities. It can 

be embedded in existing enterprise BI platforms, CRM 

systems, and knowledge management systems with low 

intrusion. At the same time, the number of parameters relied 

upon during the model inference phase decreased by about 

28.6% compared to BERT Retriever, significantly reducing 

the pressure on online deployment servers. In terms of 

resource consumption ratio (resource effect cost-

effectiveness), the calculation is as follows: 

 

rategrowth  usagememory  GPU

）ΔP@10（ranget improvemenAccuracy 
 esseffectiven-cost

（15） 

 

Among them, the ΔP@10 of the proposed model is 

+20.3% compared to traditional DSSM (0.723 vs. 0.601), 

890

612

770

430

71 78 83 89

0

200

400

600

800

1000

BM25 DSSM BERT-Retriever MultiModal-IR-Plus

Average Response Time (ms) User Satisfaction Score (SUS, out of 100)



306 Informatica 49 (2025) 297–308 Y. Xie 

 

while GPU memory usage increases by only +4.8%. 

Based on this correction, the cost-effectiveness index 

was recalculated to 2.75, ensuring consistency with 

Figure 4 and reflecting the actual performance-resource 

trade-off. This value is higher than that of existing 

mainstream models, confirming the efficiency advantage 

of the proposed design. In terms of deployability, 

through Docker container encapsulation and layered service 

deployment, the model can achieve a ‘cloud+edge’ dual 

adaptive strategy, adapting to different organizational 

levels and business processing complexity requirements. 

Figure 4 presents the corrected cost-effectiveness index 

comparison of the four models.

 

 
 

(Figure 4. Comparison of the cost-effectiveness index for four models, normalized by GPU memory usage. The 

proposed model achieves 2.75, higher than baseline models, demonstrating a better balance between performance and 

resource consumption.) 

 

Figure 4: Feasibility line chart for multi model integration promotion 

 

6  Discussions and challenges faced 

6.1  Cross scenario adaptation and system 
transferability analysis 

In practical business applications, information retrieval 

systems face a wide range of business environments, from 

structured financial statements to unstructured text 

records, image materials, and even audio and video 

resources, with significant differences in data form and 

semantic distribution. Therefore, a retrieval system with 

cross scenario adaptation capability needs to achieve high 

decoupling and flexible configuration in the underlying 

model structure and upper layer interface logic. 

The AI enhanced information retrieval model 

proposed in this article is designed for modular 

deployment architecture from the beginning, and its 

semantic modeling component, feature extractor, and 

intent recognition mechanism all support parameter level 

transfer fine-tuning. Experimental results have shown that 

without changing the backbone structure, the model can 

quickly adapt to multi-source datasets such as e-

commerce logs, enterprise reports, and marketing scripts, 

with only incremental training of a small amount of 

labeled data based on the target scenario. In addition, the 

vector space encoding method of the model has strong task 

independence and can achieve feature transfer between  

 

different domains by sharing pre trained semantic spaces. 

The system supports end-to-end microservice deployment, 

which facilitates hot plug integration through standard 

interfaces in various business systems, reducing migration 

costs. 

It is worth noting that the effectiveness of cross scene 

migration still depends on the similarity of semantic 

distribution between domains. When there is a significant 

semantic shift between the source task and the target task, 

such as migrating from financial corpora to medical 

terminology scenarios, deeper domain adaptation modules 

still need to be introduced. Therefore, although the system 

has a good foundation of universality, personalized 

optimization solutions still need to be designed based on 

industry characteristics during the implementation process 

to achieve the best balance between performance and 

resource investment. To preliminarily examine 

generalizability, we also conducted a small-scale test on 

an open medical abstract’s dataset. The model maintained 

consistent improvements in Precision@10 and nDCG@10 

compared with BM25 and DSSM, although performance 

was slightly lower than in BI scenarios, indicating 

potential for cross-domain transfer that requires further 

investigation. 
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6.2  Model interpretability and data 
privacy issues in business intelligence 
scenarios 

In data-driven business intelligence systems, introducing 

deep learning models to improve retrieval accuracy and 

inference efficiency is important, but at the same time, 

interpretability and data privacy issues have become 

technical bottlenecks that cannot be ignored in the 

deployment process. On the one hand, semantic modeling 

and vector retrieval mechanisms based on neural networks 

often exhibit a "black box" characteristic, making it 

difficult to clearly explain to users or business managers 

why the model returns a certain result; On the other hand, 

commercial data itself is highly sensitive, including key 

content such as customer behavior records, transaction 

history, internal strategy documents, etc. Once used for 

model training or inference processes, it may lead to data 

leakage and compliance risks. 

Regarding interpretability issues, traditional attention 

weight visualization or feature contribution scoring 

methods have certain limitations in semantic retrieval 

models, especially for multimodal inputs and high-

dimensional dense embedding vectors. Current 

interpretation methods cannot clearly map to the semantic 

level that users can understand. Therefore, system design 

should introduce auxiliary mechanisms such as traceable 

search paths, high-frequency keyword highlighting, and 

query result similarity graphs while providing accurate 

search results, to enhance users' understanding and trust in 

model behavior. 

In terms of data privacy protection, model design 

should avoid long-term caching and centralized training 

of raw text or sensitive vector representations. It is 

recommended to use techniques such as federated learning, 

homomorphic encryption, or differential privacy to 

restrict data from running within local processing 

boundaries and avoid privacy leakage risks from the 

source. In the actual implementation process, it is 

necessary to combine industry standards such as GDPR 

and ISO 27701 to set up log auditing and access control 

policies to ensure the security and controllability of the 

entire data flow process. 

To address interpretability, we suggest incorporating 

post-hoc explanation techniques such as SHAP values and 

Layer-wise Relevance Propagation (LRP), which can 

provide feature-level attributions over query-document 

similarity scores and make the ranking process more 

transparent. For privacy, federated learning is a feasible 

strategy in BI scenarios: user logs and enterprise 

documents can be encoded locally, and only model 

gradients are shared with the central server, thereby 

minimizing the risk of sensitive data leakage. These 

technical solutions can enhance user trust and compliance 

with regulations such as GDPR and ISO 27701. 

6.3 Comparative advantage analysis 

To quantitatively demonstrate the advantages of the 

proposed model, we compared its retrieval performance 

with BM25, DSSM, and BERT-Retriever under the same 

BI datasets. As shown in Figure 2 and Table X, our model 

achieves Precision@10 = 0.723 and nDCG@10 = 0.702, 

which are higher than BM25 (0.521, 0.484) and DSSM 

(0.601, 0.552), and competitive with BERT-Retriever 

(0.653, 0.624). Although the MRR (0.537) is slightly 

lower than BERT-Retriever (0.664), the proposed 

framework demonstrates better robustness when 

multimodal inputs are present, where traditional models 

degrade significantly. These improvements are attributed 

to two design choices: (1) the multimodal fusion 

mechanism that integrates structured data and behavioral 

logs, enabling richer semantic representation; and (2) the 

dynamic intent recognition module, which captures 

historical query context and enhances ranking stability. 

This evidence confirms that the architecture provides a 

practical balance between accuracy, efficiency, and 

deployability in enterprise retrieval scenarios. 

7  Conclusion 

With the increasing complexity and heterogeneity of data 

in business intelligence scenarios, traditional information 

retrieval methods have exposed significant limitations in 

handling multimodal semantic understanding, context 

modeling, and user intent recognition. This article 

revolves around the core concept of an "AI enhanced 

information retrieval model", systematically exploring 

how to build an intelligent retrieval system with high 

expressiveness and strong generalization ability supported 

by deep learning methods, from architecture design, 

algorithm deployment to system evaluation, to meet the 

multiple requirements of accuracy, efficiency, and 

scalability of the new generation of business intelligence 

platforms. 

During the research process, the model proposed in 

this article adopts a multi-layer semantic representation 

mechanism and intention perception strategy, integrating 

deep vector retrieval, context dynamic modeling, and 

multimodal data processing capabilities. In terms of 

structural design, it emphasizes module decoupling and 

interface compatibility, and supports cross business 

scenario migration and deployment. In terms of training 

and optimization, we balance performance improvement 

with computational resource constraints to ensure that the 

system has engineering feasibility. At the evaluation level, 

multidimensional parameters such as accuracy indicators, 

response speed, and resource utilization ratio are 

comprehensively introduced to construct an experimental 

verification system for practical scenarios. Although 

preliminary results indicate that the model performs well 

in multidimensional metrics, challenges such as 

interpretability, data security, and deployment and 

operation complexity still need to be addressed. Future 

research can further introduce federated learning 

mechanisms, knowledge enhanced reasoning models, and 

more universal semantic representation systems to 

enhance system transparency and trustworthiness. 

 



308 Informatica 49 (2025) 297–308 Y. Xie 

 

References 

[1] Yin Y , Li C .Innovative Practice of Intelligent 

Business Models in the Field of 

Communication[J].Intelligent Information 

Management, 2024, 16(4):147-

156.https://doi.org/10.4236/iim.2024.164009. 

[2] M Genoveva Millán Vázquez de la Torre.An 

Economic Perspective on the Implementation of 

Artificial Intelligence in the Restaurant Sector[J]. 

Administrative Sciences, 2024, 14. 

https://doi.org/10.3390/admsci14090214. 

[3] Habib M B , Hafiz M F B , Khan N A ,et 

al.Multimodal Sentiment Analysis using Deep 

Learning Fusion Techniques and 

Transformers[J].International Journal of Advanced 

Computer Science & Applications, 2024, 

15(6).https://doi.org/10.14569/ijacsa.2024.0150686. 

[4] Madanaguli A , Sjdin D , Parida V ,et al.Artificial 

intelligence capabilities for circular business 

models: Research synthesis and future 

agenda[J].Technological Forecasting & Social 

Change, 2024, 

200.https://doi.org/10.1016/j.techfore.2023.123189. 

[5] Tan M , Rolland A , Tian A .Regularized Contrastive 

Learning of Semantic Search[J].Springer, Cham, 

2022.https://doi.org/10.48550/arXiv.2209.13241. 

[6] Zhou P. Applications of transformer in remote 

sensing for image scene classification, semantic 

segmentation, and change detection[J].AIP 

Conference Proceedings, 2024, 

3194(1):030019.https://doi.org/10.1063/5.0225051. 

[7] Asmar M , Al-Rob I A A .Application of Artificial 

Intelligence in Business Decision Making: Insight 

from Literature Review[J].Springer, Cham, 

2024.https://doi.org/10.1007/978-3-031-73632-

2_11. 

[8] Senadjki A , Ogbeibu S , Mohd S ,et al.Harnessing 

Artificial Intelligence for Business Competitiveness 

in Achieving Sustainable Development 

Goals[J].Journal of Asia-Pacific business, 

2023.https://doi.org/10.1080/10599231.2023.2220

603. 

[9] Yang T, Aqsa, Kazmi R ,et al.AI-Enabled Business 

Models and Innovations: A Systematic Literature 

Review[J].KSII Transactions on Internet & 

Information Systems, 2024, 

18(6).https://doi.org/10.3837/tiis.2024.06.006. 

[10] Yin Y , Li C .Application and Innovation of 

Artificial Intelligence in Economics and 

Management Courses in Universities [J].Journal of 

Service Science and Management, 

2024.https://doi.org/10.4236/jssm.2024.174017. 

[11] Chanda A K , Tidd J .HUMAN JUDGMENT IN 

ARTIFICIAL INTELLIGENCE FOR BUSINESS 

DECISION-MAKING: AN EMPIRICAL 

STUDY[J].International Journal of Innovation 

Management, 2024, 

28(1/2).https://doi.org/10.1142/S13639196245000

4X. 

[12] Mahalakshmi V , Kulkarni N , Kumar K V P ,et 

al.The Role of implementing Artificial Intelligence 

and Machine Learning Technologies in the financial 

services Industry for creating Competitive 

Intelligence[J].Materials Today: Proceedings, 2022, 

56:2252-

2255.https://doi.org/10.1016/j.matpr.2021.11.577. 

[13] Gonesh C ,Saha, Menon R ,et al.The Impact of 

Artificial Intelligence on Business Strategy and 

Decision-Making Processes[J].European Economic 

Letters, 

2023.https://doi.org/10.52783/eel.v13i3.386. 

[14] Cunea M I .An analysis of innovations in business 

models: the case of Medlife's sustainability 

report[J].Journal of Research & Innovation for 

Sustainable Society (JRISS), 2024, 

6(2).https://doi.org/10.33727/JRISS.2024.2.30:273

-281. 

[15] Edgington S , Kasztelnik K .The Ethical 

Considerations of Business Artificial Intelligence 

Exploration Through the Lenses of the Global AI 

Technology Acceptance Model[J].Journal of 

Strategic Innovation & Sustainability, 2024, 

19(1).https://doi.org/10.33423/jsis.v19i1.6749. 

[16] Wang J .Artificial Intelligence and Technological 

Innovation: Evidence from China's Strategic 

Emerging Industries[J].Sustainability, 2024, 

16.https://doi.org/10.3390/su16167226. 

[17] Hu K H , Chen F H , Hsu M F ,et al.Governance of 

artificial intelligence applications in a business audit 

via a fusion fuzzy multiple rule-based decision-

making model[J].Financial Innovation, 2023, 

9(1).https://doi.org/10.1186/s40854-022-00436-4. 

[18] Lu B , Jing H .Analysis on Innovation Path of 

Business Administration Based on Artificial 

Intelligence[J].Mathematical Problems in 

Engineering: Theory, Methods and Applications, 

2022(Pt.51):2022.https://doi.org/10.1155/2022/679

0836. 

[19] Caffagni D , Sarto S , Cornia M ,et al.Recurrence-

Enhanced Vision-and-Language Transformers for 

Robust Multimodal Document Retrieval[J]. 

2025.https://doi.org/10.1109/CVPR52734.2025.00

867. 

[20] Lefebvre G , Elghazel H , Guillet T ,et al.A new 

sentence embedding framework for the education 

and professional training domain with application to 

hierarchical multi-label text classification[J].Data & 

Knowledge Engineering, 2024, 

150(000).https://doi.org/10.1016/j.datak.2024.1022

81. 

 

 



https://doi.org/10.31449/inf.v49i14.11191  Informatica 49 (2025) 309–322 309 

 
 

 

Graph-Attention Fusion with VAE Cross-Modal Mapping and 

Reinforcement-Learning Visualization for Real-Time AR 
 

 

Cheng Cheng 

E-mail: Chengzirou95@126.com 

Shandong Vocational Institute of Fashion Technology, Tai’an, Shandong, 271000, China  

 

Keywords: augmented reality, multimodal perception, intelligent generation, visualization, reinforcement learning 
 
Received: August 27, 2025 

In AR scenarios, the intelligent generation and visualization of multimodal perception information face 

challenges such as feature heterogeneity, insufficient semantic alignment, and unstable real -time 

performance. To address these issues, this study proposes a feature modeling method that integrates an 

Attention-GCN for multimodal fusion, a variational autoencoder (VAE) with geometric/temporal 

constraints for cross-modal mapping, and a reinforcement learning (PPO) driven optimization mechanism 

to form a "perception–generation–presentation–feedback" closed-loop system. Experiments are conducted 

on a self-built multimodal dataset of 28,000 sequences, with results evaluated on a held-out test set to 

ensure reliability. Baseline comparisons include a unimodal CNN and a heuristic fusion model under the 

same computational conditions. Results demonstrate that the proposed framework achieves an average 

delay of 1.42 ± 0.08 s, frame rate of 57 ± 1.5 fps, semantic alignment rate of 92.4% ± 1.1, and interaction 

interruption rate of 3.5% ± 0.4, outperforming baselines in efficiency, semantic consistency, and rendering 

stability. These findings highlight the framework’s feasibility for real-time multimodal interaction in AR 

scenarios and its scalability across mid-range devices. 

Povzetek: Članek predstavi AR-okvir, ki združuje Attention-GCN za multimodalno fuzijo, VAE za 

čezmodalno preslikavo ter PPO-učenje za optimizacijo vizualizacije. 

 

 

1  Introduction 
Against the backdrop of AR technology gradually moving 

towards immersion and complexity, traditional perception 

and visualization systems lack cross modal fusion and 

real-time scheduling mechanisms, making it difficult to 

meet the interactive needs of high-frequency input, 

multidimensional features, and heterogeneous data 

coexistence. Simultaneous input of multimodal 

information such as visual, speech, and action often leads 

to difficulties in feature alignment, semantic weakening, 

and unstable rendering, which directly affects the 

interactive experience. As AR applications expand to 

industrial simulation, healthcare, and collaboration, the 

system urgently needs to shift from static rendering to 

dynamic feedback driven multimodal generation 

framework to achieve semantic consistency and real-time 

stability. 

Multimodal intelligent generation technology is the 

key to promoting the development of AR. Its core lies in 

using deep neural networks and graph structure modeling 

to achieve unified modal representation and dynamic 

fusion. Research has shown that multimodal networks that 

integrate graph convolution and attention mechanisms 

exhibit superior performance in semantic alignment and 

feature extraction, and can provide support for 

visualization generation in complex scenes. Ismail et al. 

(2015) proposed integrating gestures and voice input in AR 

to effectively improve interaction efficiency [1]; Yong et al. 

(2025) achieved cross modal mapping through variational 

autoencoder and reinforcement learning, significantly 

reducing rendering latency [2]; Chen et al. (2024) further 

validated the stability of dynamic visualization and path 

adaptation in medical scenarios [3]. 

The multimodal perception information intelligent 

generation and visualization strategy proposed in this 

article aims to construct a closed-loop mechanism of 

perception generation presentation. The overall model 

consists of three modules: feature fusion modeling based 

on graph convolution and attention mechanism, cross 

modal generation framework combining geometric and 

temporal constraints, and visualization optimization 

mechanism based on reinforcement learning. Unlike 

traditional methods, this strategy emphasizes state 

feedback driven and multi-source information 

collaboration, with the ability to adaptively adjust paths 

and optimize real-time rendering, which can improve 

accuracy and stability in complex interactive scenes. 

In recent years, breakthroughs in artificial intelligence 

have provided algorithmic support for this research. Lee et 

al. (2023) summarized multimodal design patterns in AR 

scenarios based on Transformer and verified the 

consistency of image and speech alignment [4]; Zollmann 

et al. (2021) proposed the application of deep residual 

networks in dynamic rendering prediction, which 

maintained high accuracy in high frame rate environments 

[5]. These achievements have laid the foundation for the 

strategy design and verification in this article. 
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The main contributions of this work are as 

follows:①Algorithmic novelty: Proposes an 

Attention-GCN–based multimodal fusion with VAE 

cross-modal mapping for accurate semantic 

alignment.②System integration: Designs a reinforcement 

learning strategy for real-time AR visualization with 

dynamic feedback.③Formalization: Establishes a 

closed-loop framework combining feature fusion, 

cross-modal generation, and visualization with complete 

definitions.④Empirical validation: Demonstrates 

effectiveness on a 28,000-sequence dataset, significantly 

improving latency, semantic consistency, and rendering 

stability. 

2  Related work 
The rapid development of AR technology has gradually 

made multimodal perception and intelligent visualization 

an important support for complex interactive experiences. 

However, existing research still faces challenges such as 

feature heterogeneity, insufficient semantic alignment, and 

rendering latency. Multimodal modeling and fusion 

determine whether visual, speech, action, and other inputs 

can be unified into a shared semantic space; The intelligent 

generation method affects the accuracy and stability of 

cross modal mapping; Real time rendering and interactive 

optimization determine the adaptability of the system in 

high dynamic scenes. Therefore, it is of great significance 

to review existing research and compare the differences 

between traditional and new methods. 

In terms of multimodal modeling, traditional AR 

systems rely heavily on single modal features such as 

visual recognition or speech control. Although they can 

maintain accuracy in simple scenarios, they are often 

disturbed in complex interactions. In recent years, 

researchers have proposed using graph convolution and 

attention mechanisms to achieve cross modal fusion. In 

terms of intelligent generation, Zheng et al. (2024) 

systematically reviewed the current status of augmented 

reality data visualization and pointed out that multimodal 

data fusion and generation models are key paths to 

improving decision support and dynamic rendering 

accuracy [6]. Friske (2024) proposed to deeply integrate 

AR with SLAM for mobile robots to achieve adaptive 

mapping of cross modal data, effectively enhancing spatial 

perception and generation robustness [7]. In terms of 

visualization strategies, Al Tawil (2024) reviewed the 

evolution of visual SLAM applications in robotics and AR, 

emphasizing its value in maintaining continuity and 

reducing latency in multimodal visualization [8]. Sheng et 

al. (2024) analyzed the applicability of SLAM algorithm in 

AR visualization and pointed out that introducing feedback 

prediction mechanism can significantly improve frame rate 

stability and system real-time performance [9]. The visual 

SLAM review proposed by Barros (2022) indicates that 

integrating multimodal perception with SLAM frameworks 

can effectively enhance real-time visualization capabilities 

for complex tasks [10]. At the system integration level, 

Taketomi et al. (2017) reviewed the development history of 

visual SLAM algorithms and believed that cross platform 

interfaces and synchronization mechanisms are 

prerequisites for ensuring the stable operation of multi 

terminal AR systems [11]. Xu et al. (2024) proposed a 

multimodal 3D fusion and in-situ learning method in IEEE 

ISMAR, and verified its stability and fast adaptability in 

cross terminal environments [12]. Therefore, researchers 

propose a mechanism based on WebSocket and 

asynchronous event driven to achieve real-time 

synchronization of multimodal task states and feedback, 

thereby reducing latency and enhancing platform 

adaptability. This provides a feasible path for the 

widespread application of multimodal systems. 

In order to provide a clear comparison of prior works 

and highlight the improvements of our framework, we 

summarize representative studies in terms of problem 

setting, dataset, methods, and quantitative results, as shown 

in Table 1.

 

Table 1: Summary of related works compared with our proposed framework 

 

Reference Problem Dataset Method Metrics Comparison 

Ismail et al. 
(2015) 

Gesture + 
speech fusion 

~2k lab 
samples 

Rule-based 
fusion 

Accuracy 85% 
Early-stage fusion, no 

real-time tests 

Yong et al. 
(2025) 

Cross-modal 
mapping 

~12k seq. VAE + RL 
Latency 2.7s; 
Align. 86% 

Limited scope; ours: 
1.4s, 92.4% 

Chen et al. 
(2024) 

AR for medical 
decision 

Med AR data 
Dynamic vis. + 

path adapt. 
50 fps; Align. 

88% 
App.-specific; ours: 57 

fps, higher stability 

Lee et al. 
(2023) 

Transformer 
AR design 

Benchmark 
Transformer + 

attention 
Align. 89% 

High latency; ours: 
lower delay, higher 

align. 

Zheng et al. 
(2024) 

AR vis. survey Multiple Review only — 
Theoretical; ours: 

validated closed-loop 

Our work 
(2025) 

Real-time AR 
interaction 

28k seq. 
Attn-GCN + 
VAE + RL 

1.42s; 57 fps; 
Align. 92.4%; Int. 

3.5% 

SOTA in latency, 
stability, consistency; 

scalable 

 

All results are mean ± SD over 10 runs on RTX 3060 GPU 

(32GB RAM, CUDA 11.3, PyTorch 1.10) with dataset split 

70/15/15. As shown in Table 1, existing studies explore  

 

multimodal AR through gesture–speech fusion, 

VAE-based mapping, medical visualization, or 

Transformer design, but often suffer from small datasets,  
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limited domains, or high latency. Our framework integrates 

Attention-GCN, VAE, and reinforcement learning to 

achieve 92.4% alignment, 1.42s latency, and 57 fps, 

showing clear improvements in accuracy and stability. 

Current research has made progress in modeling, 

generation, and visualization, but there are still 

shortcomings: firstly, cross modal fusion mostly remains in 

the experimental stage and lacks large-scale applications; 

Secondly, the real-time performance of generative models 

is limited in complex concurrent scenarios; Thirdly, the 

stability of system integration in cross platform 

environments is insufficient. Therefore, building a 

closed-loop system with state perception, dynamic 

feedback, and multi-source fusion capabilities has become 

the key to promoting the implementation of AR multimodal 

perception and visualization technology. The strategy 

proposed in this article is aimed at addressing these 

shortcomings and providing stronger technical support for 

intelligent interaction. 

3  Intelligent generation and 
visualization strategies for multimodal 
perception information 

3.1  Feature modeling and fusion mechanism 
for multimodal perception 

This article focuses on the issues of "perception delay and 

rendering instability" in AR scenes, with a particular 

emphasis on the fusion of multimodal inputs and path 

generation mechanisms. Due to the lack of unified 

alignment and feedback optimization of heterogeneous 

signals such as visual, speech, and action during concurrent 

input, the system is prone to semantic weakening and 

response lag under high dynamic interaction. Therefore, 

this study starts with the matching of tasks and data streams, 

as well as the principle of collaboration between multiple 

sources of interaction, aiming to achieve flexible control 

and visual scheduling of multimodal perception, and verify 

the performance of the model in terms of information 

generation accuracy and interaction stability. 

To ensure reproducibility, this article adopts modular 

and multi-agent modeling methods to construct perception 

nodes, task processes, and control unit models on the 

AnyLogic platform; Introduce improved A * algorithm and 

load balancing strategy to optimize the path, and combine 

WebSocket and Kafka to achieve real-time interaction; Use 

Python and Flask interface to achieve state synchronization. 

Evaluate performance through metrics such as interaction 

latency, rendering stability, and semantic consistency, and 

design ablation experiments to validate the contribution of 

key mechanisms. The research process involves four steps: 

establishing a multi-agent model on the AnyLogic platform, 

setting multimodal inputs and resource constraints; 

Implementing dynamic path planning based on improved A 

* and feedback mechanism; Support data exchange through 

WebSocket and Kafka; Implement instruction and state 

synchronization using Python and Flask. The system 

performance is evaluated through accuracy, response time, 

and rendering stability, and its adaptability in complex 

interactive scenarios is analyzed through ablation 

experiments. 

In terms of system logic, the multimodal generation 

and visualization strategy adopted in this article mainly 

includes four key modules: physical entity layer, virtual 

modeling layer, data channel layer, and feedback strategy 

layer. Among them, the physical entity layer is responsible 

for collecting multimodal inputs and executing tasks; The 

virtual modeling layer achieves semantic fusion and feature 

mapping through graph convolution and attention 

mechanism; The data channel layer implements state 

sampling and synchronization through asynchronous 

transmission; The feedback strategy layer dynamically 

adjusts the path and visualization results based on the 

predicted results. If the physical input state is tX
and the 

virtual model state is tX̂
, the virtual real synchronization 

relationship can be represented as: 

( ),,ˆ
ttt XfX =

               (1) 

Among them, tX
is the input signal, e.g., visual, 

speech, or sensor data. Units: [pixels], [audio samples]. 

tX̂
is the predicted output. t is the sampling period. 

Units: [seconds].  is environmental noise, in [dB].
( )f

maps input data, sampling period, and noise to predict 

output. This mechanism ensures real-time updates and 

approximate realism of virtual states. Furthermore, 

assuming task set 
 ntttT ,…,, 21=

and resource set  

 mrrrR ,…,, 21=
, the scheduling driving function of the 

system is: 

( ) ( ) tt
P

XXPP ˆ,minarg*  +=
      (2) 

Among them, 
P is the optimal path. Units: [path 

length], [steps].  is the set of candidate paths.  is the 

penalty coefficient. 
( )P

is the path cost. Units: [time], 

[distance].
( )tt XX ˆ,

is the semantic penalty.
( )P

calculates path cost. 
( )tt XX ˆ,

measures deviation 

between input and predicted output. Through this 

mechanism, the system achieves dynamic path planning 

and real-time correction in complex interactions. 

The focus of this work is to enhance the usability and 

applicability of multimodal modeling and visualization 

strategies. Therefore, this article has carried out extended 

design in terms of system implementation and integration. 

The logical information layer is based on MySQL database 

and Flask interface to achieve parameter maintenance and 

data input management; The perception acquisition layer 

obtains visual, speech, and motion data through 

multi-source sensors and interface protocols to ensure input 

accuracy; The interactive mapping layer utilizes Node RED 

for data fusion and preprocessing, and outputs dynamic 

visualization results; Cross platform integration is achieved 
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between different layers through RESTful API. The data 

management system adopts a centralized service 

architecture, which uniformly receives multi-source data 

streams and uses Kafka message queues to complete 

asynchronous transmission and caching. Through timed 

sampling and timestamp correction, the system can 

maintain consistency between virtual modeling and real 

interaction, and achieve preliminary integration and 

real-time verification based on WebSocket on the AR 

experimental platform. 

A multimodal visualization system is not only a 

display tool for AR scenes, but also a core platform for 

perception modeling, information generation, and 

interaction optimization. It has demonstrated significant 

value in state perception, path generation, and feedback 

optimization, providing methodological support for 

constructing dynamic interaction and intelligent 

visualization models. The next section will analyze the task 

node structure and fusion mechanism of the system, further 

elaborating on its advantages and feasibility in complex 

interactions and real-time rendering. The Attention-GCN is 

implemented with 3 layers of 128 hidden units and 8 heads 

each, using ReLU activation, 0.2 dropout, and batch 

normalization. 

3.2  Intelligent generation method of 
perception information for AR scenes 

In augmented reality (AR) applications, real-time 

processing and visualization generation of multimodal 

inputs are the core of immersive interaction. However, 

visual, speech, and motion signals often exhibit feature 

heterogeneity and semantic inconsistency during 

concurrent input, resulting in delays and unstable rendering. 

Traditional methods rely on single modal or static mapping, 

lack feedback and path optimization mechanisms, and are 

difficult to adapt to high dynamic scenarios. Therefore, this 

article proposes an AR oriented intelligent generation 

method for perceptual information, which achieves 

semantic consistency and real-time stability through a 

closed-loop mechanism of feature fusion, path generation, 

and feedback optimization. 

This method consists of an input perception layer, a 

semantic modeling layer, a path generation layer, and a 

feedback optimization layer. Input perception layer collects 

multi-source data and vectorizes encoding; The semantic 

modeling layer utilizes graph convolution and attention 

mechanisms to enhance semantic alignment; Combining 

the path generation layer with improved A* search and load 

balancing strategies for path planning; The feedback 

optimization layer updates the strategy through 

reinforcement learning to reduce latency and enhance 

robustness. Table 2 summarizes the core features of each 

module.

 

Table 2: Core features of intelligent generation methods for AR scenarios 

 

Module Type Expression Method Functional Role Module Type 

Input Perception 
Multi-source sensors + 

vectorized encoding 
Captures multimodal inputs such as 

vision, speech, and actions 
Input Perception 

Semantic 
Modeling 

Graph Convolution + 
Attention Mechanism 

Fuses heterogeneous features to 
enhance semantic consistency 

Semantic Modeling 

Path Generation 
Improved A* + Load 

Balancing 
Dynamically plans rendering paths and 

interaction decisions 
Path Generation 

Feedback 
Optimization 

Reinforcement Learning + 
Policy Update 

Real-time correction of latency and task 
conflicts, improving stability 

Feedback Optimization 
(same as left) 

 

All results are mean ± SD over 10 runs on RTX 3060 GPU 

(32GB RAM, CUDA 11.3, PyTorch 1.10) with dataset split 

70/15/15.During the implementation process, the input 

layer accesses sensor data through standardized protocols; 

The modeling layer is integrated on the PyTorch platform; 

Combining A* with resource constraints at the path layer to 

generate candidate solutions; The feedback layer 

dynamically optimizes parameters based on policy 

gradients to ensure smooth interaction.The VAE 

encoder/decoder follow a 256–128–64 / 64–128–256 

structure with a latent dimension of 32, and the loss is 

defined as L_recon + 0.1·L_KL + 0.2·L_geo + 0.3·L_temp. 

To ensure reproducibility, the operating logic of the 

intelligent generation method is as follows: 

Input: MultiModalInputs {Xv ∈ ℝ^(Tv×Dv), Xs ∈ 

ℝ^(Ts×Ds), Xg ∈ ℝ^(Tg×Dg)}, ResourcePool R 

# Attention_GCN Architecture 

H = Attention_GCN({Xv, Xs, Xg}) 

 

 #X layers, Y nodes per layer, Z edges, adjacency 

matrix via [method] 

#Attention = softmax((QK^T)/√d), normalized by 

[method] 

#Activation:[function],Regularization:[method], 

Initialization: [technique] 

 

 # VAE Loss: Reconstruction + KL Divergence + 

Constraints 

z ~ N(μ(x), σ^2(x)),  

L_VAE = ||X - X'||^2 + D_KL(N(μ, σ^2) || N(0, I)) + 

L_geo + L_temp 

# L_geo: Spatial consistency 

# L_temp: Sequence consistency 

# L_geo, L_temp are weighted penalties in the loss 

function 

# RL Optimization (PPO) 

Algorithm: PPO, lr = 1e-4, batch_size = 64, γ = 0.99 
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Reward:r=-delay+β*semantic_consistency-γ*resource

_cost 

# State: System/environment context 

# Action: Control actions 

# Reward: Calculated based on delay, consistency, and 

cost 

# A* Path Optimization 

P_candidates = A*_Search(TaskGraph, R) 

# Scoring 

For each P in P_candidates: 

Score(P)=Cost(P)+λ*SemanticDeviation(P,H) 

# Select best path 

Select P* = argmin Score(P) 

# Update feedback 

Update Rendering and Feedback(P*) 

 

This process covers input fusion, path generation, 

optimal selection, and feedback correction, and can 

maintain low latency and high stability under high 

concurrency tasks. 

In the experiment, the system uses WebSocket and 

Kafka for data exchange, and Flask interface for state 

synchronization. The evaluation metrics include 

interaction latency, rendering stability, and semantic 

consistency. The results indicate that the method has high 

robustness in dynamic environments. The ablation 

experiment shows that semantic modeling and feedback 

mechanisms contribute the most to performance, and any 

missing link will lead to a decrease in stability. The 

generation method proposed in this article effectively 

solves the problems of semantic inconsistency and 

rendering delay through a closed-loop mechanism of 

"fusion generation optimization", significantly improves 

task efficiency and interaction fluency, and has cross 

platform scalability value, providing a new technical path 

for multimodal visualization in AR scenes. 

3.3  Multimodal data-driven visualization 
presentation strategy 

In the real-time interaction process of AR scenes, 

multimodal data such as vision, speech, and action are 

input into the system in a highly concurrent form, and their 

feature distributions often have heterogeneity and 

inconsistency. Without dynamic fusion and feedback 

optimization, it is easy to lead to semantic weakening, 

rendering delay, and unstable visualization. Traditional 

methods rely on single modal or fixed rendering pipelines, 

which cannot adapt to complex tasks and multi-source 

inputs in high dynamic scenes, resulting in frame rate drops, 

delay accumulation, and information fragmentation. To 

address this issue, this paper proposes a multimodal 

data-driven visualization presentation strategy aimed at 

achieving high-precision, low latency, and stable 

visualization output in AR scenes through a closed-loop 

mechanism that integrates modeling, path generation, and 

feedback correction. 

The operational logic of this strategy mainly includes 

four modules: input fusion, semantic mapping, path 

generation, and feedback optimization. The input fusion 

module obtains visual, speech, motion and other signals 

through sensors, and vectorizes and encodes them to form a 

unified input matrix; The semantic mapping module 

introduces GCN and attention mechanism to achieve joint 

representation of cross modal features and enhance 

semantic consistency; The path generation module 

combines temporal constraints and A* optimization 

algorithm to dynamically calculate the rendering path; The 

feedback optimization module utilizes reinforcement 

learning mechanisms to correct delays and anomalies, 

ensuring the stability and real-time performance of 

visualization results. For the convenience of formal 

description, let the input multimodal set be

 gsv XXXX ,,=
 , where vX

, sX
, and gX

 represent 

visual, speech, and action features, respectively. The 

semantic representation after encoding and fusion is: 

( )gsvAttGCN XXXfH ,,+=
       （3） 

In the formula, AttGCNf + combines graph convolution 

with sampling. H is the output semantic representation.

gsv XXX ,,
are input features for visual, speech, and 

graph data. AttGCNf +  fuses GCN and sampling period. 

This step ensures a unified expression of multimodal inputs, 

providing high consistency semantic support for 

subsequent visualization mapping. 

In the path generation stage, the system constructs a set 

of candidate visualization paths P , each corresponding to 

a different rendering order and resource consumption. The 

optimization objective is defined as: 

( ) ( ) PHDPCP
P

,minarg* +=



      （4） 

Among them,
P is the optimal path.  

( )PC
is the 

path cost function (delay, frame rate consumption, etc.),

( )PHD ,
is the semantic deviation function, and   is the 

trade-off coefficient.
( )PC

calculates path cost. 

( )PHD ,
measures semantic deviation. Through this 

optimization formula, the system ensures both rendering 

efficiency and semantic consistency. 

In actual interaction, the feedback optimization 

module dynamically adjusts parameters based on the delay 

and error rate of rendering results. If a frame rate drops or 

semantic drift is detected, the system will trigger a path 

reconstruction mechanism to recalculate the optimal path
*P  based on the input H   in the new state. The feedback 

and path generation form a closed-loop control loop, 

ensuring the stability of visualization in dynamic 

environments. The entire multimodal visualization 

presentation process is shown in Figure 1.
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Figure 1: Flow chart of multimodal data driven visualization presentation 
 

Figure 1. Framework of the proposed multimodal 

system, including data acquisition, fusion, generation, and 

feedback modules. Experimental verification shows that 

this strategy performs superior in high concurrency AR 

tasks. Compared to traditional methods, the average 

rendering delay is reduced by 17%, frame rate stability is 

improved by 13%, and semantic consistency score is 

increased to over 92%. In the ablation experiment, if the 

semantic mapping module is removed, the rendering 

semantic consistency decreases by about 11%; If the 

feedback optimization module is removed, the delay 

increases by nearly 20%, further demonstrating the critical 

role of the closed-loop mechanism in maintaining system 

robustness. 

The multimodal data-driven visualization presentation 

strategy proposed in this article integrates modeling, 

dynamic path generation, and feedback optimization to 

form a closed-loop mechanism of "input mapping 

presentation feedback", effectively alleviating the 

problems of semantic inconsistency and rendering delay. 

This method not only enhances the interactive experience 

and scalability of AR scenes, but also provides a feasible 

technical path for multimodal intelligent visualization in 

complex environments.PPO is applied with γ = 0.99, state = 

{embeddings, latency, resources}, action = {path, 

rendering}, reward = –delay + 0.5·consistency – 0.2·cost, 

and both policy and value networks use 2 hidden layers of 

128 units with batch size 64, lr = 1e-4, updates every 10 

episodes, and early stopping after 20 stagnant episodes. 

3.4  Integrated deployment and interactive 
operation mechanism 

In AR scenarios, the generation and visualization of 

multimodal information not only rely on algorithm 

optimization, but also require stable deployment structures 

and flexible interaction mechanisms as support. If only 

staying at the level of a single model, it is often difficult to 

achieve immersive interaction in complex scenes due to 

interface fragmentation, high delay or insufficient feedback. 

Therefore, this study proposes an integrated deployment 

and interactive operation framework aimed at constructing 

a closed-loop system of "perception generation 

presentation feedback", enabling efficient mapping and 

dynamic updating of multimodal information between 

virtual and reality. 

The overall system adopts a layered decoupling 

architecture, including input perception layer, modeling 

processing layer, decision optimization layer, and 

interaction presentation layer. The perception layer obtains 

visual, speech, and motion data from multiple sensors and 

uses standardized protocols for vectorized encoding; The 

modeling processing layer introduces graph convolution 

and attention mechanisms for feature fusion to achieve 

semantic consistency modeling; Generate and reinforce 

learning strategies for decision optimization layer 

operation paths, and output visualization solutions; The 

interactive presentation layer will dynamically render the 

generated results in the AR terminal and achieve low 

latency feedback through WebSocket and Kafka. To ensure 

stable operation, the system adopts RESTful API for 

modular calling and cross platform integration between 

different layers, thus adapting to concurrent interaction 

among multiple terminals. 

In the operating mechanism, the system standardizes 

the scheduling period into fixed time slots, completing 

perception input, policy generation, result presentation, 

and feedback correction within each time slot, forming a 

dynamic loop. Formally expressed as: 

( )tttt RXSFS ,,1 =+           （5） 

Among them, tS
represents the current system state 

vector (including semantic modeling results, resource 

utilization, and rendering parameters), tX
 is the 

multimodal input signal set, tR
 is the resource and 

interaction feedback information, and
( )F

is the generation 

and update function. This mechanism ensures that the 

system can complete state reconstruction based on 

feedback within each time slot, achieving semantic 

consistency and low latency response. 

The interactive operation mechanism is the core 

innovation of this system. User input is collected in 

real-time through voice commands, gesture actions, or 

environmental perception, and input into the model after 

vectorization through the perception layer. During the 

visualization rendering phase, the system sets dynamic 

correction formulas based on feedback mechanisms: 

n

OO
E

ii
n
i

ˆ
1 −

=
=

          （6） 
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Among them, iO
represents the expected interactive 

output, iÔ
 represents the actual rendering result, and E

represents the average deviation rate. When E exceeds the 

set threshold, the feedback module immediately triggers 

strategy correction to adjust the path and rendering 

parameters, thereby avoiding interaction distortion caused 

by delay or error. 

At the deployment level, the system adopts a 

containerization solution to achieve cross platform 

compatibility, supporting simultaneous operation on local 

AR terminals and cloud servers. The perception access 

layer synchronizes data through WebSocket and MQTT 

protocols, the semantic modeling layer runs in a GPU 

accelerated environment to ensure real-time performance, 

the policy execution layer combines Flask and Python 

interfaces to map optimization results to the AR rendering 

engine, and the interactive operation mechanism uses 

Kafka message queues for asynchronous transmission to 

ensure low latency response under high-frequency input. In 

an experiment based on AR collaborative training, the 

system maintained 95% semantic consistency while 

controlling the average interaction delay within 1.4s, 

reducing it by about 19% compared to traditional methods.  

In order to enhance the reproducibility and 

generalizability of research, this article summarizes five 

key steps in the deployment process: (1) establishing a 

connection with multimodal sensing devices through 

MQTT protocol and setting up data paths; (2) Construct a 

semantic modeling module based on the characteristics of 

visual, speech, and action data; (3) Start the rendering 

scheduler and bind the multimodal input graph; (4) Deploy 

feedback detectors, set rendering delay and stability 

thresholds, and trigger automatic correction mechanisms; 

(5) Collect interaction logs and status parameters at fixed 

time intervals after system operation, supporting secondary 

configuration and model migration. 

The framework comprises three GCN layers (128 

hidden units), a VAE encoder–decoder (~2.1M parameters), 

and a PPO-based reinforcement learning module (0.6M), 

totaling about 2.7M parameters.Latency analysis shows 

four components: feature fusion (0.3s), semantic modeling 

(0.5s), path generation (0.4s), and feedback optimization 

(0.2s), with an average of 1.42s.Workflow steps: (1) 

multimodal input, (2) Attention-GCN fusion, (3) VAE 

cross-modal mapping, (4) RL optimization, and (5) 

real-time AR visualization.All equations include variable 

definitions and units for clarity and 

reproducibility.Training uses 500 epochs with Adam (lr = 

1e-4, wd = 1e-5), dataset split 70/15/15, random seed 42, 

and hardware/software including RTX 3060 GPU, 32GB 

RAM, PyTorch 1.10, CUDA 11.3. 

4  Results 

4.1  Dataset 
This plan relies on the actual operating environment of the 

intelligent interactive experimental platform to build a 

dataset, and the overall process covers four steps: data 

collection, preprocessing, evaluation indicators, and 

ablation verification. The first step is to collect multimodal 

signals such as visual, speech, and motion through multiple 

sensors and rendering engines, and convert them into a 

structured database; The second step is to use methods such 

as timing alignment, noise filtering, and missing value 

filling for preprocessing to ensure the consistency of 

multi-source information; The third step is to run the 

multimodal generation and visualization method proposed 

in this paper on a unified evaluation platform, and conduct 

comparative experiments with benchmark models (single 

modal convolution model and traditional rendering 

framework). Each experiment is repeated 100 times to 

verify its performance differences in latency, frame rate, 

and interaction stability; Step four, conduct ablation 

experiments on the three core modules of semantic 

modeling, path optimization, and feedback mechanism to 

analyze their contribution to overall performance. Data 

collection is mainly completed through three types of 

devices: RGB-D cameras and IMUs to capture gestures, 

trajectories, and positions; The microphone array collects 

voice commands and converts them into text; Optical 

tracking and environmental sensors obtain illumination, 

material reflection, and noise interference; The AR 

rendering engine records frame rate, latency, and 

interaction success rate as core evaluation metrics. 

The dataset is divided into three types of substructures: 

(1) Multimodal input data: including visual frame 

sequences, speech text, and action poses, totaling 28000 

sets, with timestamps attached to each set for semantic 

alignment and feature fusion training; (2) Rendering and 

interaction data: recording resolution, frame rate, delay, 

and frame loss, totaling 460000 records, updated in 

milliseconds, used to verify real-time performance and 

stability; (3) Environmental and feedback data: covering 

lighting, noise, interaction success rate, and subjective 

feedback, totaling 16000 pieces, updated every 5 seconds, 

used to evaluate adaptability. 

All data are filled with missing values, filtered with 

noise, and aligned with timing, and connected to the AR 

data bus to achieve direct integration with modeling and 

visualization modules. The dataset structure is shown in 

Table 3.
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Table 3: Comparison of different types of dataset structures and experimental purposes 

 

Data Type Sample Size Sample Fields 
Update 

Frequency 
Purpose Description 

Multimodal Input Data 28000 sets 
Visual frames, speech transcripts, 

action poses 
Per frame / 0.1 s 

Feature fusion and semantic 
consistency modeling 

Rendering & 
Interaction Data 

460000 pieces 
Frame rate, latency, frame drop 

rate, resolution 
Millisecond-level 

Verification of rendering stability 
and real-time performance 

Environment & 
Feedback Data 

16000 pieces Lighting, noise, user feedback Every 5 seconds 
Testing environment adaptability 

and optimization effectiveness 

 

All results are mean ± SD over 10 runs on RTX 3060 GPU 

(32GB RAM, CUDA 11.3, PyTorch 1.10) with dataset split 

70/15/15. In addition, 15 sets of abnormal samples (such as 

speech occlusion, motion blur, and sudden changes in 

lighting) were added to the dataset, and the recovery delay 

and compensation mechanism performance were recorded 

to verify the stability of the model under interference 

conditions. This dataset provides high-quality support for 

model training, performance evaluation, and ablation 

experiments. Ground-truth labels were obtained by 

combining automatic metrics (IoU, speech–text matching) 

with expert validation. Each sequence has 30 frames (≈3 s 

at 10 fps, 0.1 s steps). To test robustness, we added 

perturbations including varied SNR (30–10 dB), motion 

blur, and occlusions (0.5–2.0 s). All experiments were 

repeated 100 times with different seeds and scenarios to 

ensure independence. The dataset applies timestamp drift 

compensation to align multimodal streams and uses fixed 

preprocessing parameters (band-pass filter 300–3000Hz 

for speech, Gaussian blur σ=1.5 for motion frames). 

Baseline systems include a single-modal CNN and a 

heuristic fusion model, implemented under the same 

hardware/software settings for fair comparison.” 

Ground-truth for semantic alignment is defined as IoU ≥ 

0.7, and voice–text matching is validated via automatic 

alignment tools and expert review. To ensure 

reproducibility, dataset samples, labeling rules, and 

preprocessing scripts will be released in CSV/JSON format 

through a public repository (link to be provided upon 

acceptance). For verification, we also conducted synthetic 

experiments on the public ARBench dataset, showing 

consistent results with our own data. 

4.2  Data preprocessing 
In AR scenarios, multimodal inputs such as vision, speech, 

and action are collected concurrently, and the data sources 

are heterogeneous and dynamically fluctuating. If input 

directly into the model without processing, it can easily 

lead to noise propagation, semantic misalignment, and 

rendering delays. Therefore, this article constructs a 

preprocessing process of "timing alignment noise cleaning 

structure mapping feature regularization" to ensure 

consistency of input features at a unified scale and timing, 

thereby supporting subsequent intelligent generation and 

visualization tasks. 

In the timing alignment stage, due to the difference in 

sampling frequency between visual frames, speech signals, 

and action trajectories, this paper aligns all modal inputs 

through interpolation and synchronization mechanisms.  

 

 

Let the original input set be 
( ) ( ) ( ) ( ) tGtStVtI ,,=

, 

where
( )tV

represents visual frame sequences, 
( )tS

represents speech signals, and
( )tG

epresents actions and 

spatial trajectories. The fused input after unified alignment 

is: 

( ) ( )( )  dIF
t

tX norm
tt

t
+


=

1

      （7） 

Among them, t  is the time window, and
( )normF

 

represents the function of normalizing and interpolating the 

original signal. The function of this formula is to ensure 

that multimodal data remains synchronized in the time 

dimension and achieves uniformity in the sampling scale, 

so that there is no temporal deviation in subsequent feature 

fusion. 

In the structural mapping stage, this article maps the 

aligned input into a feature tensor and generates training 

labels by combining rendering and feedback data. 

Assuming a rendering metric of 
( )tR

(including frame 

rate, latency, and frame loss) and user feedback of 
( )tU

(including interaction success rate and rating), the mapping 

function is defined as: 

( ) ( )  ( ) ( ) ( )( )tUtRtXFtYtH map ,,, =
   （8） 

Among them, 
( )tH

is the multimodal feature tensor 

used as input for model training, and
( )tY

is the label set 

used for supervised learning. The function of this formula 

is to establish a correspondence between multimodal inputs 

and system feedback, enabling the model to directly learn 

the closed-loop logic of "input generation feedback" during 

the training process. 

In the actual implementation process, bandpass 

filtering is used to eliminate noise in speech signals, blur 

detection and image enhancement are used to remove 

low-quality samples in visual frames, and sliding mean is 

used to correct abrupt changes in action data. Normalize all 

input features to the [-1,1] interval to reduce dimensional 

differences. Subsequently, a sliding time window method 

was used to divide the training set and the test set, and 15 

sets of abnormal samples (such as speech occlusion and 

sudden changes in lighting) were embedded to test the 

robustness of the model in complex scenes. 

The preprocessing mechanism in this article 

normalizes heterogeneous inputs into a unified tensor 

structure through two core steps: cross modal temporal 
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alignment and semantic mapping function, and generates 

label data required for training. This mechanism not only 

ensures the stability of the model at the input level, but also 

lays the data foundation for subsequent multimodal 

generation and visualization optimization. 

4.3  Evaluation indicators 
To verify the adaptability and stability of the proposed 

multimodal perception information intelligent generation 

and visualization strategy in AR scenes, this paper designs 

evaluation indicators from five dimensions: interaction 

efficiency, semantic consistency, rendering stability, 

response delay, and interaction interruption rate, and 

compares them with single modal rendering methods and 

heuristic fusion methods. The experiment was conducted 

on an AR multimodal simulation platform, with a test set 

consisting of multi-source inputs such as voice commands, 

gesture actions, and visual frames. A total of 100 parallel 

task scenarios were run. 

In terms of interaction efficiency, the average 

completion time of the model in this article is 3.8 seconds, 

which is 32.1% and 22.4% shorter than the single modal 5.6 

seconds and heuristic 4.9 seconds, respectively, reflecting 

the advantages of the fusion mechanism in reducing 

redundant waiting and avoiding conflicts. In terms of 

semantic consistency, the path matching rate of our model 

reached 92.4%, higher than the 78.6% and 85.1% of the 

comparison methods, indicating that graph convolution and 

attention mechanisms can effectively maintain the 

coherence between input and output. The rendering 

stability is evaluated by frame rate and frame loss rate. The 

model in this paper maintains 57fps in dynamic scenes with 

a frame loss rate as low as 2.9%, while the unimodal and 

heuristic rates are 41fps/9.7% and 49fps/5.8%, respectively, 

indicating that the feedback optimization mechanism can 

ensure smooth rendering. In terms of response delay, the 

average adjustment delay of the model in this article is 1.4 

seconds, while the comparison methods are 5.2 seconds 

and 3.7 seconds respectively, reflecting that the state driven 

feedback mechanism has faster adaptability. In terms of 

interaction interruption rate, the model proposed in this 

paper only has a rate of 3.5%, which is significantly lower 

than the single modal rate of 12.1% and the heuristic rate of 

7.9%. This indicates that the proposed method can maintain 

the integrity of the interaction chain even in the presence of 

noise interference and input imbalance, avoiding overall 

failure caused by local anomalies. 

Figure 2 shows the comparison of different methods on 

five indicators, and the results show that our model 

performs outstandingly in terms of efficiency, semantic 

consistency, stability, response speed, and continuity, 

especially exhibiting stronger robustness under 

multitasking concurrency and high noise conditions.

 

Figure 2: Performance comparison of multimodal visualization methods on five indicators 

 

Figure 2. Performance comparison on five indicators: 

interaction efficiency, semantic consistency, rendering 

stability, response delay, and interruption rate (mean ± SD, 

error bars = 95% CI, 10 runs).The multimodal intelligent 

generation and visualization strategy proposed in this 

article demonstrates comprehensive performance 

advantages in complex AR scenes, not only significantly 

improving the real-time and stability of the system, but also 

providing reliable support for the practical application of 

multimodal perception and intelligent interaction.To 

ensure result reliability, all experiments were repeated 10 

times with different seeds, and outcomes are reported as 

mean ± SD. Paired t-tests at the 95% confidence level 

confirmed significance; for instance, response latency of 

our method (1.42 ± 0.08s) was markedly better than the 

unimodal (5.21 ± 0.23s, p < 0.01) and heuristic approaches 

(3.74 ± 0.17s, p < 0.01). Key metrics are defined as:Path 

Matching Rate (PMR): IoU between generated and 

ground-truth paths;Interaction Interruption Rate (IIR): 

proportion of interrupted to total interactions (threshold = 

0.2);Rendering Stability (RS): average frame rate with 

variance, counting frames below 30fps as distorted.These 

measures enhance the study’s reproducibility and statistical 

rigor. 

4.4  Ablation study 
To further verify the key mechanism role of the proposed 

multimodal perception information intelligent generation 

and visualization strategy in AR scenes, this paper 

designed multiple ablation experiments, peeled off the core 

modules in the model, and analyzed their impact on 

indicators such as interaction efficiency, semantic 

consistency, and rendering stability. The experiment was 

conducted on the same multimodal task set, with 

concurrent input conditions such as speech, gesture, and 

visual frames. The performance of the "complete model" 

was compared with various simplified versions to clarify 

the contribution of each module in overall performance. 

The experiment includes four sets of model 

configurations: (1) removing feedback optimization 
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mechanisms and retaining only static rendering paths; (2) 

Excluding the state synchronization module, the system 

cannot obtain real-time dynamic changes of multi-source 

inputs; (3) Cancel feature fusion mechanism and render 

only by relying on single modal input; (4) The final model 

that fully integrates semantic fusion, dynamic path updates, 

and feedback optimization mechanisms. Each group 

conducted 100 rounds of interactive experiments, and the 

results are shown in Table 4.

 

Table 4: Comparison of key performance indicators for ablation experiments 

 

Ablation Item Avg. Completion Time (s) 
Semantic Consistency 

(%) 
Rendering Stability 

(fps) 

Without Feedback Optimization 5.9 74.6 43 

Without State Synchronization 5.1 81.2 47 

Without Feature Fusion 4.8 85.7 51 

Full Model 3.8 92.4 57 

 

All results are mean ± SD over 10 runs on RTX 3060 GPU 

(32GB RAM, CUDA 11.3, PyTorch 1.10) with dataset split 

70/15/15.Each ablation configuration was retrained 

independently across 10 runs.For instance, the full model 

achieved 3.8 ± 0.2s in completion time, 92.4% ± 1.1 in 

semantic consistency, and 57 ± 1.5fps in rendering stability, 

all showing significant improvements over the ablated 

variants (p < 0.01).The results showed that when the 

feedback optimization mechanism was removed, the model 

was unable to correct input conflicts and rendering delays, 

resulting in an average completion time of 5.9 seconds, a 

decrease in semantic consistency to 74.6%, and a rendering 

frame rate of only 43fps, indicating that feedback 

optimization is the key to maintaining smooth interaction. 

When the state synchronization module is missing, 

although the system can maintain a certain semantic 

matching, it cannot dynamically track input disturbances, 

resulting in a decrease in semantic consistency to 81.2% 

and a decrease in rendering stability to 47fps. If the feature 

fusion module is removed, the model can only rely on a 

single input signal. Although the task completion time is 

slightly better, the semantic consistency and rendering 

stability are significantly insufficient, and the overall 

experience is limited. In contrast, the complete model 

performed the best in all three metrics, with an average 

completion time reduced to 3.8 seconds, semantic 

consistency improved to 92.4%, and rendering stability 

maintained at 57fps, demonstrating significant advantages 

of module collaborative optimization. 

It can be seen that feedback optimization, state 

synchronization, and feature fusion all play an 

indispensable role in AR multimodal visualization systems. 

The synergistic effect of the three can effectively ensure the 

smoothness of interaction and the stability of the task chain, 

demonstrating strong adaptability under multitasking 

concurrency and environmental interference conditions. 

The results of the ablation experiment further demonstrate 

the rationality and engineering feasibility of the proposed 

method in structural design and functional integration, 

providing a solid verification foundation for subsequent 

system expansion and application promotion. Appendix B 

provides learning curves for the supervised and RL 

components, showing stable convergence. 

Scenario-specific results (speech occlusion, motion blur, 

high concurrency) further confirm consistent gains over  

 

ablated variants. Additional tests show that removing the 

VAE loss reduces alignment by 6.3%, rule-based 

scheduling increases latency by 18%, and late fusion drops 

stability to 48 fps, confirming the necessity of our chosen 

design. 

4.5  Additional experiments and discussion 
Supplementary analyses were conducted to further validate 

the framework. Cross-dataset validation. Training on the 

self-built dataset and testing on ARBench achieved 1.61 s 

latency and 91.7% alignment, close to original results, 

confirming generalization. Reward design. Dense rewards 

enabled faster, more stable convergence than sparse 

settings. Fusion baselines. Transformer fusion (90.5%/2.3 s) 

and late fusion (86.2%/2.9 s) were both outperformed by 

our model (92.4%/1.42 s). Energy–throughput trade-off. 

On mobile SoC, lowering fps from 57 to 44 cut energy ~22% 

with alignment still >90%. Hyperparameter sensitivity. 

Varying λ from 0.1–2.0 caused only minor performance 

fluctuations. These results demonstrate robustness, 

efficiency, and scalability of the proposed approach in 

real-time multimodal AR interaction. 

5  Discussion 

5.1  Performance advantage analysis of 
existing multimodal generation and 
visualization methods 

Compared with SOTA methods such as MulT (ACL 2019) 

and Perceiver (NeurIPS 2021), our framework offers 

similar semantic accuracy with lower latency, highlighting 

efficiency and scalability. Remaining challenges include 

high-concurrency handling and RL training cost, for which 

offline RL and imitation learning are potential solutions. 

The multimodal perception information intelligent 

generation and visualization strategy proposed in this study 

demonstrates significant advantages in three aspects. 

Firstly, in terms of interaction efficiency and response 

mechanism, traditional unimodal methods rely heavily on 

fixed rules and have a rigid task processing rhythm. 

However, our method achieves fast parsing and dynamic 

path adjustment of multimodal inputs through a state driven 

fusion feedback mechanism, reducing the average task 
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completion time to 3.8 seconds, which is significantly 

better than unimodal and heuristic methods. Secondly, in 

terms of semantic consistency and path planning accuracy, 

existing methods often focus on shallow concatenation for 

multi-source input fusion, resulting in significant semantic 

deviations; This research model introduces graph 

convolution and attention mechanism to construct a deep 

fusion structure, achieving a semantic alignment rate of 

92.4%, higher than the 78.6% of traditional methods and 

85.1% of heuristic methods, ensuring the coherence 

between user instructions and rendering results. Thirdly, in 

terms of rendering stability and interaction continuity, this 

method maintains a stable frame rate of 57fps through 

feedback optimization and dynamic correction mechanisms, 

with a frame loss rate of only 2.9% and an interaction 

interruption rate controlled at 3.5%, which is significantly 

better than the level of the compared methods and 

demonstrates stronger robustness. 

The strategy proposed in this article demonstrates 

advantages over existing multimodal generation and 

visualization methods in three key dimensions: interaction 

efficiency, semantic consistency, and rendering stability. It 

can provide efficient and stable technical support for 

real-time perception and visualization interaction in 

complex AR scenes, and provide a new implementation 

path for improving the performance of multimodal 

interaction systems. 

5.2  Strategy adaptability and stability 
verification in complex AR scenarios 

To test the adaptability and stability of the proposed 

multimodal perception information intelligent generation 

and visualization strategy under complex interaction 

conditions, this paper sets four typical disturbance 

scenarios, namely speech burst interference, motion input 

blur, high rendering concurrency, and limited field of view 

reconstruction. 100 rounds of experiments were conducted 

in each scenario to collect three core indicators: interaction 

success rate, average response delay, and system stability 

score. The results are shown in Table 5.

 

Table 5: Performance comparison of multimodal strategies in typical complex scenarios 

 

Scenario Type Interaction Success Rate (%) Average Latency (s) Stability Score (10) 

Sudden Speech Interference 93.1 1.9 9.2 

Blurred Action Input 90.4 2.3 8.9 

High-Concurrency Rendering 91.6 2.1 9.0 

Restricted View Reconstruction 88.7 1.4 8.6 

 

All results are mean ± SD over 10 runs on RTX 3060 GPU 

(32GB RAM, CUDA 11.3, PyTorch 1.10) with dataset split 

70/15/15.Under the condition of sudden speech 

interference, the model uses attention weighting 

mechanism and semantic tracking to quickly correct 

instructions, with a success rate of 93.1%, a delay of only 

1.9 seconds, and a stability score of 9.2, indicating its 

strong semantic compensation and robustness. In the test of 

fuzzy action input, the redundancy check mechanism that 

integrates features effectively reduces recognition errors, 

with a success rate of 90.4%, an average delay of 2.3 

seconds, and a stability score of 8.9. In rendering high 

concurrency scenes, the system adopts dynamic priority 

scheduling and path layering mechanism to alleviate 

computational pressure, with a success rate of 91.6%, a 

delay control of 2.1s, and a score of 9.0, demonstrating its 

excellent parallel processing capability. In the face of 

limited field of view situations, the system is able to 

generate alternative rendering solutions in real time. 

Although the success rate has decreased to 88.7%, the 

latency remains at 1.4s seconds and the stability score is 8.6, 

ensuring the integrity of the interconnection chain. 

Overall, the proposed strategy maintains an interaction 

success rate of over 88% and an average response of less 

than 3 seconds under various complex disturbances, 

verifying its adaptability and stability in high dynamic AR 

scenarios and providing solid support for achieving reliable 

multimodal intelligent interaction. 

5.3  Feasibility assessment of system 
resource overhead and real-time 
presentation 

In AR scenario applications, the engineering value of 

multimodal perception and visualization strategies is not 

only reflected in their interactive effects, but also depends 

on their adaptability to computing resources, 

communication environments, and operating platforms. 

Therefore, this article evaluates the resource cost and 

deployment feasibility of the constructed model to verify  

 

its ability to be implemented in complex interactive tasks. 

The model consists of three parts: edge collection, core 

inference, and visual interaction. The edge module is 

deployed on AR terminals or smart glasses, mainly 

responsible for collecting and initially encoding voice, 

gesture, and visual data. In a scenario with a 50fps input 

rate and concurrent processing of 30 tasks, the CPU usage 

is about 32% and the memory consumption is about 950MB. 

It can run stably on mid-range mobile processors or 

lightweight edge devices without the need for high-end 

hardware support. The core reasoning module relies on 

GPU servers to complete feature fusion, path generation, 

and feedback correction. In 100 rounds of concurrent 

interaction testing, a single round of inference took 2.3 

seconds, with semantic alignment and path calculation 

accounting for nearly 65%. Experiments have shown that a 

moderately configured GPU (such as RTX 3060) can 

support real-time interaction at a scale of 100 tasks, while a 

lightweight version can maintain latency within 3 seconds 
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on embedded platforms, adapting to resource constrained 

mobile scenarios. The visual interaction module achieves 

state synchronization and image presentation through 

WebSocket and AR rendering engine. At 1080p resolution, 

the bandwidth requirement is about 3.8Mbps, and the 

communication delay is less than 180ms, fully meeting the 

response requirements for real-time interaction. If running 

at a higher resolution (2K/4K), the bandwidth overhead 

increases to approximately 6.5Mbps, but still remains 

within an acceptable range. This model maintains a 

computational footprint of less than 35% and a 

communication delay of 200ms under conditions of 

multi-source input and high concurrency, combining 

scalability and economy. Its layered decoupling and 

modular structure not only facilitates cross platform 

porting, but also flexibly adapts to different hardware 

conditions, providing feasible resource guarantees for 

real-time application and promotion in AR 

scenarios.Cross-device tests on a mid-range mobile GPU 

(Adreno 660) and a desktop GPU (RTX 3060) yielded 2.3 s 

/ 44 fps and 1.4 s / 57 fps respectively, demonstrating 

acceptable trade-offs across platforms and resolutions.The 

pipeline has a complexity of O(N·d²) for feature fusion and 

O(E log V) for the improved A* path search. On an RTX 

3060, the average per-frame cost is ~4.2 GFLOPs with 

~950 MB memory. Throughput tests show stable 57 fps for 

≤50 tasks, decreasing to 44 fps at 100 tasks, indicating 

scalability under varying concurrency. 

5.4  The value of research results in 
intelligent interaction and application 
expansion in AR scenarios 

The multimodal perception information intelligent 

generation and visualization strategy proposed in this 

article has demonstrated significant application value in 

AR scenarios, providing reliable support for real-time 

perception and dynamic presentation in complex 

interactive environments. From the perspective of 

operational efficiency, the constructed model is able to 

maintain interaction latency below 1.5s, rendering frame 

rate stable above 55fps, and semantic consistency above 92% 

in the case of high concurrency from multiple sources of 

input. Compared to traditional methods, the interaction 

interruption rate has been reduced by nearly 60%, and the 

user response accuracy has been improved to 93%, fully 

demonstrating the robustness and adaptability of the model 

in high dynamic scenarios. In terms of interaction stability, 

the model can quickly distinguish abnormal signals such as 

speech noise interference and motion input blur, and 

automatically adjust the rendering path through feedback 

correction mechanism to ensure the continuous operation 

of the system. The experimental platform data shows that 

the number of rendering lags has decreased by more than 

40%, and the smoothness of task execution has 

significantly improved. In terms of application scalability, 

this research results present multimodal states, rendering 

results, and feedback logic graphically through a visual 

interface, making the interaction process more transparent 

and facilitating real-time monitoring and strategy 

optimization. This method can seamlessly integrate with 

existing AR engines and interaction platforms, and 

supports various hardware devices such as mobile 

terminals and smart glasses, with good cross platform 

deployment capabilities. The model proposed in this article 

demonstrates advantages in terms of interaction efficiency, 

system stability, and scalability. It not only supports 

immersive experiences in complex AR scenarios, but also 

provides a practical path for the promotion and application 

of intelligent interaction systems, laying a solid foundation 

for the industrialization and application expansion of AR 

technology in the future. 

5.5  Comparison with State-of-the-Art 
(SOTA) Methods 

We further compared our framework with representative 

SOTA models, including MulT (2019), Perceiver (2021), 

and Transformer-based AR design (Lee et al. 2023). MulT 

and Perceiver achieved semantic alignment rates of 90.1% 

and 91.3% with latencies of 2.6 s and 2.1 s, while our 

method reached 92.4% alignment with 1.42 s latency. In 

terms of stability, Lee et al.’s design maintained 49 fps, 

whereas our framework achieved 57 fps with <2% frame 

loss. 

Ablation analysis shows that semantic modeling 

improved alignment by +7.8%, and feedback optimization 

reduced latency by ~20%, explaining the overall gain. 

These results confirm that our approach not only 

outperforms SOTA methods in accuracy, latency, and 

stability, but also ensures scalability on mid-range devices 

for real-time AR interaction. 

6  Conclusion 
This article focuses on the intelligent generation and 

visualization of multimodal perception information in AR 

scenes, proposing a feature modeling method that 

integrates graph convolution and attention mechanism. 

Combining the cross-modal mapping framework of 

variational autoencoder and geometric/temporal 

constraints, and introducing a reinforcement learning 

driven visualization optimization mechanism, a 

closed-loop system of "perception generation presentation 

feedback" is constructed. The experimental results show 

that this strategy outperforms traditional methods in terms 

of interaction efficiency, semantic consistency, and 

rendering stability, with an average delay shortened to 1.4s, 

a rendering frame rate stable above 57fps, and a semantic 

alignment rate exceeding 92%. This validates its robustness 

and practicality in complex dynamic interaction 

environments. The system performs well in resource 

utilization and delay control, and can run stably in 

mid-range devices and multi platform environments, with 

application feasibility. However, there are still 

shortcomings in this study. Firstly, the experimental 

dataset is limited in size and mainly relies on public data 

and small-scale self built datasets. Further validation of the 

model's generalization ability is needed in large-scale and 

multi scenario scenarios; Secondly, the convergence speed 

of reinforcement learning in complex tasks is slow, which 
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may lead to high training costs and hinder large-scale 

real-time deployment. Future research can explore self 

supervised pre training and transfer learning mechanisms 

to enhance cross scenario adaptability; Simultaneously 

combining distributed computing and lightweight model 

compression to further optimize convergence efficiency 

and resource utilization. In addition, the framework of this 

study can be expanded in multi terminal collaboration and 

cross platform applications to enhance its application value 

in fields such as healthcare, industrial collaboration, and 

education. 

Supplementary materials 
A supplemental package is provided, including the source 

code, dataset generation script, trained model checkpoints, 

and a README file, to ensure reproducibility and 

facilitate further research. 

Appendix A: dataset and preprocessing 
steps 

Dataset 

Self-built multimodal dataset: visual, speech, and motion 

data. 

28,000 instances with timestamps for semantic 

alignment. 

460,000 records for rendering/interaction (frame rate, 

latency, frame loss). 

16,000 records for environmental/feedback data to 

evaluate model adaptability. 

Preprocessing 

Time alignment: Linear interpolation and 

synchronization. 

Structural mapping: Map inputs to feature tensors and 

generate labels. 

Denoising: Bandpass filter (300Hz-3kHz) for speech 

noise; blur detection for visual data. 

Standardization: Features standardized to [-1,1]. 

Sliding window: Split dataset and add 15 abnormal 

samples for robustness testing. 

Hardware and Software 

Hardware: NVIDIA RTX3060,32GB memory, Intel i7 

Software: PyTorch1.10, AnyLogic8.7, Kafka2.8.0 

Training Plan 

Epochs: 500 

Optimizer: Adam 

Learning rate: 1e-4 

Data augmentation: Random cropping, rotation 

Early stop: Stop if validation loss doesn’t improve for 

10 rounds. 

Hyperparameters and Benchmarks 

Model: Graph convolutional networks + attention 

mechanisms 

Hyperparameters: 3x3 conv layer, 128 hidden nodes, 

batch size 64 

Benchmark: Compared to single-modal and heuristic 

fusion models. 

Pseudocode 

Here is the pseudocode for the model training process: 

#Initialize model with GCN+Attention mechanism 

model = GCN_Attention_Model() 

# Training loop 

for epoch in range(epochs): 

for batch in data_loader: 

inputs, labels = batch 

outputs = model(inputs)  # Forward pass 

loss=compute_loss(outputs,labels)#Compute loss 

optimizer.zero_grad()  # Clear gradients 

loss.backward()  # Backward pass 

optimizer.step()  # Update weights 

#Early stopping if validation loss doesn't improve 

if validation_loss > threshold: 

break 

Benchmark Method 

Single-modal model: Basic CNN trained on a single 

modality (e.g., visual data). 

Heuristic fusion model: Fuses modalities using fixed 

rules, without dynamic optimization. 

Fair comparison: All models trained with the same 

computational conditions and hyperparameters. 

Labels: Automatic metrics checked by experts. 

Temporal: 30 frames per sequence (0.1 s), aligned with 

speech and action. 

Perturbations: Include SNR shifts, blur, occlusion, and 

lighting change. 

Runs: 100 distinct seeds/scenarios for statistical reliability.  
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Precise color reproduction and efficient pattern generation are the core goals of digital printing on 

clothing. To break through the limitations of traditional processes that rely on manual parameter 

adjustment and sample fabric trial and error, this paper proposes an intelligent printing generation 

framework based on deep learning. This framework integrates CNN color management, deep segmentation 

and loop optimization, GAN-driven 3D virtual rendering and transfer learning material adaptation, and 

can achieve end-to-end pattern generation and computational optimization on multi-material data such as 

cotton fabric, silk and polyester. The system not only captures the spatial detail features of the patterns 

(such as edge sharpness and color gradation), but also maintains color consistency and detail restoration 

among different materials through cross-domain modeling. The experimental results show that on 

multi-material datasets, this scheme achieves ΔE 1.9±0.2across cotton/silk/polyester (mean over 3 runs), 

which corresponds to a 30–45% reduction versus screen printing (ΔE≈4.1) and 15–25% versus a 

commercial inkjet baseline (ΔE≈2.3). It reduces splicing fracture rate to <4%, shortens average processing 

time by ~60% (12 h→4.8–8.5 h depending on batch size), and increases SSIM to 0.93±0.01.All statistics are 

mean±std over three independent runs; significance is assessed with paired t-tests or ANOVA with 

Bonferroni correction at α=0.05. This research not only verified the effectiveness of deep learning in digital 

printing, but also provided an expandable intelligent path for the integration of the clothing design and 

production chain, offering significant support for the transformation of the fashion industry towards 

personalization, greenness and intelligence. 

Povzetek: Članek predstavi modularni sistem (CNN + U-Net + GAN) za barvno natančno, večmaterialno 

digitalno tiskanje tekstila. Z globokim učenjem, cikličnim spajanjem in prenosnim učenjem doseže odlične 

razultate. 

 

1  Introduction 
Unlike traditional processes that rely on manual design and 

experience-based adjustment, digital printing based on 

deep learning can achieve automatic pattern generation, 

style transfer, and multi-material adaptation through 

convolutional neural networks (CNNs), generative 

adversarial networks (GANs), and image-to-image 

conversion frameworks such as Pix2Pix and CycleGAN. It 

enables clothing design to possess unprecedented 

flexibility and precision in terms of color expression, 

texture details and structural restoration. 

In response to the above issues, this paper proposes a 

deep learning-driven intelligent generation and computing 

implementation framework for digital printing patterns on 

clothing, and conducts research from four dimensions: 

Color restoration and management based on CNN, pattern 

segmentation and cyclic optimization based on deep 

segmentation networks, virtual rendering and 3D proofing 

combined with GAN, resolution control and material 

adaptation based on cross-domain transfer learning. 

Through this holistic approach, it is expected to break 

through the problems of lagging feedback in traditional 

craftsmanship, large deviations between design and 

finished products, and frequent manual corrections, 

achieving efficient, automated and intelligent pattern 

generation, and providing strong support for the 

development of the fashion industry towards green and 

personalized directions. 

The remaining structure of this article is arranged as 

follows: The second part reviews the research progress of 

deep learning and digital printing. The third part elaborates 

on the proposed intelligent generation framework and key 

computing mechanisms. The fourth part demonstrates the 

performance of this method in pattern generation and effect 

optimization in combination with experimental data. The 

fifth part discusses and analyzes its industrial application 
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value. The sixth part summarizes the research conclusions 

and looks forward to the future development direction. 

 

2  Related work 
Although digital printing shows broad application 

prospects in clothing design, it still faces complex 

challenges in the intelligent generation of patterns [5]. 

Firstly, the issue of color reproduction has long plagued the 

connection between design and production. There is often a 

difference between the effect on the screen and the actual 

presentation on the fabric, especially during high saturation 

and gradient transitions, when deviations are more likely to 

occur. Secondly, during the process of splicing and circular 

design of large-scale patterns, edge breaks or repetitive 

marks often occur, which weakens the consistency of the 

overall aesthetic [6]. Furthermore, the differences in 

droplet diffusion and penetration performance among 

various fiber materials make it difficult to unify resolution 

control and detail restoration. Therefore, it is urgent to 

explore an intelligent path that can integrate deep learning 

models with multi-dimensional process parameters to 

promote the transformation of digital printing on clothing 

from "numerical control" to "intelligent generation" [7]. 

In the early stage of development, related research 

mostly focused on empirical and statistical methods, such 

as establishing fundamental rules based on color physical 

tests or fiber adsorption experiments [8]. However, these 

methods have insufficient adaptability in complex patterns 

and cross-material environments and can only achieve 

local optimization. With the emergence of computer-aided 

design and virtual simulation tools, pattern layout and loop 

design have gradually entered the digital stage. The 

parametric pattern-making method enables custom clothing 

to have flexible pattern generation and size adaptation 

capabilities, while computational geometry and CAD 

algorithms promote the automatic transformation from 

three-dimensional clothing models to two-dimensional 

cutting pieces, thereby achieving efficient connection 

between pattern design and structural design [9]. 

In recent years, the introduction of deep learning 

technology has become a breakthrough. On the one hand, 

the color prediction model based on convolutional neural 

Network (CNN) and Residual network (ResNet) can learn 

the nonlinear response laws of fiber materials, thereby 

significantly reducing ΔE color difference. On the other 

hand, generative adversarial networks (GANs) and 

image-to-image transformation frameworks (such as 

Pix2Pix and CycleGAN) have been applied to intelligent 

pattern generation and style transfer, achieving color 

enhancement and texture expansion while maintaining the 

original structure. Three-dimensional virtual simulation is 

gradually integrating with deep learning. For instance, it 

can automatically locate pattern regions through image 

segmentation networks and then map them onto 

three-dimensional clothing grids for realistic rendering, 

thereby achieving dynamic visualization effects in the 

design stage [10]. These studies have jointly driven the 

transformation of clothing patterns from "handcrafted 

creation" to "intelligent synthesis", but there are still 

problems such as high computational overhead, 

insufficient cross-material generalization ability, and 

complex realistic rendering.Compared with prior studies 

that focus on single-material color prediction or creative 

synthesis, our framework jointly optimizes color mapping, 

segmentation/loop tiling, and 3D rendering within one 

learning pipeline, and further introduces transfer learning 

for cross-material adaptation. Specifically, beyond 

Pix2Pix-based silk color prediction [17] and generic 

generative design models [18], we explicitly model fabric 

features and seam continuity, reducing ΔE across 

cotton/silk/polyester to 1.9±0.2 and the splicing fracture 

rate (SFR) to 3.8%±0.9%, while increasing SSIM to 

0.93±0.01. Unlike CAD-oriented geometric pipelines for 

3D-to-2D panel conversion [15] and process-level method 

comparisons across printing technologies [10], our system 

provides end-to-end, statistically validated gains on real 

prints under matched RIP and pre-treatment settings. In 

short, our contribution lies in unifying color management, 

structural tiling, and material adaptation—dimensions that 

prior work typically treats in isolation. 

To systematically present the existing research 

achievements, Table 1 summarizes the typical studies in 

digital printing and deep learning-driven intelligent 

generation in recent years, covering the models used, 

application scenarios, main evaluation indicators and their 

limitations.

 

Table 1: A Comparison of typical Studies on digital Printing in pattern Creation 
Author (Year) Method / Technique Application Scenario Key Metrics Limitations 

Gill (2024) [2] 
Digital Parametric Pattern 

Making 

Customized Garment Pattern 

Generation 
Precision, Consistency 

Limited adaptability to complex 

materials 

Pietroni (2022) [15] 
Computational Geometry + 

CAD 

3D-to-2D Garment Panel 

Conversion 
Automation Efficiency Errors with complex surfaces 

Choi (2022) [8] 3D Virtual Fitting System 
Dynamic Try-on & Pattern 

Visualization 
Visual Realism High rendering cost 

Li Y (2023) [16] 
Pigment-based Color 

Modeling 

High-Precision Color Control 

in Printing 
ΔE, Stability 

Limited support for complex 

patterns 

Zhu (2023) [17] 
Pix2Pix Deep Learning 

Framework 
Silk Pattern Color Prediction 

Color Reproduction 

Accuracy 

Requires large-scale training 

samples 

Wu (2024) [18] 
Generative Deep Learning 

Model 
Creative Pattern Design Diversity, Creativity 

High computation and training 

costs 

Glogar (2024) [19] 
Eco-friendly Preprocessing 

+ Printing 
Sustainable Pattern Production Durability, Eco-friendliness Relatively high process cost 

Walker (2024) [10] 
Sublimation, DTG, Screen 

Printing Comparison 

Brand Pattern Quality 

Assessment 
Durability, Color Stability 

High equipment demand, no 

unified standard 
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Based on the above gaps, this paper raises the 

following research questions: 

(1) Can a unified deep learning framework be 

established to jointly optimize color management, pattern 

segmentation, virtual rendering and material adaptation, so 

as to enhance the stability and accuracy of pattern 

generation? 

(2) How can convolutional neural networks (CNNs), 

generative Adversarial networks (GANs), and attention 

mechanisms be utilized to dynamically optimize recurrent 

units and large-scale splicing, avoiding breakage and 

repetitive traces? 

(3) In a multi-material environment, can color and 

detail consistency among different fabrics be achieved 

through transfer learning and cross-domain feature 

mapping? 

The main contributions of this article include: 

A multi-dimensional intelligent generation solution 

framework has been constructed, covering key links such 

as color management based on deep learning, pattern 

segmentation and layout optimization, virtual rendering 

and 3D proofing, resolution control and material matching, 

providing systematic support for digital printing on 

clothing. 

An optimization mechanism combining deep 

segmentation networks and geometric concatenation is 

proposed, and a visual continuity loss function is 

introduced to effectively enhance the integrity and 

naturalness of large-area designs. 

Integrating generative adversarial networks and fabric 

physical modeling in the virtual rendering process 

enhances the mapping efficiency between the design end 

and the finished product end, enabling designers to quickly 

identify potential problems in the early stage of creation. 

The linkage adjustment mechanism between resolution 

control and material adaptation was verified through 

cross-material dataset experiments. The results show that 

among the three types of materials, namely cotton, silk and 

polyester, the average color difference ΔE is reduced to 

below 2.0, significantly improving the detail representation 

and color reproduction. 

The performance of the proposed deep learning 

framework in terms of accuracy, efficiency and 

cross-material adaptability was systematically evaluated. 

The results showed that it outperformed traditional 

solutions and existing commercial systems in both 

objective indicators and subjective aesthetic feedback. 

3  Suggested solutions 
In the intelligent generation framework proposed in this 

paper, the combination path of "color management and 

restoration based on CNN - pattern segmentation and loop 

optimization based on deep segmentation network - virtual 

rendering and 3D proofing combined with GAN - 

resolution control and material adaptation based on transfer 

learning" is chosen, considering their complementary 

advantages in dealing with the challenges of generating 

complex clothing patterns.For reproducibility, we provide 

complete model specifications, loss compositions, training 

schedules, and hardware details for each module, including 

layer-by-layer architectures, hyperparameters, and random 

seeds. 

In the color management and restoration module, the 

introduction of convolutional neural network (CNN) and 

residual learning mechanism can achieve nonlinear color 

mapping under cross-device and cross-material conditions, 

significantly reducing the ΔE color difference between the 

design end and the finished product end. Compared with 

the traditional scheme that only relies on ICC curves, this 

method can capture material features through end-to-end 

training and quickly complete color correction in the 

reasoning stage, ensuring the color consistency of different 

fabrics. 

In the pattern segmentation and cyclic optimization 

stage, traditional geometric algorithms have difficulty 

handling the boundary continuity problem of large-format 

patterns. In this paper, deep segmentation networks (such 

as U-Net and DeepLabV3+) are adopted to extract the 

boundaries of recurrent units, and combined with the 

attention mechanism to achieve high-precision splicing of 

key regions. By minimizing perceptual loss and gradient 

continuity constraints, the network can automatically 

optimize the cyclic layout of large-area patterns, thereby 

reducing breaks and repetitive traces. 

In the virtual rendering and 3D proofing stages, this 

paper introduces a method that combines generative 

adversarial networks (GAN) with physically-driven fabric 

modeling. GAN is responsible for enhancing texture details 

and lighting effects during the 3D mesh mapping process, 

while fabric simulation based on the mass-spring model 

ensures the physical authenticity of wrinkles, stretches and 

drape. This method not only enhances the visual fidelity of 

the patterns but also provides designers with a real-time 

interactive virtual sample-making platform, significantly 

shortening the creation-production chain. 

In terms of resolution control and material adaptation, 

this paper adopts transfer learning and cross-domain 

feature mapping techniques to establish a unified 

high-resolution generative model for multiple materials. 

By sharing convolutional features between the source 

domain (such as the cotton fabric dataset) and the target 

domain (such as the silk and polyester datasets), the model 

can automatically adjust the jetting parameters and detail 

representation while maintaining the clarity of the pattern, 

achieving consistent output across materials. This 

mechanism effectively resolves the issue of inconsistent 

resolution caused by the differences in ink droplet diffusion 

and adsorption among various fiber materials. 

Compared with the schemes that solely rely on color 

calibration or only use 3D proofing, the overall framework 

proposed in this paper can solve the pain points of multiple 

links in parallel with the support of deep learning, avoiding 

the limitations of "local optimization". Through the 

collaboration and information sharing among modules, the 

system not only enhances the accuracy and robustness of 

pattern generation, but also possesses the capabilities of 

cross-platform expansion and rapid iteration. 

Figure 1 shows the overall architecture of the proposed 

intelligent generation of digital printing on clothing based 

on deep learning. This architecture processes the input 

design patterns in sequence through four core modules: 
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Firstly, color management and restoration based on CNN to 

achieve consistency across materials; Then comes the deep 

segmentation and loop optimization module, ensuring the 

continuity of large-format patterns; Next comes the 

combination of GAN's virtual rendering and 3D proofing, 

providing visual preview and interactive feedback; The last 

one is the transfer learning-driven resolution and material 

adaptation module, which ensures that the output maintains 

high fidelity and detail integrity on different fabrics.

 
Figure 1: Framework of the solution for digital printing in the creation of clothing patterns 

3.1  Color management and restoration 
technology based on deep learning 

In the intelligent pattern generation process of digital 

printing, the precise management and restoration of colors 

are the key links to ensure that the design intention is 

consistent with the final product effect. Due to the 

significant differences between the screen end and the 

fabric end in terms of display medium, optical properties, 

and material adsorption, cross-device mapping relying 

solely on ICC Profile often fails to meet the requirements. 

Therefore, this paper introduces a deep learning-driven 

color prediction model. We use a 12-layer CNN 

(Conv-BN-ReLU blocks) with a residual backbone: 

Conv(3×3,64)→Conv(3×3,64)→MaxPool→Conv(3×3,12

8)→Conv(3×3,128)→MaxPool→ResBlock(128)×2→Con

v(3×3,256)→GlobalAvgPool→FC(256→64)→FC(64→4 

for CMYK). Material features S (surface roughness, 

absorption rate, whiteness) are injected via FiLM 

conditioning at the 3rd and 5th convolutional blocks. 

Firstly, the traditional method establishes a 

standardized ICC file, and maps the RGB source space to 

the CMYK or extended color space through the color 

conversion matrix M: 

34 ,M∈ MC=MC inout     （1） 

Among them, inC  is the RGB vector at the input end, 

outC is the CMYK vector at the print end, and the matrix M 

is obtained from the device characteristic curve and 

experimental calibration. 

However, traditional linear mapping is difficult to 

characterize the nonlinear response under complex 

materials. This paper adopts a convolutional neural 

network (CNN) to construct a nonlinear color prediction 

model: 

,S)(C=fC inθout
ˆ        （2） 

Among them, θf  represents the CNN model, and the 

parameter θ is obtained through training. The input 

includes the pixel value inC  at the design end and the  

 

material feature S (such as surface roughness, ink 

absorption rate), and the output is the optimized CMYK 

color vector. 

During the optimization process, the CIE 1976 ΔE*ab 

color difference is taken as the loss function: 

222

76Δ )-b+(b)-a+(a)-L(L=E TTT


 （3） 

Here, 
 b、a、L denote the luminance, red–green 

axis and yellow–blue axis coordinates of the predicted 

output, while 


TTT b、a、L represent the corresponding 

reference values of the target design.To further enhance the 

generalization ability across materials, this paper 

introduces a transfer learning strategy in training: first, a 

benchmark model is trained on cotton fabric samples, and 

then fine-tuned with a small amount of silk and polyester 

data, thereby achieving consistent prediction across 

materials. Experiments show that this method can keep ΔE 

below 2.0 and improve the color reproduction accuracy by 

approximately 30% compared with the traditional ICC + 

LUT correction. Before each session a one-point and 

multi-point spectral calibration is executed; drift is 

monitored by re-measuring a three-level gray ramp at the 

start and end of the run and remained within ΔEab
∗ <0.3. 

In practical implementation, the color management 

system in this paper consists of three steps: ①Using a 

spectrophotometer to collect training samples and construct 

material feature vectors; ②Nonlinear color mapping and 

prediction output are completed through the CNN model; 

③In the production process, closed-loop feedback is 

introduced to feed back the measured ΔE index to the 

model for parameter update, thereby achieving continuous 

optimization.Unless stated otherwise, color difference is 

computed as CIE 1976 ΔEab
∗ from five repeated 

measurements per patch (rotated by 90°between readings) 

and then averaged; instrument repeatability is verified daily 

with a white ceramic standard.Training details: Adam 

optimizer (β1=0.9, β2=0.999), initial LR=1e−3 with cosine 

decay to 1e−5, batch size=16, epochs=120, early stopping 
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patience=15, weight decay=1e−4, random seed=2024. Data 

augmentation: random rotation ±15°, scale 0.9–1.1, 

horizontal/vertical flip p=0.5, color jitter 

(brightness/contrast/saturation ±10%). Transfer learning: 

pretrain on cotton, then fine-tune last 4 layers + FiLM 

parameters using 20 silk and 20 polyester samples per 

epoch (freeze lower layers). 

3.2  Pattern segmentation, layout and loop 
unit optimization techniques 

In the digital printing process of clothing patterns, 

segmentation and layout are the key links to efficiently 

transform design patterns into producible units. Traditional 

printing often relies on manual splicing or repetitive units, 

which can easily lead to uneven edges, broken splicing or 

overly obvious repetitive marks. To this end, it is necessary 

to introduce digital segmentation and cyclic optimization 

mechanisms to achieve the continuity and integrity of 

patterns on large areas of fabric. 

Firstly, pattern segmentation is usually based on 

geometric matrix partitioning and edge detection 

techniques. Let the original pattern be a two-dimensional 

pixel matrix I(x,y), and it is divided into several basic 

regions through the boundary extraction function B(x,y) :  

background

pattern

∈ Ω,if I(x,y)

∈ Ω,if I(x,y)
B(x,y)=

0

1
{  （4） 

Among them, patternΩ  represents the pattern area and 

backgroundΩ  represents the background area. Different 

from traditional edge detection, we adopt U-Net (encoder: 

ResNet34; decoder: bilinear upsampling + skip 

connections) with attention gates (channel + spatial SE 

blocks) to focus on high-frequency edges and extract 

repeat-unit boundaries. Input size is 1024×1024; loss is 

Dice+Focal (α=0.25, γ=2.0). 

During the layout stage, it is necessary to perform 

translation and rotation operations on the segmented units 

to ensure that the repeated units are seamlessly connected 

on the two-dimensional plane. Common splicing methods 

include right-angle translation, mirror splicing and 

hexagonal tiling. Its mathematical expression can be 

achieved through the translation matrix: 

















100

10

01

n

m

T=       （5） 

Among them, m and n respectively represent the lateral 

and vertical translation distances. By constraining the 

gradient continuity of color and texture at the loop 

boundary, the visual discomfort caused by splicing 

breakage can be effectively reduced. Introducing an energy 

minimization model is an effective approach in the 

optimization of cyclic units. The pixel differences at the 

unit edges are constrained by constructing the boundary 

energy function E: 

2

1

∥))∥ +n+m,y-I(x,yI(xE ii

N

i

ii
=

  （6） 

Here, ),y(x ii  represents the coordinates of the 

boundary pixels. The process of minimizing E is actually to 

find the best cyclic unit so that the spliced area is highly 

consistent in color and texture. Meanwhile, in modern 

digital systems, this paper combines Poisson Blending and 

Deep Generative Network (GAN) for transition processing 

to further improve the naturalness after splicing. We 

formally define the splicing fracture rate (SFR) as the 

percentage of seam pixels whose gradient-magnitude 

mismatch across the seam exceeds a tolerance τ: 

100%×τ)>∥(p)T-(p)T∥(I
∣Γ∣

1
=SFR 2RLΓ∈p

 （7） 

where denotes all pixels along the seam, TL,TRare the 

left/right tiles, and we set τ=0.08\tau=0.08τ=0.08 after 

calibration against human perceptual thresholds. For clarity 

and reproducibility, the cyclic unit search and optimization 

process is summarized in the following pseudocode: 

Algorithm 1: Simulated Annealing for Cyclic Unit 

Optimization 

Inputs: 

  T0           # initial cyclic tile from U-Net 

segmentation 

  I            # input pattern image 

  α, β, γ      # energy weights (see Eq. (6)) 

  τ0, ρ        # initial temperature and cooling rate 

  K            # max iterations 

  δt, δr       # proposal step sizes (translation in px, 

rotation in degrees) 

Output: 

  T*           # optimized cyclic tile 

Definitions: 

  Energy(T):   # boundary energy (refer to Eq. (6)) 

      return α * L1(boundary(T)) 

           + β * L1(∇T_left − ∇T_right) 

           + γ * (1 − SSIM(T)) 

  ProposeNeighbor(T; δt, δr): 

      dx, dy  ← Uniform(−δt, +δt) 

      θ       ← Uniform(−δr, +δr) 

      return ApplyTransform(T, translate=(dx,dy), 

rotate=θ, wrap_around=True) 

Procedure: 

  T      ← T0 

  τ      ← τ0 

  E      ← Energy(T) 

  T_best ← T 

  E_best ← E 

  for k = 1 to K do 

      T′ ← ProposeNeighbor(T; δt, δr) 

      E′ ← Energy(T′) 

      # Metropolis acceptance 

      if (E′ ≤ E) or (rand(0,1) < exp(−(E′ − E)/τ)) then 

          T ← T′ 

          E ← E′ 

      end if 

      if E < E_best then 

          T_best ← T 

          E_best ← E 
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      end if 

      τ ← ρ · τ 

  end for 

  # Seam refinement 

  T* ← PoissonBlendSeams(T_best) 

  return T* 

Default hyperparameters in our experiments are: 

α=0.6,β=0.3,γ=0.1,τ0=1.0,ρ=0.995,K=2000, δt =1-3px,δr=

1∘.We use wrap-around boundary handling to preserve 

tiling continuity 

For irregular patterns, a constraint perturbation 

algorithm based on simulated annealing is also introduced 

to explore the optimal solutions for the shape of the cyclic 

unit and the layout method, thereby ensuring aesthetic 

effects while taking into account production efficiency. 

In summary, by combining deep segmentation, feature 

alignment and energy constraints, the segmentation and 

loop optimization mechanism proposed in this paper can 

maintain the coherence and naturalness of patterns on 

large-format fabrics, effectively solving the problems of 

breakage and distortion in traditional manual splicing 

methods, and providing high-quality input for subsequent 

virtual rendering and 3D proofing. 

3.3  Virtual rendering and 3D proofing 
technology 

Virtual rendering and 3D proofing are key technical links 

in digital printing in clothing design. Through computer 

graphics and fabric modeling, it maps two-dimensional 

patterns onto 3D clothing models, achieving dynamic 

previewing from design to finished clothing. This process 

not only enables the early inspection of color, texture and 

layout effects, but also significantly reduces the number of 

times sample fabric is made and material waste. 

In the virtual rendering stage, the core task is to 

accurately map the pattern texture onto the surface of the 

3D mesh model. Let the three-dimensional model of the 

clothing be composed of the vertex coordinate set (X,Y,Z) 

and the texture coordinate set (u,v), and the mapping 

relationship can be defined by the texture function T(u,v) :  

(u,v)C(X,Y,Z)=T      （8） 

Among them, C(X,Y,Z) represents the surface color 

values after mapping, and (u,v) are the corresponding 

two-dimensional texture coordinates. By maintaining a 

one-to-one correspondence between texture coordinates 

and three-dimensional grids, the continuity and accuracy of 

the pattern distribution on the clothing surface can be 

guaranteed. 

To enhance the sense of reality, the rendering process 

needs to take into account the optical and physical 

properties of the fabric. The common lighting model is the 

Phong model, and its surface reflection intensity I can be 

expressed as: 

n
ssddaa VRk+INLk+IkI=I )()(  （9） 

Among them, sda ,I,II  represents ambient light, 

diffuse reflection light and highlight component 

respectively, L, n,R and V represent the direction of 

illumination, normal vector, reflection direction and 

observation direction respectively, sda ,k,kk  is the 

material coefficient, and n is the highlight index. By 

parameterizing the material properties, the luster and 

softness of different fibers such as cotton, silk and 

polyester can be simulated in a virtual environment.We 

enhance appearance with a conditional GAN: generator 

U-Net(64→512) with SPADE normalization conditioned 

on material S; discriminator PatchGAN(70×70). GAN 

loss: LGAN + λL1 ∥ R̂ − R ∥1+ λpercLVGG with 

λL1 =50,λperc =1\lambda_{L1}=50, \lambda_{perc}=1λL1

=50,λperc=1. Training uses paired (render, photo) samples 

captured under D65 lightbox. Inference latency on RTX 

3090 is 14 ms/frame at 1024×1024; end-to-end virtual 

proofing pipeline runs at 18–22 fps. 

During the 3D virtual proofing stage, in addition to 

visual rendering, it is also necessary to simulate the 

wrinkling, stretching and sagging effects of the fabric 

under dynamic conditions. The commonly used physical 

model of fabric is an approximate modeling method based 

on the mass-spring system. Suppose the fabric is composed 

of nodes and springs, and the movement of each node is 

described by Newton's second law: 

externaldampingelastic +F+F=F
dt

xd
m

2

2

  

（10） 

Among them, m represents the mass of the node, 

elasticF  is the elastic restoring force, dampingF  is the 

damping force, and externalF  includes both gravity and 

external collision force. Through iterative solution, the 

deformation trajectory of the fabric in three-dimensional 

space can be obtained. 

In practical implementation, this paper integrates CNN 

texture prediction, GAN rendering enhancement and 

neurophysical modeling into CAD/3D clothing design 

software (such as CLO, Browzwear). Designers can 

preview the pattern effects under different materials and 

patterns in real time during the modeling stage and quickly 

complete design iterations through interactive corrections. 

The experimental results show that this method is 

significantly superior to the traditional virtual rendering 

scheme in both subjective evaluation and objective 

indicators (structural similarity SSIM, texture sharpness 

index), and can provide high-fidelity three-dimensional 

sample support for intelligent clothing printing.Integration 

details: textures are exported as glTF with PBR parameters; 

API bridge uses Python (PySide2) to push updated maps to 

CLO every 200 ms; mesh UVs are fixed; drape is simulated 

with mass–spring (ks_ss=25 N/m, kb_bb=0.8 N·m, 

damping 0.05), time step 1/240 s, collision via BVH. 

3.4  Resolution control and material 
compatibility parameter adjustment 

To ensure the clarity and color stability of digital printing 

patterns on different fiber materials, this paper, based on 

the traditional process parameter adjustment, combines the 

output optimization mechanism of the deep learning model 

to establish a joint adjustment process for resolution and 

material adaptation. 
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In terms of resolution, the three intervals of 300-600 

dpi, 600-1200 dpi and 1200-2400 dpi were still selected for 

comparison. The results show that there is a certain loss of 

pattern details under the condition of 300-600 dpi, 

especially in the gradient transition area, blurring is prone 

to occur. The 600-1200 dpi group can better balance clarity 

and print speed, and it is the best range for most scenarios. 

Under the condition of 1200-2400 dpi, the line integrity and 

edge sharpness are significantly improved, but on some 

materials, it is manifested as ink accumulation, which 

needs to be corrected in combination with pretreatment. 

Deep learning models, through automatic learning of 

sample features, can perform intelligent compensation at 

different resolutions, ensuring that the output effect is 

closer to the design end. During printing we map dpi to 

droplet size by LUT: {600 dpi→6 pl, 900 dpi→6 pl, 1200 

dpi→2 pl} and frequency {15 kHz default}. Nozzle health 

is checked via a nozzle-check pattern before each print; any 

missing or deviating nozzles trigger an automatic purge and 

re-check to ensure uniform drop formation. Adaptive 

controller selects (dpi, pl, freq) via a small MLP that takes 

S and local frequency content as inputs (hidden 64, ReLU), 

trained with REINFORCE on ΔE and edge sharpness 

rewards. 

In terms of ink droplet volume and jet frequency, the 

experiment set up three Settings of 2pl, 6pl, and 12pl, along 

with three frequency combinations of 10kHz, 15kHz, and 

20kHz. The results show that small ink droplets (2pl) are 

suitable for handling high-precision lines and details, 6pl 

strikes a balance between color coverage and clarity, while 

12pl is more conducive to large-area color representation 

but is prone to causing diffusion. The increase in the spray 

frequency significantly improves the adhesion effect of 

polyester fabrics. The performance is most stable at 15kHz, 

while although the speed increases at 20kHz, some 

materials lose details. Training the edge features of printed 

samples through deep learning models can further reduce 

the loss of clarity caused by excessively high jetting 

frequencies. 

In the material matching stage, three typical fabrics, 

namely cotton, silk and polyester, were selected for testing. 

The experiments on contact Angle and surface roughness 

show that in a high ink absorption environment, cotton 

cloth needs to reduce the ink droplet volume and increase 

the pretreatment concentration to avoid edge blurring. Silk, 

on the other hand, relies more on temperature and 

pretreatment processes to ensure its luster and saturation. 

Polyester performs the worst when untreated, but the 

pattern performance can be significantly improved by 

increasing the spray frequency and moderately increasing 

the ink droplet volume. Combining cross-material feature 

modeling with deep learning, the system can automatically 

adjust the output parameters among three types of fabrics, 

stably controlling the ΔE value within the range of 2.0 to 

2.2, reducing the deviation by approximately 30% 

compared to manual adjustment. For each fabric, three 

replicate prints per condition are produced on independent 

days; reported metrics are across-day means to account for 

day-to-day variability. 

 

4  Empirical results and effect analysis 

4.1  Research data and sample construction 
The data and samples used in this study cover three 

dimensions: pattern files at the design end, physical sample 

fabrics at the fabric end, and virtual rendering generation 

data. Furthermore, a comprehensive dataset suitable for 

deep learning training and validation was constructed. 

In terms of design-end data, the pattern files mainly 

come from high-resolution patterns exported by 

professional clothing design software, with color modes 

covering both sRGB and AdobeRGB standards, to ensure 

that the model can learn the color mapping rules under 

different color gamut conditions during the training process. 

To facilitate model generalization, the pattern types are 

classified into three categories: monochrome regular 

patterns, multi-color gradient patterns, and complex 

irregular patterns. Fifty samples were collected for each 

category, forming a total of 150 pattern samples. These 

samples not only include geometrically symmetrical 

structures but also cover high-frequency textures and 

irregular boundaries. 

In terms of fabric samples, three typical materials, 

namely cotton, silk and polyester, were selected. Among 

them, cotton fabric includes both high-count and ordinary 

count types, silk covers satin and crepe types, and polyester 

includes both coated and untreated fabrics. All fabrics were 

cut into standard sample fabrics of 20×20 cm, and the 

surface roughness, moisture absorption and whiteness 

index were measured by textile testing methods. These 

physical parameters not only provide a basis for material 

adaptation experiments but also serve as one of the model 

inputs features for training neural networks for 

cross-material color prediction and resolution adaptation. 

Cotton (plain weave, 150±5g/m2), silk (satin, 95±4g/m2), 

and polyester (tricot, 130±5g/m2) were sourced from the 

same lots; surface roughness Ra was measured on 5 

positions per swatch and averaged. 

In terms of virtual rendering data, this paper constructs 

three-dimensional samples based on the CLO and 

Browzwear platforms, mapping the design-end patterns to 

three typical clothing patterns: T-shirts, dresses, and coats, 

generating 120 sets of virtual samples. To link virtual and 

physical outcomes, every virtual sample has a 

corresponding 20×20 cm printed counterpart using 

identical pattern tiles and color profiles. These data are 

used to evaluate the reliability of the deep learning 

rendering enhancement model in the 3D proofing process. 

Virtual samples have high controllability, can provide 

diverse training data across styles, and at the same time 

avoid the costs required for large-scale physical sampling. 

It should be pointed out that this dataset still has 

certain limitations: Firstly, the design-end samples mainly 

come from software output, lacking multi-source pattern 

inputs such as hand-drawn and scanned ones, which may 

limit the model's performance in real creative scenarios; 

Secondly, the types of fabrics are mainly concentrated on 

common fibers and have not yet covered wool, linen and 

blended fabrics, which imposes certain constraints on the 

breadth of material compatibility. Thirdly, virtual 
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rendering samples rely on the accuracy of existing physical 

modeling and still have difficulty fully reproducing the 

optical and mechanical properties in real wearing. The 

above-mentioned limitations have to some extent affected 

the generalizability of the experimental results and also 

pointed out the direction for future dataset expansion and 

model optimization. Train/val/test split is 70/15/15 per 

pattern type and per material (cotton 30/7/8, silk 30/7/8, 

polyester 30/7/8). Random seeds: {2024, 2025, 2026} for 

three independent runs; All physical measurements were 

conducted in a controlled laboratory at 23±2℃ and relative 

humidity 50%±5%after a 24 h pre-conditioning of printed 

swatches. we report mean±std over runs. Unless otherwise 

stated, all quantitative results are reported as 

mean±standard deviation over three independent runs 

(seeds {2024, 2025, 2026}). For pairwise comparisons we 

use two-sided paired t-tests; for multiple comparisons 

across methods, we use one-way ANOVA with Bonferroni 

correction. Statistical significance is claimed at α=0.05. 

4.2  Pattern processing and digital 
preprocessing methods 

To ensure the stability and comparability of different 

pattern samples in the digital printing experiment, this 

study designed a multi-level preprocessing and data 

construction process, and optimized it in combination with 

the input requirements of the deep learning model during 

this process. 

In terms of design-end processing, the format and 

resolution of all pattern files are unified first. The original 

data contains both vector graphics and bitmaps, and there 

are significant differences between the two in terms of 

accuracy and storage structure. To eliminate this difference, 

vector graphics are uniformly exported in high-resolution 

TIFF format, while bitmap samples are enhanced to the 

target resolution through interpolation algorithms and 

standardized to two levels: 600 dpi and 1200 dpi. All 

exported images use 16-bit per channel precision and are 

saved with embedded AdobeRGB (1998) ICC profiles to 

avoid gamut clipping during RIP processing. This step 

effectively eliminates the differences in file sources and 

ensures the feature extraction capability of the deep 

learning model under a unified standard. 

In terms of color space processing, the original 

samples have the problem of mixed use of sRGB and 

AdobeRGB. If they are directly input into the model or 

printed, it will lead to inconsistent color gamut mapping. 

To this end, all patterns are uniformly converted to 

AdobeRGB, and a mapping table is established based on 

the standard color card to enhance consistency across 

devices and materials. Printer targets comprise a 

1,728-patch chart uniformly sampling AdobeRGB; patch 

spectral reflectance is recorded at 10° standard observer 

under D65 with specular component excluded, and device 

profiles are generated with tetrahedral interpolation. 

Meanwhile, for patterns with transparent channels and 

gradient effects, multi-channel color separation and edge 

smoothing processing are adopted to ensure their 

continuity in cyclic splicing and large-scale spreading. This 

step is also of great significance for the subsequent 

convolutional feature extraction of CNN, as edge 

smoothing can reduce the overfitting of the convolutional 

layer to abnormal gradients. 

In terms of data integrity restoration, interpolation and 

smoothing filtering are adopted for missing or abnormal 

pixel points to maintain overall continuity and visualization 

effects. For extreme values of brightness or saturation, the 

percentile truncation method is adopted to keep the values 

within the 99th percentile, avoiding excessive interference 

from abnormal samples on the training of the deep model. 

In terms of the pretreatment of sample fabrics at the 

fabric end, all samples undergo desizing, cleaning and 

standardized sizing treatment before printing to reduce the 

influence of surface impurities and uneven structure on ink 

droplet diffusion. 

In terms of dataset division, pattern samples are 

divided into training sets, validation sets and test sets in a 

ratio of 70%: 15%: 15%, and fabric samples are also 

divided in the same way to ensure that all three types of 

materials (cotton, silk and polyester) are covered. Virtual 

rendering data is divided in chronological order. The 

early-stage data is used for adjusting model parameters, 

while the late-stage data serves as samples for effect 

verification. To enhance the generalization ability of deep 

learning models, data augmentation operations, including 

random rotation, scaling, mirroring, and color perturbation, 

are also added to the training set, thereby expanding sample 

diversity and strengthening model robustness.Hardware 

and runtime: training on 1×RTX 3090 (24 GB), AMD 

5950X, 64 GB RAM.Printing is executed on a 1200 dpi 

piezoelectric drop-on-demand engine using water-based 

CMYK pigment inks; curing is performed at 150℃for 4 

min with forced air followed by 24 h stabilization prior to 

measurement. CNN color model: ~2.3 hours/120 epochs; 

U-Net segmentation: ~3.1 hours/150 epochs; cGAN: ~4.5 

hours/100 epochs. Peak GPU memory: 7.8 GB 

(segmentation), 9.4 GB (cGAN); end-to-end inference per 

pattern: 2.6 s (without virtual drape) / 5.8 s (with drape).  

4.3  Design effect evaluation and aesthetic 
feedback 

In the experimental phase, this paper systematically 

evaluated 150 design patterns, 90 fabric samples and 120 

groups of virtual rendering samples respectively. The 

evaluation system consists of two parts: objective 

quantitative indicators and subjective aesthetic feedback. It 

is used not only to verify the performance optimization 

effect of deep learning models but also to examine their 

perceived quality in practical design applications. 

In terms of objective assessment, this paper selects 

three core indicators: color difference (ΔE), structural 

similarity index (SSIM), and edge sharpness index (ES). 

Among them, ΔE, as the main criterion for color 

consistency evaluation, has a threshold set at 2. The 

experimental results show that under the conditions of 600 

dpi resolution and adaptability pretreatment, the average 

ΔE of cotton fabric samples is 1.78, that of silk is 1.95, and 

that of polyester is 2.21, indicating that cotton fabric 

performs the most stable in color reproduction. These 

values are reported as mean±std over three runs: cotton 

1.78±0.11, silk 1.95±0.13, polyester 2.21±0.15. Compared 
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with the ICC+LUT baseline, the proposed method shows 

significantly lower ΔE for all three materials (paired t-test, 

cotton p=0.00, silk p=0.007, polyester p=0.004; 

Bonferroni-corrected). The SSIM results show that the 

average value of monochrome regular patterns reaches 0.94, 

while that of complex gradient patterns remains around 

0.87, indicating that deep learning models still have certain 

detail loss in complex texture mapping. Specifically, SSIM 

for monochrome regular patterns is 0.94±0.02and for 

complex gradient patterns 0.87±0.03(n=3 runs). Both are 

significantly higher than the ICC+LUT baseline (paired 

t-test, p<0.01). The edge sharpness index test results show 

that the edge transition under high-resolution conditions is 

significantly better than that of the low-resolution group, 

especially on polyester substrates, the difference is more 

prominent.Edge sharpness is computed on 10 pre-defined 

ROI windows per swatch using the gradient-based 

modulation transfer function (MTF50) pipeline; the ROI 

template is identical across methods and materials.At 1200 

dpi the edge sharpness index improves from 

0.78±0.04(baseline) to 0.91±0.03(ours) on polyester 

(paired t-test, p=0.002). 

For subjective assessment, a total of 15 professional 

designers and 30 target consumers were invited to 

participate in the questionnaire survey. Printed samples 

were presented in a D65 light booth at 1000±50lx with 

neutral gray surroundings; the viewing distance was fixed 

at 50 cm, and sample order was randomized per participant. 

Participants rated samples on a 5-point Likert scale for 

color fidelity, texture integrity, and overall aesthetics. 

Designers’ average professional experience was 

6.1±2.8years. All participants provided informed consent; 

the study followed institutional guidelines for anonymous 

data collection. Designers mainly focus on color fidelity, 

texture integrity and cross-material compatibility, while 

consumers pay more attention to overall aesthetics and 

wearing experience. The feedback results show that in the 

samples with ΔE < 2, the average satisfaction of designers 

has increased by 18%. This increase corresponds to 

4.10±0.36vs. 3.47±0.41 (ours vs. ICC+LUT), which is 

statistically significant (paired t-test, p=0.009). Among the 

samples with SSIM > 0.9, consumers generally rated the 

naturalness of the patterns 0.7 points higher (out of 5). 

Consumer naturalness ratings were 

4.22±0.31(ours)vs.3.52±0.38(ICC+LUT), p=0.006after 

Bonferroni correction. It is worth noting that the aesthetic 

feedback results of virtual rendering are highly consistent 

with the actual sample fabric, which indicates that the 3D 

proofing system enhanced by deep learning can effectively 

predict user acceptance during the design stage. 

Overall, there is a significant positive correlation 

between objective indicators and subjective aesthetic 

feedback. Under the conditions of high-resolution output 

and optimized material parameters, color consistency, 

pattern continuity and user satisfaction have all been 

significantly improved. This not only demonstrates the 

optimization effect of deep learning models at the 

numerical level, but also verifies their application value in 

the context of fashion design. 

4.4  Ablation experiment and analysis of key 
factors 

To further verify the independent contribution and synergy 

of each key module in the proposed digital printing solution 

to the overall performance, this study designed a systematic 

ablation experiment and evaluated its effectiveness in 

combination with comparative experiments. 

In the ablation experiment section, stripping tests were 

conducted on the four core modules respectively: ①The 

basic model, with only the resolution control process 

retained; ②Remove the color management module; 

③Remove the loop optimization module; ④Remove the 

virtual proofing module; ⑤Remove the material 

adaptation module; ⑥A complete solution, including all 

modules.In addition to ablations, we include an ICC+LUT 

baseline that performs device characterization via standard 

ICC profiles and a 3D lookup-table for RGB→CMYK 

mapping. The LUT is trained on printed color charts (1,728 

patches) with least-squares fitting and tetrahedral 

interpolation; no learning-based segmentation or rendering 

is used. 

The experimental results show that the average color 

difference (ΔE) of the basic model on the cotton fabric 

sample is 3.24, and the pattern continuity score is 3.1 (out 

of 5 points). The ICC+LUT baseline yields ΔE 

2.45±0.14(cotton), 2.62±0.16(silk), and 

2.88±0.18(polyester), while our complete model achieves 

1.82±0.12, 1.98±0.13, and 2.05±0.15, respectively; all 

pairwise differences are significant at p<0.01. After adding 

the color management module, ΔE significantly dropped to 

1.82, and consumer satisfaction increased by 17%. When 

the loop optimization module was introduced, the pattern 

splicing fracture rate decreased from 12% to 4%, and the 

average edge sharpness index increased by 0.13. The 

addition of the virtual proofing module has reduced the 

number of revisions required by designers in the pattern 

prediction stage by approximately 21%. The effect of the 

material adaptation module is reflected in the 

cross-material consistency. The ΔE values of the silk and 

polyester samples decreased from 2.95 and 3.12 to 1.98 and 

2.05 respectively. The average ΔE of the complete solution 

on the three materials is controlled below 2.0, the edge 

sharpness index reaches 0.91, and the SSIM value is 0.93, 

demonstrating the best performance. Figure 2 shows the ΔE 

comparison results after the stripping of different modules. 

It can be seen that color management and material 

matching contribute the most to the color fidelity of the 

final product.
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Figure 2: Shows the comparison of average color differences of samples after stripping different modules  

 

Further comparative experiments compare the 

complete scheme proposed in this paper with three types of 

methods: ①Traditional screen printing; ②Single digital 

process (only resolution and color correction); ③Existing 

commercial digital printing systems. Durability was 

assessed on cotton and polyester by laundering 5×5using 

ISO 105-C06 (A2S) and by dry/wet rub fastness (ISO 

105-X12); ΔEab
∗ was re-measured post-test and the relative 

color change ΔEwash is reported. The results show that 

traditional screen printing performs poorly in color 

reproduction, with an average ΔE exceeding 4.0 and a 

splicing fracture rate higher than 15%. Here SFR is 

computed according to our definition in Section 3.2. Across 

150 patterns, the proposed method reduces SFR to 

3.8%±0.9%vs. ICC+LUT 9.6%±1.7%and commercial 

inkjet 6.8%±1.4% (ANOVA p<0.001, Bonferroni post-hoc 

all p<0.01). The single digital process has a significant 

improvement in color and detail representation, but it lacks 

the support of material matching and virtual proofing, and 

the differences across materials are significant. The 

commercial system is close to the scheme proposed in this 

paper in terms of color performance, but it is slightly 

inferior in the compatibility of large-format splicing and 

3D proofing. To ensure fairness, all competing methods 

used the same TIFF inputs, identical RIP settings (black 

generation and total area coverage 280%), and the same 

pre-treat/cure schedule per substrate.

 
Figure 3: Shows the performance comparison of different methods in terms of ΔE and splicing fracture rate  

 

In addition, this study also conducted a fine-grained 

analysis of the performance of different module 

combinations under three typical patterns (monochrome 

regular, multi-color gradient, and complex irregular). The 

results show that cyclic optimization has the most 

significant improvement effect on complex and irregular 

patterns, increasing the SSIM value from 0.81 to 0.90. The 

contribution of color management in multi-color gradient 

patterns is particularly significant, with a decrease in ΔE 

exceeding 35%. 
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Figure 4: Shows the SSIM performance of three typical patterns under different module combinations  

5  Discussion 

5.1  Comparison with traditional printing 
methods 

To evaluate the advantages of digital printing solutions 

based on deep learning in the creation of clothing patterns,  

 

 

this paper selects three typical traditional printing methods 

as comparison objects: screen printing, heat transfer 

printing and commercial digital inkjet systems. The 

contrast dimensions cover color fidelity, resolution and 

detail representation, production efficiency, flexibility and 

environmental friendliness. The results are shown in Table 

2. 

Table 2：Comparative analysis of digital printing and traditional printing methods 

Printing Method 

Color 

Reproduction (ΔE 

↓) 

Resolution 

Performance 
Production Efficiency Flexibility 

Screen Printing 
ΔE ≈ 4.1 (High 

deviation) 

Low (150–300 

dpi) 

High (suitable for 

large-scale batches) 

Fixed templates, costly to 

modify 

Thermal Transfer 

ΔE ≈ 3.2 

(Moderate 

deviation) 

Medium (300–600 

dpi) 

Medium (requires 

additional transfer paper) 

Good for localized designs, 

limited by material type 

Commercial Inkjet 
ΔE ≈ 2.3 (Good 

reproduction) 

High (600–1200 

dpi) 

Medium-high (ideal for 

small–medium runs) 

Handles multicolor and 

complex patterns 

Proposed 

Workflow 

ΔE ≈ 1.9 

(Near-original 

match) 

High (above 1200 

dpi) 

Adaptable, supports batch 

scaling 

Supports loop tiling and 3D 

virtual sampling 

 

Values are reported as mean±std over three independent 

runs. ‘Proposed Workflow’ refers to the full model with all 

modules enabled; statistics for the commercial inkjet 

system were collected on a mid-range 8-color device (1200 

dpi) under identical test patterns. 

In terms of color reproduction, screen printing is 

limited by ink penetration and template precision, with ΔE 

values generally greater than 4, making it difficult to meet 

the requirements of high-precision design. Although heat 

transfer printing can improve color performance, it has 

obvious limitations in material compatibility. In contrast, 

both commercial digital inkjet and the solution proposed in 

this paper can control ΔE within 2.5. Among them, the 

solution proposed in this paper combines CNN color 

mapping and cross-material transfer learning to further  

 

 

stabilize ΔE below 2.0, meeting the consistency 

requirements at the design end. 

In terms of resolution and detail representation, screen 

printing can only achieve low to medium precision, and 

complex gradients or high-frequency textures are often 

distorted. Heat transfer printing has improved, but it is still 

limited in gradient transitions and texture gradation. 

Commercial systems can support 600-1200 dpi, but there is 

a risk of breakage in large-format splicing. The scheme 

proposed in this paper performs best above 1200 dpi and 

optimizes the cyclic units through a deep segmentation 

network and energy constraint mechanism, significantly 

improving edge sharpness and texture continuity. 

In terms of production efficiency and flexibility, 

screen printing is suitable for large-scale production but 

lacks personalization, while heat transfer printing has a 
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medium efficiency but is limited by the material. 

Commercial systems and the solution proposed in this 

paper are more suitable for small and medium-sized batch 

personalized production. Among them, the solution 

proposed in this paper significantly shortens the 

design-production chain through GAN-driven virtual 

proofing, supporting rapid iteration and flexible switching 

between multiple batches. In terms of environmental 

friendliness, screen printing ink wastes a lot, and heat 

transfer printing requires additional transfer paper, both of 

which impose environmental burdens.  

5.2  The impact of digital technology on 
creative efficiency and complexity 

In the process of creating clothing patterns, efficiency and 

complexity often present a contradiction: on the one hand, 

designers need to complete the iteration of multiple layouts 

and color combinations within a limited time; On the other 

hand, complex pattern cycles, cross-material compatibility 

and high-precision color correction will significantly 

increase the processing time. To evaluate the performance 

of the digital printing process based on deep learning 

proposed in this paper in terms of the balance between 

efficiency and complexity, this paper selects 50 

monochrome regular patterns, 50 gradient patterns and 50 

complex irregular patterns as test samples. The 

performance of traditional screen printing, commercial 

digital printing systems and the scheme proposed in this 

paper was compared in three dimensions: processing time, 

cycle complexity adaptability and material compatibility.  

In terms of processing time, traditional screen printing 

requires additional steps such as plate making, ink mixing 

and fabric testing, with an average time consumption of 

nearly 48 hours. The commercial digital printing system 

reduces the time to 12 hours through an automated process, 

but manual correction is still required in the complex 

pattern splicing stage. The deep learning-driven process 

proposed in this paper automatically completes 

large-format stitching through a loop optimization module 

and provides real-time feedback in virtual proofing with 

GAN rendering, further compressing the average 

processing time to 8.5 hours. 

In terms of complexity adaptability, traditional 

processes have limited fidelity to multi-color gradients and 

high-resolution details, with an adaptability score of only 

2.1/5. Commercial systems can handle some complex 

textures, but they perform poorly in cross-material 

consistency. The solution proposed in this paper 

significantly enhances the consistency of patterns across 

multiple materials through resolution control and transfer 

learning material adaptation. In the comparative tests of 

cotton, silk and polyester, the ΔE values all remained 

below 2.0, outperforming other schemes.

 

Table 3: Comparison of efficiency and complexity among different printing methods  

 

Printing Method 
Avg. Processing 

Time 

Loop Complexity 

Adaptiveness (1–5) 

Cross-Material Color 

Matching (ΔE ↓) 
Design Flexibility 

Screen Printing 48 hours 2.1 ΔE ≈ 4.2 Low 

Commercial 

Digital Printing 
12 hours 3.4 ΔE ≈ 2.8 Medium 

Proposed Digital 

Workflow 
8.5 hours 4.6 ΔE ≈ 1.9 High 

 

Average processing time is measured over 150 patterns; 

‘Loop Complexity Adaptiveness’ is a 5-point Likert rating 

by 15 designers (mean±std). Between-method differences 

are significant (ANOVA p<0.001). 

The experimental results show that the digital process 

proposed in this paper can significantly shorten the creation 

time while ensuring high resolution and the fidelity of 

complex patterns. Its high consistency and cross-platform 

flexibility under multi-material conditions fully 

demonstrate the advantages of deep learning frameworks in 

practical industrial applications. 

5.3  Thoughts on scalability and 
cross-platform applications 

The scalability and cross-platform application value of 

digital printing technology in the creation of clothing 

patterns are the key links to promote its implementation 

throughout the entire chain of design, production and 

market. Unlike traditional screen printing which requires a 

large number of fixed processes and dedicated equipment, 

the digital process based on deep learning proposed in this  

 

paper mainly consists of core components such as pattern 

segmentation networks, color management models, and 

virtual proofing engines. The hardware and software 

resource requirements are relatively compact. For instance, 

when running the complete pattern segmentation, CNN 

color correction and GAN virtual rendering modules on a 

standardized workstation, the memory usage is 

approximately 200 MB, which can be seamlessly adapted 

to mainstream textile CAD systems. This means that even 

in the context of small and medium-sized clothing 

enterprises or workshops with limited resources, this 

solution still has relatively high feasibility.From an 

industrial perspective, large-batch tests on 500 patterns 

across cotton/silk/polyester show an average end-to-end 

time of 8.7 h, compared to more than 40 h with traditional 

screen printing, yielding nearly 80% reduction in lead 

time.All scripts for preprocessing, RIP export, and metric 

computation are version-controlled; configuration files and 

ROI masks will be made available upon reasonable request 

to support independent replication. 

In multi-material and high-volume application 

scenarios, the scalability of the system is particularly 
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crucial. The experimental results show that when 

processing 500 different patterns in batches, the average 

processing time of the loop optimization and virtual 

proofing module, supported by deep learning acceleration, 

is approximately 8.7 hours, which is significantly lower 

than the more than 40 hours of plate-making and debugging 

cycle of traditional screen printing. Although 

high-precision color management and 3D rendering will 

increase the computational burden, through model clipping 

and resolution grading strategies, the computational 

resource consumption can be reduced by approximately 20% 

without significantly sacrificing pattern quality, thereby 

enhancing the cross-platform applicability of the system. 

In terms of cross-platform deployment models, the 

digital printing process can be divided into two categories: 

local processing and cloud-based collaboration. The local 

end is suitable for small-batch and personalized 

customization: Designers can quickly complete 

single-pattern processing and virtual sampling on laptops 

or workstations. In cloud deployment, relying on GPU 

servers and deep learning inference frameworks, the 

system can achieve highly parallel batch pattern rendering 

and material adaptation, making it suitable for large-scale 

clothing enterprises to collaborate in the global supply 

chain. However, the cloud model simultaneously brings 

about operational costs and network latency issues, 

especially in areas with limited bandwidth where usage 

strategies need to be weighed. 

To further enhance the scalability, this paper suggests 

introducing lightweight technologies such as knowledge 

distillation and model pruning, enabling the color 

prediction and cyclic optimization network to operate 

efficiently on low-configuration devices (such as tablet 

terminals or embedded proofing machines), and lowering 

the equipment threshold. Meanwhile, in the future, a 

collaborative framework based on federated learning can 

be explored, enabling design teams from different regions 

to share model updates without transmitting the original 

data. This will protect Copyrights and design privacy while 

achieving cross-platform global collaboration. 

5.4  Practical significance and potential 
impact on industrial development 

The proposed deep learning–based digital printing 

technology demonstrated clear advantages in color fidelity 

(ΔE≤2.0) and efficiency (average processing time ~8.5 h 

for complex patterns), highlighting its value across both 

design and production stages. By reducing trial samplings 

and manual corrections, it shortens the design–production 

chain and supports rapid response, personalized 

customization, and flexible small-batch manufacturing. 

At the industrial level, the integrated modules of CNN 

color management, deep segmentation, GAN proofing, and 

transfer learning for material adaptation enable consistent 

reproduction across fabrics such as silk and polyester, 

strengthening brand competitiveness and reducing 

coordination costs. Meanwhile, the approach contributes to 

sustainable development by lowering ink waste and 

chemical usage while improving utilization efficiency, 

aligning with the textile industry’s low-carbon and digital 

transformation goals. Its cross-platform compatibility 

further ensures deployment feasibility from local 

workstations to cloud clusters. 

Looking ahead, this framework can accelerate 

industrial upgrading by enabling real-time virtual preview 

and cross-regional collaboration, particularly in 

e-commerce and customized production. Challenges 

remain in large-scale, high-resolution processing, which 

may be mitigated through lightweight models, pruning, and 

edge computing strategies. In sum, the method enhances 

technical precision while promoting creativity, efficiency, 

and sustainability, laying a foundation for greener and 

smarter textile manufacturing. 

6  Conclusion 
The core objective of fashion design lies in achieving an 

efficient connection between creative expression and 

industrial production, and printing technology is precisely 

the key link in this chain. With the diversification of 

consumer demands and the acceleration of digital 

transformation in the fashion industry, the shortcomings of 

traditional printing methods in terms of color consistency, 

design flexibility and environmental friendliness have 

become increasingly prominent. Digital printing 

technology based on deep learning offers new solutions for 

pattern creation and demonstrates significant advantages in 

achieving high-precision restoration, cross-material 

adaptation, and rapid iteration.Future work includes 

lightweighting, cloud deployment and interpretability; 

overall, our deep-learning workflow supports greener, 

faster, and more consistent textile printing across materials.  
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This study proposes a closed-loop building energy control framework for green buildings in hot-

summer/cold-winter zones, integrating a three-layer LSTM with attention for short-term load forecasting, 

a PPO-based reinforcement learning agent for adaptive demand response, and NSGA-II for multi-objective 

optimization of energy efficiency, comfort, and equipment lifespan. A dataset of 12 office buildings (14 M 

records over two years) supports training and validation. The forecasting module is evaluated using MAE 

and RMSE, achieving 6.8% MAE. Comparative experiments with PID, MPC, and single-algorithm 

baselines show that the proposed method achieves 91.3% energy utilization, an average response delay of 

1.9 s, and a comfort compliance rate of 92.4%. Results from both simulation and field deployment confirm 

the framework’s adaptability and stability under price fluctuations, meteorological disturbances, and 

multi-building collaboration. 

Povzetek: Posebej za vroča poletja in mrzle zime je razvit zaprtozančni energijski nadzor stavb, ki združuje 

LSTM-napovedovanje obremenitev, PPO-učenje za prilagodljivo odzivanje ter NSGA-II za večciljno 

optimizacijo. 

 

 

1  Introduction 

In regions with hot summers and cold winters, the operating 

environment of buildings exhibits significant fluctuations 

in alternating cold and hot loads. The high temperature and 

humidity in summer lead to concentrated energy 

consumption of air conditioning systems, while the demand 

for heating in winter causes a peak in energy consumption. 

Due to climate differences and diverse operating periods, 

traditional energy efficiency control often faces problems 

such as insufficient prediction accuracy, delayed response, 

and rigid strategies when facing load imbalance, rigid 

energy allocation, and environmental disturbances. The 

mode that relies on static thresholds and empirical 

regulation is difficult to balance comfort and energy 

efficiency, and its limitations are particularly prominent in 

regional promotion. Therefore, the energy efficiency 

improvement of green buildings must transform towards 

intelligent and adaptive regulation to adapt to the dynamic 

demands under complex climate and multi-dimensional 

constraints. 

Artificial intelligence optimization algorithms provide 

new ideas for energy efficiency control. Deep learning can 

explore the nonlinear relationship between meteorological 

data and energy consumption curves, improving the 

accuracy of load forecasting; Reinforcement learning has 

the ability of interactive learning and feedback regulation, 

which can be used for dynamic optimization of cold and 

heat sources and end devices; Evolutionary algorithms and 

particle swarm optimization demonstrate flexibility in 

balancing multiple objectives, balancing comfort, energy 

efficiency, and device lifespan. The combination of these 

methods provides important support for constructing 

dynamic energy efficiency control models for building 

systems. 

Previous studies have validated the value of artificial 

intelligence in energy efficiency control. Boutahri et al. 

(2025) proposed a reinforcement learning based HVAC 

control method, which significantly reduced energy 

consumption in both simulation and practical cases [1]. 

Wei et al. (2017) used deep reinforcement learning to 

optimize the scheduling of cold and heat sources, resulting 

in a 15% reduction in system energy consumption [2].Gu 

(2024) proposed an intelligent management technology for 

hotel air-conditioning based on a coupling model and deep 

neural networks, which enhances control accuracy and 

improves energy efficiency in HVAC systems [3].These 

achievements demonstrate that artificial intelligence 

optimization algorithms have become important tools for 

energy efficiency management. 

However, applying artificial intelligence optimization 

algorithms to hot summer and cold winter regions still faces 

challenges. There is a seasonal switching effect in the cold 

and hot loads, and the energy consumption curve fluctuates 

greatly, which requires higher stability and generalization 

ability of the model; When running multiple building 

clusters, there are still issues such as heterogeneous energy 

consumption data, device differences, and inconsistent 

responses, making it difficult for a single algorithm to 

achieve overall coordination. Based on this, this study 

proposes a comprehensive energy efficiency control model 

that integrates artificial intelligence optimization 
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algorithms, aiming to establish a closed-loop relationship 

between prediction, optimization, regulation, and feedback.  

This article will construct an intelligent energy 

efficiency management framework for building clusters in 

hot summer and cold winter zones. This model includes 

three major mechanisms: artificial intelligence 

optimization algorithm system, energy consumption 

prediction and demand response model, and dynamic 

control strategy. Through multi-source data-driven 

prediction, combined with reinforcement learning and 

evolutionary algorithms, adaptive control of cold and heat 

sources and equipment is achieved, and the path is 

continuously corrected based on feedback. Compared with 

the traditional static threshold mode, this model has 

advantages in dynamism, adaptability, and cross scene 

integration. The research objective is to balance comfort 

and energy efficiency, and promote the transformation of 

green building energy efficiency management from 

experience driven to intelligent optimization. 

 

2  Related work 

In the research on energy efficiency management of green 

buildings in hot summer and cold winter zones, traditional 

control systems rely on static rules and empirical settings. 

Although they can maintain operation under a single load, 

their optimization effect is insufficient when seasonal 

switching, demand fluctuations, and multidimensional 

constraints coexist. Traditional systems for regional 

building clusters often exhibit low prediction accuracy, 

delayed response, and rigid scheduling under the 

distribution of cooling and heating loads, group demand 

response, and environmental disturbances. With the 

development of artificial intelligence and optimization 

algorithms, research is gradually shifting towards energy 

efficiency control systems based on intelligent prediction, 

dynamic optimization, and feedback regulation. 

Previous studies have shown that deep learning 

exhibits advantages in energy consumption prediction. 

Ding et al. (2022) developed a reinforcement-learning 

method for multi-zone residential HVAC that enhances 

comfort and cuts energy use [4]. Lim (2024) proposed a 

robust deep reinforcement learning method for 

personalized HVAC control, which significantly reduces 

energy consumption while improving comfort [5]. These 

results indicate that feedforward control of scheduling and 

allocation can be achieved through high-precision 

prediction. In terms of dynamic optimization, the 

application of reinforcement learning is gradually 

becoming prominent. Sayed et al. (2024) reviewed 

reinforcement learning based HVAC control and pointed 

out that this method has the potential for dynamic 

adjustment and feedback optimization [6]. Manjavacas et 

al. (2024) conducted experimental evaluations to validate 

the effectiveness of deep reinforcement learning in 

complex environments [7]. Shahsavari et al. (2025) 

compared reinforcement-learning strategies for HVAC 

efficiency in low-energy buildings, showing applicability 

to large clusters [8]. These studies indicate that 

reinforcement learning has strong adaptability in energy 

consumption optimization and real-time response. At the 

same time, evolutionary algorithms and swarm intelligence 

methods are also used for energy efficiency control. Bian 

et al. (2015) modeled residential heating loads in China’s 

hot-summer/cold-winter zone with a bottom-up approach, 

revealing regional demand traits [9]. Tong (2013) analyzed 

passive energy-saving technologies from an adaptive 

perspective and pointed out their application value in the 

region [10]. These studies provide support for the 

integration of artificial intelligence optimization with 

regional characteristics in the future. To provide a clearer 

view of current progress, Table 1 summarizes 

representative state-of-the-art approaches for building 

energy control, together with their datasets, performance 

metrics, and main limitations. This comparison highlights 

the lack of closed-loop integration and explicit multi-

objective trade-offs in existing work, which motivates the 

framework proposed in this paper.

 
Table 1: Summary of representative state-of-the-art methods on building energy control 

 

Method & Reference Dataset / Scenario Reported Metric Limitation 

Boutahri et al. (2025), RL-based 
HVAC [1] 

BOPTEST + residential 
houses 

Energy saving 14% 
No explicit multi-
objective trade-off 

Wei et al. (2017), DRL for HVAC 
control [2] 

Simulated plant 15% energy reduction No field validation 

Gao et al. (2019), Deep RL for 
thermal comfort [3] 

Public building logs 
MAE 0.29, comfort 

↑11% 
No closed-loop 

feedback 

Ding et al. (2022), RL for multi-
zone thermal mgmt [4] 

Residential dataset 
RMSE 0.32, energy 

↓13% 
No equipment-lifespan 

target 

Shahsavari et al. (2025), RL 
strategies for HVAC [5] 

Low-energy buildings 11% saving Single-objective 

Xu et al. (2025), RL with expert 
guidance [6] 

BOPTEST env. MAE 0.27, energy ↓9% Simulation only 

Compared with these studies, this paper integrates 

deep load forecasting, a PPO-based reinforcement learning 

agent, and NSGA-II into a closed-loop framework, jointly 

optimizing energy efficiency, comfort, and equipment 

longevity, and validates performance in both simulation 

and field deployment. 

In terms of implementation mechanism, some studies 

have proposed real-time communication and data 

synchronization methods. The typical way is to build 

energy consumption data channel based on the Internet of 

Things and edge computing platform to realize continuous 

perception and transmission of the state of buildings. The 
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central platform collects and normalizes the format 

distribution of multi-source data, and uses asynchronous 

event driven mechanisms to push real-time prediction 

results and demand response signals, while continuously 

updating the operating status through feedback links. 

During the communication process, combining timestamp 

identification with latency detection to ensure real-time 

performance and low latency. This type of mechanism not 

only enhances the virtual real collaboration capability of 

energy efficiency management, but also provides data 

support for the efficient execution of artificial intelligence 

optimization algorithms. From this, it can be seen that the 

evolution direction of energy efficiency control in future 

green buildings lies in building a closed-loop framework 

that integrates prediction, optimization, communication, 

and feedback, thereby promoting efficient, stable, and 

intelligent operation of building clusters in hot summer and 

cold winter zones. 

3  Energy efficiency control scheme 
integrating artificial intelligence 
optimization algorithms 

3.1  Optimization algorithm system 
integrating artificial intelligence 

This article focuses on the problems of insufficient 

prediction accuracy and lagging strategy response in 

energy efficiency control of green buildings in hot summer 

and cold winter zones. The research focuses on load 

forecasting, energy scheduling, and equipment 

coordination, with the goal of achieving adaptive 

regulation of cold and heat sources and end-users, and 

testing the accuracy of energy consumption prediction, 

system response time, and comprehensive energy 

efficiency level. To this end, a modeling system integrating 

artificial intelligence optimization algorithms is proposed, 

and simulation experiments are conducted in combination 

with typical climate and operating scenarios to verify its 

energy efficiency advantages under complex conditions. 

In order to increase the reproducibility of the research, 

this paper introduces a multi-agent modeling approach in 

the simulation method. The building complex is abstracted 

into three main entities: energy demand nodes, energy 

supply units, and central control modules, which 

respectively undertake the functions of load input, energy 

output, and strategy optimization. In the research 

environment, AnyLogic and Python collaborative 

platforms are used for modeling and running, deep learning 

networks are utilized for load forecasting, reinforcement 

learning agents are responsible for policy iteration and 

device action selection, and evolutionary algorithms are 

used to achieve multi-objective optimization on a global 

scale. During the simulation process, different 

meteorological conditions, load fluctuation scenarios, and 

equipment constraint parameters are set. By comparing the 

performance of a single algorithm and a fusion algorithm, 

the advantages of the system in terms of dynamism and 

robustness are evaluated. 

The research process includes the following 

steps.①Build a database covering meteorological 

parameters, indoor temperature and humidity, and energy 

consumption curves, and normalize and time align the 

data.②Establish an energy consumption prediction model 

using deep learning networks to form a feedforward 

estimation of heating and cooling loads.③Introduce a 

reinforcement learning framework to map the system's 

operating state into an interaction space, and optimize the 

cold and heat source operation strategies through cyclic 

updates of actions and feedback. The fourth step is to 

combine evolutionary optimization algorithms to set 

weights for multidimensional goals such as energy 

consumption reduction rate, comfort maintenance, and 

equipment lifespan, in order to achieve comprehensive 

balance. Finally, real-time interaction between prediction 

results and control instructions is achieved through Kafka 

message queues and WebSocket technology, and ablation 

experiments are conducted to evaluate the contribution of 

each algorithm module to overall performance. 

In terms of modeling logic, assuming that the state of 

the building system at time t is tS
 and the action set is tA

, the predicted state tŜ
generated by the virtual controller 

can be expressed as: 

( ) += −− 11,
ˆ

ttt ASfS
              (1) 

Among them,
( )f

 is the deep learning prediction 

function, and   is the deviation caused by sampling errors 

and environmental noise. This formula ensures the dynamic 

update of energy consumption prediction under multi-

source disturbances and provides continuous state input for 

subsequent optimization.  

Here, 
 ttt

out

t

in

tt PLHTTS ,,,,=
is the system state 

(indoor/outdoor temperature, humidity, load, price), 

 hct uuA ,=
is the cooling/heating power action. The 

reward is： 

tttt WdEr  −−−=
         （2）  

where tE
is energy use, tD

comfort deviation (PMV), 

tW
equipment wear;

 ，，
are weights. PPO is 

adopted with normalized continuous actions] [-1,1]; 2000 

episodes, horizon 96, buffer 50k, minibatch 256, Adam

( )4103 −
, stopping when reward variance<0.01 over 50 

episodes. NSGA-II (population 80, crossover 0.9, 

mutation0.1,200 generations) tunes  ， 
，


offline 

and adapts them online via a 20-step window. 

At the level of optimization strategy, reinforcement 

learning agents aim to maximize long-term energy 

efficiency returns. The objective function for energy 

efficiency optimization is: 

 LCEP
P

−+=


maxarg*

     (3) 
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Among them, E represents energy consumption 

reduction rate, C  represents indoor comfort maintenance,

L represents equipment loss factor, and 
 ,,

is 

dynamic weight. Ωdenotes the feasible solution set defined 

by temperature and actuator limits. NSGA-II generates the 

Pareto front, and the knee point is chosen as the trade-off 

solution. This function is iteratively optimized through 

evolutionary algorithms to achieve a multi-objective 

balance of energy efficiency, comfort, and lifespan. 

At the system implementation level, the data channel 

is collaboratively constructed by edge nodes and a central 

platform. Edge nodes are responsible for local feature 

extraction and fast prediction, while the central platform 

completes strategy optimization and global coordination. 

Real time data is collected through IoT sensors, unified into 

a centralized database, and asynchronously transmitted 

through Kafka message queues to achieve high-frequency 

state updates. The control instructions are issued in real-

time through the WebSocket channel, and the feedback link 

is based on timestamp synchronization and delay correction 

mechanism to ensure low latency and high reliability of 

dynamic control. 

In the verification phase, the system has completed 

preliminary integration in the building energy efficiency 

management platform in hot summer and cold winter zones, 

and real-time interactive testing has been implemented 

based on WebSocket channels. The experiment shows that 

the optimization algorithm module can stably interface 

with the data acquisition layer and device control layer, and 

maintain low latency response under high concurrency 

conditions. The relevant interface configuration and 

process files are listed in the appendix, providing reference 

for repeated verification and secondary development in 

subsequent research.The simulation platform is developed 

in AnyLogic, implementing a three-zone RC thermal 

network coupled with occupancy dynamics and 

chiller/boiler models.Reproducibility details:The 

forecasting module uses a three-layer LSTM (64 hidden 

units) with attention, ReLU activation, MSE loss, and 

Adam optimizer (lr = 1×10⁻³, cosine decay). Training 

applies batch size 128, dropout 0.2, ≤300 epochs, early 

stopping after 30 epochs without validation improvement. 

The demand–response agent adopts PPO with actor–critic 

nets (2×128, tanh), state dimension 14, continuous action 

space [−1,1], and reward： 

tttt WPMVER  −−−−=
    （4） 

where tE
is energy use, tPMV

 comfort deviation, 

tW
equipment wear. Hyperparameters: 

99.0=
, 

95.0= , buffer 50 k, minibatch 256, horizon 96, 2000 

episodes, stopping when average reward variance < 0.01. 

NSGA-II is configured with population 80, crossover 0.9, 

mutation 0.1, 200 generations, terminating after 20 

generations without Pareto improvement. Weights

 ，，
are tuned via grid search and adjusted online. 

Environment mapping: state = {temperature, humidity, 

load, price}, action = {cooling/heating power}, reward as 

above, ensuring reproducibility. 

To clarify the variables and reward settings used in Eqs. 

(1)–(3), the state vector
( )14RS

contains indoor 

temperature, humidity, PMV, occupancy, and equipment 

status; the action space A  is continuous in[-1,1]; and 
f

denotes the reward function combining energy, comfort, 

and equipment wear.Table 2 presents the search ranges and 

selected values of the reward weights
 ，，

, which 

were tuned via grid search on the validation set. 

 

Table 2: Search ranges and selected values of reward 

weights (α,β,γ) 

 

Parameter Range Selected value 

𝛂 0.4–0.6 0.5 

β 0.3–0.5 0.4 

γ 0.1–0.3 0.1 

 

The chosen weights achieve a balance between energy 

efficiency, thermal comfort, and equipment lifespan. 

Algorithm 1 presents concise pseudocode for the 

complete pipeline, integrating forecasting, RL, and 

evolutionary optimization. 

Algorithm 1: Integrated Control Procedure 

Input: state s_t (temperature, humidity, PMV, price, 

equipment) 

Output: optimal action a_t 

for each time step t do 

L_hat ← LSTM(s_t)                     ▷ predict 

load 

a_rl ← PPO(s_t, L_hat)                 ▷ tentative 

action 

a_t  ← NSGA-II(a_rl, {energy, comfort, lifespan}) 

Send a_t to actuators via WebSocket 

s_{t+1} ← CollectFeedback() 

Update PPO with (s_t, a_t, s_{t+1}) 

end for 

3.2  Energy consumption forecasting and 
demand response model design 

Green buildings in hot summer and cold winter zones face 

issues in energy efficiency management, such as significant 

alternation of cold and hot loads, frequent meteorological 

fluctuations, and complex demand differences. The 

traditional prediction methods based on fixed curves and 

threshold settings are difficult to support dynamic 

scheduling. The model is not sensitive enough to 

meteorological changes, and there is a large deviation in 

load forecasting. Demand response relies on static rules and 

lacks flexible adaptation to energy prices and group 

differences. To address these shortcomings, this article 

proposes an energy consumption prediction and demand 

response model that integrates artificial intelligence 

optimization algorithms, aiming to construct a 
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comprehensive framework that combines high-precision 

prediction and dynamic response capabilities. 

The model consists of three parts: energy consumption 

prediction, demand modeling, and feedback mechanism. 

The prediction module integrates multiple sources of 

meteorological elements, indoor environment, and 

historical energy consumption to achieve short-term and 

medium to long-term load forecasting; Demand modeling 

transforms energy prices, comfort, and equipment 

constraints into multi-objective optimization functions; 

The feedback mechanism updates the closed-loop strategy 

through real-time monitoring and correction. Compared to 

traditional methods, this system has the ability to perceive 

states, evolve trends, and balance multiple objectives. 

Table 3 presents the core structural features of energy 

consumption forecasting and demand response models:

 
Table 3：Core features of energy consumption forecasting and demand response model 

 

Control Process Implementation Method Functional Role 

Energy Consumption 
Forecasting 

Deep learning modeling, multi-source 
input–output mapping 

Improve the accuracy of cooling and heating 
load prediction 

Demand Response 
Joint modeling with reinforcement 

learning and evolutionary algorithms 
Dynamically generate response strategies, 

balance multiple objectives 

Feedback Correction 
Real-time monitoring and closed-loop 

strategy updating 
Ensure response effectiveness and system 

stability 

The prediction module adopts a three-layer LSTM (64 

hidden units each) with an attention layer to weight 

temporal features. Inputs include outdoor/indoor 

temperature, humidity, solar radiation, wind speed, 

occupancy, and past load with 5–30 min lags. Training uses 

MSE loss, Adam (lr = 1×10⁻³, cosine decay), batch 128, 

dropout 0.2, and early stopping (max 300 epochs). 

Implemented in PyTorch. The demand-response module 

applies reinforcement learning to adjust cooling/heating by 

price and comfort, while a feedback loop monitors bias and 

strategy performance, ensuring a closed-loop of 

prediction–optimization–feedback. The control step is 

discretized at 5=t min. The observation vector oto_tot 

coincides with the state sts_tst under full sensing. The 

system transition is modeled as
( ) tasFs ttt +=+ ,1 , 

with constraints on actuator limits, comfort range, and 

device switching delay. Convergence was assessed by 

reward–episode curves and validation MAE/RMSE of load 

forecasting; training stopped when both metrics plateaued. 

System integration includes four stages: data 

collection, predictive modeling, response generation, and 

execution feedback. The IoT platform obtains real-time 

meteorological and energy consumption data, which is 

normalized through a unified interface; The prediction 

module outputs an estimated load value; Reinforcement 

learning agents generate strategies based on prediction 

results and price signals; The feedback channel monitors 

actual energy consumption and comfort, and dynamically 

adjusts strategies to ensure stable operation. 

Algorithm 2: Demand–Response Strategy Generation 

Input: ForecastLoad, PriceSignal, ComfortIndex 

for each time_slot in Horizon do 

demand_gap ← ForecastLoad(time_slot) − 

ActualLoad(time_slot) 

if PriceSignal(time_slot) is High and ComfortIndex 

within range then 

Reduce HVAC load proportionally   ▷ maintain 

comfort 

else if PriceSignal(time_slot) is Low then 

Shift non-critical load to current slot 

end if 

Update system state and log adjustment 

end for 

This pseudocode outlines how the proposed system 

dynamically adjusts HVAC energy use according to load 

forecasts and price signals, lowering costs while 

maintaining thermal comfort. Figure 1 further illustrates 

the dataflow among sensors, forecasting module, RL 

optimization engine, and actuators. 

This pseudocode demonstrates how the system 

dynamically adjusts energy consumption based on load 

forecasting and price signals, reducing operating costs 

while ensuring comfort. 

During the simulation process, the model combines a 

priority ranking mechanism for policy optimization. The 

path generation module calculates candidate solutions 

based on predicted load and price signals, and selects the 

optimal response path; When deviations or constraint 

conflicts are detected, the feedback mechanism 

immediately triggers correction to ensure a balance 

between energy efficiency and comfort. The experimental 

results show that the model significantly shortens response 

time and improves overall energy efficiency in 

multitasking scenarios. The energy consumption prediction 

and demand response model proposed in this article 

overcomes the limitations of traditional methods in 

accuracy and flexibility through the synergy of deep 

learning prediction, reinforcement learning optimization, 

and feedback correction mechanisms. This framework not 

only enhances the integration level of prediction and 

scheduling, but also demonstrates adaptability and 

practical value in complex environments with hot summers 

and cold winters. 

3.3  Dynamic energy efficiency control 
based on optimization algorithms 

In the energy efficiency control of green buildings in hot 

summer and cold winter zones, the severe fluctuations in 

cold and hot loads and the randomness of user demand 

make the traditional static rule-based control mode exhibit 

significant limitations. Fixed thresholds and a single 

scheduling logic cannot effectively cope with frequent 
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meteorological disturbances and multidimensional 

constraints, which can easily lead to inaccurate energy 

consumption predictions, equipment overload, or 

decreased comfort. To address the aforementioned issues, 

this article proposes a dynamic energy efficiency control 

strategy based on optimization algorithms, constructing an 

operational mechanism that combines real-time 

adaptability and feedback regulation capabilities. 

In this strategy, the objects of energy efficiency control 

include cold and heat source units, end devices, and 

environmental comfort constraints. The system first 

processes multi-source input data, including 

meteorological parameters, indoor thermal and humidity 

environment, real-time load demand, and equipment 

operating status. Subsequently, the scheduling engine 

based on optimization algorithms generates feasible control 

schemes and continuously corrects them through feedback 

mechanisms. The core logic is to take minimizing energy 

consumption and maintaining comfort as dual objectives, 

and embed constraints such as device lifespan and response 

delay to form a multi-objective dynamic optimization 

framework. The objective function can be expressed as: 

 

( ) delaycomforttotal DCEF +−+=  1min
（5）

where totalE
 is total energy, comfortC

the comfort index 

(PMV), and delayD
 the control delay; 

 ，，
 weight 

the objectives. The inputs satisfy maxmin uuu t 
, and 

indoor temperature satisfies 

maxmin TTT in

t 
.This 

function can dynamically adjust the optimization direction 

based on real-time load and weather changes, achieving 

coordination between energy consumption reduction and 

comfort maintenance. 

In terms of operating mechanism, the system is divided 

into three major stages. Firstly, the prediction layer 

generates short-term heating and cooling load forecasting 

results based on deep learning models and forms demand 

inputs. Secondly, the optimization layer utilizes a 

combination mechanism of reinforcement learning and 

evolutionary algorithms to perform multi-objective search 

on candidate control schemes and output executable energy 

efficiency scheduling plans. Thirdly, the execution layer 

adjusts the cold and heat source units and end devices based 

on the optimization results, and corrects the parameters 

through real-time monitoring feedback to ensure the 

continuous adaptability of the operation strategy. 

To ensure the dynamism of the system, the control 

engine adopts an optimization mechanism based on rolling 

time domain. During each control cycle, the system 

recalculates the plan based on the latest predictions and 

feedback information, forming a continuous iterative 

dynamic evolution process. If device abnormalities or 

sudden changes in user requirements are detected, the 

feedback channel will trigger policy reconstruction to 

update the candidate solution space, thereby avoiding 

system interruption caused by a single path failure. The 

dynamic energy efficiency control process is shown in 

Figure 1:

 
 

Figure 1: Flow chart of dynamic energy efficiency control based on optimization algorithm 

 
The flowchart in Figure 1 shows that the proposed 

system builds a closed loop among prediction, optimization, 

and feedback, enabling dynamic stability under climate and 

demand disturbances. Experiments demonstrate that this 

strategy reduces building energy use by about 12% under 

typical meteorological conditions, shortens response delay 

to 1.7 s, and keeps indoor comfort within standards, 

outperforming traditional static control. The optimization-

based dynamic energy-efficiency method integrates 

objective-function modeling, rolling horizon optimization, 

and real-time feedback to jointly minimize energy 

consumption and maintain comfort. It remains adaptable 

and robust in hot-summer/cold-winter climates, offering a 

practical path to improve energy performance of regional 

green buildings. 

 

3.4  Integration and intelligent control of 
building energy efficiency systems 

In the energy efficiency control of green buildings in hot 

summer and cold winter zones, if the optimization 

algorithm only stays at the theoretical level, it is difficult to 

translate it into actual operational efficiency. Traditional 

energy efficiency systems often fail to implement control 

strategies due to inconsistent interface standards, data 

isolation, and fragmented execution chains, resulting in a 

disconnect between energy consumption prediction and 

demand response, as well as significant execution delays. 

To address this issue, this article proposes an integrated and 

intelligent management framework for building energy 

efficiency systems, which achieves closed-loop control of 

"prediction optimization execution correction" through a 

hierarchical structure and feedback mechanism. 

data collection 

environmental 
monitoring 

Candidate 
solution set 
generation 

optimization 
engine 

load forecasting 

Optimal 
solution output 

Issuing control 
instructions 

execution 
feedback 
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The overall system adopts a layered decoupling 

architecture, including a data acquisition layer, a modeling 

layer, a decision-making layer, and an execution layer. The 

data collection layer is responsible for obtaining 

meteorological parameters, indoor environment, and 

equipment status, which are aggregated by the central 

platform and transmitted to the modeling layer to 

reconstruct the building operation scene in the virtual 

model and maintain structured state updates. The decision-

making layer runs optimization algorithms to form a 

strategy set for cold and heat source scheduling and end 

device allocation, and generates optimal solutions based on 

different target weights; The execution layer drives 

equipment operation through BAS interfaces, PLC 

controllers, and other methods. This hierarchical approach 

not only maintains the clarity of model logic, but also 

enhances cross platform adaptability. 

In order to ensure the dynamic consistency of the 

system, this paper introduces a unified scheduling cycle 

mechanism and standardizes the running step size of energy 

efficiency scheduling into an equal time interval. Within 

each cycle, the system completes prediction updates, 

optimization operations, instruction issuance, and feedback 

corrections. Scheduling iteration can be expressed as: 

 

( )tttt RSfS =+ ,,1            （6） 

 

Among them, rS
represents the system state vector, 

including cold and hot load prediction, equipment 

operating rate and comfort deviation; tR
is real-time 

monitoring data for feedback; t  is the scheduling cycle; 

( )f
is the optimization and strategy generation function. 

This mechanism ensures that the system can maintain 

continuous iteration and real-time updates under dynamic 

weather and demand disturbances. 

In terms of feedback mechanism, this article sets two 

monitoring indicators, energy consumption prediction error 

rate and comfort deviation rate, to measure the execution 

effect of control strategies. The comfort deviation rate can 

be defined as: 

total

out
c

N

N
=

          （7） 

Among them, outN
 represents the number of samples 

that do not meet the comfort condition in the current cycle, 

and totalN
 is the total number of samples. When c

exceeds the threshold, the system triggers the correction 

module to adjust the end load allocation weight or 

recalculate the cold and heat source scheduling path to 

avoid a decrease in indoor environmental quality. Through 

this mechanism, the energy efficiency system has adaptive 

capabilities during dynamic operation. 

In terms of deployment, the system adopts a 

containerized structure to connect to the existing building 

energy efficiency platform and can run on local edge nodes 

or cloud servers. Data exchange is achieved through OPC-

UA and BACnet protocols for reading and writing to 

underlying devices, while control instructions are pushed 

to the end unit through MQTT channels and WebSocket. 

This approach avoids large-scale modifications to the 

existing system and enables smooth integration without 

interrupting the operation of the building. In a pilot project 

of a public building in a hot summer and cold winter zone, 

the framework completed system deployment within 72 

hours and made 54 strategy corrections in the first week of 

operation, with an average response delay controlled within 

380ms and an overall energy consumption reduction of 

about 11%. 

In order to enhance the reproducibility of the system, 

this article summarizes the integrated deployment into five 

steps: first, establish a collection link and define the data 

paths for weather, energy consumption, and comfort; The 

second is to build a virtual modeling layer to complete the 

digital mapping between cold and heat sources and end 

devices; Thirdly, start the optimization engine and bind the 

prediction and scheduling models; Fourthly, deploy 

feedback detectors and set energy consumption and 

comfort thresholds; The fifth is to run a status monitoring 

loop, regularly update parameters and generate logs for 

subsequent analysis and secondary configuration. This 

process provides operational guidelines for rapid 

deployment of different building complexes. During pilot 

deployment, detailed logs of strategy duration, correction 

events, and energy savings were collected, and a 

comparison with simulation confirmed consistent 

performance under field conditions. 

4  Results 

4.1  Dataset 

The dataset was collected from 12 office buildings 

equipped with 186 sensors (temperature, humidity, CO₂, 

occupancy, and energy meters). Each sensor recorded data 

every 5 min over two years, producing approximately 14 

million records (186 sensors × 5-min intervals × 24 × 365 

× 2, adjusted for missing values). Building identifiers were 

anonymized, and sensor codes were randomly assigned. 

Records were merged by timestamp, including comfort 

(PMV), equipment status, and event labels, forming a 

complete basis for training, validation, and ablation studies. 

The data were split chronologically into 70% training, 20% 

validation, and 10% testing sets, stratified by season to 

balance heating, cooling, and transition periods. No 

synthetic data were used. To enhance reproducibility, a 

sanitized dataset and preprocessing scripts (time alignment, 

interpolation, wavelet denoising with threshold = 3σ) will 

be released together with a README describing sampling 

schema, feature definitions, and normalization procedures.  

The dataset is divided into three categories: (1) energy 

consumption and meteorological data, including 

temperature and humidity, solar radiation, wind speed, and 

unit load curves, totaling about 14 million, used for deep 

learning load forecasting; (2) Equipment operation data, 

covering the status, power, switching delay, and energy 

consumption records of cold and heat source units, totaling 
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700000 records, used for reinforcement learning and 

constraint input; (3) Demand response data, including 

electricity price fluctuations, comfort feedback, and 

response execution status, totaling 38000 pieces, collected 

at a frequency of 15 minutes for multi-objective 

optimization of evolutionary algorithms. Table 4 shows the 

data structure and experimental purposes.

 
 

Table 4：Comparison table of dataset structure and experimental usage 
 

data type sample size Main Fields 
Update 

Frequency 
Experimental 

Purpose 

Energy consumption 
and meteorological 

data 

14 million 
pieces 

Temperature & humidity, 
radiation, wind speed, load 

curve 
1 minute/frame 

Training load 
forecasting model 

Equipment operation 
data 

700000 
pieces 

Unit status, power, 
switching delay, energy 

consumption 
1 minute/frame 

Reinforcement 
learning with 

constraint inputs 

Demand response data 38000 pieces 
Electricity price curve, 

comfort feedback, execution 
status 

15 
minutes/instance 

Multi-objective 
optimization and 

strategy evaluation 

In the experimental arrangement, the research work 

takes energy consumption and meteorological data as 

prediction inputs, uses deep learning networks to train load 

forecasting models, and compares them with traditional 

regression methods to verify the improvement effect of 

prediction accuracy. Subsequently, combining device 

operation and control data, a reinforcement learning 

framework is deployed to generate dynamic control 

strategies for cold and heat sources and end devices. In 

further experimental stages, user demand and price signals 

are introduced into the system, and evolutionary algorithms 

optimize the weights of multi-objective functions to 

achieve a comprehensive balance between energy 

efficiency, comfort, and equipment lifespan. In order to test 

the robustness of the model in sudden situations, additional 

abnormal disturbance data was designed, including 

electricity price fluctuations, equipment failures, and 

sudden high load events, and feedback correction 

mechanisms were used to verify the adaptive adjustment 

capability of the system. The dataset includes 12 office 

buildings with 186 sensors (temperature, humidity, CO₂, 

occupancy, energy). Each sensor records every 5 min, 

yielding 14 M samples over two years. Records are 

generated per building and sensor, then merged by 

timestamp. Labels cover comfort (PMV), equipment status, 

and abnormal events, providing a clear schema for 

replication. To support reproducibility, anonymized 

datasets, AnyLogic models, and detailed configuration files 

(Kafka/WebSocket parameters and container settings) are 

described herein, enabling researchers to replicate the 

experiments. 

4.2  Data preprocessing 

In the energy efficiency optimization of green buildings in 

hot summer and cold winter zones, the raw collected data 

often comes from various sources, including 

meteorological parameters, indoor environmental 

conditions, equipment operation records, and demand 

response signals. These data have heterogeneity and noise, 

and if they are directly input into prediction and 

optimization models without processing, it can easily lead 

to distorted energy consumption predictions and ineffective 

strategy responses. Therefore, building a systematic data 

preprocessing mechanism is a prerequisite for achieving 

stability and accuracy in energy efficiency control. 

This study divides data preprocessing into four core 

steps: timing alignment, data cleaning, feature mapping, 

and standardized input. The timing alignment process takes 

one minute as the sampling period to unify meteorological 

data, indoor sensing data, and equipment operation data to 

the same time reference. Sliding window interpolation is 

used for missing values, and regression models based on 

similar days are used to complete long-term missing 

measurement segments. This ensures that all data sources 

can maintain causal consistency under climate conditions 

with frequent switching of heating and cooling loads. 

During the data cleaning phase, the focus is on addressing 

extreme values and short-term fluctuations. For abnormal 

peaks in the energy consumption curve, a combination of 

wavelet threshold denoising and median filtering is used to 

eliminate instantaneous power interference; For the jump 

values of temperature and humidity sensors, the triple 

standard deviation detection method is used to identify and 

smooth them. At the same time, all energy consumption and 

environmental fields are converted to a unified dimension, 

such as energy consumption in kWh and temperature in ℃, 

to ensure scale comparability between different features.  

The feature mapping process converts the raw data into 

a structure recognizable by the model. Meteorological and 

environmental parameters are input into the load 

forecasting model through multidimensional feature 

vectors, and the following prediction relationship is 

established: 

( ) tttttt PRHTgL += ,,,ˆ
       （8） 

Among them, tL̂
represents the predicted load at time

t , and the input features include outdoor temperature tT
, 

humidity tH
, solar radiation tR

, and personnel density 

tP
, t  indicating disturbance terms. This formula can 

capture the nonlinear correlation between meteorological 

conditions and energy consumption fluctuations, providing 

a basis for dynamic prediction. 
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The demand response part is transformed into input 

constraints for multi-objective optimization. The 

comprehensive energy efficiency of the system J  is 

defined as: 

CTTEJ setin  +−+=
        （9） 

where E is total energy use, setin TT −
 the 

temperature deviation, and C  the equipment switching 

cost;
 ,,

are weights. The feasible region is maxEE 

, Tsetin TT −
. NSGA-II provides the Pareto front, and 

the knee point is selected as the compromise solution. 

In the input regularization stage, all features are 

standardized using Z-score to ensure that different 

dimensional features have the same mean and variance 

during model training. The data is divided in a ratio of 7:2:1, 

and the training set, validation set, and test set are 

constructed separately, while maintaining consistent 

distribution of seasonal features to ensure that the model 

can adapt to extreme conditions such as high temperatures 

in summer and heating in winter. At the same time, three 

types of interference samples, namely abnormal electricity 

prices, equipment shutdowns, and sudden load increases, 

are manually implanted in the training data to test the 

model's adaptive ability under sudden conditions. Wavelet 

denoising employed a threshold of 3 , and median 

filtering used a 5-sample window to remove spikes. 

4.3  Evaluation indicators 

To verify the actual performance of the proposed energy 

efficiency control model integrating artificial intelligence 

optimization algorithms in green buildings in hot summer 

and cold winter zones, this study designed comprehensive 

evaluation indicators from five aspects: energy 

consumption prediction accuracy, energy utilization rate, 

demand response timeliness, comfort maintenance, and 

system stability. Comparative experiments were conducted 

with traditional energy efficiency control systems and 

single algorithm models. The experiment runs on the 

constructed building energy efficiency simulation platform, 

setting typical summer high temperature and winter heating 

scenarios, combined with real meteorological and 

electricity price data, completing 100 rounds of 

independent experiments and calculating the mean values 

of various indicators.To ensure rigor, each metric is defined 

as follows: prediction error = MAE over the test set; 

utilization = (served load / total demand)×100%; comfort = 

share of samples with |PMV| ≤ 0.5; response delay = mean 

time from signal to actuation; stability = 1 − interruption 

rate. Results are reported as mean ± SD over 30 runs, with 

paired t-tests (α = 0.05) against PID, MPC, and single-

algorithm baselines. Figure 2 shows violin plots of MAE, 

utilization, delay, and comfort, with labels indicating the 

mean of each metric. 

 

 

 

 
Figure 2: Violin plots of prediction error, utilization, 

delay, and comfort (30 runs, means shown). 

 

Learning curves for LSTM (MAE vs epoch) and PPO 

(reward vs episode) confirm convergence. Additional 

ablations vary reward weights (α, β, γ) and NSGA-II 

population; changes remain below 5%. 

In terms of energy consumption prediction accuracy, the 

average error of our research model is 6.8%, significantly 

better than the traditional control system's 15.2% and the 

single deep learning model's 10.5%. This result indicates 

that the prediction mechanism that integrates multi-source 

features and optimization algorithms can more accurately 

capture meteorological disturbances and user load 

differences, providing reliable prerequisites for subsequent 

regulation strategies. In terms of energy utilization 

efficiency, this research model achieved 91.3%, while the 

traditional system and single algorithm model were 72.6% 

and 81.7%, respectively. The higher utilization level 

reflects the coordinated role of optimization algorithms in 

the allocation of cold and heat sources and end devices, 

which can effectively reduce energy idle and redundant 

equipment operation, thereby improving overall 

operational efficiency. The timeliness index of demand 

response is measured by response delay. The average 

response time of this research model is only 1.9 seconds, 

significantly faster than the traditional system's 6.5 seconds 

and the single algorithm model's 4.2 seconds. The 

advantage of fast response comes from the collaborative 

mechanism of reinforcement learning and evolutionary 

optimization, which can quickly generate control 

instructions in price fluctuations or sudden load situations, 

avoiding energy loss caused by lag. In terms of comfort 

retention, the compliance rate of this research model is 

92.4%, significantly higher than the traditional system's 

76.3% and the single algorithm model's 85.1%.  
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This result indicates that the optimization framework can 

effectively balance indoor environmental quality while 

saving energy, avoiding the decrease in comfort caused by 

excessive energy conservation. The stability of the system 

is measured by the interruption rate, and the interruption 

rate of this research model is 3.5%, which is much lower 

than the traditional system's 12.1% and the single algorithm 

model's 7.8%. Low interruption rate means that under 

complex conditions such as equipment failures, abnormal 

electricity prices, or demand fluctuations, the model can 

rely on closed-loop feedback to adjust in a timely manner, 

maintaining the integrity of the operating chain and the 

coherence of the control logic.

 
 

Figure 3：Performance comparison of three types of models on five indicators 
 

Figure3 presents the performance comparison of three 

types of models on five indicators, which can intuitively 

reflect the comprehensive advantages of our research 

model in prediction accuracy, energy utilization, response 

speed, comfort maintenance, and operational stability. 

Baselines are: (i) a PID controller (Ziegler–Nichols); (ii) 

MPC with a 15-min horizon; (iii) a fixed-threshold HVAC 

schedule; and (iv) single-algorithm models (LSTM, PPO). 

Hyperparameters (learning rate, batch size, regularization) 

appear in Table 5. Improvements report standard deviations 

over 30 runs, with paired t-tests (α = 0.05) confirming 

significance. learning curves and ablation curves are given 

in Figures 2–3 to verify convergence and module 

contribution. Significance of improvements was verified by 

paired t-tests (α = 0.05) against PID, MPC and single-

algorithm baselines. 

 
Figure 4. Pareto front (NSGA-II) for energy efficiency, 

comfort, and equipment lifespan. 

Figure 4 shows the Pareto front of NSGA-II for energy 

efficiency, comfort, and equipment lifespan, with the knee 

point selected as the scheduling solution. 

4.4  Ablation study 

To further verify the core role of integrated artificial 

intelligence optimization algorithms in energy efficiency 

control of green buildings in hot summer and cold winter 

zones, this study designed ablation experiments to compare 

the complete model with the reduced version, in order to 

analyze the contribution of each module to overall 

performance. The experiment was conducted on a building 

energy efficiency simulation platform, selecting typical 

summer high temperature and winter heating scenarios. 

After running for 100 rounds, key indicators such as energy 

consumption prediction accuracy, energy utilization rate, 

response delay, and system interruption rate were 

calculated. 

The experiment includes four types of models: one is 

to remove the depth prediction module and rely only on 

empirical curves for energy consumption estimation; The 

second is to eliminate demand response logic, and the 

system will no longer adjust its operation based on 

electricity prices and comfort feedback; The third is the 

missing feedback correction mechanism, which cannot be 

dynamically updated after strategy generation; The fourth 

is a model that fully integrates prediction, optimization, and 

feedback mechanisms. The experimental data of each 

group are shown in Table 5.
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Table 5：Comparison of key performance indicators for ablation experiments 
 

Model Configuration 
Prediction 
Error (%) 

Energy 
Utilization (%) 

Response 
Delay (s) 

Comfort 
Satisfaction 

(%) 

Interruption 
Rate (%) 

Without Prediction 
Module 

14.6 ± 0.7 83.1 ± 1.3 3.5 ± 0.3 79.0 ± 1.5 8.2 ± 0.6 

Without Demand 
Response Logic 

11.8 ± 0.5 82.0 ± 1.2 3.9 ± 0.4 84.7 ± 1.2 6.1 ± 0.5 

Without Feedback 
Correction 

10.7 ± 0.6 86.4 ± 1.1 3.2 ± 0.3 86.2 ± 1.3 7.4 ± 0.4 

Complete Model 6.8 ± 0.4 91.3 ± 1.1 1.9 ± 0.2 92.4 ± 0.7 3.5 ± 0.3 

The experimental results show that removing the 

prediction module increases the energy consumption 

prediction error to 14.6±0.7%, lowers the comfort 

compliance rate to 79.0±1.5%, and weakens operational 

stability. Without the demand-response logic, energy 

utilization drops to 82.0±1.2%, response delay rises to 

3.9±0.4 s, and overall efficiency decreases due to redundant 

equipment operation. The absence of the feedback-

correction mechanism raises the interruption rate to 

7.4±0.4%, and the system struggles to react to price 

fluctuations and equipment faults, while comfort remains 

at 86.2±1.3%. In contrast, the complete model achieves the 

best results across all indicators: prediction error 6.8±0.4%, 

energy utilization 91.3±1.1%, response delay 1.9±0.2 s, 

comfort compliance 92.4±0.7%, and interruption rate 

3.5±0.3%. These findings confirm that the joint effect of 

prediction, demand-response, and feedback correction 

enhances both efficiency and stability in building energy-

efficiency control. Results are reported as mean ±SD over 

five runs (prediction error 6.8±0.4%, utilization 91.3±1.1%, 

delay 1.9±0. s, comfort 92.4±0.7%). Removing RL falls 

back to a safe HVAC setting. Reward-weight, NSGA-II 

sizes, and LSTM look-ahead sensitivity caused <5% 

change. Training on ten offices and testing on two lecture 

halls kept MAE < 8% and comfort > 90%. Latency rose 

sublinearly from 1.9s to 3.4s as terminals grew (50→300); 

8-bit quantization cut delay 18% with no accuracy loss. 

With 30% sensor loss or 200ms lag, fallback held comfort 

>85%. Delay components were 0.55s prediction,0.82s 

optimization,0.28s communication, and 0.25s actuation. 

5  Discussion 

5.1  Performance advantage analysis of 
existing energy efficiency control 
methods 

The existing energy efficiency control methods for green 

buildings mostly rely on static thresholds, statistical 

regression, or empirical adjustment. Although they are 

effective under small load fluctuations or single operating 

conditions, they often exhibit insufficient prediction 

accuracy, slow response, and unstable energy efficiency in 

scenarios such as hot summer and cold winter zones with 

frequent switching of cold and hot loads, complex 

meteorology, and variable demand. Traditional methods 

are based on historical mean prediction, manual threshold 

start stop, and rule triggered response, lacking perception 

of real-time data, making it difficult to balance comfort and 

energy efficiency, and lacking adaptability under sudden 

disturbances. 

The energy efficiency control model proposed in this 

study, which integrates artificial intelligence optimization 

algorithms, demonstrates advantages in three aspects. One 

is in the energy consumption prediction stage, deep 

learning captures the nonlinear relationship between 

meteorological features and energy consumption curves, 

reducing the prediction error to 6.8%, which is better than 

the traditional system's 15.2%, providing reliable basis for 

subsequent regulation. Secondly, in terms of demand 

response mechanism, the combination of reinforcement 

learning and evolutionary algorithms is used to achieve 

multi-objective dynamic optimization of price, comfort, 

and lifespan, avoiding the lag of fixed threshold strategies. 

In the experiment, the response delay was only 1.9s, while 

the traditional system was 6.5s. Thirdly, in terms of energy 

efficiency stability and resource utilization, the closed-loop 

feedback mechanism continuously adjusts the strategy, 

reducing local optima and resource waste. The energy 

utilization rate is improved to 91.3%, and the interruption 

rate is only 3.5%, which is significantly better than the 

traditional methods of 72.6% and 12.1%. 

In addition, the model in this study also performs 

outstandingly in maintaining comfort. Through multi-

objective weight balancing, the indoor comfort compliance 

rate has been increased to 92.4%, while traditional methods 

only achieve 76.3%. This result indicates that while saving 

energy, it can effectively balance user experience, breaking 

through the limitations of "choosing between energy saving 

and comfort". Overall, the model demonstrates significant 

advantages in prediction accuracy, response speed, energy 

efficiency stability, and comfort maintenance, providing a 

practical and feasible path for energy efficiency control of 

green buildings in hot summer and cold winter zones. 

5.2  Model adaptability and stability 
verification under complex climatic 
conditions 

The operating environment for energy efficiency control of 

buildings in hot summer and cold winter zones is highly 

complex, with frequent seasonal switching of cold and hot 

loads. At the same time, dynamic disturbances in 

meteorological conditions and price signals make it 

difficult for traditional methods to maintain stability. To 

verify the adaptability and stability of the fusion artificial 
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intelligence optimization algorithm model proposed in this 

study under complex working conditions, four typical test 

scenarios were set: extreme high temperature in summer, 

low temperature heating in winter, severe fluctuations in 

electricity prices, and high concurrency operation of 

multiple building clusters. Each scenario runs 100 rounds 

of experiments to collect three indicators: energy efficiency 

compliance rate, average response delay, and system 

stability score.

 
Table 6：Performance of models under typical complex climate scenarios 

 

Test Scenario 
Energy Efficiency Compliance 

Rate (%) 
Average Response 

Delay (s) 
Stability Score 

(10) 

Extreme High Temperature in 
Summer 

93.1 2.4 9.2 

Low Temperature Heating in 
Winter 

90.6 2.7 8.8 

Sharp Fluctuations in Electricity 
Price 

91.8 2.6 8.9 

High-Concurrency in Multi-
Building Groups 

89.4 3.1 8.6 

As shown in Table 6, under extreme high temperatures 

in summer, the model utilizes a combination of prediction 

and regulation to achieve rapid allocation of cold sources, 

with an energy efficiency compliance rate of up to 93.1% 

and an average response time of only 2.4 seconds, 

demonstrating high adaptability to extreme cooling loads; 

Under the condition of "low-temperature heating in winter", 

the system maintains continuous operation by optimizing 

the heating strategy, with an energy efficiency compliance 

rate of 90.6% and a stability score of 8.8, reflecting its 

stability in peak energy consumption; In the context of 

severe fluctuations in electricity prices, the model 

dynamically balances comfort and cost through a demand 

response mechanism, with an energy efficiency compliance 

rate of 91.8% and a delay of 2.6 seconds, demonstrating its 

flexibility in market disturbances; In the context of "high 

concurrency in multiple building clusters", the system 

effectively alleviates conflicts through hierarchical 

regulation and resource sharing mechanisms, with an 

energy efficiency compliance rate of 89.4% and a stability 

score of 8.6, verifying its robustness in group collaboration 

scenarios. 

The model maintains an energy efficiency compliance 

rate of over 89% and a response delay of less than 3.1 

seconds under four complex operating conditions, with 

stability scores exceeding 8.5, demonstrating its good 

adaptability and robustness. 

5.3  Feasibility assessment of system 
resource expenditure and building 
scene deployment 

In the energy efficiency control of green buildings in hot 

summer and cold winter zones, the implementation of the 

model not only depends on the accuracy of prediction and 

optimization, but also on the adaptability of computing 

resources, communication bandwidth, and operating 

platforms. This study evaluated the resource cost and 

deployment feasibility of an energy efficiency control 

model that integrates artificial intelligence optimization 

algorithms in typical building clusters. 

The model includes three major modules: edge 

acquisition, center optimization, and interactive feedback. 

The edge acquisition module is deployed in building BAS 

or monitoring gateways for real-time acquisition of 

meteorological, indoor temperature and humidity, and 

equipment operation data. Under a 1-minute sampling 

period, the CPU usage of a single node remains within 30%, 

with a memory consumption of approximately 1GB. It can 

run stably on common embedded controllers without the 

need for high-performance hardware support. The central 

optimization module is based on GPU servers to complete 

energy consumption prediction and strategy generation, 

with an average control cycle of 2.3 seconds and 

optimization calculations accounting for about 65%. 

Taking mid-range GPUs (such as RTX A2000) as an 

example, they can support real-time control of over a 

hundred terminals and provide lightweight versions to 

adapt to resource constrained scenarios. The interactive 

feedback module transmits data and instructions through 

WebSocket, with a bandwidth requirement of 

approximately 3.9Mbps and a latency of less than 180ms, 

which can meet the real-time requirements of building 

group monitoring and support remote operation and 

maintenance. In terms of economic investment, taking a 

medium-sized building complex consisting of 5 office 

buildings, 300 rooms, and 500 collection points as an 

example, the total investment is about 800000 yuan, 

covering software, hardware, and platform integration, 

which is lower than most similar solutions. Modular design 

supports later expansion, compatible with BAS, EMS, and 

smart building platforms, avoids information silos, and has 

hot swappable and remote update capabilities. In addition, 

the model can seamlessly integrate with existing BAS, 

EMS, and smart building platforms through standard 

interfaces, avoiding information silos, supporting module 

hot plugging and remote updates, and significantly 

reducing later operation and maintenance costs. Overall, 

the model is feasible in terms of computational burden, 

economic investment, and compatibility, providing solid 

support for the promotion and application of energy 

efficiency management in green buildings in hot summer 

and cold winter zones. 
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5.4  The application value of models in 
improving energy efficiency of green 
buildings 

In the energy efficiency optimization of green buildings in 

hot summer and cold winter zones, improving operational 

efficiency and ensuring system stability are the key to 

implementing energy efficiency management. The energy 

efficiency control model proposed in this study, which 

integrates artificial intelligence optimization algorithms, 

has demonstrated significant value in multiple application 

areas. From the perspective of operational performance, the 

model achieves dynamic updates and path corrections in 

energy consumption scheduling through deep integration of 

prediction and optimization, significantly improving 

energy utilization and operational efficiency. In the 

experimental environment, the regulation response time is 

shortened to less than 2 seconds on average, and the energy 

utilization rate is stable at more than 90%. At the same time, 

the closed-loop feedback mechanism can quickly 

distinguish the interference caused by electricity price 

fluctuations, equipment shutdowns, and sudden increases 

in demand, and reconstruct optimization strategies in a 

short period of time to avoid uncontrolled energy efficiency 

fluctuations. According to statistics, unplanned operational 

interruptions have decreased by about 40%, the success rate 

of demand response has increased to 93%, and energy 

waste and equipment overload have significantly decreased. 

In terms of energy efficiency management, the model 

visualizes energy consumption distribution, equipment 

status, and comfort indicators through a graphical platform, 

allowing operators to intuitively grasp the global status of 

the system and make decisions and trend judgments based 

on data. This model breaks through the traditional control 

method that relies on experience and promotes energy 

efficiency management to shift from passive regulation to 

active optimization. System compatibility also enhances its 

potential for promotion. The model can seamlessly 

integrate with BAS, EMS, and smart building systems, 

supporting remote deployment and modular expansion, and 

adapting to different types and sizes of building clusters. 

Its standardized interface avoids duplicate construction and 

information isolation issues, making the energy efficiency 

system more flexible in updates and operations, and 

reducing additional investment costs. 

5.5  Comparison with state-of-the-art 
studies 

Table 1 provides a reference for quantitative 

comparison.The proposed framework achieves a prediction 

MAE of 6.8%, energy utilization of 91.3%, average 

response delay of 1.9 s, and comfort compliance of 

92.4%.In contrast, Boutahri et al. (2025) reported 14% 

energy saving without comfort control, Wei et al. (2017) 

achieved 15% saving in simulation, and Gao et al. (2019) 

obtained MAE 0.29 with 11% comfort gain. Ding et al. 

(2022) reached RMSE 0.32 and 13% saving, while later 

studies focused on single objectives or simulation only.Our 

method lowers prediction error, enhances comfort, and 

raises utilization in both simulation and field 

tests.Differences mainly stem from (i) larger and more 

diverse data (14 M records, two years), (ii) closed-loop 

integration of forecasting, demand response and 

optimization, (iii) inclusion of field deployment, and (iv) 

reward shaping on comfort and equipment life.Paired t-

tests (α = 0.05) across 30 runs confirm that gains in MAE, 

utilization and comfort are statistically significant.  

6  Conclusion 

This article proposes a comprehensive energy efficiency 

control model that integrates deep learning, reinforcement 

learning, and evolutionary optimization algorithms to 

address issues such as insufficient prediction accuracy, 

delayed dynamic response, and system instability in green 

building energy efficiency control in hot summer and cold 

winter zones. The model constructs a closed-loop 

framework of "prediction optimization execution 

feedback". The experimental results show that the model 

outperforms traditional methods in energy consumption 

prediction, demand response, energy utilization, and 

comfort maintenance. The prediction error is reduced to 

6.8%, the energy utilization rate reaches 91.3%, the 

response delay is shortened to 1.9 seconds, the comfort 

compliance rate is 92.4%, and the interruption rate is only 

3.5%. This verifies the adaptability and stability of the 

model in complex climates. At the same time, the model 

performs well in terms of computing resources and 

communication overhead, and can run stably in common 

building controllers and mid-range GPU environments, 

making it feasible for application in medium to large 

building clusters. However, there are still shortcomings in 

this study: firstly, the dataset size is limited and the scene 

diversity is insufficient, which needs to be further validated 

in a larger range of building clusters; Secondly, the 

convergence speed of reinforcement learning is slow and 

the training cost is high, which is not conducive to large-

scale real-time deployment; Thirdly, the adaptability of 

cross building group collaboration and multi terminal 

integration operation still needs further research. Future 

research can be conducted from three aspects: firstly, 

introducing transfer learning and self supervised pre 

training mechanisms to enhance their applicability under 

different climates and building types; Second, combine 

edge computing, model compression and distributed 

optimization to reduce resource consumption and enhance 

real-time scheduling capability; The third is to expand 

cross scenario collaboration applications, promote the 

promotion of models in energy efficiency management of 

urban level building clusters, and assist in green and low-

carbon development. In summary, the energy efficiency 

control framework proposed in this study provides an 

effective path for improving the energy efficiency of green 

buildings in hot summer and cold winter zones, and lays 

the engineering and theoretical foundation for the 

construction of intelligent control systems. 
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Efficient and controllable 3D scene layout generation and editing are of great significance to virtual reality, 

architectural visualization, and intelligent interaction systems. They not only enhance the efficiency of 

spatial design but also improve user experience. This paper proposes a generation framework that 

combines the diffusion model with the spatial attention mechanism: The diffusion model approximates the 

true distribution through a step-by-step denoising process, ensuring the stability and diversity of the global 

layout; The spatial attention mechanism dynamically focuses on key areas in object relationship modeling, 

thereby enhancing the accuracy and consistency of local editing. In the experimental section, the model 

was systematically evaluated based on public datasets and a self-built scene library. Performance metrics 

such as layout accuracy (89.3%), intersection over union (IoU) (0.76), Fréchet Inception Distance (FID) 

(31.2), and editing consistency score (0.84) were used for performance measurement. The results show that 

this method maintains high precision while having good inference efficiency: The average generation time 

per scene on the GPU platform is 1.3 s, and about 5.9 s on embedded devices, which is superior to baseline 

methods. This framework demonstrates clear advantages in cross-platform deployment and multi-scenario 

adaptability, providing a new technical path for the intelligent generation and industrial application of 3D 

content. The evaluation was conducted on the 3D-FRONT and SUNCG datasets together with a 300-scene 

supplementary dataset. Layout Accuracy was defined as correct placement within 0.20 m translation error 

and 15 ° rotation error., IoU was computed on 128³ voxel grids, FID was calculated from five rendered 

views per scene using Inception-v3 features, and the Editing Consistency Score was defined as the ratio of 

satisfied spatial constraints while preserving overall structural similarity.  

Povzetek:Članek predstavi pogojeni difuzijski model s prostorsko pozornostjo za nadzorovano generiranje 

in urejanje 3D postavitev. Sistem omogoča hitro, stabilno in prilagodljivo večplatformno generiranje 

prizorov. 

 

1  Introduction 

With the rapid development of technologies such as virtual 

reality (VR), augmented reality (AR), smart home and 

human-computer interaction, the generation of 3D scene 

layout has gradually become an important part of digital 

content production and intelligent design [1]. Compared 

with the traditional manual modeling method, the 

automated layout generation can not only significantly 

reduce labor costs, but also improve design efficiency and 

space utilization. However, how to ensure the rationality of 

the spatial structure, the accuracy of the geometric 

relationship, and the controllability of the user's editing 

operation simultaneously during the generation process 

remains a prominent challenge faced by current research 

[2]. 

Most of the existing methods are based on Generative 

Adversarial Networks (GANs), Variational Autoencoders 

(VAEs), or Transformer architectures. These methods have 

demonstrated certain generation capabilities in specific 

scenarios, but they also have obvious shortcomings: GAN 

methods are prone to pattern collapse and have difficulty 

maintaining scene diversity; The VAE model is superior in 

generation efficiency, but often sacrifices the authenticity 

of details. The Transformer model can capture long-range 

dependencies but performs poorly in terms of 

computational complexity and inference latency [3]. More 

crucially, the above-mentioned methods often lack refined 

support when dealing with the controllable constraints 

proposed by users (such as "bed against the wall" and "table 

in the center"), resulting in layout results that are difficult 

to meet the actual design requirements. 

However, despite the progress of GAN-, VAE-, and 

Transformer-based methods, none of these approaches can 

simultaneously guarantee global layout stability and local 

controllability under real-time constraints. GANs often 

suffer from mode collapse and weak semantic consistency; 

VAEs trade off geometric fidelity for speed; Transformers 

achieve global coherence but incur high computational 

latency. Diffusion models improve diversity but lack 

explicit mechanisms for fine-grained spatial editing. This 



352 Informatica 49 (2025) 351–364 K. Zhu et al. 

 
 

gap motivates the need for a unified framework that can 

combine global stability with local controllability while 

remaining computationally efficient. 

In response to the above problems, this paper proposes 

a controllable generation and editing framework for 3D 

scene layout that combines diffusion models and spatial 

attention mechanisms. The diffusion model, through a step-

by-step denoising generation process, can stably approach 

the true distribution, thereby enhancing the rationality of 

the global layout and the diversity of generation. The 

spatial attention mechanism introduces dynamic weighting 

in the modeling of inter-object relationships, highlighting 

the constraint relationship between key furniture and space, 

effectively enhancing the controllability and semantic 

consistency of the generated results. The combination of 

the two enables the model to not only have the ability to 

model global distribution but also to respond flexibly to 

local editing requirements. 

The proposed framework provides substantial value 

for applications such as virtual reality interaction, 

architectural visualization, smart home systems, and robot 

navigation. High-precision scene generation accelerates 

creative design and engineering implementation while 

supporting human-computer collaboration and immersive 

interaction [4]. 

The structure of this article is arranged as follows: 

Chapter Two reviews the relevant research work in the field 

of 3D scene generation; Chapter Three elaborates on the 

technical framework and key mechanisms of the proposed 

method; Chapter Four presents the experimental data and 

performance evaluation results; Chapter Five conducts an 

in-depth discussion from aspects such as model comparison, 

computational complexity, scalability, and practical 

application value. Chapter Six summarizes and looks 

forward to the entire text. 

2  Related work 

The generation and editing of 3D scene layout, as a core 

link in virtual reality, architectural visualization and 

intelligent interaction systems, has always been an 

important research direction in computer vision and 

graphics. However, this task still faces significant 

challenges: Firstly, the relationships among objects in the 

three-dimensional scene are complex and the spatial 

semantic constraints are strong, which leads to the 

generation results being prone to overlap and conflict; 

Secondly, users often need controllable local editing in 

practical applications, but existing methods perform poorly 

in terms of constraint response and fine-grained operations 

[5]. 

In the early research stage, rule-based and probabilistic 

graphical model-based methods were widely used, such as 

Markov random fields and geometric constraint 

optimization methods. They can ensure basic rationality in 

small-scale scenarios, but have obvious limitations in 

complex layouts and cross-scenario generalization. With 

the development of deep learning, generative adversarial 

networks (GAN) and variational autoencoders (VAE) have 

gradually been introduced into 3D layout tasks. GAN has 

an advantage in detail capture, but the training process is 

prone to pattern crashes. VAE performs well in inference 

speed, but often at the expense of geometric accuracy and 

layout diversity [6]. 

In recent years, the Transformer architecture has 

gradually become a research hotspot due to its global 

dependency modeling capability. Its representative 

methods can capture long-range relationships across 

objects and demonstrate good semantic consistency in 

large-scale scene generation. However, such models 

usually have large parameter scales and long inference 

times, which limits their application on edge devices [7].  

The introduction of the diffusion model has brought a 

new breakthrough to the generation of 3D scenes. Its 

stepwise denoising generation process can stably approach 

the true distribution, enhancing global rationality while 

ensuring diversity. The Scene Diffusion proposed by Han 

et al. can drive the generation of 3D scenes through text 

conditions [8]; The iControl3D developed by Li et al. has 

achieved controllable layout interaction [9]; The Attention 

Warping proposed by Gomel and Wolf utilizes the attention 

mechanism in the diffusion model to enhance the 

consistency of 3D editing [10]. Meanwhile, the latest 

review research also indicates that diffusion models have 

gradually become the core framework in the field of 3D 

generation and have demonstrated broad application 

prospects in virtual reality and interaction design [4]. The 

following table provides a quantitative comparison of 

representative 3D scene layout generation methods, 

including datasets, supervision type, evaluation metrics, 

and reported results, which highlight their relative 

strengths and limitations.

 

Table 1: Quantitative comparison of representative 3d scene layout generation methods 

 

Method 

Type 

Representative 

Work 
Dataset Supervision Metrics (Reported Results) 

GAN-based 
LayoutGAN 

(baseline) 
SUNCG Supervised LA: 78.5%, IoU: 0.65, FID: 47.9 

VAE-based 
VAE-Layout 

(baseline) 
3D-FRONT Supervised LA: 80.2%, IoU: 0.63, FID: 44.6 

Transformer 
SceneFormer 

(baseline) 
3D-FRONT Supervised LA: 84.7%, IoU: 0.70, FID: 36.8 

Diffusion DiffuScene [1] 3D-FRONT Supervised LA: 86.5%, IoU: 0.74, FID: 33.5 
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 DiffInDScene [2] 

3D-

FRONT/SUNC

G 

Supervised LA: 87.2%, IoU: 0.75, FID: 32.8 

 DORSal [5] Synthetic Weak sup. ↑ Object placement accuracy, ECS ↑ 

 LAW-Diffusion [17] 3D-FRONT Supervised LA: 85.9%, IoU: 0.72, FID: 34.0 

Diffusion+

Attn 
iControl3D [9] 

SUNCG/3D-

FRONT 
Supervised ECS: 0.82, IoU: 0.73, FID: 34.2 

 
Attention Warping 

[10] 
SUNCG Supervised Improved editing stability, ECS ↑ 

Scene 

Graph+Diff 
CommonScenes [6] SUNCG Supervised IoU: 0.73, ECS: 0.80 

 GraphDreamer [14] 3D-FRONT Supervised IoU: 0.74, FID: 33.0 

Graph 

Networks 
SceneHGN [15] 3D-FRONT Supervised Fine-grained geometry accuracy ↑ 

Proposed 

(Ours) 
Diffusion + SpAttn 

FRONT + 

SUNCG 
Supervised LA: 89.3%, IoU: 0.76, FID: 31.2, ECS: 0.84 

This article highlights several key areas that require 

further research to enhance the performance of 3D scene 

layout generation and editing. 

Most of the existing methods rely on synthetic datasets 

of limited scale, often focusing on single rooms or 

standardized scenarios. This type of dataset lacks sufficient 

complexity and diversity, making it difficult to cover the 

multi-object combinations and irregular layouts that occur 

in real environments, thereby limiting the generalization 

ability of the model. 

Many models rely solely on a single architecture 

during feature processing, such as directly inputting the 

extracted geometric or semantic features into the fully 

connected layer, lacking in-depth optimization for spatial 

relationships and local editing consistency. Some studies 

have introduced the attention mechanism, but most of them 

are limited to a single dimension, either emphasizing 

spatial structure or highlighting semantic constraints, and 

have not yet formed a comprehensive modeling of the 

unique global-local coupling characteristics of three-

dimensional scenes. 

The current experimental evaluations are mostly 

focused on single-platform or offline scenarios, lacking 

systematic verification of cross-platform deployment and 

real-time interaction scenarios. This makes the model still 

uncertain in practical applications such as virtual reality, 

smart home or robot navigation. 

Filling these gaps is of great significance for 

promoting the development of intelligent generation of 3D 

content, enhancing the accuracy, controllability and 

scalability of layout results. To guide the research of this 

paper, we reformulate the following research questions into 

testable hypotheses: 

Hypothesis H1: The proposed diffusion–spatial 

attention framework achieves significantly higher accuracy 

(Layout Accuracy and IoU) and controllability (Editing 

Consistency Score) than traditional single deep learning 

methods such as GAN, VAE, and Transformer baselines. 

Hypothesis H2: Integrating spatial attention into the 

reverse steps of the diffusion process improves both global 

structural consistency and local editing flexibility 

compared with diffusion-only or attention-only variants. 

The main contributions of this paper can be 

summarized as follows: 

A unified controllable generation framework that 

integrates diffusion models with spatial attention, ensuring 

both global stability and local controllability in 3D scene 

layout. 

A spatial attention–guided feature optimization 

mechanism that dynamically models key object 

relationships, enhancing geometric rationality and 

semantic consistency. 

Extensive experiments on public and self-built datasets, 

demonstrating superior performance in layout accuracy, 

IoU, FID, and editing consistency, as well as strong cross-

platform adaptability. 

3  Methodology 

3.1  Design of 3D scene layout generation 
framework 

In the current task of automatically generating 3D scenes, 

there are generally two types of problems: First, the 

rationality of the layout is insufficient, which is prone to 

defects such as overlapping objects, uncoordinated scale 

proportions, and missing spatial semantic relationships; 

Second, there is a lack of flexible response to user demands, 

making it difficult to achieve interactive and controllable 

layout generation. In response to these limitations, this 

study designs a three-dimensional scene layout generation 

framework based on diffusion models and spatial attention 

mechanisms, striving to balance diversity, rationality and 

controllability during the generation process. 

The overall structure of the framework adopts a multi-

level path design of "conditional input - diffusion 

generation - spatial attention - result output". Firstly, 

introduce scene condition constraints at the input end, 

which can be user-preset room floor plans, object category 

lists, or some existing layout information, as the prior 

control signals for the generation process. Subsequently, 

the diffusion model gradually transforms high-dimensional 

random noise into a three-dimensional scene layout that 

conforms to semantic and spatial constraints through step-
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by-step denoising. Compared with traditional generative 

models, diffusion models have higher stability and 

interpretability when dealing with complex distributions 

and can effectively avoid the phenomenon of pattern 

collapse. 

To further strengthen the spatial dependency 

relationship between objects in the layout, this framework 

introduces a spatial attention module at the key stage of the 

diffusion process. This module highlights the interaction 

between functional areas and key objects in the room 

through a dynamic weight distribution mechanism. For 

instance, in the living room scene, it emphasizes the 

relative positions of the sofa and coffee table, while in the 

bedroom scene, it highlights the placement relationship 

between the bed and the wardrobe. Spatial attention not 

only ensures the geometric rationality of the layout but also 

enhances the semantic consistency of the global scene. 

At the result output end, the framework offers two 

generation modes: one is the global generation mode, 

which is suitable for building a complete scene from 

scratch; Another type is the local editing mode, which 

allows for additions, deletions, and modifications to the 

existing layout, such as replacing furniture, adjusting 

angles, or rearranging objects. The two modes share the 

underlying diffusion and attention mechanisms, thereby 

achieving the unification of scene generation and editing in 

the same system. 

The overall information flow of the framework is 

shown in Figure 1: The condition input is normalized and 

semantically parsed through the preprocessing module, 

then enters the diffusion generation channel to complete the 

initial layout, and then the spatial attention module 

performs spatial dependency optimization. Finally, a three-

dimensional scene result that meets the controllability 

requirements is output.

 

 
 

Figure 1: Schematic diagram of the 3D scene layout generation framework 

3.2  Controllable generation mechanism of 
diffusion model 

The diffusion model is essentially a generation framework 

based on stepwise denoising. It achieves the generation 

from random noise to the target sample by simulating the 

"forward diffusion" process from the data distribution to 

the Gaussian noise distribution and the corresponding 

"reverse denoising" process. In 3D scene layout tasks, this 

mechanism is particularly suitable for modeling complex 

and diverse spatial distributions, as there are highly 

nonlinear correlations among object categories, positions, 

orientations, etc. in the scene, and traditional generative 

models often find it difficult to capture them stably. 

In the forward process, the real layout sample 0x
 is 

gradually added with noise, resulting in a series of 

intermediate states T21 x,…,x,x
. Its evolution process 

can be expressed as: 

I)β,xβ-1N(=)x∣q(x t1-tt1-tt （1） 

I)σc),t,,(xμN(x=c)x∣(xp 2

ttθ1-tt1-t ；，
（2） 

Here, tβ  represents the noise intensity at step t. After 

a sufficient number of iterations, Tx
 approximately 

follows the standard Gaussian distribution. 

During the reverse generation process, the model 

learns a conditional probability distribution of  

 

)∣( 1 ,cxxp tt-θ , where c represents the control signal. The 

source of control signals can be user-preset scene  

 

constraints (such as room structure, object category list), 

semantic labels, or existing partial layouts. By introducing 

conditional variables, the diffusion model can not only 

generate diverse three-dimensional layouts but also ensure 

that the results meet the expected semantic and geometric 

constraints. Its core objective function is: 

]∥)([∥ 2

0
,t,cx-L=E tθ,t,x    （3） 

Among them, ϵ is the real noise, and θ  is the model 

prediction noise. The loss function drives the parameter 

update by minimizing the difference between the two. To 

enhance controllability, this study introduces Condition 

Embedding at each stage of reverse denoising, mapping 

external constraint signals into the latent space and fusing 

them with noise features. In this way, different condition 

Condition input (floor plan/Object 

category/partial layout) 

Preprocessing and feature analysis 

module 

Diffusion generation process 

(stepwise denoising) 

Spatial attention mechanism 

(Relational Modeling) 

Global generation mode (complete 

layout) 

Partial editing mode (Add, Delete, 

modify) 

Output a controllable 3D scene 

layout 
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inputs can directly affect the generated trajectory. For 

instance, when the user specifies the constraint of "the desk 

is close to the window", the model will assign a higher 

weight to the relevant spatial relationship during the 

generation process, thereby presenting a reasonable local 

layout in the final result. At the same time, for 3D scene 

editing tasks, diffusion models have inherent flexibility. By 

re-adding noise to some areas of the existing scene and then 

performing denoising generation under certain constraints, 

local addition, deletion and modification operations can be 

achieved without completely rebuilding the scene. This 

"conditional diffusion - local sampling" mode ensures the 

coherence of editing and the overall consistency of the 

scene. 

3.3  Introduction and optimization of spatial 
attention mechanism 

In the process of generating 3D scene layout, there are not 

only semantic associations among objects, but also strict 

geometric constraints and spatial dependencies. For 

instance, beds are usually placed against the wall, there is 

a fixed functional distance between sofas and coffee tables, 

and desks are often close to Windows. If these spatial 

relationships are not effectively modeled, the generated 

results are prone to unreasonable placement, weakening the 

realism and practicality of the scene. Therefore, relying 

solely on the gradual denoising of the diffusion process is 

difficult to ensure the spatial consistency of the layout. It is 

necessary to introduce a spatial attention mechanism into 

the model. 

The core idea of the spatial attention mechanism is to 

dynamically highlight the features of key areas and related 

objects in the scene through a weighting strategy, thereby 

achieving a balanced modeling of the relationship between 

the local and the global. In mathematical expression, the 

input feature can be represented as 
d×NR∈F , where N 

represents the number of objects or spatial units in the 

scene and d represents the feature dimension. By 

calculating three sets of vectors: query (Q), key (K), and 

value (V), the attention distribution can be obtained: 

)V
d

QK
Softmax(=V)K,Q,Attention(

T

（4） 

In this study, Q,K and V are respectively obtained by 

object position encoding, category embedding and 

geometric feature mapping, enabling the attention 

mechanism to simultaneously capture the dual constraints 

of semantics and space. For instance, in a living room 

scenario, the position encoding of the sofa will generate a 

high-weight match with the geometric features of the 

coffee table, thereby guiding the generation result to 

maintain a reasonable relative distance. 

To further enhance the model's efficiency and 

generalization, this study designed two optimizations in the 

spatial attention mechanism: 

(1) Local-global combination strategy. Within a local 

range, the attention module focuses on modeling the 

interaction between adjacent objects to ensure a reasonable 

microscopic arrangement. At the global level, the overall 

semantic consistency of core functional areas (such as 

bedrooms and living rooms) is strengthened through a 

sparse attention matrix. 

(2) Multi-scale spatial embedding. For spatial 

relationships at different scales, fine-grained (object level) 

and coarse-grained (region level) feature maps are 

respectively constructed, and the two are integrated 

through a multi-scale fusion layer, thereby achieving 

unified modeling from individual furniture to the entire 

room. 

Meanwhile, the spatial attention module does not exist 

in isolation but is embedded in the reverse generation step 

of the diffusion model. At each step of the denoising 

process, the model dynamically adjusts the attention 

distribution based on the conditional signals and the current 

scene state to ensure that the layout generation is consistent 

with the user's requirements. This iterative embedding 

approach enables spatial constraints to remain in effect 

throughout the entire generated trajectory, rather than being 

corrected only at the result stage. 

3.4  Model training process and 
hyperparameter settings 

To ensure that the generation of 3D scene layout achieves 

the expected results in terms of spatial rationality and 

controllable editability, this study has constructed a 

systematic training mechanism and parameter optimization 

strategy based on the diffusion model and the spatial 

attention module. The training process covers data input, 

diffusion generation, spatial relationship modeling, and 

result decoding, ensuring that the model has stable 

generation capabilities in various scenarios. 

The system structure mainly consists of four parts: 

diffusion generation path, conditional embedding fusion, 

spatial attention optimization and layout decoder. The 

diffusion path is set with a step-by-step denoising step 

number of 1000. In each round of iteration, the scene layout 

is reconstructed under the combined effect of the 

conditional signal and the attention mechanism. 

Conditional embedding is used to introduce user-set 

geometric constraints and semantic priors, while the spatial 

attention module dynamically adjusts the spatial weights 

between objects to strengthen the relative positional 

relationships of key objects such as furniture, walls, and 

doors and Windows. 

In terms of the training mechanism, the loss function 

adopts a weighted combination form, consisting of two 

parts: the noise prediction error and the scene relationship 

constraint error. This not only ensures the denoising 

accuracy of the diffusion model but also maintains the 

consistency of spatial semantics. The optimizer selects 

AdamW, with the initial learning rate set to 0.0005. The 

momentum parameters β1=0.9, β2=0.999, are dynamically 

adjusted in combination with the cosine annealing 

scheduling strategy. The Early Stopping mechanism is 

introduced during training, tolerating 15 rounds and a 

maximum of 200 training rounds to effectively prevent 

overfitting. The selection of hyperparameters is 

accomplished through grid search. The diffusion steps were 

compared among the three groups of 500, 750, and 1000. 
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The conditional embedding dimensions were set to 128, 

256, and 512 respectively. The spatial attention module 

attempted single-layer and double-layer structures, and the 

batch sizes were set to 8, 16, and 24. The experimental 

results show that when the diffusion steps are set to 1000, 

the embedding dimension is 256, and a double-layer spatial 

attention structure is adopted, the model achieves the best 

balance between layout rationality and generation diversity. 

To further enhance the generalization ability, a five-fold 

cross-validation was adopted during the training process. 

Comprehensively evaluate the Fréchet Inception Distance 

(FID) (FID), Layout Accuracy (Layout Accuracy), IoU 

(Intersection over Union), and editing consistency 

indicators. By combining round-by-round error screening 

and stability optimization, unreasonable samples are 

eliminated and high-confidence features are strengthened, 

enabling the model to maintain stable performance in 

various scenarios such as bedrooms, living rooms, and 

office Spaces. 

Algorithm 1. Training pipeline for controllable 3D 

scene layout generation 

1: Input dataset D with scene graphs and voxel grids 

2: Initialize diffusion model parameters θ 

3: for each epoch do 

4: Sample mini-batch from D 

5: Add noise to obtain x_t according to Eq. (1) 

6: Embed conditions (layout constraints) into latent 

space 

7: Apply spatial attention module to refine Q, K, V 

(Eq. (3)) 

8: Predict noise ε_θ and compute loss ℒ (Eq. (2)) 

9: Update θ using AdamW optimizer 

10: end for 

The architecture consists of 12 denoising layers with 

residual connections, each coupled with a two-layer spatial 

attention block. Conditional embeddings of dimension 256 

are fused at every step. Dataset splits follow an 8:1:1 

train/validation/test ratio. Metrics are defined in Section 

4.3, and code will be made available upon acceptance. 

4  Experiments and results 

This paper presents the experimental results of 3D scene 

layout generation and controllable editing. The 

experiments are designed to test the two hypotheses 

formulated in Section 2. Specifically, ablation studies on 

conditional control and spatial attention directly evaluate 

H2, while the comparative experiments with GAN, VAE, 

and Transformer baselines evaluate H1. We adopted a 

multi-source three-dimensional dataset including furniture 

categories, room structures and spatial relationships to 

conduct a comprehensive evaluation of the proposed 

diffusion generation framework and spatial attention 

mechanism. The contribution of different modules was 

verified through ablation experiments, and a comparison 

was made with mainstream methods in the discussion 

section to reveal the advantages of the method proposed in 

this paper in terms of spatial rationality, controllability and 

cross-scenario adaptability. 

4.1  Dataset and scene sample construction 

This study mainly used two public indoor layout datasets, 

3D-FRONT and SUNCG, and constructed a small-scale 

supplementary sample set in combination with actual 

design cases. 

The 3D-Front dataset contains over 20,000 indoor 3D 

scenes, covering various functional Spaces such as 

bedrooms, living rooms, studies, and dining rooms. This 

dataset provides complete information on room geometry 

and furniture examples. Each object is labeled with 

category, three-dimensional position, rotation Angle and 

size parameters, which can support the modeling of spatial 

dependency relationships. The SUNCG dataset includes 

approximately 40,000 synthetic indoor scenes, with diverse 

sources and significant differences in layout styles. Its 

characteristic lies in the inclusion of a large number of user-

modeled variants, which can better reflect different design 

preferences and scene complexities, and is valuable for 

testing the generalization ability of the model. The 

supplementary sample set consists of 300 interior design 

schemes for actual residential and office Spaces. The data 

is uniformly preprocessed and transformed into a structured 

representation based on scene graphs, which is used to test 

the performance of the model in real applications. 

It should be pointed out that although the above-

mentioned dataset covers multiple types of Spaces, it still 

has limitations. The scenes of 3D-FRONT are mostly 

designed in a regular way, and some samples have idealized 

processing in terms of materials and geometric details. 

SUNCG contains a certain proportion of user-generated 

data, which varies in quality and may result in semantic 

inconsistencies or distorted furniture proportions. The scale 

of the supplementary sample set is limited and it is difficult 

to fully cover the diversity of large-scale actual scenarios. 

Despite this, these datasets still possess high spatial 

resolution and rich object annotation information, making 

them an ideal choice for developing and verifying 3D scene 

generation models. All experiments were conducted on a 

workstation equipped with an NVIDIA RTX 3090 GPU (24 

GB memory), Intel Xeon Gold 6230 CPU, and 256 GB 

RAM, running Ubuntu 20.04 with CUDA 12.1 and 

PyTorch 2.1. Each model was trained for up to 200 epochs 

with early stopping after 15 non-improving epochs, and 

random seeds were fixed across all runs to ensure 

reproducibility. On the 3D-FRONT dataset, training took 

approximately 46 hours, while on SUNCG it required about 

58 hours with batch size 16. Average inference speed was 

measured over 500 test scenes. Baseline models 

(LayoutGAN, VAE-Layout, SceneFormer) were re-trained 

under the same environment with their officially released 

code, and hyperparameters were tuned via grid search to 

ensure fairness. Dataset splits followed an 8:1:1 ratio for 

training, validation, and test sets. 

4.2  Data preprocessing and feature 
representation 

To enhance the stability and effectiveness of 3D scene data 

during the model training process, this study has 

constructed a systematic preprocessing and feature 
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expression process for multi-source indoor layout samples 

to increase the convergence speed of the model, improve 

the accuracy of spatial relationship modeling, and reduce 

the risk of overfitting caused by data differences. 

In terms of geometric preprocessing, all scenes are 

unified to the standard coordinate system, and the room 

side lengths are scaled to the [0,1] interval through scale 

normalization to ensure the comparability of samples from 

different sources at the spatial scale. To reduce unnecessary 

noise, low-frequency and redundant objects (such as small 

decorative pieces) have been eliminated, and only objects 

that have a decisive impact on the space function, such as 

beds, sofas, tables and chairs, and cabinets, are retained. 

For partially missing object labels (accounting for 

approximately 1.5%), a proximity constraint interpolation 

strategy is adopted, and corrections are made based on 

typical positions in similar scenes to ensure the integrity of 

the scene relationship graph. 

In terms of feature expression, a dual feature system 

was constructed: the first one is voxelization representation, 

which discretizes the three-dimensional space into a fixed-

resolution voxel mesh to support the generation process of 

stepwise denoising of the diffusion model; The second is 

the scene representation based on graph structure, taking 

each furniture instance as a node. The node features include 

category, three-dimensional position and size information, 

while the edge features describe the relative distance and 

orientation between objects. Numerical features are 

normalized from minimum to maximum, and categorical 

features are encoded with single heat, thereby ensuring that 

different modal features maintain numerical stability and 

trainability during fusion. 

In terms of data partitioning, the principle of "scene 

independence" is followed. The training set, validation set 

and test set are divided in an 8:1:1 ratio to ensure that the 

test set includes unseen combinations of house types and 

furniture matching methods. The training set maintains 

balanced coverage in spatial functional categories (such as 

bedrooms, living rooms, studies, office areas, etc.) to 

prevent the model from overfitting a single spatial type. 

The validation set is used to adjust hyperparameters, while 

the test set is used for the final performance evaluation to 

ensure the reliability and generalization performance of the 

generated results. 

4.3  Evaluation indicators and performance 
metrics 

To comprehensively evaluate the performance of 3D scene 

layout generation and controllable editing, this study 

adopts four indicators: FID, layout accuracy, intersection 

and union ratio, and Editing Consistency Score (ECS). 

These indicators cover the perceptual quality, geometric 

rationality and controllable editing effect of the generated 

scene, and can reflect the overall performance of the model 

from different perspectives. 

First, FID, as a commonly used quality assessment 

index in the field of image generation, has been introduced 

into the distribution comparison of 3D layout rendering 

results. It reflects the authenticity and diversity of the 

generated scene by measuring the distribution differences 

between the generated samples and the real samples in the 

feature space. A lower FID value indicates that the 

generated layout is closer to the true distribution in overall 

perception, but it is insensitive to a small amount of 

geometric error and needs to be used in combination with 

other metrics. The Fréchet Inception Distance (FID) is 

formally defined as: 

))(2-++Tr(∥μ-μ∥=FID 2

1

r ggr

2

2gr   （5） 

where μr,Σr, and μg,Σg,denote the mean and covariance 

of real and generated sample distributions. 

Second, layout accuracy (LA) is used to measure the 

degree of match between the generated results and the 

actual annotations in terms of object categories and 

positions. The calculation method is the ratio of the number 

of correctly placed objects in the generated scene to the 

total number of target objects: 

total

correct

N

N
LA=

     （6） 

Among them, correctN
 represents the number of 

objects with correct categories and positions, and totalN
 

represents the total number of target objects. This indicator 

can visually reflect the rationality of the scene at the 

geometric and semantic levels. 

Thirdly, IoU is used to measure the degree of overlap 

between the generated object and the real object in three-

dimensional space 

gtpred

gtpred

∪VV

∩VV
IoU=

     （7） 

Among them, predV
 and gtV

respectively represent 

the voxel volumes of the predicted object and the real 

object. IoU is extremely sensitive to the scale and relative 

positions of objects in the layout, and thus is suitable for 

detecting the geometric accuracy of models at the fine-

grained level. Finally, the Editing Consistency Score (ECS) 

is used to evaluate the coherence of local editing tasks. It 

measures whether the overall geometric structure and 

semantic function of the scene remain consistent after the 

operations of adding, deleting and modifying. The higher 

the ECS value, the more it indicates that the model can 

maintain the stability of the global layout while responding 

to local constraints. Formally, the Editing Consistency 

Score (ECS) is defined as the ratio of satisfied spatial 

constraints to the total number of applied constraints: 

 totaltsNconstrain

satisfied tsNconstrain
=ECS （8） 

4.4  Ablation experiment and analysis of key 
factors 

To verify the independent contribution and synergy of each 

module in the 3D scene layout generation framework 

proposed in this paper, a systematic ablation experiment 

was designed and implemented. Meanwhile, the proposed 
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method is compared horizontally with mainstream 3D 

generation models to comprehensively evaluate the 

accuracy, stability and controllable editing ability of the 

proposed model. 

In the ablation experiment section, the main focus was 

on the stripping test of the diffusion generation mechanism 

and the role of the spatial attention module, and the 

following model variants were constructed: ① Basic 

model: Only the diffusion model was adopted, without 

introducing spatial attention and conditional constraints; 

② Diffusion + conditional control model: Conditional 

embedding is added to the basic model, but the spatial 

attention mechanism is not used; ③ Diffusion + Spatial 

Attention model: Introduce the spatial attention mechanism 

into the basic model, but do not perform conditional control; 

④ Complete model: It simultaneously incorporates 

diffusion generation, conditional control, and spatial 

attention mechanisms. 

The experimental results show that the layout accuracy 

(LA) of the basic model on the test set is only 74.2%, and 

the FID is 48.7. There are obvious phenomena of object 

overlap and unreasonable layout. After adding conditional 

control, the accuracy rate increased to 81.6% and the FID 

decreased to 39.4, indicating that the conditional signal can 

effectively guide the global layout. After further 

introducing the spatial attention mechanism, the accuracy 

rate reached 85.8%, the average IoU increased from 0.62 to 

0.71, and the relative position relationship of objects in the 

scene was significantly optimized. The complete model 

performed the best, with an accuracy rate of 89.3%, the FID 

dropped to 31.2, the average IoU increased to 0.76, and 

achieved an edit consistency score (ECS) of 0.84 in the 

local editing experiment, proving that the combination of 

the three can achieve the unity of spatial rationality and 

user controllability.

 
Figure 2: Ablation study of different model variants on the 3D-FRONT test set. Metrics reported include Layout 

Accuracy, IoU, and FID. The results demonstrate the contribution of conditional embedding, diffusion process, and spatial 

attention module 

 

In the horizontal comparison experiment, the 

performance of the method proposed in this paper was 

compared with three mainstream models: GAN-based 

LayoutNet, VAE-Layout, and Transformer-SceneGen. The 

results show that the traditional generative adversarial 

network method performs averagely in terms of diversity, 

with the FID value remaining above 45. The VAE model 

has a fast generation speed, but geometric distortion often 

occurs in the scene, with an IoU of only 0.63. The 

Transformer-based method has an advantage in capturing 

global dependencies, with an accuracy rate of 84.7%, but 

its reasoning speed is relatively slow, with an average 

generation time of 2.1 seconds per scene. In contrast, the 

model proposed in this paper achieved the best 

performance in terms of accuracy (89.3%), FID (31.2), and 

generation speed (1.3 seconds per scene), verifying the 

balanced advantage of the proposed method between 

performance and efficiency.
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.  

Figure 3: Comparison of our proposed Diffusion+SAM model against LayoutGAN, VAE-Layout, and SceneFormer on the 

3D-FRONT dataset. Reported metrics include Layout Accuracy, FID, IoU, and generation speed 

 

In conclusion, through modular ablation and horizontal 

comparison experiments, it can be found that conditional 

control can significantly enhance the global semantic 

rationality, the spatial attention mechanism effectively 

optimizes the relative positions between objects, and the 

diffusion process ensures the diversity and stability of the 

overall generation. Under the synergistic effect of the three, 

the complete model proposed in this paper has achieved 

superior performance compared to mainstream methods in 

terms of generation quality, controllable editability and 

cross-scenario stability, and has strong application value 

and promotion potential. 

5  Discussion 

5.1  Comparison with existing 3D scene 
generation methods 

To evaluate the application potential of the diffusion-

attention framework proposed in this paper in the 

generation of 3D scene layout, three representative 

mainstream methods were selected for comparison: Models 

based on Generative adversarial networks (GAN) (such as 

LayoutGAN), models based on variational autoencoders 

(VAE) (such as VAE-Layout), and 3D generation methods 

based on Transformer that have emerged in recent years 

(such as SceneFormer).Compared with GAN-based 

methods, our framework avoids mode collapse through the 

progressive denoising process of diffusion models. Unlike 

VAE-based approaches that often trade accuracy for speed, 

our method preserves fine-grained geometry while 

maintaining efficient inference. Compared with 

Transformer-based models, which have high computational 

overhead due to global attention, our framework achieves 

a better balance of accuracy and latency by combining 

diffusion with sparse spatial attention. However, we also 

note that the diffusion process requires longer training time, 

and model compression or distillation will be necessary for 

lightweight deployment. The comparison dimensions cover 

layout rationality, geometric accuracy, controllability and 

generation efficiency. The relevant performance data are 

shown in Table 2.

Table 2: Performance comparison of GAN-based, VAE-based, Transformer-based, and our proposed Diffusion+SAM 

model on the 3D-FRONT dataset. Metrics include Layout Accuracy (%), Fréchet Inception Distance (FID), Intersection 

over Union (IoU), and average generation time per scene (s). 

 

Model Type Layout Accuracy (%) FID ↓ IoU 
Avg. Generation Time 

(s/scene) 

GAN-based (LayoutGAN) 78.5 47.9 0.65 1.8 

VAE-based (VAE-Layout) 80.2 44.6 0.63 1.1 

Transformer (SceneFormer) 84.7 36.8 0.70 2.1 

Ours (Diffusion + SpAttn) 89.3 31.2 0.76 1.3 

From the perspective of generation accuracy and 

spatial rationality, GAN and VAE methods have limitations 

in overall distribution learning, and problems such as 

object overlap and proportion imbalance often occur. The 

Transformer method performs well in capturing global 

dependencies, but it still lacks detailed characterization of 

local geometric relationships. In contrast, the method 

proposed in this paper ensures the stability of the global 

distribution through the diffusion process and combines the 

spatial attention mechanism to dynamically model the 

relationships between objects, thereby increasing the 

layout accuracy to 89.3% and achieving an IoU of 0.76, 

which is significantly better than the comparison 

methods.Compared with LayoutGAN (78.5%) and VAE-
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Layout (80.2%), our model achieves a relative 

improvement of +13.8% and +11.4% in Layout Accuracy, 

respectively. For IoU, the gain is +16.9% over GAN-based 

and +20.6% over VAE-based methods. The reduction in 

FID from 47.9 (GAN) and 44.6 (VAE) to 31.2 corresponds 

to a relative improvement of approximately 34.9% and 

30.1%, respectively. 

In terms of generation efficiency, the VAE model has 

a relatively fast reasoning speed, but the geometric 

authenticity of the scene is insufficient. The Transformer 

model has a relatively high accuracy rate, but its average 

generation time is 2.1 seconds, which is difficult to meet 

the requirements of some real-time application scenarios. 

The model in this paper achieves a good balance between 

accuracy and speed, with an average generation time of 

approximately 1.3 seconds per scene, making it suitable for 

deployment in interactive applications. 

In terms of controllability, most GAN and VAE 

methods rely on implicit variable regulation and lack 

explicit conditional constraints, making it difficult for users 

to directly specify the object category or relative position. 

The Transformer method has been improved in conditional 

guidance, but the control granularity is limited. The model 

in this paper, through the joint guidance of conditional 

embedding and spatial attention mechanism, supports users 

to flexibly intervene in the way of "furniture category + 

spatial constraint", and can maintain the semantic 

consistency and stability of the overall layout. 

To assess stability, we repeated each experiment five 

times with different random seeds. The standard deviation 

of Layout Accuracy across runs was within ±0.7%, IoU 

within ±0.5%, and FID within ±1.2, indicating that the 

improvements are statistically robust.  

It should be pointed out that although the method 

proposed in this paper shows obvious advantages in terms 

of spatial rationality and controllability, its generation 

speed is still slightly lower than that of the lightweight 

VAE method. In the future, model distillation and 

accelerated reasoning technologies can be combined to 

further enhance reasoning efficiency, thereby better 

adapting to the demands of large-scale virtual reality and 

interactive design platforms. 

5.2  Analysis of model computational 
complexity and operational efficiency 

In the task of generating and editing 3D scene layouts, 

computational efficiency directly determines whether the 

system can be applied to real-time interaction and virtual 

reality environments. To this end, this paper assesses the 

time complexity of the model by measuring the inference 

time required for a single scene generation or local editing. 

Inference time is defined as the time consumed for one 

forward propagation from conditional input to the final 

layout output. This metric is particularly crucial for 

interactive design and edge device deployment. 

To comprehensively examine the operational 

efficiency of the model, this paper conducts comparative 

experiments on three typical hardware platforms: High-

performance GPU platform (NVIDIA RTX 3090), general-

purpose CPU platform (Intel Xeon Gold 6230), and 

resource-constrained embedded devices (NVIDIA Jetson 

Xavier NX). The comparison objects include three 

mainstream methods: LayoutGAN, VAE-Layout, and 

SceneFormer. All results are measured in seconds per scene 

to ensure comparability. Table 3 summarizes the average 

inference time of different models on three types of 

hardware platforms. 

 

Table 3: Comparison of inference time of different models on multiple platforms 

 

Model Type GPU (RTX 3090) CPU (Xeon) Embedded (Jetson NX) 

LayoutGAN (GAN-based) 1.65 3.82 6.94 

VAE-Layout (VAE-based) 0.97 2.64 5.33 

SceneFormer (Transformer) 2.10 4.96 9.81 

Proposed (Diffusion + SpAttn) 1.32 3.05 5.87 

It can be seen from the table that the VAE model has 

the most obvious speed advantage on GPU and CPU, but 

the generated results often have geometric distortion and 

insufficient semantic constraints. The Transformer model 

is strong in capturing global dependencies, but it has the 

highest inference latency, exceeding 9 seconds on 

embedded devices, which is difficult to meet the real-time 

requirements. The GAN method is moderately efficient on 

the GPU platform, but it has obvious operational 

bottlenecks on the CPU and edge terminals. In contrast, the 

inference time of the model in this paper on GPU is only 

1.32 seconds, 3.05 seconds in CPU environment, and 5.87 

seconds on embedded devices. Overall, it outperforms 

GAN and Transformer, achieving a balance between speed 

and generation quality. 

This efficiency is attributed to the lightweight design 

of the diffusion model in the multi-step denoising process 

and the sparse modeling of key relationships by the spatial 

attention module. Despite this, the response time of the 

model on edge devices is still slightly higher than that of 

the lightweight VAE method. In the future, model 

compression, distillation and parallel acceleration 

strategies can be further combined to reduce latency and 

improve energy consumption, thereby enhancing its 
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applicability in resource-constrained environments. In 

particular, the main computational bottleneck comes from 

the large number of denoising steps (typically 1000) and 

the quadratic complexity of the attention mechanism when 

modeling dense spatial relationships. To mitigate this, 

techniques such as step reduction through knowledge 

distillation, low-rank approximation of attention, and 

parallel diffusion sampling can be applied. These 

approaches can potentially reduce inference latency by 30–

50% without significant degradation in accuracy, making 

the framework more suitable for real-time VR and robotics 

applications. 

5.3  Scalability and cross-platform 
deployment considerations 

The proposed controllable generation framework for 3D 

scene layout based on diffusion model and spatial attention 

mechanism is of great significance for virtual reality design, 

interactive editing and applications in resource-constrained 

environments in terms of scalability and deployment 

feasibility. According to experimental statistics, the 

parameter scale of the complete model is approximately 

48.9M, and the memory occupation is about 180MB. This 

scale can run without pressure on mainstream GPU 

platforms and can also run stably on embedded devices 

with 8GB of memory (such as Jetson Xavier NX). The 

reasoning time is controlled within 5.9 seconds (see Table 

3), demonstrating its potential for cross-platform 

deployment. 

In large-scale application scenarios, such as cloud 

virtual simulations that require the simultaneous generation 

of hundreds of indoor Spaces, the parallel diffusion 

structure of the model proposed in this paper can achieve 

efficient batch processing, thereby reducing the overall 

computing cost. Compared with the sequential generation 

method, the diffusion-attention collaborative mechanism is 

more suitable for distributed architectures and can shorten 

the response time while ensuring accuracy. 

However, there is still a trade-off between precision 

and computational efficiency. The model in this paper 

significantly outperforms the GAN and VAE methods in 

terms of Layout accuracy (89.3%) and IoU (0.76). However, 

compared with the lightweight VAE-Layout, it has higher 

memory consumption and slightly longer inference delay. 

In low-power edge devices with only 2GB of memory, it is 

difficult for the model to run completely, and it is necessary 

to use model pruning, parameter quantization or distillation 

to compress the volume. Preliminary tests show that if the 

number of spatial attention layers is reduced or the 

embedding dimension is lowered, the model's memory 

requirement can be reduced to below 120 MB, but the FID 

index increases by approximately 7%, indicating that 

compression will cause a certain loss of accuracy. Another 

feasible solution is cloud deployment: on servers equipped 

with high-performance Gpus (such as RTX 3090), the 

generation time of a single scene can be shortened to 

approximately 1.3 seconds, which can meet the 

requirements of real-time interaction and large-scale 

concurrent tasks. However, this model increases operation 

and maintenance costs and may cause delays in network-

constrained environments. 

To enhance overall scalability, the model in this paper 

supports distributed and federated learning architectures: 

multiple edge devices can generate small-scale scenarios 

locally and periodically synchronize parameters with cloud 

servers to achieve cross-platform optimization. This mode 

can not only relieve the pressure on the central node but 

also enhance the collaborative efficiency of the system in a 

multi-user environment. In the future, knowledge 

distillation and hierarchical deployment mechanisms can 

be further explored to build lightweight versions for ultra-

low power consumption devices. At the same time, by 

integrating privacy protection and data sharing frameworks, 

their applicability in a wider range of applications can be 

expanded. Specifically, hierarchical deployment can adopt 

a cloud–edge–device structure, where the cloud is 

responsible for large-scale diffusion sampling, the edge 

node executes medium-complexity attention inference, and 

the device only handles lightweight constraint embedding 

and result decoding. This layered architecture ensures that 

latency-sensitive applications such as VR interaction or 

robot navigation can benefit from low response time while 

still leveraging cloud resources for accuracy. Moreover, 

combining secure aggregation with federated learning can 

preserve user privacy during collaborative training across 

distributed sites. 

5.4  Practical application value and 
potential impact 

The diffusion-spatial attention framework proposed in this 

paper demonstrates high accuracy (such as a layout 

accuracy rate of 89.3% and an average IoU of 0.76) and 

low inference time (averaging only 1.32 seconds per scene 

on GPU and controlled within 6 seconds on embedded 

devices) in the 3D scene layout task. Its practical 

application value is of great significance. 

In virtual reality and game engines, this model can 

quickly generate well-structured and semantically 

consistent interior layouts, reducing repetitive work for art 

and level designers and thereby enhancing creative 

efficiency. In the fields of architectural visualization and 

interior design, the system can achieve controllable 

generation and editing based on user constraints (such as 

"sofa against the wall" and "desk against the window"), 

supporting designers to quickly iterate multiple schemes, 

reducing project costs and enhancing customer experience. 

In the scenarios of smart home and robot navigation, 

reasonable 3D layout generation can provide support for 

path planning and functional area division, thereby 

promoting the practical application of smart Spaces. 

Meanwhile, the adaptability of this model in cross-platform 

deployment means that it is not only suitable for running in 

high-performance server environments, but also can work 

stably on edge devices such as Jetson Xavier NX. This 

feature offers the possibility for large-scale distributed 

virtual environments, online collaborative modeling 

platforms, and even personalized design tools on mobile 

terminals, further expanding their social application space.  
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It should be pointed out that although this model 

achieves a balance between accuracy and efficiency, it may 

still encounter problems such as unreasonable local layout 

or insufficient generation diversity when dealing with 

extremely complex or irregular scenarios. In the future, 

uncertainty modeling can be combined with multimodal 

data input (such as voice and gesture commands) to further 

enhance the robustness and interaction experience of the 

system.Overall, the diffusion process guarantees global 

stability while the spatial attention module enforces local 

controllability, but at the cost of slightly increased 

inference latency compared to lightweight VAE models, 

underscoring the trade-off between precision and 

efficiency.From an industrial perspective, the proposed 

framework can significantly shorten the design–production 

cycle in architecture and interior design, reduce manual 

modeling costs by up to 40%, and enable faster iteration of 

personalized VR/AR content. In game and film production, 

automatic layout generation can accelerate environment 

prototyping, while in smart home and robotics, it can 

provide more reliable spatial reasoning for navigation and 

interaction. Despite these advantages, challenges remain in 

handling large-scale outdoor scenes and highly dynamic 

environments. Future research should focus on integrating 

real-time sensor data and developing adaptive diffusion 

mechanisms to broaden the applicability of the framework. 

6  Conclusion 

The core objective of 3D scene layout lies in achieving the 

rational generation and flexible editing of spatial structure, 

thereby providing efficient support for virtual reality, 

architectural visualization, and intelligent interaction 

systems. Although existing research has proposed various 

methods based on GAN, VAE and Transformer, there are 

still obvious deficiencies in balancing global semantic 

consistency and local controllability, and there is an urgent 

need for solutions with higher accuracy and efficiency. 

This paper proposes a controllable generation framework 

for 3D scene layout that combines diffusion models and 

spatial attention mechanisms. This framework utilizes the 

stable characteristic of stepwise denoising of the diffusion 

model to ensure the rationality of the global layout 

distribution, and dynamically models the relative 

relationships between objects through the spatial attention 

mechanism, effectively improving the accuracy and 

semantic consistency of the generated results. In the 

systematic experiments, the proposed model outperformed 

the comparison methods in terms of layout accuracy, FID, 

IoU and editing consistency. The average generation time 

on the GPU platform was only 1.3 seconds per scene, and 

it also showed good adaptability on CPU and embedded 

devices, verifying its advantages of both performance and 

scalability. Future research directions can be further 

focused on three aspects: First, explore model compression 

and distillation techniques to reduce memory usage and 

enhance real-time performance at the edge; Second, 

introduce multimodal condition constraints such as voice 

and gestures to enhance the interaction experience and 

generation diversity; Third, by integrating federated 

learning with distributed deployment frameworks, cross-

platform collaboration capabilities and privacy protection 

levels can be enhanced.In summary, this work establishes 

a unified controllable generation framework that leverages 

diffusion models for global stability and spatial attention 

for local consistency. The proposed approach achieves 

state-of-the-art performance in layout accuracy, IoU, FID, 

and editing consistency while maintaining practical 

efficiency across GPU, CPU, and embedded platforms. 

Beyond technical contributions, the framework also 

demonstrates strong potential for deployment in VR/AR 

content creation, architectural design, smart homes, and 

robotic navigation, bridging the gap between academic 

research and industrial application. 
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In modern smart canteens, accurate personalized recommendations and robust security are essential for 

operational efficiency and user satisfaction. Traditional systems often face low accuracy, delayed response, 

and weak data protection. This study proposes an e-Cantong smart canteen system that integrates deep 

neural networks (DNNs) for feature extraction, reinforcement learning for adaptive path optimization, and 

a real-time feedback mechanism to dynamically adjust recommendations to changing user demands and 

environments. For security, a layered framework combining AES encryption, user authentication, and role-

based access control is designed to ensure privacy and stability under high concurrency. Experiments on 

cafeteria operation records and user behavior datasets demonstrate 91.3% recommendation accuracy and 

1.5-second inference latency, with stable performance in large-scale scenarios. The innovation lies in 

unifying adaptive recommendation and multi-level security, offering a practical path for intelligent canteen 

management that enhances efficiency, resilience, and user experience in complex environments.  

Povzetek:Članek predstavi sistem e-Cantong, ki združuje globoke nevronske mreže, utrjevalno učenje in 

realnočasni povratni mehanizem za prilagodljivo priporočanje v pametnih menzah. Večnivojska varnost z 

AES, avtentikacijo in RBAC zagotavlja veliko zanesljivost. 

 

 

1  Introduction 

With the rise of smart catering, traditional cafeteria 

management methods are facing many challenges, such as 

food waste, inaccurate dish recommendations, and long 

queuing times. To enhance operational efficiency and user 

experience, the intelligent recommendation system has 

become one of the key technologies in smart cafeteria 

management. However, most of the existing 

recommendation systems rely on traditional collaborative 

filtering or content recommendation algorithms, which 

cannot effectively cope with the frequently changing user 

demands and environmental changes, resulting in 

insufficient recommendation accuracy and slow response 

speed. 

To enhance the performance of intelligent 

recommendation systems, this paper proposes an intelligent 

recommendation algorithm based on deep learning and 

optimizes it in combination with an adaptive mechanism. 

This algorithm, through in-depth mining of users' historical 

dining records, dietary preferences, health needs and other 

information, can accurately predict users' demands and 

provide real-time feedback to adjust the recommendation 

results. Compared with traditional recommendation 

systems, this study adopts deep neural networks for multi-

level feature extraction. By automatically learning the 

complex relationship between user behavior and dishes, it 

improves the accuracy of recommendations and the 

response efficiency of the system. Panwar et al. (2024) 

proposed an intelligent time-series food recommendation 

system based on support vector machines, which can make 

personalized recommendations according to users' time 

perception needs, improving the accuracy and response 

speed of recommendations [1]. Andrade-Ruiz (2024) 

explored the application prospects of smart city 

recommendation systems, emphasizing their potential in 

enhancing urban service efficiency and user satisfaction [2]. 

In addition, Felfernig et al. (2023) proposed a sustainable 

recommendation system, presenting a multi-objective 

optimization scheme based on recommendation algorithms 

for the fields of resource management and environmental 

protection [3]. Bondevik J N (2024) conducted a systematic 

review of food recommendation systems, analyzed the 

challenges and prospects of existing technologies, and 

proposed directions for further optimization [4]. 

Hamdollahi Oskouei et al. (2023) developed FoodRecNet, 

a comprehensive and personalized food recommendation 

system that integrates users' dietary habits and health needs, 

significantly enhancing the personalization and accuracy of 

recommendations [5]. 

With the growth of user information and dining data, 

privacy protection and system security have become urgent 

challenges. Traditional architectures provide static defense 

but lack real-time monitoring. This raises two key 

questions: ①Can a multi-level framework combining 

encryption, authentication, and access control deliver 

stronger protection under high concurrency? ②Can it 
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ensure robust security while maintaining efficiency and 

responsiveness? 

The innovation of this research lies in the combination 

of the optimization of intelligent recommendation 

algorithms and the design of security architecture, 

proposing a more efficient, accurate and secure 

recommendation system. This system can not only make 

personalized recommendations based on user needs, but 

also provide real-time feedback to adjust the 

recommendation path, adapting to the dynamic changes in 

user demands. Meanwhile, the design of the security 

architecture ensures the security of user information and 

guarantees the stability and reliability of the system in 

complex environments. 

 

2  Relevant work 

In the management system of smart canteens, traditional 

recommendation methods rely on static data and preset 

rules, making it difficult to cope with the dynamic changes 

in user demands and the environment. This results in low 

recommendation accuracy, slow response, and a lack of 

personalized services. Especially when dealing with 

frequent changes in dishes, rapid shifts in user preferences 

and seasonal demands, the limitations of the existing 

system are particularly evident. Therefore, how to enhance 

the real-time performance and adaptability of the 

recommendation system through flexible and dynamic 

algorithms has become a major challenge in the 

management of smart canteens. 

In recent years, intelligent recommendation algorithms 

have made remarkable progress in multiple fields, 

especially in recommendation systems based on deep 

learning. Zhang et al. (2022) proposed a multi-objective 

optimization recommendation system. For the food 

recommendation scenario, by integrating multi-objective 

optimization algorithms, the efficiency of the 

recommendation system in resource management was 

significantly improved, and the sustainability of the system 

was enhanced [6]. Although this method effectively 

integrates multi-source data, in an environment with high 

dynamic changes, the adaptability and response speed of 

the system still have certain limitations. Li et al. (2018) 

studied the application of intelligent recommendation 

technology in the catering industry and proposed a 

restaurant food selection method based on intelligent 

recommendation, further promoting the development of 

catering recommendation systems in personalized services 

[7]. 

This system provides an important idea for 

personalized recommendation and data protection of 

multiple users in the intelligent cafeteria. This method can 

provide more precise recommendations based on the needs 

of different users. To provide a clearer comparison of 

existing studies, Table 1 summarizes representative 

methods, datasets, performance, and limitations, 

highlighting how the proposed approach outperforms prior 

work in accuracy, responsiveness, and security for smart 

canteen recommendation systems. 

 
Table 1: Summary of related works on recommendation systems for smart canteens 

 

Reference Method / Model Dataset Used Performance Limitation 

Panwar et al. 
(2024) [1] 

SVM-based time-aware 
recommendation 

Food consumption 
records 

Acc. ≈ 85% Poor adaptability 

Felfernig et al. 
(2023) [3] 

Multi-objective 
optimization 

Sustainability datasets Acc. ≈ 82% 
Trade-off between 

goals 

Hamdollahi 
Oskouei et al. 

(2023) [5] 

FoodRecNet 
(personalized) 

Dietary & health data Acc. ≈ 88% 
High computation 

cost 

Li et al. (2018) [7] 
Food choice 

recommender 
Restaurant user data Acc. ≈ 80% Limited scalability 

This paper 
DNN + RL + AES 

security 
Cafeteria & user data 

Acc. 91.3%, latency 
1.5s 

Need wider 
validation 

As shown in Table 1, existing recommendation 

systems vary in methods, datasets, performance, and 

limitations. Earlier approaches, such as SVM or 

optimization models, achieved moderate accuracy but 

faced issues of adaptability, scalability, or high 

computation. The proposed method, combining DNNs, 

reinforcement learning, and AES-based security, attains 

higher accuracy, faster response, and stronger protection, 

offering a more comprehensive solution for smart canteen 

management. 

Although the existing recommendation systems have 

made considerable progress, they still face the problems of 

data privacy protection and security guarantee. Most 

traditional security architectures offer static protection and 

lack dynamic monitoring and real-time feedback. With the 

increase in data volume in smart canteens, how to ensure 

user privacy security and system stability has become a key 

issue in the design. 

This paper proposes an intelligent recommendation 

algorithm that combines deep learning with adaptive 

mechanisms, and on this basis, designs a multi-level 

security architecture, aiming to improve recommendation 

accuracy, response speed and system security. By deeply 

mining users' historical dining records, dietary preferences 

and health needs, the system in this paper can adjust the 

recommendation results in real time to ensure that the 

recommendations match the dynamic changes in users' 

needs, and guarantee the security of user data through 

security protection mechanisms. 
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3  Optimization of the intelligent 
recommendation algorithm and 
design of the security architecture 
for e-Cantong smart canteen 

3.1  Personalized recommendation and user 
demand analysis 

This paper studies the problems of "insufficient 

recommendation accuracy and lagging response" in the 

smart cafeteria management system, and proposes a 

personalized recommendation method based on multi-

dimensional information such as users' historical dining 

records, health needs, and dietary habits, aiming to improve 

the system's response speed and recommendation accuracy. 

To this end, deep learning models and adaptive 

mechanisms are adopted, and simulation and comparative 

experiments are conducted in combination with actual user 

data to optimize the performance of the recommendation 

algorithm in complex environments. 

To ensure reproducibility, this study adopts a deep 

neural network (DNN) with four hidden layers (256, 128, 

64, 32) using ReLU activations and a sigmoid output. User 

and dish embeddings are set to 64 dimensions. The model 

is trained with Adam (learning rate 0.001), batch size 128, 

for up to 200 epochs, with early stopping (patience 15). 

Regularization includes dropout (0.2) and L2 penalty 

(λ=0.001). The mean squared error (MSE) between 

predicted and actual ratings is minimized, ensuring stable 

convergence and reproducible training. 

To achieve personalized recommendations, the system 

first analyzes the user's needs. Specifically, the system 

calculates the user's potential needs based on factors such 

as their historical dining records, healthy dietary 

requirements (such as low salt, low fat, etc.), allergy 

information, and meal time periods, and adjusts the 

recommendation results in real time. The recommendation 

system accurately predicts user behavior through deep 

learning models and adaptive mechanisms. During the 

analysis process, the system conducts feature extraction 

based on user historical data, constructs user feature 

vectors, and aims to minimize errors to enhance 

recommendation accuracy. Deep learning models can 

identify potential relationships such as user preferences and 

food ingredient demands, thereby enhancing the system's 

response speed and recommendation accuracy. 

In personalized recommendation algorithms, the main 

task is to recommend the dishes that best meet the needs of 

each user. Based on the methods of collaborative filtering 

and deep learning, the model achieves recommendations 

through the matching of user feature vectors with dish 

feature vectors. Let the user feature vector be

 nuuuu ,…,, 21=
, where iu

 represents the i  feature 

of a user, such as age, preference score, or dietary habit. 

Similarly, the dish feature vector is defined as

 mdddd ,…,, 21=
, where jd

denotes the 
j

 feature 

of a dish, such as calories, taste type, or nutritional attribute. 

The objective of the model is to predict the user's interest 

value of udr
for a certain dish by calculating the similarity 

between u and d . This interest value reflects the degree 

of personalization of the recommendation. The formula is 

as follows: 

du

T

ud bbdur ++=
           （1） 

Among them: udr
 is the predicted rating of Dish d

given by User u . duT

is the inner product of the user 

feature vector and the dish feature vector, which reflects 

the user's preference for the dish. ub
and db

are the 

deviation items for users and dishes respectively, which are 

used to capture the baseline ratings of users and dishes. By 

calculating the inner product of u and d , the model can 

predict users' ratings of different dishes and, based on this, 

achieve personalized recommendations. The larger the 

internal product, the higher the user's interest in the dish, 

and the recommendation system will give priority to 

recommending these dishes. 

To enhance the accuracy of personalized 

recommendations, the system has also introduced a 

dynamic feedback mechanism to monitor users' feedback 

on recommended dishes in real time and automatically 

adjust the recommendation strategies. The system 

optimization objective is to minimize the following mean 

squared error (MSE) loss function over all users Uu  

and dishes Dd  : 

( ) ( )222
ˆ

1
dury

DU
L

Uu Dd

udud ++−= 
 



  (2)  

where 
U

and
D

denote the number of users and 

dishes, respectively. udy
is the actual feedback from User 

uuu on Dish d . udr̂
is the predicted rating calculated by 

the previous formula. The regularization adopts L2 penalty 

on user and dish embeddings to control model complexity, 

with 001.0= selected via cross-validation to balance 

predictive accuracy and parameter stability. This MSE-

based formulation ensures that the optimization is 

performed across all user–dish interactions, balancing 

predictive accuracy with parameter stability. 

This work focuses on enhancing the personalized 

recommendation accuracy and response speed of the smart 

canteen recommendation system, especially in addressing 

the dynamic changes in user demands and the complexity 

of the environment. Based on the existing recommendation 

algorithms, this paper adds details such as system 

implementation and integration. Specifically, the logical 

information layer is built on the MySQL database and Flask 

interface service, and is used to maintain the parameters of 

the recommendation model and receive user data input. The 

algorithm layer mines users' historical data, health needs, 

dietary habits and other information through deep neural 

networks to ensure the accuracy and real-time feedback of 

recommendation results. 



368 Informatica 49 (2025) 365–378 Z. Wang 

 
 

To enhance the real-time performance and accuracy of 

the system, WebSocket and Kafka are employed for real-

time data interaction and asynchronous message passing. 

Kafka message queues enable asynchronous transmission 

and caching, while synchronous marker points sampled 

every 5 seconds ensure temporal alignment. Experimental 

tests show that the average end-to-end latency remains 

within 1.5 s under a peak load of 10,000 messages per 

second, and data consistency is maintained with a loss rate 

below 0.3%. These results confirm that the combination of 

WebSocket and Kafka not only ensures stable real-time 

transmission but also provides reliable support for high-

concurrency personalized recommendations. Corrections 

are made through timestamps to ensure the consistency and 

accuracy of information. To further enhance the 

recommendation efficiency, this paper introduces 

reinforcement learning methods to optimize the 

recommendation path and combines the improved A* 

algorithm and load balancing strategy to generate 

personalized recommendation paths. 

3.2  Construction of intelligent 
recommendation algorithm 
optimization model 

In the intelligent cafeteria management system, the 

recommendation of meals is confronted with complex 

issues such as the diversity of user demands, limited 

environmental resources, and real-time scheduling. 

Traditional recommendation systems usually adopt static 

models and make recommendations based on users' 

historical behaviors. However, this approach is difficult to 

cope with the ever-changing user demands and the 

complexity of resource scheduling. To address this issue, 

this study proposes an intelligent recommendation 

algorithm optimization model based on deep learning and 

reinforcement learning, reconstructs the model paradigm of 

the recommendation system, and forms a recommendation 

algorithm system with dynamic feedback, adaptive 

adjustment, and resource scheduling capabilities. 

In this model, each meal recommendation task is 

defined as a unit with user input features, meal output 

targets, resource requirements, and user demand 

dependency logic, and its executable conditions and 

operational status are synchronized in real time through the 

system. Compared with the shortcomings of the 

recommendation algorithm in the traditional model, such as 

no perception of user behavior changes and fixed 

recommendation paths, the optimized recommendation 

algorithm possesses three key capabilities: state perception, 

path adjustment, and multi-source adaptation. It can 

automatically determine whether the recommendation 

conditions are met in actual operation based on changes in 

user needs, the occupation of system resources, and 

environmental changes. This then triggers the next 

recommendation strategy. Table 2 lists three types of core 

structural features and briefly explains their manifestations 

in intelligent recommendation algorithms:

 
Table 2: Core structural characteristics of intelligent recommendation algorithms 

 

Feature Type Expression Method Functional Role 

State Expression 
User historical data, real-time feedback 

mapping 
Accurately determines user needs and the 
completion of recommendation conditions 

Dependency 
Construction 

Setting the relationship between user 
needs and dish features 

Supports multi-user concurrency, dish feature 
condition triggering 

Resource Mapping 
Dynamic resource scheduling 

mechanism 

Real-time binding of dish recommendations and 
resource scheduling (such as inventory, equipment, 

etc.) 

In terms of state expression, the system sets the 

specific start-up conditions and expected recommendation 

results for each recommendation task based on multi-

dimensional perception data such as user historical data, 

dietary habits, and allergen information, ensuring the real-

time and personalized nature of the recommendation 

process. In terms of dependency construction, the 

dependency relationship between user requirements and 

meal characteristics is transformed into an edge 

relationship in the graph structure and updated in real time 

in the recommendation engine to dynamically generate the 

optimal recommendation path. In terms of resource 

mapping, when each recommendation task is triggered, it 

will be bound and allocated based on the currently available 

cafeteria resource pool (such as dish inventory, equipment 

usage, etc.), thereby avoiding delays or system bottlenecks 

caused by insufficient resources. 

From the deployment perspective, this optimization 

model has been integrated into the core logic of the 

recommendation engine. By connecting with the data bus 

of the cafeteria management system, it realizes real-time 

task status synchronization, dependency evolution, and 

closed-loop management of execution feedback. Through 

the feedback mechanism, the system can dynamically 

adjust the recommendation strategy to adapt to the 

constantly changing demands and resource conditions. To 

enhance the reproducibility of the model, this paper 

provides pseudo-code for the recommended path selection 

process: 

Input: UserDemandList, ResourceStatus 

For each task in UserDemandList: 

    # Priority calculation with weighted preference 

and urgency 

    priority = w1 * task.preference + w2 / 

task.time_slot   

    # Node selection considering load and distance 

    Select node = argmin [ C(node, task) ] 

    # Task assignment 

    Assign task → node   

    # Update resource status 
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  ResourceStatus[node]=ResourceStatus[node] - 

task.resource_need 

End For 

The cost function is formally defined as: 

( ) tnn DLtnC ,, += 
          (3) 

where nL
is the normalized load of node nnn (scaled 

to [0,1]), tnD , is the Euclidean distance between node nnn 

and task ttt, and 
，

are tunable coefficients balancing 

load efficiency and task affinity. 

This algorithm combines user preferences, time period 

requirements and resource loads to dynamically optimize 

the recommended path.This study applies the improved A* 

algorithm combined with a load balancing strategy for path 

optimization. The total evaluation function is defined as: 

 

( ) ( ) ( ) ( ) ( )nLwnRwnTwnhnf +++= 321 (4) 

where
( )nh

 is the heuristic estimate of remaining cost,

( )nT
is the expected delay, 

( )nR
is the resource 

consumption (CPU, memory, inventory), and 
( )nL

 is the 

system load imbalance across computing nodes. The 

weights 321 ,, www
control the relative importance of delay, 

resource usage, and balance. This formulation integrates 

path search with resource-aware load balancing, ensuring 

both recommendation accuracy and system stability under 

high concurrency.The system also introduces a real-time 

monitoring mechanism to track the execution status of 

recommendation tasks. When abnormal situations such as 

task failure, path conflicts, and resource congestion are 

detected, the scheduling engine is automatically triggered 

for rescheduling, and the task distribution strategy is 

reconstructed to ensure the stability and adaptability of the 

system. 

3.3  Real-time feedback and adaptive 
mechanism of intelligent 
recommendation system 

In the e-Cantong Smart Canteen recommendation system, 

the changes in user demands and the dynamic nature of 

canteen resources require that the recommendation system 

not only provide personalized recommendations but also 

possess real-time feedback and adaptive adjustment 

capabilities. The recommendation system should be 

capable of dynamically adjusting the recommendation 

strategy based on real-time feedback from user demands 

and environmental changes, thereby ensuring the accuracy 

and response speed of the recommendation results. To this 

end, this study proposes an adaptive mechanism based on 

the combination of deep learning and reinforcement 

learning, which can be optimized and adjusted in a rapidly 

changing environment. 

The real-time feedback mechanism is one of the core 

components of this system. The system collects users' 

behavioral data in real time, including clicks, ratings, meal 

selections, etc., and processes it as feedback signals. Every 

time a user provides feedback, the system will update the 

user profile and adjust the recommendation strategy. When 

a user selects a certain dish, the system will dynamically 

adjust the recommendation result based on the user's choice 

and rating, so as to better meet the user's needs. This 

mechanism ensures that the system can respond promptly 

to changes in user demands and enhance the 

personalization and accuracy of recommendations. 

The adaptive mechanism optimizes the 

recommendation path via Q-learning, where the task is 

modeled as a Markov Decision Process (MDP)

( ),,,, PRAS
. S  denotes states (user profiles, dish 

attributes, system resources), A  actions (candidate 

recommendations), R  the reward from user feedback 

(clicks, ratings, repeated selections), P  state transitions, 

and 


the discount factor. The discount factor is fixed at γ 

= 0.95, the learning rate at α = 0.01, and an ε-greedy 

strategy with ε = 0.1 balances exploration and exploitation. 

Training is executed over 500 episodes, each iterating 

through logged user–dish interactions. The Q-value is 

updated by the Bellman equation: 

( ) ( ) ( ) ( ) asQasQrasQasQ
a

,,max,, −++



 (5) 

where Ss is the current state, Aa  the chosen 

action, r  the reward, s  the next state, and   the 

learning rate. Reward shaping integrates immediate signals 

(clicks, ratings) with long-term metrics (engagement, 

reduced waiting time), enabling adaptive path optimization 

and real-time accuracy under dynamic user demands.To 

integrate with supervised deep models, the Q-network 

shares the embedding layer of the DNN, ensuring 

consistent representation learning and clarifying the 

interaction between reinforcement learning and feature 

extraction. 

To further enhance the adaptive ability of the 

recommendation system, a dynamic resource scheduling 

mechanism has been introduced into the system. This 

mechanism monitors resource information such as meal 

inventory and equipment usage in real time. When 

resources are insufficient or in conflict, it automatically 

adjusts task priorities to avoid delays and optimize 

recommended paths. In this way, the recommendation 

system can maintain efficient operation and avoid resource 

conflicts when facing high-concurrency tasks.
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Figure 1: Flowchart of real-time feedback and adaptive mechanism of intelligent recommendation system 

 
Figure 1 shows how an intelligent recommendation 

system updates user profiles and adjusts recommendation 

strategies through reinforcement learning algorithms by 

collecting user feedback and behavior data in real time. The 

system makes adaptive adjustments in real time based on 

user demands and feedback to optimize the recommended 

path. Whenever changes in the environment or user 

requirements are detected, the system can dynamically 

optimize the recommendation strategy through 

reinforcement learning. Through this real-time feedback 

and adaptive mechanism, the recommendation system of e-

Cantong Smart Canteen can respond promptly to user 

demands and resource changes, ensuring efficient and 

accurate personalized recommendations in complex and 

dynamic environments. 

3.4  Security architecture design of e-
cantong smart canteen 

In the intelligent recommendation system of e-Cantong 

Smart Canteen, system security is crucial, especially in 

multi-user interaction and data sharing scenarios, which 

involve user data protection and resource scheduling 

security. Traditional recommendation systems usually lack 

a unified security architecture, which may lead to data 

leakage, information tampering or malicious attacks on the 

system. To this end, this study proposes a comprehensive 

security architecture design that combines multi-level data 

encryption, permission management, and real-time 

monitoring mechanisms to ensure the security of the 

recommendation system in a high-concurrency and multi-

level interaction environment. 

The security architecture of e-Cantong Smart Canteen 

adopts a layered protection mechanism with an explicit 

threat model covering internal (unauthorized staff) and 

external adversaries (MITM, brute-force). AES-256 in 

GCM mode ensures confidentiality and integrity, with keys 

stored in an HSM and rotated via TLS channels. TLS 

mutual authentication and RBAC enforce fine-grained 

access control.Security performance was measured: AES-

GCM added 0.15s ±0.02 per 1,000 records, TLS raised 

CPU usage by 3.2% ±0.4, and end-to-end latency remained 

under 1.8s. Privacy is enhanced through federated learning 

and differential privacy. Penetration testing confirmed 

resilience against replay, SQL injection, and privilege 

escalation. These results verify robustness and efficiency 

under high-concurrency scenarios.Penetration testing 

confirmed resilience against replay, SQL injection, and 

privilege escalation. Furthermore, to strengthen privacy, 

we adopt federated learning and differential privacy 

following recent advances in privacy-preserving 

recommender systems [8]. 

At the execution layer, the system introduces security 

mechanisms of identity authentication and permission 

management to ensure that only authorized users and 

devices can access and perform recommended tasks. By 

adopting RBAC and dynamically allocating permissions, it 

ensures that all users and devices in the system have 

appropriate access rights. To prevent data leakage or 

unauthorized access in the recommendation system, the 

system has introduced the following encryption and 

decryption formulas in its encryption mechanism: 

( ) ( )PAESPKED K== ,
         （6） 

Among them, D represents the encrypted user data, 

( )PKE ,
denotes the encryption function, K is the 

encryption key, and P  is the original data. AES-256 in 

CBC mode is employed to ensure confidentiality and 

resistance against brute-force or statistical attacks. A 

hierarchical key management scheme is adopted: master 

keys are securely stored in a Hardware Security Module 

(HSM), while session keys are dynamically generated, 

rotated periodically, and exchanged through a TLS-secured 

channel to minimize exposure.To ensure the system's 

secure access control and the accuracy of task execution, 

the system implements permission management through 

the following permission verification formula: 

( ) ( )
=

==
n

i

ii TrolewRAfV
1

,

     （7） 

Among them, V denotes the result of permission 

verification,
( )RAf ,

is the verification function, A  is 

the user identity, and R represents user role information. 

iw
is the role weight, irole

is the user’s role permission, 

and T is the threshold. Authentication protocols are 

enforced via TLS-based mutual authentication and token 

validation before evaluating role-based access. By 

dynamically adjusting role weights and thresholds, the 

system ensures fine-grained authorization and prevents 

unauthorized access. 

Collect user feedback and behavioral data 

Reinforcement learning algorithms adjust 

recommendation strategies 
Adjust the recommended path and priority 

Update user profiles and demand forecasts 
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To ensure the security of the recommendation system 

in the face of high concurrency and resource conflicts, the 

system also introduces a real-time monitoring mechanism 

to track the operational status of each module. Through log 

auditing and anomaly detection, the system can promptly 

identify potential security threats and take preventive 

measures to avoid the impact of attacks or failures on the 

recommendation system. At regular intervals, the system 

encrypts and backs up user data to ensure rapid recovery in 

case of system failure. 

To ensure the efficiency and security of the system, the 

recommendation system of e-Cantong Smart Canteen 

adopts a step-by-step deployment. Through standardized 

and automated tools, it ensures rapid deployment in 

different environments. The deployment process is carried 

out through the following four steps: ①Data collection and 

secure transmission protocol design: The system connects 

to the sensor devices via the MQTT protocol to collect real-

time data on user behavior, food selection, and device 

status, ensuring smooth data transmission and data security. 

Use encryption protocols to protect privacy and provide 

precise input for subsequent recommendation algorithms. 

User demand Modeling and recommendation path 

optimization: The system builds a demand model based on 

user behavior data and adjusts the recommendation path in 

real time through a dynamic feedback mechanism to ensure 

that the system makes adaptive adjustments according to 

changes in demand and resource status, providing accurate 

recommendation results. Task scheduling and 

recommendation path priority management: The system 

starts the path scheduler and ensures that tasks are executed 

according to priority through the DAG task flowchart, 

optimizing the execution efficiency of the recommendation 

algorithm and ensuring that the system can respond quickly 

and avoid resource conflicts under high concurrency. 

Feedback detection and task recovery mechanism: Through 

the feedback detector, the system monitors the execution 

status of tasks in real time, automatically adjusts task 

priorities or reallocates tasks, ensuring that the system can 

quickly recover under high load or abnormal conditions, 

and guaranteeing the stability of the recommendation 

system. 

4  Results 

4.1  Dataset 

To verify the effectiveness of the intelligent 

recommendation algorithm optimization and security 

architecture design of e-Cantong Smart Canteen, this study 

constructed a multi-dimensional experimental dataset and 

ensured that the recommendation system could accurately 

predict user needs and efficiently schedule resources 

through steps such as data collection, preprocessing, model 

training and validation, performance evaluation, and 

ablation experiments. The dataset construction process is 

as follows:(1) Data collection: Connected to the sensor 

device via the MQTT protocol, real-time collection of user 

behavior data, food selection, device status and other 

information is carried out. The sampling frequency is once 

per second, and data security is ensured through an 

encryption protocol. (2) Data preprocessing: All data 

undergo time series alignment, missing value filling, and 

data standardization processing to ensure data consistency. 

Data cleaning and noise cancellation are used to ensure data 

accuracy. (3) Training and validation of recommendation 

algorithms: Training and validation are conducted using the 

constructed dataset, compared with the benchmark model, 

to test the recommendation effect and real-time 

performance. The adaptability of the system under resource 

changes and demand fluctuations was verified through 100 

rounds of parallel experiments. (4) Performance Evaluation 

and ablation Testing: The system performance is evaluated 

through indicators such as accuracy rate, recall rate, and 

inference delay. Ablation testing is used to verify the role 

of recommended path adjustment, user feedback 

mechanism, and resource scheduling strategy to ensure the 

stable operation of the system under high concurrency and 

abnormal conditions. To support reproducibility, we 

provide a dataset schema and a small anonymized sample. 

The schema covers key fields such as UserID, DishID, 

Timestamp, Rating, InventoryLevel, and EquipmentLoad, 

with data types and update frequencies shown in Table 3. 

A sample of 500 anonymized user records is released in the 

supplementary material, ensuring that preprocessing, 

model training, and evaluation can be replicated without 

exposing personal information. To ensure reproducibility, 

we provide the training and evaluation code, pretrained 

model weights, and dataset generation scripts in a public 

GitHub repository (URL anonymized for review), along 

with detailed usage instructions. The system pipeline is 

illustrated in Figure 2: user requests are transmitted via 

WebSocket or MQTT, ingested by Kafka, and processed by 

the model server. Data are secured with AES-256-GCM 

encryption at rest and TLS in transit, while RBAC is 

enforced at the API gateway and database layers to ensure 

controlled access. 

 
Figure 2: System architecture of the e-Cantong smart canteen 
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System architecture of the e-Cantong Smart Canteen. 

The pipeline covers user interaction via WebSocket/MQTT, 

message handling through Kafka, model server 

computation, and database storage. Security mechanisms 

include AES-256-GCM and TLS encryption, with RBAC 

applied at the API gateway and database layers. 

Experiments used both a public benchmark (FoodRec) and 

a self-constructed dataset, including 3,000 dining records 

and 1M synthetic interactions generated via user-behavior 

simulation validated against cafeteria logs. Data were split 

70/15/15 for training/validation/testing with five-fold 

cross-validation. The synthetic data were generated 

through user-behavior simulation and validated against 

cafeteria logs to ensure realism. The dataset is split into 70% 

training, 15% validation, and 15% testing, with five-fold 

cross-validation applied. To ensure the efficient operation 

of the intelligent recommendation algorithm optimization 

and security architecture design of the e-Cantong Smart 

Canteen, this study constructed a multi-dimensional dataset 

to support algorithm optimization and resource scheduling. 

The dataset includes:(1)User behavior data: 3,000 records 

of historical dining behaviors, ratings, and evaluations, 

used to establish a user demand model and optimize the 

recommendation algorithm.(2)Meal resource status data: 

Records equipment load, inventory, failure rate, etc., 

approximately 120,000 items, playing a key role in the 

feedback mechanism and helping to adjust the 

recommendation path.(3)Production environment and 

material data: including inventory, replenishment cycle, 

transportation delay, etc., totaling 25,000 items, providing 

input for path planning optimization. Table 3 presents the 

structure and application of the dataset, illustrating the role 

of each type of data in the recommendation system:
 

Table 3: Comparison table of dataset structure and usage 
 

Data Type Sample Size Data Fields 
Data Update 
Frequency 

Usage Description 

User Behavior Data 3000 pieces 
User ID, Dish ID, Dining Time, 

Rating, etc. 
Updated every 

second 

Provides input data for 
personalized 

recommendations 

Dish Resource 
Status Data 

120000 
items 

Equipment load, inventory, 
energy consumption, failure 

rate, etc. 

Sampled every 
second 

Real-time feedback on 
resource allocation and 

load changes 

Production 
Environment and 

Material Data 

25000 
pieces 

Inventory level, replenishment 
cycle, transport delay, etc. 

Updated every 5 
minutes 

Path evaluation input 
conditions 

To verify the stability and response capability of the 

recommendation system under high concurrency and large 

data volume conditions, this study designed the following 

experimental datasets to simulate different loads and 

abnormal situations, as shown in Table 4:
 

Table 4: Comparison table of dataset structure and experimental purposes 
 

Data Type 
Sample 

Size 
Data Fields 

Data Update 
Frequency 

Usage Description 

High-Concurrency 
Scenario Data 

1 million 
pieces 

User behavior, dish selection, 
ratings, etc. 

Updated every 
second 

Tests recommendation 
efficiency under high-
concurrency conditions 

Large Data Volume 
Test Data 

500000 
pieces 

Dish inventory, equipment 
load, energy consumption, 

etc. 

Sampled every 
second 

Tests system stability under 
large data volume conditions 

Abnormal 
Environment Data 

10000 
pieces 

Equipment failure, inventory 
shortages, demand surges, 

etc. 

Updated every 
minute 

Verifies the system's path 
recovery ability under 
abnormal conditions 

Information such as recommendation accuracy and 

recommendation delay is used as supervisory variables for 

model accuracy evaluation. During the process of 

optimizing the recommendation path, the system converts 

the dependency relationship between user demands and 

meal selection into a structured model through the 

recommendation path diagram, ensuring that the system 

can achieve real-time adjustment of personalized 

recommendation paths in the face of fluctuations in user 

demands and changes in resources. 

 

 

 

 

4.2  Data preprocessing 

In the intelligent recommendation system of e-Cantong 

Smart Canteen, data preprocessing is the fundamental step 

to ensure the accuracy and response speed of the 

recommendation algorithm. As the system involves 

multiple data types, such as user behavior data and meal 

resource status data, these data are often affected by noise, 

missing values and inconsistency issues. If the original data 

is directly used to train the model, it may lead to a decline 

in algorithm performance. Therefore, it is of vital 

importance to establish a standardized data preprocessing 

mechanism.To ensure reproducibility, we detail the 

hyperparameters and computing environment of our 
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experiments. The complete configuration is summarized in 

Table 5. 

 

Table 5: Hyperparameters and experimental environment 

 

Component Value/Setting 

Embedding 
dimension 

64 

Hidden layers 
[256, 128, 64, 32], ReLU 

activation 

Batch size 128 

Optimizer Adam (learning rate = 0.001) 

Regularization 
Dropout = 0.2, L2 penalty (λ = 

0.001) 

Training epochs 
200 (early stopping patience = 

15) 

Evaluation metrics 
Precision@K, Recall@K, 

NDCG@K, latency 

Hardware 
Intel i7 CPU, NVIDIA GTX 

1660 GPU 

Software 
environment 

Ubuntu 20.04, Python 3.9, 
PyTorch 1.13 

 

This study adopted a four-step processing procedure of 

"data cleaning, missing value filling, feature 

standardization and input regularization". Firstly, clean the 

collected user behavior data and meal resource status data 

to remove duplicates and outliers and reduce noise 

interference. For missing values, interpolation methods are 

used to fill them in to ensure the integrity of the data. Next, 

feature standardization is carried out. The most commonly 

used Min-Max standardization method is adopted to map 

all feature values to the interval [0,1] to avoid the scale 

differences of different features affecting the training of the 

model. The formula is as follows: 

minmax

min

xx

xx
x

−

−
=

           （8） 

Among them, x is the original data, minx
is the 

minimum value of the feature, maxx
is the maximum value 

of the feature, and x  is the standardized data. This 

formula compresses all features into the same range, 

ensuring the uniformity of the data and enabling the model 

to be trained more efficiently. 

In addition, to enhance the robustness and accuracy of 

the recommendation system, this study also adopted data 

augmentation techniques. By processing user behavior data 

through rotation, cropping, noise addition, etc., different 

user demand scenarios are simulated to enhance the 

diversity and representativeness of the data. In terms of tag 

generation, the system generates the corresponding tag 

matrix based on historical dining records and meal 

selection. The definition of the tag matrix is: 

( ) ( ) 












+= 

yx

ii byxKyxIY
,

,,

    （9） 

Among them, iY
is the output, 

( )yxI ,
is the input data, 

( )yxK ,
 is the convolution kernel, ib

 is the bias term, and
 is the activation function. This formula is used to 

convert the input data into a label form suitable for model 

training. In terms of dataset partitioning, this study adopted 

a random sampling method to ensure the diversity of 

samples and scene consistency, avoid overfitting problems 

during training, and enhance the stability of the system in 

dynamic environments. 

4.3  Evaluation indicators 

Accuracy denotes the proportion of correctly predicted user 

choices. Response time is the average inference latency per 

request. Resource utilization is measured by CPU and 

memory usage during inference. Paired t-tests (p < 0.05) 

were applied for significance. To evaluate the intelligent 

recommendation algorithm in this study, the experiment 

compared it from five aspects: recommendation accuracy, 

processing duration, system robustness, response speed and 

resource utilization. The results show that the 

recommendation algorithm proposed in this study performs 

excellently in all indicators and has obvious advantages. 

Recommendation performance is evaluated using 

Precision@5, Recall@5, and NDCG@10. The proposed 

model achieves Precision@5 of 91.3% ±1.2, Recall@5 of 

90.5% ±1.3, and NDCG@10 of 92.1% ±1.1 (all values are 

standard deviations over 10 runs), outperforming 

collaborative filtering baselines (user/item-based CF: 79.5% 

±1.3) and deep learning baselines (NCF, SASRec, 

LightGCN: 85.6% ±1.1).Inference latency is 1.5s ±0.1, 

compared with 3.8s ±0.2 for CF and 2.6s ±0.2 for deep 

models, confirming real-time efficiency. Under 10% 

Gaussian noise, Precision@5 remains 89.4% ±1.5, higher 

than CF (65.2% ±2.0) and deep baselines (75.3% ±1.8), 

proving robustness. Response delay is 0.8s ±0.05, 

significantly lower than CF (2.1s ±0.1) and deep baselines 

(1.5s ±0.1), showing adaptability to high-frequency tasks. 

Average CPU occupancy is 23.7% ±2.5, versus 40.5% ±3.0 

for CF and 30.2% ±2.8 for deep models, demonstrating 

resource efficiency and scalability. 

 
Figure 2: Performance comparison of each model in five key indicators 
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Figure 2 presents the comparative performance of 

different models in five indicators, highlighting the 

advantages of the model in this study in terms of 

recommendation accuracy, processing duration, system 

robustness, response speed, and resource utilization. 

Compared with the existing technologies, the intelligent 

recommendation algorithm in this study has significantly 

improved in real-time recommendation and adaptability in 

complex environments, providing reliable technical 

support for the cafeteria management system and further 

optimizing the operational efficiency and user experience 

of the cafeteria. 

To further validate the effectiveness of the proposed 

system, we compared it with representative SOTA methods 

on the public FoodRec dataset. SVM-based time-aware 

models achieved 84.2% accuracy, optimization-based 

frameworks achieved 86.7%, and FoodRecNet reached 

87.5%. In contrast, the proposed system achieved 91.3% 

accuracy with an average inference latency of 1.5s, and 

maintained 92.1% accuracy under noise. These results 

highlight the superior accuracy, responsiveness, and 

robustness of the proposed approach.All reported ± values 

represent standard deviations over 10 independent runs, 

ensuring statistical reliability. 

4.4  Ablation research 

To verify the contribution of each core module to the 

performance of the intelligent recommendation algorithm, 

this section designs four sets of ablation experiments to 

strip the key mechanisms in the model and analyze their 

impact on recommendation accuracy, response speed and 

resource utilization. The experiment compared the 

execution results of the "complete model" with three 

simplified versions under the same task set, revealing the 

role of each module. 

The experimental configuration includes: ①Remove 

the personalized recommendation module and only use 

static recommendations; ②the requirement analysis 

module is excluded, and there is a lack of real-time data 

updates. Without using a feedback mechanism, the system 

cannot adjust the recommendations. The final version that 

fully integrates personalized recommendations, demand 

analysis and real-time feedback. Each model was run for 

100 rounds, and the results are shown in Table 6.
 

Table 6: Comparison table of key performance indicators for ablation experiment 
 

Ablation Item 
Recommendation 

Accuracy (%) 
Inference Time 

(s) 
Resource Utilization 

(%) 

Without Personalized Recommendation 74.3 ± 1.1 2.5 ± 0.1 65.2 ± 1.8 

Without Demand Analysis 81.6 ± 1.0 2.1 ± 0.1 72.5 ± 1.5 

Without Feedback Mechanism 87.2 ± 1.3 1.9 ± 0.1 79.4 ± 1.7 

Full Model 91.3 ± 1.2 1.5 ± 0.1 87.6 ± 2.0 

Removing personalized recommendations reduces 

accuracy to 74.3% ± 1.1, increases reasoning time to 2.5 ± 

0.1 s, and lowers resource utilization to 65.2% ± 1.8. 

Without the requirement analysis module, accuracy reaches 

81.6% ± 1.0 and inference time is 2.1 ± 0.1 s, but flexibility 

declines. Removing the feedback mechanism yields 87.2% 

± 1.3 accuracy, though resource mismatch remains. The 

“no requirement analysis” model shows limited 

contribution to accuracy improvement. By contrast, the 

complete model achieves 91.3% ± 1.2 accuracy, 1.5 ± 0.1 s 

reasoning time, and 87.6% ± 2.0 utilization. t-tests (p < 

0.05) confirm these differences are statistically significant, 

underscoring the roles of personalized recommendation, 

requirement analysis, and feedback mechanisms. 

5  Discussion 

5.1  Performance comparison with existing 
recommendation systems 

Most existing smart cafeteria recommendation systems use 

SVM-based models, optimization frameworks, or 

FoodRecNet. As shown in Table 1, their performance 

ranges from 80% to 88% Precision@5, but adaptability, 

scalability, and computational efficiency remain limited. 

The proposed system integrates DNNs for feature 

extraction, reinforcement learning for adaptive 

optimization, and AES security for data protection. 

Experiments show Precision@5 of 91.3% ±1.2, Recall@5 

of 90.5% ±1.3, and NDCG@10 of 92.1% ±1.1, with 

inference latency of 1.5s ±0.1 and Precision@5 of 89.4% 

±1.5 under 10% noise. These gains result from Q-learning, 

A* path optimization, and adaptive feedback, enabling 

superior accuracy, responsiveness, and robustness. 

The proposed system demonstrates clear advantages 

across multiple dimensions. In terms of recommendation 

accuracy, it surpasses collaborative filtering baselines 

(79.5% ±1.3) and deep learning baselines such as NCF, 

SASRec, and LightGCN (85.6% ±1.1). In terms of 

efficiency and responsiveness, inference time averages 1.5s 

and response delay 0.8s, compared with 3.8s and 2.6s for 

CF and other deep models. Regarding robustness, under 10% 

Gaussian noise the model maintains Precision@5 of 89.4% 

±1.5, and the outage rate is only 2.5%, compared with 7.2% 

for CF and 5.6% for deep models, demonstrating stability 

in complex environments. 

5.2  Adaptability analysis of intelligent 
recommendation system in cafeteria 
management 

In the management of smart canteens, complex dining 

demands and resource changes pose challenges to the 

adaptability of recommendation systems. When traditional 
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recommendation methods are confronted with diverse user 

demands and fluctuations in meal resources, their accuracy 

and response speed are often affected, making it difficult to 

meet the actual operational requirements. To verify the 

adaptability and stability of the model proposed in this 

paper in a complex cafeteria environment, this study 

designed four typical scenarios: peak hours, food shortages, 

changes in user preferences, and cold starts for new users. 

For each scenario, 100 rounds of experiments were 

conducted, and indicators such as recommendation 

accuracy, response time, and system stability were 

collected. The results are shown in Table 7.
 

Table 7: Comparison of model adaptability performance under different working conditions 
 

Test Scenario 
Recommendation 

Accuracy (%) 
Average Inference Time 

(s) 
System Stability Score (10) 

Peak Hours 91.2 1.4 9.2 

Out of Stock Dishes 89.5 1.7 8.9 

User Preference Change 90.3 1.5 9.0 

New User Cold Start 88.1 2.0 8.6 

The counterintuitive increase in accuracy when 

removing the demand analysis module is due to reduced 

model complexity and overfitting in small-sample 

scenarios, though it comes at the cost of reduced 

adaptability and robustness.During peak hours, the model 

can make efficient recommendations based on users' 

historical behaviors, with an accuracy rate of 91.2%, a 

response time of 1.4 seconds, and a system stability score 

of 9.2, demonstrating excellent performance. In the 

scenario of food shortages, the integration of data 

augmentation and real-time inventory data keeps the 

recommendation results above 90%. Although the 

reasoning time is slightly longer, the stability of the system 

is effectively guaranteed. In scenarios where user 

preferences change, the model quickly adjusts the 

recommendation strategy through an adaptive mechanism. 

The recommendation accuracy rate is 90.3%, the reasoning 

time is 1.5 seconds, and the system stability is high. To 

address the cold-start problem, the system applies a hybrid 

strategy combining content-based filtering with 

demographic features (e.g., age, dietary preference, health 

constraints) to generate recommendations for users without 

history. Accuracy slightly drops to 88.1%, but the model 

still delivers stable results with a score of 8.6, effectively 

mitigating the cold-start effect and meeting real-time 

requirements. 

5.3  System resource overhead and 
feasibility assessment of actual 
deployment 

The intelligent recommendation system of e-Cantong 

Smart Canteen needs to optimize computing resources, 

network bandwidth and hardware configuration to ensure 

efficient operation in a large-scale canteen environment. 

The system includes modules such as personalized 

recommendation, user demand analysis, and real-time 

feedback, handling a large amount of data and computing 

tasks, and has high requirements for resource consumption. 

In the data processing and recommendation algorithm 

stage, the model adopts deep learning technology, 

combined with convolutional neural networks and adaptive 

feedback mechanisms, which can efficiently process user 

behavior data and generate personalized recommendations. 

Equipped with an Intel i7 processor and 16GB of memory, 

the CPU usage is controlled within 40%, and the memory 

consumption is around 2GB, meeting the high-frequency 

recommendation requirements of the cafeteria. The 

inference stage requires relatively high computing 

resources. However, on Gpus such as NVIDIA GTX 1660, 

the inference latency is 1.2 seconds, meeting the real-time 

requirements. In terms of communication, the system 

transmits data through WebSocket, with a bandwidth 

requirement of approximately 6Mbps and a latency 

controlled within 200ms, which is suitable for the internal 

network of the cafeteria and ensures smooth real-time data 

transmission. In terms of engineering deployment, this 

model has good adaptability and supports the deployment 

of canteens of different scales.For medium-sized canteens 

(e.g., with multiple workstations and parallel tasks), the 

overall investment should remain cost-effective and 

seamlessly integrate with the existing catering management 

system.The optimized model reduces hardware 

dependency and provides an efficient and economical 

solution. The model in this paper provides a feasible 

intelligent recommendation system solution by optimizing 

resource consumption and reducing hardware requirements, 

meeting the real-time and stability demands of cafeteria 

operations. 

5.4  The practical application value of the e-
cantong smart canteen model 

To meet the precise recommendation requirements of smart 

canteens in high-frequency ordering and dynamic demand 

prediction, the intelligent recommendation system 

proposed in this paper has demonstrated significant 

application value. In terms of recommendation efficiency, 

by integrating deep learning with adaptive mechanisms, the 

model's reasoning time is controlled within 1.5 seconds, 

and the recommendation accuracy rate remains stable at 

over 91.3%, significantly enhancing the response speed and 

precision of traditional methods. In terms of system 

stability, the model can maintain a high accuracy rate in 

complex scenarios such as peak hours and food shortages, 

with a stability score exceeding 8.5 points. Through real-

time feedback and dynamic adjustment, the model can 

promptly correct the recommendation results, reduce 

misjudgments and interruptions, and ensure the continuity 

and reliability of the cafeteria operation. At the 
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management level, the model visually presents 

recommended content through a visual interface, helping 

managers to keep real-time track of operational status and 

optimize menu configuration and resource scheduling 

through data-driven approaches. The system also has strong 

compatibility, capable of seamless integration with existing 

catering management systems, supporting remote 

deployment and modular expansion, and meeting the needs 

of canteens of different scales. Pilot applications have 

shown that this system can enhance the accuracy of 

recommendations, reduce misjudgments, and improve the 

operational efficiency of canteens. The overall application 

potential is huge. By optimizing resource consumption and 

reducing hardware dependence, an efficient and 

economical intelligent recommendation solution has been 

provided for the cafeteria. 

6  Conclusion 

The intelligent recommendation system based on deep 

learning proposed in this paper significantly improves the 

accuracy and response speed of recommendations by 

combining personalized recommendations with adaptive 

feedback mechanisms, and solves the problems of 

insufficient precision and response delay in traditional 

systems. Experiments show that the model's 

recommendation accuracy rate is 91.3%, and the reasoning 

time is controlled within 1.5 seconds, meeting the high-

frequency recommendation requirements of smart canteens. 

The system can operate stably during peak hours and in 

complex scenarios such as food shortages. Through 

adaptive mechanisms and real-time feedback, it promptly 

corrects the recommendation results, reduces 

misjudgments and interruptions, and ensures the stability 

of the cafeteria's operation. The pilot application results 

show that the recommendation accuracy has been improved, 

the reasoning time has been reduced, and the misjudgment 

rate has decreased, demonstrating good practical 

application value. Despite this, the model still faces the 

problem of limited dataset size. In the future, the 

generalization ability of the model can be enhanced by 

expanding diverse datasets. Future research can be carried 

out in three directions: expanding large-scale datasets to 

enhance the generalization ability of the model; Explore 

lightweight networks and distributed computing 

architectures to reduce computing overhead; By integrating 

transfer learning and self-supervised learning methods, the 

adaptability of the model in different scenarios is enhanced. 

Through these improvements, the intelligent 

recommendation system for smart canteens is expected to 

play a greater role in the operation and management of 

canteens, enhancing efficiency and user satisfaction. 
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Against the backdrop of increasingly prominent climate fluctuations and water scarcity, the demand for 

precision and intelligence in agricultural irrigation continues to rise. This article focuses on the research 

of "agricultural irrigation intelligent scheduling algorithm and management system based on deep 

reinforcement learning", aiming to construct a technical solution that combines decision-making 

adaptability and resource utilization efficiency. At the algorithmic level, a deep reinforcement learning 

model is constructed using an improved DQN combined with policy gradient fusion, ensuring consistency 

between algorithm description and system implementation to map multimodal data such as soil moisture, 

evapotranspiration, and meteorological predictions collected by field sensing networks into state 

representations in the irrigation strategy space. The strategy function is optimized using the Time 

Difference (TD) method to enable the system to continuously update decisions in a dynamic environment. 

In order to avoid the limitations of single objective optimization, a multi-objective reward function was 

designed, which integrates crop yield, water resource utilization rate, and energy consumption into the 

evaluation indicators, and achieves adaptive balance through normalization and weight adjustment. At the 

system implementation level, a management platform integrating data collection, edge computing, cloud 

decision-making and mobile visualization is built to support the automatic generation, real-time adjustment 

and historical data backtracking analysis of irrigation plans. Field trials on a 35-ha wheat–corn site (12 

plots, 4 months) evaluated a DQN–Policy Gradient hybrid, trained for 5000 episodes (200 steps each) with 

lr=0.0005, batch size=64, and buffer=10,000. Rewards weighted efficiency (0.5), yield (0.3), and energy 

(0.2).The system achieved 88.1% ± 1.7% water use (n=30, p<0.01), representing a 12.7% improvement in 

water resource utilization, and 8.3% ± 1.2% yield gain (n=30, p<0.05), outperforming thresholds.The 

research results provide a scalable technical path for intelligent management of agricultural water 

conservancy, and provide practical verification for the application of deep reinforcement learning in 

complex resource scheduling scenarios. 

 

Povzetek: Za inteligentno namakanje je razvit večciljni sistem, ki z združenim DQN–policy-gradient 

globokim utrjevalnim učenjem ter robno-oblačno arhitekturo optimira vodo, pridelek in energijo. 

 

 

1  Introduction 

In the process of modern agriculture moving towards 

intelligence, traditional irrigation methods lack dynamic 

perception and adaptive scheduling capabilities, making it 

difficult to cope with the challenges brought by climate 

fluctuations, crop growth differences, and water resource 

imbalances. How to achieve precise water use and 

intelligent decision-making has become a key issue for 

sustainable agricultural development. 

Deep reinforcement learning can continuously 

optimize strategies through environmental interactions in 

high-dimensional state spaces, and has performed well in 

fields such as robot control and energy scheduling. In 

recent years, its application in agricultural water resource 

management has gradually expanded. Saikai et al. (2023) 

constructed a model based on high-dimensional sensor data 

to achieve automated greenhouse irrigation, with a water-

saving rate exceeding 12% and stable yield [1]. Alibaba et 

al. (2022) showed in a vineyard study that this method can 

achieve an 18% water-saving rate and reduce manual 

intervention [2]. The deep Q-network scheduling method 

proposed by Yang et al. (2020) significantly improved 

water use efficiency in cotton experiments, verifying its 

feasibility [3]. At the application level, Ding and Du's 

(2024) field experiments further demonstrated that the deep 

reinforcement learning system combined with sensor 

networks improves crop yield stability by 11% under 

dynamic climate conditions compared to traditional models 

[4]. These achievements provide direct support for the 

algorithmic transformation of intelligent irrigation and the 

system design of this study. 

Although deep reinforcement learning has shown 

effectiveness, its integration and large-scale application 

remain limited. Most models are confined to small 

experiments, lacking adaptability across plots and crops, 

and the link between monitoring platforms and decision 
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algorithms is weak, preventing a closed loop. This study 

proposes a deep reinforcement learning–based intelligent 

irrigation scheduling system to achieve end-to-end 

optimization from perception to execution. 

The system consists of three modules: multi-source 

data modeling to characterize soil, crop, and weather; a 

scheduling module that dynamically adjusts irrigation 

strategies via feedback; and an integrated management 

platform for data fusion, real-time control, and cross-

regional deployment. Compared with threshold control, the 

closed loop of “state–decision–execution” improves 

robustness, scalability, water use efficiency, and yield. 

The contributions are: (1) a state modeling framework 

integrating multi-source data; (2) a dynamic scheduling 

algorithm with cross-crop and cross-scenario adaptability; 

and (3) a management platform supporting real-time 

feedback and collaborative deployment. This combination 

provides an efficient, scalable, and practical solution for 

intelligent irrigation. 

 

2  Related work 

In multi-plot, limited water, and rapidly changing crop 

stages, existing systems often show rigid scheduling, 

delayed feedback, and weak anomaly response, limiting 

precision agriculture. To improve this, AI and sensor 

networks have been applied, shifting irrigation from static 

threshold control to dynamic feedback optimization. Chen 

et al. (2021) combined reinforcement learning with weather 

prediction for rice irrigation, improving water efficiency 

and yield [5]. Jimenez et al. (2020) built a closed-loop 

agent system enabling real-time horticultural irrigation [6]. 

Alves et al. (2023) developed a digital-twin platform that 

optimizes allocation in multi-plot scenarios [7]. These 

works suggest that coupling deep reinforcement learning 

with IoT can address multi-source data and dynamic 

scheduling. 

Yet limitations remain: experiments are mostly small-

scale without cross-region or cross-crop validation; 

algorithm–monitoring links are weak, breaking the 

perception–decision–execution chain; and rapid response 

to climate or equipment failures is lacking. To provide a 

clearer comparison, Table 1 summarizes representative 

studies, listing method class, dataset/environment, metrics, 

and numerical results, alongside our proposed work.

 

Table 1: Comparison of related works and this study on irrigation scheduling using reinforcement learning 

 

Prior Work 
Method 

Class 
Dataset/Environment 

Metrics 
Reported 

Numerical Results Remarks 

Saikai et al. 
(2023) [1] 

DRL (sensor 
feedback) 

Greenhouse, high-
dimensional sensors 

Water 
saving, 
yield 

Water saving +12%, 
stable yield 

Limited to 
greenhouse scale 

Yang et al. 
(2020) [3] 

DQN 
scheduling 

Cotton field 
Water use 
efficiency 

+15% efficiency 
No multi-
objective 

optimization 

Ding & Du 
(2024) [4] 

DRL + IoT 
sensors 

Wheat field, dynamic 
climate 

Yield 
stability 

+11% yield stability 
No edge–cloud 

integration 

Chen et al. 
(2021) [5] 

RL with 
weather 
forecast 

Rice paddy 
Yield, 
water 
saving 

+10% yield, +14% 
saving 

Seasonal 
dependency 

This work 
Actor–Critic 
DRL hybrid 

Wheat–corn, 35-ha 
field, 12 plots 

Water use, 
yield, 
energy 

88.1% ±1.7% water 
use, +8.3% ±1.2% 

yield (n=30, p<0.05) 

Multi-objective 
+ edge–cloud 

platform 

Compared with these prior studies, our approach 

integrates multi-objective optimization (water use, yield, 

and energy) and an edge–cloud management platform, 

validated in large-scale field trials, thereby demonstrating 

stronger adaptability and scalability. 

The existing research results provide a solid theoretical 

and technological foundation for intelligent scheduling of 

agricultural irrigation, but there are still the following gaps: 

(1) insufficient system integration, and there is a gap 

between algorithm and hardware collaboration; (2) The 

universality verification of multi plot and multi crop 

scenarios is limited; (3) Lack of stability testing covering 

abnormal climate and extreme conditions. Therefore, it is 

urgent to build an integrated deep reinforcement learning 

driven management system that connects the entire process 

of sensing, modeling, optimization, and execution, 

achieving a comprehensive upgrade of agricultural 

irrigation from passive regulation to intelligent closed-loop. 

 

3  Suggested scheduling plan 

3.1  Deep reinforcement learning 
framework 

In agricultural irrigation systems, traditional scheduling 

often relies on manual experience or fixed thresholds. 

Although it is effective for a single crop and stable climate, 

it often leads to scheduling lag, rigid strategies, and 

insufficient feedback when multiple plots are parallel, 

limited water sources conflict, and climate fluctuations 

occur frequently. This results in water resource waste and 

unstable yields, making it difficult to meet the needs of 

precision agriculture. Therefore, building an intelligent 

scheduling framework based on deep reinforcement 

learning has become an important path. 
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To ensure the reproducibility of the research, this article 

adopts modular design and standardized interfaces, 

enabling the system to reproduce experimental results in 

different agricultural environments. Research the use of 

AnyLogic platform to construct multi-agent simulation 

models, abstracting land parcels, irrigation units, and water 

source distributors; At the implementation level, a deep 

reinforcement learning engine is built using Python and 

Flask, and interaction with sensors and actuators is 

achieved through WebSocket and Kafka. AnyLogic 

simulated soil and crop dynamics, while the Python/Flask 

RL engine controlled real-time tasks. Sim-to-real gap was 

mitigated by randomization and field-data tuning; The data 

layer uses MySQL database to maintain environment logs 

and reward parameters, ensuring the traceability of 

experimental data. 

The research process includes four steps: firstly, using 

sensor networks to collect real-time data on soil moisture, 

evapotranspiration, rainfall, and crop status, constructing 

an environmental state space; Secondly, the framework 

adopts an improved DQN integrated with policy gradient 

methods. Although the Actor–Critic paradigm is common 

in related work, this study unifies the algorithm description 

under the DQN+PG fusion framework to avoid ambiguity 

and maintain consistency; Thirdly, an event driven 

mechanism is adopted to control the opening and closing of 

irrigation valves, with water-saving rate, uniformity, and 

yield stability as reward functions; Fourthly, verify the 

performance of the model in terms of task completion time, 

water resource utilization rate, and response speed through 

ablation and comparative experiments. This process 

ensures the traceability of results and enhances the 

application value of the method in real agricultural 

scenarios. A multi-objective reward is defined as: 

EwYwUwR ˆˆˆ
321 ++=

      （1） 

whereÛ , Ŷ , and Ê are normalized water use, yield, 

and energy saving (range [0,1]). We set 

1321 =++ www
, with default weights (0.5, 0.3, 0.2). To 

assess sensitivity, we tested (0.6, 0.2, 0.2) and (0.4, 0.4, 

0.2). Increasing yield weight improved crop gain but 

reduced water efficiency, and vice versa. These trade-offs 

confirm the default setting offers balanced performance. 

In terms of modeling logic, the system achieves 

synchronous updates between the physical state of 

farmland and the virtual model through a virtual real 

mapping mechanism. Assuming the real state vector of the 

physical environment at time t is

n

t Rx 
and the 

estimated state of the virtual model is

n

t Rx ˆ
, the 

relationship is defined as: 

( ) += ttt xfx ,ˆ
           （2） 

Among them, 
( )f

is the state mapping function, t  

is the sampling period, and
( )2,0~  N

is the sensing 

noise and environmental deviation term. This formula 

ensures that the virtual model can continuously 

approximate the real state of farmland, providing reliable 

input for deep reinforcement learning. At the scheduling 

level, task set 
 ntttT ,…,, 21=

 and resource set

 mrrrR ,…,, 21=
 are introduced, and the scheduling 

function is represented as: 

( ) ( )( )PDRCP
P

+=


minarg*

      （3） 

Among them, 
*P is the optimal path,  is the set of 

candidate paths, 
( )PC

represents the resource 

consumption and time cost function of the path; 
( )PD

is 

the deviation measure between the current execution state 

and the expected path, with a value range of [0,1], and 

＞0 is the penalty coefficient used to balance resource 

consumption and path deviation. This mechanism not only 

considers resource matching and job sequence, but also 

combines state feedback to achieve dynamic path 

correction. 

In terms of framework composition, deep 

reinforcement learning systems consist of four core 

components: environmental models (composed of soil, 

crops, and climate states), agents (learning and generating 

irrigation strategies), action spaces (valve opening and flow 

allocation), and reward functions (aimed at water 

conservation rate and yield stability). This design enables 

the system to continuously optimize strategies in dynamic 

environments, adapting to multitasking and complex 

constrained scenarios. 

In terms of system implementation and integration, the 

logical information layer is based on MySQL database and 

Flask interface to complete irrigation parameter 

maintenance and environmental data management; The 

physical entity layer consists of humidity sensors, weather 

stations, flow meters, and intelligent valves, which transmit 

real-time data through LoRa and 5G networks; The 

interaction layer utilizes Web Dashboard and Node RED to 

process task flow and generate visual results; The data 

management layer adopts centralized services combined 

with Kafka message queues to achieve asynchronous 

transmission and caching, and uses timestamp correction to 

ensure real-time mapping between virtual and real domains. 

The system has completed preliminary integration on the 

agricultural irrigation platform and verified real-time 

interaction between the decision engine and execution unit 

through WebSocket. The relevant configuration files can 

support subsequent research and replication. The network 

has three hidden layers (128, 64, 32 neurons) with ReLU 

activation. Training uses the Adam optimizer (lr=0.0005), 

batch size 64, replay buffer 10,000, and target update every 

200 steps. An epsilon-greedy policy decays from 1.0 to 

0.05 across 5000 episodes of 200 steps. Models are trained 

in simulation and fine-tuned with field data. A fixed 

random seed (2024) ensures reproducibility. 

To ensure reproducibility, the DRL model uses three 

hidden layers (128, 64, 32, ReLU) and Adam (lr=0.0005, 

batch size=64, buffer=10,000, target update=200). 

Training spans 5000 episodes of 200 steps with ε-greedy 

decay (1.0→0.05) and seed=2024. Inputs cover soil 
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moisture, evapotranspiration, rainfall, and valve states; 

actions are discretized at 5s. Training on an RTX A2000 

GPU took ~7h. Code and anonymized data will be released 

upon acceptance. 

3.2  Data preprocessing and modeling 

This mechanism defines all sensor data as state units 

containing timestamps, spatial positions, attribute values, 

and confidence, and is uniformly sampled and standardized 

by the data bus. To overcome the problem of insufficient 

exception handling in traditional models, a modeling 

method with three capabilities of state representation, 

dependency construction, and resource mapping has been 

designed. Table 2 presents its core features.

 

Table 2: Core structural characteristics of agricultural irrigation data preprocessing 

 

Feature Type Expression Method Functional Role 

State 
Representation 

Input/output state vector mapping 
Ensures real-time updates of humidity, 
evapotranspiration, etc., and eliminates noise 

Dependency 
Construction 

Environment–crop–resource logical 
relationships 

Supports dynamic coupling of tasks with weather 
and water demand conditions 

Resource 
Mapping 

Dynamic binding mechanism of water 
sources and valves 

Avoids multi-plot competition conflicts and 
delays 

In terms of state representation, the system constructs 

a standardized state vector tS
through sliding window 

filtering and missing value interpolation, and aligns it in the 

time dimension to ensure input stability; In terms of 

dependency construction, soil moisture thresholds, 

meteorological predictions, and crop growth stages are 

transformed into graph structured edge relationships for 

dynamically constraining action selection; In terms of 

resource mapping, the remaining amount of water sources 

is bound to the status of valves and task nodes to achieve 

cross site resource scheduling. 

To enhance reproducibility, this article designs a 

pseudocode process for data preprocessing: 

Input: RawData (SoilMoisture, Rainfall, ET, 

CropStage)   

For each record in RawData:   

    Align timestamp and normalize values   

    If missing_value: interpolate()   

    If noise_detected: apply filter()   

    Construct StateVector = [SoilMoisture, ET, 

Rainfall, CropStage]   

    Update DependencyGraph(StateVector)   

    Map ResourceStatus to irrigation nodes   

End For   

This process ensures the unity of input state vectors 

and the renewability of graph structures, enabling 

reinforcement learning agents to obtain accurate state 

feedback in complex environments. 

This process keeps input vectors consistent and 

dependency maps updated, allowing RL agents to obtain 

accurate state feedback in complex environments. For path 

optimization, an improved A* with load-aware sorting 

considers plot distance, soil deficit, and valve occupancy, 

generating candidate paths as RL action constraints to 

speed convergence and avoid single-source bottlenecks. A 

sliding monitoring window tracks execution; when failures, 

conflicts, or congestion occur, the exception module 

updates status and reschedules, ensuring robustness against 

climate or equipment issues. At the implementation level, 

Python preprocessing is embedded into AnyLogic, where 

tasks are managed by a directed acyclic graph: state vectors 

feed the agent and actions map to valve controls. This 

enhances input stability, improves generalization, and 

supports migration across agricultural settings. 

To enhance reproducibility, the complete training and 

execution pseudocode and the key hyperparameter settings 

are provided below. 

Algorithm Pseudocode (Training and Execution)： 

Initialize network Q(·;θ), target network Q̄, replay 

buffer B 

for each episode do 

for each step do 

Select action by ε-greedy; execute in environment 

Store transition (s,a,r,s′) in B 

Sample minibatch from B; update Q with Adam 

optimizer (lr=0.0005) 

Every 200 steps update Q̄ ← Q 

end for 

end for 

During execution: build state vector from live sensors, 

choose action by argmax Q, send control to valves, update 

state. 

 

Table 3: Hyperparameter settings 

 

Parameter Value 

Network 
3 hidden layers (128/64/32), 
ReLU 

Optimizer/LR Adam, 0.0005 

Batch/Buffer 64 / 10,000 

Target update Every 200 steps 

Episodes/Steps 5000 / 200 

Exploration 
ε-greedy 1.0 → 0.05, seed = 
2024 

Availability 

Code will be released upon acceptance; anonymized 

datasets and simulation data will be provided. 
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3.3  Scheduling strategy 

In this strategy, the task set and resource set defined earlier 

are directly used as inputs, and the agent generates actions 

(valve opening and flow allocation) through state vectors 

(including soil moisture, meteorological parameters, and 

crop growth stages). The objective function, which 

combines water-saving rate and yield stability, is 

formalized as: 

( )
=

+=
n

i

ii DWJ
1

min 
        （4） 

Among them, iW
represents the unit irrigation water 

volume of the i  plot, iD
represents its deviation from the 

optimal moisture content, and 
，

is the weight 

coefficient. This function constrains the overall water-

saving level of the system while ensuring crop yield. 

In terms of action selection, the system adopts a 

decision-making mechanism based on deep Q-networks. 

Each cycle, the agent generates a set of candidate actions 

based on the state and calls the improved A* algorithm for 

path filtering. The path cost is determined by weighting the 

distance between plots, valve utilization rate, and water 

source load: 

( ) ( )
( )



++=
Pji

jjij sudPC
,

21 

     （5） 

Among them, ijd
 represents the distance between 

plots, ju
is the valve utilization rate, js

 is the water 

source load, and 21 ，
is the balancing parameter. The 

reinforcement learning agent selects the optimal path 
*P

from the candidate path set, achieving a comprehensive 

balance between execution cost and real-time performance. 

In terms of feedback mechanism, the system sets up a 

sliding monitoring window to continuously track the status 

of task execution. When task failure, path conflict, or 

resource congestion is detected, the scheduling engine 

triggers rescheduling, writes the exception back to the state 

vector, and locally modifies the strategy to ensure 

robustness in situations such as climate change or 

equipment failure. 

At the implementation level, the scheduling strategy is 

implemented using Python as the core, embedded in the 

AnyLogic simulation environment, and interacts in real-

time with WebSocket through Kafka message queues. All 

task nodes are managed by DAG structure, and the 

intelligent agent takes state vectors as inputs to output 

control instructions for irrigation valves. Experimental 

verification shows that this strategy significantly improves 

water resource utilization efficiency and crop yield stability 

in high concurrency scenarios, and exhibits strong adaptive 

ability in ablation experiments. 

 

 

 

4  Implementation of management 
system 

4.1  System architecture and module design 

The system adopts a five-layer architecture: perception 

layer, data modeling layer, intelligent decision-making 

layer, execution control layer, and visualization interaction 

layer. Each layer is relatively independent and maintains 

real-time linkage, forming a complete closed-loop 

management system. At the perception layer, the system 

deploys soil moisture sensors, meteorological monitoring 

stations, flow meters, and intelligent valves to collect real-

time data through LoRa and 5G networks, covering key 

indicators such as moisture, rainfall, evapotranspiration, 

and crop growth stages. All data is accompanied by 

timestamps and land parcel identifiers to ensure accuracy 

and traceability of input. At the data modeling level, multi-

source heterogeneous data is first filtered, interpolated, and 

normalized to construct a unified state vector, which is then 

stored in a MySQL database. Subsequently, using graph 

structure modeling methods, the crop water demand 

patterns, water source constraints, and land parcel 

dependencies were transformed into node and edge 

relationships, forming a task logic graph. Simultaneously 

introducing Kafka message queues to achieve 

asynchronous transmission and caching in high 

concurrency scenarios. At the intelligent decision-making 

level, deep reinforcement learning agents generate 

irrigation actions based on state vectors. The decision 

framework combines improved DQN and strategy gradient 

methods, with water conservation rate, irrigation 

uniformity, and yield stability as optimization objectives. 

At the same time, an improved A * algorithm is introduced 

as a path constraint to screen candidate paths, taking into 

account the distance between parcels, valve utilization, and 

water source load, and ultimately outputting the optimal 

action. The intelligent agent dynamically updates its 

strategy based on environmental feedback during each 

scheduling cycle, achieving adaptive scheduling. In the 

execution control layer, intelligent valves and pump 

stations serve as physical execution units to complete 

irrigation operations based on instructions from the 

decision-making layer. Each execution sends the status 

back through WebSocket. If a task failure, path conflict, or 

resource congestion is detected, the system will trigger a 

rescheduling mechanism to adjust the task allocation in 

real-time and ensure uninterrupted irrigation.  

In the visual interaction layer, the system displays soil 

moisture, crop water demand status, and irrigation 

execution status through the Web Dashboard and Node 

RED module, and outputs water-saving rate and crop 

growth indicators in the form of charts. Users can manually 

intervene in the parameters of the intelligent agent to 

enhance the transparency and controllability of the system. 

To support real-time claims, edge nodes used ARM Cortex-

A72 (4×1.8 GHz, 4 GB RAM) and central inference an 

NVIDIA RTX A2000 GPU. LoRa+5G latency was 120–

150 ms, sensors showed ±2% accuracy, and valves had ~0.8 

s delay, confirming low-latency operation.
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Figure 1: Architecture flowchart of agricultural irrigation system based on deep reinforcement learning 

 
The overall logic of the system is shown in Figure 1: 

the perception layer is responsible for data collection, the 

modeling layer constructs structured inputs, the decision-

making layer generates scheduling strategies, the execution 

layer implements control instructions, and the interaction 

layer provides real-time monitoring and feedback. Through 

the collaborative design of a five-layer architecture, the 

system has achieved full chain optimization from 

environmental perception to decision execution, with real-

time response, resource balance, and robustness, providing 

a scalable systematic solution for precision agricultural 

irrigation. 

4.2  System implementation and functions 

After completing the system architecture design, this article 

further implemented an agricultural irrigation intelligent 

scheduling platform based on deep reinforcement learning, 

which covers five aspects: data collection, state modeling, 

strategy generation, execution control, and visual 

interaction, forming an end-to-end closed-loop control. 

This system not only ensures the operability of the 

theoretical model, but also demonstrates strong robustness 

and scalability in practical applications. 

In the data collection and input process, the sensor 

network obtains real-time key data such as soil moisture, 

rainfall, evapotranspiration rate, and crop growth status, 

and transmits it to the data server through LoRa and 5G 

networks. The system utilizes preprocessing modules to 

perform missing value interpolation, noise filtering, and 

timestamp alignment, ensuring input consistency and 

timeliness. In the state modeling and storage process, all 

input data is standardized into state vectors and stored in a 

MySQL database. The system also constructed a 

dependency graph of crops, water sources, and valves to 

express the logical relationships between tasks. The 

interaction process of deep reinforcement learning is 

formalized as: 
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where Ss  is the state space, Aa is the action 

space,
( )tt asR ,

is the reward at time t , and 
( )10，

is 

the discount factor. 
( )asQ ,

denotes the long-term 

cumulative return obtained by executing action a  in state 

s  under policy . The role of this function in the system 

is to measure the value of candidate irrigation actions, 

ensuring that the agent selects a strategy that can both save 

water and stabilize yield in a dynamic environment. In the 

strategy generation stage, the system adopts an improved 

DQN and strategy gradient fusion model, and introduces 

path cost constraints. The optimization objective can be 

expressed as: 

( ) aAaSs CasRE −=  


,maxarg ,

*

  （7） 

Among them,
*  is the optimal strategy, and

( )aC

represents the execution cost of action a , including 

comprehensive factors such as inter plot distance, valve 

occupancy rate, and remaining water source; 0> is the 

penalty coefficient used to constrain the selection of high 

consumption actions.This optimization function ensures 

that the intelligent agent automatically avoids resource 

conflicts and path congestion while meeting crop water 

demands, thereby improving the overall system balance. In 

the execution control phase, intelligent valves and pump 

stations complete flow allocation based on strategic 

instructions, and provide real-time feedback on the 

execution status to the decision-making layer through 

WebSocket. When an execution exception or resource 

conflict is detected, the scheduling engine triggers a 

rescheduling mechanism to ensure the continuity of the 

task chain and the stability of the system. In the 

visualization and functional expansion stage, the system 

displays the humidity curve, valve operation status, and 

water-saving indicators of each plot through the Web 

Dashboard and Node RED module, and supports users to 

manually adjust parameters such as the learning rate and 

discount factor of the intelligent agent. This design not only 

improves the transparency of the system, but also provides 

an interactive and user-friendly interface for actual 

agricultural production. 

4.3  Real time feedback and adjustment 

During system operation, the execution status of all tasks is 

transmitted in real-time through the feedback channels of 

sensors and actuators, forming a state vector update. If the 

target state for executing the task is set to 
*s  and the real-

time acquisition state is set to ts
, the feedback error can be 

defined as: 

Perception layer 

Visual interaction 
layer 

Execution control 
layer 

Lntelligent decision-
making layer 

Data modeling layer 
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tt sse −= *

               （8） 

Among them, te
represents the deviation at time t , 

covering factors such as soil moisture, evapotranspiration, 

and differences in crop water requirements. When the error 

exceeds the threshold, the system automatically triggers the 

adjustment mechanism and writes the abnormal 

information back to the decision layer. This process ensures 

the synchronization between state perception and task 

execution, enabling the agent to maintain effective tracking 

of the target in the face of environmental fluctuations. 

In the feedback loop, the policy is updated online using 

policy gradient, which adjusts action probabilities 

according to the feedback error te
. If the current policy is

( )sa , the update rule is: 

( )ttttt sae   log1 +=+    （9） 

where t is the policy parameter at time t ,  is the 

learning rate, te
is the feedback error, and 

( )tt sa log
is the policy gradient. This mechanism 

increases the probability of effective actions when errors 

are large, enhancing accuracy and adaptability of action 

selection. 

In the implementation process, the feedback module 

adopts a sliding monitoring window mechanism to 

continuously track the task execution status. During each 

monitoring cycle, the system records the dynamic changes 

in valve opening, flow allocation, and land moisture 

content. If there is resource congestion or path conflict, the 

scheduling engine immediately triggers local rescheduling 

and recalculates the candidate action set. Compared with 

traditional manual intervention, this mechanism can 

complete adjustments in milliseconds, significantly 

reducing response time. 

To ensure the stability of the feedback mechanism, the 

system uses Kafka message queue and WebSocket channel 

to run in parallel at the implementation level, achieving 

high-frequency data transmission and low latency 

interaction. Meanwhile, through timestamp correction and 

noise filtering, false feedback caused by communication 

delays and sensing errors is avoided, ensuring the 

continuity and reliability of scheduling logic. 

Functional verification shows that the real-time 

feedback and adjustment mechanism can maintain the 

continuity of system operation under sudden climate 

fluctuations and abnormal equipment conditions. The 

experimental results showed that without feedback 

mechanism, the average irrigation completion delay was 

16.2 minutes, while with the introduction of feedback 

mechanism, the delay was shortened to 4.7 minutes; In the 

water source conflict test, the success rate of resource 

scheduling in the system increased from 83% to 96%. 

These results validate the significant role of real-time 

feedback in improving scheduling efficiency and system 

robustness. 

 

4.4  System integration and deployment 

If the agricultural irrigation scheduling model driven by 

deep reinforcement learning only stays at the algorithm 

level, it is difficult to achieve effectiveness in practical 

environments with multiple plots, crops, and water sources. 

Traditional systems often fail to quickly implement 

irrigation strategies due to loose model modules, 

inconsistent interfaces, and severe feedback delays. To 

achieve a closed-loop operation of "strategy generation 

task execution state feedback", this study proposes a 

system integration and deployment framework for 

agricultural scenarios, ensuring stable linkage between 

virtual models and physical devices. 

The overall system adopts a hierarchical decoupling 

structure, including a perception access layer, twin 

modeling layer, scheduling decision layer, and execution 

feedback layer. The perception layer collects 

multidimensional data such as soil moisture, 

evapotranspiration, and rainfall, and transmits it to the 

modeling layer through an edge gateway; Twin modeling 

layer reconstruction of farmland environment and water 

source allocation logic; The decision-making layer runs 

reinforcement learning and path optimization algorithms; 

The execution feedback layer implements control through 

valves and pump stations, and sends the status back in real-

time, forming a loop mechanism of virtual and real 

synchronization. 

To ensure time consistency between different modules, 

the system introduces a unified scheduling cycle mapping 

mechanism. The scheduling state vector set at time k  is

 kkkk crsX ,,=
, where ks

represents the moisture 

content of the plot, kr represents the crop water demand, 

and kc
represents the water source allocation rate. If 

( )F
 is the scheduling function based on reinforcement 

learning and kR
 is the real-time feedback of resource 

status, then the update iteration is: 

( )kkk RXFX ,1 =+              (10)  

This formula states that in each scheduling cycle, the 

system uses the latest feedback kR
 to correct the task 

execution logic, ensuring that the task path and resource 

allocation plan can be adjusted in real-time with 

environmental changes. 

During the task execution process, if the number of 

irrigation tasks that need to be completed in the current 

cycle is M and the number of delayed tasks is dM
, the 

deviation rate is defined as: 

M

M d=
                 (11)  
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Among them, 
 10，

represents the stability of 

scheduling execution. When the threshold is th＞
, it 

indicates that there is a significant deviation in the 

irrigation task, and the system immediately triggers the 

scheduling correction module to reduce delay by adjusting 

task priority or reconstructing the path scheme. This 

indicator provides a quantitative basis for scheduling 

quality and helps to achieve real-time monitoring of system 

robustness. 

In terms of deployment, twin modules are embedded in 

a containerized form into existing agricultural information 

platforms and can run simultaneously on local edge nodes 

or cloud servers. Edge nodes are responsible for real-time 

processing of high-frequency sensor data, while the cloud 

is responsible for strategy training and cross regional 

collaboration. Both achieve read and write synchronization 

with sensors, valves, and pump stations through MQTT and 

OPC-UA protocols, ensuring low latency and high 

compatibility in data transmission. 

In actual verification, this system has completed pilot 

deployment in the mixed planting area of wheat and corn. 

The entire integration process only takes 48 hours to 

complete the mapping and binding of land parcels, valves, 

and scheduling modules. In the first round of operation, the 

system completed dynamic path adjustment 6 times, with 

an control response latency was ~420 ms, ensuring stable 

water supply in case of sudden rainfall and water shortage. 

To enhance the repeatability of deployment, this article 

has developed standardized integration steps: the first step 

is to establish a communication path with sensors and unify 

data protocols; Step two, build a twin model of the plot and 

bind crop parameters; Step three, start the reinforcement 

learning scheduling engine and load the DAG task graph; 

Step four, configure the feedback monitoring module, set 

threshold parameters and self-recovery logic; Step 5: 

Record logs and status snapshots periodically after the 

system runs, providing a basis for secondary deployment 

and performance replication. 

5  Experiment and result analysis 

5.1  Experimental design and dataset 

To verify the applicability of the deep reinforcement 

learning irrigation scheduling model in real-world 

scenarios, this paper constructs an experimental platform 

based on the operating environment of a medium-sized 

planting base. The base mainly cultivates wheat and corn, 

with a wide distribution of irrigation areas, significant 

differences in crop water requirements, and limited water 

sources. It is a typical case for testing intelligent scheduling 

capabilities. 

The dataset is obtained by deploying sensors and 

control units at key plots and water source nodes, including 

information on soil moisture, evapotranspiration, 

meteorological elements, and crop physiological status. 

The equipment includes soil tensiometers, flow meters, 

meteorological stations, and intelligent valves, with a 

sampling frequency controlled within 5 seconds per frame 

to ensure complete recording of dynamic changes. 

The overall dataset is divided into three categories: (1) 

task flow data: records irrigation numbers, crop types, 

growth stages, target moisture content, and dependency 

relationships, totaling 892 items, forming the basis of 

irrigation scheduling diagrams. (2) Water source and 

equipment status data: covering pump station, valve and 

pipeline operation status, instantaneous flow and energy 

consumption, approximately 460000 records, aligned with 

timestamps to reflect changes in resource load. (3) 

Environmental and crop data: including rainfall, 

evapotranspiration rate, soil temperature, and crop curves, 

approximately 15000 pieces, used for reward functions and 

multi-objective optimization. 

Table 4 presents the sensor and deployment overview. 

A total of 36 Decagon 5TE sensors (±2% accuracy, 5s 

sampling) were installed across 12 plots (avg. 2.9 ha) in a 

35-ha wheat–corn field, alongside 12 smart valves and 2 

pumps. The dataset includes 460,000 records (~26.6 days, 

5s interval ≈ 2.3M seconds). Robustness was tested under 

noise (σ = 0.01, 0.05, 0.1) and delays (100–500 ms). Our 

method lost <5% at σ = 0.05 and 300 ms, while baselines 

degraded more. 

 

Table 4: Sensor deployment summary 

 

Item Value 

Sensor Model Decagon 5TE 

Accuracy ±2% 

Sampling Rate 5 s 

Pumps / Valves 2 / 12 

Total Plots 12 

Total Area 35 ha 

Duration ~26.6 days 

Noise Model Gaussian (μ=0, σ=0.05) 

 

Abnormal events included valve clogging, heavy rain, 

sensor loss, and pump failure, each lasting 30–120 s with 

10–40% deviation from normal irrigation. The 15 

disturbance cases, as detailed in Table 5, capture a wide 

range of irrigation anomalies, each with distinct duration 

and deviation characteristics. 

 

Table 5: Abnormal event scenarios and characteristics 

 

No. Event Type Duration (s) Deviation (%) Notes 

1 Valve blockage 45 −30 Partial water delivery 

2 Valve stuck open 60 +25 Over-irrigation 

3 Valve stuck closed 90 −40 Severe under-irrigation 

4 Pump failure 120 −35 System-wide interruption 
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5 Rain burst 60 +40 External water inflow 

6 Sensor dropout 30 — Missing data 

7 Pipe leakage 75 −20 Localized water loss 

8 Controller error 90 +10 Random valve open sequence 

9 Power surge 30 +15 Short-term system reset 

10 Manual override 45 −25 Bypassed optimization logic 

11 Valve latency 60 −10 Delayed response 

12 Data lag 30 — Delayed feedback 

13 Pump overheating 120 −30 Pump auto-shutdown 

14 Calibration drift 90 ±5 Sensor misreading 

15 Communication loss 60 — No control signal received 

After missing value interpolation, outlier removal, and 

normalization, all data are uniformly connected to the 

database and provided to the model through the data bus 

for calling. Table 6 shows the dataset structure and 

experimental purposes.
 

Table 6: Comparison of structure and experimental use of agricultural irrigation dataset 
 

Data Type Sample Size Sample Fields 
Update 
Frequency 

Experimental Purpose 

Task Flow Data 892 entries 
ID, crop, stage, target 
humidity, dependencies 

Generated per 
task 

Construct scheduling graph and 
dependency structure 

Water Source & 
Equipment 
Status Data 

460,000 
entries 

Pump flow, valve status, 
energy consumption, etc. 

Sampled 
every 5 
seconds 

Support real-time feedback and 
resource allocation 

Environmental 
& Crop Data 

15,000 entries 

Rainfall, 
evapotranspiration, 
temperature, crop 
parameters 

Updated every 
10 minutes 

Input for reward function and 
multi-objective optimization 

In addition to disturbance scenarios, a field protocol 

was conducted at a 35-ha wheat–corn site with 12 

randomized plots. Trials lasted four months, using drip 

irrigation and a baseline threshold of 70% field capacity. 

Yield was sampled from 10m² subsamples, and water use 

was recorded by flow meters to ensure experimental 

reproducibility. The dataset was split by temporal hold-out: 

60% for training, 20% for validation, and 20% for testing, 

ensuring realistic evaluation without data leakage. We also 

applied cross-plot validation by training on 70% of fields 

and testing on unseen 30%. The performance drop was 

<4.2%, confirming good spatial generalization. 

5.2  Data preprocessing 

The multi-source sensor data in agricultural irrigation 

scheduling has heterogeneity and temporal fluctuations. If 

it is directly input into deep reinforcement learning models 

without preprocessing, it often causes noise propagation 

and state distortion. In response to this issue, this study 

designed a processing flow that includes time alignment, 

anomaly repair, structural mapping, standardization, and 

feature screening. In the time alignment stage, all sensor 

data is interpolated and synchronized based on a unified 

sampling window t . Soil moisture, evapotranspiration, 

rainfall, and crop physiological status are mapped onto a 

unified timeline. Missing values are filled out using linear 

interpolation, and outliers that deviate by more than 3  

are fixed using the sliding median method to ensure causal 

consistency across different sources of data in the time 

dimension. In the abnormal repair process, common short-

term mutations in irrigation logs and energy consumption 

data are processed through median smoothing, and logical 

error fields in sensor signals are corrected with rule 

constraints. This process ensures that the data has stability 

and availability before entering the model. In the structural 

mapping stage, abstract the task and resource states into 

tensor form: 

   ttt

FNW

t crsRX ,,= 

      （12） 

Among them, W  is the length of the time window, 

N  is the number of parcels or equipment, and F is the 

feature dimension; ts
represents soil moisture and 

evapotranspiration rate, tr represents valve status and water 

source surplus, and tc
represents crop growth stage and 

water content threshold. This mapping method ensures the 

structured representation of data in a multidimensional 

feature space. In the standardization process, all features 

are processed using Z-score: 

( )


−
=

x
x

              （13） 

Among them, tXx
represents the original 

eigenvalue at position 
( )FNW ,,

 in tensor tX
, and 



and are the mean and standard deviation of the feature on 

the training set, respectively. Through this method, all 

input features are mapped to the same numerical scale, 
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eliminating the influence of dimensional differences on 

model inference. In the feature selection stage, the system 

uses information gain and mutual information criteria to 

select fifteen key features, including soil moisture deficit 

rate, crop water demand coefficient, valve opening delay, 

and water pump energy consumption. Unrelated fields are 

removed and redundant variables are compressed to ensure 

compact and effective model inputs. This data 

preprocessing mechanism achieves standardized 

transformation from raw sensor data to deep reinforcement 

learning input, ensuring consistency, stability, and 

traceability of input data. 

5.3  Evaluation indicators 

In order to verify the advantages of the deep reinforcement 

learning–driven irrigation scheduling model in water 

resource utilization and system stability, five core 

indicators were selected for comparative analysis: 

irrigation cycle, water allocation accuracy, resource 

utilization rate, feedback adjustment delay, and system 

interruption rate. Baselines included a threshold method 

(70% field capacity, sequential valve control) and a 

heuristic scheduler prioritizing plots by soil deficit with 

fixed flow. Hyperparameters were tuned via grid search: 

thresholds from 65%–75%, and heuristic weights in {0.5, 

1.0, 1.5}, with best settings applied. All scenarios were run 

on a multi-plot irrigation simulator, repeated 100 times. 

Results are reported as mean ± SD to ensure fairness. 

In terms of irrigation cycle indicators, the completion 

time of this research model was 42.6±2.4min(n=30), 

significantly lower than that of the traditional method 

(61.3±3.1min,n=30,p<0.01) and the heuristic algorithm 

(53.7±2.8min,n=30,p<0.05). This result indicates that the 

model can effectively reduce waiting time and improve 

irrigation efficiency through dynamic decision-making. In 

terms of water distribution accuracy, the model achieved 

92.4%±1.5%(n=30), which was significantly higher than 

the traditional threshold method 

(75.8%±2.1%,n=30,p<0.001) and the heuristic method 

(83.6%±1.9%,n=30,p<0.01). The high matching degree 

demonstrates that the model can maintain stable soil 

moisture targets under environmental disturbances. In 

terms of resource utilization indicators, the model reached 

an average utilization rate of 88.1%±1.7%(n=30), 

compared with 70.6%±2.3%(n=30,p<0.001) for the 

traditional method and 79.2%±2.0%(n=30,p<0.01) for the 

heuristic algorithm. This confirms that the reinforcement 

learning framework and resource mapping mechanism 

effectively mitigate conflicts caused by multiple plots 

competing for water sources. For feedback response delay, 

the adjustment time of the proposed model was only 

1.9±0.3s(n=30), which is significantly shorter than the 

traditional threshold method (6.8±0.5s,n=30,p<0.001) and 

the heuristic algorithm (4.7±0.4s,n=30,p<0.01). This 

advantage comes from the rapid update of strategies during 

early climate fluctuations through state-driven feedback. 

Regarding system stability, the task interruption rate of the 

proposed model was 3.7%±0.6%(n=30), much lower than 

the traditional method (12.5%±1.1%,n=30,p<0.001) and 

the heuristic algorithm (8.4%±0.9%,n=30,p<0.01). This 

shows that the system can maintain execution integrity 

even under sudden rainfall, sensor failures, or equipment 

congestion. 

 

Figure 2: Comparison of different irrigation scheduling methods on five performance indicators 
 

Figure 2 shows the comparative results of three 

methods on five indicators, which intuitively demonstrates 

the comprehensive advantages of the deep reinforcement 

learning driven intelligent scheduling model in terms of 

efficiency, accuracy, resource coordination, response speed, 

and stability. 

In addition to Figure 2, Figure 3 shows convergence 

curves of three methods. The proposed DQN–Policy 

Gradient hybrid converges within ~1500 episodes and 

stabilizes at ~0.90 reward, the baseline DQN converges 

after ~3000 episodes at ~0.75, while the threshold method 

stays flat near ~0.40. This confirms the superior speed, 

stability, and efficiency of the proposed model. 
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Figure 3: Training convergence curves of different scheduling methods. 

 

The proposed hybrid achieves rapid convergence 

(~1500 episodes, ~0.90 reward), the baseline DQN 

converges more slowly (~3000 episodes, ~0.75 reward), 

and the threshold method stays flat (~0.40). To ensure 

robustness, all experiments were repeated with five random 

seeds. Results are reported as mean ± SD: our method 324.7 

± 12.3, threshold 298.5 ± 25.6, heuristic 307.1 ± 21.8, 

confirming stable convergence with lower variance. 

To enhance reproducibility, this article designs a 

pseudocode process for evaluation metrics: 

Input: task logs, soil moisture targets, resource usage 

records 

Output: T, A, U, D, S 

T = average(completion_time) 

A = 1 - abs(measured - target) / targett 

U = sum(used_capacity) / sum(total_capacity) × 100% 

D = avg(response - disturbance) 

S = (failed_tasks / total_tasks) × 100% 

5.4  Ablation experiment 

Each ablation was retrained from scratch, ensuring fair 

assessment of module contributions. To evaluate the role of 

key mechanisms in agricultural irrigation models driven by 

deep reinforcement learning, ablation experiments were 

designed to compare the performance differences between 

the complete model and three simplified versions. For each 

ablation configuration, we clearly define the removed 

module and retrain the agent from scratch to ensure fairness. 

Training follows the same procedure as the full model: 

5000 episodes, batch size = 64, learning rate = 0.0005, with 

the same reward function and environment. We do not 

reuse pre-trained policies but retrain under each ablated 

setup. 

Experimental setup with four types of configurations: 

① Remove environmental feedback mechanism and rely 

only on static threshold scheduling; ② Removing the 

status synchronization function, the system cannot 

dynamically obtain the status of water sources and valves; 

③ Not using node optimization structure, path generation 

stays at linear logic; ④ Complete model, integrating three 

functions simultaneously. Each ablation variant was trained 

and evaluated over 20 independent runs with different 

random seeds. We recorded irrigation completion time, 

water distribution accuracy, and resource utilization rate. 

The results are shown in Table 7.

 
Table 7: Comparison of key performance indicators for ablation experiments 

 

Configuration Type 
Irrigation Completion 

Time (min) 
Water Distribution 

Accuracy (%) 
Resource Utilization 

(%) 

Without Environmental 
Feedback 

49.3 72.5 67.3 

Without State 
Synchronization 

46.7 78.9 73.8 

Without Node Optimization 44.1 83.2 80.4 

Full Model 38.4 91.2 87.6 

The results showed that without environmental 

feedback, the model could not adjust to climate and soil 

dynamics, and the completion time was extended to 

49.3±2.2min(n=20). The accuracy and utilization rates also 

dropped to 72.5%±1.8% and 67.3%±2.1%, respectively 

(p<0.01vs. Complete model). After removing state 

synchronization, resource allocation lagged behind; the 

indicators improved compared with the feedback-removed 

version but remained insufficient, with a completion time 

of 44.7±2.0min, accuracy of 80.4%±1.6%, and utilization 

of 74.2%±1.9%(n=20, p<0.05). When optimization nodes 

were removed, the scheduling lost flexibility. Although the 

completion time improved to 41.6±1.9min, both accuracy 

and utilization were lower, at 84.7%±1.5% and 78.5% ±1.7% 

(n=20, p<0.05). In contrast, the complete model performed 

the best in all three indicators, achieving 38.4±1.9min, 

91.2%±1.4%, and 87.6% ±1.7%(n=20), all significantly 

better than the ablated versions (p<0.01). 

Although the complete model performs best in the 

three core indicators, some ablation models are also close 

in certain dimensions. For example, the irrigation 

completion time of the "node free optimization" model is 
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relatively close to that of the complete model, indicating 

that this module has limited effect on time efficiency. The 

"no environmental feedback" model showed the most 

significant decrease in water allocation accuracy and 

resource utilization efficiency, indicating that the role of 

environmental feedback mechanisms in maintaining water 

supply balance and resource allocation is irreplaceable. The 

overall result shows that complementary logic is formed 

between each module, and any missing link will weaken 

the overall performance of the system. Compared with 

traditional irrigation methods that rely on static thresholds 

or single visual feedback, the deep reinforcement learning 

driven model proposed in this study has substantial 

optimization in structure and mechanism design. Through 

multi-source heterogeneous data fusion, state adaptive 

regulation, and closed-loop feedback mechanism, the 

system can maintain dynamic perception and strategy 

updates in the context of meteorological disturbances and 

multi plot competition, effectively breaking through the 

limitations of traditional methods in feedback delay and 

decision isolation, and providing more real-time and 

flexible support for efficient utilization and stable water 

supply of agricultural water resources.Each ablation 

experiment was repeated 20 times with different random 

seeds; variance across runs is reported as mean ± SD. 

5.5  Ethics and safety considerations 

Safety measures are embedded to prevent over-irrigation 

and equipment risks. Actions are clipped by agronomic 

thresholds, and abnormal sensor signals trigger emergency 

shut-off. The reward design penalizes unsafe behavior, 

ensuring conservative scheduling under noise or delays. 

These mechanisms provide ethical safeguards and 

operational robustness, supporting sustainable and secure 

deployment in real fields. 

6  Discussion 

6.1  Comparative analysis with existing 
methods 

In threshold and rule-based agricultural irrigation methods, 

the system typically relies on a single threshold setting and 

static rules, lacking adaptability to dynamic environments. 

The model proposed in this article has been improved in 

three aspects: ① Combining multi-source sensing with 

deep reinforcement learning to enhance scheduling 

accuracy and execution flexibility; ② Build a closed-loop 

system of environmental feedback and control instructions 

to improve response speed and robustness; ③ Design 

dynamic optimization strategies for multiple plots and 

crops to achieve balanced allocation of water resources. 

These optimizations have broken through the limitations of 

traditional threshold models and are more in line with the 

application needs of smart agriculture. 

In terms of response mechanisms, traditional methods 

rely heavily on event triggering and cannot achieve 

continuous perception. This study maintains real-time 

updates of the environment and resources through sensor 

networks and state mapping, enabling strategies to 

dynamically adjust with the environment. In the experiment, 

the average feedback delay of the model was 1.9 seconds, 

significantly lower than the threshold method's 6.8 seconds 

and the heuristic algorithm's 4.7 seconds, demonstrating 

stronger immediate response capability. In terms of path 

planning and water allocation accuracy, existing algorithms 

mostly focus on priority sorting, resulting in a single path 

generation that is prone to bias due to climate fluctuations. 

This study utilizes deep reinforcement learning combined 

with state space and resource graph to achieve dynamic 

path reconstruction, with a water allocation accuracy of 

92.4%, significantly better than the threshold method's 75.8% 

and heuristic method's 83.6%, maintaining the stability of 

the target moisture content. In terms of resource scheduling 

and system stability, traditional methods tend to focus on 

local matching and lack global coordination. This study 

introduces a state synchronization mechanism that can 

dynamically allocate based on real-time water source 

surplus and valve load, avoiding conflicts and improving 

efficiency. The results showed that the resource utilization 

rate of the model was 88.1%, while the threshold method 

and heuristic algorithm were 70.6% and 79.2%, 

respectively; The task interruption rate is only 3.7%, far 

lower than the traditional methods' 12.5% and 8.4%, 

demonstrating higher robustness. Overall, the model 

demonstrates advantages over existing methods in terms of 

efficiency, accuracy, coordination, and stability, validating 

the application value of deep reinforcement learning in 

agricultural irrigation scheduling. 

 

Table 8: Comparison of related baseline studies and this work 

 

Study Dataset/Environment 
Reported 
Metrics 

Numerical Results 

Saikai et al. 
(2023) 

Greenhouse, sensors 
Water saving, 

yield 
+12% water saving, stable yield 

Alibabaei 
(2022) 

Vineyard Water saving +18% water saving 

Yang et al. 
(2020) 

Cotton field 
Water use 
efficiency 

+15% efficiency 

This work Wheat–corn, 35-ha 
Water use, yield, 

energy 
88.1% ± 1.7% water use, +8.3% ± 1.2% yield 

(n=30, p<0.05), energy optimized 
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As shown in Table 8, our method achieves higher water 

utilization and yield improvement than prior studies, while 

uniquely considering energy consumption. Moreover, 

validated in a large-scale 35-ha wheat–corn field with an 

edge–cloud system, it demonstrates greater robustness and 

scalability compared with greenhouse- or crop-specific 

experiments. For stronger baselines, we added Soft Actor–

Critic (SAC), Proximal Policy Optimization (PPO), and a 

tuned MPC. As shown in Table X, our method reduced 

water use by 9.4% vs SAC, 11.2% vs PPO, and improved 

yield by 6.7% vs MPC. Training times were 11.5 h (SAC), 

9.3 h (PPO), 4.6 h (MPC), and 6.8 h (ours). 

6.2  Adaptability and stability of the model 

The operating environment of agricultural irrigation 

systems is complex, and frequent meteorological 

fluctuations, limited water supply, and sudden equipment 

failures can all affect the stability of scheduling. 

Traditional irrigation methods based on thresholds and 

rules lack flexibility in such situations and are prone to 

delays or interruptions. This study utilized a scheduling 

framework driven by deep reinforcement learning to 

validate the adaptability and stability of the model under 

complex operating conditions. 

Four typical disturbance conditions for experimental 

design: ① "sudden change in task", simulating a sudden 

increase in crop water demand; ② 'Resource Failure 

Switching', simulating pump station or valve failure; ③ 

High concurrency scheduling, where multiple plots 

simultaneously submit irrigation requests; ④ Path 

constrained reconstruction "simulates channel blockage or 

flow limitation. 100 rounds of experiments were conducted 

for each scenario, and the irrigation success rate, average 

delay, and stability score were calculated. The results are 

shown in Table 9.

 
Table 9: Comparison of model scheduling performance under typical operating conditions 

 

Test Scenario Success Rate (%) Average Latency (s) Stability Score (10) 

Sudden Task Changes 92.5 3.4 9.1 

Resource Failure Switching 89.7 4.1 8.8 

High-Concurrency Scheduling 90.8 3.9 8.9 

Path-Constrained Reconstruction 88.3 4.6 8.5 

The results show that in the scenario of "sudden 

changes in tasks", the model can quickly adjust its strategy 

through state perception and dependency tracking, 

maintaining a success rate of over 92%. Under the 

condition of "resource failover", although the delay 

increases to 4.1 seconds, the system can complete 

redundant resource binding and substitution, maintaining 

overall stability. In "high concurrency scheduling", priority 

sorting and resource pooling mechanisms ensure a task 

success rate of over 90% and guarantee queue orderliness. 

In the context of "path constrained reconstruction", 

although the success rate decreased to 88.3%, the system 

still maintained stable water supply by generating 

suboptimal paths without interruption. Disturbance 

experiments were repeated 100 times under varying seeds 

and environment perturbations, with variance reported as 

mean ± SD. 

6.3  System resource cost and optimization 

The large-scale promotion of scheduling models driven by 

deep reinforcement learning in agricultural irrigation 

scenarios depends crucially on their adaptability in terms 

of computing resources, communication bandwidth, and 

hardware environment. Therefore, this study quantitatively 

evaluated the resource expenditure of the model under 

typical multi plot irrigation conditions and proposed 

optimization strategies. The model consists of three 

modules: edge perception, central decision-making, and 

interactive feedback. The edge perception module is 

deployed on sensor nodes or gateways, responsible for 

collecting and processing soil moisture, meteorological, 

and pump valve data. Under the conditions of 5Hz 

sampling frequency and parallel monitoring of 50 farmland 

plots, the CPU utilization rate of a single node remains 

stable within 30%, with a memory requirement of 

approximately 800MB. It can run on common ARM 

embedded devices, avoiding dependence on high-end 

hardware. The central decision-making module is based on 

GPU to generate irrigation paths and perform 

reinforcement learning inference. The experiment shows 

that under 100 concurrent irrigation tasks, the average 

scheduling cycle is 2.4 seconds, with the model 

computation cost accounting for 65% of the total delay. 

Real time operation can be supported on medium GPUs at 

the RTX A2000 level. If hardware is limited, lightweight 

network pruning and parameter quantization methods can 

be used to reduce computation by about 40%, while 

maintaining stable output in CPU environments. The 

interactive feedback module is based on WebSocket to 

achieve virtual real synchronization and data visualization. 

At 720p resolution, the bandwidth requirement is 3.1Mbps 

and the communication delay is less than 150ms, which can 

meet the real-time requirements of agricultural IoT 

environment. If in a network restricted area, layered 

transmission and edge caching strategies can be used to 

further compress bandwidth consumption by 30%. In terms 

of cost, the overall investment of the system mainly 

consists of sensors, communication modules, and mid-

range GPU servers. When deployed in thousands of acres 

of farmland, the total cost is lower than the average level 

of most commercial agricultural intelligent irrigation 

platforms. Meanwhile, the modular structure allows 

farmers to gradually expand nodes based on their scale, 

providing good flexibility. 
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6.4  Application value of intelligent 
scheduling system in agriculture 

In the process of precision and intelligent transformation in 

modern agriculture, irrigation scheduling systems not only 

need to cope with complex conditions of multiple plots and 

crops, but also need to achieve efficient utilization under 

limited water resources. The deep reinforcement learning 

driven intelligent irrigation scheduling system proposed in 

this article, combined with environmental perception and 

dynamic optimization mechanisms, has demonstrated 

outstanding value in agricultural applications. In terms of 

operational efficiency, the model is improved through path 

optimization and water source allocation strategies to 

reduce water source competition and irrigation conflicts 

between plots. The experimental results showed that the 

irrigation response delay was compressed to within 2 

seconds, and the water resource utilization rate remained 

above 88%, significantly improving the matching between 

irrigation rhythm and crop water demand. The system has 

strong fault tolerance, can identify sudden rainfall and 

sensor anomalies, and quickly reconstruct strategies after 

faults occur to ensure water supply continuity. Simulation 

data shows that the scheduling interruption rate has 

decreased by over 40%, the irrigation completion rate has 

increased to 93%, conflict alarms have significantly 

decreased, and the burden of operation and maintenance 

has been effectively alleviated. At the management level, 

the system relies on the agricultural Internet of Things and 

visualization platform to present the real-time distribution 

of soil moisture, valve status, and water source surplus, 

allowing management personnel to intuitively grasp the 

operation status of farmland and make data-driven 

decisions. As a result, the traditional reliance on manual 

experience has gradually shifted towards scientific 

management based on data analysis, significantly 

improving the transparency and controllability of 

agricultural production. The system compatibility further 

enhances its potential for promotion. The scheduling 

platform can be connected to farmland monitoring, water 

conservancy scheduling, and meteorological forecasting 

systems through standard protocols, supporting remote 

deployment and modular tailoring. It can adapt to diverse 

application scenarios from small-scale farmland to large-

scale agricultural areas, avoiding duplicate construction 

and information silos, and demonstrating strong application 

value. 

7  Conclusion 

The agricultural irrigation intelligent scheduling system 

based on deep reinforcement learning proposed in this 

study, combined with multi-source data perception and 

real-time feedback mechanism, significantly improves 

water resource utilization and crop yield. In the experiment, 

the system performed well in multi plot and multi crop 

scenarios, Water utilization rose by 12.7% ± 1.4%, and 

crop yield by 8.3% ± 0.9%, compared with the baseline (p 

< 0.05). Compared with traditional threshold control 

methods, the system has higher flexibility and accuracy, 

and can dynamically optimize irrigation strategies and 

make rapid adjustments in case of sudden climate and 

equipment failures. The system forms a closed-loop control 

through real-time perception and feedback, ensuring 

efficient allocation of water resources and maintaining 

stable operation in complex environments. The modular 

architecture of the system enables it to have strong 

scalability and adapt to agricultural production needs of 

different scales. In the future, this system is expected to be 

applied in large-scale agricultural production, promoting 

the intelligent development of agriculture. However, there 

are still some shortcomings in the research, mainly 

including: firstly, the adaptability verification of the system 

under extreme climate conditions is limited; Secondly, in 

terms of data collection and system integration, there is still 

a need to address issues of data loss and hardware 

compatibility; Thirdly, in high concurrency scheduling 

scenarios, the response time of the system may be affected 

to some extent.The source code, trained policies, and a 

sanitized subset of the dataset are available from the 

corresponding author upon reasonable request. 
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The fusion of multi-source heterogeneous data in high-speed transportation networks is essential for real-

time congestion detection and rapid police response. Existing methods remain limited in data consistency, 

spatio-temporal pattern extraction, and path planning stability. This study proposes a congestion detection 

and police response framework driven by multi-source heterogeneous data. A dataset integrating flow 

sensors, road cameras, and Internet of Vehicles signals is constructed, with unified node, edge, and 

temporal features modeled through graph mapping. A spatio-temporal graph convolutional network 

(STGCN) with attention is employed to capture dependencies and enhance key road section representations, 

while a multi-task framework enables deep congestion pattern extraction. For response, geometric 

constraints guide path decoding, and proximal policy optimization (PPO)-based reinforcement learning 

achieves dynamic police dispatch. Experiments on a real expressway network with 6,120 roads and 580,000 

samples show 92.4% ± 0.5 Accuracy, 89.6% ± 0.6 Topology Score, and 91.7% ± 0.6 F1-Response Score, 

surpassing baselines. The novelty lies in STGCN-based cross-modal fusion, geometric constraints, and the 

integration of PPO-based reinforcement learning. Rather than being a first-time application, the 

contribution is reflected in the technical integration of GNN with RL and the incorporation of constraint 

modeling for traffic police response, which distinguishes this framework from prior studies in emergency 

dispatch. 

Povzetek: Članek predstavi večizvorski sistem za zaznavo zastojev in dinamično napotitev policije, ki 

združuje STGCN s pozornostjo, večopravilno učenje ter PPO-utrjevalno učenje. Na omrežju s 6.120 cestami 

doseže odlične rezultate. 

 

1  Introduction 

With the rise of multi-source heterogeneous data and 

intelligent analysis, traffic congestion detection and police 

response are shifting from statistical models to deep 

learning and graph neural networks. High-speed 

transportation networks are large-scale, with complex 

correlations and strong spatiotemporal dynamics. 

Traditional single-detector or local statistical methods face 

deficiencies in accuracy and timeliness [1]. In multi-source 

environments (e.g., vehicle networking, road monitoring, 

geomagnetic sensors), temporal consistency and spatial 

topology remain underutilized, limiting congestion 

detection and response efficiency [2]. 

Previous studies used speed monitoring, flow 

prediction, or pattern matching, but results degrade under 

non-stationary traffic due to noise and local modeling [3]. 

Police responses often rely on fixed routes or experience, 

making dynamic adaptation difficult and causing delays 

and resource waste. Thus, an intelligent framework 

integrating multi-source data is required for precise 

congestion detection and dynamic route optimization. 

Graph Neural Networks (GNN) enable non-Euclidean 

modeling, capturing spatiotemporal dependencies through 

node aggregation and convolution [4]. Attention 

mechanisms highlight key sections and congestion chains, 

while reinforcement learning (RL) provides feedback-

driven path optimization under complex constraints [5].  

This paper proposes a framework of “multi-source 

fusion – graph feature extraction – congestion detection – 

police response optimization.” At the data level, 

multimodal fusion structures vehicle networking, video, 

and sensor data. At the feature level, congestion detection 

combines GNN and attention with multi-task learning. Path 

modeling introduces graph encoding with topological 

constraints to ensure rational scheduling. At the 

optimization stage, RL guides dynamic strategy for timely 

and accurate response. The key issues that this paper aims 

to address include: RQ1: Can multi-source data effectively 

model the spatio-temporal structure of high-speed 

transportation networks through GNN? RQ2: Can the 

attention mechanism and multi-tasking drive enhance the 

stability and accuracy of congestion detection? RQ3: Can 

reinforcement learning optimize the path planning of police 

response? The research innovation lies in: First, proposing 
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a multi-module framework that collaborates graph 

convolution, attention, and reinforcement learning; Second, 

introduce topological constraints and feedback 

mechanisms to enhance the consistency of modeling logic; 

Thirdly, the innovation lies not in the first use of GNN and 

reinforcement learning for traffic policing, but in the 

integration of graph convolution, attention mechanisms, 

and reinforcement learning under topological and 

constraint-based modeling. This technical synergy 

provides a new direction for intelligent transportation and 

emergency governance. 

2  Relevant work 

In the research of traffic congestion detection and police 

response, multi-source heterogeneous data-driven methods 

have gradually become an important direction to break 

through the bottlenecks of traditional methods. Existing 

research mainly focuses on emergency dispatch 

optimization, multimodal data modeling, spatio-temporal 

feature extraction, and large-scale prediction methods, etc. 

In the field of emergency dispatch research, Liu et al. 

(2020) proposed an ambulance dispatch framework based 

on deep reinforcement learning, which achieves optimal 

route decision-making by simulating complex traffic 

environments, effectively shortening the emergency 

response time and verifying the feasibility of reinforcement 

learning in police and emergency dispatch [6]. Sun and Liu 

(2025) utilized multimodal fusion and heterogeneous graph 

neural networks to detect and predict traffic anomalies on 

expressways, achieving high accuracy and stability in 

multi-source heterogeneous environments, providing a 

reference for modeling complex events in traffic scenarios 

[7]. 

In the field of multi-source data fusion and travel time 

estimation, Shi et al. (2017) proposed a heterogeneous data 

fusion method, combining loop detectors, GPS and floating 

vehicle data to model the travel time distribution under 

congestion conditions, thereby enhancing the adaptability 

to complex traffic scenarios [8]. Reis (2025) combines 

Internet of Things (iot) and artificial intelligence 

technologies to explore the fusion of multimodal data in 

green travel, effectively enhancing the safety and 

sustainability of the transportation system [9]. 

In the field of spatio-temporal feature extraction and 

congestion modeling, Guo et al. (2024) proposed a 

heterogeneous feature fusion network for road 

segmentation tasks, enhancing the topological consistency 

expression of traffic scenarios through a bidirectional 

feature transformation mechanism [10].To more intuitively 

demonstrate the differences between the existing research 

and the work of this paper, the core features of the main 

methods are summarized in Table 1. 

 
Table 1: Comparison of typical methods 

Method Name Year / Dataset Core Method Metrics Limitation 

DRL-Dispatch 
[6] 

2020 / Emergency 
vehicle 

Deep RL for dispatch Acc ≈ 89% 
Weak cross-modal 
integration; low 
timeliness 

Hetero-GNN [7] 
2025 / Highway 
multimodal 

Heterogeneous GNN 
fusion 

Acc ≈ 88% 
Limited feature 
interaction; weak 
topology 

FusionNet [10] 
2024 / Road 
segmentation 

Heterogeneous feature 
fusion 

Topo ≈ 86% 
Poor generalization; 
low responsiveness 

ST-Point [11] 
2020 / Congestion 
event 

Attention-based 
spatiotemporal model 

F1 ≈ 85% 
Weak topology 
propagation; poor 
scalability 

Multi-Retentive 
[12] 

2024 / Large-scale 
prediction 

Multi-modal retentive 
network 

Acc ≈ 90% 
Unstable path 
optimization; limited 
real-time 

GNN+RL (This 
paper) 

2025 / Highway 
trunk network 

GCN + attention + RL 
co-optimization 

Acc 92.4% / Topo 
89.6% / F1 91.7% 

Validation scope 
limited to one region 

Existing research has made progress in multi-source 

data fusion, spatio-temporal feature modeling, and 

emergency scheduling optimization. However, problems 

such as insufficient real-time adaptability, limited path 

generation, and imperfect multimodal feature interaction 

mechanisms still exist. This paper will combine graph 

neural networks and reinforcement learning to explore the 

paths of cross-modal fusion, key feature extraction and 

strategy optimization, and promote the intelligent 

development of high-speed traffic congestion detection and 

police response systems. 

 

3  Traffic congestion feature detection 
mechanism driven by multi-source 
heterogeneous data 

3.1  Construction of traffic flow network 
graph and setting of node features 

The construction of the graph structure of the traffic flow 

network relies on the data expression requirements of the 

graph neural network, which needs to encode the road 

network, traffic flow and multi-source sensor data into a 

node-edge structure. In the context of expressways, nodes 

represent the locations of road intersections, monitoring 

points or detectors, while edges indicate the connection 
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relationships of road sections and the direction of traffic 

flow. The graph structure form is defined as 
G=(V,E)

, 

where V is the set of nodes and E  is the set of edges. 

Each node generates an initial feature vector by extracting 

traffic attributes and geometric information, which is 

specifically defined as: 

},c,d,v={qX iiiii                (1)  

Among them, iq
 is the traffic flow at node i , 

measured in vehicles per hour. iv
is the average speed of 

vehicles at node i , measured in kilometers per hour. id
is 

the road density at node i , calculated as the ratio of traffic 

flow to speed. ic
is the road section type encoded as a one-

hot vector for node i , representing road types (e.g., 

expressways, ramps, main roads). Flow and speed are 

collected and normalized by loop detectors and vehicle 

network signals. Density is calculated based on the ratio of 

flow to speed, and the type of road section is provided by 

the traffic geographic information system. After the above 

features are concatenated, node input vectors are formed to 

ensure the uniformity of feature dimensions. 

To enhance the geometric consistency of graph 

construction, the establishment of edges is based on road 

connection relationships and traffic flow directions, 

combined with GIS databases and sensor annotations to 

generate, ensuring the structural connectivity of the 

network. The spatial positional relationship between nodes 

is position-embedded through normalized coordinate 

differences to enhance the perception ability of graph 

convolution on geometric topology: 








 −−
=

H

yy

W

xx
P

jiji

ij ,

         

Among them, 
( )ii yx ,

and
( )

jj yx ,
are the 

coordinates of node 
ji,

respectively, and
HW ,

is the 

width and height of the regional range, which are used to 

normalize the characteristics of the road network at 

different scales. ii yx ,
are the geographic coordinates of 

node i .
HW ,

are the width and height of the region, used 

to normalize the coordinates. This formula eliminates the 

influence of different urban road scales on the model input 

during the graph construction stage. 

As shown in Figure 1, the construction process of the 

traffic flow network includes: multi-source data 

collection→road network mapping→node setting→edge 

relationship generation → node feature vector construction. 

Data collection comes from loop detectors, surveillance 

cameras, GPS signals from the Internet of Vehicles, and 

historical accident records. Node setting is accomplished 

through mapping the traffic topology to the positions of 

monitoring points. The edge relations are automatically 

reasoned and corrected under the constraints of road 

connection logic and traffic rules. Finally, a unified node 

feature vector matrix is generated as the input of the graph 

neural network.

 
Figure 1: Flowchart of traffic flow network construction 

 
In feature quantization, traffic flow and speed are 

normalized to the interval [0,1], road density is calculated 

based on the ratio of flow to speed, and road section types 

are mapped to 4-dimensional unique heat vectors. Location 

embedding ensures the comparability of transportation 

networks in different cities and on different road scales. 

The above design ensures the integrity and reproducibility 

of node features, providing a solid foundation for the 

subsequent extraction of spatio-temporal congestion 

patterns. 

The traffic network is modeled as a spatio-temporal 

graph. After normalization, node features (speed, flow, 

occupancy) are scaled to [0,1]; e.g., 90 km/h and 1800 

veh/h become (0.75, 0.6). In Equation (2), www and hhh 

denote lane width (3.5 m) and section length (500 m), 

ensuring consistent scaling. 

To further clarify the process, the following pseudo-

code and feature table are provided: 

Pseudo-code for Graph Construction: 

for each road_section in road_network: 

 node = create_node(road_section) 

 features = [flow, speed, density, road_type] 

 normalize(features) 

 add_to_graph(node, features) 

for each connection in road_network: 

 edge = create_edge(connection) 

 weight = compute_weight(connection) 

 add_to_graph(edge, weight) 

To clearly present the design of node and edge features 

in the constructed traffic flow graph, the detailed 

dimensions and normalization methods are summarized in 

Table 2. 

 

Multi-source data 

acquisition 

Construction of node 

feature vectors 

Edge relation 

generation  

Node setting 
Road network 

mapping 

(2) 
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Table 2: Node and edge feature dimensions 

Feature Dimension Normalization 

Traffic flow 1 Min-max [0,1] 

Speed 1 Min-max [0,1] 

Density 1 
Flow/Speed 
ratio 

Road type 4 One-hot 

Geometric 
distance 

1 
Normalized 
coords 

3.2  Spatio-temporal congestion pattern 
extraction based on graph convolution 

In high-speed transportation networks, flow and speed 

between nodes show strong spatiotemporal dependence and 

irregularity, which traditional Euclidean convolution 

kernels cannot capture. Graph convolutional neural 

networks exploit adjacency in non-Euclidean node–edge 

structures to extract traffic flow patterns. Propagation is 

performed on the constructed traffic graph using node 

connections and traffic features.Three adjacency matrices 

(distance, flow, function) are trained jointly with shared 

parameters. Fusion weights are learned automatically by 

backpropagation for adaptive integration. 

The core of graph convolution is the neighborhood 

aggregation mechanism. The representation vector of each 

node is updated by the features of its adjacent nodes. The 

formula is as follows: 

( ) ( ) ( )














=

−−
+ lll WHDADH 2

1

2

1

1 ~~~


           

Among them, A
~

is the adjacency matrix including self-

loops. D
~

 is the degree matrix.
( )lH  is the feature 

representation of the l layer node, 
( )lW

 is the trainable 

weight matrix., and   is the activation function, such as 

ReLU.This formula realizes feature propagation and update 

through the normalized adjacency matrix, ensuring the 

integration of local node features and road network 

structure information. 

To enhance the extraction ability of multi-scale 

congestion patterns, Multi-channel GCN is introduced to 

handle feature channels under different adjacency 

relationships in parallel paths, and the final fusion 

expression is: 

         

( )
=

=
K

k

kk XGCNH
1


              

Among them, k is the weight coefficient for the k

channel, representing the contribution of the k   channel to 

the final fusion. 
( )kGCN

represents the graph 

convolution operation for the k  channel, based on 

different adjacency matrices. and X  is the initial node 

feature matrix. In the experiment, 3=k settings were 

used, and adjacency matrices were constructed based on 

different traffic flow relationships, road geometric 

distances, and multi-source sensor data. The fusion 

operation ensures that different feature channels contribute 

effectively to the final traffic flow prediction. 

This study combines Graph Convolutional Networks 

(GCNs) with temporal models like STGCN, LSTM, and 

DCRNN for spatiotemporal modeling. STGCN integrates 

temporal data with graph convolutions, using a time 

window L  to capture the past L  time steps. LSTM models 

long-term temporal dependencies, while DCRNN 

combines graph convolution with RNNs to capture 

dynamic spatiotemporal changes.We used 580K time series 

samples, converting traffic flow and speed into node 

features for STGCN. The time delay L  captures 

dependencies from previous steps, with a sampling 

frequency set to one per hour. Our GNN model operates on 

a spatiotemporal graph, updating features based on both 

spatial and temporal relationships. 

Adjacency matrices were numerically constructed 

based on three principles:(1) Flow correlation coefficients 

between nodes (Pearson > 0.6);(2) Geometric distance 

thresholding (<2 km);(3) Multi-source sensor co-

occurrence frequency.Each adjacency matrix was row-

normalized to ensure stability in spatio-temporal 

propagation. 

This method can capture congestion evolution patterns 

from different dimensions while maintaining the 

topological integrity of the traffic network, and identify the 

relationship between traffic flow propagation and speed 

attenuation between key sections. Multi-channel feature 

fusion not only enhances the detection sensitivity for 

sudden congestion but also improves the modeling ability 

for periodic traffic fluctuations, providing spatio-temporal 

feature support for the subsequent optimization of police 

response paths. 

3.3  Introduce an attention mechanism to 
enhance the recognition of key sections 

In the high-speed transportation network, the importance of 

different road sections in congestion transmission and 

police response varies significantly. Main roads, accident-

prone areas and bottleneck intersections often play a core 

role in the overall congestion chain, while branch roads or 

low-traffic sections have a relatively small impact. If an 

equal-weight strategy is adopted for all neighboring nodes 

during the feature aggregation process, the model cannot 

highlight the importance of key road sections, thereby 

weakening the accuracy of congestion detection and police 

response. To this end, the Graph Attention Mechanism is 

introduced. By dynamically allocating the weights of 

neighboring nodes, the focusing ability on high-traffic and 

low-speed road sections is strengthened, and the 

identification and modeling of key road sections are 

achieved. During the feature update process, the 

representation of node i can be defined as: 

( )













= 

 iNj

jiji Whh 

              

(3) 

(4) 

(5) 
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Among them, ih
is the updated feature vector of node 

i ;
( )iN

is the neighbor set of node i ; W is a trainable 

weight matrix; jh
is the traffic feature input for neighboring 

node
j

; ij
is the attention weight;   is the nonlinear 

activation function. This formula enhances the congestion 

feature expression ability of the traffic network by 

introducing dynamic weights and emphasizing the 

contribution of key nodes to the overall network state 

update during the feature propagation process. The 

calculation method of attention weight ij
is as follows: 

( )
1

1

−



−




=

jkiNk

jj

ij
vq

vq


               

Among them, jq
 represents the traffic flow of 

Section 
j

during the sampling period;

1−

jv
represents the 

inverse of the average speed of Section
j

.

1− jj vq

represents the congestion intensity indicator. High traffic 

volume corresponds to low speed, resulting in more severe 

congestion. ij
 is the importance weight of the update 

from neighbor node 
j

o node i . To normalize the attention 

weight across all neighboring nodes, we apply the softmax 

function: 

( )
( ) ( )1

1

exp

exp
−
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


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jjiNj
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ij
vq
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

             
Where the softmax function ensures that the attention 

weights are normalized, so the sum of all ij
for node i  is 

1. This makes the attention coefficients probabilistic, 

ensuring that the model learns the relative importance of 

each neighbor node during feature propagation.This 

formula utilizes the combined characteristics of flow and 

speed to dynamically highlight the sections with significant 

congestion, enabling the model to adaptively focus on 

bottleneck nodes during feature aggregation and improving 

the accuracy of congestion propagation path modeling. 

The feature extraction method based on the attention 

mechanism enables the model to more sensitively capture 

high-influence nodes in the traffic network and reduce the 

interference of non-critical road sections on the overall 

detection results. Combining multi-source heterogeneous 

traffic data, this mechanism demonstrates higher sensitivity 

and robustness in the identification of key nodes and the 

prediction of congestion propagation chains, providing 

more discriminative input features for the subsequent 

optimization of police response paths. 

3.4  Multi-task-driven congestion feature 
extraction process 

Single-task supervision cannot capture the complex spatio-

temporal features of congestion in high-speed 

transportation networks. Using only traffic classification or 

speed prediction limits the expression of nonlinear 

propagation. A multi-task framework with classification, 

edge prediction, and regression aligns with RQ2 on 

stability and accuracy. Attention supports RQ1 by 

enhancing spatio-temporal features, while reinforcement 

learning addresses RQ3 through optimized dispatch, 

ensuring goal–method alignment.This mechanism can 

optimize multiple task losses in parallel based on the shared 

graph convolution parameters, enabling intermediate 

features to form more discriminative embedded 

representations at the semantic, topological and numerical 

levels. The multi-task loss function is defined as: 

 

regedgecls LLLL 321  ++=
           

Among them, clsL
represents the cross-entropy loss of 

congestion classification, which is used to determine 

whether a road section is in a congested state; edgeL

represents the edge prediction loss of key sections. Binary 

cross-entropy is adopted to calculate the congestion 

propagation prediction error between adjacent sections.

regL
 is the regression loss of node traffic indicators. The 

mean square error is used to evaluate the deviation between 

the predicted speed and the actual speed. 321 ,λ,λλ  is the 

weight coefficient. In the experiment, it is adjusted within 

the range of {0.2,0.5,1.0} through grid search, and the 

optimal combination is selected on the validation set. This 

formula maintains a balance in the three aspects of 

classification, connection prediction and numerical 

regression through the collaborative optimization of three 

types of sub-tasks. 

To verify the effectiveness of the multi-task 

mechanism, a comparative experiment between single-task 

training and multi-task training was designed. Single-task 

training independently models congestion classification, 

edge prediction, and speed regression respectively, and 

takes the average result. Multi-task training jointly 

optimizes three types of tasks within the same model. The 

comparison results are shown in Table 3. 

 
Table 3: Comparison of congestion detection performance under different training mechanisms 

 

Training Method 
Congestion Classification 
Accuracy (%) 

Edge Prediction F1 Score 
Speed Regression MSE 
(km/h) 

Single-Task Training 85.1 0.703 4.12 

Multi-Task Joint 
Training 

90.4 0.782 3.05 

(6) 

(7) 

(8) 
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The experimental results show that the multi-task 

mechanism outperforms the single-task training in all three 

indicators, especially with significant improvements in the 

tasks of edge prediction on key sections and speed 

regression. It is demonstrated that the multi-task joint loss 

can effectively guide the model to capture the 

spatiotemporal dependency of the traffic network, forming 

a more stable and discriminative feature expression, 

providing a solid data support for congestion propagation 

identification and police response optimization.To ensure 

robustness, three weight settings{0.2,0.5,1.0} were tested. 

Results show that multi-task optimization consistently 

surpassed single-task baselines, with balanced weights 

yielding the best performance (Figure 2). 

 
Figure 2: Performance comparison of multi-task training under different weight settings against single-task baseline. 

 

4  Traffic congestion modeling and 
route planning for police response 

4.1  Construction of traffic network node 
paths and modeling of congestion 
propagation 

In the modeling of high-speed traffic congestion detection 

and police response, the construction of node paths in the 

traffic network not only determines the direction of 

information dissemination, but also directly affects the 

simulation accuracy of congestion propagation and the 

rationality of police dispatch paths. If the path construction 

ignores the traffic topology and the law of flow propagation, 

it is very likely to cause deviations in the model's 

bottleneck identification and response planning. Therefore, 

it is necessary to introduce geometric distance, traffic 

weight and rule constraints in the process of path 

generation to ensure that the path system not only conforms 

to the geometric features of the road, but also can truly 

reflect the congestion transmission chain. 

The reinforcement learning framework is detailed 

below with pseudo-code: 

Pseudo-code for RL Path Planning: 

initialize policy_network, value_network 

for episode in range(max_episodes): 

 state = env.reset() 

 while not done: 

  action = policy_network(state) 

  next_state, reward = env.step(action) 

  update(policy_network, value_network, reward) 

  state = next_state 

Ablation experiments compared PPO-based RL with 

Greedy Decoding. RL achieved higher Accuracy (+4.3%), 

improved Topology Score (+3.1%), and reduced average  

 

 

response delay (-1.2 s), demonstrating the superiority of 

reinforcement learning over heuristic decoding. 

Path generation is based on the node set and edge set 

in the transportation network, abstracting intersections or 

checkpoints as nodes and road connections and traffic 

directions as edges. The constructed directed graph needs  

 

to take into account both the geometric length of the 

road and the flow carrying characteristics simultaneously, 

thereby defining the optimal path set between nodes. Let 

the traffic network diagram be
G=(V,E)

, and the path 

optimization objective be formalized as: 

( )
( )







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


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


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1
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Among them, 
P is the optimal path set; ijd

represents the geometric distance between sections i and

j
. ijf

represents the traffic volume of the road section;   

is the regulating coefficient, which is used to balance the 

two types of characteristics: geometric and flow. In the 

experiment,  was adjusted through grid search (value 

range {0.3,0.5,0.7,1.0}). The results showed that when

7.05.0 −= , the consistency of path propagation and 

the accuracy of congestion detection were the best. 

(9) 
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To ensure that the path generation conforms to the real 

traffic logic, rule base constraints are introduced, including 

road directionality, priority lanes for police vehicles, and 

information on the closure of accident points. During the 

path search process, the improved Dijkstra algorithm is 

adopted. Constraint rules are embedded in the calculation 

of the shortest path to automatically eliminate non-

compliant path branches. In this way, the generated path is 

not only geometrically reasonable but also executable in 

terms of congestion propagation and police dispatch. 

As shown in Figure 3, the path construction process 

covers six main steps:①Input of the traffic network map, 

including intersections, road sections and multi-source 

sensor data;②Rule library loading, importing road 

direction, accident nodes and police priority 

constraints;③Node and edge feature extraction to obtain 

indicators such as spatial position, traffic flow, and 

speed;④Edge weight matrix construction, combining 

geometric distance with traffic weight;⑤Consistency 

check to eliminate path branches that do not conform to 

traffic logic or scheduling constraints;⑥Path search and 

output: Generate the optimal path set using an improved 

graph search algorithm.

 

 

 

 
 

Figure 3: Modeling process of traffic network node path construction and congestion propagation 
 

This path construction method provides ordered input 

for the subsequent congestion propagation prediction and 

police dispatch modeling, ensuring the effective 

transmission of features in the graph neural network. 

Through the joint modeling of geometric distance and flow 

constraints, the path can more truly reflect the dynamic 

process of congestion formation and diffusion. Meanwhile, 

the embedded rule base enables police responses to 

generate feasible paths based on the actual traffic 

conditions, thereby shortening the response time and 

improving the utilization rate of resources, providing a 

solid modeling foundation for congestion detection and 

police dispatch in high-speed traffic environments.Blocked 

roads were excluded from the adjacency matrix, and police 

priority was encoded by lower traversal costs for 

emergency lanes. 

4.2  Design of graph feature encoding and 
police dispatch path decoding 

In the modeling of high-speed traffic congestion detection 

and police response, the goal of graph feature coding is to 

transform the spatial topology of the traffic network and 

multi-source dynamic data into a unified embedded 

representation. In the input graph structure, each node 

corresponds to a traffic intersection, and its initial features 

consist of geographical coordinates, flow rate, speed and 

semantic labels. Through graph convolution operations, the 

model can aggregate information within the local 

neighborhood range, thereby obtaining high-dimensional 

features that reflect the laws of traffic propagation. The 

update formula for graph feature encoding is as follows: 
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Among them,

( )1+l

ih
is the feature representation of 

node i at the 1+l layer, 

( )l
ih

is the input feature of node 

i at the l layer, 
( )iN

is the neighbor set of node i ,

( )l

jh
 is 

the feature of neighbor node
j

,W  is the shared weight 

matrix, and  is the nonlinear activation function.The 

congestion coefficient ijC
is computed as a rolling average 

of flow and speed between nodes, updated every 30 s to 

reflect real-time traffic.This formula is used in the 

encoding stage to perform weighted fusion of the traffic 

features of the node itself and its neighbors, achieving 

representation learning of the spatio-temporal dependency 

relationship of the traffic network. 

In the path decoding stage of police dispatch, it is 

necessary to generate a reasonable police dispatch route 

based on the encoded node embedding. Path selection 

should not only take into account the geometric distance 

but also combine the real-time congestion level to ensure 

response efficiency and execution feasibility. The 

probability function of path decoding is expressed as: 
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Path search and 

output  
Consistency check  

Construction of 

edge weight 

matrix  

Node and edge 

feature extraction  

Rule library 

loading  

Input of traffic 

network map  

(10) 

(11) 
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Among them,
( )

ijeP
 is the path probability of 

choosing from node i to node
j

, and ijd
is the geometric 

distance of the road section. ijc
 is the real-time congestion 

coefficient of the road section, 21,λλ is the adjustment 

parameter, and 
( )iN

is the neighbor set of node i . This 

formula is used in the path decoding stage to conduct 

probabilistic screening of candidate road sections. While 

ensuring the rationality of the spatial topology, it highlights 

the priority selection logic of "short distance and low 

congestion", thereby optimizing the overall efficiency of 

police dispatch. 

In summary, the graph feature encoding module is 

responsible for extracting spatio-temporal dependencies 

from multi-source heterogeneous traffic data, while the 

path decoding module generates highly consistent police 

dispatch routes based on this and in combination with 

constraint conditions. The two form an encoder-decoding 

closed loop, which not only enhances the expressive ability 

of traffic congestion transmission characteristics but also 

provides a stable foundation for the path optimization of 

police response. 

4.3  Reconstruction of police response paths 
based on constraint conditions 

In high-speed transportation networks, the rationality of 

police response paths not only depends on the modeling of 

spatio-temporal features by graph neural networks, but also 

requires the correction of candidate paths through 

constraint conditions to ensure the geometric feasibility 

and traffic logic consistency of the generated routes. If 

there are no constraints, the police path may deviate from 

cross-regional jumps, congestion and detours, or over-

reliance on the shortest distance. To this end, this study 

introduces a joint optimization mechanism of geometric 

constraints and flow constraints in the path reconstruction 

stage, so that the final output path not only conforms to the 

spatial topology but also takes into account the 

characteristics of congestion propagation. First, define the 

distance constraint loss of the path to ensure that the police 

path approaches the optimal solution geometrically: 
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Among them, 

pred

ijd
is the distance of edge

(i,j)
in the 

predicted path, 

ref

ijd
 is the reference distance in the actual 

traffic network, and E  is the set of path edges. This 

formula is used to constrain the deviation between the 

predicted path and the actual geometric road section, 

ensuring the spatial rationality of the overall route. 

Based on the distance constraint, the flow consistency 

constraint is introduced to avoid excessive concentration of 

path selection on high-traffic congestion sections: 
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Among them, 

pred

ijf
is the flow value of edge 

(i,j)
in 

the predicted path, 

obs

ijf
 is the real-time flow observed by 

the traffic sensor, and E  is the set of path edges. This 

formula avoids abnormal choices in the path reconstruction 

results that do not conform to the law of congestion 

propagation by constraining the traffic distribution of the 

predicted path to be close to the true monitoring value. To 

enhance path coherence, this study adds node smoothing 

constraints to penalize the discontinuity of adjacent nodes 

in the path direction: 
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Among them,
( )pred

i

pred

i yx ,
is the predicted 

coordinate of node i ,
( )ref

i

ref

i yx ,
is the reference node 

coordinate, andV is the set of path nodes; This formula is 

used to suppress node offset and sudden direction changes, 

maintaining the continuity and stability of the path in terms 

of geometric structure. The final joint loss function 

integrates the above three types of constraints: 

smoothflowdisttotal LLLL  ++=
        

Among them, 
α,β,

is the weight coefficient. In the 

experiment, the optimal combination is determined through 

grid search to ensure the balance of the three types of 

constraints. This formula plays a role in both the training 

and inference phases. By continuously optimizing the 

model parameters through backpropagation, the path 

reconstruction maintains consistency in three aspects: 

spatial geometry, flow distribution, and node continuity. 

The experimental results show that when the constraint 

mechanism is enabled, the model performance is 

significantly improved. Among them, the Topology Score 

increased from 85.1%±0.6 without constraints to 

89.3%±0.5, and the Response F1-Score increased from 

86.7%±0.7 without constraints to 91.7%±0.6. The results 

show that the introduction of geometric constraints and 

flow constraints effectively enhances the reliability and 

feasibility of the police dispatch path, and maintains good 

stability under different experimental conditions. 

4.4  Path planning and reinforcement 
learning strategy guidance mechanism 

Path planning in high-speed transportation networks is 

critical for dispatch efficiency. Traditional methods using 

fixed shortest-path searches are inadequate for dynamic 

congestion. This study introduces a reinforcement learning 

(RL) network with Proximal Policy Optimization (PPO), 

chosen for its stability and efficiency in continuous action 

spaces, balancing exploration and exploitation.The RL 

network optimizes path selection using traffic network 

(14) 

(13) 

(12) 

(15) 
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topology and multi-source data. A reward shaping 

mechanism rewards congestion-minimizing paths and 

penalizes suboptimal ones, with parameters adjusted 

through grid search. An epsilon-greedy strategy is used, 

with a learning rate of 0.001 and batch size 64.The network 

consists of two hidden layers with 512 units each and a 

ReLU activation function. The output layer has 64 units, 

corresponding to action choices. Adam optimizer is used, 

with Advantage normalization and experience replay for 

stability and efficiency.The model is trained for 200 epochs 

with a discount factor of 0.95. Inference latency is reduced 

to 3.5 seconds. Ablation studies show improvements in 

Accuracy, Topology Score, and F1-Response Score. 

Convergence is monitored using training loss and 

validation accuracy, with early stopping ensuring stable 

learning.A non-RL baseline (Dijkstra) and a DQN variant 

were tested. Both showed slower convergence and weaker 

adaptability, confirming PPO’s advantage in dynamic 

traffic environments. 

In the policy network, the state is defined as the current 

position of the police vehicle and the path it has traveled, 

and the action space is all reachable adjacent road sections. 

Through the strategy function 
( )sa

, the model selects 

an edge as the next jump at each moment, with the goal of 

maximizing the global path return. The path score function 

is defined as: 

( ) ( )
=

+−−=
T

t

ttt qcdR
1
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Among them,   represents the complete path 

trajectory, td
is the distance of the t step section, tc

 is 

the congestion coefficient at the corresponding time, tq
 is 

the smoothness score of the section, and
 ，，

 is the 

adjustment coefficient. This formula is used to calculate the 

cumulative return of the path, comprehensively considering 

the driving distance, congestion degree and traffic 

smoothness, to guide the policy network to generate the 

optimal path. 

During the training process, the policy network adopts 

an update method based on policy gradients, combined 

with a reward shaping approach: if the path selection 

conforms to the traffic topology and low-congestion rules, 

a positive reward is given; If detour, topological jump or 

high congestion section selection occurs, penalties will be 

imposed to enhance the priority of reasonable paths. To 

further enhance the robustness of the strategy, a graph 

attention mechanism is introduced into the network 

structure to highlight the importance of key intersections 

and high-traffic nodes for path selection. To verify the 

guiding role of the policy network in path planning, Table 

4 summarizes the key indicators adopted in path planning 

and their explanations.
 

Table 4: Key indicators in the path planning and strategy guidance mechanism 
 

Metric Name Symbol Description 

Average Path Length Lavg 
The average travel distance of police response paths, used to measure 
dispatch efficiency 

Congestion Penalty Value Pcong 
The proportion of highly congested road segments in the path; higher values 
indicate a greater likelihood of selecting obstructed routes 

Path Consistency Score Scons 
The proportion of paths that satisfy traffic topology and rule constraints, 
ranging from [0,1] 

Response Time Estimation Tresp 
Estimated dispatch time based on predicted speed and congestion delay, 
used to evaluate real-time response performance 

The optimization results of the policy network show 

that after adopting the reinforcement learning guidance 

mechanism, the average path length is shortened by 

approximately 7.3%, the congestion penalty value is 

reduced by 0.12±0.04, the path consistency score is 

increased to 0.91±0.03, and the average response time is 

shortened to 3.5±0.6 minutes. The results show that the 

reinforcement learning strategy can dynamically balance 

the two types of demands of "shortest distance" and "low 

congestion", and output a better police dispatch path in a 

complex traffic environment. 

5  Model training process and 
validation analysis 

5.1  Construction and format conversion 
process of multi-source heterogeneous 
datasets 

The dataset used in this experiment is sourced from the 

actual highway backbone network, containing 6,120 road 

samples: 3,520 traffic flow and speed alignment samples, 

1,740 vehicular network trajectory and congestion-labeled 

samples, and 860 police response and arrival time records. 

The details of the dataset are provided below: 

 

Table 5: Dataset overview 

 

Item Description 

Nodes 6,120 

Edges 
Defined by road network 
structure 

Time Steps 580,000 

Time Resolution Hourly sampling 

Congestion 
Events 

Defined by flow and speed 
thresholds (e.g., <30 km/h) 

Congestion Label Marked if speed <30 km/h 

Video Data Traffic cameras, H.264 encoding 

(16) 
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Missing values and noise were handled using linear 

interpolation for traffic flow and speed. Noise from sensors 

was smoothed with low-pass filtering and moving averages. 

Ethical approval for police response records was obtained 

to ensure compliance with data privacy regulations.The 

dataset was split chronologically into training (70%), 

validation (15%), and test (15%) sets. To ensure statistical 

validity, the experiment used a random seed (1234) and 

repeated each run 10 times. Statistical analysis showed a 

95% confidence interval of ±0.5, with all results 

statistically significant (p < 0.05) based on t-tests. 

The transportation network is represented as triple

(V,E,X)
, where V  is a set of nodes, representing 

intersections or monitoring points. E  is the edge set, 

representing the road connection relationship; X is the 

node feature matrix, combining location, flow, speed and 

congestion marking information. The form of node features 

is defined as follows: 











= i

iiii
i label

S

peed

F

flow

M

lat

L

lon
x ,,,,

maxmax      

Among them, ii latlon ,
represents the longitude and 

latitude coordinates of node i ,
ML,

 is the normalization 

coefficient, iflow
is the flow rate value, maxF

 is the 

maximum flow rate in the sample set, ispeed
 is the speed 

value, maxS
 is the maximum speed, and ilabel

 is the 

congestion label (0/1). This formula is used in the graph 

construction process to unify the expression of node 

features, ensuring that the model can simultaneously 

capture geographical locations, traffic conditions and 

congestion patterns. 

In terms of data partitioning, the dataset is divided into 

a training set (70%), a validation set (15%), and a test set 

(15%) in chronological order to ensure that information 

leakage is avoided during the experimental process. The 

edge index matrix is stored in an adjacency list structure, 

and the node feature matrix and edge weight matrix are 

synchronously input into the graph neural network as the 

basis for training and prediction. 

To ensure the reproducibility of the experiment, the 

following is a pseudo-code example of the data loading and 

training loop: 

for epoch in range(max_epochs): 

for batch in traffic_loader: 

graph = build_graph(batch) 

output = GNN_model(graph) 

loss = compute_loss(output, target) 

optimizer.zero_grad() 

loss.backward() 

optimizer.step() 

score = evaluate(GNN_model, val_loader) 

update_best_model(GNN_model, score) 

Pseudo-code demonstrates the processes of data 

loading, graph construction, forward computation, loss 

backhaul, and validation evaluation, embodying the 

standard training logic from data to model. 

The experimental results show that after using the 

graph structure constructed with the above multi-source 

heterogeneous data, the model achieves 92.4%±0.5 in the 

Accuracy of congestion detection and 89.6%±0.6 in the 

Topology Score of police response path prediction, both of 

which are significantly better than the baseline model 

without format conversion. This process provides a stable 

data foundation and a unified structural expression for the 

subsequent path reconstruction and strategy network 

optimization. 

5.2  Model training process and 
hyperparameter configuration 
description 

This study used a multi-source heterogeneous traffic 

dataset with 6,120 samples, divided into 4,284 training sets, 

918 validation sets, and 918 test sets. The average number 

of nodes per graph was 56.3, with edge relationships 

ranging from 85 to 110. Graph neural networks (GNN) 

were employed for path planning and police response 

modeling to enhance accuracy and stability.Traffic flow 

features were normalized to [0,1], and video frames resized 

to 256×256. Node attributes included location, flow, and 

road types, while edge features captured geometric 

distances and flow correlations. The dataset was split as 

70%/15%/15% for training, validation, and testing. A batch 

size of 16 and 80 epochs were used, with Adam optimizer 

at a learning rate of 0.001 and CosineAnnealing for 

dynamic adjustments.The GNN had three layers, with 64 

and 128 units per layer, using ReLU activation. Xavier 

initialization and a weight decay of 0.0001 were applied, 

and early stopping was used if no improvement occurred 

over five epochs. The average batch size maintained 56.3 

nodes for consistency.The model was trained on PyTorch 

Geometric with an RTX 4090 GPU for acceleration. 

Simplified Pseudo-code for Training and Evaluation: 

# Initialize model and optimizer 

model, optimizer = GNN_Model(), 

Adam(model.parameters(), lr=0.001) 

# Training loop 

for epoch in range(epochs): 

    for batch in train_loader: 

      loss=criterion(model(build_graph(batch)), 

batch['labels']) 

        optimizer.zero_grad() 

        loss.backward() 

        optimizer.step() 

    # Early stopping check 

    if no improvement in val_loss for 5 epochs: 

        break 

# Evaluation 

for batch in test_loader: 

    loss=criterion(model(build_graph(batch)), 

batch['labels']) 

(17) 
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To highlight the significance of key sections in path 

prediction, a structural loss function based on path weights 

is introduced: 

( )
( )

2

,

ˆ1




−=
Eji

ijijijpath ddw
N

L

       

Among them, ijd
 represents the traffic delay between 

actual road segments, ijd̂
is the predicted value of the 

model, and ijw
is the dynamic weight generated by the 

policy network, reflecting the importance of this edge in 

the path connectivity. This loss function enhances the 

rationality of the overall path reconstruction by 

emphasizing the prediction accuracy of key sections and 

avoiding the model's excessive reliance on low-importance 

edges. On this basis, to control the model complexity and 

prevent overfitting, the final training objective function is 

defined as: 

     

2
+= pathLL

              

Among them,  is the set of trainable parameters of 

the model, and  is the regularization coefficient, which 

controls the update amplitude of the parameters to prevent 

unstable convergence caused by excessive gradients. This 

formula constrains the parameter range while ensuring the 

model accuracy, thereby improving the generalization 

performance of training. 

In terms of network structure, the model adopts a three-

layer graph convolution stacked architecture, with output 

channels of 64, 64, and 128 in sequence. The activation 

function uses ReLU, and BatchNorm is introduced after 

each layer of convolution to ensure numerical stability. 

Dropout (at a ratio of 0.3) is introduced between the second 

and third layers to alleviate overfitting. The attention 

mechanism allocates node weights after the convolutional 

layer to enhance the recognition ability of key road sections. 

The decoding part adopts a graph autoencoder structure, 

embedding and mapping the encoded nodes into the path 

space, and optimizing the decoding results through the 

reinforcement learning module. 

For fair comparison, baseline models were configured 

as follows:①Baseline CNN: learning rate = 0.001, batch 

size = 64, epochs = 100.②Baseline LSTM: hidden units = 

128, dropout = 0.3.③Baseline GCN: three layers with 64–

128 hidden units, ReLU activation.All baseline models 

were trained under the same conditions as our framework. 

Each experiment was repeated 12 independent times with 

different random seeds. Results are reported as mean ± 95% 

CI, and statistical significance was assessed using two-

sample t-tests.The GCN backbone consists of three layers 

with [64, 64, 128] channels. To justify this depth, both 

shallower (2-layer) and deeper (4-layer) versions were 

tested. Results indicated that the 3-layer structure achieved 

the best balance between accuracy and computational cost. 

A convergence curve (loss vs. epoch) is included in Figure 

4 to illustrate stable training dynamics. 

 
 

 

Through multiple sets of hyperparameter comparison 

experiments, it was ultimately determined that the 

combination of a learning rate of 0.001, a Dropout ratio of 

0.3, and a regularization coefficient of λ=10−4 is the 

optimal. Under this configuration, the Topology Score of 

the model on the validation set reached 89.6%±0.5, and the 

F1-Response Score reached 91.2%±0.6, demonstrating 

good convergence and stability, providing a solid 

foundation for the subsequent performance evaluation. 

5.3  Model comparison and applicability 
analysis 

In this study, three types of model structures were 

compared on multi-source heterogeneous datasets, namely 

the convolutional Baseline model (Baseline-CNN) that 

only relies on image features, the GCN-Net that introduces 

graph structures, and the GNN+Strategy that fuses path 

strategy networks. To objectively evaluate the performance 

of the model, let the comprehensive index S  be the mean 

of Accuracy, Topology Score and F1-Response Score: 

             3

FTA
S

++
=

               

Among them, A represents Accuracy, which 

measures the recognition accuracy of nodes and road 

sections; T represents Topology Score, which is used to 

evaluate the matching degree of the topological 

relationship of the traffic network; F represents F1-

Response Score, reflecting the comprehensive performance 

of congestion detection and police response. This indicator 

is used in the experiment to uniformly compare the overall 

performance of different models. 

The test results are shown in Figure 5. The Baseline-

CNN has an Accuracy of 82.4% ± 0.6, the Topology Score 

is 74.1% ± 0.7, and the F1-Response Score is 79.6% ± 0.8. 

However, the performance of these metrics lacks precise 

definitions, leading to unclear interpretations. For instance, 

Topology Score needs a clear explanation of what 

constitutes a topology match. Similarly, for F1-Response, 

the positive class must be explicitly defined. After the 

introduction of graph convolution, GCN-Net was 

significantly improved. The Accuracy reached 88.9% ± 0.5, 

the Topology Score was 82.3% ± 0.6, and the F1-Response 

Score increased to 85.9% ± 0.5. The GNN+Strategy model, 

which integrates multi-source heterogeneous data and path 

(18) 

(19) 

(20) 

Figure 4: Convergence curves of GCN with 

different depths (2-layer, 3-layer, 4-layer) 
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planning strategies, performs the best, achieving an 

Accuracy of 92.4% ± 0.5, with a Topology Score of 89.6% 

± 0.5, and the F1-Response Score reached 91.7% ± 0.6. The 

overall trend shows that GNN+Strategy outperforms the 

former two models in all three metrics, with improvements 

of Accuracy +9.9%, Topology Score +7.3%, and F1-

Response Score +5.8% respectively.

 
Figure 5: Bar chart of model structure comparison 

 

To further verify the significance of the results, a two-

sample t-test was conducted on the results of three 

independent experiments. Table 6 summarizes the 

significant differences among the various methods. The 

results show that GNN+Strategy achieves significant levels 

in all three indicators compared with the other two methods 

(p < 0.05).
 

Table 6: Statistical significance test results for performance comparison of different methods 
 

Indicator 
Baseline-CNN vs GCN-
Net 

GCN-Net vs 
GNN+Strategy 

Baseline-CNN vs 
GNN+Strategy 

Accuracy p < 0.01 p < 0.05 p < 0.001 

Topology Score p < 0.01 p < 0.05 p < 0.001 

F1-Response Score p < 0.01 p < 0.05 p < 0.001 

The experimental results show that the proposed 

GNN+Strategy model has higher stability and applicability 

in complex high-speed traffic scenarios. Especially in 

scenarios such as multi-traffic interweaving, non-repetitive 

congestion, and emergency dispatching, the topological 

error rate drops by nearly 35%, and the police response 

delay is shortened by approximately 18%. This indicates 

that this method can not only accurately detect spatio-

temporal congestion patterns, but also provide efficient 

path optimization support for police dispatching. 

5.4  Performance indicators and detection 
accuracy evaluation 

To comprehensively verify the effectiveness of the 

proposed multi-source heterogeneous data-driven high-

speed traffic congestion detection and police response 

modeling method, this section adopts the ablation 

experiment approach to evaluate the core module. Under 

the conditions of a unified experimental platform and 

dataset, the attention mechanism, path planning strategy 

and geometric constraint modules were removed in 

sequence and compared with the complete model 

respectively to clarify the contribution of each module to 

the overall performance. The evaluation dimensions 

include three core indicators: Accuracy, Topology Score 

and F1-Response Score, and the performance is uniformly 

characterized through weighted comprehensive indicator

M . 

         
FTAM ++= 

          

Among them, A represents the classification accuracy 

rate, which measures the system's ability to identify 

congested nodes; T  represents Topology Score, reflecting 

the consistency maintained by the traffic topology; F  

represents F1-Response Score, which is used to evaluate 

the comprehensive balance of police response detection; 

α,β,
is the weight coefficient, set at 0.4, 0.3, and 0.3 

respectively, to highlight the priority of accuracy in 

emergency decision-making. This indicator is weighted 

and integrated on the basis of multi-dimensional indicators, 

making the assessment more in line with the actual 

application requirements. Table 7 summarizes the 

comparison between the complete and ablation models, 

reported as mean ± standard deviation across three runs. In 

addition to metric M, macro-F1, micro-F1, and confusion 

matrix are included to provide a more interpretable 

evaluation.

 
Table 7: Comparison results of ablation experiment performance 

 

Model Setting 
Accuracy 
(%) 

Topology 
Score (%) 

F1-Response 
Score (%) 

Macro-F1 
(%) 

Micro-F1 
(%) 

M  

Without Attention 
Mechanism 

88.5 ± 0.5 82.1 ± 0.6 84.3 ± 0.6 83.9 ± 0.7 84.5 ± 0.6 85.1 

82,4
74,1 79,6

88,9 82,3 85,992,4 89,6 91,7

0

50

100

Accuracy (%) Topology Score (%) F1-Response Score (%)

Baseline-CNN GCN-Net GNN+Strategy

(21) 
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Without Path Planning 
Strategy 

89.1 ± 0.4 83.6 ± 0.5 85.2 ± 0.5 84.7 ± 0.6 85.3 ± 0.5 86.2 

Without Geometric 
Constraint 

90.2 ± 0.5 85.0 ± 0.6 86.1 ± 0.6 85.6 ± 0.6 86.4 ± 0.5 87.5 

Full Model 
(GNN+Strategy) 

92.4 ± 0.5 89.6 ± 0.5 91.7 ± 0.6 90.8 ± 0.5 91.5 ± 0.5 91.4 

Table 7 shows that the complete model achieves the 

best performance, with M reaching 91.4. Removing the 

attention mechanism reduces Accuracy by 3.9% and lowers 

Macro-F1 and Micro-F1 by about 7%, underscoring its role 

in key section recognition. Excluding the path planning 

strategy decreases the Topology Score by 6.0% and both 

Macro-F1 and Micro-F1 by over 6%, confirming the 

necessity of path constraints. Eliminating geometric 

constraints leads to declines in Topology Score (−4.6%), 

F1-Response (−5.6%), and F1 metrics (≈−5%), 

highlighting the importance of geometric consistency for 

stable response paths. 

Overall, all three types of modules contribute to 

performance, but the attention mechanism is the most 

crucial for improving accuracy. The path planning strategy 

ensures topological consistency, and geometric constraints 

enhance global stability. The multi-module synergy 

enables the model to exhibit superior detection and 

response capabilities under multi-source heterogeneous 

data, significantly outperforming the weakened ablation 

version, verifying the effectiveness and robustness of the 

proposed method.To ensure reproducibility, all code and 

processed datasets are released in an anonymized 

repository. Data format specifications and synthetic 

samples are included, enabling independent verification 

without compromising data privacy. 

5.5  Discussion 

The proposed framework is compared with prior methods 

in Table 1. Unlike DRL-Dispatch, which depends only on 

reinforcement learning, our model combines GNN 

encoding with RL decision-making, yielding +3.4% higher 

accuracy and shorter response delay. Compared with 

Hetero-GNN, which lacks strong topology awareness, 

spatio-temporal graph convolution in our framework 

captures traffic dependencies more effectively. Traditional 

CNN-based baselines fail to emphasize critical bottleneck 

sections, while our attention mechanism improves the 

Topology Score by 7.3%. 

The performance gain stems from three design 

aspects:①Spatio-temporal GNN encoding for structured 

traffic dynamics.②Attention-based feature extraction 

highlighting congestion chains.③RL-guided path 

decoding with geometric constraints for real-time 

response.These choices explain the improvements in 

accuracy, topology preservation, and dispatch timeliness, 

confirming the practical value of the proposed system. 

6  Conclusions and prospects 

The multi-source heterogeneous data-driven high-speed 

traffic congestion detection and police response modeling 

method proposed in this study constructs an overall 

framework of "multimodal data fusion - graph convolution 

feature extraction - multi-task congestion detection - police 

path optimization". In the feature modeling stage, the graph 

convolutional network effectively captures the spatio-

temporal dependencies among road flow, speed and 

topology. The attention mechanism further highlights the 

features of key road sections, enabling precise 

identification of the congestion propagation chain. In the 

path planning and response stage, the combination of 

geometric constraints and policy networks ensures the 

coherence and dynamic adaptability of the path. The 

experimental results show that this method outperforms the 

baseline model in terms of Accuracy, Topology Score and 

F1-Response Score. Among them, the Accuracy increases 

to 92.4%±0.5 and the Topology Score reaches 89.6%±0.6. 

The stability and robustness of the method in a complex 

road network environment were verified. 

Despite this, the research still has deficiencies: First, 

the data sets mainly come from the main highway network, 

and their cross-regional and cross-scenario applicability 

has not been fully verified; Secondly, reinforcement 

learning strategies have slow convergence speed and local 

optimum risk under extreme congestion conditions, which 

affects the real-time response efficiency. In the future, it 

can be expanded in three directions: First, introduce multi-

source heterogeneous data across cities and scenarios to 

enhance the generalization ability of the model; Second, 

combine self-supervised learning with large-scale pre-

trained models to reduce the reliance on artificial feature 

construction; Thirdly, explore the integration of graph 

neural networks and multi-agent reinforcement learning to 

achieve collaborative planning and dynamic collaboration 

of multiple vehicles in police dispatching, thereby further 

expanding the application value in intelligent 

transportation and emergency management. 
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