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In order to achieve effective perception of the power grid situation and accurate warning of operational
faults, this study proposes a situation perception and fault warning method for smart grids based on deep
learning technology. Firstly, using the digital twin smart grid platform as a carrier, build a smart grid
digital twin situational awareness framework; Secondly, considering both dynamic and static security,
intelligent grid situation evaluation indicators are selected; Then, comprehensively analyze the data of
various indicators, evaluate the security situation of the power grid, and calculate the security situation
assessment value of the power grid; Finally, a smart grid situational awareness model is built based on
long short-term memory networks to achieve smart grid situational awareness and fault warning. A
provincial-level smart grid big data information platform conducted experiments as the data source. After
dividing the training and testing samples, 1000 iterations of learning were carried out to complete
situational awareness and fault warning. The experiment was conducted to verify the accuracy, recall, F1
score, fault warning accuracy, fault command response time, and resource consumption of safety situation
prediction results and actual values, as well as safety situation discrimination results. The experimental
results show that the accuracy of this method for identifying the safety situation of smart grid operation
is 98.72%, the recall rate is 98.95%, and the F1 score is 99.06%. This indicates that the comprehensive
application performance of this method is good, and it can accurately and effectively perceive, predict,
and analyze the safety situation of smart grid operation. At the same time, the maximum fault warning
accuracy of this method is 99.82%, the minimum fault command response time is 0.083 s, and the minimum
resource consumption is 118.57 MB, indicating that this method has a good power grid fault warning
effect, which can accurately distinguish between normal operating conditions and critical states before
faults and provide real-time and effective warnings.

Povzetek: Raziskava predstavi metodo za zaznavanje situacijskega zavedanja in napovedovanje napak v
pametnih omrezjih, ki temelji na globokem ucenju z uporabo omrezij dolgorocne kratkorocne pomnilnosti
(LSTM) in digitalne tehnologije dvojckov.

Introduction

power outages in the power grid, predict the safe operation

The smart grid, known as the new era of “Grid 2.0”,
is rooted in the solid foundation of integrated and high-
speed bidirectional communication networks [1]. With
cutting-edge sensing and measurement technology,
precision equipment technology, advanced control
strategies, and the comprehensive application of
intelligent decision support systems, it is committed to
achieving the reliability, safety, economy, high efficiency,
environmental harmony, and worry free safety of power
supply for users [2]. With the rapid development of the
power industry, China has entered an era of “ultra-high
voltage, large power grid”. However, the structure of the
smart grid is relatively weak, and the failure rate of
electrical equipment and lines is high. It has also
experienced multiple large-scale power outages [3].
Therefore, it is necessary to timely and effectively prevent

status of the smart grid, and perceive the safety situation
of the smart grid.

Presekal et al. [4] proposes a hybrid deep learning
model based on the perspective of smart grid network
security situational awareness to achieve online network
attack situational awareness. By combining deep
convolutional neural networks to construct a basic
perception network framework, a temporal data
classification unit is constructed in the network
architecture to detect anomalies in the input power grid
situation data. However, this method has the problem of
slow overall response speed to safety faults. Bai et al. [5]
extensively explores effective security situational
awareness methods and remote operation and
maintenance technologies to enhance the overall defense
capability of smart grid systems, ensure power supply
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continuity and reliability. Constructing a neural network
model using radial basis functions to comprehensively
process operational data of the power grid system. On this
basis, linear discriminant analysis was introduced into the
model to establish an efficient power grid anomaly
situation detection model, effectively realizing the
perception of smart grid operation trends. However, this
method has certain room for improvement in the division
of power grid operation risk thresholds. Gong et al. [6]
proposes a network security situational awareness
detection technology based on distributed data analysis,
taking into account the characteristics of big data in
intelligent power networks. By applying cross entropy
function and linear units, the loss evaluation part of the
neural network model was optimized, and an innovative
smart grid operation situation awareness model was
constructed by integrating improved linear unit structure.
However, this method has the problem of low utilization
of computational resources. Zhai et al. [7], an iterative
algorithm that integrates Gaussian processes was designed
to use the time series measured by the phasor
measurement units of the actual power grid to verify the
trend indicators of power grid operation online, in order to
evaluate the stability level of smart grid operation.
However, the overall safety situation awareness accuracy
of this method needs to be improved.

Long Short Term Memory (LSTM), as a special
variant of recurrent neural networks, is an efficient deep
learning technique with strong sequential data processing
capabilities, suitable for processing time-series data and
predicting future situations. Due to the large and complex
amount of data involved in the smart grid, including
multiple dimensions and variables, many important states
and changes may accumulate over time and affect future
trends. Based on the above analysis, this study combines
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deep learning technology to propose a smart grid
situational awareness method based on LSTM, and further
designs a smart grid fault warning method with the aim of
reducing the impact of operational faults.

2 Design of smart grid situation
awareness and fault warning
methods

2.1 Construction of smart grid digital twin
situation awareness framework

Smart grid digital twin refers to the complete mapping
of the physical entities of the smart grid in the digital
world based on digital twin technology, forming a digital
model that is synchronized and consistent with the real
grid. This digital model can include all information about
the equipment, lines, operating status, environmental
factors, etc. of the power grid, achieving real-time
monitoring and prediction of the power grid status.

The digital twin power grid essentially belongs to the
form of a physical power grid coexisting with a virtual
power grid in the information dimension, and the
integration of virtual and real power grids [8, 9].
Therefore, the collection of smart grid situation indicator
data can be based on the digital twin grid. On the basis of
smart grid IoT data perception and multi-dimensional
information  transmission,  real-time  holographic
simulation can be carried out through the digital Lisheng
platform to make scientific decisions and intelligent
control processes, and to achieve real-time prediction and
analysis of the operation situation of the physical grid. The
smart grid digital twin situational awareness framework is
shown in Figure 1.
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Figure 1: The digital twin situational awareness framework of smart grid
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The smart grid digital twin situational awareness
framework covers multiple elements. At the physical
entity level of the smart grid, real-time collection of
operational and management data and other status
information of the smart grid and its internal devices, such
as smart meter data and device operating parameters, is
achieved through technology entities such as sensors and
wireless communication. This information is transmitted
to the digital twin through a digital twin link. The digital
twin initially processes the received data and constructs a
multidimensional power grid situation evaluation index
system [10], including indicators such as line flow
distribution and bus voltage. Then, based on this, the
situation evaluation index data is filtered and generated,
and transmitted to the deep learning unit through the
digital twin data platform. The operational architecture of
smart grid technology in the framework includes
intelligent  sensing, communication, control, and
distributed energy access; The front-end operation
architecture includes comprehensive management,
equipment and power grid operation data related content,
as well as various front-end devices and systems. The deep
learning module uses LSTM situational awareness
modeling and other methods to analyze data based on
power grid status data, achieving intelligent power grid
situational analysis functions. It also has response
mechanisms such as fault warnings.

2.2 Selection of evaluation indicators for
smart grid situation

Situational awareness refers to the recognition and
understanding of environmental factors within a certain
time and space range, and the prediction of future
development trends. The situational awareness of smart
grid is an important technical means to grasp the operation
trajectory of the power grid. In the perception practice, it
is necessary to first monitor and extract various factors
related to the changes in power grid operation, in order to
characterize the operation trajectory of the power grid.

However, a single indicator cannot effectively
characterize the operational trajectory of the smart grid.
Therefore, based on the analysis structure of the smart grid
situation using the correlation indicators in Figure 1, this
article considers both dynamic and static security aspects
of the smart grid, and sets the line flow distribution index

P, bus voltage index P, , and active power margin P,
as the dynamic security situation evaluation indicators for
the smart grid, which can reflect the operating status of the
smart grid; The system load rate Ql', system overload

degree Q;, node voltage offset index Qj, and distributed

power penetration rate Q"1 are static security situation

assessment indicators, which perceive and analyze the
situation of the smart grid. Based on the evaluation
indicators and related parameters, the data collection
scope is clarified, and the corresponding collection
indicator data is collected to comprehensively and
effectively evaluate the operation trajectory of the smart
grid.
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Among them, the power flow distribution index of the
line refers to the average difference between the maximum
transmission capacity allowed by the line in the system
and the active power flow of the line. This indicator
reflects the stability of the system. The larger the indicator
value, the farther the system is from the allowed maximum
transmission capacity and the more stable the system is.
The expression for this indicator and its associated
parameters is Equations (1) and (2):

P/=V/x(1,) (1)
Vi I, x cos!(é?Z - gol) o
Pl

In the formula: V, represents the phasor of the bus
phase voltage; Za represents the branch bus in the smart

grid, and Iga represents the parallel double bus structure,
which is the phasor of the line current generated during the
load transfer process of the double bus; z represents
conjugate complex numbers; p;a represents the active

power of the three-phase AC line in the smart grid; éz

represents the voltage phase angle; ¢, represents the

phase angle of the current.

The amplitude of bus voltage refers to the average
value of the voltage of the bus (excluding the bus
connected to the generator) in the system. This indicator
reflects the ability of the system bus to withstand voltage.
The larger the indicator value, the stronger the system's
ability to withstand voltage [11, 12]. Based on the known
power flow distribution of the line, calculate the bus
voltage amplitude index and related parameters according
to the active power of the line where the parallel bus is
located Equation (3):

P =X, (v, +V) ) + 2[R () +0)] )

In the formula; X!

2 represents the reactance

between the distributed generation unit of the smart grid
and the busbar; ¥, represents the power generation unit,

which is a synchronous generator; Va' represents the
phase voltage phasor of the branch bus in the double bus
structure; R, represents the resistance of the three-phase

AC line in the smart grid; Q,, represents the reactive

power of the three-phase AC line in the smart grid [13].
The active power margin refers to the average ratio of
the difference between the maximum transmission
capacity of the line in the system and the active power
flow of the line in the current state. This indicator reflects
the system's ability to withstand power disturbances, and
the larger the indicator value, the stronger the system's
ability to withstand power disturbances [14]. Given the
layout of distributed generation units in the three-phase
AC line of a smart grid, and based on clarifying the
reactance parameters between the distributed generation
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units and the bus, calculate the active power margin of the
smart grid system, as shown in Equations (4) and (5):

R =Pih-1%) @
2
A= sin 8BV +V)" =X, ()

m'=1
In the formula: A, and A, represent the total active
power generation capacity and total active load demand of
the smart grid system; M’ represents the total layout of

power generation units in the power grid system; O
represents the power angle of the power generation unit,
which is the phase difference between the excitation

A

potential and the terminal voltage of the generator; E
represents the electromotive force of the generator.

Based on the static security of the smart grid, the
system load rate refers to the ratio of the sum of the
transmission power of the system lines to the maximum
transmission capacity allowed by the lines. This indicator
reflects the probability of a major power outage in the
system, and the higher the value of this indicator, the
greater the probability of a major power outage occurring
in the system [15]. The degree of system overload refers
to the ratio of the number of overloaded lines to the total
number of remaining lines when a component of the
system fails. This indicator represents the degree of
overload caused by system component failures. The larger
the value of this indicator, the more lines the system
deviates from normal state, and the greater the degree of
overload of the system, making its state more dangerous.
The expression for this indicator and its associated
parameters is Equations (6) and (7):

Q=4,- HC;’ - ﬁ” (6)
, n
Q= nl(n12+ 1)

In the formula: Ci', represents the required capacity

(7

of the generator; N, and N, represents the total number of
lines in the smart grid system and the total number of
overloaded lines in the system; P, represents the total
load power of the power grid.

The node voltage offset index Qj refers to the sum of

the difference between the node voltage of the current
system and the node voltage under normal conditions.
This indicator reflects the volatility of the system voltage.
The larger the value of this indicator, the greater the
deviation of the system voltage from the normal voltage,
and the more dangerous the system is. Considering the
diversity and nonlinear characteristics of this indicator,
only its characterization features will be analyzed here.

In addition, the penetration rate of distributed power
refers to an indicator that measures the proportion of
distributed power in the smart grid, reflecting the scale of
distributed power relative to the total load of the grid, and
quantitatively reflecting the degree of penetration of
distributed power in the entire smart grid system. As the
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penetration rate increases, the impact of fluctuations in
distributed power sources on grid frequency will gradually
increase. At this time, new frequency regulation strategies
(such as the coordination of energy storage systems) are
needed to ensure grid frequency stability. This indicator
also verifies the matching degree between the connected
distributed power sources and local loads. The expression
for this indicator and its associated parameters is Equation

(8): )
Q- >, Pi(+1)
P

In the formula: N represents the number of
distributed power sources in the smart grid; j represents

@®)

the index of the power supply unit; r")j represents the

output power of a fixed sequence distributed power
source.

2.3 Smart grid situation awareness and
fault warning based on long short term
memory networks

2.3.1 Smart grid situation assessment

By comprehensively analyzing various indicator data,
evaluate the safety situation of the power grid and
calculate the safety situation assessment value of the
power grid. Firstly, in order to improve the convenience
of indicator processing and eliminate errors in indicators,
dynamic and static security indicators are regarded as an
analytical subject, and each indicator is normalized
Equation (9):

. . -1
L = (k, —min k, max k, —min k,)™" (9

In the formula: L represents the comprehensive
indicator of the power grid situation after the unified state
analysis subject; ko represents the O -th indicator value

of the smart grid system.

Secondly, based on the Analytic Hierarchy Process,
determine the weight coefficients of the corresponding
indicator values in Equation (9). By repeatedly
determining the weight coefficients of multiple indicators
and multiplying the comprehensive indicator data with the
corresponding weights, the smart grid security situation
assessment value is calculated Equation (10).

7
&szoxL
o=1

In the formula: K represents the evaluation value of
the security situation of the smart grid; @, represents the

(10)

weight coefficient corresponding to specific indicator
data.

According to the safety standards for the operation of
smart grids, further refine the risk categories
corresponding to the security situation assessment values
of smart grids, and set reasonable warning thresholds for
the comprehensive indicators of security situation. The
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threshold and risk level classification of smart grid
security situation warning is shown in Table 1.
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Table 1: Threshold and risk level of smart grid security situation warning

Indicator Risk class Description of the type of situational risk
warning
thresholds
0-0.2 Safety status —
0.21-05 Early warning There are small fluctuations in the power of the distributed power sources, but
status (low risk) the power supply is stabilizing the transmission efficiency of some lines
slightly below optimal.
0.51-0.8 Dangerous state Risk of overloading of transformers, small deviations from the normal range
(medium risk) of voltage in some areas, abnormal intermittent changes in distributed power.
0.81-1.0 Emergency status Multiple key devices are close to or have reached their limit operating
(high risk) conditions, localized power outages, the grid control system is unable to
accurately obtain information on the status of the devices, and there is a
power deficit in the grid.

The division of the warning threshold for smart grid
security situation in Table 1 above is based on a deep
understanding of the operating characteristics of the power
grid, statistical analysis of actual operating data, and
comprehensive consideration of power grid security
standards. Taking 0-0.2 as an example to represent the
safety status, selecting 0.2 as the upper limit is based on
statistical analysis of historical operating data and
comprehensive consideration of power grid safety
standards. This value ensures that the power grid can
maintain safe and stable operation in most cases. If the
threshold is set too loosely, it may reduce the sensitivity
and accuracy of the warning system, thereby increasing
the risk of power grid operation.

2.3.2  Analysis of long short term memory
network structure

Long Short Term Memory (LSTM), as a special
variant of recurrent neural networks, is a deep learning
technique with strong sequential data processing
capabilities, suitable for processing time-series data and
predicting future situations [16, 17]. LSTM network
introduces a unique gate structure (input gate, forget gate,
and output gate) based on traditional recurrent neural
networks, and then captures and models long-term
dependencies in time series data through memory units
and gate structures [18-21].

The integration of digital twin technology and LSTM
significantly enhances the situational awareness and fault
warning capabilities of smart grids through dynamic
modeling and real-time updates. The digital twin
technology constructs a virtual model of the power grid
that can reflect the operating status in real time, while
LSTM, as a time series model, excels at capturing long-
term dependencies and complex nonlinear patterns in
power grid data. This combination not only improves the
accuracy of fault prediction, but also reduces false alarm
rates, while enhancing adaptability, allowing it to
dynamically adjust according to the real-time status of the

power grid. Compared to traditional methods, LSTM
performs better in processing time series data and can
more effectively identify potential faults.

As for why other models (such as GRU or transformer
models) are not considered, it is mainly due to their
limitations in applicability and efficiency in smart grid
scenarios. Although GRU is a simplified version of
LSTM, its modeling ability is not as good as LSTM when
dealing with complex time series data, especially in
capturing long-term  dependencies.  Although the
transformer model performs well in certain tasks, its
computational complexity is high and it requires large-
scale data for training, making it difficult to meet the real-
time processing requirements of smart grids. In addition,
LSTM has been widely applied in time series tasks, and its
performance and stability have been fully verified.
However, GRU and transformer models have relatively
few applications in the field of smart grids, lacking
sufficient practical support. Therefore, LSTM has become
the preferred model in this scenario.

The data involved in the smart grid is massive and
complex, containing multiple dimensions and variables,
and many important states and changes may accumulate
over time and affect future trends. LSTM, as a special
variant of recurrent neural networks, has strong sequential
data processing capabilities and is suitable for processing
time-series data and predicting future situations. By
introducing unique gate structures (input gate, forget gate,
and output gate), LSTM can capture and model long-term
dependencies in time series data, effectively improving
the accuracy of situation prediction. In addition, the smart
grid digital twin situational awareness framework
constructed with  digital twin technology can
comprehensively and real-time monitor the status of the
power grid, providing accurate and comprehensive input
data for LSTM, further improving the accuracy of
situational awareness and fault warning. Therefore, the
article selects it as the main carrier for power grid
situational awareness prediction, which is based on LSTM
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network for smart grid situational awareness. LSTM
network structure is shown in Figure 2.
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Figure 2: LSTM network architecture

In this study, the optimizer used in the LSTM network
is the Adam optimizer, which can adaptively adjust the
learning rate, accelerate convergence, and improve
training efficiency. Set the learning rate to 0.5 to reduce
overfitting. Set the batch size to 64 to balance memory
usage and training speed. To better balance model
complexity and learning ability, two hidden layers were
chosen.

As shown in Figure 2, the basic unit of LSTM network
includes three gates, namely input gate, forget gate, and
output gate. Among them, the forget gate determines
which information will be forgotten from the unit state,
and its calculation Equation (11):

lfl :O-l[@;l(yT—l’ L)(yT—lJe)_'_bl] (1D
In the formula: If1 represents the forget gate output at

a specific time step; o, represents the sigmoid activation
function; @, represents the forgetting gate weight matrix;
Y. _, represents the hidden state of the previous time step;

T represents the current time step; b1 represents the bias

coefficient of the forget gate.

The input gate consists of two parts: the sigmoid layer
and the tanh layer. The sigmoid layer determines which
values will be updated, while the tanh layer creates a new
candidate value vector. The calculation is Equation (12):

'fz = Gl[ﬁz(ypl’ L)(yT—l”e)-i_bZ]
Ho :O-Z[@:O(yT—l’ L)(yT—l”e)_'_bO]

In the formula: If2 represents the input gate output at

(12)

a specific time step; @, represents the weight matrix of

the input gate; b2 represents the bias coefficient of the

input gate; H, represents the candidate unit state at a
specific time step; o, represents the tanh activation

function; @, represents the weight matrix of candidate

unit states; bO represents the bias coefficient of the

candidate unit state.

The output gate determines the output of the next
hidden state, which is specifically represented as Equation
(13):

F = 0'1[53(yT_1' L)(yT—l”%)+b3] (13)
In the formula: If3 represents the output gate output
at a specific time step; 233 represents the output gate

weight matrix; b3 represents the bias coefficient of the

output gate.
2.3.3 Implementation of smart grid situation
awareness and fault warning

On the basis of laying out the LSTM model, it is
necessary to train the network model and combine the
trained model with the dynamic and static characteristics
of the smart grid situation, and deploy it to the smart grid
system [22, 23]. The specific model training steps are as
follows:

Step 1: Input data partitioning. Using the normalized
index data from the previous cycle (previous time step) as
input and training data for LSTM, these normalized index
data cover multiple dimensions of dynamic and static
security of smart grids. Subsequently, these data are
scientifically divided into training and testing sets.
Typically, the training set is used for model training and
learning, while the testing set is used for model
performance validation, ensuring that the model can
generalize to unseen data.

Step 2: Build an LSTM network. Based on the
characteristics of the smart grid situation indicator data,
the number of input layer feature types in the LSTM
network structure is set to 7, and the number of hidden
layers is set to 2, in order to balance the complexity and
learning ability of the model. This network architecture
design aims to efficiently extract key information from
input data, laying a solid foundation for subsequent
security situation assessment and fault warning.
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Step 3: Initialize network parameters. After the LSTM
network is built, the weights and biases in the network are
randomly initialized to ensure that the model has sufficient
diversity at the beginning of training, so as to gradually
converge to the optimal solution in the subsequent
learning process. This study sets the weight to 0.5 and the
bias to 0.1.

Step 4: Model training. Using the training set data for
forward propagation, calculate the loss function to
measure the difference between the current model's
predicted results and the true values. Subsequently, the
weights and biases in the network are updated using
backpropagation algorithm, gradually reducing the value
of the loss function. This process is repeated in multiple
iterations until the performance of the model on the
training set reaches stability.

Step 5: Performance evaluation. Evaluate the
performance of the trained LSTM model through a test set.
The evaluation indicators include accuracy, recall, and F1
score, which can comprehensively reflect the model's
ability in safety situation assessment and fault warning.
Based on the evaluation results, continuously adjust the
network structure and hyperparameters (such as learning
rate, number of hidden units, etc.) to optimize the model
performance. This process may require multiple iterations
until the model performance reaches the predetermined
accuracy and reliability standards [24-26].

Step 6: After the LSTM network model completes
training and meets the predetermined performance
standards, deploy it to the smart grid system. The model
can receive real-time operation data of the smart grid and
output evaluation scores from multiple dimensions
including power flow distribution of grid lines, system
load, and power penetration rate. These evaluation scores
constitute the security situation assessment values of the
smart grid, which can be compared with the preset alarm
threshold to determine whether the operating situation of
the smart grid is in a fault abnormal state.

Step 7: Based on the alarm threshold, corresponding
level, and output evaluation value in Table 1, compare
them to determine whether the operation status of the
smart grid is in a fault abnormal state, and achieve smart
grid situation perception and fault warning.

3 Experiments and results analysis
3.1 Experimental environment
construction

In order to verify the feasibility and effectiveness of
the method proposed in this article, real-time data from a
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provincial smart grid big data information platform in
October was used as the experimental object, and a real-
time data set size of 125 GB was collected. On this basis,
the collected data is divided based on the power simulation
system, generating a total of 120 power grid situation
evaluation indicators including line flow distribution
indicators, bus voltage indicators, active power margin,
system load rate, system overload degree, node voltage
offset indicators, distributed power source penetration
rate, etc. (each data includes all power grid situation
evaluation indicators). The specific number of generated
indicators is as follows:

(1) Dynamic security situation assessment indicators:
15 data points on line flow distribution indicators; 12
pieces of bus voltage indicator data; 23 active power
margin data;

(2) Static security situation assessment indicators: 18
system load rate data; 21 pieces of system overload degree
data; 16 pieces of node voltage offset index data; 15 pieces
of penetration rate data for distributed power sources.

In the experimental analysis process, the generated
data will be used as samples for the security situation
assessment of the smart grid system. Each piece of data
corresponds to one sample, for a total of 120 samples. In
order to ensure the generalization ability of the model and
avoid overfitting, it is necessary to retain a portion of the
data for testing. Therefore, this study selected
approximately 70% (85 samples) as training samples and
approximately 30% (35 samples) as testing samples.

For the sample data, first, normalization is performed
to treat dynamic and static security indicators as one
analysis subject. Normalize each indicator to eliminate
indicator errors and form a unified comprehensive
indicator of the power grid situation. Then, the Analytic
Hierarchy Process is used to determine the weight
coefficients of each indicator value. By repeatedly
determining the weight coefficients of multiple indicators,
the comprehensive indicator data is multiplied with the
corresponding weights to calculate the results of the
security situation assessment of the smart grid.

Preprocess the power grid situation evaluation index
data in the test samples using the comprehensive index
generation method described in the article. During
training, randomly select a fixed number of samples in
each iteration to form a small batch dataset for training
until the preset number of iterations is reached. The
configuration information of the software and hardware
devices included in the experimental environment is
shown in Table 2.

Table 2: Configuration information of experimental software and hardware equipment

Type of experimental

Hardware equipment

equipment Device model Performance parameters/running version
Processor: 20 cores, 40 threads, base frequency 2.3 GHz, max RWD 3.9
GHz.
PowerEdge R740 server Memory: Supports up to 1.5 TB of DDR4 memory.

Storage: Equipped with multiple hard disks 8 x 1TB SAS hard disks in a

RAID array.

KC705 FPGA development board

Logical Resources: The number of LCs is about 326,000 and the number of

CLBs is about 40,750.
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Storage Resources: Total BRAM capacity is 18.5 Mb.

Linux operating system

Ubuntu 18.04 LTS

Software equipment Python programming language

Python 3.7

TensorFlow deep learning framework

TensorFlow 2.3

The experimental simulation parameters are shown in
Table 3.

Table 3: Experimental simulation parameters

Simulation parameters Parameter
value
Input data time step 120
Output data time step 1
Number of hidden layers of LSTM 2
network
Number of hidden units 128
Hidden layer activation function tanh function
Learning rate 0.5
Number of iterations 1000

10
09
08 -

Grid security posture risk level thresholds

®——=eo Actual values @

3.2 Testing the effect of smart grid security
situation awareness

In order to verify the practical application effect of
method of this paper in intelligent network security
situational awareness and analysis, method of reference
[5] and method of reference [6] were introduced as
comparative methods, both of which were trained and
learned 1000 times, and then predicted on the test samples.
Based on the warning threshold and risk level of smart grid
security situation in Table 1, the predicted value of the test
sample is defined as the warning threshold range of smart
grid security situation risk level. Compare the predicted
values of the obtained test samples with the actual values
to verify the effectiveness of the smart grid security
situation prediction. The specific results are shown in
Figure 3.

------- ® Predicted value by method of this paper

0 5 10 15

20 25 30 35

Number of test samples
(a) Method of this paper

Grid security posture risk level thresholds

o——=eo Actual values ®- — -® Predicted value by method of reference [5]

0 5 10 15

20 25 30 35
Number of test samples

(b) Method of Bai et al. [5]
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®——=eo Actual values ®- - —® Predicted value by method of reference [6]

Number of test samples
(c) Method of Gong et al. [6]
Figure 3: Test results of the perception effect of smart grid security situation (P-values<0.05)

As shown in Figure 3, using the method of this paper
to predict the security situation of the smart grid for the
test samples, the predicted results (i.e., the warning
threshold corresponding to the risk level of the samples)
are consistent with the actual values, and the overall fit is
high. There is no situation where the predicted risk level
deviates from the actual value. However, the overall fit
between the predicted results obtained using the method
of Bai et al. [5] and method of Gong et al. [6] and the
actual values of the test samples is low, and there is a
significant deviation between the predicted results and the
actual values regardless of the risk threshold of the test
samples. Although the method of Bai et al. [5] constructs
a neural network model using radial basis functions and
combines linear discriminant analysis to detect abnormal
situations in the power grid, there are certain shortcomings
in the division of risk thresholds for power grid operation.
This may make it difficult for the model to accurately
classify certain critical data points when judging the
operation status of the smart grid, thereby affecting the
overall prediction accuracy. Although the method of Gong
et al. [6] combines the characteristics of big data in
intelligent power networks and proposes a network
security situational awareness detection technology based
on distributed data analysis, there are still shortcomings in
terms of computational resource utilization. This may
limit the performance of the model when processing large-
scale, high-dimensional data, resulting in a certain
deviation between the predicted results and the actual
values [27-29].

From this, it can be seen that using the method of this
paper can more accurately capture the changing trends of
the smart grid situation, predict the risk level of data
security situation better, effectively achieve smart grid
security situation awareness, and provide more reliable
basis for the scheduling and operation of smart grids.

3.3 The effectiveness of identifying the
safety situation of smart grid operation

In order to verify the effectiveness of the method of
this paper in discriminating the operating situation of
smart grids, based on the experimental environment in
section 3.2, the accuracy of different methods in
discriminating the operating situation of smart grids was
analyzed. However, considering that different methods
may have inconsistent dimensions in extracting data
features. Therefore, when the experimental environment is
unified into the same feature quantity (analyzed according
to the percentage of training samples to the total sample
size), accuracy, recall, and F1 score are used as evaluation
indicators to analyze the accuracy of various methods for
predicting the safety situation of smart grid operation. The
specific results are shown in Table 4.

Table 4: The recognition effect of the safety situation of
smart grid operation (P-values <0.05)

Grid situational Accuracy/% | Recall F1
awareness rate/% | score/%
algorithm

Method of this 98.72 98.95 | 99.06

paper

Method of Bai et 89.32 90.01 | 90.93

al. [5]
Method of Gong et 90.26 91.74 | 92.18
al. [6]

According to Table 4, the accuracy of using the
method of this paper for identifying the safety situation of
smart grid operation is 98.72%, the recall rate is 98.95%,
and the F1 score is 99.06%. This indicates that the
algorithm has high risk prediction accuracy for smart grid
safety situation operation data based on unified feature
quantities, and its application is relatively stable. The
obtained prediction accuracy numerical results are
superior to those obtained by the method of Bai et al. [5]
and method of Gong et al. [6]. Due to the inadequacy of
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the method of Bai et al. [5] in dividing the risk threshold
for power grid operation, the model may have
misjudgments or omissions in identifying the safety
situation of smart grid operation, thereby reducing
accuracy and recall. Meanwhile, this deficiency may also
affect the performance of F1 scores. The shortcomings of
the method of Gong et al. [6] in terms of computational
resource utilization may limit the performance of the
model when dealing with complex data. This may lead to
poor performance of the model in feature extraction,
classification prediction, and other aspects, thereby
affecting the overall accuracy, recall, and F1 score.

From this, it can be seen that the overall performance
of the method of this paper is good, which can accurately
and effectively perceive, predict, and analyze the safety
situation of smart grid operation.

3.4 Analysis of the effectiveness of smart
grid fault warning

During the simulation testing process of smart grid
situational awareness and fault warning, a total of 1000
iterations were executed. In order to further verify the
effectiveness of smart grid fault warning, the number of
iterations to be executed will be uniformly divided into 5
planning units. Each unit calculates the accuracy of fault
warning, response time of fault command, amount of
resources consumed (all average values during the
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iteration process) generated by method of this paper,
method of Bai et al. [5], and method of Gong et al. [6]
during 200 iterations to verify the effectiveness of
intelligent power grid fault warnings. Among them:

(a) Accuracy of fault warning: This indicator is the
core standard for measuring the performance of smart grid
fault warning methods. It represents the proportion of
correctly predicted faults and issuing warning signals.
High accuracy of fault warning means that the fault
warning method can accurately distinguish between
normal operating conditions and critical states before
faults, providing strong guarantees for the safe and stable
operation of the power grid.

(b) Response time of fault command: This indicator
reflects the speed at which smart grid fault warning
methods issue warning instructions after detecting faults.
A shorter response time for fault instructions means that
the fault warning method can respond to faults faster,
buying valuable time for subsequent fault handling.

(c) Amount of resources consumed: This indicator
measures the computational resources and storage space
required for the operation of smart grid fault warning
methods. Lower resource consumption means that fault
warning methods can operate in a more economical way,
reducing operational costs.

The specific test results of the intelligent grid fault
warning effect are shown in Table 5.

Table 5: Smart grid fault warning effectiveness (P-values <0.05)

Method of this

Iterations/times

Method of Bai et al. Method of Gong et al.

Experimental indicators

paper [5] [6]
200 98.12 88.34 90.42
A  tault 400 98.45 88.65 91.27
Cw;?r?’ng /%a“ 600 98.96 90.03 91.39
800 99.16 91.26 91.87
1000 99.82 91.38 92.08
200 0.096 0.089 0.098
Response time of fault 400 0.085 0.098 0.107
e 600 0.074 0.105 0.112
800 0.091 0.107 0.101
1000 0.083 0.112 0.118
200 125.36 152.65 150.16
Amount of resources 400 123.28 153.78 155.79
o e 600 120.54 153.96 160.24
800 119.16 155.02 161.77
1000 118.57 155.28 168.56

According to Table 5, as the number of iterations
continues to increase, the accuracy of fault warning,
response time of fault command, and amount of resources
consumed generated by our method are generally superior
to other methods. The maximum accuracy of fault warning
is 99.82%, the minimum response time of fault
instructions is 0.083 s, and the minimum amount of
resources consumed is 118.57 MB, indicating that our
method has a good power grid fault warning effect. Due to
the inaccuracy of the method of Bai et al. [5] in dividing
the risk threshold of power grid operation, the model may

deviate in judging the fault state, thereby reducing the
accuracy of fault warning. Meanwhile, this deviation may
also affect the response time of fault command, making it
difficult for the model to respond quickly after detecting a
fault. The insufficient utilization of computational
resources in the method of Gong et al. [6] may lead to
performance degradation of the model when processing
large amounts of data. This may result in a longer response
time for the model during the fault warning process, while
consuming more computing resources. This deficiency
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limits the efficiency and reliability of the model in
practical applications.

From this, it can be seen that the method of this paper
has strong understanding and analysis capabilities for the
operation status of the power grid, high resource
utilization, and can accurately distinguish between normal
operation status and critical status before faults. At the
same time, there is a good connection with the subsequent
fault handling mechanism. After the fault command is
output, it can quickly connect to the power grid system for
early warning response, and the entire system can quickly
respond to the warning.

Y. Zhang et al.

4 Discussion

Based on the analysis of the above experimental
results, it can be concluded that the method proposed in
this paper has good performance in the fit between safety
situation prediction results and actual values, safety
situation discrimination, and fault warning, while the
application effect of the two comparative methods is
relatively inferior. Now use Table 6 to conduct a detailed
analysis of the two comparison methods.

Table 6: Analysis of two comparative methods

Method

Specific process

Result

Limitations analysis

Method of Bai
etal. [5]

Method of
Gong et al. [6]

A neural network
model was constructed
using radial basis
functions to
comprehensively
process the operational
data of the power grid
system. Based on this,
linear discriminant
analysis was
introduced into the
model to establish an
abnormal situation
detection model for the
power grid, which is
used to perceive the
trend of smart grid
operation.

By applying the cross
entropy function and
linear units, the loss
evaluation part of the
neural network model
was optimized, and a
fusion improved linear
unit structure was
constructed to achieve
perception of the
operation status of the
smart grid.

(a) The fit between the predicted
results and the actual values is
relatively low;

(b) The accuracy of identifying the
safety situation of smart grid
operation is 89.32%, the recall rate
is 90.01%, and the F1 score is
90.93%. In terms of numerical
performance, it is inferior to the
method of this paper;

(c) The highest accuracy of fault
warning is 91.38%, the minimum
response time of fault command is
0.089 seconds, and the maximum
amount of resources consumed can
reach 155.28 MB. In terms of
numerical performance, it is

inferior to the method of this paper.

(a) The fit between the predicted
results and the actual values is
relatively low;

(b) The accuracy of identifying the
safety situation of smart grid
operation is 90.26%, the recall rate
is 91.74%, and the F1 score is
92.18%. In terms of numerical
performance, it is inferior to the
method of this paper;

(c) The highest accuracy of fault
warning is 92.08%, the minimum
response time of fault command is
0.098 s, and the maximum amount
of resources consumed can reach
168.56 MB. In terms of numerical
performance, it is inferior to the
method of this paper.

Although this method uses RBF
to construct a neural network
model and combines LDA to

detect abnormal situations in the

power grid, the RBF neural

network has the problem of

insufficient generalization
ability when processing high-
dimensional and complex data.

LDA is difficult to fully capture

the subtle changes in smart grid
data in feature extraction and

classification, which affects the
perceptual accuracy of this
method.

Although this method optimizes
the loss evaluation part of the
neural network model through

cross entropy function and linear

unit, and constructs a model that
integrates improved linear unit
structure, it is still difficult to
fully learn the intrinsic rules of
the data when dealing with
large-scale and high-
dimensional data such as smart
grids, resulting in prediction
accuracy and reliability.
Moreover, this method has
shortcomings in terms of
computational resource
utilization, which limits the
performance of the model when
processing large-scale data and
reduces the real-time
performance of the method.

The method for this paper has adopted effective
strategies to overcome the difficulties of situation
awareness and fault warning in smart grids. Firstly, in
response to the complexity and temporal nature of power

grid data, a long short-term memory network model is
adopted, which utilizes its powerful sequence data
processing capabilities to effectively capture long-term
dependencies in power grid data and improve the accuracy
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of situation prediction. Secondly, by constructing a smart
grid digital twin situational awareness framework,
comprehensive real-time monitoring of the power grid
status has been achieved, providing a solid foundation for
accurate early warning. In addition, the method for this
paper also comprehensively considers the dynamic and
static security of the power grid, selects indicators that
comprehensively reflect the operation trajectory of the
power grid, and further improves the accuracy of
situational awareness and fault warning.

The innovative work of method for this paper is as
follows: on the one hand, by combining digital twin
technology and deep learning models, comprehensive
mapping and real-time monitoring of the power grid status
have been achieved, providing strong guarantees for the
safe operation of the smart grid. On the other hand, by
introducing LSTM networks, the shortcomings of
traditional methods in processing time-series data have
been effectively addressed, improving the accuracy and
efficiency of situation prediction and fault warning. In
addition, the method for this paper also proposes the
principles and methods for selecting indicators for
evaluating the situation of smart grids, providing new
ideas for research in related fields.

In summary, the method for this paper has significant
innovation and application value in the field of smart grid
situational awareness and fault warning.

5 Conclusion

In summary, this article comprehensively introduces
a smart grid situational awareness and fault warning
method that combines deep learning technology. This
method is based on the digital twin smart grid platform
and constructs a smart grid digital twin situational
awareness framework. By selecting situational evaluation
indicators that can comprehensively reflect the dynamic
and static security of the smart grid, real-time monitoring
and prediction of the power grid status are achieved. The
core lies in utilizing Long Short Term Memory (LSTM)
networks for deep learning analysis of power grid data,
effectively capturing long-term dependencies in the data,
thereby accurately assessing the power grid safety
situation and providing fault warnings. The experimental
results show that this method exhibits high accuracy, high
recall rate, and high F1 score in safety situation prediction,
discrimination, and fault warning, with high accuracy of
fault warning, short response time of fault command, and
low amount of resources consumed. This article provides
an efficient and reliable solution for the safe operation of
smart grids, demonstrating the enormous potential and
application value of deep learning technology in the field
of smart grids.

In the next stage of work, we are considering
exploring alternative deep learning architectures to
achieve significant performance improvements in
temporal data processing. At the same time, considering
the scalability issues that current research may face when
dealing with large-scale datasets, especially when dealing
with test datasets exceeding 125 GB, efforts should be
made to research and develop more efficient data

Informatica 49 (2025) 1-14 13

processing  algorithms and parallel  computing
technologies to alleviate potential limitations on
computing resources and ensure smooth response to larger
scale data challenges.
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Given that coronary artery disease (CAD) is a major global cause of morbidity and mortality, there is an
urgent need for precise and scalable diagnostic tools. While conventional machine learning (ML) models
such as XGBoost and Gradient Boosting have demonstrated good predictive performance, they suffer from
limitations, including weak handling of class imbalance, redundant feature spaces, and lack of
interpretability. This work proposes an optimized Random Forest-based framework for CAD prediction to
address these gaps, integrating advanced feature engineering and optimization techniques. Specifically,
dimensionality reduction is achieved using principal component analysis (PCA), class imbalance is
handled through the Synthetic Minority Oversampling Technique (SMOTE), and hyperparameter
optimization is performed via GridSearchCV, tuning parameters such as the number of estimators,
maximum depth, and minimum samples split. Additionally, SHAP (Shapley Additive exPlanations) values
enhance interpretability by illustrating the contribution of each feature to the model's predictions; for
example, features such as chest pain type and cholesterol level are shown to influence CAD outcomes
significantly. The proposed framework is evaluated on the UCI Heart Disease dataset comprising 303
samples. Experimental results demonstrate that the optimized Random Forest model achieves an accuracy
of 95.0%, outperforming Gradient Boosting (93.08%) and XGBoost (92.4%) classifiers. This framework
provides a clinically relevant, interpretable, and scalable solution for CAD prediction, bridging the gap
between technical advancements and their practical deployment in healthcare environments.

Povzetek: Razvit je izboljSan okvir za napovedovanje koronarnih arterijskih bolezni, ki uporablja algoritem
nakljucnih gozdov, PCA za zmanjSanje dimenzionalnosti, SMOTE za ravnotezje razredov ter analizo SHAP
za povecanje interpretabilnosti modela, kar omogoca klinicno relevantno napovedovanje.

1 Introduction

Since coronary artery disease (CAD) is a primary global
source of morbidity and death, early and precise diagnostic
methods are crucial. Recent advances in machine learning
(ML) have influenced CAD prediction, providing an
excellent option to integrate clinical, diagnostic, and
imaging data. Using a range of models, such as Gradient
Boost and XGBoost, has shown promising results in
predictive performance in existing studies. However, such
methods have severe issues, such as class imbalance,
redundant features, and inadequate generalizability.
Moreover, the lack of interpretability inherent in most
state-of-the-art approaches impedes their uptake in clinical
practice.

These issues have been the subject of recent studies. For
instance, Gupta et al. [13] utilized SMOTE and augmented
features for high accuracy. However, Hashemi et al. [15]
proposed integrating genetic algorithms with the one-layer
multi-layer perceptrons for better predictions. While these
approaches have been promising, they still leave a massive
gap in scaling traditional ML models that achieve the
optimal trade-off between accuracy, scalability, and
interpretability. This work strives to address this gap by
building upon existing implementations of CAD
prediction to provide an optimized framework using
RForest with improved feature engineering and advanced
hyperparameter tuning methods.

This study attempts to create a machine-learning
framework that enhances CAD prediction by overcoming
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the main limitations of existing approaches. The proposed
methodology comprises a combination of PCA for
dimensionality reduction, SMOTE for addressing the class
imbalance, and GridSearchCV for hyperparameter tuning,
among other novelties, leading to improved predictive
performance and robustness. SHAP values are used for
interpretability to elucidate feature contribution and
improve model clinical relevance.

This study aims to develop a framework based on machine
learning (ML) that includes three fundamental challenges
in coronary artery disease (CAD) prediction: (1) clinical
datasets suffer from class imbalance, (2) redundancy of
features may lead to overfitting and generalizability, and
(3) the lack of interpretability of the model. More
specifically, we propose that the inclusion of PCA for
dimensionality reduction, SMOTE for balancing classes,
and SHAP values for interpretability of features used in the
model, in conjunction with hyperparameter optimization
Random Forest models, will provide better overall
prediction accuracy robustness, and relevant to clinical
practice than other pre-existing models such as Grad Boost
and XGboost.

Specifically, the main contributions of this paper
comprise: (1) an optimized implementation of Random
Forest for CAD prediction; (2) the enhanced use of feature
engineering techniques to boost model quality; (3)
ensuring better interpretability of the model, using SHAP
values, which is one of the significant drawbacks of
currently used ML-based models; and (4) comparison
against state-of-the-art models to validate our approach.
The paper is organized as follows. In Section 2, existing
CAD prediction methods are discussed, and research gaps
are defined through a complete literature review. Section 3
outlines the proposed approach involving data preparation
steps, feature engineering, and model tuning methods.
Section 4 shows the experimental findings and assesses
how well the suggested framework compared to state-of-
the-art models. Section 5 presents the study's findings,
contributions, and limitations, with Section 5.1 devoted to
constraints. Finally, Section 6 summarizes the paper and
discusses the study's overall importance for improving
CAD diagnosis and patient care and possible future
directions.

2 Related work

This literature review highlights advancements in machine
learning-based approaches for coronary artery disease
(CAD) prediction and management. Bertsimas et al. [1]
developed ML4CAD, a personalized CAD management
system with an 81.5% AUC, using EMR data. Future work
will include validating clinical trials, including
socioeconomic characteristics, and improving
generalizability. VVaruna et al. [2] recommended applying
a two-phase Al model to identify coronary artery disease
with 96.2% accuracy. More studies will try to make it more
generalizable and expand its use to include other illnesses.
Gabriel Anbarasi [3], the BSOXGB model outperforms
previous approaches with a CAD recognition success rate
of 97.70% because of enhanced feature selection and
hyperparameters. Testing with additional datasets will be
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part of future efforts. Huang et al. [4], the RF model
predicts CHD remarkably effectively using CACS and
clinical factors. Future work will include handling missing
data and improving models. Manduchi et al. [5]
demonstrated how well TPOT can detect SNPs linked to
CAD, while it has issues with big datasets, runtime, and
heterogeneous data.

Zahia et al. [6] used feature selection and data balance to
develop a hybrid machine-learning model that detects
CAD with 98.34% accuracy. Jahmunah et al. [7]
introduced a GaborCNN model for ECG-based CAD
diagnosis with a 98.5% accuracy rate and potential for
faster, more effective clinical use. Arian et al. [8] predicted
myocardial function improvement after CABG using
LGE-CMR images radiomics and machine learning, with
encouraging findings. Umar Khan et al. [9] suggested a
signal processing technique for CAD prediction that uses
ECG data and SVM. It achieves 95.5% accuracy and
suggests deep learning for future advancements. Nasarian
et al. [10], a hybrid feature selection approach for CAD, is
presented in this work, which achieves excellent accuracy
by utilizing a variety of classifiers and balancing strategies.
Expanding datasets and investigating evolutionary
algorithms are the goals of future research.

Abdar et al. [11] proposed a novel machine-learning
approach for CAD identification with an accuracy of
93.08%. Additional preprocessing methods, algorithms,
and evolutionary approaches will be investigated in further
studies. Li et al. [12] improved risk group categorization
by creating a framework for risk stratification with
machine learning assistance to streamline CAD diagnosis.
Ongoing research might develop these techniques further.
Gupta et al. [13] said that the C-CADZ system
outperformed earlier techniques in achieving 97.37%
accuracy for CAD diagnosis utilizing FAMD and SMOTE.
Future research might improve multi-class categorization
and the handling of class imbalance. Varun et al. [14], a
deep neural network diagnosed CAD with 96.2% accuracy
using Gaussian noise to reduce overfitting; future work
will concentrate on extending to other ailments. Hashemi
et al. [15] employed genetic algorithms and machine
learning to predict CAD with 94.71% accuracy; deep
learning advancements will be the main focus of future
work.

Nesaragi et al. [16] presented a tensor-based machine
learning system that achieves 96.62% accuracy in CAD
identification using heart rate data. Further research will
improve this approach. Saruladha and Swathy [17]
examined Al and data mining strategies for predicting
CVD, emphasizing the need for more information and
customized approaches. Huang et al. [18] Al accelerates
productivity and improves the accuracy and efficiency of
computed tomography angiography (CCTA), a technique
used to diagnose computer-aided design (CAD).
Khozeimeh et al. [19] Active Learning with Ensemble of
Classifiers (ALEC) improves the diagnosis of CAD by
lowering the risks and costs associated with invasive
angiography. Qiao et al. [20] suggested that ML-based
FFRCT may improve CAD diagnosis and decision-making
compared to invasive angiography; nevertheless, more
validation is needed.
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Alizadehsani et al. [21] presented a high-accuracy
machine-learning approach to identifying individual cases
of coronary artery stenosis while resolving model
uncertainty. Omkari and Shaik's [22] TLV model uses
ensemble voting and machine learning to achieve high
accuracy in CAD diagnosis on large datasets, which makes
it perform better than previous methods. Braun et al. [23],
a non-invasive, precise, and economical CAD screening
technique, is provided by cardiography, which combines
vector cardiography with machine learning. Wishart et al.
[24] provided a cost-aware feature selection technique to
identify coronary heart disease with excellent accuracy and
AUC using fewer features. Wang et al. [25] provided a
two-level stacking machine learning model for CHD
diagnosis. Although it produces high accuracy, the
dataset's amount and the parameters' values are limited.

Ahmad et al. [26] LR, KNN, SVM, and GBC approaches
are examined in this study and shown to be less accurate
than Extreme Gradient Boosting with GridSearchCV in
predicting cardiac disease. Yan et al. [27] created a
machine learning-based system that uses XGBoost for
high classification accuracy and customized patient advice
to diagnose coronary artery stenosis. Cheung et al. [28]
provided a 2D UNET model for accurately segmenting
coronary arteries on CTCA photos using the least
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computer resources. Spadarella et al. [29] Radiomics and
machine learning deliver promising advancements to
cardiovascular imaging despite ongoing issues with study
consistency and model interpretability. Benjamins et al.
[30] state that the capacity to identify myocardial ischemia
and the necessity for early revascularization is improved
by combining machine learning with CTA and clinical
data, albeit further validation is needed.

Molenaar et al. [31] Artificial intelligence in invasive
coronary angiography is advancing, even if more
multicenter datasets and external validation are required
for broader applications. Muhammad and Algehyne [32]
enhanced the C4.5 algorithm, which was used to create a
fuzzy-based expert system for CAD in Nigeria that
produced high dependability and accuracy of 94.55%.
Hagan et al. [33] highlighted different training costs and
accuracy across datasets when comparing machine
learning techniques for diagnosing cardiovascular disease.
Brandt et al. [34] assessed CT-derived fractional flow
reserve (CT-FFR), which may reduce the requirement for
invasive angiography to identify substantial CAD in
patients with severe aortic stenosis. Liu et al. [35]
evaluated a machine-learning model for severe CAD
prediction using routine data to reduce invasive procedures
and improve diagnosis accuracy.

Table 1: Summary of existing machine learning models for CAD prediction

Study Dataset Methodology / | Performance | Interpretability | Class Dimensionality

(Author, Used Model (Accuracy) Addressed Imbalance | Reduction

Year) Handling

Bertsimas | EMR Data | ML4CAD 81.5% (AUC) | No Not Not addressed

etal. (Multiple explicitly

(2020) [1] Models) addressed

Varunaet | Custom Two-phase Al | 96.2% No Not Not addressed

al. (2023) Dataset Model (Deep explicitly

[2] Learning) addressed

Gabriel et | Public BSOXGB 97.7% Partial (XGBoost | Not Feature

al. (2023) Dataset (XGBoost + + SHAP support mentioned | Selection (not

[3] Feature but not PCA)
Selection) emphasized)

Zahiaetal. | Clinical Hybrid ML 98.34% No Balancing | Feature

(2020) [6] | Dataset Model with techniques | Selection (not
Feature used PCA)
Selection

Jahmunah | ECG Data | GaborCNN 98.5% No Not Not addressed

etal. (Deep addressed

(2021) [7] Learning)

Abdar et UCl Hybrid ML 93.08% No Not Not specified

al. (2019) | Cleveland | Approach specified

[11] Dataset
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Gupta et Z-Alizadeh | C-CADZ 97.37% No SMOTE Feature
al. (2021) | Sani (FAMD + used Aggregation
[13] Dataset SMOTE + (FAMD)
Classifier)
Hashemi et | Public Genetic 94.71% No Not Genetic
al. (2024) Dataset Algorithm + mentioned | Algorithm (not
[15] Optimized PCA)
MLP
Wang et Public Stacking 90.0% No Not Not addressed
al. (2020) | Dataset Ensemble specified
[25] Model
Benjamins | Clinical + | XGBoost 92.4% Not focused Not Not addressed
etal. CTA Data specified
(2021)
[30]
Proposed UCI Heart | Optimized 95.0% Yes (SHAP used | SMOTE PCA applied (8
Study Disease Random Forest explicitly) applied components)
(2024) Dataset +PCA +
(303 SMOTE +
samples) SHAP
Militello et al. [36] showed that integrating radiomic and include datasets, methodologies, performance,

clinical variables enhances the prediction of coronary
artery disease compared to utilizing clinical data alone.
Nilashi et al. [37] demonstrated how incremental machine
learning techniques, especially fuzzy support vector
machines (SVM), improve the precision of heart disease
detection while cutting down on computation time.
Raparelli et al. [38] integrated a variety of characteristics
and used machine learning to separate obstructive from
non-obstructive CAD; nevertheless, more enormous
datasets are required for validation. Yang et al. [39]
utilized enhanced LightGBM and focal loss, and the
HY_OptGBM model improved early CHD diagnosis with
a97.8% AUC. Cherradi et al. [40] suggested that KNN and
ANN-based diagnostic systems outperformed earlier
techniques with higher accuracy for predicting
atherosclerosis. Significant learning and data mining
techniques have obtained up to 60% to 90% prediction
accuracy by selecting features through an effective model
and addressing the class imbalance problem. Sadri Alija et
al. [42] used a supervised learning model and a wrapper-
based feature selection component to improve student
performance prediction over imbalanced datasets.
Harjinder Kaur et al. [43] proposed a prediction framework
based on academic performance analysis using machine
learning algorithms focusing on the early detection of
underperformers. Hua Huang [44] proposed a two-stage
feature selection method and enhanced machine learning
classifiers for text data classification. These studies
demonstrate that optimized feature selection and balanced
data learning are critical elements of predictive modeling.
A comparative summary of key machine learning studies
on CAD prediction is provided in Table 1. Other features

interpretability focus, class imbalance handling, and
dimensionality reduction techniques. It also shows the
novelty of the proposed approach while addressing the
limitations of other existing works and providing
robustness and clinical applicability through PCA,
SMOTE, hyperparameter  tuning, and  SHAP
interpretability as the final methodologies.

The studies surveyed revealed a range of machine learning
models employed for CAD prediction, such as Random
Forest, SVM, and hybrid models, resulting in notable
accuracy. Feature selection, class balancing, and deep
learning — all of these techniques lead to better
performance. In future studies, we aim to expand the
generalizability, work with larger datasets, as well as
incorporate clinical, radiomic, and socioeconomic
variables to make the CAD diagnosis robust.

3 Proposed framework

Figure 1 overviews the methodology for predicting
coronary artery disease, which represents a systematic
process adopted to implement a robust and accurate
machine-learning framework. In the first step, the raw
dataset was preprocessed. Feature Scales were
standardized using the StandardScaler to normalize the
data so that each feature contributed equally during the
model's training. PCA was applied to the data, so the
dimensionality of the data cube was reduced to eight
principal components, which provide the best data features
without raising the computation price and the possibility
of overfitting.
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Figure 1: Proposed methodology for coronary artery disease prediction

To rebalance the target, we used the Synthetic Minority
Oversampling Technique (SMOTE). Variable. Using this
technique, synthetic samples were created for the minority
class, which provided a balanced dataset for the model to
learn patterns for both classes more effectively. The
cleaned and balanced dataset was subsequently chosen for
its robustness and appropriateness for high-dimensional
data analysis and utilized to train a random forest
classifier. Hyperparameter optimization was performed
with GridSearchCV by searching over the Using a 5-fold
cross-validation technique, the optimized model produced
dependable and generalizable findings for the number of
estimators, the maximum tree depth, and the least number
of samples required to divide a node.

After that, the dataset was split into a 70:30 training-testing
set, with the testing set used to assess the model's
performance and the training set used to build the model.
The performance metrics were based on accuracy,
confusion matrix, and classification report (precision,
recall, and F1-score). The SHAP (SHapley Additive
exPlanations) framework was employed to improve
model interpretability. SHAP values calculated the
contribution of each feature to predictions, and a summary
plot graphically described feature importance, revealing
insights on the key predictors of coronary artery disease.
The best model was serialized using joblib and exported to
a. pkl file, making it suitable for clinical decision support
systems deployment. This pipeline, outlined in Figure 1,
integrates robust preprocessing techniques complemented
by class balancing, hyperparameter tuning, and
interpretability to create a strong and transparent
framework for practical deployment.

3.1 Machine learning models

The performance of several machine learning models was
compared in this study to predict coronary artery disease.
Using the KNN technique, because it is a simple yet
effective instance-based learning approach, we use the
majority class observed among their closest neighbors to
classify similar data points. This algorithm can find
various local patterns which are the most relevant to the
dataset. Furthermore, The SVM's capacity to identify the
best hyperplane for dividing data points into distinct
classes was also utilized. SVM is beneficial for high-

dimensional data and creating robust decision boundaries.
The Decision Tree Classifier was also one of the models
evaluated (selected due to interpretability and simplicity).
That's why this algorithm makes a tree structure that splits
the data repeatedly using the value of a particular feature.
We also used random Forest, a type of ensemble learning
that builds numerous decision trees to increase precision
and decrease overfitting. Random Feature Selection and
Bootstrap Methodology The above methodology is
inherent in Random Forest and is used to contribute to the
robustness and reliability of the model partially. These
various models gave the study a comprehensive
assessment of different classification techniques. The
performance of all models was analyzed and compared to
the data for identification of coronary artery disease.

3.2 Data preprocessing

Data was preprocessed to prepare for machine learning
modeling. We used the StandardScaler to standardize each
feature, assigning a standard deviation of one and a mean
of zero to the data. This resolution ensured that broader-
scale features did not disproportionately affect the model.
No null values remained. They were one-hot encoded to
prepare categorical variables for use in K-Nearest
Neighbors (KNN), Support Vector Machine (SVM),
Decision Trees, and Random Forest models. This
preprocessing step was crucial so that all models
performed consistently.

First, the dataset was preprocessed to handle missing and
categorical data encoding. In particular, categorical
variables (e.g., types of chest pain and thalassemia) were
preprocessed using one-hot encoding to convert them to
numeric format. Feature scaling was executed with
StandardScaler to have all features with a zero-mean and
one-variance distribution. MinMaxScaler, RobustScaler,
and other scaling techniques were tried but again showed
a minuscule impact on performance, so the best choice was
to use StandardScaler, especially before PCA.

3.3 Dimensionality reduction

Feature dimensionality was reduced using Principal
Component Analysis (PCA) after the data were scaled,
retaining 95% of the data variance. This threshold was
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empirically derived; retention of 90% variance was found
to exclude clinically relevant features dangerously, and
retention of 99% vyielded trivial variance benefit with
increased model complexity. By eliminating duplicate and
correlated features, PCA helped to prevent overfitting and
enhanced the efficiency of our models. While PCA is a
linear combination of features and thus could impact direct
clinical interpretability, the SHAP values were calculated
on features before PCA was performed, which ensures the
interpretation of feature contributions.

3.4 Handling class imbalance

Instead of a class imbalance (majority class), the target
variable showed a high-class imbalance. For the minority
classes, synthetic samples were made using the Synthetic
Minority Oversampling Technique (SMOTE). This
resulted in a balanced distribution required for all four
machine learning models to be trained relatively and
practically. SMOTE stopped SVM and KNN, Decision
Tree, and Random Forest models from learning patterns
only on majority classes, thus enhancing the accuracy of
their predictions.

SMOTE handled imbalance classes after the one-hot
encoding and feature scaling process but before applying
PCA transformation. The dataset was also imbalanced,
with 55% majority (non-CAD) and 45% minority (CAD)
samples. The SMOTE generated synthetic samples for the
minority class, balancing the classes' ratios to 50:50,
ensuring that the classifier learned the same amount from
both classes and improving recall and F1-score.

3.5 Model training

The preprocessed and balanced dataset trained four models
(i.e., KNN, SVM, Decision Tree, and Random Forest). On
the contrary, KNN predicted a class of data points using a
majority vote among the nearest neighbors, so it followed
the local pattern of the data. This is due to SVM's
capability to work with high-dimensional data by
identifying an optimal hyperplane to distinguish between.
The Decision Tree model, which segmented the data based
on feature values, provided an interpretable structure for
decision-making. The Random Forest was an ensemble of
decision trees trained using bootstrapping and random
feature selection to reduce variance while increasing
accuracy. Each of these models was trained separately to
provide a complete evaluation.

An A 5-fold cross-validation technique was incorporated
during hyperparameter tuning and model evaluation to
reduce the chance of overfitting. The dataset was randomly
divided into a training set (70% of the data) and a testing
set (30% of the data), and all works used a fixed random
seed value of 42 to guarantee the replicability of the
results. Using a confusion matrix, we used professional
metrics to assess models, including accuracy, precision,
recall, Fl-value, and analysis. To account for class
imbalance in the predictive model, cross-validation was
used to select the optimal parameters for the model by
maximizing the F1 score, which balances performance in
both classes.
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The training set was utilized for model construction and
hyperparameter tuning. The testing set measured the
model performance using data never used during training.
The testing set can thus be viewed as providing an
unbiased performance result for a particular application.
Performance metrics such as accuracy, precision, recall,
F1-score, and confusion matrix analysis were evaluated.
GridSearchCV vyielded an exhaustive hyperparameter
search, but RandomSearchCV and Bayesian optimization
could have also been applied. Due to the moderate size of
the dataset with a well-defined parameter space,
GridSearchCV was favored for its systematic search
strategy without introducing an excessive computational
overhead.

Initial experiments included KNN to establish baseline
performance, leveraging its ability to capture local data
patterns effectively. However, the final optimized model
employed Random Forest, chosen for its robustness,
superior generalization, and ability to handle feature
interactions, which proved essential for CAD prediction.

3.6 Hyperparameter optimization

This  way, hyperparameter  optimization  with
GridSearchCV was carried out to obtain each model's peak
performance. KNN: suitable number of neighbors and
SVM: tunning parameters like kernel and regularization
strength. The maximum depth and split criteria were fine-
tuned for the Decision Tree model. The number of
estimators, maximum depth, and minimum samples for the
split were optimized for Random Forest. This led to a 5-
fold cross-validation, in which the optimized parameters
were replicated across all models, resulting in accurate and
generalizable results.

The hyperparameter tuning of the Random Forest model
was applied using GridSearchCV with a 5-fold cross-
validation strategy. The explored range of parameter
values was: number of estimators [50, 100, 200, 300],
maximum depth [4, 6, 8, 10, None], minimum samples
split [2, 5, 10], and the minimum samples leaf [1, 2, 4]. A
random seed of 42 guaranteed that query results could be
reproduced. By restricting maximal depth and tuning
minimum examples of leaves, Random forests, in their
nature, enforced regularization, which kept away
overfitting. The F1-score has been in the first place in
choosing the best hyper-parameters because we have
imbalanced classes; we need to balance precisely and
recall.

3.7 Explainable Al (SHAP)

We implemented the SHAP (SHapley Additive
exPlanations) framework to interpret the predictions from
ML models. The significance of each attribute in
predictions was evaluated using SHAP values, which
describe the reasoning of KNN, SVM, Decision Tree, and
Random Forest. Global interpretation plots (summary
plots) were created to examine the relative contributions of
features across all the models. This also improved
transparency and made the models' predictions
explainable, allowing them to be used in a clinical setting,
where it is essential to know why a decision is made.
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3.8 Proposed algorithm

The proposed Intelligent Coronary Artery Disease
Prediction (ICADP) algorithm uses four optimized
Random Forest, SVM, KNN, and Decision Tree machine
learning models. It combines advanced preprocessing,
class balancing, and interpretable predictions via SHAP.
Without loss of generality, this algorithm generates a
robust, fair, and interpretable predictor that is highly
meaningful in clinical settings toward promoting informed
healthcare decision-making.

Algorithm: Intelligent Coronary Artery Disease
Prediction (ICADP)

Input: Dataset (X, Y), Models M = { Random Forest,
SVM, Decision Tree, and KNN}, Parameters P_m for
minM

Output: Optimized Models M*, Metrics for each
model, Predictions Y_pred

1. Preprocess X: Normalize features, handle missing
values
2. Reduce Dimensions:
X PCA < PCA(X, retain 95% variance)
3. Handle Class Imbalance:
(X_balanced, Y_balanced) «— SMOTE(X PCA,Y)
4. Split Data:
(X train, Y_train), (X test, Y test) « Train-Test-
Split(X_balanced, Y _balanced)
5. Train and Optimize Models:
For each model m in M:
m* «— GridSearchCV(m, P_m, cv=5)
m* fit(X_train, Y_train)
6. Evaluate Models:
For each optimized model m* in M*:
Y pred m « m*.predict(X _test)
Metrics_m «— Evaluate(Y_test, Y _pred m)
7. Interpret Results:
For each m* in M*:
SHAP_values m «— SHAP(m*, X_test)
8. Return M*, Metrics m, Y _pred m, SHAP values m
Algorithm 1: Intelligent coronary artery disease
prediction (ICADP)

For accurate profiling of coronary artery disease, the
ICADP algorithm systematically utilizes various ML
models to implement and predict CAD effectively. The
next step is to preprocess the dataset to fit it into the
machine learning format. The features are standardized
with StandardScaler, which gives them a mean of zero and
a standard deviation of one. So, this step removes bias
from different scales among the features to ensure
consistency. It also handles missing values and encodes
categorical variables to guarantee that the information
aligns with the models. A PCA is applied to this initial
dataset to reduce dimensionality. Retaining only the eight
principal components with the highest variance helps the
algorithm retain significant data while discarding
redundancy, streamlining the feature space, and reducing
the likelihood of overfitting. The Synthetic Minority
Oversampling Technique balances the dataset's classes. To
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combat this, SMOTE creates artificial samples for the
minority class and, in turn, gets a better-balanced dataset
to ensure that all models learn better for both class patterns.
This preprocessed, balanced data is split into training and
testing different subsets, with a ratio of 70 to 30 to
guarantee sufficient data for model evaluation and
training.

Next, four machine learning models were used: Random
Forest, Decision Tree, Support Vector Machine, and K-
Nearest Neighbors (KNN). These are optimized
individually through hyperparameter tuning with the help
of GridSearchCV. We are running hyperparameter tuning
with a different grid search space for each model for tuning
settings like the number of KNN neighbors, SVM kernel
type, Decision Tree maximum depth, and Random Forest
number of estimators. The optimization employs a 5-fold
cross-validation strategy, resulting in reliable and
generalizable results for every model.

After these steps have been optimized, the selected models
are trained with the balanced training data and evaluated
with the testing dataset. Predictions are obtained from each
model, and performance metrics such as F1-score,
confusion matrix, recall, accuracy, and precision are
calculated. These metrics give a complete analysis of the
effectiveness of each model and a comparison of
performance. The Shapley Additive Explanations, or
SHAP framework, is used to improve the interpretability
of the algorithm. Computing SHAP values abstracts how
much each feature has contributed to the predictions and,
thus, provides a comprehensive view of all four models’
prediction logic. We generate summary plots to visualize
how features rank globally in importance, establishing a
transparent basis to support transferable clinical uses of
our interpretable framework. Ultimately, the ICADP
algorithm produces the tuned models, those model's
performance metrics, and the SHAP-based interpretations.
This end-to-end process also guarantees robustness,
accuracy, and interpretability for the employed, leading to
generalizability that renders the framework well-suited for
real-world coronary artery disease prediction scenarios.

3.9 Dataset details

The dataset [41] that is used to predict coronary artery
disease consists of 303 samples with 14 attributes, i.e.,
Age, Sex, Chest Pain Type (cp), Resting Blood Pressure
(trtbps), Cholesterol Level (chol), Fasting Blood Sugar
(FBS), Resting Electrocardiographic Result (restecg),
Maximum Heart Rate Achieved (thalachh), Exercise
Induced Angina (exng), ST Depression Induced by
Exercise (oldpeak), Slope of Peak Exercise ST Segment
(slp), No of Major Vessels (caa) and Thalassemia (thall).
The target variable (output) is a binary value indicating
whether the patient has coronary artery disease. This
dataset contains a rich feature set of clinical and
demographic characteristics that can aid in building and
testing machine learning models.

3.10 Performance evaluation

The performance of each model was evaluated using f-
score, recall, accuracy, precision, and
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confusion matrix. Although accuracy offered an overall
assessment of correctness, precision and recall allowed us
to assess the models' performance in every class. The
confusion matrix provided rich detail on true positives,
negatives, false positives, and false negatives. The desired
classifier that performed best for the out-of-sample was
identified using these metrics, and we compared the KNN,
SVM, Decision Tree, and Random Forest models.

3.11 Experimental setup

All experiments are done on Python 3.9 with the sci-kit-
learn 1.2.2 library for ML models. Other libraries
employed were pandas 1.4.3, numpy 1.21.5, and
matplotlib 3.5.2 to assist in the data processing and
visualization. What exists needs to be replaced by what
better exists (or, in other words, by data that is a better
approximation). The experiments were done on an Intel
Core i7-12700 CPU,16GB RAM, and Windows 11 OS.
The random seed value was set to 42 for all runs to
guarantee reproducibility. GridSearchCV was used for
hyperparameter tuning with 5-fold cross-validation,
applying the same search space to the key parameters of
Distribution of Target Variable (Output)
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each classifier. Also, we trained and evaluated our models
in a non-parallelized manner to keep the computational
conditions consistent for all models.

4 Experimental results

Results from the experiment are shown in this section.
Creating a coronary artery disease prediction strategy is
the goal of the suggested system using an extensive clinical
and diagnostic data dataset. To benchmark the proposed
framework, comparative experimentation is performed
against state-of-the-art machine learning models such as
Gradient Boosting [26], XGBoost [30], and Logistic
Regression [26]. We conducted these experiments in
Python with sci-kit-learn and other libraries on a computer
with 16GB of RAM, an Intel Core i7, and an NVIDIA
GPU for speeding computations. The analysis examines
the effect of feature engineering (PCA and SMOTE) and
hyperparameter tuning on predictive accuracy and model
robustness.

Age Distribution by Target Variable
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Figure 2: Distribution of the target variable (presence of disease) and age distribution by target variable for coronary
artery disease prediction

The overview of the target variable (output) is illustrated
in Figure 2, where we can observe that class 1 (disease is
present) is slightly more frequent than class 0 (disease is
absent). Boxplot of age shows that patients who have
coronary artery disease (class 1) have a broader range of
ages than those who don't (class 0). The median age of
patients with CAD is also higher; thus, the age is a
predictor for CAD. This visualization highlights the need
for balanced class representation and age consideration
during your model development.

Correlation Heatmap of Features
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Figure 3: Correlation heatmap of features illustrating the
relationships between variables and their influence on the
target variable (output) for coronary artery disease
prediction
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The correlation heatmap, which represents the pair-wise
relationships and the correlation of the data with the target
variable (output), is shown in Figure 3. A strong positive
correlation can be observed for cp(chest pain type),
halacha (highest heart rate attained), and SLP (slope of
peak exercise ST segment) with output, which signifies
their importance in CAD prediction. Conversely, attributes
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such as exng (exercise-induced angina) and old peak (ST
depression) exhibit strong negative correlations. The
heatmap also shows that there isn’t much multicollinearity
amongst most features, confirming these to be good
candidates for model training. This analysis provides
significant predictors in machine learning models that aid
feature selection and optimization.

Cholesterol Levels by Output
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Figure 4: Cholesterol distribution by target variable (output) depicted using a histogram and a violin plot for coronary
artery disease prediction

An example of using this method to visualize information
about a categorical variable is to look at the stimulus across
the target output (Figure 4). One of the classical diagnosis
methods is to analyze cholesterol levels. A histogram
indicates overlapping cholesterol levels for both classes (1,
1). There is a relatively higher concentration of samples in
200 and between 300. In particular, the violin plot
elucidates the spread and density of the cholesterol levels,

Max Heart Rate (thalachh) by Output

Rate (thatachh

Max teant

Outpat (Presence of Disease

suggesting higher median cholesterol values among
patients with coronary artery disease (output = 1).
Cholesterol variability across CAD patients is indicated by
class 1 having a wider distribution. These findings
emphasize cholesterol as a key attribute for CAD
prediction, but additional features could improve class
discrimination.

Max Heart Rate with Chest Pain Type by Output
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Figure 5: Max heart rate (thalachh) distribution by target variable (output) depicted using a violin plot and its
relationship with chest pain type (CP) for coronary artery disease prediction

An example of a violin plot showing the maximum heart
rate (thalachh) distribution by human-readable target
(output) illustrating similar distributions for all CP levels
can be found in Figure 5. The median heart rate unit (1) is
higher in patients presenting with coronary artery disease,
with a broader variance compared to another unit (0). This
second plot adds chest pain types to the mix, showing how
heart rate distributions by class differ. To detail this with
some visualization and explain how this is an important
identifying feature and Analysis of the interaction between

heart rate and chest pain type provides essential
information for CAD prediction models.

Figure 5 illustrates that patients with coronary artery
disease (unit 1) tend to exhibit higher maximum heart rates
with more significant variance compared to non-CAD
patients (unit 0). The second plot shows that typical angina
(cp=0) is associated with lower heart rates within the CAD
group. In contrast, atypical chest pain types (cp=1,2)
correspond to higher heart rates, highlighting distinct
patterns relevant for clinical assessment.
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Feature Contributions to Principal Components (PCA Loadings)
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Figure 6: Feature contributions to principal components (PCA loadings) illustrating the relationship between original
features and principal components for dimensionality reduction in coronary artery disease prediction

The PCA loading of original features that contribute to the
eight principal components is depicted in Figure 6. Based
on unsupervised feature selection analysis, it is clearly
shown that features like cp (chest pain type), halacha (max
heart rate), and old peak (st depression) have significant
contributions in the first few components, meaning that
these are essential features in capturing variance in the
dataset. On the other hand, attributes such as resting

(resting electrocardiographic results) are less influential
across components. This exploration shows the capacity of
dimensionality reduction with PCA implementation to
build upon the dataset's most significant features to deliver
the model's maximum performance while conserving
important predictive knowledge content to be kept for
coronary artery disease diagnosis.
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Pairplot of Key Features by Output
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Figure 7: Pairplot of key features (age, chol, and thalachh) by target variable (output) for coronary artery disease
prediction

We have plotted the pairplot that can correlate the primary
features (age, chol, and thalachh) across the target variable
(output) between each other (refer to figure 7). If we look
at the diagonal histograms, we can see that most features
overlap between the two classes. Still, we can also identify
subtle differences (such as higher thalachh when CAD =
1). Scatterplots reveal weak correlations among features,
reinforcing the relevance of those variables when paired in
the context of ML models. The visualization can help with
the separability and interaction of features that can be used
to predict CAD.

Table 2: Hyperparameter tuning details for ML models,
including the hyperparameters considered, their
respective search spaces, and the optimized values

Model | Hyperparame | Hyperparame | Optimiz
ter ter Space ed Value
KNN Number of | [3,5,7,9,11] |5
Neighbors (k)
SVM Kernel ['linear', 'rbf, | 'rbf’
poly’]
C [0.1, 1, 10, |10
(Regularizatio | 100]
n)
Gamma ['scale, 'auto’] | 'scale’
Decisi | Maximum [5, 10, 15,10
on Depth None]
Tree

Minimum [2,5,10] 5
Samples Split
Criterion ['gini,’ 'gini'
‘entropy’]
Rando | Number of | [50, 100, 150, | 150
m Estimators 200]
Forest
Maximum [6, 10, 15,|15
Depth None]
Minimum [2,5,10] 5
Samples Split

Hyperparameter tuning of the four machine learning
models is shown in Table 2. which summarizes the key
hyperparameters with their search spaces and optimized
values found by GridSearchCV. After carefully selecting
the optimal set of parameters, the models' performance
improved drastically, optimizing their predictions based
on the nature of the dataset. For instance, choosing the best
K for KNN or maximum tree depth (Decision Tree,
Random Forest) decreased over-fitting and increased
generalization. The systematic optimization process of
evaluating the model improves the reliability and accuracy
of the predictions, honing in on the balance between model
complexity and performance, which forms a cornerstone
for complex tasks such as disease prediction.
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Table 3: Comparative effectiveness of machine learning
models for predicting coronary artery disease following
the use of hyperparameter tuning, PCA, and SMOTE
optimizations

Model Accuracy | Precision | Recall | F1- ROC-
Score | AUC
(%)
KNN 88.0% 87.5% 86.0% | 86.7% | 90.2
SVM 90.5% 89.8% 89.0% | 89.4% | 92.8
Decision 86.5% 85.7% 85.0% | 85.3% | 89.1
Tree
Random 95.0% 94.5% 94.0% | 94.2% | 96.5
Forest

To predict coronary artery disease, the performance
measures of four machine learning classifiers—KNN,
SVM, Decision Tree, and Random Forest—were
employed (Table 3). Random Forest was the winning
model with 95.0% accuracy (after PCA dimensionality
reduction, SMOTE for class balancing, and
hyperparameter tuning). RF achieves 96.5% ROC-AUC.
Combined feature engineering + optimizations (Random
Forest and SVM) with these results is demonstrated to
provide better accuracy and robustness of the models.

The random forest model has a maximum recall of 94%
and a superior ability to find true positives of CAD-
positive cases (as shown in Table 2). Overall, this is due to
its ensemble characteristic and the ability to cope with
complex interactions within features, with optimization of
various hyperparameters and the application of SMOTE to
mitigate the problem of minority classes, contributing to
more accurate levels. On the other hand, the SVM model
provides a lower recall of 89%, likely due to its sensitivity
to feature scaling and the non-linear separability of the
dataset. Furthermore, the SVM method does not have
built-in class imbalance compensation mechanisms, which
might have resulted in the misclassification of member
samples in the minority class, leading to its lower recall.

Comparative Performance of ML Models with ROC-AUC
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Figure 8: Comparative performance of ML models after
applying PCA, SMOTE, and hyperparameter tuning for
coronary artery disease prediction
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Figure 8 shows the comparative performance metrics of
four machine learning models - KNN, SVM, Random
Forest, and Decision Tree. This visual identification
underlines the effectiveness of optimizations like PCA for
dimensionality reduction, SMOTE for class balancing, and
hyperparameter tuning on model outcomes. Random
Forest provides the highest recall (94.0%), F1 (94.2%),
accuracy (95.0%), and precision (94.5%) measures against
all models. The results also show that by applying these
adaptations, Random Forest can be a powerful model.
SVM came second with an F1-score of 89.4%, recall of
89.0%, accuracy of 90.5%, and precision of 89.8%. The
KNN and Decision Tree were moderately well, with a
KNN accuracy of 88.0% and a Decision Tree of 86.5%.
Although both models still benefitted from the applied
optimizations, their performance fell slightly short of that
of Random Forest and SVM. This is reflected in the graph,
where ensemble methods, such as Random Forest, exhibit
better prediction performance when dealing with class
imbalance and  redundancy  issues.  Analytical
benchmarking of the predictive in coronary artery disease,
the effectiveness of numerous machine learning
algorithms is highly helpful.

Table 4: Shows an ablation study for the Random Forest
model that shows the effect of PCA SMOTE and
hyperparameter tuning on coronary artery disease

prediction performance metrics.

Configuration | Accura | Precisio | Reca | F1-

(Random cy n I Scor

Forest) e

Baseline (No | 83.0% 82.5% 81.0 |8L7

PCA, No % %

SMOTE,

Default

Hyperparamete

rs)

PCA Only 86.0% 85.5% 84.0 | 847
% %

SMOTE Only | 87.5% 87.0% 86.0 | 86.5
% %

PCA + | 90.0% 89.5% 88.5 | 89.0

SMOTE % %

PCA +|95.0% |945% |94.0 |94.2

SMOTE + % %

Hyperparamete

r Tuning

Ablation on the Random Forest model, with both PCA and
SMOTE, was progressively applied, and hyperparameter
tuning was used last in Table 4—progression from a
baseline (no optimizations) to optimal performance with
each combination of optimizations. Thus, PCA helps
achieve accuracy by eliminating redundant features, while
SMOTE removes the class imbalance, improving the
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Recall. After applying Hyperparameter tuning to optimize
the model, the model yielded the maximum Accuracy
(95.0%), Precision (94.5%), Recall (94.0%), F1-Score
(94.2%), and 96.5% ROC-AUC. This research emphasizes
the importance of integrating feature engineering, class
balancing, and parameter optimization for reliable and
robust predictions for disease detection.

Table 3 shows a noteworthy increase in recall with
SMOTE on its own as opposed to PCA on its own. This is
because SMOTE's primary purpose is to balance class
distribution so that the model can learn better from
minority class instances, thus increasing its positive actual
node in CAD cases. PCA is a dimensionality reduction
method, while other techniques are also used to improve
class balances. However, this is not the scope of PCA. In
isolation, PCA improves model efficiency and potentially
addresses overfitting but does not affect recall
performance as clearly without addressing the extreme
class imbalance of the data.

Ablation Study: Impact of Optimizations on Random Forest Performance
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Figure 9: Ablation study graph illustrating the impact of
PCA, SMOTE, and hyperparameter tuning on the
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performance metrics of the Random Forest model for
coronary artery disease prediction.

The results of the ablation study are illustrated in Figure 9,
with each of the metrics of the Random Forest model
reported as optimizations (defined below) are
incrementally introduced. The simple model without any
implicit or explicit optimization achieves reasonable
performance. PCA (principal component analysis) reduces
redundancy between features, which improves accuracy,
and SMOT addresses class imbalance, thereby improving
Recall even further. Hyperparameter tuning of PCA and
SMOTE vyields the best performance (95% accuracy and
the best values for all metrics) and significantly improves
the results. This highlights the need for holistic
optimization to obtain accurate predictions for CAD.

The ablation study shows that SMOTE, PCA, and
hyperparameter tuning can contribute cumulatively. The
baseline Random Forest model (no SMOTE, PCA, or
parameter tuning) gave us an accuracy of 88.5%, recall of
86.0%, and F1-score of 86.7%. The application of SMOTE
increased by around 3% in accuracy, 4.6% in recall, and a
3.5% increase in the F1 score, signifying that class
balancing pushed for a valid improvement in the model's
mutation to recognize cases of CAD. This further
improved accuracy and recall by around 1.7% while
eliminating feature redundancy by adding PCA. Lastly, the
application of hyper-parameter tuning brought the
performance metrics to an optimal level, achieving a total
gain of 6.5% in accuracy and 8% in recall concerning the
baseline. To ensure robustness, each experimental
configuration was repeated five times using different
random seeds, acquiring standard deviations of +0.6%,
+0.8%, and +0.7% for accuracy, recall, and F1-score,
respectively, confirming the stability of model behavior
across runs.

Table 5: Comparative analysis of our optimized Random Forest model with machine learning models from recent
studies, highlighting advancements through feature engineering and optimization techniques

Study/Model Accuracy | Key Highlights

Our Study (Random Forest) 95.0% Combines PCA, SMOTE, and hyperparameter tuning for superior
performance.

Ahmad et al. (2022) - Gradient | 93.08% GridSearchCV-optimized gradient boosting classifier for cardiac

Boosting [26] disease.

Benjamins et al. (2021) - XGBoost | 92.4% Combines clinical and computed tomography angiography data

[30] for improved CAD prediction.

Huang et al. (2022) - RF (with | 91.2% Uses Random Forest with coronary artery calcification scores and

CACS) [4] clinical factors.

Wang et al. (2020) - Stacking | 90.0% Two-level stacking machine learning model for non-invasive

Model [25] CHD detection.

Ahmad et al. (2021) - Logistic | 86.4% Logistic regression for CAD diagnosis, demonstrating

Regression [26] interpretability but lower performance.
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Table 5 compares our optimized Random Forest model
with other less successful ML models featured in recent
studies. Our model using PCA, SMOTE, and
Hyperparameter tuning outperforms all models tested,
including gradient boosting and logistic regression, with
95.0% accuracy. These results show how optimization
strategies can improve the performance of coronary artery
disease risk prediction.

5 Discussion

The primary cause of death worldwide is coronary artery
disease (CAD); there have been significant advances in
early & accurate prediction using machine learning (ML)
Approaches over the past few decades. These existing
techniques (e.g., Gradient Boosting [26], XGBoost [30])
have achieved remarkable performance. Yet, these
methods have several shortcomings: they do not always
adequately address imbalanced datasets, often lack
generalizability in different patient cohorts, and do not
provide interpretability of the prediction. Moreover,
although deep learning has demonstrated a promising
approach to CAD diagnosis, its high computational
overhead and data requirements limit its broader
applicability. This study highlights these gaps and
emphasizes the importance of new methods that balance
effectiveness, scalability, and interpretability. It addresses
these challenges by using an optimized Random Forest
model, which utilizes PCA for dimensionality reduction,
SMOTE for addressing class imbalance, and
GridSearvhCV ~ for hyperparameter tuning. Such
augmentations boost prediction accuracy but also ensure
robustness under different feature distributions. The
experiment results confirm the performance of the model,
with an accuracy of 95.0%, better than other existing ML
methods, including Gradient Boosting (93.08%) and
XGBoost (92.4%). This boosts performance thanks to
well-chosen features and optimizers. Since SOTA models
are often black-box, the interpretability aspect is addressed
using SHAP values, giving actionable insights on
features contributing to the outcome. The proposed
methodology bridges gaps in the literature by showcasing
that computationally lower-cost conventional ML models
can attain SOTA results if adequately tuned. Our research
provides a scalable and interpretable CAD prediction
framework suitable for deployment in clinical
applications. Our model outperforms previous state-of-
the-art approaches, as shown in Table 4. They reduce
dimension, so features are redundant, and noise also gets
eliminated, which helps overcome overfitting and
retaining helpful information. Unlike our method, other
models learn without focusing on feature optimization,
which guarantees only the most significant features are
leveraged for the prediction task as validated by SHAP.
Using SMOTE applies resolution to class imbalance and
enables balanced learning for minority classes, positively
affecting recall and F1 scores. Moreover, tuning the
hyperparameters of the Random Forest classifier using
GridSearchCV makes the entire framework more robust,
and compared to models like Gradient Boosting (accuracy
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holds at 93.08%) and XGBoost (accuracy holds at 92.4%),
this framework outperforms them.

Features like chest pain type, cholesterol level, and
maximum heart rate contribute significantly to model
predictions, as reflected in the SHAP interpretability
analysis. This understanding confirms clinical relevance
and enhances trust and transparency for real-world
implementation.  Yet, PCA ensured reasonable
computational feasibility at the cost of possible marginal
information loss, potentially discarding minor but
clinically explorable risk factors. We plan to investigate
alternative dimensionality reduction approaches and
ensemble strategies (e.g., stacking) to increase model
predictive power whilst maintaining interpretability.
Furthermore, it validates the model’s generalizability
through external validation using larger, multi-center
datasets across a heterogeneous population. Section 5.1
presents this study's limitations, which provide an
understanding and means of guiding future studies and
room for improved formulations of the proposed
methodology.

5.1 Limitations of the study

While the proposed study is very effective, it has some
drawbacks. Although feature engineering and optimization
techniques significantly increased model performance, not
using a straightforward ensemble approach like stacking or
boosting may further cap our efforts to enhance predictive
accuracy. Second, although the dataset used is extensive,
it may not represent the diversity seen in real-world
populations, which may limit the generalization of the
study results. Third, despite the added interpretability
afforded by SHAP values, being more interpretatively
helpful as a tool, exploring even more advanced
explainability frameworks better suited for clinical settings
may provide greater model transparency. Future work can
build on the proposed framework by addressing these
documented limitations.

6 Conclusion and future work

This study presents an Effective Prediction Framework for
the Random Forest Classifier of CAD, which addresses
some of the problems that the most advanced machine
learning models face, like class imbalance and feature
redundancy. The proposed method combining PCA for
dimensionality reduction, SMOTE for data balancing, and
GridSearchCV for hyperparameter tuning attained an
improved accuracy of 95.0%, which surpassed multiple
traditional machine learning methods. With the support of
request methods such as SHAP values, the interpretability
model shows practicality that is beneficial to the clinical.
The methodology shows robustness and scalability, but
some limitations remain, including the lack of explicit
ensemble strategies and validation on more diverse
datasets. In future work, you may experiment with
advanced techniques for ensemble learning, such as
boosting or stacking, to increase prediction accuracy.
Applying the model to larger, multi-center datasets will
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further strengthen its generalizability and relevance across
populations. Explainable Al frameworks can also be
tailored to clinical needs for greater transparency and real-
world trust in such deployments. Thus, this research
provides a substantial framework for CAD prediction that
offers a scalable and interpretable framework for further

pivotal

adoption into clinical decision-making and

personalized patient-centric applications using optimized
machine learning models.
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Public hospitals are in a position of growing economic pressure, and frugal resource management is
necessary. Unfortunately, most traditional cost forecasting models do not capture healthcare costs'
dynamic and non-linear nature. This paper offers a financial optimization framework based on Al with
Ensemble Machine learning techniques that are interpretable. This methodology identifies the data
preprocessing, feature engineering, and model training with the optimized Random Forest and XGBoost
algorithms and SHAP (Shapley Additive exPlanations) analysis for model interpretability. The results
report that generating our optimized XGBoost model led to an R2 score of 0.89, outperforming Random
Forest (R? = 0.88) and our baseline models. It also achieved a Mean Absolute Error (MAE) of 2502.36
and a Mean Squared Error (MSE) of 11230456.12, which is very high in predictive accuracy.
Interpretability is achieved using SHAP (Shapley Additive exPlanations) analysis, which identifies key
cost-driving factors such as smoking status, BMI, and age, enabling more transparent and informed
decision-making by stakeholders. With the framework, we present a scalable predictive budgeting and
decision-making solution in public healthcare institutions.

Povzetek: Analiziran je financni optimizacijski okvir za javne bolnisnice, ki uporablja izboljSane metode
strojnega ucenja (Random Forest in XGBoost) ter analizo SHAP za napovedovanje stroskov, povecanje
kvalitete in omogocanje bolj informiranega odlocanja.

shape decisions leveraging data-based insights [3]. Given
this, explainable Al (XAl) techniques such as SHAP

1 Introduction

Public hospitals facilitate delivering healthcare services to
various populations under enormous financial and
operational challenges. Following effective budgeting and
cost management, these institutions will be able to be
sustainable. However, static models and historical trend-
based traditional budgeting methods often fail to tackle
healthcare costs' dynamic and multi-faceted nature
effectively. Patient demographics, treatment modalities,
and resource utilization have become increasingly
complex; Machine learning (ML) and other data-driven
tools offer promising avenues for supporting complex
financial decision-making and cost management in
healthcare systems [1].

Recent advancements in artificial intelligence (Al)
and machine learning (ML) have promise for handling
healthcare cost prediction and budget optimization
problems [2]. Due to healthcare data's high
dimensionality and non-linearity, machine learning
models—particularly ensemble techniques—are well-
suited for uncovering hidden patterns that traditional
models may miss. By leveraging machine learning
models, we accurately forecast medical expenses,
revealing cost driver insights to allow policymakers and
operators to understand economies of scale better and

(Shapley Additive exPlanations) help increase the
interpretability of machine learning models so that the
insights derived are actionable and in line with public
health objectives [4].

While prior studies have explored the application of
Al and ML in healthcare cost prediction, their integration
into interpretable and scalable frameworks explicitly
tailored to public hospital budgeting remains limited.
Current  frameworks  often lack  scalability,
interpretability, or the ability to align with multiple data
sources. This study proposes a machine learning-
enhanced framework that achieves predictive accuracy
and actionable insights in response to these gaps. With
optimized ensemble learning models (Random Forest and
XGBoost) and SHAP analysis, the framework delivers a
robust method for intelligent cost accounting and
financial optimization in public hospitals.
Problem Statement and Research Objectives of this study
are as follows:

Weak, non-transparent and unproductive cost
estimation models adversely affect public hospital
financial planning. Healthcare cost drivers are complex
and non-linear, and traditional statistical models are
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inappropriate for treatment. As such, this study was to

design a transparent and accurate Al-driven framework

with Ensemble Machine Learning and explainable Al to
enhance public hospital budgeting. The following are the
research questions that guide this research.

e Can ensemble machine learning models (e.g.,
XGBoost, Random Forest) make better predictions
than usual models regarding hospital costs?

e Perhaps a budget planning application is the right
target for SHAP analysis to improve interpretability
and decision-making transparency.

e What healthcare-related features most drive hospital
costs, and can they be targeted as areas for policy
interventions?

Based on these questions, the primary objectives of this

study are:

e The first objective is to develop and optimize
ensemble-based ML models to predict healthcare
costs accurately.

e SHAP analysis is used to apply transparent feature
attribution.

e That is to assess the validity of the model's
application for decision-making in public hospital
budgeting.

The primary contributions of this research are as follows:

e Development of a Machine Learning-Enhanced
Framework: This study proposes a new framework to
predict healthcare costs using optimized ensemble-
based models (Random Forest and XGBoost), which
outperform because they handle non-linear
relationships in healthcare data.

e Integration of Explainable Al: The Framework also
includes SHAP analysis to increase the
interpretability for its stakeholders to pinpoint
smoking status, BMI, and age as key cost drivers.
That’s because it ensures the predictions are accurate
and actionable for decision-makers.

e Practical Applications in Budgeting and Policy
Development: We design the framework for a range
of practical use cases (e.g., forecasting healthcare
costs for budget optimization, public health policy
(e.g., smoking cessation programs), etc.) to allocate
hospital resources.

e Evaluation of Model Performance: Through rigorous
experimentation, the study shows that ensemble
learning models are also predictive, accurate, and
scalable in public hospital settings.

Despite the exciting advances in machine learning,
existing hospital cost prediction frameworks tend to be
scalable, interpretable and robust enough for financial
optimization in complex healthcare environments.
Furthermore, real-world hospital data is heterogeneous
and does not integrate ensemble learning with
explainability or align with it. This study describes and
validates a novel interpretable machine-learning
framework designed for public hospital budgeting to
address these restrictions. Using SHAP analysis with
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optimized ensemble methods (Random Forest and
XGBoost), the framework offers decision-makers
predictive accuracy and actionable insights. The research
also  contributes structured and domain-adapted
architecture and applies existing ML techniques to avoid
current gaps in cost prediction, explainability and
resource allocation.

The rest of the paper is structured as follows: Section
2: The Literature Review gives an overview of the work
on this topic and the gaps that this work aims to fill.
Section 3: The methodology provides the proposed
framework in full detail, from data preprocessing, feature
engineering, model development, and SHAP analysis for
explainability. Sections 4 and 5: Describe the
experimental setup and evaluate the performance of the
proposed models, giving qualitative and quantitative
descriptions and analysis of the results based on SHAP
analysis, respectively. Section 6: Discuss the practical
applications of the framework in budget optimization,
policy development, and resource allocation, along with
the issues and limitations worked through. Section 7:
Summary of Conclusions and Future Work presents the
main conclusions, new contributions, and practical
implications of the research and future tasks.

2 Literature review

In a healthcare system, operating costs have historically
presented a problem for management as complexity has
increased, moving towards adopting advanced data-driven
techniques for optimizing resources and having any
measure of basic cost accounting information. Public
hospitals have relied on traditional static models and the
manual processing of factors such as forecasting,
budgeting, and resource allocation in financial
management and budgeting. However, these methods
neglect the dynamic nature of healthcare costs. We are
beginning to develop intelligent frameworks for healthcare
financial management using artificial intelligence (Al) and
machine learning (ML), which demonstrated potential in
solving these challenges in recent studies.

Several studies have shown that healthcare costs often
exhibit non-linear dependencies on patient factors such as
age, comorbidities, and behavioural risks [5-7]. Machine
learning models, particularly ensemble methods like
Random Forest and XGBoost, have demonstrated superior
performance over linear models in capturing these
complex interactions in real-world healthcare datasets. For
the problem under consideration, the Ensemble learning
techniques Random Forest [8] and XGBoost [9] have
garnered much attention because of their simplicity and
higher accuracy. [10-13] have indicated that ensemble
techniques provide a better prognosis for healthcare costs
than conventional models based on linear regression,
especially in the presence of numerous explicative
variables or if the data set is unbalanced. Machine learning
algorithms such as XGBoost from the gradient boosting
models have been widely embraced in solving healthcare
data analytics problems [14] since they make accurate
predictions through multiple iterations and learning
procedures [15].
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Interpretability of results is one of the critical issues in
healthcare ML models due to the necessity of actionable
results to answer policymaking questions and guide
resource allocation [16-18]. With the growing adoption of
these Explainable Al (XAl) techniques (e.g., SHAP
(Shapley Additive exPlanations)), the challenge of
explaining Al has been solved [19]. If the lack of cost
control is a concern, SHAP solves this by allowing the
identification of cost-driving factors (e.g., smoking status,
BMI, and age.) SHAP is helpful for healthcare decision-
making by generating interpretable models that balance
predictive accuracy and explainability [20-23].

New Al-driven approaches are promising in
optimizing public health budgets by forecasting
healthcare costs based on patient demographics and
medical records [24]. ML-based predictions supported by
[25, 26] have enabled data-driven policy development, for
instance, targeted interventions for high-risk populations.
For example, predictive models can help reduce the cost
of smoking-related health care and are consistent with
larger public health goals, such as the reduction of the size
and costs of smoking cessation programs. In addition, ML
has also been used to direct the flow of hospital resources
so that funds and medical supplies are used to meet areas
of greatest need most effectively [27].

Although there is promise in exploiting Al-based
frameworks in public hospitals, many challenges persist
with their practical implementation [28]. More often than
not, ML models rely on the availability of high-quality
and comprehensive datasets that break into multiple
systems [29]. Scaling is another significant concern since
massive datasets require computationally intensive
algorithms and hardware [30]. For such frameworks to be
helpful, explainability has to be built into the models and
their usage of data, the fairness of their predictions, and
the interpretability of data points for the end users. These
criteria are being increasingly and tightly enforced in Al
in healthcare regulatory and ethical standards [31]. A
summary of key literature on ML for healthcare cost
forecasting is shown in Table 1.

Table 1: Summary of key literature on ML for healthcare
cost forecasting.
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Previous work that shows ensemble models such as
Random Forest or Gradient Boosting can be practical
when predicting healthcare costs suffers from the
drawback that they may lack transparency and
applicability to financial decision-making purposes.
However, as summarised in Table 1, most state-of-the-art
studies use synthetic or non-hospital datasets and do not
embed explainability techniques such as SHAP; they
focus only on classification tasks but not cost regression
tasks.

e The four critical limitations of prior studies discussed
in this study are as follows.

e ShAP for transparent cost attribution and lack of
model interpretability.

e Real-world budget applicability is absent by focusing
only on hospital budget optimization.

e  Our optimized XGBoost has a higher Rz than most
results in most previous studies.

e Our framework bridges a gap between predictive
modelling and health policy design by integrating no
policy integration — that is, by identifying actionable
cost drivers (e.g., smoking).

Gaps remain in integrating interpretability with
high accuracy in public hospital settings, and the existing
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literature has highlighted the potential of ML in
healthcare cost prediction and optimization. Although
numerous studies have applied machine learning to
healthcare cost prediction, relatively few have proposed
frameworks emphasizing scalability, interpretability, and
practical integration into public hospital financial
decision-making. Previous studies have presented feature
importance metrics from tree-based models or regression
coefficients. Still, such metrics are not internally
consistent across different model types or do not quantify
feature interactions. Interpretability in healthcare has
been attempted with techniques like the LIME (Local
Interpretable  Model-Agnostic ~ Explanations)  and
permutation feature importance; however, both methods
are relatively sensitive to data perturbations and might not
offer global insight. SHAP (Shapley Additive
Explanations) solves these by providing a unified,
theoretically grounded method for quantifying each
feature’s contribution to all model predictions. For such
frameworks to be helpful, explainability has to be built
into the models and their usage of data, the fairness of
their predictions, and the interpretability of data points for
the end users. These criteria are being increasingly and
tightly enforced in Al in healthcare regulatory and ethical
standards. The proposed research will address these gaps
by combining optimized ensemble models (Random
Forest and XGBoost) with SHAP analysis to provide

Normalize
Numerical
Features

Load Dataset
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robust, interpretable, and scalable
management.

In this paper, we concluded that the use of Al and ML
in public hospital budgeting is an area of this research that
is growing in interest and has excellent potential to
improve fiscal efficiency and patient care. The current
study complements the existing knowledge, establishing
a machine learning-empowered raising and learning
framework to predict the health care costs with a high
level of accuracy and to devise and apply actionable
insights to policy development and resource allocation.

intelligent cost

3 Proposed framework

The framework combines the optimized ensemble
learning techniques, Random Forest and XGBoost, for
accurate and interpretable healthcare cost prediction, as
shown in Figure 2. In this context, optimization primarily
involves hyperparameter tuning, which consists of
optimizing model parameters like learning rate, tree
depth, number of estimators, and regularization weights
through CV to obtain predictions with minimum error.
Generally, these adjustments are necessary to enhance the
generalization performance and decrease the overfitting,
especially for the Non-linear, High Dimensional

Healthcare Datasets.

Spiit Data into

TrainiTest Evaluate Models

Regression

Polynomial
Regression

SVM Regression

Random Forest XGBoost

Visualize Results

Feature Interpretability
Analysis

Figure 1: The Workflow of the Proposed Framework consists of data preprocessing, model evaluation, and
optimization steps for intelligent cost accounting and financial optimization in public hospital budgeting.

The rationale for Model Selection: Based upon the
documentation of their ability to handle high dimensional,
non-linear data common in healthcare cost modelling,
Random Forest and XGBoost are good choices. The
aggregation and boosting mechanisms are used to reduce

bias and variance (XGBoost) or variance (Random Forest).
They are less computationally power intensive and less
time-hungry to train, yet with better interpretability than
neural networks. Unlike SVMs, which suffer from
categorical variables and, more importantly, require kernel
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tuning, Random Forest and XGBoost have natively
supported mixed data types and feature importance
measures without kernel tuning. In addition, both models
are well suited for post hoc explanations of predictions
using SHAP analysis, which is essential for trust in
healthcare finance.

Let the dataset D consist of n observations and m
features:

D ={X_iyid]|i=12..,n} (1)
where X; = [x;1, Xi2, .-, Xim |, IS the feature vector of the

i — th observation, and y; € R is the corresponding target
value (e.g., total expenditure). The feature matrix is
denoted as:

X =[X{,X7,...,X7]" € R™™ (2

To normalize the numerical features, each feature, x;;,
is transformed as:
r_ Xy

®)
where, u;, is the mean of the j — th feature. g;, is the

standard deviation of the j —th. The dataset is split into a
training set, D,i, and a testing set, D, such that:

Dtra]‘n U Dtest =D and Dtrain n Dtest = Q)
4)

Data Preprocessing Details: The dataset had been
processed before being exposed to the data. Z score
thresholds (> 3 or < — 3) were used to identify outliers in
continuous variables (e.g., BMI, age and cost) and skewed
them without data deletion using winsorization. The
dataset did not include missing values. One-hot encoding
was used to encode categorical variables (e.g., sex,
smoker, and region) to preserve the category information
and make them compatible with tree-based models. No
ordinal assumptions were imposed. In particular,
numerical features have been standardized to facilitate
convergence during optimization using  z-score
normalization (i.e., normalized to have a unit scale). The
data was split into training and testing with an 80:20 ratio
to have a representative sampling over categorical strata
(stratified sampling by smoker status and region). All
models were split this way so that cross-performance
comparison remains fair. Cross-validation (5-fold) was
also used in the training set to find the values of
hyperparameters and avoid overfitting.

Gradient Boosting involves the sequential training of
weak learners h,(X) to minimize the loss function
L(y, f(X)), where f(X), is the ensemble model:

fX) = Z£=1 ache(X) ®)
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Here, T is the total number of iterations, a; is the learning
rate, h.(X), is the t — th weak learner (a decision tree in
this case).

The objective is to minimize the loss function,
L(y, f(X)), defined as:
Ly, f(X)) =2 Wy fXD) + Q) (6)

Where, I(y;, f(X,)), is the loss for a single prediction,
typically Mean Squared Error (MSE) or Mean Absolute
Error (MAE):

2
(i fXD) = 22 (v — F(XD) )
Q(f), is a regularization term to prevent overfitting:
Q) = YT + A2 | w2 (®)

Where Q and y are hyperparameters controlling
regularization and w,, represents the weights of the weak
learners.

In each iteration t, a weak learner h.(X), is fit to the
negative gradient of the loss:

S (xw)
i af (X

9)
FX)=ft-1(X)

where 1y, is the pseudo-residual for the i — th observation
at iteration t. These residuals represent the gradient of the
loss function and guide each learner in correcting previous
errors.

The model is updated as:
f[i(X) = feoa (X)) + achy (X)
3.1 Hyperparameter optimization

(10)

The key hyperparameters optimized include:

e q: Controls the contribution of each weak
learner.

e Number: Total number of iterations.

e Maximum Depth d: Depth of each decision
tree.

e Subsample Ratio p: Fraction of samples used
for training each tree.

e Regularization Parameters 4, y:Control model
complexity.

The optimal parameters are determined using cross-
validation to minimize validation loss:

m@inLvly, f(X;0) (11)

Where O represents the set of hyperparameters.

Feature importance I;, for each feature x;, is derived using
techniques such as SHAP (Shapley Additive exPlanations)
or the feature gain in trees:

_ 3T, Gainj,
Iy = »T_, Gaing (12)
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where Gain; . is the improvement in the loss attributed to
splits on x;, in tree t.

The models are evaluated using metrics such as:

1) Mean Absolute Error (MAE)
1 ~
MAE = —¥iL,ly; = 7l (13)

2) Mean Squared Error (MSE)

W. Yao et al.
MSE = >3, (i — )2 (14)
3) R-squared (R?)
T ()2
R2 — 1 _ 21=1(YL 3/1,) (15)
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Figure 2: Medical cost dataset correlation heatmap of linear relationships between numerical features with strength
and direction.

4 Experimental framework

The experimental setup was carefully designed to build a
machine learning framework for predicting cost and
financial efficiency in public hospital budgeting, using the
data set provided and state-of-the-art method for model
development, model evaluation, and optimization:

4.1 Dataset description

This study uses a complete collection of medical and
demographic records designed to predict individual
healthcare costs. The data contains 1388 entries with eight
features with numeric and categorical variables (e.g., age,
BMI, smoking status, and so on, as shown in Table 2). It is

well structured and without missing values in the dataset,
so it can be used for machine learning applications. The
correlation analysis in Figure 2 highlights the strength and
direction of linear associations between numerical features
and medical costs, such as moderate positive correlations
with BMI and age. Yet, correlation doesn’t imply
prediction and, more importantly, the machine learning
models have greater power when non-linear interactions
are better captured than probabilities, which we validate
further with SHAP. Through the development and testing
of cost prediction models, this dataset is a perfect starting
point.

Figure 2 visualizes the pairwise co-variations of the
Medical Cost Dataset’s variables such as "Id," "age,"
"bmi," "children," and "cost" with a correlation heatmap.
The heatmap is a gradient colour scheme, where more red
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(darker) indicates stronger positive correlations, and more
blue (dark) indicates more negative ones. And where "age"
and "cost" show a moderate positive correlation (0.30),
"bmi" and "cost" do so to a lesser degree (0.20). However,
other variables, such as 'children’ and 'cost,' show weak
correlations, meaning they have a small direct effect. This
heatmap helps visualize how strong and how many of these

relationships are in this dataset.

Table 2: Summary of the dataset variables used in the
analysis, including their description, data types, and
respective ranges or possible values.
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5 Result and analysis

Besides ensemble methods, the framework also evaluates
baseline models (Multiple Linear Regression, Polynomial
Regression (Degree 2), and Support Vector Regression
(SVM)) as comparative benchmarks. These models are
used as examples to include the added value of non-linear
methods while modelling more complex cost behaviours.

Feature | Descriptio | Data Type | Range/Value | The relative performance gap of their solution to the
Name n S performance of data-driven approaches on the same
Id Unique Integer 1101338 problem was assessed using the same consistent evaluation
identifier metrics (R and MAE) and depicted through prediction
for each error plots and mean absolute error distributions. The
record analysis shows that ensemble learning models, especially
age Age of the Integer 18 to 64 their optimized counterparts Random Forest and
individual XGBoost, perform best in accurately predicting hospital
(in years) costs, as shown in Table 4 and Figure 4. The optimized
sex Gender of Categorica ‘male’, parameters of the proposed framework are given in Table
the I ‘female’ 3.
I(.nnﬂgll:.j,ual Table 3: Optimized parameters for the proposed
‘female’) framework.
bmi Body Mass Float 15.96 to 53.13 Model Parameters
Index, a
measure of Ranqlom Forest mgx_depth: 10;
body fat (Optimized) m!n_samples_leaf: 4;
based on mm_gamples_spllt: 10;
height and n_estimators: 100.
weight . o
childre | Number of Integer 0to5 XGBoost (Optimized) f]uzss?irrmglt%rsl'g,oo'
n children max depth: 3 '
ﬁg;’ﬁ;ed by learning_rate: 0.05;
. colsample_bytree: 1.0.
insurance
smoker | Smoking . yes, no Finally, we computed 95% Cls for R2 and MAE
status of the | Categorica . . .
individual | values_ on t_he test set using bootstrap resampling with
('yes', o) 1,_000 iterations. For the XGBoost model, the RZ was 0.89
region Resioiential Categorica ‘northeast with 95% CI [0.87, 0.91]_ and MAE 2502._36_W|th 95% ClI
region | 'northwest', [2310.75, 2703.48] Against this, the optimized Random
. . , ) Forest had an Rz of 0.88 and 95% CI in [0.85, 0.90] and
,(”Omheasﬂ' ,SOUtEeaSt', MAE = 2651.92 with 95% CI in [2457.13, 2870.66]. We
,gggih\é\fi’ southwest performed a paired t-test on MAE values across cross-
'southwesf‘) val!datlon folds to de_termlne the statistical s_lgn_lflcance of
- their performance difference. The results indicated that
cost Medlcal Float 1121.87 to XGBoost is significantly better than Random Forest (p <
::r(l)ssl:rance 63770.42 0.05). Our findings confirm that these differences in

performance are statistically and statistically significant.
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Table 4: Performance metrics (R? values) for the
optimized models: random forest (optimized) and
proposed optimized XGBoost.

Model R2 Value
Random Forest 0.88
(Optimized)

Proposed Optimized 0.89
XGBoost

090 Performance Metrics (R? Values) of Optimized Models

R? Value

0.86

0.85
S
%GB0
4 Opumﬂed
and® propos®

Figure 4: Bar chart illustrating the performance metrics
(R2 values) of the optimized models: XGBoost (Proposed
Optimized) and Random Forest (Optimized).

The Proposed Optimized XGBoost achieves the highest
predictive accuracy in the proposed machine learning
framework for public hospital budgeting.

In the study, the proposed method aims to predict the
healthcare cost for public hospital budgeting with
increased accuracy by optimizing two ensemble learning
models, Random Forest and XGBoost. The optimal
hyperparameters for the Random Forest model consisted
of a maximum depth of 10, the minimum number of
samples to leave per leaf node, a minimum number of
samples needed to split a node, and 100 estimators. In the
case of the XGBoost model, the optimization was a 1.0
subsampled ratio, 200 estimators, maximum tree depth of
3, learning rate of 0.05, and column sample by tree ratio of
1.0. Cross-validation was used to tune hyperparameters for
both models to reduce validation loss and better generalize
and achieve predictive performance.

It turns out that the Optimized XGBoost and the
Optimized Random Forest achieved nearly identical
performance on the R2 score; each R2 score was 0.88, and
the latter was 0.89. It implies that the performance
difference is marginal and that both ensemble methods are
apt for this task. In comparison to Random Forest, its R?
value is more significant. Both XGBoost models have
close R2 differences between the ones and the other, which
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fits XGBoost's known ability to learn non-linear patterns
and capture that in small or structured data. Although this
does not conclusively demonstrate that Random Forest is
superior to the same in this context, there is a good reason
to want to test further.

As the Random Forest model showed outstanding
performance bleeding into trees’ averaging, the advanced
gradient boosting XGBoost model managed to process the
intricate patterns of the dataset better.

The hyperparameter tuning was instrumental in
bringing the baseline performance of both models to the
best possible level, indicating the importance of tuning to
achieve a high predictive accuracy. These results
demonstrate that the proposed model, optimized XGBoost,
is a better option for public hospital budget forecasting
owing to better predictive accuracy and its capability to
manage the complexity of the data in healthcare costs. The
contribution of this study has thus been to show how
ensemble learning techniques and robust optimization
strategies can transform financial decision-making in
public healthcare systems.

5.1 Actual versus prediction values of
proposed framework models

This section examines comparisons between predicted and
actual values for different regression models for predicting
hospital costs, emphasizing the accuracy and reliability
with which the regression models predict hospital costs.
The evaluation process concentrates on the effectiveness
of the proposed optimized Gradient-boosting methodology
in decreasing deviations and improving predictive
performance.

Figure 5 shows the predicted vs actual values for
various regression models, and each plot shows the
accuracy of the respective method. The pattern of multiple
linear regression around the diagonal indicates that it is a
poor predictor of the dependents. A tighter clustering along
the diagonal for Polynomial Regression (Degree 2)
indicates improved performance via non-linear modelling.
While SVM Regression can capture patterns, significant
deviations exist for higher actual values than predicted.

Compared with the diagonal, we find that ensemble
methods, such as Random Forest(Default), provide better
alignment, i.e., more accurate predictive accuracy.
XGBoost (Default) further refines this alignment by
closely predicting actual values. The Proposed Optimized
XGBoost model also has a tight clustering along the
diagonal line, which indicates the least deviation and
almost the best predictive performance. It demonstrates
that the optimization process effectively helps it achieve
hospital cost forecasting.
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Random Forest (Default) - Predictions vs. Actual
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XGBoost (Optimized) - Predictions vs. Actual
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Figure 5: Predictions vs. actual cost (USD) for (a)
Multiple Linear Regression, (b) Polynomial Regression
(Degree 2), (c) SVM Regression, (d) Random Forest
(Default), (e) Random Forest (Default), (f) XGBoost
(Optimized), and the (g) Proposed Optimized XGBoost.
The Proposed Optimized XGBoost demonstrates the best
alignment with the diagonal, reflecting the highest
predictive accuracy and minimal deviations among all
models.

5.2 Residual distribution of the proposed
framework models

This section then analyzes the residual distribution of
different regression models applied in the presented
framework to understand errors in prediction and patterns.
This paper uses the Proposed Optimized Gradient
Boosting Methodology to analyze the models' error
reduction capacity. Figure 6. shows residuals around zero
(i.e., how accurate and biased the models are).

Different regression models are compared against
each other through the distribution graphs of residuals.
Residuals of Multiple Linear Regression show a wider
spread, indicating more significant prediction errors.
Polynomial Regression (Degree 2) reduces the spread,
reflecting its ability to model non-linear relationships.
Looking at the distribution of SVM Regression, we
observe a skewed distribution along with significant
outliers, implying that SVM Regression might not be able
to handle complicated relations.

Improved accuracy is found in Random Forest
(Default), with a more concentrated residual distribution.
Further improvement is made by XGBoost (Default), with
most residuals close to zero. Finally, the Proposed
Optimized Gradient Boosting Methodology (Optimized
XGBoost) had the narrowest spread and the lowest spread
around the mean, indicating little error and good predictive
accuracy out of all models. Thus, optimization has been

W. Yao et al.

shown to reduce prediction errors and improve model

performance.
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Random Forest (Optimized) - Residuals Distribution
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XGBoost (Optimized) - Residuals Distribution
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Figure 6: Residuals distribution of various regression
models Proposed framework, including Multiple (a)
Linear Regression, (b) Polynomial Regression (Degree
2), (c) SVM Regression, (d) Random Forest (Default),
(e), Random Forest (Optimized), (f) XGBoost (Default),
and the (g) Proposed Optimized XGBoost, showcasing
progressive improvements in error reduction, with the
Proposed Optimized XGBoost achieving the most
symmetric and narrowest residual distribution, reflecting
superior predictive accuracy.

5.3
models

Comparison proposed framework

The values of R2 presented in Table 5 and Figure 7 show
the additional performance enhancements when non-linear
modelling and hyperparameter optimization are done.
Multiple Linear Regression returned the lowest R2 score
(0.73) expected, as its ability to solve such complex, non-
linear relationships in healthcare cost data is limited. This
performance was modestly improved (R2 = 0.79) using
non-linearity in the Polynomial Regression, though global
polynomial assumptions still constrained it.

The R2 of the SVM Regression model is 0.81,
which outperforms the models we tested based on the
outcome of the dataset but underperformed when tested on
other data sets. All models (R2 = 0.85) were superseded by
Random Forest (Default) and XGBoost (Default)
performing (R2 = 0.85 and 0.86, respectively), and this
outcome is attributable to the capacity of Random Forest
(Default) and XGBoost (Default) to discover feature
interactions and different responses.
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Optimized Random Forest brought the most
gains, as it produced an R2 of 0.88, while Optimized
XGBoost was slightly better than it with R? of 0.89.
Although the performance gap between the two optimized
ensemble models is on the order of 0.01, the resulting
difference and the decreased residual error (as shown in
Fig. 5) indicate an advantage of gradient boosting’s
sequential error correction. The slight difference suggests
that both methods are viable, and perhaps the final
compromise would be performance, training efficiency,
interpretability, etc.

Table 5: Comparing performance metrics (R? values) of
the proposed framework with other models, including
Multiple Linear Regression, Polynomial Regression, SVM
Regression, Random Forest (Default), and XGBoost
(Default)

Model R2? Value
Multiple Linear Regression 0.73
Polynomial Regression 0.79
SVM Regression 0.81
Random Forest (Default) 0.85
XGBoost (Default) 0.86
Random Forest (Optimized) 0.88
Optimized XGBoost 0.89

Proportion of R? Values for All Models

Proposed Optimized XGBoost

XGBoost (Default)

Multiple Linear Regression

Polynomial Regression

Random Forest (Default)

SVM Regression

Figure 7: Distribution of R2 values throughout the
proposed framework made proportionally. For each
model, the relative predictive accuracy is illustrated, and
the Proposed Optimized XGBoost achieves the best
performance, after which the following model, Random
Forest (Optimized), comes next.

The Optimized Gradient Boosting Methodology
enhances performance in predicting public hospital costs.
The comparison of R? .In scores across several models,
the implications of using advanced ensemble techniques
and optimization strategies are demonstrated. Following
that, we ran Multiple Linear Regression, achieving an R?.
With a score of 0.73, it is limited in finding complex
factors driving healthcare expenditure data since it
assumes relations are linear. The addition of model

Random Forest {Optimized)
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flexibility through Polynomial Regression increased
performance to 0.79, partly due to improved accuracy by
exploiting the non-linear relationship between the
variables.

Additional machine learning models made further
advances in predictive accuracy. SVM Regression
achieved an R?. It benefits from its ability to model non-
linear patterns and has a score of 0.81. These traditional
approaches were outpaced by Ensemble methods, with
Random Forest (Default) showing a very impressive R2.
The strength of ensemble learning on feature interaction is
reflected in the score of 0.85. The Random Forest model
was further optimized R2. It proves the value of improving
predictive performance with hyperparameter tuning,
reducing this score to 0.88.

The XGBoost (Default) slightly outran the default
Random Forest with an R?. The gradient boosting
framework achieves superior accuracy at a score of 0.86.
However, the Optimized XGBoost achieved the highest
performance and was able to deliver an R? With a score
of 0.89, this also becomes the best-performing model. We
attribute this improvement to advanced hyperparameter
optimization, which improves things like learning rate,
tree depth, and regularization parameters, which makes the
model better to generalize.

These results can have substantial implications for
hospitals' budgeting. In particular, the optimized ensemble
models show very high predictive accuracy, which renders
them excellent intelligent cost accounting and resource
allocation tools. Our results show the criticality of model
optimization and the capability of gradient-boosting
algorithms to deal with complex, non-linear relationships
in healthcare data. Finally, the Proposed Optimized
Gradient  Boosting  Methodology  introduces a
revolutionary approach to deploying data to optimize
financials and make intelligent choices so that public
hospitals can use this methodology at their doorsteps.

The XGBoost model is applied over boosting rounds,
Random Forest is applied over the number of trees, and
training and testing R2 scores for both are shown in Figure
8. With XGBoost (Figure 8a), we get a rapid boost in R2
until about 100 iterations; after that, everything levels off,
so we can say that it converged. The R2 curves can be
slightly different after 200 rounds between training and
testing, which implies minor overfitting, but this was
overcome by applying early stopping. The training and
testing curves from Random Forest (Figure 8b) stop
stabilizing after about 80 trees. It may be overfitted due to
a randomized construction of the trees and the use of the
regularization parameters (e.g., min_samples_split). We
know these trends support ensemble methods' robustness
and stability as much as the tuned XGBoost.
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Figure 8a: XGBoost - Training vs. Testing R? over Boosting Rounds
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Figure 8b: Random Forest - Training vs. Testing RZ over Number of Trees
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Figure 8: Training vs Testing R scores for the
optimized models. Figure 8a shows the XGBoost model
converging after ~150 boosting rounds with slight
overfitting mitigated by early stopping. Figure 8b
displays the Random Forest model stabilizing after ~80
trees, indicating minimal overfitting and robust
generalization.

5.4 Interpretability with SHAP analysis

In Figure 9, three SHAP visualizations provide the
interpretability of the optimized XGBoost model. The
SHAP summary plot, which figures out the essential
features of the model by sorting them out based on how
much they contribute to the model output in its training
data (shown in Figure 9a), shows features by their impact
on the model’s production in the dataset. It is not an
absolute contribution value but shows the direction and
relative magnitude of influence a feature has on a
prediction. An advantage of using SHAP values for
identifying features that tend to affect cost predictions
heavily is that SHAP values for features such as smoking
status, BMI, and age contain the highest lowering and
raising ranges, indicating these features often lead to
positive or negative effects on cost predictions. Figure 9b
displays the graph of BMI as a model input with a non-
linear relationship, meaning that lower values don’t
influence that much, while higher values increase cost. As
mentioned above, the plot also depicts an interaction with
smoking status based on color encoding. A smoking status
dependency plot (Figure 9) shows that those with SHAP
values that tend to increase predicted costs in the sense
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they are more likely to be smokers in the real world tend
to be higher. These plots point out that while smoking
status certainly has a strong directionality, BMI and age
have less sharp and more gradual, non-linear increases,
pointing out the model's power to handle more complex
cost-driving patterns.
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Figure 9: SHAP analysis results of the Proposed
Optimized Gradient Boosting Methodology. Similarly, at
the top (a) is the SHAP summary plot indicating the
impact on cost prediction by the features. Our SHAP
dependency plot (b) displays the non-linear relation
between BMI and costs and the interaction of the smoker
feature.

6 Discussion

This research finds the potential of artificial intelligence
and machine learning in transforming public hospital
budgeting. The Optimized Gradient Boosting Method
outperforms the predictive results, although the optimized
XGBoost model obtains an R?.

It involves running several regression analyses and
looking at our results: Our optimized ensemble models
(Random Forest and XGBoost) exhibit better predictive
accuracy than traditional regression approaches, and the
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XGBoost model is at R2 of 0.89. Compared to other
machine learning methods that are tested (e.g., SVM and
standard ensemble models), this is a modest improvement.
Still, it does provide proof of the principle that
hyperparameter searching and ensemble models have the
potential to capture implicit, complex relationships
between cost drivers. It is consistent with what is known
about healthcare cost modeling in the literature, where
often ensemble learning is preferred due to its ability to
handle  non-linearity and  feature interactions.
Nevertheless, these performance differences in this study
were incremental, and the model selection must also
include interpretability, computational efficiency, and
implementation context.

In addition, this study is essential for integrating SHAP
analysis, which stains transparency by attributing model
predictions to each feature on a per-patient basis. Since the
interpretability of this model means that decision-makers
can now understand how such variables as smoking status
or BMI affect cost prediction, they will be able to buy
plans more easily. SHAP analysis showed smoking status,
BMI, and age to be the most impactful factors in healthcare
costs. The findings provide information for designing
targeted health interventions (e.g., smoking cessation
programs), deciding where to allocate scarce resources to
the high-risk demographic, and how to stratify the costs for
high-risk populations, making the insights useful for
budget planning and designing policy. This interpretation
ensures accuracy and transparency, builds trust among the
stakeholders, and guides data-driven policy development.
For example, knowing that smoker status is a very
significant cost driver can help design targeted smoking
cessation programs that are consistent with public health
objectives and financial objectives.

This framework goes beyond forecasting individual
healthcare costs, and this can also be applied to policy
interventions on islands that consume cost drivers as
identified by the model. For instance, SHAP analysis
insights may help hospitals detect that smoking status is a
significant cost driver and, based on this, develop or target
a particular smoking cessation program to high-cost
patient segments. In addition, the model applies to flag
patients with an elevated BMI to help initiate prevention
treatments aimed at reducing  obesity-related
complications. On the hospital finance team's
administrative level, risk-adjusted budget allocation
strategies can be designed according to region, age group,
or behaviour risk factor that aligns with the anticipated cost
impact. It can be done during implementation through
integration with existing hospital-ERP systems or as a part
of the BI dashboard, which will periodically train on
updated patient data.

Our optimized framework is competitive (and in many
cases better) relative to prior studies using machine
learning to predict healthcare costs. It is shown in Table 1
(from Literature Review) that existing models such as
Random Forest, gradient boosting or other commonly
employed methods often report R? values between 0.78
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and 0.86 on real-world healthcare datasets (e.g., Vimont et
al., Mazumdar et al.). Our optimized XGBoost model,
however, showed the Rz of 0.89, MAE of 2502.36 and
minimal residual variance among tested models. This
improvement can be attributed to deep hyperparameter
optimization, the addition of domain-relevant features, and
the importance of calibration of the SHAP feature.

From a residual analysis viewpoint, our framework has
a tight-centered error distribution with minimal skewness,
indicating robust generalization. Traditional models such
as linear regression, when used to have its residual
distribution, had wider variance, especially at the higher
cost levels—at this point, these models proved unable to
capture the non-linear interactions every day in healthcare
spending patterns.

It is partly because our model can balance model
complexity with interpretability. Using SHAP analysis, we
increased the prediction's transparency—how the model
predicts—and verified the feature importance rankings and
validated them with empirical and domain-specific
evidence.

SHAP analysis showed that the most influential
predictors of healthcare costs were smoking status, BMI,
and age. These findings agree with what is already known
about public health.

e SHAP values of the effects proved to be the most
critical factor on cost, with smoking status showing
the most substantial positive influence. It is to be
expected since smoking is known to be a well-known
risk factor for chronic diseases such as cardiovascular
and respiratory conditions, which substantially
increased healthcare utilization. Additionally, this
variable had a binary nature that led to model clarity
and decision boundaries.

e BMlI is important because it is a surrogate for obesity-
related complications, such as diabetes and orthopedic
conditions. In SHAP, dependency plots exhibited a
non-linear, threshold-based cost escalation for BMI >
30, as would be expected given obesity classification
thresholds.

e There was a moderately and steadily increasing cost
as with age. On the other hand, while the effect of age
was linear, unlike smoking or BMI, the model could
estimate it using only linear interaction terms rather
than complex interaction terms.

There were other features — such as number of
children, region, and sex — that had comparatively less
impact. Still, scattered SHAP values showed weaker or
inconsistent influence on the predicted cost outcomes.

This study is aware of some of its limitations despite its
successes. As with the availability of high-quality,
comprehensive datasets, the accuracy and scalability of the
framework require a solution to some of the issues.
Ensemble models can also impose computational demand,
especially for optimization, with potentially prohibitive
costs in resource-constrained settings. In addition to
natural world hospital systems, such frameworks must be
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integrated while addressing data privacy requirements and
making ethical decisions transparent.

Scalability: The manuscript acknowledges scalability as
a challenge, but numerous strategies exist to scale beyond
the experiment. If you have large datasets or a multi-
hospital system, distributed computing frameworks like
Apache Spark or Dask can run distributed data prep by
dividing up pieces of your data or models to train them in
parallel. In addition, the proposed framework is also fully
compatible with cloud-based ML platforms (e.g., AWS
SageMaker, Google Vertex Al), which offer auto-scaling
infrastructure and a managed environment for model
deployment. In future work, federated learning techniques
may be explored to support multiple institutions such that
model training is feasible from decentralized data silos
without sacrificing privacy. Such strategies make it
possible to keep the framework up-to-date and productive
with the institution's growing data volume and size.

Finally, this work provides a firm foundation to utilize
machine learning to optimize public hospital budgeting.
The Proposed Optimized Gradient Boosting Methodology
is a hybrid methodology of predictive accuracy,
interpretability, and practicality to create a robust
architecture of intelligent cost accounting and financial
optimization. Avenues for future work include expansion
of coverage in the scope of the dataset, scalability, and
evaluation of the framework's impact in the real world in
the hospital setting. If this proposed methodology can
tackle these challenges, it might revolutionize financial
management in public healthcare by improving resource
allocation efficiency and patient care outcomes.

Practical Implications: The proposed framework
provides a reasonable basis for implementation into actual
hospital systems, requiring only modest infrastructures
such as mid-range dedicated servers, cloud-based
platforms, or standard Python environments, such as the
Docker-provided ones. All tools (XGBoost and SHAP) are
open source and do not require additional software. Data
preparation, model training for the first time, and short
workshops for staff are the most critical implementation
costs, and the initial costs are estimated between $15,000
and $50,000, depending on the hospital scale. It is flexible
enough to be compatible with secure on-premise systems
to address data privacy concerns. It can be brought into
these existing ERP or Bl systems for risk-adjusted
budgeting and policy decisions. It is a sustainable data-
driven hospital financial management tool because it is
adaptive to local data sets and scalable through periodic
retraining.

Ethics and Privacy: This study is bound to observe data
privacy and ethical standards rigidly. All the data that we
have used in our dataset was fully anonymized, with no
personally identifiable information in it at all. However, in
real-world hospital deployments, they must implement the
necessary data governance framework according to
HIPAA, GDPR, or other local regulations. The list of
things included in this is data encryption, access controls,
secure storage, and role-based permissions. Secondly, the
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proposed framework is compatible with institutions’
existing infrastructure. It retains its control over patient
data since institutions do not have to give up control over
their patient data by sharing it with third-party clouds. In
addition to providing transparency in model output
interpretability and guaranteeing ethical Al deployment in
health care, SHAP analysis integration is also addressed.

7 Conclusion

This thesis proposes an interpretable machine learning
framework for public hospital budgeting that balances an
interpretable model and budgeting practicality through a
combination of predictive model explanations. The
framework optimizes ensemble methods, of which
Random Forest & XGBoost are good examples, along with
SHAP analysis to obtain correct forecasting of healthcare
costs and the ability to clarify key cost drivers (e.g.
smoking status, BMI, etc) about the patients. The term'
hybrid' reflects the integration of model performance with
stakeholder-relevant interpretability. In contrast, the
framework's architecture comprises modular steps such as
data preprocessing, model training, hyperparameter
tuning, and SHAP interpretation. Practicality is achieved
by practising the use of open source tools, minimal
infrastructure  requirements, and compatibility of
infrastructure with existing hospital 1T. While the
performance gains over baseline models are small, the
interpretability and operational relevance of the
framework enables its use to guide focused interventions
and resource planning. For instance, hospitals could apply
the insights to back preventive care efforts for high-risk
populations or allocate funds according to the risk-
adjusted budget. Future work will investigate distributed
learning approaches that would scale the framework to a
larger, multi-hospital dataset and apply an existing policy
impact method to real-world policy impacts in healthcare
settings. However, further studies are needed to evaluate
long-term outcomes and improve Financial Management
decisions in the hospital regarding cost forecasting using
Explainable Al together with ensemble learning.
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This study aims to evaluate the performance of the hybrid model based on ARIMA and LSTM in stock
market forecasting and compare it with multiple traditional models to verify its superiority in dealing with
complex nonlinear relationships and long-term dependencies. In terms of methodology, we preprocessed
the raw data comprehensively. First, we used a time series-based interpolation method to fill missing
values to ensure data integrity. Then, to make the data meet the model input requirements, all numerical
data were normalized and scaled to the [0, 1] interval. In terms of data set division, the data was divided
into training and test sets in a ratio of 80:20 to train and evaluate model performance. At the same time,
we used correlation analysis and principal component analysis (PCA) for feature selection, retaining
features that are highly correlated with stock market fluctuations, such as historical stock prices, trading
volumes, GDP growth rates, inflation rates, etc., and PCA was used to reduce the dimension of features
to reduce data redundancy. For the LSTM model, we constructed a network structure with 3 hidden layers.
Each hidden layer contains 128 neurons, and ReLU is used as the activation function to enhance the
nonlinear expression ability of the model. During training, the Adam optimizer was used, the learning
rate was set to 0.001, and the batch size was 64. In addition, to prevent overfitting, a Dropout layer was
added between the LSTM layers, and the Dropout rate was set to 0.2. In the result analysis, we used the
Wilcoxon signed rank test to compare the results of the hybrid model with other traditional models to
evaluate the statistical significance of the improvement. The results show that under the 95% confidence
interval, the evaluation indicators (MSE, RMSE, R2, MAE) of the hybrid model have significant
advantages over the traditional model, further proving the effectiveness and reliability of the hybrid model
in stock market forecasting.

Povzetek: Opisana je integracija metod ARIMA in LSTM v hibridnem modelu za napovedovanje borznih
trgov. Zdruzuje linearno analizo ¢asovnih vrst z globokim ucenjem, izboljSuje natancnost napovedi in
prilagodljivost modela pri obvladovanju kompleksnih nelinearnih odnosov ter dolgorocnih odvisnosti.

Introduction

methods can provide a preliminary judgment of stock

As an important part of the global financial system,
the stock market involves a large amount of capital
flows and complex economic activities. The interaction
of its price fluctuations, trading volume changes, and
other factors makes stock market predictions extremely
complex. Investors and institutions rely on market
forecasts to make decisions, which in turn affects stock
price changes and ultimately affects the overall stability
of the economy. In recent years, with the rapid
development of information technology, especially
driven by big data and artificial intelligence
technologies, the market demand and expectations for
stock price predictions have continued to rise [1].

Traditional stock market analysis methods mostly
rely on fundamental analysis and technical analysis.
Fundamental analysis focuses on factors such as the
company's financial health and market environment,
while technical analysis uses information such as
historical stock prices and trading volumes to perform
pattern recognition and trend prediction. Although these

trends to a certain extent, due to the complexity of the
market, relying solely on these methods often cannot
provide accurate prediction results [2].

Traditional stock market analysis methods mostly
rely on fundamental analysis and technical analysis, which
can provide preliminary judgments for stock market
forecasts to a certain extent. However, as the complexity
of the market increases, it is often difficult to obtain
accurate forecasts by relying solely on these methods. In
recent years, time series analysis and machine learning
techniques, especially deep learning, have shown great
potential in stock market forecasting. Researchers have
begun to try to apply these methods to stock market
forecasting to make up for the shortcomings of traditional
methods. This study will combine traditional time series
analysis methods (such as ARIMA) and deep learning
models (such as LSTM) to propose a new hybrid model,
which aims to more comprehensively handle linear and
nonlinear features in stock market data and improve the
accuracy and generalization of forecasts. Stock market
forecasting has long attracted the attention of many
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researchers. Most of the early studies relied on classic
time series analysis methods, such as ARIMA, moving
average, and exponential smoothing. The ARIMA
model captures the time dependency of data through
operations such as autoregression, differentiation, and
moving average of historical data, and is suitable for the
forecast of stationary time series. However, stock
market data itself has strong nonlinearity and
complexity, and linear models such as ARIMA often
perform poorly when dealing with high-frequency
fluctuations or multi-factor influences [3].

With the rapid development of machine learning
technology, researchers have begun to introduce
machine learning methods to enhance prediction
capabilities. Methods such as support vector machines
(SVM), random forests (RF) and decision trees have
been widely used in stock market prediction and can
automatically mine patterns in data. However, these
methods usually require a lot of feature engineering and
have limited data processing capabilities. In recent
years, deep learning methods, especially long short-
term memory networks (LSTM) and convolutional
neural networks (CNN), have achieved remarkable
results in time series prediction, especially in processing
complex, high-dimensional data and capturing long-
term dependencies. In addition, ensemble learning
methods have also achieved good results in stock
prediction. By combining multiple models, ensemble
learning methods can reduce the bias of a single model
and improve prediction accuracy. Some studies have
attempted to combine traditional time series methods
with machine learning methods, such as the
combination of ARIMA and LSTM, and achieved good
prediction results. However, most of the current
research focuses on the application of a single model or
the single optimization of a method, and lacks
comprehensive research on the fusion of multiple
methods and multi-dimensional features. Therefore,
how to combine time series analysis with machine
learning methods to improve the accuracy and
generalization ability of stock market prediction is still
a direction worthy of in-depth exploration.

This paper aims to combine time series analysis
and machine learning technology to propose a new
stock market prediction model. By integrating
traditional time series analysis methods and deep
learning models, it overcomes their respective
limitations and improves the accuracy and robustness of
stock market prediction. This paper first reviews and
analyzes the application of time series analysis and
machine learning in stock prediction; then, it designs
and implements a hybrid model combining ARIMA and
LSTM, combined with feature extraction and
preprocessing of stock market data; finally, it verifies
the performance of the proposed model through
experiments and evaluates its applicability and
advantages under different market conditions.

In response to the challenges of industrial data
analysis, this study used a variety of deep learning
models, such as long short-term memory networks
(LSTM), gated recurrent units (GRU), and
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convolutional neural networks (including ResNet and
InceptionNet), to mine potential information in industrial
data. At the same time, a series of data preprocessing
techniques were used, including standardization and
normalization to adjust the scale of the data, detrending
operations to eliminate the influence of long-term trends in
the data, and denoising to improve the quality of the data,
laying the foundation for the effective training and analysis
of subsequent models.

In addition, there is a certain proportion of outliers in
industrial data, accounting for about 5% of the total data.
These outliers may interfere with the data analysis results.
How to effectively deal with outliers is also one of the
challenges faced by industrial data analysis.

Traditional time series analysis methods, such as the
ARIMA model, mainly rely on the linear pattern of
historical data for prediction, which can capture the linear
trend of data well, but have difficulties in dealing with
complex nonlinear relationships and  long-term
dependencies. Deep learning models, such as LSTM, have
advantages in dealing with nonlinear data and long-term
dependencies, but due to their complex structure and large
number of parameters, they may cause overfitting
problems and have high requirements for data. The hybrid
model proposed in this study aims to combine the
advantages of ARIMA and LSTM, using ARIMA to
capture the linear trend of data and provide a basic
framework for prediction; using LSTM to process the
nonlinear part and long-term dependencies in the data to
improve the adaptability and accuracy of the model. In this
way, we hope to overcome the limitations of a single model
and improve the performance of stock market prediction.
The innovation of this paper is that it proposes a hybrid
forecasting model that combines time series analysis and
machine learning. It combines ARIMA and LSTM models
for the first time, making full use of the linear
characteristics of time series and the nonlinear learning
ability of deep learning. In addition, this study introduces
multi-dimensional feature fusion technology, combining
multivariate information such as technical indicators and
macroeconomic data to improve the forecasting
performance of the model in a complex stock market
environment.

2 Related work

2.1 Time series analysis methods

Time series analysis is one of the most traditional and
widely used methods in stock market forecasting. The
autoregressive integrated moving average (ARIMA)
model is a classic time series forecasting method based on
the linear assumption and is widely used in the modeling
and forecasting of financial market data. The ARIMA
model models the autoregressive (AR), differencing (1)
and moving average (MA) processes of the data and is
suitable for the prediction of stationary time series data. In
stock market data, the ARIMA model can capture certain
trend changes and seasonal fluctuations [4]. However, the
limitation of the ARIMA model is that it cannot effectively
handle nonlinear and volatile stock market data and
requires the data to be stationary, which is a problem for
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highly dynamic and complex time series data such as
the stock market. Another classic time series method is
the exponential smoothing method (ETS). The
exponential smoothing method predicts future values
based on the weighted average of the data and is suitable
for data with trend and seasonal fluctuations [5].
Although the ETS model is more accurate in short-term
forecasts, it often performs poorly when faced with
complex nonlinear fluctuations in the stock market. In
addition to ARIMA and ETS, there are other time series
modeling techniques in statistics, such as the seasonally
adjusted model (SARIMA) and the ARCH/GARCH
model. The SARIMA model extends the ARIMA model
to handle seasonal effects and is applicable to cyclical
fluctuations in the stock market [6]. The
ARCH/GARCH model is mainly used to model and
predict volatility in financial markets [7] and can
effectively capture the phenomenon of volatility
clustering in the stock market, that is, periods of large
fluctuations are usually followed by other large
fluctuations. However, these traditional methods mainly
focus on linear relationships and cannot handle
nonlinearities and complex dependency structures in
stock market data.

2.2 Machine learning methods

With the improvement of computing power, more
and more studies have begun to introduce machine
learning methods to predict the stock market. Support
vector machine (SVM) is a supervised learning method
based on statistical learning theory, which is often used
for classification and regression problems. In stock
market prediction, SVM can make classification
predictions by maximizing the interval between
categories, especially when dealing with high-
dimensional and nonlinear problems. The literature
successfully improved the accuracy of stock price
prediction by combining SVM with stock market
technical indicators [8].

Random forest (RF) is an ensemble learning
method that improves the stability and accuracy of
predictions by constructing multiple decision trees and
taking a weighted average of their prediction results [9].
Random forests are widely used in financial market
predictions. Literature has used random forest
algorithms to predict stock market prices and trading
signals, and achieved good prediction results, especially
in high-frequency trading data and noisy environments
[10]. Neural networks (NNs) can automatically learn
nonlinear patterns in data by simulating the connection
and calculation of neurons. Although traditional neural
networks have been used in financial predictions, their
training process is easily troubled by local optimal
solutions, so their application is limited. In recent years,
the progress of deep learning has solved this problem
and improved the prediction ability of the model.

In recent vyears, deep learning technology,
especially long short-term memory (LSTM) and
convolutional neural network (CNN), has made
significant breakthroughs in stock market prediction. As
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a special recurrent neural network (RNN), LSTM can
effectively capture long-term dependencies in time series
data and has obvious advantages in processing the
characteristics of continuous fluctuations in stock market
data. The LSTM model proposed in the literature is
particularly suitable for processing and predicting complex
data such as the stock market with high nonlinearity and
time series dependence [11]. The literature applied LSTM
to predict the stock market and achieved remarkable
results, especially in dealing with emergencies and
extreme fluctuations in the stock market [12]. Although
convolutional neural network (CNN) was originally used
for image processing, it has also been applied to time series
data analysis in recent years. CNN extracts local features
from data through multiple convolutional layers and can
effectively capture short-term dependencies and cyclical
fluctuations in stock market data. The literature proposes
to combine CNN with LSTM to form a hybrid model,
making full use of CNN's local feature extraction ability
and LSTM's time series modeling ability, and has achieved
good results in stock market prediction [13].

2.3 Application in stock market forecasting
Research on stock market prediction can be roughly
divided into two categories: one is research based on
traditional time series analysis methods, and the other is
research based on machine learning and deep learning
methods. Prediction research based on time series analysis:
ARIMA and GARCH models are the most common
traditional methods, which mainly predict stock market
trends by modeling historical price data. These methods
are suitable for market environments with relatively stable
data, but they are not effective for highly volatile and
complex market conditions. For example, nonlinear
fluctuations during a stock market crash often exceed the
predictive capabilities of these traditional models.
Prediction research based on machine learning and deep
learning: In recent years, more and more studies have
begun to explore the application of machine learning and
deep learning methods to stock market prediction. The
literature applies support vector regression (SVR) to stock
market prediction and compares it with the traditional
ARIMA model, showing that SVR has advantages in
capturing nonlinear relationships [14]. Deep learning
methods, such as LSTM and CNN, have become a hot
topic of research. The literature uses LSTM networks to
predict stock prices and obtains results that are better than
traditional methods. In addition, integration methods have
also gradually attracted attention [15]. For example, the
literature combines XGBoost with LSTM to improve the
accuracy of stock market prediction. Although traditional
time series methods still have certain advantages in some
simple scenarios, they cannot effectively deal with the
nonlinear and complex volatility characteristics of the
stock market [16]. Machine learning methods, especially
deep learning methods, can automatically extract complex
patterns from historical data and achieve better prediction
results in extremely complex stock market environments.
Although deep learning methods can capture more
nonlinear features, their computational complexity is high



54 Informatica 49 (2025) 51-68

and require a large amount of data for training.
Ensemble learning methods can further improve the
stability and accuracy of predictions by combining the
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advantages of multiple models, but may result in longer
model training time.

Table 1: Comparison of key information of different stock market prediction models

Research Literature Model Dataset Performance Metrics Limitations
Unable to effectively handle
non - linear and complex
Research [4] ARIMA Historical stock market price data MSE, RMSE, etc. volatile data, and has high
requirements for data
stationarity
Exponeqtlal Data with trends and seasonal o Performs poorly in _handllng
Research [5] Smoothing fl . Prediction accuracy complex non - linear
uctuations .
(ETS) fluctuations
SVM
combined Limited ability to process high -
with stock Stock market data including Prediction accuracy dimensional data and requires a
Research [8] o
market technical indicators rate large amount of feature
technical engineering
indicators
Research [9] Random Financial market data (such as stock Prediction accuracy Relatively weak model
Forest (RF) prices, trading signals, etc.) rate interpretability
Prediction accuracy High computational complexity
Research [11] LSTM Stock market data rate, mean square and long training time
error, etc.
Hybrid
model of Prediction accuracy Complex model structure and
Research [13] CNN and Stock market data rate difficult parameter tuning
LSTM
Historical trading data of the US
stock market, China's A - share
The ARIMA - LSTM AIE{SI!\I'AI\? ) market, and European stock markets (’;/IoifEfic?e'\r?tSoEf’ Relatively long training time,
hybrid model proposed in - (covering opening price, closing L but short testing time and strong
] hybrid - - - - determination (R?), . " -
this paper model price, highest price, lowest price, MAE real - time prediction ability
trading volume, etc.), with a time
span from 2010 to 2020

Table 1 mainly compares the relevant information
of different stock market prediction models in previous
studies, including the source of literature used by the
model, the model’s name, the dataset adopted, the
performance metrics used for evaluation, and their
respective limitations. At the same time, the
corresponding information of the ARIMA - LSTM
hybrid model proposed in this paper is listed to clearly
show the differences between different models.
Previous models have various shortcomings in handling
the complexity of stock market data, computational
efficiency, model interpretability, etc. The hybrid model
in this paper integrates the advantages of ARIMA and
LSTM, is trained and tested on a variety of stock market
data, and performs excellently through multiple
performance metrics. Although the training time is long,
the testing time is short, with efficient real - time
prediction ability, which can better adapt to the complex
and changeable stock market environment.

3 Stock market prediction model

In this chapter, we will propose a hybrid model
based on the ARIMA model and the long short-term
memory network (LSTM) to improve the accuracy of
stock market forecasting. This model combines
traditional time series analysis methods with modern
deep learning techniques to capture both linear and
nonlinear features in stock market data. To further
enhance the forecasting performance, we also introduce

a multi-dimensional feature fusion mechanism so that the
model can handle multiple types of input data.

In order to achieve multi-dimensional feature fusion,
we first preprocessed macroeconomic indicators (such as
interest rates, GDP growth rates, inflation rates, etc.) and
other related features (such as historical stock prices,
trading volumes, etc.), including data cleaning,
normalization and other operations. Then, we used
correlation analysis and principal component analysis
(PCA) to filter and reduce the dimensions of these features,
and select features with strong correlation with stock
market fluctuations. Finally, the filtered features are
spliced into a new feature vector by dimension as the input
of the model. In this way, the model can comprehensively
consider the impact of multiple factors on stock market
price fluctuations and improve the accuracy of prediction.

In order to give full play to the advantages of ARIMA
and LSTM, we proposed an innovative hybrid model that
combines the advantages of ARIMA model in capturing
the linear part of stock market data with the ability of
LSTM network in capturing nonlinear relationships and
long-term dependencies. Through this combination, the
model can not only effectively handle the linear trend of
stock market data, but also fully explore the nonlinear
fluctuations and complex patterns hidden in the data [17].

In our hybrid model, we first use the ARIMA model
to make a preliminary linear prediction of the stock market
data and get the predicted value based on historical data.
Then, we use the prediction residual of the ARIMA model
(i.e. the difference between the actual stock market data
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and the predicted result) as the input feature of the
LSTM network to further model the nonlinear part of
the data. Finally, the model will combine the prediction
results of ARIMA and LSTM through weighted fusion
to generate the final stock market prediction results.

3.1 Overall framework of the hybrid model
The hybrid model process is mainly divided into
four steps: preliminary prediction of the ARIMA model,
residual calculation, further modeling of the LSTM
model, and fusion of the prediction results. Each step
has been carefully designed to ensure that the model can
fully utilize the advantages of ARIMA and LSTM.

The ARIMA model is a classic time series analysis
method that is widely used to process time series data
with linear characteristics. In this step, we use the
ARIMA model to predict stock market data. The basic
structure of the ARIMA model includes autoregression
(AR), difference (I) and moving average (MA) parts,
and its mathematical expression is formula 1 [18].

VAR Y BNt Y, 08 08, (D)
In formula 1, Yt is the actual observed value of the

stock market;YlARWIA For the ARIMA model, the time

points t The predicted value of ¢l,¢2,...,¢p is the
autoregressive parameter; 8,,6,,...,6, is the sliding

average parameter; § is the prediction error term.
By training the ARIMA model, we get the
predicted value for each time step YtARIMA , these values

mainly reflect the linear trend of stock market data.
However, stock market data often contains complex
nonlinear fluctuations, and ARIMA models are difficult
to capture these features. Therefore, in the next step, we
will use LSTM networks to process these nonlinear
parts.

The predicted value of the ARIMA model is only
a part of the stock market data. The ARIMA model
cannot effectively explain the complex nonlinear part.
In order to use LSTM to further capture the nonlinear
pattern in the stock market data, we first calculate the
predicted residual of the ARIMA model, which is
specifically Formula 2 [19,20].

\ 7 ARIMA
q =YY, )
In formula 2, Yt is the actual value of the stock

market; YAtAR"VIA is the predicted value of the ARIMA
model; q is the forecast residual of the ARIMA model,

representing the part that the model fails to capture. §

It mainly includes nonlinear fluctuations and short-term
forecast errors in stock market data. Therefore, the
residual is the input feature of the LSTM network, from
which LSTM can learn the nonlinear dynamics of the
stock market.

Long Short-Term Memory (LSTM) is a powerful
deep learning model that is particularly suitable for
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processing time series data with nonlinear characteristics.
In this stage, we use the residuals calculated by the

ARIMA model q as the input of the LSTM network.

LSTM can effectively capture long-term dependencies and
nonlinear patterns in the data through its complex gating
mechanism.

The output of the LSTM model is the prediction of the

. 2 LSTM . . . .
residual Y, , its mathematical form is as shown in
Formula 3.

YSM = LSTM (@) 3)
In formula 3, YAILSTNI For the LSTM network residual

Q The predicted value represents the nonlinear part of the

stock market data that the ARIMA model fails to explain.
LSTM is able to transfer information between time steps
through its hidden state and cell state, thereby capturing the
nonlinear fluctuations of stock market data. The advantage
of LSTM network in stock market prediction is that it can
handle stock price fluctuations, emergencies and other
complex nonlinear factors that the ARIMA model cannot
model. After the step-by-step modeling of ARIMA and
LSTM, the final stock market prediction result is the
weighted average of the outputs of the ARIMA and LSTM
models. The purpose of weighted fusion is to make full use
of the advantages of the two models, ARIMA handles the
linear part, and LSTM captures the nonlinear part. The
final prediction formula is shown in Formula 4.

Y"tfinal :aY‘tAmMA_i_(l_a)YAtLSTM )

In formula 4, Y," is the final stock market forecast

YA ARIMA

value; Y, is the predicted value of the ARIMA model;

YAtLSTM is the predicted value of the LSTM model; & is

the weight coefficient, which controls the contribution
ratio of the ARIMA and LSTM models in the final
prediction results. ¢ The selection of the weight
coefficient is crucial to the accuracy of the final prediction
results. Through adjustment « , the effects of the ARIMA
and LSTM models can be flexibly balanced according to
different data characteristics and actual needs. For
example, when the data shows a strong linear trend, the
weight of the ARIMA model can be appropriately
increased; when there are more nonlinear fluctuations in
the data, the influence of the LSTM model can be
enhanced.

In terms of data processing and feature engineering,
we implemented a series of rigorous and detailed
operations. For the input data of the ARIMA model, in
order to make it meet the requirements of stationarity, we
first perform logarithmic transformation, which can
effectively alleviate the heteroscedasticity problem of the
data. Then, through the first-order difference operation, the
trend term in the data is successfully eliminated, making
the time series stable.

When integrating macroeconomic indicators into the
LSTM model, we adopt the method of directly connecting
them to the input vector. When constructing the input of
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the LSTM model, we first standardize the
macroeconomic indicators (such as interest rates, GDP
growth rates, inflation rates, etc.), and then splice them
with the stock market time series data (such as closing
prices, trading volumes, etc.) processed by feature
engineering by dimension. In this way, the LSTM
model can simultaneously learn the data characteristics
of the stock market itself and the impact of the
macroeconomic environment on it, so as to more
comprehensively capture the complex patterns in the
data and lay the foundation for accurately predicting the
stock market trend. Such a detailed methodological
description can ensure the reproducibility of the
research, and other researchers can reproduce our
experimental process based on this.

Parameter Sensitivity Analysis: To deeply explore
the impact of hyperparameters on the model
performance, we comprehensively carried out grid
search and sensitivity analysis on the number of layers
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and dropout rate of LSTM, as well as the order parameters
of ARIMA. For LSTM, we tested different combinations
of 2 - layer, 3 - layer, and 4 - layer architectures, with
dropout rates set at 0.1, 0.2, and 0.3 respectively. For the
order parameters (p, d, g) of ARIMA, we tried various
value combinations within a reasonable range. Through
numerous experiments, it was found that when LSTM has
3 layers and a dropout rate of 0.2, the model performs best
in capturing non - linear relationships and long - term
dependencies, and can well adapt to the fluctuations of
different datasets, demonstrating strong robustness. The
order parameters of ARIMA (p =2,d =1, g =1) are
relatively stable in handling the linear trend part, and the
overall performance of the model is not sensitive to small
- scale changes in these parameters, further proving the
robustness of the model.

Explanation of Hyperparameter Values: Table
2details the hyperparameter values of LSTM and ARIMA.

Table 2: Hyperparameter List

Model Hyperparameter Value
LSTM Number of Layers 3
LSTM Number of Hidden Units 128
LSTM Activation Function ReLU
ARIMA p - value 2
ARIMA d - value 1
ARIMA q - value 1

Details of Training - Testing Set Partition and
Cross - Validation: Considering the time - series nature
of the data, we adopted the rolling window validation
method. Specifically, the dataset was divided into
multiple consecutive windows in chronological order,
with each window containing a certain number of time
steps. Within each window, 80% of the data was used
as the training set to train the model, and 20% of the data
was used as the test set to evaluate the model
performance. As the window rolls, the model is
continuously trained and tested on new data, thus fully
exploiting the sequential dependencies in the time -
series data and avoiding information loss that may be
caused by random partitioning. In this way, we can
more accurately evaluate the prediction ability and
stability of the model at different time stages.
fusion

3.2 Multi-dimensional feature

mechanism

In order to further improve the prediction accuracy
of the ARIMA and LSTM hybrid model, we introduced
a multi-dimensional feature fusion mechanism. The
price fluctuations of the stock market are not only
affected by time series data, but also by multiple factors
such as trading volume, macroeconomic indicators, and
industry data. Therefore, relying solely on time series
data for prediction may not fully reflect the complex
dynamics of the stock market. Through multi-
dimensional feature fusion, we pass these additional
market features as input features to the model, thereby
enhancing the model's predictive ability and enabling it

to comprehensively consider more factors that may affect
stock market price fluctuations.

In the stock market prediction problem, different
features have different effects on the fluctuation of stock
prices. In order to ensure that the model can make full use
of meaningful features, we first use feature selection
technology to screen features that are more closely related
to stock market fluctuations. Commonly used feature
selection methods include correlation  analysis,
information gain, chi-square test, etc. In actual operation,
we chose correlation analysis and principal component
analysis (PCA) as the main feature selection tools.

Analysis of the economic rationality of feature
selection: Before incorporating macroeconomic indicators,
we conducted a Granger causality test to clarify their
predictive relevance. For the interest rate indicator, the
Granger causality test results show that at a significance
level of 5%, changes in interest rates lead stock price
fluctuations in multiple markets, making it a typical
leading indicator. The GDP growth rate has also been
shown to have a significant Granger causal relationship on
stock prices, and although its impact varies in different
markets, it all shows a certain degree of leading nature.
There is also a close causal relationship between the
inflation rate and stock prices. As an important indicator
reflecting the state of economic operation, its changes have
an impact on the stock market that cannot be ignored.
Through these tests, we have clarified the causal
relationship between macroeconomic indicators and stock
prices, providing a solid economic theoretical basis for
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incorporating them into the model, and strongly
enhancing the rationality of feature selection.

By calculating the correlation coefficients between
features, we can select those features that have a strong

correlation with stock market fluctuations. X is the
characteristic vector of stock market trading volume,
economic indicators, etc. Y For the time series data of
stock prices, we calculate the correlation coefficient r

To measure X the linear relationship between and Y,
as shown in Formula 5.

o Cov(X,Y)

Oy Oy
In formula 5, Cov(X,Y) for X and Y The
covariance of o, and o, is the standard deviation of

()

X and Y . For the correlation coefficient r For
features that are greater than a certain threshold, we will
retain these features as input data and remove those with
weaker correlation.

Principal Component Analysis (PCA): In order to
reduce the dimension and retain as much data
information as possible, we apply the PCA method to
reduce the dimension of the features. The goal of PCA
is to transform the original feature space into a new
space through linear transformation so as to maximize
the variance of the data. Specifically, PCA transforms
the feature matrix X Perform singular value
decomposition (SVD) or eigenvalue decomposition to
find the principal components and select the first few
principal components as new input features, as shown
in Formula 6.

X'=XW (6)

In formula 6, X is the original feature matrix; W
It is a matrix composed of eigenvectors, representing
the principal components; X' is the transformed
feature matrix.

After PCA processing, we can get a new set of
features that can better explain the variability of the data
and can effectively reduce the dimension of the input
features. After feature selection and dimensionality
reduction, we obtained multi-dimensional features
related to stock market fluctuations. These features
include historical trading volume of the stock market,
macroeconomic indicators (such as GDP growth rate,
unemployment rate, inflation rate), industry data, etc. In
order to combine these multi-dimensional features with
the time series data of the stock market, we adopted
feature fusion technology. In the ARIMA-LSTM hybrid
model, we input the time series data together with the
multi-dimensional features into the model for training.

Specifically, the time series dataYt and other market
characteristics Xt A new input feature vector can be

formed by concatenation Zt , as shown in Formula 7.

Z =[Y,X{] (7)
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In formula 7, Yt is the time series data of the stock

market; Xt It is a multidimensional feature related to stock

market fluctuations.

Formulas 7-9 describe the process of adjusting the
learning rate using mini-batch gradient descent combined
with Adam optimization, and Formula 10 is a further
derivation based on this optimization for a specific
parameter update step of the model. Specifically, the first-
order moment estimate and second-order moment estimate
of the gradient are calculated during the Adam
optimization process. Formula 10 uses these estimates,
combined with the current learning rate adjustment
strategy, to update the model parameters.

This fusion method can integrate different types of
feature information into the same input space, enhancing
the model's ability to predict stock market fluctuations.

After the input data is ready, the hybrid model begins
training. During the training process, the ARIMA model is
first used to predict the time series of the stock market to

obtain the predicted value.YAtARIMA We then calculate the
residuals from the ARIMA modelq , and the residual §

and multi-dimensional features Xt Together they serve as

the input of the LSTM network to further model the
nonlinear fluctuations of the stock market. The output of

LSTM Yt"sTM represents the nonlinear part of stock

market fluctuations. The final prediction result Y, ™" is the

weighted average of ARIMA and LSTM outputs, as shown
in Formula 8.

Y‘tﬁnal _ OlYAt ARIMA 1- a')YAt LSTM ®)
In formula 8, ¢ is the weight coefficient, which

indicates the contribution ratio of the ARIMA model and
the LSTM model in the final prediction.

4 Experimental evaluation

4.1 Dataset

In order to comprehensively evaluate the proposed
model, we selected historical trading data from multiple
stock markets as experimental datasets. The datasets cover
stocks from different markets, including the US stock
market (such as the S&P 500 index), China's A-share
market, and European stock markets. Each dataset contains
daily stock price data collected from multiple sources,
including opening price, closing price, highest price,
lowest price, and trading volume. The data range is from
2010 to 2020, ensuring that multiple market volatility
cycles are included, which helps to verify the stability and
generalization ability of the model.

4.2 Experimental design

Since fundamental and technical analysis methods
have certain difficulties in quantification and
standardization, it is difficult to directly compare them
with data-driven time series analysis and machine learning
models, so this study did not use them as baseline models.
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However, we acknowledge the importance of these
methods in stock market analysis and consider some of
the factors they focus on in the study, such as
introducing macroeconomic indicators to reflect some
fundamental information.

In order to comprehensively evaluate the
performance of the hybrid model proposed in this study,
we selected multiple baseline models for comparison.
These baseline models include the classic time series
analysis model ARIMA, as well as the commonly used
machine learning models LSTM, random forest
regression, support vector regression (SVR), and
XGBoost regression. As a classic time, series analysis
method, ARIMA has certain advantages in processing
linear time series data; while other machine learning
models represent different types of machine learning
algorithms that can process nonlinear data. These
models were selected as baselines in order to compare
the advantages and disadvantages of hybrid models in
processing different types of data features. At the same
time, we also recognize that these models are different
from traditional fundamental analysis and technical
analysis methods, but they also have important
application value and representativeness in the field of
stock market prediction.

When fusing the prediction results of the ARIMA
and LSTM models, the determination of the weight
coefficient (o) is crucial to the model performance. By

performing a grid search on the validation set, the value
range of o is set to [0, 1] with a step size of 0.1. The
MSE, RMSE and other indicators of the hybrid model
on the validation set are calculated for different o
values. When o = 0.6, the MSE of the hybrid model on
the validation set reaches a minimum of 0.030 and the
RMSE is 0.175. At this time, the model performance is
the best, so o = 0.6 is determined as the final weight
coefficient to balance the contribution of ARIMA and
LSTM in the hybrid model.

For the selection of LSTM  model
hyperparameters, in addition to using grid search to
determine parameters such as learning rate and dropout
rate, prior knowledge and multiple experiments are also
combined. When initially setting the hyperparameter
search range, we set the learning rate range to [0.0001,
0.01] and the dropout rate range to [0.1, 0.5] based on
previous similar stock market prediction studies. In
terms of ARIMA model hyperparameter selection, we
calculated the AIC and BIC values under different (p, d,
g) combinations, combined with preliminary analysis of
data features, such as data stationarity and seasonality,
to preliminarily screen out possible parameter
combinations, and then fine-tune and evaluate them,
and finally determinep=2,d=1,q=1.

The main purpose of this experiment is to evaluate
the performance of the hybrid model based on ARIMA
and LSTM in stock market forecasting and compare it
with multiple traditional models. In order to
comprehensively evaluate the performance of the
proposed hybrid model, we selected five baseline
models for comparative experiments. These baseline
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models represent different types of time series forecasting
methods and machine learning models, including linear
models, tree models, and deep learning models.
Specifically, they include:

ARIMA  (Autoregressive  Integrated  Moving
Average): ARIMA is a classic time series forecasting
method that is suitable for processing linear data with
seasonality and trend. It can effectively capture the linear
trend in time series data by modeling the linear regression
relationship of past values.

LSTM (Long Short-Term Memory): LSTM is a
commonly used deep learning model that excels at
capturing long-term and short-term dependencies in
sequence data. It is able to handle complex nonlinear
relationships and long-term prediction problems. LSTM
models are often used for prediction tasks such as the stock
market, which is highly volatile and has long-term
dependencies.

Random forest regression: Random Forest regression
is a powerful regression model based on the decision tree
ensemble method, which improves the accuracy and
robustness of predictions by integrating multiple decision
trees. Random forests are able to handle a large number of
features and model complex nonlinear relationships.

Support Vector Regression (SVR): Support Vector
Regression (SVR) is an extension of support vector
machine and is widely used in regression tasks. SVR can
map low-dimensional space data to high-dimensional
space through Kkernel functions, thereby capturing
nonlinear relationships and is suitable for data with
complex nonlinear characteristics such as the stock market.

XGBoost Regression: XGBoost (Extreme Gradient
Boosting) is a powerful model based on gradient boosting
trees, with efficient training speed and excellent prediction
performance. XGBoost gradually improves the accuracy of
the model through multiple rounds of iterations and can
effectively handle high-dimensional and sparse data.

In order to comprehensively evaluate the performance
of each model, we used four key evaluation indicators:
mean square error (MSE), root mean square error (RMSE),

determination coefficient (RZ) and mean absolute error
(MAE). MSE measures the average square of the
difference between the predicted value and the true value.
A smaller MSE indicates that the model has a better
prediction effect. RMSE, as the square root of MSE,
provides a more intuitive understanding of the size of the
prediction error. The smaller its value means that the
model prediction is more accurate. The coefficient of

determination R?is used to measure the degree of fit of

the model to the data. R? The closer the value is to 1, the
more effectively the model can explain the changes in the
data and the better the fit effect. Finally, MAE reflects not
only the accuracy of the prediction, but also the stability of
the model prediction by calculating the average absolute
difference between the model prediction results and the
true results. These evaluation indicators combined provide
us with a comprehensive and multi-angle perspective to
compare and select the prediction model that best suits a
specific application scenario.
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We preprocess the raw data, including missing
value processing, normalization, and sliding window
cutting, to ensure the quality of the data and adapt to the
input requirements of the model. Then, we train five
baseline models - ARIMA, LSTM, random forest
regression, SVR, and XGBoost regression, respectively,
to obtain their respective prediction results. Next, we
weightedly fuse the prediction results of the ARIMA
and LSTM models to train a hybrid model and generate
the final prediction results. Finally, we use evaluation

indicators R? such as mean square error (MSE), root
mean square error (RMSE), determination coefficient (
) and mean absolute error (MAE) to comprehensively
evaluate and compare the prediction accuracy, stability,
and generalization ability of each model. Through these
evaluations, we can objectively verify the effectiveness
and advantages of the hybrid model in stock market
prediction.

In order to comprehensively evaluate the
performance of the model, we selected mean square
error (MSE), root mean square error (RMSE),
coefficient of determination (R2), and mean absolute
error (MAE) as evaluation indicators. Mean square error
(MSE) measures the average of the squared errors
between the predicted value and the true value. It is
more sensitive to larger errors and can reflect the degree
to which the model's predicted value deviates from the
true value. Root mean square error (RMSE) is the
square root of MSE. Its unit is the same as the original
data, which more intuitively represents the size of the
prediction error. The coefficient of determination (R2)
is used to measure the degree of fit of the model to the
data. The closer its value is to 1, the higher the degree
to which the model can explain the data changes, that is,
the better the model fits the data. Mean absolute error
(MAE) calculates the average of the absolute errors
between the predicted value and the true value. It is not
affected by the direction of the error and can more
robustly reflect the average level of the prediction error.
These four indicators evaluate the performance of the
model from different perspectives. MSE and RMSE
mainly focus on the size of the prediction error, R2
focuses on the fit of the model, and MAE pays more
attention to the stability of the prediction error. They
complement each other and provide a more
comprehensive measure of the model's performance.

When evaluating model performance, mean square
error (MSE), root mean square error (RMSE),
coefficient of determination (R2), and mean absolute
error (MAE) play a key role. MSE is sensitive to large
errors, and the smaller the value, the better the
prediction effect; RMSE units are the same as the
original data, and a small value indicates a small
prediction error; the closer R2 is to 1, the stronger the
model's ability to fit the data; MAE is not affected by
the direction of the error and can robustly reflect the
average level of prediction error. Compared with the
benchmark performance, our hybrid model has
significantly improved in all indicators, and the
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Wilcoxon signed rank test confirms the significant
improvement. In the evaluation of bull and bear market
data, the model performed well and showed strong
adaptability. In order to further verify the statistical
significance of these improvements, we conducted a
Wilcoxon signed rank test. The results of the test show that
at a confidence level of 95%, the hybrid model has
statistically significant improvements in MSE, RMSE, R2,
and MAE compared to the traditional model (p < 0.05).
This strongly proves that the performance improvement of
our hybrid model is not accidental, but real and reliable.

In addition, considering that different stock market
conditions will affect model performance, we specifically
evaluated the data in the bull and bear market stages in
detail. During the bull market, the market showed an
overall upward trend and the volatility was relatively
small. In this case, our hybrid model performed well, with
avery low MSE, a small RMSE value, a high R2, and a low
MAE value. In the bear market, the market was in a state
of decline and volatility was very intense. Even so, the
hybrid model still maintained a good performance, and
indicators such as MSE, RMSE, R2, and MAE were also at
agood level. This fully demonstrates that our hybrid model
can maintain a high level of prediction accuracy and
stability whether in a bull market with a steady rise in the
market or in a volatile bear market.

The granularity of the stock market data and
macroeconomic indicator data used in this study is daily
data. Daily stock prices, trading volumes and other data
reflect the market trading situation of the day.
Macroeconomic indicators such as daily exchange rate
fluctuations and some high-frequency economic data are
also collected and sorted on a daily basis. This daily data
granularity can not only capture the short-term fluctuations
of the market, but also reflect the daily changes in the
macroeconomic environment to a certain extent, which is
suitable for the analysis and prediction of stock market
trends by this hybrid model.

For the collected macroeconomic indicators (such as
GDP growth rate, inflation rate, interest rate, etc.), missing
values are first processed, and a small amount of missing
data is filled by linear interpolation. Then standardization
is performed, and the data of each indicator is standardized,
where \(X\) is the original data, so that the macroeconomic
indicator data of different dimensions are on the same
scale, which is convenient for model learning. For some
macroeconomic indicators with trend or seasonality, such
as quarterly fluctuations in GDP growth rate, seasonal
components are removed by seasonal decomposition
methods (such as STL decomposition), and the trend and
residual parts are retained as model input features.

The stock market data from 2020 to 2024 were re-
collected, and the hybrid model was tested according to the
original data processing and model training methods. The
results show that during the period of 2020-2024, the
hybrid model had MSE, RMSE, R2 and MAE indicators of
0.035, 0.190, 0.880 and 0.102, respectively. Although
there was a slight fluctuation compared with the period of
2010-2020, the overall performance was still good. Further
analysis found that during the period of drastic market
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fluctuations caused by the outbreak of the epidemic in
2020, the model was able to adapt to market changes
quickly, and the prediction error did not increase
significantly, reflecting the certain adaptability of the
model.

Answer 38: Construct the TFT model and the
ARIMA-Transformer model, and use the same training
and test data for training and evaluation. In terms of
MSE index, the TFT model is 0.042, the ARIMA-
Transformer model is 0.038, and the hybrid model is
0.032; in terms of RMSE index, the TFT model is 0.205,
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the ARIMA-Transformer model is 0.188, and the hybrid
model is 0.179. Through comparison, the advantages and
disadvantages of each model are analyzed in detail. For
example, the TFT model has advantages in processing
complex time series patterns, but the calculation cost is
high; the ARIMA-Transformer model combines the
advantages of both, but is slightly inferior to the hybrid
model in capturing short-term local fluctuations.

4.3 Experimental results

Model Performance Comparison
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Figure 1: Model performance comparison table

Figure 1 shows the performance indicators of
various models in the stock market prediction task,
including mean square error (MSE), root mean square

error (RMSE), coefficient of determination ( RZ) and
mean absolute error (MAE). These indicators are
commonly used standards for evaluating time series
prediction models, and they can measure the
performance of models from different perspectives.
MSE and RMSE reflect the difference between the
predicted value and the true value. The smaller the
value, the better the prediction effect of the model;

while R? measures the model's ability to explain data
changes. A value close to 1 means that the model has a
high degree of fit; MAE is used to measure the average
absolute difference between the model's predicted
results and the actual results, which can reflect the
stability of the model's prediction. In this study,

ARIMA, LSTM, random forest regression, SVR, XGBoost
regression and hybrid models were applied to the
prediction of the stock market respectively. The results
show that the hybrid model showed the best performance
in all four evaluation indicators, especially its MSE was
0.01, which was much lower than other models, indicating
that it had obvious advantages in prediction accuracy. In

addition, R?the value of the hybrid model reached 0.93,
which almost completely explained the trend of data
changes, indicating that the model is not only accurate but
also has good generalization ability. In contrast, although
traditional models such as ARIMA and SVR can also
provide effective predictions in some aspects, they are
unable to handle complex nonlinear relationships, resulting
in overall performance being inferior to that of hybrid
models.

Table 3: Comparison of forecast errors in different markets

Market Type ARIMA LSTM Random Forest | ¢\ /p XGBoost Hybrid Model
Regression Regression

US Stock Market 0.04 0.02 0.05 0.06 0.04 0.01

China A shares 0.05 0.03 0.06 0.07 0.05 0.02

European stock markets 0.03 0.02 0.04 0.05 0.03 0.01

Table 3 compares the prediction errors of the six
models in the US stock market, China A-share market,

and European stock market, using mean square error
(MSE) as the measurement standard. Since the economic
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environment, policy background, and investor behavior
of these three markets are significantly different,
understanding the performance of each model in these
three markets is crucial to verifying the generalization
and adaptability of the model. Through analysis, it can
be found that the hybrid model achieves the lowest
prediction error in all markets. For example, in the
Chinese A-share market, its MSE is only 0.02, which is
at least 1 order of magnitude lower than other models.
This superior performance is mainly attributed to the
hybrid model combining the advantages of ARIMA and
LSTM. The former is good at capturing linear trends,
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while the latter can effectively handle complex nonlinear
relationships. At the same time, parameter adjustment
based on the characteristics of different markets is also one
of the important factors to improve prediction accuracy. It
is worth noting that although some single models may
perform well in specific markets, such as LSTM performs
well in the US stock market, no single model can maintain
optimal status in all markets. This further proves the
stability and reliability of the hybrid model in cross-market
forecasting, making it an ideal tool for multi-market
investment strategy formulation.

Table 4: Impact of macroeconomic indicators on forecasts

Impact on Impact  on
Macroeconomic | Impact on | Impact on | Random Impact on | Impact on mixed
indicators ARIMA LSTM Forest SVR XGBoost

. models

Regression
interest rate +5% +3% +4% +6% +4% +2%
GDP growth +4% +2% +3% +5% +3% +1%
Inflation rate +6% +4% +5% +7% +5% +3%

Table 4 discusses the impact of introducing random forest regression, SVR and XGBoost regression,

macroeconomic indicators (such as interest rates, GDP
growth, inflation rate, etc.) on the prediction accuracy
of each model. Macroeconomic indicators are important
factors affecting the trend of financial markets, and
incorporating them into the prediction model can help
to understand market dynamics more comprehensively.
As can be seen from the table, the prediction accuracy
of most models has improved after adding
macroeconomic indicators, but the improvement varies.
For example, the prediction accuracy of the hybrid
model has increased by about 2% after considering
these external variables, showing its ability to
effectively utilize external information. Specifically, the
inflation rate has the greatest impact on all models,
especially for machine learning-based models such as

whose prediction accuracy has increased by 5% to 7%.
This is because inflation directly affects the cost structure
of enterprises and the purchasing power of consumers,
thereby indirectly affecting stock prices. In contrast, the
impact of interest rates and GDP growth is relatively small,
but they are still factors that cannot be ignored for long-
term investment decisions. The hybrid model performs
particularly well in this regard because it can not only
capture short-term price fluctuations, but also better
understand and predict long-term trends brought about by
macroeconomic changes. Overall, this table highlights the
importance of taking multiple factors into consideration
and demonstrates the superiority of hybrid models in such
complex tasks.

Table 5: Time complexity comparison

Model Name Training time (minutes) Test time (seconds)
ARIMA 2 0.05

LSTM 120 0.5

Random Forest Regression 10 0.1

SVR 30 0.2

XGBoost Regression 5 0.08

Hybrid Model 125 0.6

Table 5 shows the time cost required for the six
models in the training and testing phases. Time
complexity is an important factor that must be
considered when selecting a forecasting model because
it is directly related to the application efficiency and
real-time performance of the model. As can be seen
from the table, different types of models have great
differences in time and computing resource
consumption. For example, the ARIMA model only
takes 2 minutes to train due to its simplicity and linear
assumption, while the LSTM model takes up to 120
minutes to train because it needs to process a large

amount of sequence data and a complex network structure.
However, when it comes to testing, the LSTM model is
slower, reaching 0.5 seconds, while the ARIMA model
only takes 0.05 seconds. It is worth noting that although
the hybrid model takes a long time to train (125 minutes),
it is still faster in the testing phase (0.6 seconds). This is
because the hybrid model uses a pre-trained LSTM
component to capture long-term and short-term
dependencies, and uses the ARIMA part to quickly
generate preliminary predictions. The two are combined
and the final result is obtained through weighted fusion.
This approach ensures the accuracy of the prediction
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without sacrificing too much computational efficiency.
In addition, for some high-frequency trading scenarios
or real-time data analysis tasks, the testing time of the
model is more critical, so even if the training time of the
hybrid model is longer, it can still show high practical
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value in actual applications. Overall, this table provides
important information about the computing resource
requirements of each model, which helps to select the most
appropriate prediction tool according to the specific
application scenario.

Stacked Contribution of Models on Each Feature
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Figure 2: Feature importance evaluation

Figure 2 reveals the scores of the importance of
input features (opening price, closing price, highest
price, lowest price and trading volume) in different
models. Feature importance assessment is a key step to
understand how the model works and optimize the input
data. In this study, we chose random forest regression,
XGBoost regression and hybrid models for comparison
because they are all tree-based methods that can
intuitively show the impact of each feature on the
prediction results. From the table, we can see that the
closing price and opening price are considered to be the
two most important features, especially in the hybrid
model, where the importance scores of these two
features are 30% and 25% respectively. This is in line
with intuition because the closing price is usually
regarded as a summary of a day's trading activities,
while the opening price reflects market participants'
expectations of future price trends. It is worth noting
that the importance of trading volume varies greatly

among different models. Random forest regression assigns
22% importance to trading volume, while this proportion
drops to 13% in XGBoost regression and drops sharply to
5% in the hybrid model. This shows that although trading
volume is helpful for prediction in some cases, it is not
always a key factor. In contrast, the hybrid model focuses
more on the information of price changes themselves,
namely the opening price, closing price, highest price and
lowest price, which may be because these features can
more directly reflect the market's immediate sentiment and
technical form. Through in-depth analysis of feature
importance, we can further optimize the data preprocessing
process and remove redundant or irrelevant features,
thereby improving the efficiency and accuracy of the
model. In addition, this also provides a direction for
subsequent research, that is, exploring how to better
integrate other potentially valuable information sources
besides trading volume.

Table 6: Model stability test results

Model N Tf;e _avctie_?fge t'\t/.ISE fAveragt_eﬁRMStE vatl_ues R2R2 average value in | MAE average value in
odel Name ;:#g d;n (trerent ime pc;'io dsl eren IMe 1 different time periods different time periods
ARIMA 0.04 0.20 0.84 0.12
LSTM 0.03 0.18 0.87 0.10
Random Forest Regression 0.05 0.22 0.82 0.14
SVR 0.06 0.24 0.80 0.15
XGBoost Regression 0.04 0.20 0.85 0.12
Hybrid Model 0.02 0.15 0.91 0.08

Table 6 evaluates the stability of the six models

over different time periods, R? measured by calculating
the average values of MSE, RMSE, and MAE. The
stability test aims to examine whether the model can
maintain consistent forecasting quality under different
market conditions, which is particularly important for

long-term investment decisions. As can be seen from the
table, the hybrid model shows the highest stability and
accuracy in all time periods. For example, its MSE average
is 0.02, which is much lower than other models, which
means that it can provide relatively stable forecasting

results in various market environments. Similarly, R? the
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average value of the hybrid model reaches 0.91,
indicating that it can well explain data changes, even in
periods of high market volatility. In contrast, traditional
models such as ARIMA and SVR, although they can
also provide good forecasts in certain time periods, have
poor stability throughout the test period, as shown by
large MSE and RMSE fluctuations. This is mainly
because these models are sensitive to changes in market
conditions, especially when facing breaking news
events or policy changes, and are prone to large
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forecasting errors. On the other hand, although random
forest regression and XGBoost regression have certain
advantages in dealing with nonlinear relationships, they
may also be affected by overfitting problems, resulting in
insufficient generalization ability on new data. By
combining the advantages of ARIMA and LSTM, the
hybrid model not only retains the memory of historical data
patterns, but also can flexibly respond to new changes in
the market, thereby achieving better stability and
robustness.

Time Complexity Comparison: Training vs Testing Time with Confidence Intervals
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Figure 3: Comparison of time complexity of different models

From Figure 3, there are significant differences in
the performance of different models in terms of training
time and test time. Specifically, the ARIMA model has
the shortest training time, only a few minutes, but its test
time is also relatively short, showing the efficiency of
the model in processing data. In contrast, the LSTM
model has the longest training time, close to 120
minutes, which is mainly due to the need for LSTM to
optimize the complex neural network structure through
a large number of iterations to capture long-term
dependencies in the time series. However, the test time
of LSTM is relatively low, about 0.5 seconds, indicating
that once the model training is completed, it is able to
quickly generate prediction results.

The training time of the Random Forest and SVR
models is between ARIMA and LSTM, about 40
minutes and 30 minutes respectively. Although these
models need to process a large number of features and
parameters during training, their test time is short, 0.2

seconds and 0.3 seconds respectively, showing good real-
time prediction capabilities. The training time of the
XGBoost model is slightly longer than that of the Random
Forest and SVR, about 60 minutes, but its test time is also
short, 0.1 seconds, thanks to its efficient gradient boosting
algorithm.

The training time of the hybrid model is the longest,
close to 140 minutes, because the hybrid model combines
the advantages of multiple methods, including ARIMA
and LSTM, to improve prediction accuracy. Despite the
long training time, the test time of the hybrid model is only
0.6 seconds, showing its high efficiency and reliability in
practical applications. Overall, although the hybrid model
takes more time in the training phase, it performs well in
the testing phase and can provide high-precision prediction
results in a short time. It is suitable for application
scenarios that require high accuracy and real-time
response.
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Figure 4: Visualization analysis results

From the visualization analysis results in Figure 4, it
can be seen that the hybrid model performs significantly
better than other baseline models in stock price prediction.
Specifically, the prediction curve of the hybrid model
(blue solid line) is highly consistent with the actual stock
price (red solid line), especially in the period of large
fluctuations, the hybrid model can accurately capture the

rising and falling trends of prices. In contrast, although the
ARIMA model (orange dotted line) performs well in some
stable stages, the prediction error is large when the price
fluctuates violently; although the LSTM model (blue
dotted line) can capture some short-term fluctuations,
there are deviations in long-term trend prediction; the
random forest model (green dotted line) and the SVR
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model (purple dotted line) have obvious prediction
deviations at multiple time points; although the XGBoost
model (yellow dotted line) performs well in some local
areas, it is still not as stable as the hybrid model overall.

From the perspective of time complexity, different
models have significant differences in training time and
testing time. The training time of the hybrid model is
longer, about 140 minutes, while the training time of the
ARIMA model is only 2 minutes and the training time of
the LSTM model is 120 minutes. In terms of testing time,
the testing time of the hybrid model is 0.6 seconds, the
testing time of the ARIMA model is 0.05 seconds, and the
testing time of the LSTM model is 0.5 seconds. For some
application scenarios with high real-time requirements,
such as high-frequency trading, the testing time of the
model is more critical. Although the training time of the
hybrid model is longer, it can quickly generate prediction
results in the testing phase and has high real-time
prediction capabilities. However, for some application
scenarios with slow data updates and low requirements for
model training time, longer training time may be
acceptable. The longer training time of the hybrid model
is indeed an issue that needs to be considered in practical
applications. For application scenarios with extremely
high real-time requirements such as high-frequency
trading, the model needs to predict a large amount of data
in a short time, and a shorter testing time is more important
at this time. Although the training time of the hybrid
model is long, it can quickly generate accurate prediction
results during the testing phase, so it still has certain
advantages in such applications. However, for some
application scenarios such as long-term investment
analysis or market trend forecasting, data updates are
relatively slow, and the training time requirements for the
model are not high. At this time, more attention can be
paid to the prediction accuracy of the model. In this case,
although the training time of the hybrid model is long, it
can provide more accurate prediction results by
comprehensively considering multiple factors, so it is also
a good choice. Therefore, in actual applications, we need
to comprehensively consider factors such as model
training time, test time, and prediction accuracy according
to specific application scenarios and needs, and select the
most appropriate model.

From the experimental results, the hybrid model
performs best in the four evaluation indicators of mean
square error (MSE), root mean square error (RMSE),
coefficient of determination (R2), and mean absolute error
(MAE). Lower MSE and RMSE values indicate that the
error between the predicted value and the true value of the
hybrid model is small, that is, the model has high
accuracy. Higher R2 values indicate that the hybrid model
can fit the data well and explain most of the changes in the
data. This also reflects that the model has good
generalization ability and can maintain good prediction
performance on different data. The lower MAE value
indicates that the prediction error of the hybrid model is
relatively stable and will not fluctuate greatly. By
comprehensively analyzing these indicators, we can
conclude that the hybrid model is not only accurate, but
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also has good stability and generalization ability. At the
same time, we can also see that there is a certain
correlation between these indicators. For example, lower
MSE is usually accompanied by lower RMSE and MAE,
and higher R2 is also associated with lower error
indicators. These relationships further illustrate the
complementary and comprehensive role of these
indicators in evaluating model performance.

4.4 Discussion

There are significant differences in the performance
of different models in terms of training time and test time.
These differences not only reflect the computational
complexity and efficiency of each model, but also reveal
their applicability and limitations in practical applications.
Due to its simplicity and linear assumption, the ARIMA
model only takes a few minutes in the training phase and
the test time is also very short, which makes it an ideal
choice for fast prediction. However, ARIMA is limited in
its ability to handle nonlinear relationships and complex
patterns, resulting in insufficient prediction accuracy in
volatile market environments. In contrast, although the
LSTM model takes a long time to train (nearly 120
minutes), it can effectively capture long-term
dependencies in time series, especially for highly volatile
and long-term trending data sets such as the stock market.
Although the training cost of LSTM is high, its test time
is short (about 0.5 seconds), indicating that once training
is completed, it can quickly generate prediction results and
is suitable for application scenarios that require high-
precision predictions. The random forest, SVR, and
XGBoost models are in between, with relatively moderate
training times of about 40 minutes, 30 minutes, and 60
minutes, respectively. These models can handle complex
nonlinear relationships through ensemble learning
methods or kernel function mapping, and perform well on
multiple evaluation indicators. Especially XGBoost, its
efficient gradient boosting algorithm makes it highly
efficient and accurate in both training and testing stages.
The hybrid model combines the advantages of ARIMA
and LSTM, retaining the memory of historical data
patterns while being able to flexibly respond to new
changes in the market. Although the training time of the
hybrid model is the longest (nearly 140 minutes), its test
time is only 0.6 seconds, showing extremely high
prediction accuracy and stability. The hybrid model can
provide stable and accurate prediction results in all time
periods and is suitable for application scenarios that
require high accuracy and real-time response. In summary,
the selection of a suitable model should comprehensively
consider the training and testing time, prediction accuracy,
and application scenario requirements. For short-term
prediction tasks that require fast response, ARIMA may
be the best choice; while for long-term prediction tasks
that require high accuracy and stability, the hybrid model
performs well. Future research can further explore how to
optimize the training process of the hybrid model to
shorten the training time without sacrificing prediction
performance, thereby improving its practical value.
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To improve the interpretability of the LSTM model,
we introduced SHAP (SHapley Additive exPlanations)
analysis. Through the SHAP value, we can clearly see the
contribution of each input variable to the prediction result.
For example, in stock price prediction, the SHAP value of
the closing price is the most prominent among all input
features, indicating that it has the greatest impact on the
prediction result. The second is the opening price, while
the SHAP value of the trading volume is relatively low.
This result intuitively shows the focus of the model when
processing input information, helps us better understand
the decision-making process of the model, and provides a
strong basis for further optimization of the model and
feature selection.

Computational cost analysis: In terms of
computational cost, we compared the hybrid model with
the Transformer-based method. The Transformer-based
method has efficient parallel computing capabilities when
processing sequence data, and theoretically has the
potential to reduce computational costs. However, after
experimental comparison, although the Transformer
model has a shorter training time than our hybrid model,
for example, the training time can be shortened to about
90 minutes, its MSE in prediction accuracy has reached
0.03, which is significantly higher than 0.01 of our hybrid
models. This shows that in our stock market prediction
scenario, although the Transformer method has certain
advantages in computational efficiency, it pays a greater
price in accuracy. Therefore, considering accuracy and
computational cost, our hybrid model has a better trade-
off in practical applications.

Unsolved overfitting risk: In order to address the
overfitting risk of the hybrid model, we pay close attention
to the trend of validation loss during training. From the
training curve, it can be seen that in the early stage of
training, the validation loss decreases rapidly as the
training progresses, which is basically consistent with the
trend of training loss. However, in the later stage of
training, the validation loss gradually stabilizes and there
is no obvious upward trend, which indicates that the
overfitting problem has been effectively controlled. We
use a dropout rate of 0.2 in the model. By randomly
dropping the connections of some neurons, the complex
co-adaptation relationship between neurons is reduced,
thereby reducing the risk of overfitting. At the same time,
we also constrained the model weights with L2
regularization to further limit the complexity of the model
and ensure that the model can maintain good
generalization ability on complex stock market data.

The hybrid model performs particularly well in the
Chinese market, and there are many economic reasons
behind this. From the perspective of market efficiency, the
investor structure of China's A-share market is relatively
complex, including a large number of individual investors
and institutional investors, and the information
dissemination and market response mechanisms are
unique. Compared with the US and European markets, the
Chinese market is more significant in terms of policy
impact, and the adjustment of macroeconomic policies
often causes large fluctuations in the stock market. In
terms of trading volume, the trading activity in the Chinese
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market is relatively high, which provides rich data
information for the model and helps the model to better
learn market laws. From the perspective of volatility, the
fluctuation cycle and amplitude of the Chinese market are
different from those of other markets. The hybrid model
can better capture this unique fluctuation pattern, using
ARIMA's grasp of linear trends and LSTM's learning
ability for complex fluctuations to accurately adapt to the
characteristics of the Chinese market, thereby achieving
excellent prediction results.

In order to more comprehensively evaluate the
practical feasibility of the model, we included financial
performance indicators. Through the calculation of Sharpe
ratio, we found that the Sharpe ratio of the hybrid model
in different markets is higher than that of the traditional
model. For example, in the US market, the Sharpe ratio of
the hybrid model reached 1.2, while the ARIMA model
was only 0.8. This shows that the hybrid model can obtain
higher excess returns when taking unit risk. In the
simulation of trading profitability, assuming that a trading
strategy based on the prediction results of the hybrid
model is adopted, its cumulative return rate in one year of
simulated trading reached 15%, which is significantly
higher than the market average. This further proves the
application value of the hybrid model in actual financial
transactions and can provide investors with more
profitable decision support.

In practical applications, the model has broad
application prospects. In the field of algorithmic trading,
the model can analyze market data in real time,
automatically execute trading strategies according to the
prediction  results, quickly capture investment
opportunities, and improve trading efficiency and
profitability. In terms of portfolio management, through
the prediction of different stocks, investors can optimize
the configuration of the portfolio, reduce risks and
improve overall returns. For example, according to the
model prediction, increase the proportion of holdings of
stocks predicted to rise and reduce the holdings of stocks
predicted to fall. In risk assessment, the model can predict
market fluctuations in advance, help investors and
financial institutions adjust risk exposure in a timely
manner, formulate reasonable risk management strategies,
and effectively reduce potential losses.

We conducted ablation studies to quantify the
contributions of ARIMA and LSTM components. The
independent ARIMA model has an MSE of 0.04 when
processing linear trend data, and performs poorly in
capturing complex nonlinear relationships. The
independent LSTM model has an MSE of 0.03, which can
handle nonlinear fluctuations well, but the grasp of linear
trends is not accurate enough. The MSE of the hybrid
model is only 0.01, which combines the advantages of
both and far exceeds the single model in terms of
prediction accuracy. This shows that the linear trend
capture ability of ARIMA and the nonlinear relationship
processing ability of LSTM complement each other in the
hybrid model, and jointly improve the model's ability to
process stock market data, which fully proves the
effectiveness and superiority of the hybrid model.
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In this study, we compared the proposed ARIMA-
LSTM hybrid model with some of the best (SOTA)
models in the current stock market forecasting field.
Although no specific SOTA model was explicitly included
in the experiment for direct comparison, by comparing
with traditional time series models (such as ARIMA) and
common machine learning models (such as LSTM,
random forest regression, SVR, XGBoost regression), we
can infer the advantages of the hybrid model under
different market conditions.

In different market environments, such as the US
stock market, China A-share market, and European stock
market, the hybrid model showed excellent performance.
Taking the China A-share market as an example, the mean
square error (MSE) of the hybrid model is only 0.02,
which is much lower than other comparison models. This
is mainly attributed to the hybrid model's ability to
effectively combine ARIMA's ability to capture linear
trends and LSTM's ability to learn nonlinear relationships
and long-term dependencies. When the market fluctuates
relatively smoothly, the ARIMA part can accurately grasp
the linear trend and provide a basis for prediction; when
the market fluctuates violently or complex nonlinear
changes occur, the LSTM can fully explore the potential
patterns in the data and adjust the prediction results.

Through the Wilcoxon signed rank test, we verified
the statistical significance of the performance
improvement of the hybrid model compared with other
models. At a confidence level of 95%, the hybrid model
significantly outperformed the traditional model in
evaluation indicators such as MSE, RMSE, R2 and MAE.
This shows that the advantages of the hybrid model are not
accidental, but are statistically reliable.

However, we are also aware that the hybrid model
has potential overfitting problems. From the perspective
of model structure, the multi-layer network structure and
large number of parameters of LSTM increase the risk of
overfitting. Although we use regularization techniques
such as Dropout in the model, we still need to pay close
attention to the trend of validation loss during training. By
monitoring the loss of the training set and validation set,
we found that the validation loss remained stable in the
later stage of training and did not show an obvious upward
trend, which to some extent shows that the overfitting
problem has been effectively controlled. However, in
future research, more effective regularization methods or
model structure optimization can still be further explored
to further improve the generalization ability of the model
and ensure stable and accurate stock market prediction
under different market conditions.

The model achieved a high R2 value (0.93) on the test
set. Although it shows that the model has a good goodness
of fit, it is also necessary to be vigilant about potential
overfitting problems. For further exploration, by
analyzing the residual distribution, it is found that the
residual approximately follows a normal distribution and
the mean is close to 0, which to a certain extent shows that
the model has a good fitting effect. At the same time, by
comparing the changes in the R2 values of the training set

and the test set under different training rounds, in the early
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stage of training, the two rose synchronously. As the
training progressed, the R2 of the training set continued to
rise, while the R2 of the test set remained relatively stable
after reaching 0.93, without a significant decline.
Combined with other evaluation indicators (such as MSE
and RMSE performed well on the test set), it is
comprehensively judged that the model has no serious
overfitting, and the high R2 value truly reflects the model's
effective fitting ability for the data.

As mentioned above, the hybrid model combines the
advantages of ARIMA and LSTM, performs well in
processing the linear and nonlinear characteristics of stock
market data, and has significant advantages over
traditional models. Further discussion here... (New
insights and extended analysis to follow)

The hybrid model training takes 125 minutes,
significantly longer than the baseline model. This is
mainly due to its complex structure, which requires
running both ARIMA and LSTM model components at
the same time. Although the ARIMA part is relatively
simple to calculate, it takes a certain amount of time to try
and evaluate multiple parameter combinations in the
process of determining the optimal order (suchasp =2, d
=1, q = 1). The LSTM part has a large amount of
computation due to its multi-layer structure (3 hidden
layers, 128 neurons in each hidden layer), which requires
processing a large amount of sequence data and learning
complex nonlinear relationships and long-term
dependencies. In practical applications, you can consider
using distributed computing or more efficient hardware
acceleration (such as using NVIDIA A100 GPU) to
shorten the training time. After testing, using A100 GPU
can shorten the training time by about 30%.

In practical applications, hybrid models have certain
requirements for computing resources. During the model
training phase, since it involves a large amount of data
processing and complex calculations, it is recommended
to use a computing device with a multi-core CPU (such as
Intel Xeon Platinum 8380, which has 40 cores) and a high-
performance GPU (such as NVIDIA A100). Taking the
training of this hybrid model as an example, on a
workstation equipped with the above hardware, the
training time can be controlled within an acceptable range.
During the model deployment phase, for scenarios with
high real-time requirements, such as high-frequency
trading, it is necessary to ensure that the server has
sufficient memory (at least 128GB) and fast network
transmission capabilities to ensure that the model can
respond quickly and output prediction results.

5 Conclusion

This study explores the application effect of the
hybrid model based on ARIMA and LSTM in stock
market forecasting and makes a comprehensive
comparison with several traditional models. The
experimental results show that the hybrid model has
significant advantages in many aspects. First, in terms of
prediction accuracy, the mean square error (MSE) of the
hybrid model is 0.01, the root mean square error (RMSE)
is 0.11, the coefficient of determination (R2R2) reaches
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0.93, and the mean absolute error (MAE) is 0.07, which
are better than other baseline models. This proves that the
hybrid model can more accurately capture the short-term
fluctuations and long-term trends of the stock market,
especially for complex and highly volatile financial
markets. Secondly, the stability test shows that the hybrid
model performs very stably in different time periods, and
its average values of MSE, RMSE, R2R2 and MAE are
0.02, 0.15, 0.91 and 0.08 respectively, indicating that it
can maintain a high prediction quality under various
market conditions. In contrast, although traditional models
such as ARIMA and SVR perform well in some stable
stages, they have large prediction errors when prices
fluctuate violently; while random forests and XGBoost
have certain advantages in dealing with nonlinear
relationships, they are still inferior to hybrid models in
overall stability. In addition, time complexity analysis
reveals the differences in computing resource
requirements among the models. Although the training
time of the hybrid model is long (about 140 minutes), its
test time is only 0.6 seconds, showing efficient real-time
prediction capabilities. This high efficiency makes the
hybrid model more practical in practical applications,
especially in high-frequency trading scenarios that require
fast response and high-precision prediction. Feature
importance evaluation shows that the hybrid model
focuses more on the information of price changes
themselves, such as opening price, closing price, highest
price and lowest price, while the importance score of
trading volume is lower. This shows that the hybrid model
can better understand the market's immediate sentiment
and technical form, providing a direction for subsequent
research.
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The analysis of swimming techniques has become increasingly significant for enhancing performance
metrics and optimizing training methods. This study presents a novel approach to evaluate and select
the optimal technology for swimming technique analysis by employing a Multi-Criteria Decision-Making
(MCDM) framework within a hesitant bipolar fuzzy environment. Traditional evaluation methods often
fail to handle expert evaluations’ inherent uncertainty and hesitation. To address this gap, our approach
integrates hesitant bipolar fuzzy sets, effectively capturing expert judgements with high precision and
flexibility. Through this method, we assess a range of technological tools across multiple criteria,
including accuracy, usability, affordability, and real-time feedback capabilities. The results reveal that
the chosen MCDM model achieves an accuracy of 99.2% in aligning with expert preferences, establishing
it as a reliable method for ranking swimming analysis technologies. Moreover, our findings indicate that
Technology D outperforms others with a preference score of 0.90, suggesting its suitability for extensive
application in sports training environments. This study not only highlights the effectiveness of hesitant
bipolar fuzzy sets in sports technology evaluation but also provides a robust framework for similar

applications across other domains where decision-making under uncertainty is critical.

1 Introduction

Swimming has become a significant area in sports science,
and applying technology in performance analysis could
greatly benefit the elite sports performer and the coach [1].
The application of technology in handling swimming skills
and styles is of particular importance and relevance, where
better strategies can be developed, or wrong ones are re-
moved, and the biomechanics and postural efficiency of
movements are enhanced [2]. Hence, choosing this particu-
lar technology for the above-mentioned purpose is consid-
ered essential but not easy because of the variety of tech-
nologies, and selecting the best among them implies the
problems of defining the performance evaluation criteria
[3] [4].

In recent years, multi-criteria decision-making (MCDM)
models have gained recognition as promising tools in as-
sessing technologies since they enable decision-making
based on several criteria [S]. However, most previous
works in the MCDM area fail to capture the inherent
stochasticity and conservatism that usually accompany the
rating process, mainly when the domain highly depends
on an expert’s opinion [6]. Regarding this, hesitant bipo-
lar fuzzy sets (HBFS), a new acquisition to the fuzzy set
theory, have proved to apply these subjective factors more
efficiently since the HBFS capture both positive and nega-
tive aspects of the experts [7]. This study uses HBFS for the

first time in the MCDM process to overcome the challenges
caused by evaluating swimming analysis technology, mak-
ing it unique [8].

1.1 Research gap

Recent works in sports science and technology literature
on performance analysis examine different methods where
tools include wearable technologies, video technology sys-
tems, and biomechanical models [9]. However, the models
employed to assess and validate these tools’ readiness po-
tential and make decisions regarding selecting appropriate
technology depend on the conventional MCDM techniques,
including the analytic hierarchy process (AHP), the tech-
nique for order preference by similarity to the ideal solu-
tion (TOPSIS), and many other similar models [10]. These
methods have limitations when applied to expert evalua-
tions in complicated sports environments [11]. Firstly, most
traditional MCDM approaches have drawbacks in solving
the issues of hesitation and bipolarity of specialists’ opin-
ions. The specialists might be cautious when delivering
quantitative assessments, even when new technologies or
unknown approaches are used [12]. Furthermore, in the
evaluation of technology related to sports analysis, it can be
observed that the perceptions of specialists consist of value
judgments that contain positive and negative elements that
differ with respect to the criteria, which facts substanti-
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ate the bipolar character of the judgment and are not ad-
equately incorporated into conventional methods [13]. The
above-cited studies, therefore, failed to provide comprehen-
sive coverage of the whole range of subjectively perceived
factors essential when selecting the most suitable technolo-
gies for swimming technique analysis, which points to a
research gap [14]. A key objective is to demonstrate the
model’s capacity to replicate expert preferences with high
accuracy. As detailed in the results, the proposed method
achieves a 99.2% alignment with expert rankings, indicat-
ing its robustness and applicability for real-world decision
support in sports technology assessments.

1.2 Limitations of previous studies

Previous research on technology evaluation in sports sci-
ence has encountered several notable limitations:

1. Inability to capture expert hesitation: Standard
MCDM frameworks assume that experts provide
definitive judgements, overlooking the reality that ex-
perts may feel hesitant in ranking or scoring certain
technologies due to limited familiarity or mixed feel-
ings about specific tools.

2. Lack of flexibility in decision modeling: The absence
of advanced fuzzy logic in conventional models re-
stricts their capacity to adapt to varied, subjective eval-
uations that experts may provide, particularly in set-
tings involving innovative or lesser-known technolo-
gies.

3. Insufficient support for bipolar opinions: Traditional
MCDM approaches, which rely on single-directional
preference scales, lack the functionality to handle
bipolarity, where experts simultaneously consider the
positive and negative aspects of each option. This lim-
itation can lead to overly simplistic evaluations that
fail to reflect the true complexity of expert opinions.

4. Low accuracy in reflecting expert preferences: As a
consequence of the above limitations, previous frame-
works have demonstrated lower alignment with ac-
tual expert preferences, reducing the reliability of the
decision-making process.

Given these limitations, the current study proposes a hes-
itant bipolar fuzzy MCDM framework to enhance technol-
ogy evaluation’s flexibility, precision, and accuracy in the
context of swimming technique analysis. The main data
source for evaluating swimming analysis technologies con-
sists of expert assessments, which rate accuracy and usabil-
ity, and feedback quality and cost-effectiveness. The ex-
perts assign their ratings regarding the domain based on
their knowledge, and then the model uses hesitant bipo-
lar fuzzy numbers to capture their dual sentiments and un-
clearness. The initial fuzzy evaluations provided by experts
serve as the fundamental information source for an MCDM
process using HBFS to produce final alternative rankings.
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Expert opinions enter directly into the model without alter-
ing their initial hesitancy through this structure.

1.3 Challenges of the study

Conducting a comprehensive evaluation of swimming anal-
ysis technologies through HBFS MCDM presents distinct
challenges that are crucial to address for effective model
implementation and reliable results. These challenges in-
clude:

— Data collection challenges: Collecting detailed, re-
liable feedback from domain experts, particularly in
fields as specialized as swimming performance anal-
ysis, requires careful consideration of expert back-
ground, expertise level, and subjective bias. Ex-
perts may have varying familiarity levels with differ-
ent technologies, further complicating feedback con-
sistency.

— Handling uncertainty in expert judgments: A core
challenge in using HBFS MCDM is managing uncer-
tainty effectively. Experts may not provide entirely
definitive judgements due to uncertainty in the evalu-
ation criteria or unfamiliarity with some technologies.
HBFS offers a mechanism for handling such uncer-
tainty but requires careful parameterization to ensure
accurate representation.

— Computational complexity and model feasibility: Al-
though HBFS MCDM models enhance the decision-
making process, they also introduce computational
complexities that make them difficult to apply in prac-
tice. For this model to be feasible in real-world scenar-
ios, careful calibration is needed to balance computa-
tional efficiency and decision accuracy.

Addressing these challenges is essential for implement-
ing an effective HBFS MCDM model, ensuring it achieves
the desired accuracy and reliability in technology evalua-
tion.

1.4 Motivation

The primary purpose of this paper is to help fill the research
gap and provide a more elaborate and accurate decision-
supported view on the evaluation of sports technology. Ex-
ploring HBFS in this study propels sports analysis by im-
proving the credibility of decision, while reflecting the un-
certainty and subjectivity of expert judgements in decision
making about technology adoption. This study aims to ob-
tain an optimal solution for evaluating tools for analyzing
swimming technique styles by utilizing advanced fuzzy set
theory in a multicriteria decision-making system. The flex-
ible structure of the framework benefits the broadening use
of the framework in various sports and for technology as-
sessment, and therefore, it spurs its development and re-
search.
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1.5 Novel contributions

This research introduces several novel contributions to the
field of sports science and technology evaluation:

1. Application of hesitant bipolar fuzzy sets in sports
analysis technology evaluation: This study pioneers
HBFS within an MCDM framework, offering a unique
approach for accurately capturing the complexities of
expert opinions in sports technology evaluation.

2. Development of a specialized MCDM model for
swimming technique analysis: By integrating HBFS
into an MCDM model tailored for swimming tech-
nique analysis, this research addresses the unique re-
quirements of the sport, including multi-dimensional
performance criteria, uncertainty in expert judgement,
and the need for high-accuracy decision support.

3. Empirical validation of decision accuracy: Through
rigorous testing and validation, the model demon-
strates a decision accuracy of 99.2%, substantiating its
efficacy in reflecting expert preferences and improv-
ing existing evaluation methods.

These contributions underscore the originality of this
study and its relevance to the broader field of sports technol-
ogy evaluation, where decision-making under uncertainty
is paramount.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews existing literature on MCDM methods, hesi-
tant fuzzy sets, and sports technology evaluation, highlight-
ing relevant studies and theoretical underpinnings. Sec-
tion 3 details the Methodology used in the study, describ-
ing the integration of HBFS within the MCDM framework
and the criteria considered for swimming analysis technol-
ogy evaluation. Section 4 presents the Experimental Re-
sults and Analysis, showcasing model outcomes, accuracy
rates, and comparative assessments against other decision-
making frameworks. Section 5 provides a discussion on
the Implications and Future Research Directions, suggest-
ing areas for further exploration and practical applications
of the proposed model. Finally, Section 6 concludes the
study, summarizing key findings and reaffirming the con-
tributions made to the field.

2 Literature review

The evaluation of advanced decision-making frameworks
in diverse domains continues to gain significance, as it of-
fers insights into addressing complex challenges with pre-
cision. This section explores key studies that highlight
innovative approaches to multi-criteria decision-making
(MCDM) and their applications in various fields.

Alietal. [15] introduced a new method for solving multi-
faceted decision-making issues, which can be especially
useful in economic matters, energy supply and demand
challenges, and the population’s resource scarcity. To de-
velop more effective models for solving complex problems,
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their study proposed the Spherical Fuzzy Bipolar Soft Sets
(SFBSSs) model. It was suggested that this model be used
instead of the proposed spherical fuzzy set hybridizations
because those do not handle information equally in a bipolar
setting. They provided empirical evidence of SFBSSs and
showed how such models could be used by working through
a real-life corporate decision-making problem—the selec-
tion of a chief management officer. Their research also
looked at other features and functions of SFBSSs, such as
subset, complement, relative null and absolute set, extended
union and intersection, and restricted union and intersec-
tion [16]. To explain why operations like AND and OR are
valid, primary number results like commutativity, associa-
tivity, and distribution, along with De Morgan’s laws, were
used in the context of the SFBSS environment. Addition-
ally, they studied a multiple-attribute decision approaching
hierarchy ranking downstream fish passage designs for hy-
droelectric utilities where the objectives reflected an opti-
mal tradeoff between the hydropower and ecological im-
pacts on fish migration. Their comparison established the
usefulness of the SFBSS model in outcompeting other ap-
proaches; it is also invariant to negative, neutral, and posi-
tive memberships under volatile conditions.

In a multicriteria assessment of technologies of sea-
water electrolysis for green hydrogen production at sea,
D’Amore-Domenech et al. [17] focused on the benefits
of using maritime renewable sources for power produc-
tion. Nevertheless, several benefits, marine renewables,
when combined with electrolysis technology, remain un-
profitable for commercial purposes. The study’s goal was
to find out which of the listed electrolysis technologies
looked most promising based on economic, environmen-
tal, and social approaches, given that it is often difficult
to achieve the best result in all the aspects listed above.
To accommodate this, the researchers used multicriteria
decision-making (MCDM) techniques, and while its appli-
cation is efficient, it sometimes serves as a source of in-
coherent analysis. To overcome this, the study used five
different MCDM techniques, and the reliability of the re-
sults was boosted by ensuring that the ranking algorithms
were consistent. A survey analysis of the study pointed out
that PEM electrolysis suits seawater electrolysis in the short
run, as demonstrated by its provision of a reasonable oppor-
tunity for green hydrogen application in combination with
marine renewable sources.

Abdullah et al. [18] proposed the establishment of a
causal relationship between criteria influencing water se-
curity based on the intuitive fuzzy decision-making trial
and evaluation laboratory (IF-DEMATEL) technique. This
work differs from the basic concept of DEMATEL by using
IFNs instead of crisp numbers because the degree of hesi-
tation is inherent in the experts’ estimations. According to
the mentioned variables, influences were collected from the
water security professionals through one-to-one interviews
concerning seven criteria in water security using the three
tuples of IFNs. Operating IF-DEMATEL through special-
ized software enabled the computational aspect, producing
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a causal relationship map. The evaluation concluded that
“over-abstraction,” “saltwater intrusion,” and “limited in-
frastructures” were initial causes of water insecurity and
that “water pollution” and “rapid urbanization” were pri-
mary criteria most sensitive to other circumstances in the
system. Thus, the study’s findings can help practice water
security management and generate research on using mod-
ified DEMATEL with IFNSs, illustrating critical issues for
policymakers.

Du and Yang [19] introduced the method of advanced
market risk assessment of SMEs based on the IVIFHIPG
technique. This method cannot only solve the problem
that SMEs’ development scale and system are often lim-
ited in China but also can not form competitive strength
and sustainable development capability. Recognising the
centrality of risk management, the authors defined mar-
ket risk evaluation as a multiple attribute decision mak-
ing (MADM) problem under uncertainty. To capture un-
certainty, the authors used interval-valued intuitive fuzzy
sets (IVIFSs), which provide a means for expressing un-
certain data in the context of market risk evaluation [20].
Explorations of the options and features of the IVIFHIPG
technique were made, and a case study was presented to
demonstrate the technique’s effectiveness in SMEs’ mar-
ket risk appraisal. The main contributions of the study are
the development of the IVIFHIPG model, demonstration
of its practical usage for evaluating market risk, carrying
out comparative analysis to determine the efficiency of the
method and thus the applicability of various risk assess-
ments under uncertainty for SMEs, and proposing the I'V-
IFHIPG to support SMEs in intensively competitive mar-
kets.

Mao [21] came up with a more sophisticated method
to gauge the operational effectiveness of businesses that
combine industry and finance using the Interval-Valued
Intuitionistic Fuzzy Hamacher Interactive Power Averag-
ing (IVIFHIPA) technique. Given the rising competi-
tive pressures experienced by enterprises as a result of
economic globalization, enterprises’ financial management
faces pressures toward change [22]. This study integrates
industry finance, an emerging strategy that seeks to improve
the effectiveness of financial management and control, re-
duce risks, and improve the capacity of industries. He
deliberated the operational quality evaluation of such en-
terprises as a multiple attribute decision-making (MADM)
problem under uncertainty with the help of IVIFSs to han-
dle vague and uncertain information. So, the IVIFHIPA
technique was created to combine the Interval-Valued In-
tuitionistic Fuzzy Hamacher Interactive Weighted Averag-
ing method with the traditional power average method. It is
more accurate and flexible than MADM processes. The IV-
IFHIPA technique was evaluated in terms of its properties
and parameters, and it was tested with a real-life example
of evaluating operational quality for combining finance and
industry using lean management accounting. He pioneered
the IVIFHIPA model’s development, validation, and use to
increase operational quality assessments in complex, inter-

X. Liang

faced financial systems.

The literature reveals significant advancements in
decision-making frameworks, addressing various chal-
lenges across diverse applications. By analyzing these stud-
ies, this paper positions itself to build on existing method-
ologies while addressing unresolved gaps, thereby advanc-
ing the domain of multi-criteria decision-making. Table
1 provides the comparison of state-of-the-art methods for
swimming technology evaluation.

3 Methodology

This research establishes a method for analyzing and com-
paring the best technology for swimming technique analy-
sis based on a multi-criteria decision-making (MCDM) ap-
plication under the hesitant bipolar fuzzy context. This is so
because the methodology adopts hesitant bipolar fuzzy sets
(HBFS) together with MCDM to deal with the uncertain na-
ture of the expert assessments where both the positive and
negative parts of the subjective assessments are captured.
By combining fuzzy set theory and MCDM, the approach
emphasizes the technologies based on criteria like accu-
racy, usability, economic feasibility, and feedback quality,
which are required to judge the swimming analysis tools.
It presents a transparent and integrated framework that can
address decision-making problems in situations that require
defuzzified but subtly different expert opinions.

3.1
3.1.1 Hesitant bipolar fuzzy sets (HBFS)

Mathematical foundation of the model

Hesitant bipolar fuzzy sets (HBFS) offer a mathematical
structure to handle complex evaluations involving both hes-
itation and bipolarity, representing positive and negative
opinions about a given attribute. For an attribute x in
an HBFS A, the membership 124 (z) and non-membership
v4(z) degrees are defined as intervals:

pa(r) = [pi (), ng ()]
va(z) = [v(z),v{(2)]

where p5 (x) and pY () are the lower and upper bounds
of the membership interval, while v4(z) and vY (z) repre-
sent the bounds of the non-membership interval. The hes-
itation degree w4 () reflects the uncertainty and is calcu-
lated as:

ma(r) =1 - pz(z) — vy (o) M

This hesitation component provides a nuanced approach
to handling ambiguous expert judgments, where opinions
may not be entirely positive or negative.

3.1.2 Bipolar fuzzy aggregation

In the evaluation process, hesitant bipolar fuzzy aggrega-
tion captures expert preferences by adjusting the interaction
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Table 1: Comparison of state-of-the-art methods for swimming technology evaluation

73

Cost-effectiveness

and bipolarity
opinions

in expert

Method Performance Metrics Limitations Suitability for Swimming
Analysis
AHP [13] Accuracy, Usability, | Fails to capture hesitation | Suitable for general MCDM

but inadequate for capturing
expert uncertainty in sports
contexts

TOPSIS [?]

Performance alignment
with  ideal  solution,
Usability

Assumes crisp judgements,
lacks flexibility for complex
decisions

Limited in dealing with sub-
jective or ambiguous expert
feedback

Fuzzy AHP [?]

Accuracy, Decision sup-
port efficiency

Does not adequately address
uncertainty in expert judge-
ment

Can be used but does not
fully integrate the complex-

ities of hesitant and bipolar
evaluations

Spherical Fuzzy Sets
[15]

Robust decision-making
in uncertain environ-
ments

Inability to reflect both pos-
itive and negative aspects of
expert opinions

Limited in addressing both
the positive and negative di-
mensions required in tech-
nology evaluation

Our Method (HBFS
MCDM)

99.2% accuracy, Flexi-
bility in expert evalua-
tion, Real-time applica-
bility

Computational complexity,
Need for expert calibration

Fully  captures  expert
hesitation and bipolarity,
addresses gaps in previ-
ous methods by offering
a flexible, high-accuracy
framework

between membership and non-membership values. For ex-
ample, combining two HBFS A and B with membership
and non-membership intervals can be achieved using spe-
cific aggregation operators:

pa(x) - pp()

,UAﬂB (x) = )\

va(z) +vp(z) —va(z) - vp()

+ (1= A)(pa(@) + pp(x) = pal@) - pp(2))
2

VAUB(Jf)

A3)

where A is the interaction parameter that controls the
level of influence between the attributes.

3.1.3 Illustrative example of HBFS aggregation

To enhance understanding of the hesitant bipolar fuzzy
weighted averaging (HBFWA) operator, we present a sim-
ple numerical example. Suppose we have three hesitant
bipolar fuzzy elements (HBFEs) associated with a criterion:

- hy = {(0.6,-0.2), (0.5, —0.1)}
— hy = {(0.7,-0.3)}
— hs = {(0.4,-0.4), (0.5, —0.2)}

with corresponding weights:

w1 = 037 wg = 04, w3 = 0.3

T A+ (=) (va(@) + vp(@) —valz) - vs(2))

First, compute the average positive and negative mem-
bership values for each HBFE:

. 06405 0.2+ (—0.1)

avg, = 5 =0.55, avg, = 5 =—-0.15
avgz2 =0.7, avg, =-03
0.440.5 —04+(—0.2
avgz3 = + =045, avg, = # =-0.3

Now, aggregate the values using the weighted average:

u+ =wy -0.55 4+ wy - 0.7+ w3 -0.45
=0.165+0.28 4 0.135 = 0.58
,UJ7 = Wy - (—015) =+ wo - (—03) + ws - (—03)
= —0.045 — 0.12 — 0.09 = —0.255
Thus, the aggregated HBFE is:
h* = (0.58,—0.255)

This step-by-step example clarifies how hesitant bipolar
fuzzy information is combined using the HBFWA operator,
as employed in the proposed decision-making framework.

3.2 Construction of the MCDM model for
swimming technology evaluation

The model employs the hesitant bipolar fuzzy interac-
tive averaging (HB-FIA) technique to evaluate criteria
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for swimming technology. Each technology is evaluated
by weighting attributes such as accuracy, usability, cost-
effectiveness, and feedback quality. Given a set of at-
tributes Aq, Ao, ..., A, and weights wy, wa, ..., w,, the
aggregated values are calculated as follows:

1 wi

n =7
HB-F[A(Al,AQ,...,An): <H’U/Al(x)wz) ,
=1

n ST
<H VA, (:v)wi)
=1

“4)
The HB-FIA technique allows for weighted aggregation,
balancing each attribute’s impact according to its impor-
tance in the decision process. A total of four evaluation fac-
tors were chosen to assess swimming analysis technologies:
accuracy combined with usability and cost-effectiveness
along with feedback quality. The accuracy rate is essen-
tial to conduct proper performance assessments and correct
techniques. Both athletes and coaches can easily use the
technology due to its usability design characteristics that
eliminate the need for extensive training or technical sup-
port. The price of the tools stands as a crucial factor for
allowing institutions and individuals who have limited re-
sources to access them. The quality of feedback demanded
by athletes and coaches needs to be high in order to pro-
vide performance-enhancing insights on schedule. Cogni-
tive metrics that emphasize resistance against diverse en-
vironmental aspects, including water turbulence, pool con-
figurations and lighting variations, were added as supple-
mental evaluation criteria. This upgrade considers realistic
operational obstacles affecting these systems in the field,
enabling enhanced evaluation framework comprehensive-
ness.

3.2.1 Properties of the HB-FIA technique

— Sensitivity to Attribute Interactions: The HB-FIA
technique accounts for weighted influences, making it
adaptable to various levels of attribute significance.

— Enhanced Decision Precision: By integrating HBFS,
the model effectively represents both positive and neg-
ative judgments across criteria, capturing the full spec-
trum of expert opinions.

3.2.2 Parameterization of HBFS model

To ensure replicability and procedural transparency, we
define the parameterization steps adopted in applying the
HBFS-based MCDM framework. First, expert weights
were obtained using a linguistic scale mapped to triangu-
lar fuzzy numbers, which were subsequently converted into
normalized crisp values via a defuzzification process. Sec-
ond, for each criterion, experts provided a set of bipolar hes-
itant values representing both positive and negative mem-
bership degrees. These values were aggregated using the
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HBFS averaging operator. The hesitation degrees were
constructed by recording multiple values for each expert’s
judgment under uncertainty. Each set was transformed into
a bipolar structure, where the positive set indicated support
and the negative set indicated opposition to an alternative
under a specific criterion. A threshold 7 was set at 0.5 to
distinguish between dominant and non-dominant evalua-
tions, and normalization was applied across all criteria to
maintain comparability.

3.3 Algorithm for implementing the
HB-FIA model

The following algorithm details the steps involved in us-
ing the HB-FIA model for ranking swimming analysis tech-
nologies:

Algorithm 1 Detailed Implementation of the HB-FIA
Method

Require: Expert evaluations £ = {ej, e, .
criteria C' = {c1,¢2,...,¢m}
Ensure: Final ranking of alternatives
1: Step 1: Normalize the hesitant bipolar fuzzy evalua-
tions under each criterion.
2: Step 2: Construct hesitant bipolar fuzzy decision ma-

.., €n} under

trix D = [d;;], where d;; represents the positive and
negative membership degrees for alternative ¢ on crite-
rion j.

3: Step 3: Compute criterion weights w; either via
expert-assigned values or using entropy/objective
methods. For this study, expert-assigned weights re-
flecting real-world preference sensitivity are used.

4: Step 4: Apply aggregation operator (e.g., HBFAWA)
on D using weights w; to obtain aggregate scores for
each alternative.

5: Step 5: Defuzzify the aggregate hesitant bipolar fuzzy
values to obtain crisp utility values.

6: Step 6: Rank alternatives based on defuzzified values.

3.3.1 Pseudo-code of the HBFS-MCDM algorithm

Note on Weighting Strategy: The weights assigned to
each criterion reflect expert judgments on their relative im-
portance. Since these are inherently subjective, the model
integrates them proportionally into the aggregation pro-
cess to preserve the integrity of domain-specific knowl-
edge. This approach aligns with the principle of preference-
sensitive decision-making often required in expert-driven
sports technology evaluations.

3.4 Illustrative example of HB-FIA
application

To demonstrate the model, we consider three key attributes
in the context of swimming technology: accuracy, usability,
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Algorithm 2 HBFS-MCDM Algorithm

1: Input: Setofalternatives A = {41, Aa, ..., A, }, cri-
teria C' = {C1,Cs, ..., Cy}, weights w;, and hesitant
bipolar fuzzy decision matrix D = [h;;]

2: for each alternative A; do

3 for each criterion C'; do

4: Extract HBFE h;; and compute average posi-
tive and negative membership values: /1;;, i

5: end for

6: end for

7: Aggregation: Apply HBFWA or HBFPWA to obtain
h¥ = (u;, pu; ) for each A;

8 Scoring: Compute score function S(h}) = pui + p;

9: Ranking: Rank all alternatives based on descending
order of S(h})

10: Output: Ranked list of alternatives

and feedback quality. Suppose the membership and non-
membership intervals for each attribute are as follows:

(@) = 0.7,0.9),
KA, (‘T) = [06308]3
KA (1’) = [087095]7

z) =[0.1,0.2]
VA, I’) = [02,03]
va,(z) = [0.05,0.15]

VAl

—~~

Using the assigned weights w; = 0.4, wo = 0.3, and
wz = 0.3, the aggregated values are calculated using the
HB-FIA technique, yielding a final evaluation score for
each technology.

[Input: Define evaluation criteria and assign weights]

!

[Determine membership and nen-membership intervals]

|

[Apply bipolar aggregation using fuzzy Iogic]

|

[Compute HB-FIA aggregated values]

|

[Output: Final evaluation scores for technolegies]

Figure 1: HB-FIA model workflow

3.4.1 Model robustness and embedded sensitivity
mechanism

The research design uses HBFS structure because this struc-
ture naturally handles various input situations involving
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Figure 2: Membership and non-membership interval inter-
actions

expert opinion discrepancies alongside uncertainty levels.
Hesitation is supported by intervals within positive and neg-
ative membership functions in this model structure. The
usage of these methods enables detailed expert subjectivity
modeling while at the same time avoiding manual adjust-
ment needs for different situations. The aggregation pro-
cess unites hesitating values by using weighted rules that
represent evaluation criterion significance levels while sup-
pressing irregular assessment effects. The embedded sen-
sitivity method enables this weighting mechanism to safe-
guard the stable output rankings, which absorb minor varia-
tions of input values. New clarity has been introduced to ex-
plain parameter adaptability, which was previously implicit
in the original model, so that readers can understand the ro-
bustness framework explicitly. The model becomes more
usable within different evaluation applications because this
feature strengthens its replication ability.

4 Experimental results & analysis

The proposed hesitant bipolar fuzzy multi-criteria decision-
making (MCDM) model was applied to assess and rank
various swimming analysis technologies based on expert-
defined criteria: accuracy, usability, cost-effectiveness, and
feedback quality. This analysis generated an optimal rank-
ing that reflects both the subjective preferences of experts
and objective performance metrics. The results confirm
that the hesitant bipolar fuzzy methodology effectively cap-
tures nuanced judgments, supporting the practical applica-
tion of this model in real-world sports technology evalua-
tion.
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Table 2: Performance scores of swimming technologies across criteria

Technology Accuracy Usability Cost- Feedback
Score Score effectiveness | Quality Score
Score
Technology A: Stroke Analyzer 0.85 0.78 0.65 0.83
Technology B: Speed Tracker 0.88 0.82 0.70 0.85
Technology C: Posture Corrector 0.82 0.76 0.68 0.79
Technology D: Performance Monitor | 0.90 0.80 0.72 0.87

4.1 Criteria-wise performance analysis

Each criterion—accuracy, usability, cost-effectiveness, and
feedback quality—was individually evaluated to under-
stand its contribution to the overall ranking. Table 2
presents the performance scores of each swimming anal-
ysis technology under each criterion. These scores were
derived using the hesitant bipolar fuzzy framework, which
calculates membership and non-membership values based
on expert evaluations.

Table 3: Performance statistics of swimming analysis tech-
nologies

Technology Mean Std. Deviation Median
Tech A 82 2.5 82
Tech B 88 3.0 89
Tech C 79 2.0 78
Tech D 85 2.8 84

From Table 2, Technology D: Performance Monitor out-
performs others in terms of accuracy and feedback quality,
while Technology B: Speed Tracker performs best in usabil-
ity. These results align with the identified criteria, confirm-
ing the model’s robustness in differentiating technologies
based on both performance and expert evaluations.

Feedback Quali§ Ushbility

Cost-effectiveness

Figure 3: Performance comparison across criteria for swim-
ming technologies

4.2 Overall ranking and final scores

The HB-FIA technique was applied to calculate a final eval-
uation score for each swimming analysis technology, incor-
porating the weightage assigned to each criterion. Figure 4
illustrates the overall ranking of the swimming technologies
based on the HB-FIA aggregated scores.

0.90

0.8 0.78

0.6

Final Evaluation Score

0.2

Technology A Technology B Technology C Technology D

Technologies

Figure 4: Final ranking of swimming technologies using
HB-FIA scores

The results in Figure 4 reveal that Technology D: Per-
formance Monitor achieves the highest score, followed by
Technology B: Speed Tracker, Technology A: Stroke An-
alyzer, and Technology C: Posture Corrector. This rank-
ing is consistent with the contributions of individual crite-
ria scores shown in Table 2, indicating that the model’s ag-
gregation and weighting methods accurately reflect the per-
formance and expert preferences across criteria; similarly,
Table 3 shows the performance statistics of swimming anal-
ysis technologies.

4.3 Sensitivity analysis

To assess the stability and reliability of the ranking out-
comes, a sensitivity analysis was performed by varying the
weights assigned to each criterion. The purpose of this anal-
ysis was to determine whether small changes in criterion
importance would significantly impact the final ranking or-
der of swimming technologies. Table 4 presents the ranking
results under different weight configurations.

The results in Table 4 show that while Technology D:
Performance Monitor remains the top-ranked choice un-
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Table 4: Ranking sensitivity analysis with varied criterion weights

Configuration

Weight Distribution (Accuracy, Usability, Cost-effectiveness, Feedback)

Top-ranked Technology

Baseline Weights (0.3,0.2,0.2,0.3)

Technology D: Performance Monitor

Configuration 1 (0.4,0.2,0.1,0.3)

Technology D: Performance Monitor

Configuration 2 (0.3,0.3,0.2,0.2)

Technology B: Speed Tracker

Configuration 3

(0.25, 0.25, 0.25, 0.25)

Technology B: Speed Tracker

1.0F Technology A
—e— Technology B
—e— Technology C
15t Technology D
c 2.0F
.o
]
@
&
o 2:5
=
£
c
]
<30t
3.5F
4.0
Baseline Config 1 Config 2 Config 3

Weight Configurations

Figure 5: Ranking sensitivity analysis across weight con-
figurations

der baseline and Configuration 1, Configuration 2 and 3,
which emphasize usability and cost-effectiveness, favor
Technology B: Speed Tracker. This sensitivity analysis
underscores the model’s adaptability to different decision-
making priorities, validating its application in dynamic de-
cision contexts. The exact evaluation demonstrated that
the HBFS MCDM model matched expert preferences better
than both TOPSIS and AHP, specifically when expert de-
cisions included uncertain elements. The HBFS MCDM
model showed improved accuracy compared to its rivals
and offered better capabilities for handling expert uncer-
tainty but took slightly longer to execute.

4.4 Comparative analysis with traditional
MCDM models

To validate the novel contributions of the proposed hesi-
tant bipolar fuzzy model, a comparative analysis was con-
ducted with traditional MCDM approaches such as analytic
hierarchy process (AHP) and technique for order preference
by similarity to ideal solution (TOPSIS). Table 5 shows the
rankings produced by each model, along with the calculated
alignment with expert preferences.

The results affirm the efficacy of the hesitant bipolar
fuzzy approach for swimming technology evaluation. Key
findings are as follows:

— Technology D: Performance Monitor emerges as
the top choice, achieving the highest overall score

and demonstrating robust performance across accu-
racy and feedback quality.

— Technology B: Speed Tracker is favored under con-
ditions that prioritize usability and cost-effectiveness,
ranking as the preferred option in configurations with
adjusted weights.

— The sensitivity analysis reveals the model’s flexibil-
ity, as rankings adapt meaningfully to shifts in crite-
rion weight distribution.

— The comparative analysis with traditional models
highlights the superiority of HB-FIA in alignment with
expert preferences, validating the model’s practical
utility in subjective decision-making environments.

The evaluation process used the structured approach
known as the Delphi method to obtain weights from experts
during multiple feedback sessions. A group of experts pro-
vided their criterion evaluations in successive rounds with
feedback between rounds to reach consensus during the
Delphi technique process. A final set of weights emerged
through averaging the expert assessments of criterion im-
portance because it served to establish weights that prop-
erly captured collective expert agreement. The defined se-
lection standards for swimming analysis technologies form
the basis of this evaluation process. Expert evaluations of
the technologies occurred through assessments of accuracy
together with usability alongside affordability and real-time
feedback abilities. The selected criteria hold essential value
in research evaluation because they demonstrate critical
performance analysis of swimming technology according
to expert consultations and published studies.

An expert evaluation dataset included four swimming
analysis technologies that hold widespread recognition in
the field. This specifically curated set of four technolo-
gies targets the major analytical tools employed by swim-
ming specialists despite the restricted number. The profes-
sional panel included experts who possessed strong qual-
ifications in swimming performance analysis, which pro-
vided reliable assessment data. The data collection repre-
sents all current market-available technologies sufficiently
well; therefore, generalizing study results to similar types
of tools is possible. They specifically described their selec-
tion of computational parameters that included the usage
of A values within the hesitant bipolar fuzzy set (HBFS)
model. After preliminary experiments, the analyst chose A
= 0.5 as the value since this setting proved to be a reason-
able balance of positive and negative evaluation detection.
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Table 5: Comparative analysis of rankings across MCDM models

Technology HB-FIA Rank | AHP Rank | TOPSIS Rank | Expert Preference Alignment (HB-FIA)
Technology A: Stroke Analyzer 3 2 3 98.5%
Technology B: Speed Tracker 2 1 1 97.3%
Technology C: Posture Corrector 4 4 4 95.1%
Technology D: Performance Monitor 1 3 2 99.2%

Having selected 0.5 as the A\ value protected the decision-
making process from the unilateral influence of member-
ship or non-membership values to provide balanced expert
opinion representation. Additional studies using different A
values will improve the model’s sensitivity detection while
optimizing its parameter configurations for various applica-
tion domains. These results demonstrate that the proposed
model not only aligns with the study’s novel contributions
but also provides a valuable framework for evaluating com-
plex sports technologies where subjective preferences and
objective performance factors both play essential roles.

5 Discussion

This study put forward an evaluation methodology based
on hesitant bipolar fuzzy MCDM technology for swim-
ming technology assessment through analysis of diverse
swimming tools. A comparison between our method and
four cutting-edge methods (AHP, TOPSIS, Fuzzy AHP,
and Spherical Fuzzy Sets) from the Related Works section
took place. The evaluation method showed multiple essen-
tial performance contrasts that receive further analysis. The
accuracy of our method reached 99.2% in expert prefer-
ence alignment, while traditional MCDM techniques such
as AHP reached accuracy limits based on crisp judgments
and TOPSIS required an ideal solution. The commonly
employed evaluation methods lack proper representation
of expert evaluation hesitancies, particularly when analyz-
ing swimming techniques or other complex subjective ele-
ments. This hesitation-based bipolar fuzzy approach solves
the present gap by combining positive together with nega-
tive expert judgments, which leads to enhanced decision-
making flexibility and accuracy. The performance gap ex-
ists because traditional methods feature single-directional
precise preferences as opposed to our hesitant bipolar fuzzy
sets (HBFS) method, which represents both positive and
negative expert evaluation aspects. Sports technology eval-
uation benefits from this approach to handle subjective
judgments because expert opinions in such fields often con-
tain varying degrees of uncertainty. A decision-making
model becomes more realistic as well as robust by integrat-
ing hesitation and bipolarity behavioral approaches. Our
approach becomes the initial method in applying HBFS to
MCDM evaluations of swimming technology because of its
novelty aspect. The new approach allows experts to express
their preferences in a more detailed manner, thus resulting
in superior decisions for swimming performance analysis
technologies. HBFS proves to be a vital MCDM contri-

bution because it develops an adaptive technique suitable
for complex decision-making processes within sports tech-
nology domains. The outcome of our research brings es-
sential benefits to the sports technology selection process.
This evaluation method provides sport organizations with
a precise and adaptable tool to analyze swimming analysis
technologies so they can make better final decisions about
their selection. Athletes alongside coaches can use the de-
veloped method to choose technology solutions that maxi-
mize their performance improvement and enhance training
efficiency as well as accuracy in feedback delivery. The
capacity to deal with expert uncertainty enhances the relia-
bility of technology assessments, particularly with respect
to novel or emerging tools.

5.1 Real-world applicability and
implementation considerations

In real sports training environments, swimming benefits
from the deployment of HBFS-MCDM framework appli-
cations. The HBFS system works through standard compu-
tational equipment, which includes medium-grade personal
computers or workstations running an Intel i5 processor or
equivalent with 8GB RAM, because it handles manageable
computational processes for typical-size decision sets. The
existing coaching software or analysis platforms integrate
with the system through modular implementations based on
Python or MATLAB programming languages. The soft-
ware allows administrators to collect data through intu-
itive user interfaces and maintains aggregation functions
as a part of backend operations. Automation through the
model enables instant processing of data alongside the ca-
pacity to execute programmed sequences according to hard-
ware capabilities. The cost structure consists primarily of
software development time together with expert consulta-
tions about criteria weightings along with staff training.
Hardware updates become necessary only when compre-
hensive real-time monitoring for large samples is pursued.
The framework delivers affordable decision-making solu-
tions through systematic subjective evaluations, which en-
able sports analytics to make more informed decisions at
moderate financial expenses.

5.2 Implications of the proposed model

The results of this study showed that using a hesitant bipo-
lar fuzzy Multi-Criteria Decision-Making (MCDM) frame-
work to evaluate swimming analysis technologies is valu-
able in practice and theory. By the way, the model not
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only envisages the way of handling the subjective and of-
ten contradictory opinions but also captures the inherent
uncertainty of the expert opinions using hesitant bipolar
fuzzy logic. Compared to conventional approaches, this
created model is more suitable for portraying the realism
of expert appraisal since the effective membership and non-
membership functions are established by including the pos-
itive and negative variables of electric vehicle adoption.
The implications of this model are particularly relevant
for technology evaluation in sports science, where accu-
racy, usability, cost-effectiveness, and feedback quality are
paramount. For example, in competitive swimming, an ath-
lete’s performance can be significantly influenced by using
appropriate analysis tools. The results suggest that Tech-
nology D: Performance Monitor ranks as the optimal tech-
nology due to its high accuracy and feedback quality, key
attributes in enhancing athlete training and performance.
This outcome underlines the model’s capability to assist
stakeholders, such as coaches and sports organizations, in
making informed decisions regarding technology invest-
ments. Moreover, the sensitivity analysis provided further
insights into how decision outcomes could vary with dif-
ferent weight configurations. The model proved adaptable
to changes in criterion importance, indicating its flexibil-
ity in responding to evolving priorities or specific training
needs. For instance, when usability and cost-effectiveness
were weighted more heavily, Technology B: Speed Tracker
emerged as the preferred choice. This adaptability is valu-
able for stakeholders who may prioritize different attributes
based on specific requirements or budget constraints.

5.3 Practical applications and contributions

The practical contributions of this model extend beyond
swimming technology evaluation and have potential appli-
cations in broader sports science and other industries where
technology assessments are crucial. The hesitant bipolar
fuzzy MCDM approach can be a valuable tool for evalu-
ating sports equipment, wearable devices, and other high-
stakes technology-driven solutions in fields requiring nu-
anced decision-making. Given its ability to balance subjec-
tive opinions with objective performance data, this model
could be highly beneficial in healthcare, finance, and en-
gineering industries, where multiple stakeholders with po-
tentially opposing views influence decision outcomes. Ad-
ditionally, this model could be applied to scenarios where
expert hesitation or conflicting judgments are common. For
example, in wearable health technology assessment, where
feedback from both healthcare providers and patients is crit-
ical, the hesitant bipolar fuzzy model could capture the
diverse and sometimes contradictory viewpoints of each
group, enabling a balanced evaluation. The model’s dual
membership framework provides a robust foundation for
handling complex evaluations where positive and negative
opinions must be incorporated into the decision-making
process.
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5.4 Limitations of the study

Even though the hesitant bipolar fuzzy MCDM model
showed great potential, the following limitations should not
be unnoticed. First, the model mainly depends on the ex-
pert’s feedback to assess the criteria weight and scoring.
This will result in biases due to the limited knowledge or
experience of the expert. While attempts can be made to
map criteria elements to universally acceptable benchmarks
with the help of domain expertise, specific quantitative es-
timations can be viewed from one expert. In contrast, from
another perspective by another expert, this could influence
the overall rating obtained at the final stage. Better work
may be done in future where methods used for weighting
are not much dependent on the judgment of the persons
concerned, better options can be used like neural net algo-
rithms trained on decision datasets. Another limitation is
the model’s reliance on hesitant bipolar fuzzy logic, which
all potential users may not understand well. This complex-
ity could limit its adoption among practitioners unfamil-
iar with fuzzy logic and advanced decision-making mod-
els. Developing user-friendly software or tools to simplify
the implementation of this model for non-specialist users
could enhance its accessibility and encourage broader ap-
plication. The methodology revealed the capability to han-
dle shifts in determining criteria significance through an au-
tomated process of decision priority adjustment that main-
tained framework stability. The outcomes of the assess-
ment primarily depend on expert evaluations that serve as
model input. Such analysis reveals that the method shows
two fundamental traits: first, it allows flexible modeling of
preferences, and second, it shows responses that depend on
expert-subjective judgments. The model possesses func-
tionality that spans diverse decision situations, yet its de-
pendent outcomes heavily rest on the quality of evaluations
provided by subject matter experts. The next stage of devel-
opment should incorporate methods to evaluate evaluator
confidence levels and establish group agreement methods,
which will improve decision stability.

Finally, this study focused on specific criteria relevant to
swimming analysis technology. While these criteria were
carefully chosen for their importance in competitive swim-
ming, different sports or applications might require addi-
tional or alternative criteria. Future research could ex-
pand the model by incorporating more dynamic and cus-
tomizable criteria to meet the needs of other domains, such
as biomechanics, injury prevention, or psychological feed-
back in training.

5.5 Future research directions

Several avenues for future research emerge from the find-
ings of this study. One promising direction is the integra-
tion of machine learning with hesitant bipolar fuzzy logic
to develop adaptive decision models. It is suggested that
by integrating historical decision data and expert evalua-
tion, machine learning algorithms could effectively reduce
the overdependence of expert judgment while ensuring the
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refined evaluation that it provides. This could improve the
general performance and flexibility of the model for use in
dynamic environments like the up-and-coming technologi-
cal and sporting industries.

One more direction for further study is related to ad-
vanced means for bringing real-time data inputs and their
analysis. There is something that we have to understand
about the model at the moment: it uses static expert knowl-
edge, and this does not necessarily consider the fact that
the real world is constantly changing. Real-time and dy-
namic reductions of criteria scores and weights by gaining
information from the athletes’ performance data or environ-
mental factors will be more accurate and efficient than the
present system. This advancement could benefit friendly
sports with instant responses toward different contingent
stimuli necessary in competitive games. Also, further stud-
ies could explore the extension of the hesitant bipolar fuzzy
MCDM model for group MC-DM environment, where con-
flicting objectives of the multiple decision makers might
exist. For instance, in team sports, it would be necessary to
consider various stakeholder’s needs to certain technology
investment decisions. Simulating the model in such struc-
tures would expose its working and show where changes
are necessary to handle many, usually conflicting, decision-
makers, a common feature in group structures.

Lastly, the generalization of the proposed model to a
broader spectrum of sporting disciplines and technological-
based situations may enhance the utilization of the research.
Although the research in this paper has concentrated on
competitive swimming, the model proposed herein could
be generalized to other activities, like running, cycling, or
team games, that would present different sets of load and
performance parameters. Analyzing the predictive capa-
bilities of the model about various sporting disciplines and
updating the model to meet individual sports requirements
would further enhance the usefulness of the model as a de-
cision support tool.

6 Conclusion

This study introduces a unique hesitant bipolar fuzzy Multi-
Criteria Decision-Making (MCDM) model to evaluate and
rank swimming analysis technologies, using expert assess-
ments across essential criteria such as accuracy, usabil-
ity, cost-effectiveness, and feedback quality. Unlike tra-
ditional MCDM methods, this model captures both pos-
itive and negative aspects of subjective judgments, en-
hancing the precision and depth of evaluations in complex
decision-making scenarios. The results indicate that the
proposed model effectively identifies optimal technologies,
with Technology D: Performance Monitor emerging as the
top choice based on performance metrics. The model’s
adaptability was also demonstrated through a sensitivity
analysis, where weight adjustments allowed rankings to re-
flect evolving priorities—an invaluable feature for dynamic
fields such as sports technology. The practical applica-
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tions of this model extend beyond swimming technology
evaluation, offering a robust decision-making framework
suitable for industries where technology assessments re-
quire balancing multiple criteria and managing conflicting
stakeholder opinions. Recognized limitations, including re-
liance on expert input and the complexity of hesitant bipolar
fuzzy logic, point to areas for future enhancement, such as
machine learning integration to streamline weighting pro-
cesses and adaptive systems for real-time decision-making.
In conclusion, this study provides a comprehensive, flexi-
ble, and accurate tool for technology assessment, offering
value to researchers and practitioners across fields where
precision in multi-criteria decisions is essential.

Supplementary table

Table 6: Summary of parameters used in HBFS-MCDM
framework

Parameter Description

w Weight assigned to criterion C},
derived using entropy method

hij Hesitant bipolar fuzzy element
for alternative A; under criterion
Cj

wt, p” Positive and negative member-
ship degrees for HBFE

Aggregation Operator HBFWA or HBFPWA as appli-

cable

Decision Matrix Size

m x n (where m = number of
alternatives, n = number of cri-

teria)
Threshold 6 (if used) Set to 0.5 for robustness sensi-
tivity check
Ranking Rule Comparison based on score
function S(h*) = ut + p~
References

[1] T. M. Barbosa, A. C. Barbosa, D. Simbafia Es-
cobar, G. J. Mullen, J. M. Cossor, R. Hodierne,
R. Arellano, and B. R. Mason, “The role of the
biomechanics analyst in swimming training and
competition analysis,” Sports Biomechanics, vol. 22,
no. 12, p. 17341751, Aug. 2021. [Online]. Available:
http://dx.doi.org/10.1080/14763141.2021.1960417

[2] G. Cosoli, L. Antognoli, V. Veroli, and L. Scalise,
“Accuracy and precision of wearable devices for
real-time monitoring of swimming athletes,” Sensors,
vol. 22, no. 13, p. 4726, Jun. 2022. [Online].
Available: http://dx.doi.org/10.3390/s22134726

[3] D. D. Carvalho, S. Soares, R. Zacca, J. Sousa,
D. A. Marinho, A. J. Silva, J. P. Vilas-Boas, and




Hesitant Bipolar Fuzzy MCDM Framework for Evaluating Swimming. ..

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

R. J. Fernandes, “Anaerobic threshold biophysical
characterisation of the four swimming techniques,”
International Journal of Sports Medicine, vol. 41,
no. 05, p. 318-327, Jan. 2020. [Online]. Available:
http://dx.doi.org/10.1055/a-0975-9532

M. Aslam, H. M. Waqgas, U. U. Rehman,
and T. Mahmood, “Selection of cloud ser-
vices provider by utilizing multi-attribute decision-
making based on hesitant bipolar complex fuzzy
dombi aggregation operators,” I[EEE Access,
vol. 12, p. 35417-35447, 2024. [Online]. Avail-
able: http://dx.doi.org/10.1109/access.2024.3369893

J. J. Ruiz[1Navarro, [1. Lopez[1Belmonte, A. Gay,
F. CuencallFernandez, and R. Arellano, “A new
model of performance classification to standard-
ize the research results in swimming,” Euro-
pean Journal of Sport Science, vol. 23, no. 4,
p. 478488, Mar. 2022. [Online]. Available:
http://dx.doi.org/10.1080/17461391.2022.2046174

J. E. Morais, T. M. Barbosa, P. Forte, J. A. Bragada,
F. A.d. S. Castro, and D. A. Marinho, “Stability anal-
ysis and prediction of pacing in elite 1500 m freestyle
male swimmers,” Sports Biomechanics, vol. 22,
no. 11, p. 14961513, Oct. 2020. [Online]. Available:
http://dx.doi.org/10.1080/14763141.2020.1810749

R. Gul, M. Shabir, and A. N. Al-Kenani, “Covering-
based

(a, B)

-multi-granulation bipolar fuzzy rough set model
under bipolar fuzzy preference relation with decision-
making applications,” Complex amp, Intelligent Sys-
tems, vol. 10, no. 3, p. 4351-4372, Mar. 2024. [On-
line]. Available: http://dx.doi.org/10.1007/s40747-
024-01371-w

A. []. Seckin, B. Ates, and M. Segkin, “Review
on wearable technology in sports: Concepts, chal-
lenges and opportunities,” Applied Sciences, vol. 13,
no. 18, p. 10399, Sep. 2023. [Online]. Available:
http://dx.doi.org/10.3390/app131810399

Y. Yang and K. Wang, “Efficient logistics path op-
timization and scheduling using deep reinforcement
learning and convolutional neural networks,” Infor-
matica, vol. 49, no. 16, Mar. 2025. [Online]. Avail-
able: http://dx.doi.org/10.31449/inf.v49116.7839

X. Wang, X. Long, G. Li, J. Li, and Y. Zhao,
“Application method and least squares support vector
machine analysis of a heat pipe network leakage mon-
itoring system using an inspection robot,” Informat-
ica, vol. 49, no. 16, Mar. 2025. [Online]. Available:
http://dx.doi.org/10.31449/inf.v49i16.6990

A. H. Alharbi, A. A. Abdelhamid, A. Ibrahim,
S. Towfek, N. Khodadadi, L. Abualigah, D. S.

[12]

[15]

[16]

[17]

[18]

[19]

(20]

(21]

Informatica 49 (2025) 69-82 81

Khafaga, and A. E. Ahmed, “Improved dipper-
throated optimization for forecasting metamaterial
design bandwidth for engineering applications,”
Biomimetics, vol. 8, no. 2, p. 241, 2023.

A. U. R. Butt, T. Mahmood, T. Saba, S. A. O. Bahaj,
F. S. Alamri, M. W. Igbal, and A. R. Khan, “An
optimized role-based access control using trust mech-
anism in e-health cloud environment,” IEEE Access,
vol. 11, p. 138813-138826, 2023. [Online]. Available:
http://dx.doi.org/10.1109/access.2023.3335984

J. Wang, Z. Wang, F. Gao, H. Zhao, S. Qiu, and
J. Li, “Swimming stroke phase segmentation based on
wearable motion capture technique,” IEEE Transac-

tions on Instrumentation and Measurement, vol. 69,
no. 10, pp. 85268538, 2020.

J. Devin, B. J. Cleary, and S. Cullinan, “The impact of
health information technology on prescribing errors in
hospitals: a systematic review and behaviour change
technique analysis,” Systematic reviews, vol. 9, pp. 1—
17, 2020.

G. Ali, M. Z. U. Abidin, Q. Xin, and F. M. O.
Tawfiq, “Ranking of downstream fish passage de-
signs for a hydroelectric project under spherical
fuzzy bipolar soft framework,” Symmetry, vol. 14,
no. 10, p. 2141, Oct. 2022. [Online]. Available:
http://dx.doi.org/10.3390/sym14102141

Y. Shen, “Research on optimization method of land-
scape architecture planning and design based on two-
dimensional fractal graph generation algorithm,” /n-
formatica, vol. 49, no. 16, 2025.

R. d’Amore Domenech, O. Santiago, and T. J. Leo,
“Multicriteria analysis of seawater electrolysis tech-
nologies for green hydrogen production at sea,” Re-
newable and Sustainable Energy Reviews, vol. 133,
p. 110166, 2020.

L. Abdullah, H. M. Pouzi, and N. A. Awang, “Intu-
itionistic fuzzy dematel for developing causal rela-
tionship of water security,” International Journal of
Intelligent Computing and Cybernetics, vol. 16, no. 3,
pp. 520-544, 2023.

W. Du and F. Yang, “Optimizing market risk evalu-
ation of small and medium sized enterprises through
hamacher interactive power geometric technique un-
der uncertainty,” Journal of Intelligent & Fuzzy Sys-
tems, no. Preprint, pp. 1-17, 2024.

S. Y. Musa, “N-bipolar hypersoft sets: Enhancing
decision-making algorithms,” Plos one, vol. 19, no. 1,
p. 0296396, 2024.

C. Mao, “An advanced approach to operational qual-
ity evaluation for industry-finance integration enter-
prises based on integrated interval-valued intuitionis-
tic fuzzy multi-attribute decision making,” Journal of



82

[22]

Informatica 49 (2025) 69-82

Intelligent & Fuzzy Systems, no. Preprint, pp. 1-20,
2024.

A. U. R. Butt, T. Saba, I. Khan, T. Mahmood, A. R.
Khan, S. K. Singh, Y. I. Daradkeh, and I. Ullah,
“Proactive and data-centric internet of things-based
fog computing architecture for effective policing in
smart cities,” Computers and Electrical Engineering,
vol. 123, p. 110030, Apr. 2025. [Online]. Available:
http://dx.doi.org/10.1016/j.compeleceng.2024.110030

X. Liang



https://doi.org/10.31449/inf.v49i22.7980

Informatica 49 (2025) 83-92 83

Adaptive Fusion Networks for Cable Material Durability Assessment via

Multimodal Data Integration

DaiLian Qi

Electrical insulation material, Shandong Chint Cable CO., LTD., ShanDong, Jinan 250000, China

E-mail: 18946762167@163.com

Keywords: Wire and cable, cable durability, adaptive fusion network, cable material research and development

Received: January 7, 2025

Predicting cable durability is vital for safe and efficient electrical systems. This research proposes an Adap-
tive Fusion Network (AFN) that integrates normalized sensor data (e.g., partial discharge, corrosion) and
encoded visual condition ratings (Good, Medium, Poor) via concatenation and processed through dense
layers with ReLU activation. To address incomplete labeling, a pre-trained model annotated unlabeled data
from 2,500 15-kV XLPE cable segments across multiple years, creating a diverse 10,000-sample dataset.
The AFN achieved an MSE of 0.012547, MAE of 0.046415, and R? of 0.991043, outperforming benchmarks
like Random Forest (MSE 0.135725, R? 0.903107) by 89% in MSE reduction, highlighting its potential for
real-time durability monitoring and predictive maintenance in power systems.

Povzetek:

1 Introduction

In modern electrical systems, power cables are essential
for distributing electricity over long distances [!]. Their
lifetime and condition are critical for reliable and effi-
cient power distribution [2]. Subjected to mechanical
forces, electrical loads, and environmental conditions, ca-
bles deteriorate over time, risking service interruptions,
safety hazards, and costly downtime [3]. Predicting cable
durability—defined as remaining lifespan in years is thus
vital for asset management [4].

Traditional methods like routine maintenance and visual
inspections are reactive, time-consuming, and error-prone,
often missing early deterioration [5]. As aging infrastruc-
ture demands proactive, real-time monitoring, predictive
maintenance preempts failures by forecasting durability,
unlike reactive approaches [0].

Data-driven strategies using machine learning (ML) and
artificial intelligence (AI) analyze sensor and inspection
data for real-time durability assessments [7]. However,
existing models often rely on single sources: sensor data
(e.g., partial discharge, corrosion) lacks physical condi-
tion insights [8], while visual data (e.g., flaw detection)
lacks precision for long-term forecasts [9]. This creates a
critical problem: current methods fail to effectively com-
bine sensor and visual data, leading to incomplete assess-
ments that delay failure detection, heighten risks, and ham-
per a holistic durability picture[10]. To address this, we
propose an Adaptive Fusion Network (AFN) that dynam-
ically integrates sensor data and visual ratings into a uni-
fied framework, adjusting their influence based on predic-
tive relevance—unlike static multimodal or single-source
methods. This achieves an MSE of 0.012547 and R? of

Training
and prediction

Preprocessing

Labeled Dataset —— Ly Train Model on
labeled Data

l

Predict labels for
unlabeled Data

Normalization
Feature
Extraction

Unlabeled
Datasets

= I

Complete Label and Preprocessed Data

Figure 1: Data processing framework for transforming raw
datasets into fully labeled data

0.991043, as shown in Table 4, with an 89% MSE reduc-
tion over Random Forest (MSE 0.135725).

This study’s goals are threefold: (1) to develop an AFN
for comprehensive durability assessment using multimodal
data; (2) to outperform existing methods, targeting an MSE
reduction of at least 80% and R? > 0.98; and (3) to enable
real-time durability monitoring for power utilities. These
advancements prioritize maintenance, reduce failures, and
optimize resources through a reliable framework [11].

The main contributions of this work are:

— We propose a novel AFN that combines sensor data
(e.g., partial discharge, neutral corrosion, loading con-
ditions) with visual inspection data for accurate and
holistic durability prediction.

— We introduce an innovative data fusion approach that
enhances durability assessment robustness, enables
real-time monitoring and predictive maintenance, and
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augments the labeled dataset using model predictions
for improved performance.

— We provide extensive evaluation results demonstrat-
ing AFN’s superior performance over traditional mod-
els (e.g., Random Forest, Gradient Boosting, SVM,
MLP), highlighting its potential for real-world power
system applications.

The remainder of this document is structured as follows:
Section 2 reviews literature on data fusion, cable health
monitoring, and predictive maintenance, justifying this re-
search by highlighting existing approaches’ strengths and
weaknesses [12]. Section 3 details the methodology, in-
cluding dataset, feature extraction, preprocessing, and AFN
design [13]. Section 4 compares AFN’s efficacy with con-
ventional models through experimental setup and perfor-
mance assessment [14]. Section 5 concludes with results,
implications, and future research directions [15].

Using an AFN to integrate sensor and visual data, this ar-
ticle provides a thorough method for evaluating power ca-
ble durability [16]. This approach significantly improves
prediction accuracy, supporting real-time decision-making
and predictive maintenance in cable management [17].

2 Related work

The growing need for effective and economical infrastruc-
ture management has drawn significant attention in recent
years to predictive maintenance and health evaluation of
industrial assets, particularly power cables [18]. Many
methods have been developed to improve prediction accu-
racy and reliability. This section reviews related works on
predictive maintenance strategies using sensor data, visual
data, and data fusion approaches [19].

2.1 Sensor-based predictive maintenance

Sensor data is essential for predictive maintenance as it pro-
vides real-time asset condition monitoring. Sensors col-
lect data on partial discharge, neutral corrosion, and load-
ing conditions to assess the state of cables and other vital
components in power systems [20]. Machine learning tech-
niques are frequently used to analyze sensor data to fore-
cast failures or degradation [21]. For example, a Random
Forest[22] model was proposed to estimate the remaining
useful life (RUL) of electrical transformers using sensor
data. Although limited to sensor data without multi-source
fusion [23], it demonstrated the efficacy of ensemble meth-
ods for RUL prediction [24][25]. Similarly, SVM has been
used to forecast the status of high-voltage electrical lines
using sensor data like partial discharge and loading condi-
tions. While sensor-based[26] methods offer valuable in-
sights, their efficacy is often limited by sensor data preci-
sion, accessibility, and feature extraction challenges [27].

D. Qi

2.2 Visual data for asset durability
assessment

Visual inspection is essential for assessing the physical state
of industrial assets. Recent advances in deep learning and
computer vision have enabled automated analysis of visual
data, identifying flaws and irregularities in transformers,
power cables, and other infrastructure elements [28].

Several studies have explored visual data for power cable
inspection to detect flaws like corrosion, cracks, and insula-
tion damage [29]. Convolutional Neural Networks (CNNGs),
for instance, have been used to evaluate power transformer
status by analyzing photographs. Although successful in
detecting physical damage, their predictive power was lim-
ited by the absence of sensor data integration. Similarly, [7]
proposed a deep learning model using visual data to identify
power cable damage. Although successful, it excluded sen-
sor data, which could have enhanced durability prediction
precision [30].

2.3 Data fusion techniques for predictive
maintenance

Data fusion, the combination of sensor and visual data, has
been studied to enhance predictive maintenance by leverag-
ing the strengths of both data types [25][31]. It provides a
comprehensive durability assessment by combining sensor
data’s quantitative nature with visual data’s ability to cap-
ture physical condition [10].Proposed a hybrid data fusion
approach that combined sensor and visual data for predic-
tive maintenance of industrial equipment, using deep learn-
ing to improve failure prediction accuracy. Similarly, [32]
introduced a data fusion framework for power system main-
tenance, merging sensor data with visual inspection results
to predict critical component failures. While these stud-
ies highlight data fusion’s potential, they rely on prede-
fined techniques like early fusion (merging features before
modeling) or late fusion (combining separate model predic-
tions), which often fail to fully exploit the complementary
strengths of both data types.

2.4 Deep learning models for predictive
maintenance

Given their capacity to handle large and complex datasets,
deep learning models, particularly neural networks[33],
show great promise in predictive maintenance tasks. Ex-
amples include CNNs, recurrent neural networks (RNNs),
and Long Short-Term Memory (LSTM) networks[34], re-
cently studied for predictive maintenance. LSTM networks
have utilized sensor data to predict the remaining useful life
(RUL) of industrial machinery, demonstrating strong per-
formance in time-series forecasting and failure prediction
despite lacking visual input. Similarly, employed a CNN-
LSTM hybrid model for power grid asset predictive main-
tenance, achieving notable success in anticipating break-
downs. However, like prior work, it relied solely on sensor
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Table 1: Summary of related methods for cable durability assessment

Method H Data Type H Metrics Reported H Limitations Identified

CatBoost [36] Sensor Accuracy 99% Classification-only; no continuous degra-
dation modeling, lacks visual data

SVM [37] Sensor + Visual Accuracy 98% Classification-only; basic fusion, limited
multimodal integration

SOM-SVM [38] Sensor Improved Detection Classification-only; sensor-only, misses vi-
sual context

1D-CNN [39] Sensor Accuracy 99% Classification-only; sensor-only, no visual
fault localization

Multi-algorithm [40] || Sensor + Visual Accuracy 96% Classification-only; inefficient fusion, high
computational cost

data, missing the potential of visual inspection data [32].

2.5 Our approach

While existing studies highlight the potential of sensor data,
visual inspection, and data fusion for predictive mainte-
nance, a gap remains in effectively integrating both sen-
sor and visual data into a unified framework for real-time
power cable health monitoring. Current approaches often
focus on single data types or basic fusion techniques that
fail to fully capitalize on their complementary strengths.

This paper proposes a novel Adaptive Fusion Network
(AFN) that employs a sophisticated fusion technique to
merge sensor and visual data[35]. Our method enhances
model accuracy by training on a labeled dataset and using
its predictions to annotate additional data, creating a larger,
more reliable dataset.

Table 1 summarizes key methods, revealing state-of-the-
art (SOTA) deficiencies: sensor-based approaches miss vi-
sual deterioration, visual methods lack quantitative preci-
sion, and existing fusion techniques limit adaptability. The
AFN improves by dynamically integrating complementary
sensor and visual data via concatenation, achieving an 89%
MSE reduction (0.012547 vs. 0.135725 for Random For-
est), enhancing durability prediction. By combining both
data sources, AFN forecasts power cable durability, over-
coming prior shortcomings and offering a complete solu-
tion for predictive maintenance and real-time monitoring
in power utilities [41].

3 Methodology

Using an Adaptive Fusion Network (AFN), the proposed
framework forecasts cable material durability by creating a
robust predictive model. This methodology details the pro-
cess by combining labeled and unlabeled datasets through
data collection, preprocessing, augmentation, model de-
sign, training, and evaluation [42]. It aims to provide pre-
cise durability estimates by efficiently utilizing all available
data [43].

3.1 Data collection

The dataset comprises measurements from four inspection
years (2003, 2008, 2013, and 2018), with 2,500 cable seg-
ments per year, totaling 10,000 unique 15-kV XLPE ca-
ble segments. Each year’s 2,500 segments are distinct, not
repeated inspections of the same cables. Only the 2018
dataset includes ground-truth durability labels (remaining
lifespan in years), assigned by experts based on condition
assessments, while earlier years (2003, 2008, 2013) lack
labels due to unavailable historical data. Sensor data in-
cludes partial discharge (PD), neutral corrosion, loading
conditions, and cable age, collected via IoT sensors. Visual
data consists of expert-assigned condition ratings: Good,
Medium, and Poor, representing the Visual Condition at-
tribute without additional derived inputs.
Visual ratings are encoded as:

0, if Poor condition
if Medium condition (D
2, if Good condition

Data is combined into a single feature vector via concate-
nation, serving as the AFN’s initial input:

Xfused = Xsensor H Xvisual (2)

where || denotes concatenation, and Xsensor and Xyisyal r€p-
resent sensor and visual feature vectors, respectively.

3.2 Data preprocessing

To ensure consistency and quality, data preparation is cru-
cial. Labeled and unlabeled datasets are preprocessed inde-
pendently before integration for training.

3.2.1 Labeled dataset preprocessing
The 2018 labeled dataset undergoes:

— Normalization: Sensor data is scaled to [0, 1] via min-
max normalization. This preserves feature relation-
ships and suits AFN’s dense layers, unlike z-score nor-
malization, which could disrupt fusion-critical magni-
tudes.
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— Feature Engineering: Variance and mean are ex-
tracted to enhance input representation; outliers and
missing values are addressed.

— Encoding: Visual ratings are encoded per Equation 1
(Poor = 0, Medium = 1, Good = 2).

— Outlier Handling: Values exceeding 30 (e.g PD at
99.7th percentile) are capped, retaining more data than
IQR due to the Gaussian-like distribution of IoT sensor
data.

— Missing Values: Missing PD values (~2% of sam-
ples) are imputed via linear interpolation over time se-
ries, leveraging degradation trends to improve MAE
by ~5% over mean imputation.

Min-max normalization boosts gradient stability, cut con-
vergence time by ~10% for the 8,000-sample training set.

3.2.2 Unlabeled dataset preprocessing and labeling

Unlabeled datasets (2003, 2008, 2013) follow similar pre-
processing: outliers are capped at 3o, missing values (~3%
corrosion data) are linearly interpolated, and min-max nor-
malization ensures uniform scaling. A pre-trained Random
Forest regressor, trained on 2018’s Xyyseq and durability la-
bels, predicts durability for unlabeled years. Workflow Fig-
ure 1:

— Train an initial model on the labeled dataset.
— Predict durability for unlabeled datasets.
— Append inferred durability values (not ground-truth).

This augments the dataset to 10,000 samples: 80% train-
ing (8,000) and 20% testing (2,000), with 5-fold cross-
validation.

3.3 Proposed AFN architecture
3.3.1 Network structure

The AFN processes sensor and visual data through concate-
nation, detailed in Table 3.3.1. The input layer receives
Xiused (Eq 2), combining three normalized sensor features
(PD, corrosion, age) and one encoded visual rating (0, 1,
2), yielding a 4D input. Dense layers (128, 64, 32 units)
with ReLU activation capture non-linear relationships, fol-
lowed by a linear output layer for durability prediction in
years. Dense layers dynamically weight features by rele-
vance, ReLLU enhances sparsity and convergence, and the
linear output aligns with regression needs for precise lifes-
pan estimates.

Fusion starts with concatenation (Eq. 2): Xgensor € R3
(normalized to [0, 1]) and Xyisus € {0, 1,2} (integer-
encoded) form a 4D vector. Sensor data is scaled via min-
max normalization, while visual ratings retain integers to
preserve ordinality. Synchronization aligns at 2018, with

D. Qi
unlabeled years inferred via Random Forest. The first dense
layer applies:

h; = ReLU(W;Xfysed + b1) ?3)

where W, € R128%4 b, € R'?®, optimized by Adam to
minimize MSE, refining static concatenation adaptively.

Table 2: Proposed AFN architecture

Component Details

Input Dimension 4 (3 sensor + 1 visual)

Hidden Layers 128, 64, 32 units
Activation ReLU
Output Layer Linear (durability in years)

For reproducibility, AFN uses Python 3.9, TensorFlow
2.5.0, scikit-learn, numpy, and pandas. Hyperparameters:
learning rate 0.001, batch size 32, hidden layers [128, 64,
32], dropout 0.2 (post-concatenation), L2 regularization
0.01. Trained on Intel Core 17-12700K (3.6 GHz), 16 GB
RAM, Windows 11 (64-bit), ~2 hours.

3.4 Framework overview

The AFN is trained on the combined dataset using dense
layers with ReLU activation and a linear output for regres-
sion, as shown in Figure 2.

Adaptive Fusion Network

Feature Vector

Prediction

Preprocessed Data

Figure 2: Framework overview: unified dataset integration
and prediction

3.4.1 Hyperparameter configuration

Hyperparameters were optimized via grid search Table
3.4.1. Grid search tested values for the 8,000-sample train-
ing set: learning rates (0.0001-0.01) selected 0.001 for sta-
ble MSE reduction with Adam; hidden layers ([64, 32, 16]
to [256, 128, 64]) chose [128, 64, 32] for optimal MSE and
generalization; batch sizes (16—64) settled on 32 for effi-
ciency; epochs (50-150) set at 100 for convergence Figure
6.
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Table 3: Hyperparameter settings for AFN

Parameter Range Value
Learning Rate | 0.0001-0.01 0.001
Batch Size 16-64 32

Hidden Layers | (64, 32), (128, 64,32) | 128, 64,32
Optimizer SGD, Adam Adam
Loss Function | MSE, MAE MSE
Epochs 50-200 100

3.4.2 Training process

The AFN is trained using the Adam optimizer with MSE

loss:
n

L= 3 (=0 @
i=1

where y; is the true durability, and g; is the predicted value.

3.5 Evaluation metrics

Evaluation metrics include MAE and MSE for prediction
performance, and R? for explanatory power. These assess
reliability and effectiveness in predicting cable durability
across conditions.

4 Experiments and results

This section provides a thorough summary of experiments
conducted to assess model performance on the dataset. The
main objective was to compare several machine learning
models using MAE, MSE, and R?.

4.0.1 Experimental setup

Experiments were conducted on an Intel Core i7-12700K
(3.6 GHz), 16 GB DDR4 RAM, Windows 11 (64-bit), using
Python 3.9 with Jupyter Notebook, scikit-learn, matplotlib,
numpy, and pandas. The dataset was split 80% for training
(8,000 samples) and 20% for testing (2,000 samples), with
5-fold cross-validation for robust evaluation across 10,000
samples. A random seed of 42 ensured replicability. Hy-
perparameters (e.g learning rate 0.001, batch size 32) were
optimized via grid search, balancing convergence and accu-
racy for durability prediction. Training took ~2 hours for
AFN, varying for baselines.

4.0.2 Models evaluated

Models evaluated include:

1. Random Forest - Ensemble method with multiple de-
cision trees.

2. Gradient Boosting - Iterative weak learner combina-
tion.
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3. SVR - Support Vector Regression for high-
dimensional data.

4. MLP - Feedforward neural network.
5. Proposed AFN - Our approach.

Baselines were chosen for their predictive maintenance
relevance: Random Forest and Gradient Boosting handle
noisy loT data, SVR suits the 4D fused input, and MLP
offers a neural baseline without AFN’s adaptive fusion, en-
abling direct comparison.

4.1 Performance metrics

Models were assessed using:

— MAE: Average absolute error.

1"’L
MAE = = i — 1 5
nE lys — il (5)

i=1

— MSE: Squared error emphasizing large deviations.

n

1
MSE = - Z(@/i —§;)° (6)

i=1
— RZ: Variance explained by the model.

R2—1_ > (i — 0:)?
i (i — )2 @

4.1.1 Maetrics in context

These metrics evaluate durability prediction (0-30 years
for 15-kV XLPE cables). MSE (e.g., AFN’s 0.012547,
vVMSE =~ 0.112 years) penalizes large errors, critical for
safety. MAE (e.g., AFN’s 0.046415 years, ~ 17 days) aids
maintenance scheduling. R? (e.g., AFN’s 0.991043) shows
99.1% variance explained. MSE is prioritized for conser-
vative estimates, with MAE and R? supporting utility and
fit. Chosen over RMSE (redundant) or MAPE (less rele-
vant near 0), they suit regression tasks, exceeding targets:
MSE < 0.1, MAE < 0.5 years, R? > 0.9, unlike RF’s
MSE 0.135725 (vVMSE = 0.368 years).

Table 4: Performance metrics of evaluated models (MSE,
MAE, R?)

Model MSE MAE R?

Random Forest 0.135725|0.256394 | 0.903107
Gradient Boosting | 0.528102 | 0.608961 | 0.622994
SVR 0.325358{0.329105|0.767731
MLP 0.159779 | 0.258248 | 0.885936
Proposed AFN | 0.012547 | 0.046415 | 0.991043
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Comparison of MAE vs. Models

I o o o =3
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Mean Absolute Error (MAE) of Predictions

=

Predicticn Models

Figure 3: MAE comparison across models, highlighting
AFN’s lowest error

4.2 Results and discussion

Table 4 summarizes results. AFN outperforms baselines
with MSE 0.012547, MAE 0.046415, and R? 0.99104
, against Random Forest, Gradient Boosting, SVR, and
MLP.

AFN’s performance supports real-time monitoring: inte-
grated into IoT systems, it processes sensor and visual data
from 15-kV XLPE cables with ~50-ms latency (estimated),
flagging at-risk segments (£0.046 years) instantly. In sub-
stations, 5S-minute updates could prioritize maintenance, re-
ducing downtime by ~20%. This aligns with its practical
potential noted in the abstract.

4.3 Visual analysis

Plots complement results, showing training dynamics and
error distributions across the 2,000-sample test set.

4.3.1 Loss curves of the proposed model

Figure 6 shows AFN’s MAE and MSE loss curves, with
rapid convergence within 20 epochs and stability post-30
epochs, indicating efficient learning and minimal overfit-
ting on the 8,000-sample training set.

4.3.2 Error and R? comparisons

Figure 5 shows AFN’s tight MSE distribution (< 0.1 years)
vs. baselines’ wider spread (e.g., RF up to 0.5 years). Fig-
ure 3 highlights AFN’s low MAE (clustered near 0.046
years) vs. broader ranges (e.g., GB up to 0.6 years). Figure
4 displays AFN’s consistent R?(~ 1) vs. baselines’ vari-
ance (e.g., GB below 0.7).
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Comparison of R? vs. Models

R= Score (higher is better)

Prediction Models

Figure 4: R? comparison across all models

4.4 Discussion of results

Numerical and visual analyses confirm AFN’s superiority
across all metrics [44]. Its high R? explains nearly all
variance, while low MAE and MSE reflect minimal errors.
Random Forest and MLP (R? > 0.88) performed well but
had higher errors than AFN. SVR and Gradient Boosting
lagged in accuracy and error minimization [45].

Comparison of MSE vs. Models

Mean Squared Error (MSE) of Predictions

Prediction Models

Figure 5: MSE comparison across all models

4.4.1 MAE comparison across models

These results underscore the importance of model architec-
ture tailored to dataset specifics for optimal performance.
AFN’s success highlights sophisticated fusion methods’ ef-
fectiveness for complex datasets [46].
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4.5 Discussion

AFN excels in durability prediction (MSE 0.012547, MAE
0.046415, R? 0.991043, Table 4), achieving an 89% MSE
reduction over Random Forest (MSE 0.135725). Preci-
sion (+0.11 years vs. +0.37 years for RF) supports early
failure detection, potentially saving $50,000-$75,000 an-
nually per 1,000 segments. Multimodal fusion drives this,
with R? ~ 0.99 across years and MAE confidence inter-
vals of 0.043-0.049. For real-time use, AFN processes
[IoT/SCADA data every 5 minutes (~50-ms latency, esti-
mated), addressing compatibility and latency via standard-
ization and edge computing.

Adaptive fusion captures degradation signals dynami-
cally, unlike RF or MLP’s static approaches. Robustness is
validated by 5-fold cross-validation and stable loss curves,
with minimal bias from 2018 data via RF augmentation.
Sensitivity to sensor quality is untested, but MSE < 0.015
on a 4,000-sample subset suggests resilience.

5 Conclusion

This study demonstrates AFN’s superior performance in
durability prediction, achieving an MSE of 0.012547 and
R? of 0.991043, significantly outperforming conventional
models and enabling precise cable durability assessments
for power systems. Its flexibility suggests scalability be-
yond 15-kV XLPE cables to other assets like transform-
ers or transmission lines, offering a versatile tool for in-
dustrial monitoring. Future work could enhance the fusion
mechanism with attention layers for finer feature weight-
ing, integrate additional data (e.g., temperature, humidity)
to boost robustness, and adapt AFN for real-world deploy-
ment, tackling challenges like data latency and system in-
tegration to maximize practical impact.

Loss over Epochs Mean Absolute Error over Epochs

— Training Loss
Validation Loss 10

— Training MAE
Validation MAE

o
Y

13
>
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Mcan Absolute Error
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=

Figure 6: MAE and MSE loss curves of the proposed model
(AFN)

Informatica 49 (2025) 83-92 89

6 Acknowledgments

We would like to express our sincere gratitude to every-
one who helped us finish this research. The research team
deserves special recognition for their essential ideas and
direction during the project. We also acknowledge the
contributions from the larger research community and the
open-source tools and datasets that made this work possi-
ble. Lastly, we express our gratitude to the reviewers for
their insightful criticism, which significantly improved the
quality of this work.

References

[1] X. Xie and L. Chen, “Energy consumption control
strategy for pure electric commercial vehicles based
on dp algorithm,” Informatica, vol. 48, no. 22, 2024.
https://doi.org/10.31449/inf.v48i22.6922.

[2] A. Zaeni, U. Khayam, and D. Viviantoro, “Methods
for remaining life prediction of power cable based
on partial discharge and cable failure history data,”
in 2019 International Conference on Electrical Engi-
neering and Informatics (ICEEI), pp. 662—665, 2019.
https://doi.org/10.1109/iceei47359.2019.8988904.

[3] A. Zaeni, U. Khayam, and D. Viviantoro, “Methods
for remaining life prediction of power cable based on
partial discharge with regard to loading factor cal-
culation and voltage variation,” in 2019 2nd Inter-
national Conference on High Voltage Engineering
and Power Systems (ICHVEPS), pp. 180-185, 2019.
https://doi.org/10.1109/iceei47359.2019.8988904.

[4] A. S. Alghamdi and R. K. Desuqi, “A study of
expected lifetime of xIpe insulation cables work-
ing at elevated temperatures by applying acceler-
ated thermal ageing,” Heliyon, vol. 6, no. 1, 2020.
https://doi.org/10.1016/j.heliyon.2019.e03120.

[5] N. Fuse, H. Homma, and T. Okamoto, ‘“Po-
sition of long-term prediction model in aging
management of nuclear power plant safety ca-
bles,” in 2013 IEEE International Conference on
Solid Dielectrics (ICSD), pp. 792-795, IEEE, 2013.
https://doi.org/10.1109/icsd.2013.6619779.

[6] P. Johannesson, X. Lang, E. Johnson, and J. W.
Ringsberg, “Mechanical reliability analysis of flexi-
ble power cables for marine energy,” Journal of Ma-
rine Science and Engineering, vol. 10, no. 6, p. 716,
2022. https://doi.org/10.3390/jmse10060716.

[71 L. Li, M. Sun, J. Gong, H. Zhou, and F. Gong,
“Evaluating the load-bearing capacity of cor-
roded cables in long-span cable-stayed bridges: A
stochastic corrosion field simulation approach,”
in Structures, vol. 65, p. 106650, Elsevier, 2024.
https://doi.org/10.1016/].istruc.2024.106650.



90

(8]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Informatica 49 (2025) 83-92

Industrial Robot: An Interna-
tional  Journal, vol. 28, June  2001.
http://dx.doi.org/10.1108/ir.2001.04928cad.005.

B. Shan, C. Du, J. Cheng, W. Wang, and C. Li,
“Residual life prediction of xlpe distribution cables
based on time-temperature superposition principle by
non-destructive bis measuring on site,” Polymers,
vol. 14, no. 24, 2022. https://www.mdpi.com/2073-
4360/14/24/5478.

B. Risch, S. Fox, R. Delden, D. Comteq, and T. Ijzer-
weg, “Lifetime prediction of fiber optic cable materi-
als for nuclear power applications: Evaluation of fail-

ure mechanism, end of life criteria, and test method-
ology,” 10 2010.

J. Wang, J. Liu, and B. Liu, “Slope anchor cable life
evolution model and prediction,” in 2016 2nd Work-
shop on Advanced Research and Technology in In-
dustry Applications (WARTIA-16), pp. 500-507, At-
lantis Press, 2016. https://doi.org/10.2991/wartia-
16.2016.101.

C. C. Aggarwal, “Data mining: The textbook,” 2015.

C. M. Bishop, Pattern recognition and machine learn-
ing. Springer, 2006.

T. Chen and C. Guestrin, “Xgboost: A scalable tree
boosting system,” pp. 785-794, 2016.

Q. Wen, T. Zhou, C. Zhang, W. Chen, Z. Ma, J. Yan,
and L. Sun, “Transformers in time series: A survey,”
in Proceedings of the Thirty-Second International
Joint Conference on Artificial Intelligence, 1JCAI-
2023, p. 6778-6786, International Joint Conferences
on Artificial Intelligence Organization, Aug. 2023.
http://dx.doi.org/10.24963/ijcai.2023/759.

H. Guo, R. Tang, Y. Ye, Z. Li, and X. He, “Deepfm:
A factorization-machine-based neural network for ctr
prediction,” arXiv preprint arXiv:1703.04247, 2017.
https://doi.org/10.24963/ijcai.2017/239.

T. Hastie, R. Tibshirani, and J. Friedman, “The ele-
ments of statistical learning: Data mining, inference,
and prediction,” 2009.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep resid-
ual learning for image recognition,” Proceedings
of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 770-778, 2016.
https://doi.org/10.1109/cvpr.2016.90.

M. Gu, “Improved kalman filtering and adap-
tive weighted fusion algorithms for enhanced
multi-sensor data fusion in precision mea-
surement,” Informatica, vol. 49, no. 10, 2025.
https://doi.org/10.31449/inf.v49i10.7122.

[20]

(21]

[22]

[23]

[24]

[26]

[27]

[30]

[31]

D. Qi

M. Niu, Y. Li, and J. Zhu, “Optical cable lifes-
pan prediction method based on autoformer,” Ap-
plied Sciences, vol. 14, p. 6286, July 2024.
http://dx.doi.org/10.3390/app14146286.

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner,
“Gradient-based  learning  applied to  doc-
ument  recognition,” Proceedings  of  the
IEEE, vol. 86, no. 11, pp. 2278-2324, 1998.
https://doi.org/10.1109/5.726791.

X. Cheng and H. He, “Enhancing product modelling
process design and visual performance through ran-
dom forest optimization,” Informatica, vol. 48, 09
2024. https://doi.org/10.31449/inf.v48114.5800.

Y. Zhang, J. Wang, and X. Chen, “Research
on detection and positioning technology of uhv
gis based on multi-sensor fusion and chaotic
cuckoo algorithm,” Informatica, vol. 49, 02 2025.
https://doi.org/10.31449/inf.v4918.7044.

W. Zhang and D. Sun, “A survey on ma-
chine learning for predictive maintenance,”
IEEE Access, vol. 9, pp. 22090-22101, 2021.
https://doi.org/10.1109/etfa45728.2021.9613467.

V. S. Ramalingam, M. Kanagasabai, and E. F. Sun-
darsingh, “Transit time dependent condition mon-
itoring of pcbs during testing for diagnostics in
electronics industry,” IEEE Transactions on Indus-
trial Electronics, vol. 65, p. 553-560, Jan. 2018.
http://dx.doi.org/10.1109/tie.2017.2716876.

T. Yue, “Sensor-based life detection of so-
lar cells,” Informatica, vol. 49, no. 9, 2025.
https://doi.org/10.31449/inf.v4919.5586.

R. De Luca, A. Ferraro, A. Galli, M. Gallo,
V. Moscato, and G. Sperli, “A deep attention based
approach for predictive maintenance applications in
iot scenarios,” Journal of Manufacturing Technol-
ogy Management, vol. 34, p. 535-556, Feb. 2023.
http://dx.doi.org/10.1108/jmtm-02-2022-0093.

L. Wang and Q. Zhao, “Health index prediction for ca-
bles using advanced neural networks,” IEEE Access,
vol. 10, pp. 1527615288, 2022.

Y. Wang, Z. Chen, T. Zhu, J. Liu, and X. Du,

“Intelligent detection and localization of ca-
ble faults wusing advanced discharge analysis
techniques,” Informatica, vol. 49, 02 2025.

https://doi.org/10.31449/inf.v4919.5468.

B. Scholkopf and A. J. Smola, “Learning with ker-
nels,” MIT Press, 2001.

S. Mu, M. Cui, and X. Huang, “Multimodal data
fusion in learning analytics: A systematic re-
view,” Sensors, vol. 20, p. 6856, Nov. 2020.
http://dx.doi.org/10.3390/s20236856.



Adaptive Fusion Networks for Cable Material Durability Assessment...

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[40]

[41]

K. M. Cheon and J. Yang, “Explainable ai appli-
cation for machine predictive maintenance,” Jour-
nal of Society of Korea Industrial and Systems
Engineering, vol. 44, p. 227-233, Dec. 2021.
http://dx.doi.org/10.11627/jksie.2021.44.4.227.

O. Rudenko, O. Bessonov, and O. Dorokhov,
“Evolving neural network cmac and its ap-
plications,” Informatica, vol. 43, no. 2, 2019.
https://doi.org/10.31449/inf.v43i2.2303.

Y. Zhou, “The design and application of anime game
character modeling using long short-term memory
network algorithm,” Informatica, vol. 48, no. 17,
2024. https://doi.org/10.31449/inf.v48i17.6683.

H. Li and W. Zhu, “Art image style conver-
sion based on multi-scale feature fusion net-
work,” Informatica, vol. 48, no. 10, 2024.
https://doi.org/10.31449/inf.v48110.5960.

S. 1. Evangeline, S. Darwin, K. Baskaran, and
E. F. 1. Raj, “A machine learning-based assess-
ment model for defect diagnosis in xlpe power ca-
bles,” e-Prime-Advances in Electrical Engineering,
Electronics and Energy, vol. 8, p. 100530, 2024.
https://doi.org/10.1016/j.prime.2024.100530.

R. Sahoo, S. Karmakar, and S. Panigrahy, “Health
index analysis of xlpe cable insulation using
machine learning technique,” in 2020 [EEE 7th
Uttar Pradesh Section International Confer-
ence on Electrical, Electronics and Computer
Engineering (UPCON), pp. 1-6, IEEE, 2020.
https://doi.org/10.1109/upcon50219.2020.9376573.

H. Yi, X. Wang, C. Suo, A. M. Ghias, H. B. Gooi,
C. T. Wee, W. K. Chern, and A. C. Yucel, “A data
analytic approach for assessing xlpe cable insulation
condition via resistance measurements,” /EEE Trans-

actions on Instrumentation and Measurement, 2025.
https://doi.org/10.1109/tim.2025.3555713.

A. Said, S. Hashima, M. M. Fouda, and M. H. Saad,
“Deep learning-based fault classification and loca-
tion for underground power cable of nuclear facili-
ties,” leee Access, vol. 10, pp. 70126-70142, 2022.
https://doi.org/10.1109/access.2022.3187026.

Z. Luo, G. Ye, N. Chen, and H. Huang, “Insula-
tion condition assessment of xIpe cables using multi-
algorithm integration,” in The Proceedings of the 19th
Annual Conference of China Electrotechnical Society
(Q. Yang, Z. Bie, and X. Yang, eds.), Springer Nature
Singapore, 2025.

G. Qin, M. Juan, and M. H. Rui, “Iot-based

intelligent power supply management using
ensemble learning for seismic  observation
stations,” Informatica, vol. 49, no. 8, 2025.

https://doi.org/10.31449/inf.v4918.6502.

[42]

[43]

[44]

[45]

[46]

Informatica 49 (2025) 83-92 91

G. Biau and E. Scornet, “A random forest guided
tour,” Test, vol. 25, no. 2, pp. 197-227, 2016.

C. M. Bishop, Neural Networks for Pattern Recogni-
tion. Oxford University Press, 1995.

A. J. Smola and B. Scholkopf, “A tutorial on support
vector regression,” Statistics and Computing, vol. 14,
no. 3, pp. 199-222, 2004.

G. Zhang, “Neural networks for -classification:
A survey,” [IEEE Transactions on Systems,
Man, and Cybernetics - Part C: Applications

and Reviews, vol. 30, no. 4, pp. 451-462, 2000.
https://doi.org/10.1109/5326.897072.

R. Das and T. D. Singh, “Multimodal sentiment anal-
ysis: A survey of methods, trends, and challenges,”
ACM Computing Surveys, vol. 55, p. 1-38, July 2023.
http://dx.doi.org/10.1145/3586075.



92 Informatica 49 (2025) 83-92 D. Qi



https://doi.org/10.31449/inf.v49i22.7634

Informatica 49 (2025) 93-110 93

Spatial-Spectral Cross Fusion Attention based Hyperspectral Image
Super-Resolution for Land Resource Auditing

Jinjin Zhang?!, Yu Wang?, Ranchen Dai', Tianming Zhan! and Xiaobing Yu'"
1 School of Computer Science and School of Intelligence Audit, Nanjing Audit University, Nanjing, 211815 China

E-mail: zhangjj1981@sohu.com
*Corresponding author

Keywords: hyperspectral image, super-resolution, transformer, cross-attention fusion

Received: November 20, 2024

Hyperspectral imaging, celebrated for its detailed spectral information, finds broad application in various
fields. However, the limitations inherent to optical systems often impede the direct acquisition of high-
resolution hyperspectral images. Hence, achieving these images has become a key focus in the research
community. The process of single hyperspectral image super-resolution (HSI-SR) aims to upscale low-
resolution images to a higher resolution. With the evolution of deep learning, the incorporation of
Convolutional Neural Networks (CNNSs) into super-resolution methods has shown considerable promise.
Yet, the challenge lies in the thorough extraction of both spatial and spectral data, especially in the context
of remote sensing, which can limit the model's ability to learn effectively. Additionally, Transformer-based
techniques often struggle to capture the intricate relationships between spatial and spectral features,
which can hinder the effectiveness of image reconstruction. To overcome these challenges, this paper
presents a novel HSI-SR approach: Spatial-Spectral Cross Fusion Attention based Hyperspectral Image
Super-Resolution for Land Resource Auditing, which synergizes the strengths of CNNs and the
Transformer architecture. During the learning of spatial features, the method alternates between window
self-attention and zero-padding window self-attention, allowing for a more comprehensive focus on
feature information and the integration of different windows to achieve long-range insights. Furthermore,
the cross-attention feature fusion module designed for this approach is adept at merging spatial and
spectral features, thus enhancing the model’s ability to learn from both types of information. The approach
effectively enhances spatial-spectral integration, improving reconstruction quality. Extensive
experimental assessments have demonstrated the proposed method’s superiority over current industry
benchmarks. PSNR improvements 0.08 over baseline in Cave.

Povzetek: Predstavljen je nov pristop za izboljsanje prostorsko-spektralne locljivosti hiperspektralnih slik
z uporabo krizno-pozornostnega zdruzevanja, kar izboljSa kakovost rekonstruiranih slik za revizijo

zemljiskih virov.

1 Introduction

Hyperspectral imaging, characterized by its continuous
narrow-band data and high spectral resolution, offers an
abundance of spectral information that can discern the
subtlest of spectral features. These capabilities have been
widely utilized across various domains, including
construction audits  [1], Hyperspectral imaging
technology, with its continuous narrowband spectral data
and high spectral resolution, reveals unprecedented
spectral information details and can accurately capture the
slightest spectral differences [2], [3], [4]. The unique
advantages of this technology have been widely
recognized and applied in multiple fields, especially in the
field of "land resource auditing” [5], [6], [7], where it
plays an irreplaceable role [8], [9]. On the other hand,
imaging systems designed specifically for high spatial
resolution often have smaller IFOVs, which in turn require
wider spectral channels to collect sufficient light
energy[10], [11], [12]. However, in the realm of remote
sensing imaging systems, there is

often a necessary compromise to be struck between
achieving high spatial resolution and capturing detailed
spectral information. The narrow spectral bandwidth
inherent to hyperspectral imaging systems necessitates a
large instantaneous field of view (IFOV) to gather
sufficient light quanta, thereby ensuring a satisfactory
signal-to-noise ratio. Conversely, systems designed for
high spatial resolution feature a smaller IFOV, which in
turn demands a broader spectral channel. Consequently,
current remote sensing imaging systems frequently fall
short of delivering both high spatial and spectral
resolutions simultaneously. This limitation restricts the
broader application of hyperspectral images across
various domains. For example, low-resolution images can
impact the audit process in land resource audits.
Consequently, the development of methods to obtain
hyperspectral images with enhanced spatial resolution has
emerged as a pivotal research direction.

Image Super-Resolution, a crucial technique in image
enhancement [13], [14], [15], [16], enables the
reconstruction of high-resolution images. Classified by the
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quantity of input images, this technique bifurcates into
fusion-based [17], [18], [19] and single hyperspectral
image  super-resolution  approaches. The model
optimization method describes the relationship between
high-resolution multispectral images (HR MSI) and low-
resolution hyperspectral images by constructing a
degradation model, in order to more accurately reflect the
complex degradation process in the real world. This
method often requires a combination of appropriate prior
information and constraints to derive the target image
through optimization algorithms [23]. The fusion method
based on deep learning fully utilizes the spatial and
spectral correlations between LR HSI and HR MSI to
further improve the accuracy of super-resolution
reconstruction. Improving the resolution of HSI is of
crucial importance in the field of land resource auditing.
Land resource auditing requires precise assessment of
surface cover, land use status, and soil characteristics,
while hyperspectral images can provide rich spectral
information that helps identify different types of
vegetation, soil, and man-made objects [24]. However,
due to the limitations of remote sensing imaging systems,
the obtained hyperspectral images often have low
resolution, making it difficult to meet the detailed
information requirements of land resource audits.
Therefore, improving the resolution of images through the
HSI-SR method can significantly enhance the accuracy
and efficiency of land resource auditing. However, these
fusion-based techniques necessitate auxiliary high-
resolution multispectral images, imposing certain
prerequisites on the quality of the supplementary data. The
assumption of a strong correlation between input images,
which is often a prerequisite for most fusion methods,
poses a practical challenge due to the difficulty of
acquiring well-matched images, thereby constraining their
real-world applicability.

In stark contrast to fusion methods, single-frame
hyperspectral image super-resolution eschews the need for
auxiliary information, opting to directly upscale a LR HSI
to a HR HSI, thereby enhancing its practical viability in
real-world scenarios. Principal techniques within this
domain encompass interpolation, low-rank tensor
approximation [25], sparse representation [26], and deep
learning [27]. Interpolation techniques, which estimate
unknown pixel values based on their neighbors, often fall
short in capturing high-frequency details, leading to edge
blurring. To delve deeper into the intrinsic characteristics
of hyperspectral images, tensor completion-based
methods have been proposed for spatial super-resolution,
albeit at the cost of computational efficiency due to their
formulation as complex iterative optimization problems.
Deep learning-based SR methods have demonstrated
remarkable efficacy, attracting substantial research
interest. The objective of these techniques is to identify the
complex relationships between images of low and high
spatial resolution for the purpose of hyperspectral image
reconstruction, with Convolutional Neural Networks and
Transformer models becoming prominent approaches in
this field.

The rapid evolution of deep learning has endowed
CNNs with the ability to extract and learn profound image
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features through convolutional, pooling, and fully
connected layers, thereby achieving remarkable success in
image classification [28], [29], [30], object detection [31],
[32], [33], and beyond. SRCNN [34] marked a seminal
application of CNNs in image super-resolution,
significantly improving the reconstruction of natural
images over conventional techniques. Building upon this,
advanced methods integrating residual learning [35] and
multi-scale processing have surfaced, enhancing the
capacity of the model to learn complex features.

As deep learning technology progresses, the
Transformer architecture, has made significant inroads
into the realm of CV. Its self-attention mechanism, pivotal
for learning key features and capturing long-range
dependencies, has notably improved the reconstruction
quality of high-resolution hyperspectral images (HR-
HSIs). However, the single-image super-resolution
process often suffers from a lack of interaction between
spectral and spatial information, degrading reconstruction
quality.

To counter these challenges, particularly the CNN's
limitation in capturing long-range dependencies and the
Transformer's struggle to integrate spatial and spectral
information seamlessly, this paper introduces a Spatial-
Spectral Cross Fusion Transformer which fortifies
reconstruction by integrating spatial and spectral features
more cohesively. The objective is to enhance spatial
resolution while preserving spectral fidelity. It employs a
window attention mechanism with zero-padding for
spatial information to foster inter-window information
exchange and enhance spatial feature capture. In the
spectral realm, features are extracted through
convolutional operations and a dedicated spectral
attention module. Additionally, the approach enhances
detail by fusing intermediate outputs from both the spatial
and spectral feature extraction branches, reintegrating
these refined features into subsequent modules. This
promotes a robust interaction between spatial and spectral
domains, achieving a more effective dimensional fusion.
The culmination of this process is the amalgamation of
outputs from both branches, adeptly restoring the spatial
and spectral resolutions of the hyperspectral image. This
not only preserves the image's full spectral and spatial
integrity but also significantly bolsters the performance of
hyperspectral image super-resolution.

To summarize, the key contributions of this research
paper are outlined below:

e We propose a novel Spatial-Spectral Cross-
Fusion Attention-Based Hyperspectral Image
Super-Resolution for Land Resource Auditing.
This method integrates spatial and spectral
information to improve image reconstruction and
enhance the accuracy of land resource auditing.
The proposed framework incorporates a cross-
attention fusion module that promotes effective
feature interaction between spatial and spectral
branches, thereby enhancing the quality of super-
resolution. This method addresses the critical
challenge of utilizing low-resolution
hyperspectral images in land resource auditing
applications.
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e To better capture spatial and spectral features, we
design a cross-attention feature fusion module.
This module fuses the outputs of the spatial and
spectral feature extraction branches, enhancing
feature learning and improving the final image
reconstruction effect.

2 Related work

This section offers an extensive examination of the key
technological milestones within the realm of HSI-SR,
encompassing the trajectory of advancements in this field.
Initially, we delineate the two predominant strategies:
image fusion techniques and single image SR
methodologies.  Following that, we provide a
comprehensive review of diverse deep learning-driven
methods for HSI-SR.

2.1 The methods of image super-resolution

The approaches to achieving HSI SR are predominantly
classified into two main categories: those that rely on the
fusion of multiple images, known as fusion-based
methods, and those that enhance the resolution of a single
image, referred to as single-image HSI-SR methods. The
former methods necessitate supplementary information to
facilitate the reconstruction process. This auxiliary
information is predominantly in the form of high-
resolution  multispectral imagery. Such methods
encompass techniques grounded in matrix decomposition,
Bayesian inference, tensor factorization- and deep learning
algorithms. Conversely, single-image hyperspectral SR
directly upscales a LR-HSI to a high-resolution
counterpart, eschewing the requirement for additional
auxiliary data. Given the inherent challenges associated
with procuring precise auxiliary data and mitigating
spectral distortion, our study concentrates on HSI-SR
techniques.

2.2 Traditional approaches

Conventional methods for image enhancement techniques
predominantly utilize mathematical and signal processing
approaches to augment the resolution, thereby framing the
super-resolution (SR) challenge for hyperspectral images
(HSI) as an optimization problem. Within this framework,
diverse image priors are integrated into the optimization
process to attain a favorable representation of the HSI
data. Such techniques encompass interpolation, low-rank
tensor approximation, sparse representation, among
others. Interpolation methods, which estimate unknown
pixel values based on their neighbors, often struggle to
recover lost high-frequency information, resulting in
blurred edges. To delve into the intrinsic characteristics of
hyperspectral images, novel tensor-based methods have
been introduced for enhancing resolution. Nonetheless,
these methods can be computationally intensive, as they
are frequently cast as complex optimization problems
requiring iterative solution strategies. The inherent
limitations of traditional methods have catalyzed the
emergence and swift advancement of deep learning
approaches. Deep learning methods offer innovative
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perspectives and sophisticated tools, revolutionizing the
landscape of image super-resolution.

2.3 Deep learning approaches

Contrary to conventional single-image super-resolution
techniques, deep learning networks excel at uncovering
the intrinsic features embedded within image data, thereby
offering enhanced performance in the HSI-SR domain.
This section delves into the application of Convolutional
Neural Networks and Transformer architectures for
addressing single HSI-SR tasks.

2.3.1 CNN-based approaches

The swift evolution of deep learning has led to the
successful deployment of CNNs in super-resolution
techniques, yielding commendable outcomes. Dong et al.
[34] pioneered the application of a three-layer CNN for
natural image super-resolution, introducing the SRCNN,
which amalgamates CNNs with super-resolution methods
to significantly bolster image reconstruction efficacy.
Motivated by these findings, subsequent research has
advocated for the adaptation of similar solutions to
address the super-resolution challenges specific to
individual hyperspectral images. Wu et al. [39] introduced
the SDCNN, employing spatial constraints to facilitate the
mapping, albeit with potential performance limitations for
certain image types or scenes. Li et al. [40] further
proposed the GDRRN, capable of directly mapping low-
resolution inputs to high-resolution outputs while adeptly
capturing intricate spectral-spatial dynamics, thereby
enhancing super-resolution capabilities. Nonetheless, the
model's  heightened  complexity and extensive
parameterization demand considerable computational
resources and time for training and deployment,
presenting a risk of overfitting.

In the realm of image super-resolution, while CNNs
adeptly capture spatial features, the limitations of 2D
convolution hinder the preservation of spectral
information  essential to  hyperspectral  imagery.
Augmenting the network depth with residual modules
further bolsters the overall image recovery process. Mei et
al. [41] exemplified this with the introduction of a 3D fully
convolutional neural network designed to encapsulate
spectral information within its architecture, thereby
capturing spatial and spectral features more effectively
and enhancing super-resolution accuracy. Nonetheless,
the model's efficacy fluctuates with varying hyperspectral
datasets and applications, which may impede its
generalizability. Li et al. [40] advanced the GDRRN by
integrating grouped convolution within the recurrent
residual module, effectively supplanting the traditional 3D
convolution. However, these methodologies struggle to
transcend the inherent focus of CNNs on local features,
often overlooking the long-range dependencies present
within images. These constraints can significantly impede
the model's capacity for feature learning, culminating in
suboptimal reconstruction results.
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2.3.2 Transformer-based approaches

Transformer framework has been adopted by the field of
CV due to its self-attention mechanism's ability can
capture long-term dependencies among features and
patches, yielding enhanced performance. Specifically,
Liang et al. [42] introduced the Swin Transformer for
natural image recovery, which has demonstrated superior
results. However, its potential to disrupt spectral
correlations renders it less suitable for hyperspectral
image recovery tasks. Consequently, researchers have
begun integrating 3D convolution with the Transformer to
concurrently learn spatial and spectral features, thus
engaging with both local and global image characteristics.
Liu et al. [43] proposed the Interactformer, integrating an
interactive transformer with a CNN to address
hyperspectral image super-resolution. Wu et al. [44] also
integrated spectral attention mechanisms with three-
dimensional convolutional operations to capture the
characteristics within an extensive receptive field, thereby
enhancing the feature extraction process in hyperspectral
imaging. However, these methods focus on the extraction
of spatial and spectral features, overlooking the critical
role that their interaction plays in bolstering reconstruction
quality during image super-resolution. In response, we
introduce the Spatial-Spectral Cross Fusion Transformer
for Hyperspectral Image Super-Resolution, designed to
effectively mediate information exchange and to fully
harness spatial and spectral information for HSI-SR.

3 Method

This section delineates the methodology of our approach.
Section 3.1 outlines the architecture of the entire network.
Section 3.2 details the mechanism of the cross-attention
fusion module. Section 3.3 elaborates on the intricacies of
the spatial feature extraction module. Finally, Section 3.4
delves into the specifics of the spectral feature extraction
module.

3.1 Overall structure

As depicted in Figure 1, the process of shallow feature
extraction is carried out via 3D convolutional layers. The
deep feature extraction module is bifurcated into three
specialized branches: spatial feature extraction, spectral
feature extraction, and a cross-attention fusion branch.
The final reconstruction module integrates upsampling
with convolution operations. Initially, a 3 x3x3
convolution kernel is employed to extract shallow
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features, which are subsequently channeled into both the
spatial and spectral feature extraction branches.
Subsequently, the spatial and spectral information from
these branches is synergistically integrated by the cross-
attention fusion module. Ultimately, the residual
concatenation and reconstruction module are leveraged to
generate images with enhanced spatial and spectral
resolutions.

Let I,z € RPW*C denote the low-resolution input
image, where C, w and h respectively represent the
number of channels of the input, width, and the height.
Initially, a 3D convolution operation is applied to extract
the preliminary feature representation F, defined as:

Fy = Convsp(Ipg) 1)

Subsequently, these shallow features are forwarded to
the next stage for further refinement. Within the spectral
feature extraction branch, F, is transformed into a 5-
dimensional dataset post 3D convolution. It must be
reformatted to a 4-dimensional structure prior to the
spatial feature extraction branch and reconverted to 5-
dimensional form at the branch's conclusion. The spatial
feature extraction branch is composed of K attention
modules, while the spectral feature extraction branch
comprises K convolutional modules. The outputs A; and
Cx from the k;, attention and convolution modules,
respectively, are derived through the equations:

A = flli-) (k=1,...,K) 2

Ce = fi (G- (k=1,...,K) ®3)

Where fA() and £ () denote the operations of the
k., attention and convolution modules, and 4j,_, and Cy_,
represent the inputs of the k., attention module and the
k., convolution module respectively. Ultimately, the
outputs from both branches are concatenated as [F,, Fc]
and the features are optimally integrated viaa 1 X 1 X 1
convolution. The final super-resolved image is expressed
as:

Isg = fre(Convyyqxi([Fa, Fc]) + Fy) (4)

where f,..(-) denotes the reconstruction module that
encompasses upsampling and convolution operations.

In summary, our model seamlessly integrates
prevailing image restoration frameworks for potent spatial
and spectral feature extraction. It further enhances the
interaction of information through its unique modules,
with the details to be discussed in the following sections.
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Figure 1: The overall architecture of our model

3.2 Cross-attention fusion module

As depicted in Figure 2, the cross-attention feature fusion
module is designed to better integrate spatial and spectral
information from distinct sources through a cross-
attention mechanism. The module takes the output A;_;
from the K — 1, attention module and the output A;_,
from the K — 1,;, convolution module as its inputs. By
using C,_; as the K in the attention mechanism, and A4;_,
asthe Q and V. By leveraging cross-attention mechanisms,
the spectral features enhance the spatial features, thereby
further improving the feature learning capability.
Similarly, by using A,_; as the K in the attention
mechanism, and C,_; as the Q@ and V, the spectral
information is enhanced. By employing the CAFM
module, spatial and spectral features can be better learned
through cross-fusion. Taking A,_, from the cross-
attention fusion module as an example. In the spectral
feature extraction branch, C,_; is shaped as N x C X B X
H x W. In order to fuse with the spatial features of the
four-dimensional data, the spectral features are changed
into (N X B) X C x H X W by reshaping firstly. It serves
as the Key in the attention mechanism, and the Query and
the Value come from A,_;. The output of the CAFM,
Foross—attention. 15 Obtained through attention calculation,

and then the input Aj_, of the K, attention module is
obtained by residual concatenation. The process of Aj_;
is as follows:

Feross—attention = Softmax(QKT)V (%)
A1 = fearm(A—1, Ag—1) + Ap_q

= Pcross—attention + Ak—l

where fr4r (1) denotes the Cross-Attention Fusion
Module.

The process of computing C,_, of the convolution
module is similar to that of 4j,_;. A,_; serves as the K. Q
and V are derived from C,_;. The process of C;_; is as
follows:

Cr-1 = fearm(Cr—1,C—1) + Cr—y

= Feross—attention + Cr—1

This module is strategically designed to integrate
features from both branches, thereby enhancing the
network's feature learning capabilities. This fusion
approach is pivotal in improving the final image recovery
effect, as it allows for a more comprehensive exploitation
of the rich information embedded within hyperspectral
imagery.

(6)

()
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Figure 3: The detailed structure of the CAFM. The integration result is for the spectral feature extraction module

3.3 Spatial feature extraction module

In order to better extract the regional feature, we have
introduced the ZP-SAL [45] efficiently capturing spatial
features. We first divide the input features into non-
overlapping regions of size N x N, and then calculate the
multi-head self-attention in each window to capture local
features. However, this method only learns features within
the window and cannot effectively learn features between
adjacent windows. Therefore, we next use zero-padded
window self-attention to learn features between adjacent
windows. By padding the input windows with zeros, we
can include the adjacent regions between windows in the
same window during window partitioning, effectively
learning features between windows. As depicted in Figure
4, the output features from two consecutive window
attention layers can be expressed as follows:

Fy_sa = fw-sa(LN(Fi_1)) + Fi_1 (i ®)
=1,...,n)

Fy = MLP(LN(Fy_sa.)) + Fyw_sar (i )
=1,...,n)

Fzp—sa = fzp-sa(LN(F)) + F; (i =1,...,n) (10)

Fiyq = MLP(LN (Fzp_sar)) + Fzp_sar (i (11)

=1,....,n—-1)

where F;_; denotes the input of the K,,, attention layer
in the attention module, F,_g, denotes the window
attention, F,p_g, denotes the zero-padding window
attention, and MLP(-) and LN(:) are the multilayer
perceptron and normalization respectively.
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3.4 Spectral feature extraction module

While 2D convolution effectively extracts local image
features, its ability to model the spectral dimension
remotely is limited. Compared to 2D convolution, 3D
convolution offers distinct advantages in preserving the
spectral feature for processing high-dimensional data such
as hyperspectral images. Therefore, we refer to the
LFESM of Interactformer [43]. Effectively retaining the
inherent spectral characteristics of Hyperspectral Images
(HSIs), this module also excels at gathering detailed local
feature information. Furthermore, the incorporation of the
spectral attention serves to improve the retention of
spectral features. 1 x 1 x 1 convolution is used for
controlling the feature dimension, while 3 x3x 3
convolution is employed for spatial-spectral feature
extraction. To preserve the spectral features while learning
spatial features, global average pooling is applied to
generate spectral band features, followed by 1-D

Spectral Feature Extraction Module ! h

. NxCxBxHxW

e

convolution to further learn the spectral features. Finally,
Sigmoid activation function is used to obtain the spectral
weights and perform element-wise multiplication. The
final feature map is generated through residual
connection. The output feature F,,, of the convolution
module can be represented as:

Fout (12)
= Convyxqx1(CONV353x3(CONV1x1x1 (Fin)))

a = Softmax(Avg(Fy,)) (13)

where F;, denotes the input of the spectral feature
extraction module, Conv and Avg are the one-
dimensional convolution and the global average pooling.
Conv,xix; and Convsysys denote the 1x1x1
convolution module and 3 x 3 x 3 convolution module.
The Sigmoid is employed to calculate the weight,
denoted as a, which serves to reconstruct the spectral
features.
Element wise
Summation

Element wise
Multiplication

7

1DConv

Sigmoid

Figure 5: The detailed structure of the spectral feature extraction module
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4 Experiments

In this part, we carry out extensive experiments to assess
the efficacy of our model. We utilize thoes datasets for our
comparisons: the CAVE Dataset [46], the Harvard Dataset
[47], the Chikusei Dataset [48], and the Real Dataset. We
exhibit both quantitative metrics and visual outcomes of
our model in comparison with four current HSI-SR
techniques, including ESWT [49], HAT [50], SSPSR[20]
and Interactformer [43].

4.1 Datasets

Given the confidential nature of audits, data acquisition
during the audit process is not typically accessible.
Consequently, employing public datasets such as Cave,
Harvard, Chikusei, and Real datasets for validation is
more objective and equitable.

CAVE Dataset [46]: This dataset comprises 32 real
indoor scenes, each with dimensions of 512 x 512 x 31
pixels. In this study, we have selected 21 images from this
dataset for training purposes, others for testing. The
training subset is partitioned into overlapping patches,
each measuring 64 x 64 x 31 pixels, with a stride of 16
pixels. To simulate low-resolution conditions, we apply a
5 x 5 Gaussian blur that has a standard deviation of 2 and
a mean of 0 to these patches. Subsequently, the blurred
images are downsampled by a factor of 4 to produce the
LR-HSI, which serves as the input for our super-resolution
model.

Harvard Dataset [47]: The Harvard hyperspectral
image dataset offers a rich collection of real-world scenes,
encompassing 50 images with a resolution of 1392 x
1040 pixels each. The images cover 31 hyperspectral
bands, spanning the wavelength range from 420
nanometers to 720 nanometers. In the context of this
research, we have randomly selected 40 images for the
training phase, with the remaining images being
designated for the testing phase. The preprocessing steps
applied to the Harvard dataset mirror those of the CAVE
dataset, ensuring consistency in the data preparation
phase.

Chikusei Dataset [48]: The Chikusei hyperspectral
image dataset comprises imagery of the Chikusei region
in lbaraki, Japan, captured by the Hyperspec-VNIR-
CIRIS spectrometer. Characterized by a ground sampling
distance of 2.5 meters, the dataset features images of
2517 x 2335 pixels, encompassing 512 bands with a
spectral range from 363 nm to 1018 nm. For training, a
cropped region of 2000 x 1500 pixels was utilized and
segmented into overlapping 64 x 64 pixel blocks, each
with 128 spectral bands. The remaining imagery
constituted the test set, which was divided into four non-
overlapping 128 x 128 pixel blocks, each retaining 128
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bands. Both the training and test sets were processed in the
same way as described above.

Real dataset: Launched in October 2009, the
WorldView-2 satellite stands as the world's first
commercial high-resolution 8-band multispectral satellite,
revolutionizing the field of remote sensing with its
unprecedented image clarity. The satellite offers
panchromatic imagery at a resolution of 0.46 meters and
multispectral imagery at 1.85 meters, providing detailed
insights into the Earth's surface. The data encompass eight
distinct spectral bands, with individual images measuring
418 pixels in width by 658 pixels in height. Such high-
resolution multispectral data are instrumental for various
applications, such as agricultural analysis, urban planning,
and environmental monitoring. In the process of spectral
feature extraction, the importance of different spectral
bands may vary. The channel attention mechanism can
dynamically adjust the weights of different spectral bands,
highlighting important spectral features and suppressing
irrelevant noise. This weighting process helps the model
to more accurately capture key spectral information in
HSI. By combining 3D convolution and channel attention
mechanisms, we can more effectively extract and preserve
spectral features in HSI. In the spectral feature extraction
module, we first use a 3D convolution kernel to perform
sliding operations on HSI to capture local spatial spectral
features. Then, we weight these features through channel
attention mechanism to highlight important spectral bands
and suppress irrelevant noise. Finally, we fuse the
weighted features to generate a feature map that contains
rich spectral information. These feature maps will be used
for subsequent processing and analysis tasks.

4.2 Implementation details

We conducted a comparison of our approach against
several SOTA image SR techniques, such as ESWT [49],
HAT [50], SSPSR [20] and Interactformer [43], across
various datasets including the CAVE Dataset, the Harvard
Dataset, the Chikusei Dataset, and the real-world dataset.
Our model architecture comprises 6 attention modules and
an equal number of convolution modules. Each attention
module is equipped with 6 window attention layers,
alternating between standard window attention and zero-
padding window attention to capture both local and long-
range spatial features effectively. The convolution module
is designed with two 1 x 1 x 1 convolutions for feature
dimension manipulation, a 3 x 3 x 3 convolution for
feature extraction, and a spectral attention module for
enhancing feature representation. For the implementation,
we utilized the PyTorch framework and conducted our
model training on 4090. We chose the Adam Optimizer as
our standard training algorithm, with an initial learning
rate of 0.0002, which was set to ensure swift and effective
convergence [51], [52].
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Table 1: Summary table of indicator comparison

SAM The existing
Data set | Method PSNR SSIM (Hypothesis | methods are necessity
Indicator) insufficient
Promote
Some edae technological
SOTA High . Premium ge innovation and
CAVE High value 1 segmentation is .
Method A value 1 value 1 : improve
inaccurate :
segmentation
accuracy
. . Large computational Reduce .
SOTA High . Premium X computational
High value 2 load and long-time .
Method B value 2 value 2 ) complexity and
consumption ; o
improve efficiency
Enhance the
Current Median 1 | Median 1 Median 1 Unable to handle generalization ability
Method C complex scenes
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. . | SOTA High . Premium Sensitive to specific | Improve model
Chikusei Method D value 3 High value 3 value 3 lighting conditions robustness
SOTA High High value 4 Premium Parameter tuning is S;T;?r:gyte:rlﬁnin
Method E value 4 g value 4 complex P g
process
Existin The segmentation Improve the
9 Median 2 | Median 2 Median 2 results are not consistency of
Method F :
coherent segmentation results

4.3 Assessment of indicators

We employed a quintet of evaluative metrics to scrutinize
various models: the peak signal-to-noise ratio (PSNR)
[53], which assesses the likeness between two images. The
structural similarity (SSIM) [54], which assesses the
likeness between two images. The spectral angle mapper
(SAM) [55], which evaluates the spectral angle of images,
where a smaller angle signifies greater spectral similarity
and a higher probability of the images featuring the same
attributes. ERGAS [56] serves as a comprehensive metric
for the assessment of remote sensing image quality,
factoring in Mean Square Error (MSE), RMSE [56], and
the luminance of the image. RMSE is determined by
taking the square root of the mean of the squared
discrepancies between the forecasted figures and the
factual figures. ERGAS is typically expressed as a
percentage, where a lower percentage indicates higher
image quality. The mathematical definitions for these
metrics are as follows:

2

max
PSNR =10- — 14
S 0 loglO(MSE) (14)
1 n
MSE =" Uyg — Ise)* (15)
i=1

where IR represents the true value, Igg represents the
predicted value, n denotes the number of samples.
(Zﬂx/v‘y + C1)(ny +¢3)
W% + 1 + c1)(0F + 05 + ¢2)

SSIM(X,Y) = (16)

where p, and p,, represent the mean value of X and Y,
respectively. o2 and 033 respectively denote the variance
of X and Y. a,, denotes the covariance of X and Y. ¢; and
¢, are constants used for stabilization calculations, which
are usually taken to be ¢; = (k;L)? and ¢, = (k,L)?
where L is the dynamic range of the pixel values, k, and
k,are constants.

n
1

RMSE = _Z(IHR — Isr)? a7

e

HW
SAM ((Iyg, 1. )=L2(cos'1(ﬂ)) (18)
TSR HW L sz

(19)

where H and ﬁ are respectively the input image's

height and width, c is the hyper-divisional magnification,
RMSE; represents the root-mean-square error of the iz,
band, L; represents the average spectral intensity of the i,
band, which is used to normalize the root-mean-square
error.
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4.4 Experiments results

4.4.1 Experiments of CAVE datasets

For the CAVE dataset [47], we segmented the images into
overlapping patches with a stride of 16 pixels, each patch
measuring 64 x 64 pixels for the training set. To replicate
the conditions of low-resolution imagery, we created a
LR-HSI by first applying a 5 x 5 Gaussian blur that has a
standard deviation of 2 and a mean of O to the original
image.
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Table 3 presents a comparative analysis of the
experimental results of our proposed network structure on
the CAVE dataset against four other approaches, utilizing
the five metrics to evaluate the effectiveness of different
models. Our model excels in three of the metrics. The
visualization of these results is provided in Figure 6,
which illustrates the superior performance of our proposed
model in recovering spatial texture details and preserving
spectral information. This advantage is attributed to the
cross-attention fusion method's capability to effectively
integrate spatial and spectral information, leading to
enhanced image super-resolution outcomes.

Figure 6: Image results for various models on CAVE are presented in a structured format. The first and second rows

display pseudocolor images, while the third and fourth rows showcase the SAM plots comparing the Ground Truth to

the images generated by our network model. Additionally, the fifth and sixth rows depict the bsolute error plots, also
comparing the GT to the generated images. (a) GT (b) HAT (c) ESWT (d) Interactformer () SSPSR (f) Ours
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Reference Advantages Limitations

HAT The integration of self-attention, channel attention, and | Have limitations in long - range spectral
overlapping cross-attention enhances pixel information | modeling.
extraction and improves reconstruction results.

ESWT Designed a stripe window mechanism and a flexible | Focus on spatial feature extraction but
window training strategy to better capture long - range | neglect spectral feature learning.
dependencies.

Interactformer | Using Transformer and CNN to extract local HSI | Neglect the interaction between spatial
features and capture long - range dependencies, with | and spectral features.
both methods interacting adaptively.

SSPSR Group convolution and progressive upsampling manage | Spectral feature learning is inadequate,
high - dimensionality, while the SSPN module | and spatial-spectral interaction in HSI
integrates spatial - spectral correlations. SR tasks has not been effectively

achieved.

Table 3: The comparison of five different single-image hyperspectral SR methods on CAVE.

Model TPSNR ISAM TSSIM lERGAS IRMSE

HAT 34.90F0.42 7.41F0.46 0.9161%0.0051 4.80¥0.29 3.47%0.21
ESWT 34.95%0.26 6.42+0.34 0.9266+0.0035 5.01F0.36 3.16+0.14
Interactformer 37.61F0.22 4.61¥0.16 0.9481%0.0013 3.69%0.07 2.5740.24
SSPSR 36.95F0.33 4.88%0.25 0.9477F0.0026 4.01¥0.13 2.70¥0.11
Ours 37.69%0.24 4,58%0.11 0.9485¥0.0017 3.70F0.05 2.60F0.04

4.4.2 Experiments of harvard datasets

For the Harvard dataset [48], we also segmented the
images into overlapping patches with a stride of 16 pixels,
each patch measuring64 x 64 pixels for the training set.
To replicate the conditions of low-resolution imagery, we
created a LR-HSI by first applying a 5 X 5 Gaussian blur
that has a standard deviation of 2 and a mean of 0 to the
original image.

To verify whether the advantages of our model over
other methods are statistically significant, we conducted a
paired sample t-test. Taking PSNR as an example,
compare the PSNR values of the model (31.58 dB) with
four other methods (hat, ESWT, interaction model,
SSPSR). The results showed that the PSNR value of our
model was significantly higher than all other methods
(p<0.05), indicating that our model has a significant
advantage in super-resolution reconstruction. To evaluate
the stability of our model performance, this paper
calculated the 95% confidence intervals for indicators
such as PSNR, SAM, SSIM, ERGAS, and RMSE. The
results show that all indicators of the model fall within a
narrow confidence interval, indicating that our model's
performance is stable and reliable.

Table 4 illustrates the comparative experimental
results of our proposed network structure against four
alternative methods on the Harvard dataset, utilizing five

performance metrics to assess the effectiveness of
different models. Our model leads in all five metrics, as
visualized in Figure 7. The results further demonstrate that
the spatial feature information can be effectively
recovered, primarily due to the attention module within
our zero-padding window mechanism, which significantly
boosts the model's capacity to capture and integrate spatial
details.

4.4.3 Experiments of chikusei datasets

We segmented a 2000 x 1500 x 128 region for training,
dividing it into a series of overlapping patches, each
64 x 64 x 128 in dimension. The remaining portion of
the dataset was designated for testing, where it was
divided into 4 non-overlapping patches, each with the
dimensions of 256 x 256 x 128. Both the training and
testing datasets underwent the same preprocessing steps as
mentioned earlier.

Table 5 presents the results comparing with four other
methods on the Chikusei dataset. Utilizing five
performance metrics, the table demonstrates the
effectiveness of different models. Our model excels in
four out of the five metrics. As depicted in Figure 8, the
proposed model demonstrates superiority over other
approaches. The results indicate that the spectral feature
extraction module within our model is adept at retaining
important spectral information, contributing to the overall
performance enhancement.
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Figure 7: Image results for various models on Harvard are presented in a structured format. The first and second rows
display pseudocolor images, while the third and fourth rows showcase the SAM error plots comparing the Ground
Truth to the images generated by our network model. Additionally, the fifth and sixth rows depict the absolute error
plots, also comparing the GT to the generated images. (a) GT (b) HAT (c) ESWT (d) Interactformer (e) SSPSR (f)

Ours

Table 4: The comparison of five different single-image hyperspectral SR methods on Harvard.

Model TPSNR {SAM 1SSIM lERGAS IRMSE

HAT 35.69F0.44 5.23%0.41 0.9125%0.0053 4.72%0.55 3.25%0.19
ESWT 31.22%0.39 5.83%0.59 0.8550+0.0047 9.38%0.73 4.0150.21
Interactformer 37.25F0.22 3.61F0.26 0.9280%0.0009 4.13¥0.11 2.82%0.09
SSPSR 37.07F0.30 3.74F0.43 0.9259%0.0022 4.18¥0.17 2.88%0.13
Ours 37.31%0.21 3.58+0.22 0.9287+0.0014 4.10%0.08 2.7940.06
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Figure 8: Image results for various models on Chikusei are presented in a structured format. The first and second rows
display pseudocolor images, while the third and fourth rows showcase the SAM error plots comparing the Ground
Truth to the images generated by our network model. Additionally, the fifth and sixth rows depict the absolute error
plots, also comparing the GT to the generated images. (a) GT (b) HAT (c) ESWT (d) Interactformer () SSPSR (f)
Ours

Table 5: The comparison of five different single-image hyperspectral SR methods on Chikusei

Model TPSNR ISAM 1SSIM lERGAS IRMSE

HAT 29.96+0.41 2.61+0.34 0.8351F0.0046 5.78%0.49 5.00%0.26
ESWT 29.19%0.39 3.07%0.53 0.8012%0.0033 6.36+0.66 5.37%0.25
Interactformer 31.16¥0.11 2.30F0.11 0.8409¥0.0017 5.78%0.19 4.92F0.07
SSPSR 29.51F0.26 2.38%0.37 0.8357%0.0019 5.84¥0.13 4.99F0.11
Ours 31.58%0.19 2.31¥0.19 0.8415F0.0011 5.70%0.05 4.85F0.03

4.4.4 Experiments of real datasets

Actual image degradation in real-world scenarios is
inherently more intricate and subject to greater variability
than that observed in experimentally generated datasets,
owing to a multitude of influencing factors. This
discrepancy implies that the degradation models applied

in controlled experiments may not accurately reflect those
encountered in real-world images. It is imperative to
assess our model's performance using real-world datasets.

In our experiments, the left portion of the Low-
Resolution Multispectral Imagery (LR-MSI) with
dimensions 418 x 418 x 8 was extracted for training
purposes, while the remaining section was cropped into
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128 x 128 x 8 blocks for direct testing. Given the
absence of ground truth conditions, we employed
Gaussian blurring and downsampling to artificially
generate the training set. During training, we utilized a
patch size of 64 X 64 X 8.

It should be highlighted that without the presence of
actual reference labels, traditional indices cannot be

J. Zhang et al.

applied to evaluate the super-resolution outcomes.
Therefore, we relied solely on visual assessment.

Figure 9 presents a visual comparison of the results
from several models on a real dataset. The visualization
indicates that our proposed method outperforms other
hyperspectral image super-resolution techniques in terms
of image reconstruction quality.

Figure 9: The visual result graphs of different models on real dataset. The first row, progressing from left to right,
features LR and ESWT. The second-row features HAT and SSPSR. The subsequent row, also from left to right,
includes Interactformer and Ours.

4.5 Ablation study

This article completely removes spatial or spectral
branches to evaluate their respective impacts on network

performance. This will help us understand the importance
of each branch in the overall model. For each attention or
convolution block within the spatial and spectral branches,
we will conduct ablation experiments to determine their
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contribution to model performance. This will enable us to
identify which blocks are critical and which may be
redundant. In this section, we performed ablation studies
to validate the effectiveness of the cross-attention fusion
module (CAFM), the spatial feature extraction
module(SAB), and the spectral feature extraction
module(ConvB) in our proposed method. To evaluate
each module's impact, we systematically removed them
from the model and conducted a series of ablation
experiments. As shown in Table 6, the model achieved the
lowest performance when all three modules were
removed. At this point, we were extracting spatial features
via simple window partitioning. The addition of the SAB
module improved model performance, demonstrating its
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effectiveness in spatial feature extraction. We
subsequently added the ConvB module, and the results
demonstrated  further  performance improvement,
highlighting the importance of spectral feature learning.
After integrating the proposed CAFM, the model achieved
its highest performance at this stage. This indicates that
the introduction of the CAFM significantly improved the
issue of insufficient spatial and spectral interaction and
enhanced the model's ability to effectively capture and
fuse multi-dimensional features.

We also conducted ablation experiments on network
depth. The experimental results are shown in Table 7. It
can be seen that the model achieves the best performance
when the network depth is 6.

Table 6: The ablation experimental results of CAFM on the CAVE dataset.

SAB [ ConvB | CAFM_ | PSNR SAM SSIM Params(M) | Flops(G)
X X X 37.3070.19 | 4.8470.10 | 0.9465F0.0021 | 1.2619 19.1161
J X X 37.3670.25 | 4.8170.13 | 0.9469F0.0016 | 1.8427 24.6862
J J X 37487022 | 4.72F0.07 | 0.9472F0.0011 | 6.8186 63.1221
J J J 37.69F0.24 | 458F0.11 | 0.9485F0.0017 | 6.9064 64.6025

The cross-attention fusion module (CAFM), spatial
feature extraction module (SAB), and spectral feature
extraction module in the transformer all introduce
additional computational overhead. Especially CAFM,
which utilizes cross attention mechanism to fuse spatial
and spectral features, increases the computational
complexity of the model to some extent. The number of

parameters (parameter (M)) and fluctuations (G) listed in
Table 5 reflect the computational resource consumption
under different model configurations. It can be seen that
with the gradual addition of SAB, ConvB, and CAFM, the
number of parameters and computational complexity are
increasing.

Table 7: Quantitative comparisons of the depth number on cave.

Depth PSNR SAM SSIM ERGAS RMSE

2 37.49%0.27 4.73%0.16 0.9476%0.0023 3.83%0.11 2.71%0.11
4 37.56%0.22 4.66¥0.13 0.9480%0.0021 3.76%0.09 2.63%+0.08
6 37.69F0.24 4.58%0.11 0.9485%0.0017 3.70%0.05 2.60%+0.04

4.6 Discussion

A new HSI-SR (hyperspectral image super-resolution)
method was proposed in this study. This method combines
spatial spectral cross fusion attention mechanism and
combines the advantages of CNN (Convolutional Neural
Network) and Transformer architecture. In comparison
with the current SOTA method, our approach has shown
significant advantages in multiple key indicators.
Specifically, in terms of spatial feature learning, our
method achieves a deeper understanding of feature
information by alternately using window self attention and
zero padding window self attention. This mechanism
allows the model to capture richer contextual information,
resulting in higher quality images during super-resolution
reconstruction. In addition, our proposed cross attention
feature fusion module effectively integrates spatial and
spectral cues. This innovation significantly improves the
model's ability to learn from both, resulting in significant
improvements in spectral continuity and spatial details of
the reconstructed hyperspectral images.

Although the current SOTA method has achieved
certain results in super-resolution reconstruction, there are

still some limitations. For example, some methods may
overly rely on traditional convolution operations, resulting
in shortcomings in capturing long-range dependencies.
Other methods may lack effective feature fusion
mechanisms, making it difficult to fully utilize spatial and
spectral clues. In contrast, our method effectively
overcomes these limitations by introducing a cross fusion
attention mechanism and combining the advantages of
CNN and Transformer. In summary, the specific
advantages of this research method are achieved through
the alternating use of window self attention and zero fill
window self attention. The method proposed in this article
can provide a deeper understanding of feature
information, thereby improving the quality of super-
resolution reconstruction. The cross-attention feature
fusion module effectively integrates spatial and spectral
cues, enabling the model to learn richer information from
both. Compared with the SOTA method, our approach
exhibits significant advantages in multiple key indicators,
particularly in terms of spectral continuity and spatial
details.
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5 Conclusion

In this paper, we introduce a novel single HSI SR method
that leverages cross-attention fusion to enhance spatial and
spectral information capture comprehensively. A zero-
padding window attention computation method is
proposed, which facilitates the extraction of long-range
spatial features by padding and re-dividing windows
around the feature map. Additionally, we present a
pioneering cross-attention fusion module that integrates
features from multiple input sequences through the cross-
attention mechanism. This module merges spatial and
spectral features extracted by separate branches and feeds
this enriched information back into them, promoting the
interaction of spatial-spectral information during the
learning process. Our experimental results indicate that
the proposed model outperforms existing methodologies
in the reconstruction of hyperspectral images, showcasing
its superior performance. This approach offers innovative
solutions for addressing the issue of low-resolution images
encountered during natural resource audits. In our method,
the parameter settings of key components such as the
cross-attention fusion module and zero padding window
attention calculation are optimized based on experimental
data. The selection of these parameters aims to maximize
the performance of the model in reconstructing
hyperspectral images. However, we have not fully
explained how these parameters are related to the specific
needs of land resource auditing. In the future, we will
strive to gain a deeper understanding of how these
parameters affect the performance of the model in specific
application scenarios. For example, we can explore the
impact of different parameter settings on the accuracy of
identifying specific land cover types, and how these
settings can be adjusted according to audit objectives.

Although visual analysis is crucial in evaluating
super-resolution results, we have not provided sufficient
explanations to explain what should be seen or the
significance of differences. To enhance the interpretability
of visual analysis, we will include more detailed
annotations and explanations in future work to guide
readers in understanding the differences and similarities
between images.
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Accurately assessing a football player's market value is essential for enabling informed decision-making
by clubs, agents, and investors during player transfers, contract negotiations, and strategic investment
planning. In this context, machine learning (ML) algorithms offer a robust framework for analyzing
historical data, performance indicators, and market dynamics to produce realistic valuations. These data-
driven methods assist in identifying undervalued opportunities and flagging overpriced players, thereby
enhancing the overall efficiency of transfer market operations. The dataset employed in this research
includes a comprehensive set of player-related features such as age, weight, weak foot rating, preferred
foot, and international reputation, among others. These attributes collectively contribute to a detailed
profile of each player's capabilities and market relevance. The objective of this study is to develop reliable
and accurate predictive models that estimate player market values by leveraging advanced machine
learning techniques, thereby improving upon traditional, subjective valuation approaches. Several
regression-based models were explored, including Bagging Decision Tree Regression (Bg_DT), and
Bagging Support Vector Regression (Bg_SVR). To further enhance model performance, optimization
algorithms such as Motion-encoded Particle Swarm Optimization (Motion-encoded PSO) and the Red
Deer Algorithm (RDA) were applied for hyperparameter tuning. Among the evaluated models, the
Bagging Decision Tree optimized with Motion-encoded PSO (Bg_DT- Motion-encoded PSO)
demonstrated superior performance. It achieved the lowest Root Mean Squared Error (RMSE) and the
highest coefficient of determination (R2) across both validation and testing phases. Specifically, the
Bg_DT- Motion-encoded PSO model yielded an RMSE of 533 x10? and an R? of 0.962 during validation,
indicating strong predictive accuracy and generalization capability. These findings underscore the
effectiveness of ensemble learning techniques—particularly Bagging Decision Trees—in conjunction with
advanced metaheuristic optimizers like Motion-encoded PSO, for accurately estimating football player
market values.

Povzetek: Prispevek predstavija uporabo strojnega ucenja za napovedovanje trznih vrednosti nogometnih
igralcev z uporabo metod, kot sta vrecenje (bagging) in hibridne tehnike.
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1 Introduction

The modern football first emerged in Britain in the
nineteenth century. Before the medieval period, the
processes of industrialization and urbanization had a
significant influence on the creation of modern football in
Victorian Britain. Association football developed in its
early years, between 1863 and 1880, as a result of both
rule and play modifications [1]. Midway through the
1900s, the betting landscape was completely changed by
the availability of match odds and fan hubs. Internet usage
and the late 20th century accelerated betting into a new
era.

The transfer of players is one of the most significant
arrangements made by managers of a team from a
managerial standpoint, so player valuation-related issues,
particularly the calculation of Market valuations and
transfer fees, are very important. Market valuations and
transfer fees are key elements in the financial strategy of
football clubs, directly influencing their competitive
edge[2]. Football clubs rely heavily on team managers to
make strategic decisions, especially when it comes to
transfers of players, which significantly affect the team's
performance and financial situation. [3]. From a business
and athletic standpoint, in professional football, players
are the most important investments. [4]. Assessing a
player's worth is crucial as it reveals their overall skill set
and market value in football. The transfer fee is the
amount a player is actually paid by clubs, and it is related
to his market value. Thus, evaluation of the market value
of a player is an important tool for clubs when estimating
their transfer fee. Over the years, the valuation of football
players and the determination of a decision to transfer
players from one team to another has become a key role of
club management [5]. Several researchers [6-8] have tried
to find the characteristics that best determine a player's
value [9].

Transfermarkt.com represents a website that uses the
crowd estimate approach to ascertain the players' market
values. With this approach, the website's members assess
the values of the players and then select members—
referred to as mentors—who calculate the values using the
estimates of the other members [10]. Football players
were traditionally valued mostly based on the subjective
evaluations made by scouts, managers, and agents. These
assessments mostly depend on the author's intuition,
knowledge, and experience. While this approach yielded
insightful results, it was frequently hampered by personal
prejudices and irregularities. The sport's quick
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development and rising financial stakes have made more
objective and data-driven methods necessary. Even while
they are helpful, traditional analytical techniques are not
always able to handle the volume and complexity of
current football data [11].

Through training and experience, ML is an artificial
intelligence (Al) approach that enhances computer
systems' performance on a given job. Rather than being
exactly told what to do, ML algorithms [12—14] are trained
to generate predictions based on observations and data. Al
and ML [15-18] have become increasingly important in
various aspects of daily life, including sports. Al mimics
human thought processes, enabling big data analysis in
sports. ML has transformed football data into actionable
insights for clubs and coaches over the past 20 years,
particularly in fields like sports [19] [20].

The following papers share related concepts with this
research and therefore, can shed more light on this
research process. For instance, Majewski (2016) [21]
looked at the impact of several aspects on forward players'
value to identify the most important factors. Another study
by Muller etal., 2017 [3] employed a multilevel regression
approach in assessing data analytics' suitability for the
calculation of the market values of professional football
players. Lamba, in 2019 [22] estimated the factors that
determine every player's market value and used them in
predicting every player's worth. Apart from the
requirements, the work also utilized measures of
crowdsourcing, popularity, and statistics of the previous
years to predict that the declared goal of automatically
detecting the relevant attributes for different player
groups, depending on their positions, raised the accuracy
and reliability of the market value estimates. Their
approach consists of adding position-specific changes and
performance data to improve prediction models.

Li et al. (2022) [23] evaluated football players using
ML models based on on-field performance metrics
analysis. The present study, therefore adopted an
improved modeling approach with an ensemble technique
such as Random Forest to better the accuracy of the
prediction. Behravan and Razavi 2020 [10] Proposed a
new Hybrid ML approach in order to estimate the market
values of football players. This method used the optimized
hybrid of PSO and SVR. The goal of the model is to
extract automatically in a relevant way the attributes for
different player groups depending on their positions with
an aim to further improve the accuracy and reliability of
the market value estimates.

Table 1 reports a summary of the existing articles in
the study field.
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Table 1: Summary of the previous studies.

Authors Ref Techniques/Models Used Dataset Used Limitations /. SOTA
Shortcomings
Did not employ ML or
Majewski [21] Statistical analysis of influencing factors Forward players' market data optimization; focused only on
forward players, lacks
generalizability
Limited to regression models;
Miiller et al. [3] Multilevel regression Professional football players prone to overfitting; lacks
adaptive optimization
Regression models + crowdsourcing & S . No metaheu'ri.stic
Lamba [22] Historical market value data optimization; position-based
performance stats o
tailoring manually defined
- L . Conceptual study; lacks
Gadekallu et al. [24] Metaheuristic (zpélrllziéli?)t ion algorithms Not football-specific applied validation in
& sports/football datasets
Did not integrate position-
. ML (e.g., RF, ensemble methods) based On-field football performance specific attributes;
Lietal [23] L .
on performance data optimization technique not
elaborated
Dataset details limited;
Behravan & Razavi [10] Hybrid PSO + SVR Market Valu.e dataset overfitting risk due? to SYR;
(unspecified) no ensemble techniques like
bagging explored

As highlighted earlier, Mdller et al. (2017) [3]
employed a method of multilevel regression that may
easily face overfitting problems since the predictions of
single models usually have a high variance without the
application of bagging-like in the paper at hand-models
such as SVR or DTR depend on a single dataset and a
single model prediction. Due to this dependence, one of
the consequences may be overfitting when the model
performs well on the training data but not so well on the
unknown data.

The primary objective of this study is to develop a
robust, accurate, and interpretable machine learning
framework for predicting the market values of
professional football players. To achieve this, three core
models—Bagging Decision Tree Regression (Bg_DT),
and Bagging Support Vector Regression (Bg_SVR)—are
employed due to their complementary strengths. Bagging
Regression is chosen for its capability to reduce model
variance and combat overfitting by aggregating multiple
base models, thus increasing overall stability and
accuracy. Bg_DT is selected for its interpretability and
ability to capture non-linear relationships, while Bg_SVR

2 Methodology

2.1 Support vector regression (SVR) based
prediction approach

SVR is an ML that estimates functions based on a given

data set [25]. G = {(x;,y;)}", where n is the ultimate

number of data point, y; is the value of the output, and x;

is the input vector. An SVR model performs a regression

is applied for its effectiveness in handling high-
dimensional data and robustness against outliers. To
further improve prediction performance and convergence
reliability, the models are hybridized with two nature-
inspired metaheuristic  algorithms:  Motion-encoded
Particle Swarm Optimization (MPS) and the Red Deer
Algorithm (RDA). MPS is incorporated due to its efficient
exploration—exploitation  balance and ability to
dynamically encode complex motion patterns, making it
suitable for fine-tuning model hyperparameters. RDA is
adopted for its adaptive behavior inspired by the social
dynamics of red deer, which helps avoid local minima and
enhances global optimization in nonlinear regression
settings. Additionally, the Fourier Amplitude Sensitivity
Test (FAST) is implemented as a global sensitivity
analysis tool to identify and rank the influence of input
features on the predicted market values. FAST is selected
for its computational efficiency and ability to detect both
linear and non-linear interactions among features, which
is crucial in a domain as complex and multifactorial as
sports analytics.

first by an e-sensitive loss. Schoellkopf created the ¢ —
SVR model and suggested the v — SVR model, which is
an adaptation of the ¢ — SVR model. It automatically
reduces € and modifies the level of accuracy based on the
available data. The expression for the v-SVR model is as
follows:
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min Rgyg (C) = ||= C(ve +% Zn:(fi +$0))
i=l
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1
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(W x)+b)y;<E+E
.’Vi_((w'xi)-i-b)gg-i-fi (2)

£ >0,€20,v=0
i=1,..,n

2
llwll /2 indicates the Euclidean norm
C : a cost function measuring the empirical risk
Rsyg and Ry, : the regression and empirical risks,
w: Weight vector.
b: Bias term.
C > 0: Regularization parameter controlling the trade-off
between model complexity and training error.
v: Parameter that determines the fraction of support
vectors and margin errors.
&: Insensitivity zone (learned from data).
&™) Slack variables representing the deviation from the &
-tube.
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x;, ¥;+ Input vectors and corresponding target values.
n: Number of training samples.

The SVR-based prediction method, which is based on
the v — SVR model, comprises the following five steps:

Step One: Data sampling. Data can be gathered from
various sources and in various formats. Additionally, there
are several gaps and inconsistencies in the market. Thus,
The most reliable data should be selected.

Step Two: Preparing the data. It might be a
logarithmic transformation that must be applied,
difference, or other techniques to the chosen data in order
to place it within a specific acceptable range for network
learning. The training and testing sets come next and
should be separated from the data set.

Step Three: Education. The training set is used to
learn the SVM's parameters.

Step Four: Evaluation. The testing set is used to
validate the SVM, and then a final network design for the
SVM is determined. s

Step Five: Projecting. Using the scenarios, the SVR-
based predicting technique can be used to predict the time
series' future values.

Fig. 1 represents the SVR’s flowchart.

L Historic data

Pre-processing

Valid data

¥

Training

Impact factor analysis

Feature dataset

Normalization

Dataset

Data divide

Normalization

v
Test dataset

2

AWI0JINO UOTIOIPI]

SVR optimization

Figure 1: The flowchart of the SVR

2.2 Decision tree regression (DT)

DT, rooted in ML theory, is an effective instrument
for addressing both classification and regression
challenges. In contrast to other classification approaches

that rely on a combination of features for immediate
categorization, the DT employs a multi-tiered,
hierarchical decision-making process with a structure akin
to a tree. Unlike other classification techniques that utilize
a single feature set for rapid data categorization, the DT
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adopts a hierarchical or multi-level evaluation process to
create a structure that resembles a tree.

To enable soft classification, a regression tree is
assigned to every class. In regression trees, the known
class proportions of a pixel, referred to as soft reference
data, act as the target variable or vector, while pixel
intensity values from various bands are used as predictor
variables or feature vectors. After processing the intensity
values for each regression tree, the script outputs the
estimated class proportions. The algorithm for building
regression trees using the training dataset is also
discussed.

1. As a predication, use pixel intensity data from

various bands.

2. Utilize class o's known percentage within a pixel

as the target variable.

3. Create a regression tree for class o.

4. Repeat steps 1-4 for class o, with values ranging

from 1 to n.

Rescaling the outcomes of soft classification to a
pixel-by-pixel limit between 0 and 1 typically uncovers
the class proportions within the ground pixel area.
Therefore, the following process is used to normalize the
predicted class proportions from each tree, which are
represented as DT (o) fori = 1,2,3...,n [26].

DT (o)
M(o) = ZDT(O)'O =123..,n 3)

Using DT (o) which is a function of o, where M (o) is
again a function of the natural numbers o.

2.3 Bagging approach

A technique called bagging was put forth by Breiman. It
can be applied to a variety of regression and classification
techniques to lower prediction variance and enhance the
prediction process. It is a straightforward concept from the
provided data, several bootstrap samples are chosen, each
of which is subjected to a prediction method. The
bootstrap sample results are then combined to create an
overall prediction that lowers variance, using simple
voting for regression and classification [27] [28].

e Motivation for the method

To comprehend the logic behind bagging's
effectiveness and ascertain the scenarios where significant
enhancements can be anticipated through bagging, it could
be beneficial to examine the issue of predicting the
response variable's numerical value, Yx, that arises from
or is associated using a group of inputs, x. Assume that
¢(x) represents the prediction obtained by applying a
specific technique, like OLS or CART regression, along
with a recommended approach for selecting a model (e.g.,
choosing a linear model from the set of all models that can
be built using just terms of the first and second order
created from the input variables) using Mallows’ C,,.
Using u¢ to represent E(¢(x)), it can be seen that the
prediction is related to the distribution that underlies the
sample of learning. It can be observed that ¢(x) is a
learning sample’s function, which is a high-dimensional
random variable when considered as a random variable,
rather than x (This is assumed to be] fixed:
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E (Y, — ¢(0)]%) =E (I¥, — p¢]?) + Var(p(x)) )

In the example above, the learning sample-based
predictor, ¢ (x), and the future response, Y,., are employed
independently. Since not every random sample that may
be used as a learning sample provides the sample value
needed to make a prediction, the variance of the predictor
¢ (x) is positive in nontrivial scenarios, which means that
the prior inequality is stringent. This conclusion indicates
that if ue = E(¢p(x)) could be employed, it would have a
lower mean squared prediction error as a predictor than
does ¢ (x).

Naturally, in most cases, u¢ cannot act as a predictor
because it is unknown what data is required to determine
the value of E(¢p(x)). What is sometimes called the real
bagging estimate of E(¢(X)) is derived from the
prediction based on the empirical distribution
corresponding to the learning sample.

Although this value is theoretically achievable, in
practice, it is usually too challenging to attain reasonably;
therefore, the bagged forecast of Yy, is considered to be:

B
1
B Z bp (%), ®)
b=1

where the prediction is made by applying the base
regression method (e.g., CART) to the bth bootstrap
sample that was taken (with replacement) from the
original learning sample is represented by the symbol
¢, x)- That is, one selects a regression method (also
referred to as the base technique) that uses bagging to
predict Y, in a regression scenario by applying the
approach to B bootstrap samples extracted from the
learning sample. To get the final prediction, the B
projected values are then averaged.

2.4 (RDA) based prediction approach

A subspecies of red deer found in the British Isles is
the Scottish red deer, primarily in Scotland. They are
divided into hinds and stags, with males roaring during
breeding. Females prefer males with high roaring rates,
possibly due to selective pressure or availability. The
strongest males form a harem, with the hinds protected by
a commander. The harem engages in predictable conflict,
with mature stags becoming enraged in mid-September.

The RDA [6] is a meta-heuristic that assigns a harem
to a select group of male RDs who roar first. These RDs
are divided into commanders and stags, who engage in
combat to control their harems. The number of hinds in a
harem is directly proportional to their roaring and combat
abilities. The RDA process considers the exploration and
exploitation phase with user-adjustable parameters. Male
stags' roaring serves as a local search in solution space,
while battles between stags and commanders are
considered local searches. Harems are established and
distributed among commanders based on their power,
enhancing exploitation features. The algorithm's
exploration phase involves a harem's commander mate
with hinds from both harems, enhancing exploration
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qualities. Stags should mate with the nearest hind during
the breeding season, considering the harem's limitations.
This stage also addresses exploration and exploitation,
producing RD offspring. The algorithm's next generation
offers mediocre solutions, falling under evolutionary
algorithms.

Finding a solution that is almost optimum or global in
relation to the problem's variables is the aim of
optimization. To optimize, a range of values for the
variables are formed. For instance, in Georgia, this array
is referred to as "chromosome,"” whereas in the RDA, it is
named "Red Deer." Keep in mind that a "Red Deer" in the
solution space refers to a workable solution X. Red deer
is, therefore, the opposite of a solution. This solution X
has Nvar dimensionality. One of the red deer is, hence, a
1x Nvar array in an Nvar ~ dimensional optimization
problem. This array's definition is given by:

The process begins by creating the starting population
of size Npop. The remaining RDs are then assigned to
Nhind (Nhind = Npop - Nmale), while a subset of the best
RDs is allocated to Nmale. It is important to note that the
number of males reflects the elitist criteria of the
algorithm. From another perspective, Nmale preserves the
intensification features of the algorithm, while Nhind
contributes to its diversification stage.

Two distinct approaches have been used to choose the
following generation. All the male RDs, the commander,
and all the stags are retained in the first one, or some of
the best overall solutions are. The remaining members of
the following generation are the subject of the second
strategy. Using a fitness tournament or roulette wheel
mechanism, hinds are selected from among all hinds and
progeny generated during the mating process based on
their fitness value.

2.5 Motion-encoded particle swarm
optimization

e Particle Swarm Optimization

PSO is a population-based stochastic method for
addressing optimization problems that were inspired by
the social behavior of flocking birds. A swarm of
randomly positioned and accelerated particles is first
created in PSO [29]. Then, to find the global optimum,
each particle travels and evolves with other particles
cognitively. Its best position, L,and the swarm's optimal
position, G,, determine those motions. Let x, and
v, represent a particle's location and speed at generation
k, respectively. The following generation's movement of
that particle is determined by:

Uiy © WO+ @111 (L — X)) + 912 (G
—Xx)

(6)

Kiepr < Xie (7)

where w is the inertial weight, r;, r, are random
sequences generated from a uniform probability
distribution in the interval [0,1], ¢, is the cognitive
coefficient, ¢, is the social coefficient, and so on. A
particle can move in one of three directions: it can follow
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its path, travel in the direction of its ideal position, or
travel in the direction of the swarm's ideal position. The
values of wr, ¢, and ¢, define the ratio between those
components.

Various improvements and alterations have been
made to the PSO algorithm, contingent on its intended use.
Still, it is a difficult challenge to apply PSO for online
dynamic target searching in a complicated environment,
especially within a short time frame. The goal of the
search problem is to encode the particle positions so that
the particles can progressively approach the global
optimum. Defining a position as a multi-dimensional
vector that represents a potential search path is a frequent
technique:

®)

Xj~ Ok = (ok,l,...,ok,N );

The search map node is associated with a search map
node, but this technique has limitations, such as not
accounting for neighboring dynamic behavior in path
nodes. To address this, discrete PSO can be used, but local
maxima can occur due to the lack of particle momentum
preservation. Indirect methods like priority-based
encoding PSO and angle-encoded PSO may be viable, but
they require phase angles to fall within [-pi/2, +pi/2] for
their mapping functions to operate, reducing search
capacity in large dimensions.

The Motion-encoded PSO equations can be expressed
as follows, where U, represents the location of each
particle.

AUpy1 « wUi + @111 (L — Uy) + @171 (Gy
=Uy)

U1 < U + AUg4q

)

(10)

Additionally, mapping U, to a direct path 0O,
throughout the search is necessary to enable the evaluation
of the costs related to U, . One way to start the mapping
process is to limit the UAV's movements to one of its eight
neighbors for each time step. After that, it is possible to
normalize the motion magnitude p,and quantize the
motion angle a; as follows:

p=1 (11)

a; = 45° |a,/ 45°], (12)

where the operator to round to the closest integer is
represented by |a;/ 45°]. Next, the position of the UAV
in Cartesian space, denoted as node ok,t+1, is obtained as
follows:

. 13

Op,t+1 = Opt+ Ut (13)
where:

uy, = (lcosatl, |sina;] 14)

The objective function may evaluate the cost value
from the decoded path O, and the local and global best
can then be calculated as follows:
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_ (Ux ifJ(Or) > J(Ly—1
Lie = {Lk_1 otherwise (15)
Gy, = argmax](0,), L (16)

where Lk is the route that has been deciphered, from
the mapping process discretizes the motion to one of eight
potential directions.

3 Description of data

The dataset which is derived from public source [30] is
designed to enhance the prediction of football players'
market values by incorporating a comprehensive set of
features that capture various aspects of a player's profile
and performance. The information utilized in this study
includes a number of characteristics and parameters such
as age, weight, weak foot, preferred foot, international
reputation, etc., pertaining to market valuations, player
demographics, and football performance.

The correlation matrix below helps in identifying the
strength and direction of relationships between variables.
For instance, the relationship between the goals of a player
(The number of goals scored by the player) with market
value is determined by observing the blue dots (and other
dots in different colors showing the strength between
variables) and the correlation that connects these
variables. The relationship between the age of a player
(which affects both the experience and future potential of
players) with their international reputation is shown with
a small blue top in the figure, which determines the perfect
positive correlation between these two variables. On the
contrary, the relationship between age and sprint speed
(Maximum velocity a player can achieve during a full-out
sprint) is a perfect negative correlation and is determined
with a small pink dot (-0.4). The correlation matrix
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represented in Fig. 2 is essential for preliminary data
analysis. This step is particularly important for building
robust and accurate predictive models. Table 2, which
outlines the input parameters and factors affecting the
value of football players, provides a detailed overview of
the variables considered in the analysis of player
valuation.

While the dataset offers valuable insights for
predicting football players' market values, it is important
to acknowledge the potential ethical implications of
automated player valuations. One key concern is the bias
introduced by certain features, particularly subjective or
culturally influenced ones like International Reputation.

e International reputation: This feature, which
reflects a player's global recognition, can lead to
biases in valuation, as players from well-known
leagues or countries might receive inflated
market values, regardless of their actual
performance or potential. This introduces an
implicit preference for players with higher
visibility or from certain countries, perpetuating
inequalities and under-valuing players from less
recognized leagues or nations.

e Age: The correlation between age and market
value may also create biases, as older players
could be undervalued due to assumptions about
their future performance potential, even if they
possess considerable experience and skill.

e Performance metrics: While metrics such as
goals scored or assists are often reliable, these
can also be influenced by the quality of a player’s
teammates or the team's overall performance,
which could lead to unintentional favoritism
toward players in high-performing teams.

Table 2: Input parameters and factors affecting the value of football players.

Parameter Description

Age

The age of the player affects both the experience and future potential of players.

Preferred Foot

Dominant or more proficient foot that a soccer player uses for shooting, passing, and dribbling.

International

Globally perceived measure of trust, esteem, and recognition of a player shaped by

Reputation achievements.
Weak Foot ;Ir; Z\r/;:akness of the player in using both legs in football reflects the level of inflexibility in the
. Techniques performed by players to outmaneuver opponents involve intricate ball control,
Skill Moves s .
dribbling, and feints.
Height Height of the player affects the likelihood of scoring or preventing a goal.
Weight The weight of the player affects the movement skills of the players.
Crossing Technique where a player delivers the ball into the penalty area from the flanks
Finishing Player’s ability to successfully score goals

Heading Accuracy

Player’s proficiency in directing the ball with their head.

Short Passing

The number of passes to other players and the accuracy of passing

The technique is where a player strikes the ball while it is in the air without allowing it to touch

Volleys
the ground.
Dribbling Skill that involves a player using controlled touches to maneuver the ball while on the move
Curve Bending or swerving trajectory applied to the ball by the player during a shot or a pass.
FK Accuracy Accuracy in taking free kicks.

Long Passing

The number of passes delivering the ball over a significant distance to a teammate
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Ball Control

Player’s skill in skillfully receiving, trapping, and manipulating the ball using various body
parts.

Acceleration

How quickly a player can reach their top speed

Sprint Speed

Maximum velocity a player can achieve during a full-out sprint.

Agility The player’s ability to change direction rapidly.
. Player’s quick responses to the movement of the ball, changes in the game situation, or the
Reactions :
actions of opponents or teammates.
Balance Player’s ability to maintain stability and control their body position during various movements.
Shot Power Strength with which a player strikes the ball during a shot on goal.
Jumping Jumping ability of the player
Stamina The player’s overall ability to sustain physical effort and performance over an extended period
of time.
Strength The player’s physical power and ability to exert force against resistance.
The number of successful shots from a considerable distance away from the goal, often outside
Long Shots
the penalty area.
Aggression Player’s assertiveness and determination in challenging for the ball.
Interception Successfully blocks a pass or a ball played by the opposing team.
Positioning Playing the position of the player.
Vision Player’s ability to perceive and understand the unfolding dynamics of the game.
Penalties The number and accuracy of penalty kicks by a player
Player’s ability to maintain calmness, control, and mental focus in high-pressure situations
Composure )
during a match
Marking The tactic of closely tracking and guarding an opponent to prevent them from receiving or

playing the ball effectively.

Standing Tackle

Performance of player in standing tackles.

Games Played

The number of games played by the player

Games Started

The number of games started by the player

Minutes played

Playing time (minutes) for players.

Goals

The number of goals scored by the player

Assist Helping other players score a goal.

Shots on Goal The number of shots of a player toward the goal.
Shots The total number of shots by a player

Yellow Cards The number of yellow cards received by a player.
Red Card The number of red cards received by a player.
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Figure 2: The relationships between input and output variables.

System configuration

The experiments were conducted on a system
powered by an Intel® Core™ i7-3770K CPU running at
3.50 GHz, supported by 16 GB of RAM to ensure smooth
multitasking and computational efficiency. The machine
operates on a 64-bit Windows 11 Pro platform with an
x64-based architecture. For handling graphics-related
tasks, an NVIDIA GeForce GT 640 GPU is utilized,
providing stable and responsive visual performance. Data
storage is managed by a 1 TB hard drive, offering
sufficient capacity for storing datasets and project files.

Software environment

The implementation was carried out using Python as
the primary programming language. Machine learning
models were developed and evaluated using the scikit-
learn library. For data manipulation and analysis, Pandas
and NumPy were employed, while Matplotlib was used
for visualizing results and presenting analytical insights
effectively.
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4 Results

4.1 Evaluation metrics

Several ML models and optimizers were employed in this
research. To improve the accuracy and reliability of
football player market value prediction, hybrid models
that combine the Bagging Regression, DTR, and SVR
models with Motion-encoded PSO and the Red Deer
algorithm (RDA) were utilized.

The assessment uses RMSE, R-squared (R?), U95
uncertainty, Sl, and a bespoke N10_ index. Root Mean
Square Error (RMSE) is a widely used metric in ML and
statistics to assess the accuracy of a prediction model. A
statistical metric called R-squared (R?) is used to quantify
how well a regression model fits data. It shows the
percentage that the independent variable(s) accounts for in
explaining the variance in the dependent variable. The

B. Geng

expanded uncertainty at a 95% confidence level is
represented by U95.

The N10_Index is a bespoke accuracy metric
introduced in this study. It represents the percentage of
predicted values that fall within +10% of the
corresponding actual (measured) values. This index
provides a direct, interpretable measure of how often the
model predictions are acceptably close to reality, which is
particularly useful in practical decision-making contexts
such as sports analytics. A higher N10 value indicates
stronger predictive reliability.

These performance evaluation metrics are presented
in Table 3. Where the metrics are presented by measured
values (M;), predicted values by models (P;), average
measured and predicted values (M and P), and the total
number of studied samples (n), the following metrics
utilized for evaluation of the estimation performance of
the proposed models.

Table 3: Performance evaluation metrics.

n

%Z(Mi - P)?

i=1

RMSE =

root mean square error (RMSE)

i=i(M; = M)(P, = P) \2

Coefficient Correlation (R?)

R2 = /
\J B, e~ PRI P Pl

Uss = | (Pi= PY2/(nx (= 1)
i=1

Uncertainty Index

RMSE

SI
M;

Scatter Index

nlo0
nl0 — index = —

n10-index

4.2 Results of K-Fold cross validation

K-fold cross-validation is a widely adopted technique for
model evaluation and selection, particularly in
classification and regression tasks. The method partitions
the dataset into k equal subsets; in each iteration, one
subset is held out for testing while the remaining k—1
subsets are used for training. This process is repeated k
times, ensuring that each subset is used exactly once as
test data. In this study, a 5-fold cross-validation (k = 5)
was employed to robustly assess and enhance the

generalization performance of the proposed models by
rotating the training and testing sets. As shown in Fig. 3,
the Decision Tree (DT) model achieved its best
performance in Fold 5, with the highest R? value of 0.96
and the lowest RMSE of 8.1 million. For the Support
Vector Regression (SVR) model, Fold 1 yielded the most
accurate predictions, attaining an R2 of 0.944 and an
RMSE of 11.0 million.
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Figure 3: The results of 5-Fold cross validation

4.3 Results of hyperparameters

In machine learning, hyperparameters are critical
predefined settings that control the learning process of a
model. Unlike model parameters, which are learned
during training, hyperparameters are set beforehand and
have a substantial impact on the model's performance. To
achieve optimal accuracy and efficiency, hyperparameter
tuning is necessary, and one of the most common
techniques for this task is random search. In this study,
random search was utilized to optimize the
hyperparameters of the proposed hybrid models. The
optimized hyperparameter values for each model are

presented in Table 4. For the Bg_SVR model, the key
hyperparameters include n_estimators, n_jobs, and
random_state. For the Bg_SVR(RDA) model, the most
important hyperparameters were n_estimators (52),
n_jobs (63), and random_state (49). Other models, such as
Bg SVR(MPS) and Bg DT, also had their
hyperparameters fine-tuned to enhance predictive
performance and maintain computational efficiency. For
example, Bg_DT(RDA) used hyperparameter values of
n_estimators (61), n_jobs (29), and random_state (50),
while Bg_DT(MPS) had n_estimators set to 10.

Table 4: The result Hyperparameters for hybrid models.

Models Hyperparameters
N-estimators N-jobs Random-state

Bgsvr 10 None None
Bgsvr(rpa) 52 63 49
Bgsyr(mps) 7 18 18

Bgpr 34 73 47
Bgpr(rpA) 61 29 50
Bgpr(mps) 10 None None

4.4 Convergence curves

Fig. 4 illustrates the convergence behavior of four
hybrid machine learning models throughout 200
optimization iterations. The y-axis represents the RMSE
in units of market value, which measures the average
magnitude of the prediction error. A lower RMSE value
indicates higher model accuracy. The x-axis shows the
number of iterations during the optimization process.

Initial performance: At the beginning of training,
models typically start with a higher error rate or lower
accuracy, indicating poor performance.

Learning phase: As training progresses, the models'
performance improves, indicated by a downward trend in
the error rate or an upward trend in accuracy.

Convergence point: The point where the curve starts
to flatten indicates the model's convergence. Beyond this
point,  additional  training  provides  minimal
improvements.

By comparing the convergence curves, we can see
which model converges faster and performs better. A
steeper curve implies a higher learning rate, but a lower
convergence point indicates better end performance. The
best model appears to be Bagging DT (MPS) (yellow
line), as it is closer to the center, indicating lower error
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values. The weakest model seems to be Bagging_SVR

(RDA) (magenta line), as it is farther from the center,
indicating higher error values. The Bagging_ DT (MPS)

A,
Vv

B. Geng

model shows the lowest values around 8 * 10% The
Bagging_SVR (RDA) model shows the highest values,
exceeding 106*10°.

Il Bagging SVR(RDA)
I Bagging SVR(MPS)
Bl Bagging DT(RDA)
B Bagging DT(MPS)

Figure 4: The convergence curve of the four hybrid models

4.5 Results of the evaluation metrics

Table 5 compares the performance metrics of several
bagging models, notably Bagging Support Vector
Regression (Bg_SVR) and Bagging Decision Tree
(Bg_DT), as well as their modifications employing Red
Deer Algorithm (RDA) and Motion PSO (MPS). It is a
widely used metric in uncertainty analysis that expresses
the range of values that a measured quantity's true value is
most likely to lie within. The Scatter Index is a normalized
measure of error that represents the percentage of error
relative to the mean observation. It is a measure of how
consistent the error is, with lower values indicating better
model performance. During training, Bg_SVR had the
minimum RMSE of 114*10° and maximum R2 of 0.950,
which already justifies excellent predictive capability.
This is actually the best model in all respects since it has

attained the top rating in every category, adding up to an
overall ranking score of five.

In comparison, the Bg_DT models, especially the
Bg_DT(MPS), showed significant improvements and
achieved an RMSE of 846x10* and R2 of 0.986 but with a
higher-ranking score in general of 30 due to lower ranks
on other indices. These patterns in performances by these
models are further defined through validation and testing
phases. The Bg_SVR keeps dominating in the validation
phase with an RMSE of 763x10° and R2 of 0.887, making
its weak point over all the parameters. On the other side,
Bg_DT(MPS) has a minimum RMSE of 533*10% in the
validation phase and 763*10* in the test phase, with a
maximum R2 value of 0.962 and 0.980, indicating strong
performance over the two stages. These findings also point
out the usefulness of the bagging approaches, in particular
Bg_DT(MPS), for enhanced model performance during
many assessment phases.
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Table 5: The result of developed models based on Bagging (SVR, DT)

Model Index values Score of the predicted models (1 for the | Total
Phase worst and 6 for the best.) Ranking
RMSE R? U9s Sl N10 index | RMSE | R? | U95 | SI | N10 index | Score
Bg SVR 114*10° | 0.950 | 308*10° | 0.630 | 0.145 1 1 1 1 1 5
Bg SVR(RDA) | 110*10° | 0.961 | 296*10° | 0.606 | 0.167 2 2 2 2 2 10
Train Bg SVR(MPS) | 101*10° | 0.971 | 271*10° | 0.555 | 0.197 4 4 4 4 | 4 20
Bg DT 106*10° | 0.970 | 287*10° | 0.585 | 0.158 3 3 3 3 3 15
Bg DT(RDA) 925*10* | 0.979 | 249*10° | 0.508 | 0.191 5 5 5 5 5 25
Bg DT(MPS) 846*10* | 0.986 | 228*10° | 0.465 | 0.216 6 6 6 6 6 30
Bg SVR 763*10* | 0.887 | 200*10° | 0.463 | 0.130 1 1 1 1 1 5
Bg SVR(RDA) | 705*10* | 0.915 | 188*10° | 0.428 | 0.196 2 2 2 2 2 10
Validation Bg SVR(MPS) | 695*10* | 0.923 | 184*10° | 0.422 | 0.239 4 4 4 4 | 4 20
Bg DT 707*10* | 0.917 | 188*10° | 0.430 | 0.196 3 3 3 3 3 15
Bg DT(RDA) 636*10* | 0.942 | 169*10° | 0.386 | 0.217 5 5 5 5 5 25
Bg DT(MPS) 533*10* | 0.962 | 141*10° | 0.324 | 0.196 6 6 6 6 6 30
Bg SVR 102*10° | 0.923 | 274*10° | 0.586 | 0.178 1 1 1 1 1 5
Bg SVR(RDA) | 104*10° | 0.918 | 277*10° | 0.595 | 0.244 2 2 2 2 2 10
Test Bg_SVR(MPS) | 95*10° 0.932 | 253*10° | 0.545 | 0.200 4 4 4 4 | 4 20
Bg DT 95*10° 0.926 | 256*10° | 0.546 | 0.178 3 3 3 3 3 15
Bg DT(RDA) | 87*10° 0.954 | 233*10° | 0.500 | 0.178 5 5 5 5 5 25
Bg DT(MPS) | 73*10° | 0.980 | 196*10° | 0.422 | 0.222 6 6 |6 6 |6 30
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Figure 5:

Results of evaluation metrics for models.
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Fig. 6 shows the dispersion or variability of different
evolved hybrid models that have been developed and
tested. The term "evolved" in this context would mean that
such models have been optimized through some iterative
improvement process, including genetic algorithms or
other evolutionary strategies. Dispersion in this regard
shows the variance of different models from each other in
terms of performance or characteristics and hence gives an
insight into the models concerning stability and
robustness. A small dispersion means the performance of
the various models is fairly consistent across different
conditions and, hence, might imply robustness and
reliability. In contrast, a large dispersion indicates that the
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performances of the model vary greatly fact that may
result either from the model's sensitivity to particular
parameters or datasets. The understanding of this
dispersion would, therefore, help one in selecting the most
stable and reliable models for practical applications. The
best model, which is Bg_DT(MPS), follows the highest
performance curve at each step, and its data points are very
closely lying on the central line, which means a minimal
error with high prediction accuracy. The poorest
performance is indicated by the weakest model of
Bagging_SVR, which shows a broader dispersion of the
data point from the central line, meaning significant
inaccuracies in the prediction with the worst performance.
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Figure 6: scatter plot of developed models

Figs. 7 and 8 present critical visual data comparisons-
expressing the predicted versus measured values and the
error percentages of various models, respectively. Fig. 7
serves as a graph of the predicted versus measured values,
using color differentiation between the two. Usually, this
would be useful for immediate discernment of how close
the model's prediction comes to the actual measurement.
Each model is color-coded in order to make the
performance scenario comparison straightforward. The
following visualization is important in establishing how
well each of the models being tested performs correctly.
Fig. 8 represents a column plot of the error percentages of
these models. Different colors in this figure represent the
error distribution of different models. Hence, it is more
convenient to find out which one provides better or worse
with respect to each other concerning their performance in

prediction accuracy. This plot will be useful in finding out
which model has the lowest error percentage that will
indicate the most efficient model. Fig. 7 best model,
Bagging Decision Tree with Motion PSO (Bg_DT(MPS)),
shows that the predicted and measured values are almost
aligned in a single trend line.

While this happened, the poorest performance
recorded was from the Bagging_SVR model, which had a
great deviation from the actual values and hence carried
the least predictability. Fig. 8 quantifies this performance
by the error percentage shown in a column plot. The
Bg_DT(MPS) model has the smallest error percentage to
confirm that it is the most accurate and reliable. In
contrast, the highest error percentage is contributed by the
Bagging_SVR model, which means this model remains
the weakest among all.
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Figure 7: The comparison between the predicted and actual values of the Market Value.
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Figure 8: The histogram plots for illustrating the models’ error.

Fig. 9 illustrates the error percentages of various
models using a violin plot, allowing for a clear comparison
of their performance in terms of prediction accuracy. The
best-performing model is the Bagging Decision Tree with
Motion PSO (MPS), Bagging_DT shows the best
performance overall. During training, it displays a wide
error range from -400% to 800%, but with a high
concentration around the median, indicating some

overfitting. However, during validation and testing,
Bagging_DT(MPS) exhibits a much tighter error
distribution, with values mostly within -100% to 100%
and median errors close to 0%, indicating good
generalization and consistency. The reduced variability in
errors across validation and test datasets compared to the
other models demonstrates Bagging_DT(MPS)'s superior
ability to maintain accuracy and robustness.
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Figure 9: The violin plot errors of proposed models.

5 Fourier amplitude sensitivity test

(FAST)

Fourier Amplitude Sensitivity Test (FAST) [31] is a
widely adopted global sensitivity analysis method
designed to evaluate how uncertainty in each input
parameter influences the variability in model outputs.
FAST is particularly suited for nonlinear, complex
systems and is frequently used in model validation,
simplification, and interpretability.

FAST provides two key indices:

e First-order sensitivity index (S1): Quantifies
the direct contribution of each input parameter to
the output variance, ignoring interactions with
other inputs. An S1 value close to 1 indicates that
a variable independently accounts for a large
portion of the output variance, whereas a value
near 0 indicates minimal individual influence.

e Total-order sensitivity index (ST): Captures the
combined effect of a parameter, including

both its direct impact and its interactions with
other variables.
In this study, FAST is applied to assess how different
football-related features contribute to the predicted output
values. The goal is to determine which features are most
influential in shaping model output, thereby guiding
model refinement and feature prioritization.
Fig. 10 visually presents the S1 for the input variables used
in the prediction model. Each bar in the figure corresponds
to a specific feature (e.g., Finishing, Sprint Speed, Age),
and the bar height reflects its S1 value. Higher bars
indicate a stronger direct impact on the model’s
predictions, while lower bars suggest limited or negligible
individual influence.
Key observations from Fig. 8 include:

e Finishing (S1 = 0.543), Sprint Speed (S1 =
0.517), and Positioning (S1 = 0.344) show the
highest first-order sensitivity indices, identifying
them as core predictive variables for the striker
role.
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On the other hand, attributes such as Yellow
Card (S1 = 0.000) and Red Card (S1 = 0.000)
exhibit no measurable effect, indicating they do
not meaningfully contribute to value prediction
for this player type.
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Figure 10: The FAST sensitivity analysis of the best-performed model

6 Discussion

6.1. Limitations of the study

While the findings of this study demonstrate the
effectiveness of hybrid machine learning models in
predicting the market value of football players, several
limitations should be acknowledged to contextualize the

results.
Limitations:
1. Dataset scope and representativeness: The

dataset employed in this research was compiled
from previously published sources, focusing
primarily on historical data. Although it includes
a diverse range of features, it may not fully
capture the rapidly changing dynamics of the
football market, such as recent transfers, injuries,
or market inflation.

Reliance on historical and static features:
Player valuation is influenced by dynamic, real-
time factors such as performance in ongoing
tournaments, managerial changes, or media
influence. However, the current dataset relies on
static, pre-existing attributes, limiting the
model’s responsiveness to real-time fluctuations.
Model generalization: While the models
showed high performance within the training and
testing phases, their generalizability to unseen
leagues, seasons, or drastically different market
conditions remains uncertain.

Computational complexity: The hybrid models,
especially those incorporating metaheuristic
optimizers like MPSO and RDA, demand

significant computational resources. This may
pose challenges for real-time implementation or
use in resource-constrained environments.

6.2 Future research directions

1.

Dataset expansion and real-time updating:
Future studies should aim to incorporate more
recent and real-time data, including match-by-
match statistics, social media sentiment, and
dynamic market indicators. Expanding the
dataset to include players from lower-tier leagues
or different continents could also improve model
robustness and applicability.

Integration of temporal and sequential
Features: Incorporating time-series data to track
player performance over multiple seasons or
transfer windows could enhance the model’s
predictive power by capturing performance
trends and fluctuations.

Exploration of alternative and hybrid
optimization techniques: Further research
could explore other metaheuristic or hybrid
optimization algorithms, such as Grey Wolf
Optimizer, Harris Hawks Optimization, or Multi-
Objective  Evolutionary  Algorithms,  to
potentially improve convergence speed and
prediction accuracy.

Model interpretability and explainability:
Developing  interpretable  models  using
techniques like SHAP (SHapley Additive
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exPlanations) could help stakeholders in
understanding the reasoning behind predictions,
making the models more trustworthy and
actionable.

6.3 Practical implications

The outcomes of this study hold significant practical
relevance for various stakeholders within the football
ecosystem, particularly in the domains of talent scouting,
player valuation, and strategic financial planning.

1. Data-driven decision making in player
valuation: The developed hybrid models offer a
robust and objective approach to estimating
market values of football players. By leveraging
machine learning and optimization algorithms,
clubs can reduce reliance on subjective
assessments, leading to more accurate and
transparent valuations.

2. Enhanced scouting and  recruitment
efficiency: Scouting departments can use these
models to pre-screen a wide range of players
across leagues and markets, identifying
undervalued talent or potential high-return
investments. This can streamline recruitment
efforts and reduce the time and cost associated
with manual evaluations.

7 Conclusion

This study explored ML models to predict the market
value of football players using a comprehensive dataset. It
was designed to develop more approaches with ML,
including Bagging Regression, SVR, and Bagging DTR
improved by Motion-encoded PSO and the Red Deer
Algorithm. Among those, the Bagging Decision Tree with
Motion PSO was the best in both the validation and test
phases, with RMSE 533*10* and R2 0.962 in the validation
phase and RMSE 73*10° and R2 0.980 in the testing.
These results confirmed how hybrid models can capture
such complexities in the valuations. By far, the Bg_SVR
performance was excellent in the training phase, with a
minimum RMSE of 114*105 and a maximum Rz of 0.950,
showing that this algorithm is strong. However, since
Bg_DT(MPS) had a good performance for both validation
and testing, it is ranked as the best overall model despite
its lower performance for some indices, such as the N10_
index. The results hereby confirm that ML bears the
potential of becoming an increasingly objective and more
accurate valuation method for football players than
traditional subjective assessments. Advanced
optimization algorithms were highly effective in
increasing the accuracy and reliability of the models
developed in this study. Future research might further
refine these models by adding more parameters and testing
different optimization techniques. This study represents a
great step toward more data-driven decision-making
processes in football management and may potentially
turn upside down the traditional habits of player
evaluations.
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3. Financial strategy and contract negotiations:
Club management and financial planners can
incorporate the model outputs into contract
renewal negotiations or transfer strategies. The
quantification of a player’s market value with
high predictive accuracy supports better
budgeting and risk assessment.

4. Real-Time adaptation to market dynamics:
While the current study utilizes historical data,
the models are designed to be adaptable. With
real-time  data integration in  future
implementations, clubs could dynamically adjust
player valuations based on recent performance,
injuries, or other market changes.

5. Benchmarking and performance analysis: The
ML framework can also serve as a benchmarking
tool to compare players across different teams
and leagues, helping clubs identify performance
gaps or overvalued assets.

6. Commercial and sponsorship valuation:
Beyond on-field performance, player value has
implications for sponsorship and branding.
Accurate valuation models provide a foundation
for estimating the commercial potential of
players, assisting marketing teams in forming
profitable partnerships.
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Continuous Sign Language Recognition (CSLR) is a critical communication tool for the hearing-impaired
community, relying heavily on changes in facial expression, hand movement, and body posture to convey
meaning. Traditional CSLR methods primarily focus on frame-level feature extraction but often overlook
dynamic temporal relationships across frames. 1o address this, we propose a novel hybrid architecture
CNN Transformer with Adaptive Temporal Hierarchical Attention (CT-ATHA) which captures both local
motion patterns and long-range dependencies for improved temporal modeling. Our architecture consists
of a ResNet-34 backbone enhanced with Motor Attention Modules (MAM) to emphasize motion-centric
regions such as hands and facial areas. Temporal modeling is achieved through a two-stage process:
3D-CNN layers extract short-term spatio-temporal features, followed by Adaptive Temporal Pooling to
reduce redundant frames, focusing the model’s attention on the most informative temporal segments. A
Transformer encoder with hierarchical attention then combines local frame-level and global sentence-level
context through specialized attention heads. Additionally, we introduce learnable temporal gates to detect
critical motion phases, retaining high-entropy frames and pruning static frames. Our decoder utilizes a
BiLSTM with a CTC head for sequence alignment and classification. The model is trained using a multi-task
learning approach, jointly optimizing for recognition accuracy and critical phase detection. Experimental
evaluation across multiple benchmark CSLR datasets demonstrates that our CT-ATHA model significantly
enhances motion information extraction, achieving a WER of 18.1% on RWTH, 18.8% on RWTH-T, and
23.9% on CSL-Daily, despite challenges like variable signing styles and lack of clear segmentation, offering

a robust and efficient framework for continuous sign language recognition.

Povzetek:

1 Introduction

Continuous Sign Language Recognition (CSLR) plays a
pivotal role in bridging the communication gap between the
hearing-impaired community and the hearing population.
Sign language, as a complex gestural-motor language, con-
veys semantic information through a sophisticated interplay
of hand shapes, facial expressions, and body movements
[1]. It serves as the primary mode of communication for
many hearing-impaired individuals, enabling them to ex-
press thoughts and emotions effectively [2]. The develop-
ment of robust CSLR systems is therefore crucial for pro-
moting inclusivity and accessibility in various social, edu-
cational, and professional environments [3].

Despite its significance, CSLR presents numerous chal-
lenges due to the continuous nature of sign language, where
gestures flow without clear boundaries between signs. This
lack of explicit segmentation makes it difficult to accu-
rately recognize and translate sign language sequences.
Moreover, the variability in signing styles and the pres-
ence of non-manual signals, such as facial expressions, add
layers of complexity to the recognition process [4]. For

instance, traditional CNN-LSTM models achieve WERs
around 26.5% on RWTH [5], while more advanced meth-
ods like MAM-FSD reach 18.6% [6], yet still struggle
with dynamic temporal relationships and non-manual cues,
underscoring the need for improved approaches like our
CT-ATHA model. These non-manual components, along-
side hand and body movements, are critical for convey-
ing meaning, yet traditional methods struggle to effectively
capture their dynamic interplay across frames. Traditional
CSLR methods have primarily focused on frame-level fea-
ture extraction, often utilizing convolutional neural net-
works (CNNs) [7] for spatial analysis and recurrent neural
networks (RNNs) for temporal modeling. However, these
approaches may overlook the dynamic temporal relation-
ships across frames, which are crucial for understanding the
context and meaning of sign language gestures.

Recent advancements in deep learning, particularly the
integration of attention mechanisms and transformer archi-
tectures, have shown promise in addressing these limita-
tions by capturing both local motion patterns and long-
range dependencies [8]. The effectiveness of these ad-
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vanced architectures is further supported by the availability
of large-scale datasets such as RWTH-PHOENIX-Weather-
2014 (RWTH) [5], its extended version RWTH-T [9], and
CSL-Daily [10]. These datasets, featuring thousands of
continuous sign language sequences with detailed gloss an-
notations, have made it possible to develop and refine ad-
vanced architectures capable of tackling the recognition
difficulties posed by the lack of explicit sign boundaries
and variable signing styles. By providing a robust foun-
dation for training and evaluating models on real-world,
unsegmented data, they have enabled methods like ours
to achieve higher accuracy and efficiency, addressing the
inherent challenges of continuous sign language recogni-
tion. This work addresses the following research ques-
tions: (1) How can we improve recognition accuracy in
CSLR by enhancing temporal modeling? (2) Can a hy-
brid architecture effectively reduce redundant frames while
preserving critical motion information? (3) How does hi-
erarchical attention improve context capture in continuous
sign sequences? Success in this study is defined primar-
ily by achieving lower Word Error Rates (WER) on bench-
mark datasets (e.g., RWTH, RWTH-T, CSL-Daily), with
secondary goals of maintaining computational efficiency
for potential real-time applications, rather than solely fo-
cusing on larger vocabularies or minimal computation cost.

In this paper, we propose a novel hybrid architecture
CNN Transformer with Adaptive Temporal Hierarchical
Attention (CT-ATHA) designed to enhance the extraction
of motion information and improve recognition accuracy
in CSLR. Our approach makes several key contributions to
the field: Conventional CSLR systems face challenges in
sequence alignment due to the lack of explicit sign bound-
aries, process redundant static frames that dilute temporal
efficiency, and struggle with diverse signing styles. To ad-
dress these issues, particularly the complexity from non-
manual signals and motion-centric regions like hands and
face, we integrate a Motor Attention Module (MAM) into
the ResNet-34 backbone, enhancing focus on these criti-
cal areas for robust feature extraction. We introduce learn-
able temporal gates to detect critical motion phases, re-
taining high-entropy frames rich in gestural content while
pruning static ones, optimizing temporal focus and com-
putation. The model is trained using a multi-task learn-
ing approach, jointly optimizing recognition and temporal
phase detection to improve generalization across signing
variations and leverage task synergy. Finally, a Bidirec-
tional Long Short-Term Memory (BiLSTM) network with
a Connectionist Temporal Classification (CTC) head aligns
and classifies unsegmented sequences, capitalizing on BiL-
STM’s bidirectional temporal modeling and CTC’s ability
to map frames to glosses without pre-segmentation.

— Motor Attention Module (MAM): We introduce
a specialized attention mechanism integrated into
the ResNet-34 backbone, which emphasizes motion-
centric regions such as hands and facial areas. This
innovation significantly enhances the model’s ability
to capture nuanced spatial features essential for sign
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language interpretation.

— Adaptive Temporal Pooling: Our architecture incor-
porates a novel Adaptive Temporal Pooling mecha-
nism that intelligently reduces redundant frames, fo-
cusing the model’s attention on the most informative
temporal segments. This contribution addresses the
challenge of variable-length sign language sequences
and improves the efficiency of temporal modeling.

— Learnable Temporal Gates: We introduce learn-
able temporal gates designed to detect critical mo-
tion phases, effectively retaining high-entropy frames
while pruning static or less informative frames. This
mechanism significantly enhances the model’s ability
to focus on the most relevant temporal information,
crucial for accurate sign language interpretation .

— Hierarchical Attention in Transformer Encoder:
Our Transformer encoder utilizes a hierarchical atten-
tion mechanism [11] that combines local frame-level
and global sentence-level context through specialized
attention heads. This multi-level attention approach
enables more comprehensive temporal modeling, cap-
turing both fine-grained details and overarching se-
mantic structures in sign language sequences, while
reducing computational complexity by prioritizing rel-
evant temporal contexts over uniform processing.

The temporal modeling in our CT-ATHA architecture is
achieved through a sophisticated two-stage process. Ini-
tially, 3D-CNN layers extract short-term spatio-temporal
features, providing a robust representation of local mo-
tion patterns. This is followed by the Adaptive Temporal
Pooling mechanism, which feeds into the Transformer en-
coder with hierarchical attention for refined temporal mod-
eling. Our decoder utilizes a Bidirectional Long Short-
Term Memory (BiLSTM) network with a Connectionist
Temporal Classification (CTC) head for sequence align-
ment and classification. This combination allows for effec-
tive handling of the variable-length nature of sign language
sequences and provides robust alignment between input
frames and output gloss sequences. The CT-ATHA model
is trained using a multi-task learning approach, jointly op-
timizing for recognition accuracy and critical phase detec-
tion. This holistic training strategy ensures that the model
not only excels in overall recognition performance but also
develops a keen ability to identify and focus on the most
crucial aspects of sign language gestures.

2 Related work

2.1 Traditional approaches in continuous
sign language recognition
Continuous Sign Language Recognition (CSLR) has been

a subject of extensive research due to its significance
in bridging communication gaps for the hearing-impaired
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community [12] [13]. Early approaches to CSLR primar-
ily relied on handcrafted features and traditional machine
learning techniques. Hidden Markov Models (HMMs)
were among the first methods used for temporal modeling
in sign language recognition, capable of capturing the se-
quential nature of gestures [14]. These models were effec-
tive in handling the temporal dynamics of sign language
but faced limitations when dealing with the complex, high-
dimensional data typical of sign language videos. Feature
extraction methods in these traditional approaches often in-
volved the use of data gloves or color gloves to capture
hand shapes, positions, and motion trajectories [ 1 5]. While
these methods laid the groundwork for CSLR, they were
often cumbersome and limited in their practical applica-
tions. The transition to image processing techniques aimed
to overcome these limitations by extracting features directly
from video data, eliminating the need for specialized equip-
ment. However, these image processing operators were not
specifically designed for sign language, which posed chal-
lenges in achieving high recognition accuracy.

2.2 Deep learning advancements in CSLR

The advent of deep learning has revolutionized the field
of CSLR, introducing more sophisticated techniques for
feature extraction and temporal modeling [16]. Convo-
lutional Neural Networks (CNNs) have become instru-
mental in extracting spatial features from sign language
videos, while Recurrent Neural Networks (RNNs), partic-
ularly Long Short-Term Memory (LSTM) networks, have
proven effective in modeling temporal dependencies [17].
The combination of CNNs and LSTMs, as seen in mod-
els like CNNSa-LSTM, has enhanced the ability to han-
dle complex gesture dynamics by integrating spatial and
temporal information processing. These deep learning ap-
proaches have significantly improved the accuracy and ro-
bustness of CSLR systems compared to traditional meth-
ods.

2.3 Attention mechanisms and transformers
in CSLR

Recent years have seen the introduction of attention mech-
anisms and transformer architectures in CSLR, marking a
significant advancement in the field [6]. Attention mech-
anisms allow models to focus on relevant parts of the in-
put sequence, addressing the variability and complexity of
sign language gestures [18]. Transformers, which leverage
self-attention mechanisms, have shown promise in CSLR
by providing a more flexible and powerful framework for
capturing temporal dependencies without the need for re-
current connections. These models have demonstrated su-
perior performance in handling long-range dependencies
and context in sign language sequences, leading to more
accurate recognition systems. The ability of transformers
to process entire sequences simultaneously rather than se-
quentially, as in RNNs, provides a significant advantage in
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CSLR, particularly in capturing the nuanced and complex
nature of sign language [19].

2.4 Hybrid architectures and multi-modal
approaches

The development of hybrid architectures that combine dif-
ferent neural network models has emerged as a promis-
ing direction in CSLR research [20]. These architectures
aim to leverage the strengths of various components to im-
prove overall recognition performance. For instance, the
integration of Graph Convolutional Networks (GCNs) with
LSTMs has been explored to model both spatial and tempo-
ral aspects of sign language simultaneously. Multi-modal
networks that combine different types of input data, such
as RGB videos and body pose estimates, have also shown
promising results. The Two-Stream model [21] [22] uti-
lizes knowledge distillation and multiple auxiliary losses to
compensate for data scarcity, achieving state-of-the-art re-
sults in CSLR. These hybrid and multi-modal approaches
demonstrate the potential of combining diverse techniques
to enhance the accuracy and robustness of CSLR systems.

2.5 Adaptive pooling and temporal
modeling techniques

Adaptive pooling techniques have emerged as a significant
area of interest in CSLR, offering improved feature extrac-
tion and reduced computational costs. Methods such as
Temporal Lift Pooling (TLP) [23] and Adaptive Dynamic
Temporal Pooling (ADTP) [24] have shown promise in pre-
serving key sign language information while enhancing the
efficiency of CSLR systems. These techniques dynami-
cally adjust the pooling process based on the temporal char-
acteristics of the input data, ensuring that critical temporal
patterns are retained for accurate recognition. In parallel,
advancements in temporal modeling have led to the devel-
opment of more sophisticated approaches for capturing the
dynamic nature of sign language. The use of 3D CNNs for
short-term spatio-temporal feature extraction, followed by
transformer-based models for long-range temporal model-
ing, has shown significant improvements in recognition ac-
curacy.

2.6 Motor attention and multi-task learning

in CSLR

Recent research has highlighted the importance of mo-
tor attention mechanisms in CSLR. These mechanisms fo-
cus on capturing the dynamic changes in local motion re-
gions during sign language expression, which are crucial
for accurate recognition. By enhancing the model’s abil-
ity to focus on changes in facial expressions, head move-
ments, body movements, and gestures, motor attention
mechanisms provide a more comprehensive representation
of sign language dynamics. This approach has led to im-
proved model robustness and accuracy, particularly evi-
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Figure 1: Overview of the proposed CT-ATHA architecture for continuous sign language recognition (CSLR). The model
consists of three main components: a Spatial Feature Extractor (input: T x 224 x 224 x 3, output: 7' X 56 x 56 x 512), a
Temporal Encoder (input: 7" X 56 x 56 x 512, output: 7" x 512), and Learnable Temporal Gates (LTG) (input: 7" x 512,
output: 7" x 512), followed by a BiLSTM and CTC head for sequence decoding (output: gloss sequence). Tensor
dimensions are annotated, where 7 is the original frame count, 7" is after 3D-CNN pooling, and 7" is after temporal

gating, reflecting adaptive reduction.

dent in achieving state-of-the-art performance on large-
scale datasets. Additionally, multi-task learning (MTL) ap-
proaches have gained traction in CSLR research. MTL al-
lows models to learn shared representations across multi-
ple related tasks, such as gesture recognition, facial expres-
sion analysis, and hand shape classification [25]. This ap-
proach has shown potential in improving the overall perfor-
mance and generalization capabilities of CSLR systems by
leveraging the interrelated nature of various sign language
recognition tasks. A broader summary of such approaches,
including their architectures, performance metrics, and lim-
itations, is provided in Table 1, highlighting the challenges
that motivate our work.

3 Methodology

This section details our novel approach to Continuous
Sign Language Recognition (CSLR) through the CNN-
Transformer with Adaptive Temporal Hierarchical Atten-
tion (CT-ATHA) architecture. Our model builds upon re-
cent advancements in the field, particularly drawing inspi-
ration from the Motor Attention Mechanism (MAM) intro-
duced in the MAM-FSD model, while introducing several
innovative components to enhance CSLR performance.
The CT-ATHA architecture is designed to significantly
enhance motion information extraction in CSLR by lever-
aging the Motor Attention Module (MAM) and 3D-CNN

layers to capture both spatial and temporal features of
sign language sequences, focusing on dynamic regions like
hands and facial expressions. As illustrated in Figure 1, our
model integrates a CNN-based feature extractor enhanced
with Motor Attention Modules, a 3D-CNN for short-term
spatio-temporal feature extraction, an Adaptive Temporal
Pooling mechanism, and a Transformer encoder with hier-
archical attention. This combination allows for robust fea-
ture extraction, efficient temporal modeling, and the ability
to capture both local and global contextual information cru-
cial for accurate sign language recognition.

Figure 1 provides a comprehensive overview of the CT-
ATHA architecture. The diagram clearly illustrates the
flow of information through the three main components:
the Spatial Feature Extractor, the Temporal Encoder, and
the Learnable Temporal Gates (LTG). This visual repre-
sentation helps in understanding how each component con-
tributes to the overall CSLR process, from initial feature
extraction to final sequence decoding.

At the core of our spatial feature extraction process is
a ResNet-34 backbone, augmented with Motor Attention
Modules (MAM). The MAM, inspired by the work in, is
designed to emphasize motion-centric regions crucial for
sign language interpretation, such as hands and facial ar-
eas. Unlike traditional attention mechanisms that rely on
global pooling, our MAM utilizes multi-layer 3D convo-
lutions to perform weighted summation of adjacent frame
pixels. This approach allows the model to focus on local
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Table 1: Summary of continuous sign language recognition (CSLR) methods. This table compares key architectures,
datasets, WER performance, and limitations of various approaches, highlighting advancements and challenges in CSLR.

Method Architecture Datasets WER(Test%) | Limitation

HMM [14] Hidden Markov Models Early Not reported Struggles with high dimensional
Datasets data

CNN+LSTM CNN+LSTM RWTH ~26.5 (est.) Limited long-range dependency

[17] capture

STMC [26] Spatial-Temporal Multi- | RWTH, 20.5,20.8 High computational cost

Cue RWTH-T

TwoStream- Two-Stream Network RWTH, CSL- | 18.6, 25.1 Data scarcity compensation issues

SLR [21] Daily

MAM-FSD [6] | Motor Attention + CNN RWTH, CSL- | 18.6,24.3 Limited hierarchical context
Daily

motion distortions, which are particularly important in sign
language where subtle movements can convey significant
meaning. We selected ResNet-34 as the CNN backbone due
to its established effectiveness in extracting spatial features
from video data, offering a balance of depth (34 layers) and
computational efficiency (e.g., 3.6 billion FLOPs) com-
pared to more recent alternatives like Swin Transformer
( 4.5 billion FLOPs) or EfficientNet (e.g., BO: 0.39 bil-
lion FLOPs, but less suited for temporal tasks). While Swin
Transformer excels in global context modeling, its higher
complexity risks latency in real-time CSLR, and Efficient-
Net, though lightweight, lacks the hierarchical feature ex-
traction critical for motion-centric regions. ResNet-34, en-
hanced with our Motor Attention Modules, aligns with our
goal of robust, efficient CSLR performance.

Motor Attention
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Figure 2: Structure diagram of the motor attention mecha-
nism (MAM). Unlike standard attention mechanisms that
globally pool features across all dimensions, MAM uses
multi-layer 3D convolutions to generate a localized atten-
tion map (e.g., 3 x x3 x x3 kernel) focusing on motion-
centric regions, enhancing spatial-temporal feature weight-
ing.

Figure 2 provides a detailed structure diagram of the Mo-
tor Attention Mechanism (MAM). This visual representa-
tion is crucial for understanding how the MAM generates
and applies attention maps to the input feature maps. The
figure illustrates the process of emphasizing motion-centric
regions, which is a key innovation in our approach to CSLR.
Compared to standard attention mechanisms that uniformly
weigh all input features, MAM’s novelty lies in its use of

3D convolutions to prioritize local motion distortions, crit-
ical for CSLR, over global context alone.

The MAM operates by generating an attention map based
on the input feature maps, which is then applied to the orig-
inal features to highlight regions of high motion activity.
This process can be mathematically expressed as:

(1

Here, Fj, represents the input feature maps from the
ResNet-34 backbone, F,,,; denotes the output feature maps
after applying the MAM, Convsp is a 3D convolutional
operation capturing spatio-temporal features across adja-
cent frames, o is the sigmoid activation function that nor-
malizes the attention weights to a range of [0, 1], and ®
denotes element-wise multiplication, which applies the at-
tention map to emphasize motion-centric regions in Fj,.
The resulting features are combined with the original input
through a residual connection, enhancing the model’s abil-
ity to capture dynamic motion information without losing
important static spatial features.

Following the CNN backbone, we employ a series of 3D
convolutional layers to extract short-term spatio-temporal
features, which are further processed by the Adaptive Tem-
poral Pooling mechanism to reduce redundant frames and
focus on informative temporal segments. This component
is crucial for capturing local motion patterns and temporal
dependencies within a small window of frames. The 3D-
CNN layers process the output from the MAM-enhanced
ResNet, allowing the model to learn hierarchical spatio-
temporal representations that are essential for understand-
ing the continuous nature of sign language gestures.

To address the variable length of sign language se-
quences and reduce computational complexity, we intro-
duce an Adaptive Temporal Pooling mechanism. This in-
novative component dynamically adjusts the temporal res-
olution of the feature sequence based on the input’s tem-
poral characteristics. The Adaptive Temporal Pooling op-
erates by computing the temporal entropy of each frame’s
features, identifying high-entropy frames that likely contain
significant motion information, and applying a learnable
pooling operation that preserves information from these
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high-entropy frames while compressing less informative
temporal regions. This process not only helps in manag-
ing the variable length of sign language sequences but also
focuses the model’s attention on the most informative tem-
poral segments, potentially improving recognition accuracy
while reducing computational load. The adaptive nature of
this pooling mechanism allows the model to handle a wide
range of signing speeds and styles, making it more robust
to real-world variations in sign language production.

The core of our temporal modeling is a Transformer en-
coder enhanced with a hierarchical attention mechanism.
This component processes the adaptively pooled features to
capture long-range dependencies and global context, which
are crucial for understanding the overall meaning of sign
language sequences. Our hierarchical attention mechanism
operates at two levels: frame-level attention, which cap-
tures local temporal dependencies within a small window of
frames, and sentence-level attention, which models global
context across the entire sequence. This dual-level atten-
tion approach allows the model to simultaneously focus on
both fine-grained temporal details and overarching seman-
tic structures. The frame-level attention helps in capturing
the nuanced movements and transitions between individual
signs, while the sentence-level attention aids in understand-
ing the broader context and meaning of the entire signed
phrase or sentence. This hierarchical structure is particu-
larly beneficial for CSLR, where both local gestures and
global sentence structure contribute to the overall meaning.

To further refine our temporal modeling, we introduce
learnable temporal gates. These gates act as adaptive fil-
ters, allowing the model to focus on critical motion phases
while suppressing less informative static periods. The gat-
ing mechanism can be expressed as:

Fgated = G(En) © ﬂ7l (2)

where G(F},) is the learned gating function, producing
values between 0 and 1 to modulate the input features. This
component enhances the model’s ability to distinguish be-
tween meaningful gestures and transitional or rest periods
in the sign language sequence, potentially improving recog-
nition accuracy and efficiency.

The final component of our architecture is a Bidirectional
Long Short-Term Memory (BiLSTM) network followed by
a Connectionist Temporal Classification (CTC) head. This
decoder is responsible for aligning the frame-level predic-
tions with the target gloss sequences and producing the final
recognition output. The bidirectional nature of the LSTM
allows the model to consider both past and future context
when making predictions, while the CTC mechanism han-
dles the alignment between the input frames and output
glosses, addressing the lack of explicit segmentation in con-
tinuous sign language.
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4 Experiments and results

4.1 Dataset and judgment criteria

To evaluate the effectiveness of our proposed CNN-
Transformer with Adaptive Temporal Hierarchical
Attention (CT-ATHA) model, we conducted extensive ex-
periments on three large-scale publicly available datasets:
RWTH-PHOENIX-Weather-2014  (RWTH), RWTH-
PHOENIX-Weather-2014T (RWTH-T), and CSL-Daily.
These datasets provide comprehensive benchmarks for
Continuous Sign Language Recognition (CSLR) across
different languages and contexts. The RWTH-PHOENIX-
Weather-2014 dataset comprises 6,041 sign language
videos recorded by the German weather broadcasting tele-
vision station PHOENIX between 2009 and 2011, featuring
German Sign Language (DGS). Videos are captured at a
frame rate of 25 frames per second (FPS) with a resolution
of 210 x 260 pixels, corresponding to the signer box
overlay in the broadcast. It includes 1,081 unique glosses
(signs) annotated by native DGS speakers and is performed
by nine professional, with varying representation (e.g.,
Signer 1 performs 30% of sequences, others 5-15%).
The dataset is divided into 5,672 videos for training, 540
for validation, and 629 for testing, with splits designed
to ensure signer independent evaluation. In our primary
experiments, we did not apply data augmentation to miti-
gate signer bias, relying on the dataset’s natural variability
and CT-ATHA’s adaptive mechanisms for generalization.
However, supplementary tests with random frame drop-
ping and brightness adjustments reduced WER by 0.2%,
suggesting potential benefits for signer bias mitigation,
though not adopted here for baseline consistency. The
RWTH-T dataset extends RWTH, incorporating 10,000
CSLR tasks. It contains 7,096 videos for training, 519 for
validation, and 642 for testing, maintaining the same frame
rate (25 FPS) and resolution (210 x 260 pixels) as RWTH,
with a similar signer demographic profile but expanded
sequence diversity. The CSL-Daily dataset, a large-scale
Chinese sign language corpus, features an annotation
vocabulary of 2,000 glosses and a Chinese text vocabulary
of 2,343 words. It includes 18,401 samples for training,
1,077 for validation, and 1,176 for testing, recorded at
30 FPS with a higher resolution of 1920 x 1080 pixels,
reflecting daily-life signing scenarios with varied signer
demographics.

For evaluation, we use the widely adopted Word Error
Rate (WER) metric, which measures the sum of the mini-
mum number of insertions (ins), deletions (del), and substi-
tutions (sub) required to convert the recognition sequence
into the reference sequence. The WER is calculated as:

' del b
WER:IOO%XM (3)
sum

where ins represents the number of words to be inserted,
del represents the number of words to be deleted, sub rep-
resents the number of words to be replaced, and sum repre-
sents the total number of words in the label. A lower WER
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indicates better recognition performance.

4.2 Implementation details

Our CT-ATHA model was implemented using PyTorch. We
used a ResNet-34 backbone enhanced with Motor Attention
Modules (MAM) for feature extraction. The model was
trained using the Adam optimizer with an initial learning
rate of 0.0005 for 50 epochs. The learning rate was reduced
by 80% at the 40th and 50th epochs to ensure stable conver-
gence and fine-tuning of the model weights. This schedule
was determined empirically: initial training with a constant
learning rate showed rapid WER reduction until around
epoch 35, followed by oscillation. Reducing the learning
rate at epoch 40 mitigated this instability, enabling a fur-
ther WER drop of 0.3-0.5% across datasets, while the sec-
ond reduction at epoch 50 refined performance in the final
stages, as evidenced by the steep declines post-adjustment
in Figures 3, 4, and 5 (e.g., RWTH test WER from 18.6%
to 18.1%). For data preprocessing and augmentation, we
employed several techniques. The input data size was ini-
tially 256 x 256, which was then randomly cropped to 224
x 224. Random flipping was applied with a probability of
0.5. Additionally, we performed temporal enhancement by
randomly increasing or shortening the length of the video
sequences within +20%. These preprocessing steps were
crucial for improving the model’s robustness and general-
ization capabilities.All experiments were conducted on an
NVIDIA A100 GPU with 80GB memory, allowing for a
batch size of 4. This hardware setup provided sufficient
computational power to handle the complex CT-ATHA ar-
chitecture and the large-scale datasets. During the testing
phase, we used only center cropping for data enhancement.
The final CTC decoding stage employed a beam search al-
gorithm with a beam width of 10 to generate the output se-
quences. To assess efficiency for real-time CSLR, we mea-
sured inference time on an NVIDIA A100 GPU. CT-ATHA
achieves 28 FPS (35.7 ms latency per sequence) for RWTH
sequences (avg. 100 frames), compared to MAM-FSD’s
25 FPS (40 ms latency), a 12% improvement due to Adap-
tive Temporal Pooling reducing frames by 30%. Compu-
tational cost is approximately 4.2 billion FLOPs, slightly
higher than ResNet-34 alone (3.6 billion FLOPs) but justi-
fied by performance gains.

4.3 Experimental results

Table. 2 presents the performance of our CT-ATHA
model compared to state-of-the-art methods on the RWTH,
RWTH-T, and CSL-Daily datasets.

Our CT-ATHA model achieves state-of-the-art perfor-
mance across all three datasets. In the RWTH dataset, we
reduce the test WER to 18.3%, an improvement of 0. 5%
over the best previous result. For RWTH-T, our model
achieves a test WER of 19.0%, outperforming MAM-FSD
by 0.4%. The CSL-Daily dataset shows a similar im-
provement, with CT-ATHA reaching a test WER of 24.
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1%, exceeding the previous state of the art by 0. 4%.
CT-ATHA achieves lower WERs on RWTH (18.1%) and
RWTH-T (18.8%) compared to CSL-Daily (23.9%) due
to differences in the complexity of dataset, as described
in Section 4.1. RWTH and RWTH-T, with 1,081 glosses
and controlled broadcast settings, benefit from CT-ATHA’s
precise motion capture (MAM, LTG), while CSL-Daily’s
larger vocabulary (2,000 glosses), diverse daily-life sign-
ing styles, and higher resolution (1920x1080 vs. 210%260)
increase recognition challenges, leading to a higher WER
despite similar relative improvements (0.4-0.5%). While
CT-ATHA’s WER improvements of 0.4-0.5% over SOTA
models (e.g., 18.1% vs. 18.6% on RWTH) appear modest,
they are scientifically meaningful beyond statistical signif-
icance. In CSLR, a 0.5% WER reduction translates into
correctly recognizing approximately 3—5 additional signs
per 1000-frame sequence (based on the average sequence
length of RWTH)), significantly improving intelligibility for
continuous real-world communication, especially in chal-
lenging datasets like CSL-Daily with larger vocabularies.
This aligns with previous work [6] which noted cumulative
benefits of small gains in practical implementation. Figures
3, 4 and 5 show the WER variation curves for the valida-
tion and test sets in the RWTH, RWTH-T and CSL-Daily
datasets, respectively. The curves demonstrate consistent
improvement over training epochs, with significant drops
observed after learning rate adjustments at epochs 40 and
50, validating the decay schedule’s role in optimizing per-
formance.
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Figure 3: WER variation curves for RWTH validation set
and test set

4.4 Ablation studies

To assess each component’s contribution in the CT-ATHA
architecture, we conducted ablation studies on the RWTH
dataset by incrementally adding components to a baseline
model (ResNet-34 + BiLSTM), followed by Motor Atten-
tion Module (MAM, WER 19.3%, p < 0.01), Adaptive
Temporal Pooling (ATP, WER 18.9%, p < 0.05), Trans-
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Table 2: Comparison with state-of-the-art methods on RWTH, RWTH-T, and CSL-Daily datasets. ”Full” indicates that
only the full RGB image is used for recognition, while ”Extra clues” indicates that other cues are used for recognition (:
indicates that they are used, and - indicates that they are not used).

Methods Full Extra clues RWTH RWTH-T CSL-Daily
Dev (%) Test (%) | Dev (%) Test (%) | Dev (%) Test (%)
LS-HAN [27] - : - - - - 38.7 39.0
Re-Sign [28] : - 27.3 26.5 25.5 26.4 - -
DNF [29] - : 23.5 24.1 - - 32.6 32.1
Joint-SLRT [30] : - - - 24.4 24.3 32.9 33.0
FCN [31] : - 23.5 23.7 23.1 24.8 33.0 33.2
VAC [32] : - - 21.0 22.1 - - -
SEN [33] : - 19.3 20.8 19.1 20.5 30.9 30.5
STMC [26] - : 20.9 20.5 19.4 20.8 - -
C2SLR [34] - : 20.3 20.2 20.0 20.2 31.7 30.8
STENet [35] : - 19.1 20.1 19.2 20.9 28.7 28.7
HST-GNN [36] - : 19.3 19.6 19.9 20.1 - -
CorrNet [37] : - 18.6 19.2 18.7 20.3 30.4 29.9
CorrNet+ACDR [38] : - 18.4 18.8 18.1 19.7 294 28.8
TwoStream-SLR [21] - : 18.2 18.6 17.5 19.1 25.2 25.1
MAM-FSD [6] : - 19.0 18.6 18.0 19.2 25.6 24.3
CT-ATHA : - 18.5 18.1 17.6 18.8 25.1 23.9
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Figure 4: WER variation curves for RWTH-T validation set
and test set

former with Hierarchical Attention (WER 18.5%, p<0.01),
and Learnable Temporal Gates (LTG, WER 18.3%, p <
0.05). Each configuration was trained for 50 epochs across
five runs with different random seeds, and average test
WERs were computed, with paired t-tests confirming sta-
tistical significance of each addition, as shown in Table 3.
The first addition, the Motor Attention Module (MAM),
resulted in a significant improvement, reducing the test
WER to 19.3%. This 0.5% reduction underscores the im-
portance of focusing on motion-centric regions in sign lan-
guage videos. The MAM’s ability to dynamically allocate
computational resources to areas exhibiting significant mo-
tion enhances the model’s capacity to capture subtle ges-

Figure 5: WER variation curves for CSL-Daily validation
set and test set

tures and movements, which are crucial for accurate sign
language interpretation.

Building upon the MAM-enhanced model, we incorpo-
rated the Adaptive Temporal Pooling (ATP) mechanism,
which further reduced the test WER to 18.9%. This 0.4%
improvement demonstrates the effectiveness of our ap-
proach in handling variable-length sequences, a common
challenge in CSLR tasks. The ATP allows the model to ef-
ficiently process sign language videos of different durations
while preserving critical temporal information.

The subsequent addition of the Transformer with Hier-
archical Attention led to another significant performance
boost, bringing the test WER down to 18.5%. This 0.4% re-
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Model Configuration Dev WER (%) Test WER (%)
Baseline (ResNet-34 + BILSTM) 20.1 19.8
Motor Attention Module (MAM) 19.6 19.3
Adaptive Temporal Pooling (ATP) 19.2 18.9
Transformer with Hierarchical Attention 18.8 18.5
Learnable Temporal Gates (LTG) 18.7 18.3

Table 3: Ablation Study of CT-ATHA Components on the
RWTH Dataset

duction highlights the transformer’s ability to capture long-
range dependencies within sign language sequences, a cru-
cial aspect for understanding the context and meaning of
complex signs and phrases.

The final component, Learnable Temporal Gates (LTG),
provided the ultimate refinement to our CT-ATHA model,
achieving a test WER of 18.3%. This represents a cumu-
lative improvement of 1.5% over the baseline model and
demonstrates the power of our fully integrated architecture.
The LTG plays a crucial role in identifying and emphasiz-
ing critical motion phases within sign language sequences,
allowing the model to focus its computational resources on
the most informative segments of the input.

To further validate the effectiveness of our approach, we
conducted additional ablation studies on key hyperparam-
eters. Table 4 shows the impact of varying the number of
dynamic attention modules in the CT-ATHA architecture.

Table 4: Ablation Study on the Number of Dynamic Atten-
tion Modules

Modules | Dev WER (%) | Test WER (%)
1 19.5 19.2
2 19.1 18.8
3 18.9 18.6
4 18.7 18.3
5 18.8 18.5

As shown in Table 4, performance improves with in-
creasing dynamic attention modules up to four (test WER
18.3%), with a slight degradation at five modules (test
WER 18.5%), indicating an optimal balance at four mod-
ules; additional modules marginally reduce performance
due to increased model complexity and potential overfit-
ting. This suggests that four modules provide an optimal
balance between model complexity and performance for
our CT-ATHA architecture.

Figure 6 illustrates the WER variation curves for both
the validation and test sets during the training process of
our final CT-ATHA model.

The curves in Figure 6 show a consistent improvement in
performance in the training epochs, with significant drops
observed after adjustment of the learning rate in epochs 40
and 50. This trend highlights the effectiveness of our learn-
ing rate schedule and the model’s ability to refine its feature
extraction and temporal modeling capabilities throughout
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Figure 6: WER variation curves for validation and test sets
during training

the training process.

4.5 Discussion

In this subsection, we compare CT-ATHA’s performance
(WER of 18.1% on RWTH, 18.8% on RWTH-T, 23.9%
on CSL-Daily) with SOTA models, such as MAM-FSD
(18.6%, 19.2%, 24.3%) and TwoStream-SLR (18.6%,
19.1%, 25.1%), noting improvements of 0.4 to 0.5% on
RWTH and RWTH-T, and 0.4 to 1.2% on CSL-Daily. We
attribute these gains to: (1) Adaptive Temporal Pooling,
which reduces redundant frames (e.g., static periods) by
up to 30% (based on entropy analysis), enhancing effi-
ciency; (2) Learnable Temporal Gates, which prioritize
high-entropy motion phases, improving focus on key ges-
tures; and (3) Hierarchical Attention in the Transformer en-
coder, which captures both local (frame-level) and global
(sentence-level) dependencies, unlike MAM-FSD’s limited
context. Ablation studies (Table 2) support these contribu-
tions, with each component reducing WER by 0.4 to 0.5%.
However, limitations include struggles with fast-paced ges-
tures (e.g., rapid finger-spelling in CSL-Daily, increasing
WER by 2% in such cases) due to temporal resolution con-
straints, and reduced accuracy under occlusion (e.g., hand-
over-hand signs) or noise (e.g., low-light conditions), where
WER rises by 1 to 3% in synthetic tests.

5 Conclusion

In this paper, we presented CT-ATHA (CNN-Transformer
with Adaptive Temporal Hierarchical Attention), a novel
hybrid architecture for Continuous Sign Language Recog-
nition (CSLR) that effectively addresses the challenges of
capturing both local motion patterns and long-range de-
pendencies in sign language sequences. Our comprehen-
sive experimental results, with WERs of 18.1% on RWTH,
18.8% on RWTH-T, and 23.9% on CSL-Daily, demonstrate
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CT-ATHA’s state-of-the-art performance, supported by ab-
lation studies on RWTH that validate the contributions of
MAM, ATP, Transformer, and LTG components.

The key innovations of CT-ATHA, including the Mo-
tor Attention Module (MAM), Adaptive Temporal Pool-
ing (ATP), and Learnable Temporal Gates (LTG), work
synergistically to enhance the model’s ability to focus on
motion-centric regions like hands and facial expressions,
handle variable-length sequences, and identify critical mo-
tion phases, thereby addressing the challenges of non-
manual signals and variability in signing styles through
MAM'’s emphasis on dynamic regions and multi-task learn-
ing’s adaptation to diverse patterns.

The integration of these components with a ResNet-
34 backbone, 3D-CNN layers, and a Transformer encoder
with hierarchical attention results in a robust and efficient
framework for CSLR, effectively capturing local motion
patterns like hand gestures and long-range dependencies
for sentence-level semantics. Our ablation studies pro-
vide strong empirical evidence for the effectiveness of each
component within the CT-ATHA architecture. The pro-
gressive reduction in the word error raterate (WER) from
19.8% to 18.3% on the Rdata seta set demonstrates that each
element contributes significantly tooverall performance of
the model.the model. These results underscore the impor-
tance of carefully designed attention mechanisms, adaptive
temporal processing, and hierarchical feature extraction in
achieving state-of-the-art performance in CSLR tasks.

The superior performance of the CT-ATHA model, with
improvements of 0.5%, 0.4%, and 0.4% in WER on the
RWTH, RWTH-T, and CSL-Daily datasets, respectively,
establishes it as a powerful and versatile solution for con-
tinuous sign language recognition challenges. These WER
reductions enhance the potential for communication acces-
sibility, educational opportunities, and social inclusion for
the deaf and hard-of-hearing community by enabling more
accurate CSLR applications, such as real-time translation
and accessible learning tools, though direct evaluation of
these societal impacts is not conducted in this study.

For real-world deployment, CT-ATHA’s feasibility
hinges on its memory requirements, hardware constraints,
and adaptability to diverse sign languages. Trained and
tested on an NVIDIA A100 GPU with 80GB memory,
the model’s memory footprint is approximately 1.2 GB for
weights and 2-3 GB during inference (batch size 4, RWTH
sequence length 100 frames), making it deployable on mid-
range GPUs like an NVIDIA RTX 3090 (24GB) or even
edge devices with optimization (e.g., quantization to 500
MB). Inference at 28 FPS (Section 4.2) supports real-time
CSLR on high-end hardware, though latency increases to
15 FPS ona GTX 1080 Ti (11GB), indicating a trade-off be-
tween hardware capability and performance. Adaptability
to different sign languages is promising: while evaluated
on German (RWTH, RWTH-T) and Chinese (CSL-Daily)
datasets, CT-ATHA’s architecture relying on motion-centric
MAM and language-agnostic temporal modeling can gen-
eralize to other sign languages (e.g., ASL, BSL) with re-
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training on respective datasets, as its feature extraction does
not depend on language-specific glosses. However, de-
ployment in low-resource settings or for underrepresented
sign languages may require further data collection and fine-
tuning to address signer variability and vocabulary differ-
ences.

Future work could focus on further improving the
model’s efficiency for real-time applications, expanding its
capabilities to handle a wider range of sign languages, and
exploring its potential in multi-modal sign language trans-
lation tasks. Additionally, investigating the model’s perfor-
mance in real-world scenarios and its adaptability to differ-
ent signing styles and environments would be valuable for
practical applications.
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With the continuous increase of Internet traffic, traditional network traffic scheduling methods are
facing the problems of insufficient efficiency and adaptability. Software - defined networking (SDN)
provides flexible control capabilities for network traffic management, and intelligent traffic scheduling
algorithms, especially scheduling methods based on deep reinforcement learning (DQN), can
dynamically adapt to traffic changes in different network environments. This paper proposes an
intelligent traffic scheduling algorithm based on DQN. The DQN - based algorithm effectively manages
and optimizes network traffic by continuously interacting with the network environment, making real -
time decisions on traffic path selection and resource allocation. It conducts experimental verification in
different network scenarios. By comparing with traditional static routing and load balancing
algorithms, the experimental results show that the traffic scheduling algorithm based on DQN has
obvious advantages in throughput, delay, packet loss rate and load balancing effect, especially in
dealing with network load fluctuations, dynamic changes and burst traffic, it can provide higher
robustness and adaptability. The experiment also shows that the DQN algorithm can quickly learn and
adjust the traffic path in a real - time network environment, thereby effectively reducing network
congestion and delay and improving the overall performance of the network. Finally, the article also
discusses the optimization direction of the algorithm, including multi - path traffic scheduling, transfer
learning, etc., in order to further improve the performance of the algorithm in complex network
environments.

Povzetek: Opisan je algoritem za inteligentno usklajevanje prometa v programsko dolocenih omrezjih
(SDN), ki temelji na globokem ojacevalnem ucenju (DON). Algoritem dinamicno prilagaja omrezni
promet, kar izboljsuje zmogljivosti omrezja pri obvladovanju nihanj obremenitev in zmanjsanju zamud.

1 Introduction

With the rapid development of information
technology, the scale and complexity of networks have
shown explosive growth. In particular, the rise of
emerging technologies such as cloud computing, big
data, and the Internet of Things (IoT) [1, 2] has greatly
increased the load of global Internet traffic. Traditional
network architectures, due to their use of distributed
static routing control and over - reliance on hardware
devices, are often unable to cope with these ever -
changing demands and complex traffic patterns.
Traditional network architectures rely on fixed routing
tables configured in advance. When new traffic demands
emerge, especially those with diverse patterns like the
bursty traffic from cloud computing services or the large
- scale, concurrent data requests in IoT scenarios, these
fixed routing rules cannot be adjusted in real - time.
Also, the distributed control in traditional networks
means that each network device makes decisions

independently, lacking a global view of the network. As
a result, it is difficult to coordinate traffic across the
entire network, leading to inefficiencies such as network
congestion and sub - optimal resource utilization.
Therefore, how to efficiently manage and optimize
network traffic has become a key issue in current
network research and practical applications [3].

Software Defined Networking (SDN) is an
emerging network architecture that makes the network
more flexible, programmable, and centralized by
separating the network control plane from the data plane.
In SDN, the controller manages the forwarding path of
data flows in real time through a global view, while the
data forwarding function is performed by network
devices (such as switches and routers). Compared with
traditional networks, SDN provides a more flexible
means for traffic management [4] and can dynamically
adjust traffic according to the network status, thereby
achieving the effect of traffic optimization.

Under the SDN architecture, traffic management
has become one of the core issues in network
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performance optimization. Traditional traffic
management methods often rely on static configurations
and cannot cope with complex and dynamic network
requirements.  However, intelligent  algorithms,
especially intelligent traffic management technologies
based on machine learning and deep learning, can
achieve automated, real-time, and intelligent traffic
scheduling and optimization. Therefore, how to combine
the SDN architecture with intelligent algorithms to
improve the efficiency and performance of network
traffic management has become a hot topic in the
current network research field. With the maturity of
SDN technology [5], domestic and foreign researchers
have conducted a lot of exploration and experiments on
the application of SDN in traffic management. Existing
research can be roughly divided into two directions: one
is traffic optimization based on traditional algorithms,
and the other is traffic optimization based on intelligent
algorithms.

Traditional traffic management methods, such as
static routing, load balancing, and traffic engineering,
schedule network traffic through fixed rules or pre-set
parameters. Although these methods can reduce the
network burden to a certain extent, they cannot work
effectively in complex scenarios such as uneven
network load, topology changes, and traffic changes due
to their fixedness and limitations. Therefore, traditional
methods often show performance bottlenecks and poor
adaptability when facing modern complex network
environments.

In recent years, more and more research has begun
to focus on using intelligent algorithms such as machine
learning and deep learning to optimize traffic. Such
algorithms analyze historical network traffic data [6]
and learn the dynamic changes of traffic, so that they
can predict future traffic and schedule traffic based on
the predicted results. For example, the application of
reinforcement learning in SDN traffic scheduling can
achieve intelligent traffic allocation and routing
selection by continuously learning the relationship
between network status and traffic. In addition, traffic
prediction methods based on deep learning models such
as deep neural networks (DNNs) and long short-term
memory (LSTM) networks have achieved remarkable
results in many studies. Through these intelligent
algorithms, the network can adaptively respond to
factors such as traffic fluctuations and network topology
changes, improve network performance, and reduce
latency and packet loss. However, although many
studies have proposed different intelligent traffic
management algorithms, these methods still face some
challenges. First, the training of intelligent algorithms
usually requires a large amount of historical data, which
may be difficult to obtain in some dynamically changing
network  environments. Second, the real-time
performance and computational complexity of
intelligent algorithms are also issues that need to be
addressed [7]. Especially in large-scale networks, how
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to ensure that the algorithm has low computational
overhead while ensuring performance is still an urgent
problem to be solved. Finally, existing intelligent
algorithms often focus on the optimization of a single
objective, while in practical applications, traffic
management often involves the trade-off of multiple
objectives, such as throughput, latency, reliability, etc.

As the scale of networks continues to expand and
application scenarios become increasingly complex,
traditional traffic management methods have gradually
exposed many problems, especially in the face of
large-scale, dynamically changing network
environments, where flexible and efficient traffic
scheduling is not possible. The introduction of SDN
technology provides new opportunities for traffic
management, making traffic management more flexible
and efficient through centralized control and network
programmability. However, how to achieve efficient and
intelligent traffic optimization under the SDN
architecture remains a huge challenge.

Combining intelligent algorithms with SDN
architecture can effectively make wup for the
shortcomings of traditional methods and achieve more
accurate and real-time traffic scheduling. Through
intelligent methods such as machine learning and deep
learning, the network can perform adaptive scheduling
and optimization according to the changing patterns of
traffic, which can not only improve the utilization
efficiency of the network, reduce congestion and latency,
but also effectively improve the stability and reliability
of the network. Especially when facing complex
scenarios such as 5G, data centers, and the Internet of
Things, intelligent traffic management can perform
personalized traffic optimization according to the needs
of different applications, greatly improving the
network's quality of service (QoS).

2 Overview of related work

2.1 SDN basics and architecture

Software Defined Networking (SDN) is a new type
of network architecture. Its core idea is to make network
control and management more flexible, programmable,
and centralized by separating the control plane from the
data plane in traditional networks. In traditional network
architecture, the control plane and the data plane are
usually tightly coupled. Routing decisions and data
forwarding are implemented by the hardware of network
devices, and communication between network devices is
limited by hardware performance and configuration. The
emergence of SDN breaks this traditional architecture
[8], separating the functions of network control and data
forwarding, so that the control function is managed by a
centralized software controller, while data forwarding is
performed by network devices (such as switches). This
separation structure greatly enhances the
programmability and flexibility of the network, allowing
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network administrators to dynamically and on-demand
configure and control network traffic [9].

The key components of SDN include SDN
controllers, switches, flow tables, and applications. As
the "brain" of the network, the SDN controller is
responsible for managing the global network status and
making traffic control decisions. The controller can
collect data from the switch in real time, calculate the
optimal traffic route, and send the -corresponding
forwarding rules to the network devices. The switch is
the "executor" of SDN, responsible for forwarding data
packets according to the flow table rules sent by the
controller. The flow table stores the forwarding
information of each data flow, including the matching
conditions, actions, and counters of the flow. Through
the centralized management of the controller and the
dynamic configuration of the flow table, SDN can adjust
the traffic route in real time according to the changes in
the network status, thereby achieving the optimization
and management of network traffic [10].

2.2 Traditional traffic management
methods

In traditional networks, traffic management mainly
relies on methods such as static routing, load balancing,
and traffic engineering. Static routing is the simplest
traffic management method, which forwards data traffic
from the source node to the destination node through a
pre - defined fixed path. Although static routing has a
simple structure and is easy to implement, it cannot cope
with changes in network topology or dynamic
fluctuations in traffic. For example, in the event of a
network failure or a sharp increase in traffic, static
routing will lead to a waste of network resources or
network  congestion, thereby affecting overall
performance [11]. Load balancing is another common
traditional traffic management method, which aims to
evenly distribute traffic to multiple servers or links,
thereby reducing the burden on a single node or link.
Load balancing technology is usually based on certain
predefined strategies, such as polling, minimum number
of connections, etc. [12]. Traffic engineering in
traditional networks involves techniques for optimizing
the flow of network traffic. It attempts to direct traffic in
a way that maximizes the utilization of network
resources and minimizes congestion. However, similar
to static routing and load balancing, traditional traffic
engineering methods often rely on fixed rules or pre -
set parameters. Although these methods can reduce the
network burden to a certain extent, they cannot work
effectively in complex scenarios such as uneven
network load, topology changes, and traffic changes due
to their fixedness and limitations. Therefore, traditional
methods often show performance bottlenecks and poor
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adaptability when facing modern complex network
environments.

2.3 Intelligent traffic management and
optimization algorithms

In recent years, with the rapid development of
machine learning and deep learning technologies,
intelligent traffic management and optimization
algorithms have gradually become a hot topic of
research. Unlike traditional methods, intelligent traffic
management algorithms can dynamically adjust traffic
scheduling through prediction and adaptive control
based on real - time network status and historical data,
thereby improving network performance and efficiency.
Some intelligent traffic management methods, such as
those based on long - short - term memory networks
(LSTMs) and convolutional neural networks (CNNs),
analyze historical network traffic data [13] and learn the
dynamic changes of traffic, so that they can predict
future traffic and schedule traffic based on the predicted
results. However, there are also intelligent algorithms
like reinforcement - learning - based ones, which
directly interact with the environment to learn the
optimal decision - making strategy. For example, the
application of reinforcement learning in SDN traffic
scheduling can achieve intelligent traffic allocation and
routing selection by continuously learning the
relationship between network status and traffic [14-16].

2.4 Congestion control and optimization
technology based on data analysis

In addition to prediction and scheduling,
congestion control technology based on data analysis is
also an important part of intelligent traffic management.
Network congestion is one of the main factors affecting
network performance. Especially in large-scale networks,
how to effectively predict and control congestion is the
key to optimizing network performance. In recent years,
congestion control methods based on big data analysis
and machine learning have become a hot topic of
research. Through real-time monitoring and analysis of
factors such as network data flow, delay, and packet loss,
potential congestion problems can be discovered in a
timely manner, and corresponding measures can be
taken to alleviate them [17]. For example, the literature
proposes a congestion control algorithm based on
machine learning. By analyzing network traffic and
resource usage in real time, the transmission rate of the
data flow is dynamically adjusted, thereby effectively
reducing the probability of network congestion. This
control strategy based on data analysis not only
improves the network throughput, but also effectively
reduces packet loss and delay [18].
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Table 1: Comparison of research methods in intelligent traffic management.
Research Performance L
S Methods Datasets ) Limitations
Direction Metrics
Require a large
amount of historical
Support Vector .
. data, difficult to
Machines, o ] )
. Prediction obtain data in
Machine - Random Forests, ]
. Mostly accuracy, dynamic network
Learning - Long Short - Term o .
historical network environments;
Based Traffic Memory
o network throughput, problems of real -
Prediction and Networks, )
i traffic data delay, packet time performance and
Control Convolutional . .
loss rate, etc. high computational
Neural Networks, )
complexity; mostly
etc. . L
single - objective
optimization
Long training time,
Real - time high demand for
o Network .
Application of network computing resources;
. throughput, .
Reinforcement state data difficult to handle
o Deep Q - . delay, packet
Learning in ) combined large - scale and
Learning, etc. . loss rate, load
Traffic with . complex network
. L balancing . .
Scheduling historical scenarios; sensitive to
effect, etc. .
data reward function
design
Data - .
) . Real - time Rely on accurate data
Analysis - Machine - o
. network Network monitoring and
Based Learning - Based .
. i data flow, throughput, analysis, may not
Congestion Congestion . .
delay, packet loss respond in a timely
Control and Control )
o . packet loss, rate, delay, etc. manner to dynamic
Optimization Algorithms
etc. data network changes
Technology
Table 1 systematically compares key reinforcement learning in traffic scheduling, and data -

information in the field of intelligent traffic management
from five dimensions: research direction, methods,
datasets, performance metrics, and limitations. In terms
of research directions, it covers machine - learning -
based traffic prediction and control, the application of

analysis - based congestion control and optimization
technology. The methods column lists common means in
each direction, such as machine - learning algorithms
like Support Vector Machines, Deep Q - Learning, and
machine - learning - based congestion control
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algorithms. Regarding datasets, they respectively
involve historical network traffic data, combined real -
time and historical data, and real - time network - related
data. Performance metrics comprehensively measure the
effectiveness of each method through prediction
accuracy, network throughput, delay, packet loss rate,
and load balancing effect. The limitations clearly point
out the existing problems in each direction, such as
difficulties in data acquisition, high demand for training
resources, and slow response to network dynamics,
providing a clear understanding of the current situation
and directions for improvement in this field.

Software Defined Networking (SDN) is an emerging
network architecture that makes the network more
flexible, programmable, and centralized by separating
the network control plane from the data plane. In
traditional network architecture, the control plane and
the data plane are usually tightly coupled. Routing
decisions and data forwarding are implemented by the
hardware of network devices, and communication
between network devices is limited by hardware
performance and configuration. This tight coupling
leads to several limitations. For example, when network
traffic patterns change, it is difficult to reconfigure the
routing and forwarding rules in a timely manner. The
lack of a centralized control mechanism means that it is
challenging to optimize traffic across the entire network.
Also, traditional networks often suffer from
inefficiencies such as redundant traffic paths and sub -
optimal resource allocation. The emergence of SDN
breaks this traditional architecture [8], separating the
functions of network control and data forwarding, so
that the control function is managed by a centralized
software controller, while data forwarding is performed
by network devices (such as switches). This separation
structure greatly enhances the programmability and

flexibility —of the network, allowing network
administrators to dynamically and on - demand
configure and control network traffic [9].

[ 24 4
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3 Intelligent traffic management

and optimization algorithm

With the continuous growth of network traffic and the
increasing complexity of network architecture,
traditional traffic management methods have become
incapable of coping with large-scale, dynamic and
heterogeneous networks. In order to improve network
performance and resource utilization, methods based on
deep reinforcement learning (DRL) as an innovative
traffic scheduling method have gradually become a hot
topic in traffic management research. This chapter
proposes an innovative method based on deep
reinforcement learning, which aims to achieve adaptive,
dynamic and efficient traffic management and
optimization through the interaction between the
intelligent agent and the environment. The specific
model framework is shown in Figure 1 [19].

In order to improve network performance and
resource utilization, methods based on deep
reinforcement learning (DRL) as an innovative traffic
scheduling method have gradually become a hot topic in
traffic management research. This chapter proposes an
innovative method based on deep reinforcement
learning, which aims to achieve adaptive, dynamic and
efficient traffic management and optimization through
the interaction between the intelligent agent and the
environment. Different from some other intelligent
algorithms that rely on traffic prediction, the proposed
DQN - based algorithm directly interacts with the
network environment. The agent in the DQN model
perceives the current state of the network (including
parameters like bandwidth utilization, link delay, etc.),
takes actions from the action space, and receives
rewards based on the environmental feedback. Through
continuous interaction, the agent learns the optimal
traffic scheduling strategy without necessarily explicitly
predicting future traffic.
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Figure 1: Model framework
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3.1 Method design concept and core
innovation

Traditional traffic management strategies usually
use static configuration or rule-based optimization
algorithms. These methods are difficult to quickly adapt
to new network conditions when the network
environment is complex and changeable. Especially
when faced with large-scale traffic and multiple service
requirements, traditional methods often cannot
automatically optimize resource allocation without
manual configuration intervention. To address these
problems, we propose an innovative traffic scheduling
method based on deep reinforcement learning [20].

The core innovation of this method is that it uses a
deep reinforcement learning framework for intelligent
traffic management, where each network device (such as
a switch, router) acts as an intelligent agent and makes
traffic scheduling decisions based on the real-time status
of the network. Compared with traditional methods, this
method does not rely on manual configuration, but
automatically learns traffic scheduling strategies through
interaction with the environment. In addition, a deep Q
network (DQN) is used to process high-dimensional and
complex network state space, and the self-learning
ability of the reinforcement learning model is used to
dynamically optimize network performance.

3.2 State space and action space modeling

In the reinforcement learning framework, the
agent’s decision is based on its perception of the current
state of the environment (state space) and the actions it
can take (action space). Therefore, how to accurately
model the network state and actions is the key to the
successful application of deep reinforcement learning
[21]

State space: In an SDN environment, the state space
includes important parameters of the network, such as
bandwidth utilization, link delay, packet loss rate, queue
length, etc. In order to better represent these state
variables, we can represent the network state as a vector.
Bandwidth utilization is measured as the ratio of the
current data transmission rate on a link to the maximum
available bandwidth of that link. For example, if the
current data transmission rate on a link is 50 Mbps and
the maximum available bandwidth is 100 Mbps, the
bandwidth utilization is 0.5. Link delay is the time it
takes for a data packet to travel from one end of a link to
the other. It can be measured using network monitoring
tools that record the time - stamps of packet
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transmission and reception. Packet loss rate is calculated
as the ratio of the number of lost packets to the total
number of packets sent on a link, we can represent the
network state as a vector, as shown in Formula 1 [22].

St :[Bt' L Pt’Qt] (M
in, Bt Indicates the link bandwidth utilization at
the current moment. L[ Indicates the link delay, F)t

Indicates the link packet loss rate, Q, is the queue

length. This status information can be obtained in real
time through the monitoring function of the SDN
controller and provided as input to the reinforcement
learning model.

Action space: In the traffic scheduling problem, the
actions of the agent usually include selecting the optimal
routing path, adjusting bandwidth allocation, or
controlling the traffic rate. Assuming that our action

space is discrete, at each momentt, the agent can select

an action from the action space &, .
, as shown in

Formula 2.

a, € A, ={Select Path,, Select Path,, .., Select Path,, }

2)

Different selected paths or bandwidth allocations

will have different effects on network performance.

Therefore, the choice of action is the key to traffic
scheduling optimization.

3.3 Reward function design

In reinforcement learning, the reward function is
the basis for the agent to learn and make decisions based
on environmental feedback. In order to achieve
multi-objective optimization in traffic scheduling, we
designed a reward function that comprehensively
considers throughput, latency, and packet loss rate.

Assuming that the goal of the network is to
maximize throughput and minimize latency and packet
loss, then the reward function is Rt It can be expressed
as formula 3.

R =w, - Throughput(s,, a,) —w, - Latency(s,, a,) — W, - PacketLoss(s,, a,)

€)
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in, W, W,, W, are weight coefficients, which

respectively control the influence of throughput, delay
and packet loss rate in the reward function. The
calculation method of throughput, delay and packet loss

rate is as follows:

Throughput(s,,&a,) = M )

total

Latency(s,,a,) = Treceived 5)

Ttotal
PacketL =N
acketLoss(s,,a,) = —=—(6)
transmitted
in, Ntransmitted Indicates the number of packets
transmitted, Ttotal Indicates the total transmission time,

N, Indicates the number of packets lost, T . .eq
Indicates the time when the data packet was received.

Through this reward function, the agent can
optimize according to the real-time changes of
throughput, delay and packet loss rate, and
automatically adjust the traffic scheduling strategy to
achieve the optimization of global performance.

In reinforcement learning, the reward function
serves as the basis for the agent to learn and make
decisions based on environmental feedback. To achieve
multi - objective optimization in traffic scheduling, we
designed a reward function that comprehensively takes
into account throughput, latency, and packet loss rate.
Assume that the goal of the network is to maximize
throughput while minimizing latency and packet loss
rate. The reward function here is influenced by several
weight coefficients, which respectively control the
influence of throughput, latency, and packet loss rate in
the reward function.

In practical scenarios, the selection of these weight
coefficients depends on the specific requirements of the
network. For instance, if the network is mainly used for
real - time applications such as video conferencing,
minimizing latency is of utmost importance. Then the
weight coefficient controlling the influence of latency
can be set relatively large. If the network focuses on
data storage, maximizing throughput may be more
crucial, and the weight coefficient controlling the
influence of throughput can be increased. These
coefficients can be adjusted through repeated trials in
the simulation environment or with the help of more
advanced optimization algorithms. When the weight
coefficient controlling throughput is increased, the agent
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will be more inclined to take actions that improve
throughput. However, if this coefficient is set too large,
it may sacrifice the performance in terms of latency and
packet loss rate. Conversely, increasing the weight
coefficient controlling latency will make the agent more
focused on reducing latency but may also decrease the
throughput. Through this reward function, the agent can
optimize according to the real - time changes of
throughput, latency, and packet loss rate, and
automatically adjust the traffic scheduling strategy to
achieve the optimization of the overall network
performance.

3.4 Alternative reward function strategies

The current fixed reward function in our study has
demonstrated effectiveness in guiding the DQN - based
traffic scheduling algorithm. However, reinforcement
learning performance is often sensitive to reward design.
One alternative strategy is reward shaping. Reward
shaping involves adding additional rewards or penalties
to the agent's experience to guide its learning process
more effectively. For example, in our traffic scheduling
scenario, we could provide an immediate small reward
when the agent selects a path with a relatively low -
latency link at the beginning of a traffic flow. This
would encourage the agent to explore paths that are
more likely to lead to overall lower latency in the long
run.

Another alternative is multi - objective
reinforcement learning. Instead of a single reward
function that combines throughput, latency, and packet
loss rate, we could define multiple reward functions. For
instance, one reward function could focus solely on
maximizing throughput, another on minimizing latency,
and a third on minimizing packet loss rate. The agent
would then need to balance these multiple objectives
during the learning process. This approach might lead to
more comprehensive optimization in different network
scenarios. For example, in a network where real - time
applications are dominant, the agent could prioritize the
latency - focused reward function, while in a data -
intensive network, the throughput - focused reward
function could be given more weight.

To handle high - dimensional state spaces and
action spaces, we use a deep Q - network (DQN) to
approximate the Q - value function. DQN approximates
the Q - value function with the help of a deep neural
network, enabling the agent to handle complex state
spaces and continuously optimize the traffic scheduling
strategy by updating the Q - value. The Q - value update
rule of DQN is roughly as follows: At a certain moment,
the agent is in a specific state and takes an action. After
taking the action, the agent receives an immediate
reward and enters the next state. Then, the agent updates
the Q - value of the current state - action pair based on
the newly obtained information. When updating, it
considers the maximum Q - value that can be obtained
for all possible actions in the next state. Through such
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an update rule, the agent gradually learns the optimal
scheduling strategy over time, thereby improving the
network performance. This learning process is like the
agent constantly making mistakes and summarizing
experiences, adjusting the Q - value to find out which
action can make the network perform best in different
states.

3.5 Reinforcement learning algorithm

In order to handle high-dimensional state space and
action space, we use a deep Q network (DQN) to
approximate the Q value function. DQN uses a deep
neural network to approximate the Q value function,
allowing the agent to handle complex state spaces and
continuously optimize the traffic scheduling strategy by
updating the Q value. The Q value update formula of
DQN is shown in Formula 7.

Q(St ! at) < Q(St ' at) +a[rt+1 + ymaxa’ Q(St+1’ a’) —Q(St,a[)]
(7)

in, ¢ is the learning rate,  is the discount factor,

I

. The agent is in state S, Next action @ After

receiving the instant reward, max,, Q(S, a’) is the

+17

next state S,_, By continuously updating the Q value,

t+1

the agent can gradually learn the optimal scheduling
strategy, thereby improving the performance of the
network.

In large-scale networks, it is often difficult for a
single agent to handle all traffic scheduling tasks.
Therefore, this method adopts a distributed
reinforcement learning framework to assign traffic
scheduling tasks to multiple agents. In this framework,
each device in the network (such as switches, routers,
controllers) acts as an agent, which senses the network

status locally and makes scheduling decisions based on
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its own status.
Each agent maintains global consistency by
periodically exchanging information. Specifically, the

agentsi At time stept Moment, based on local state
St(i) and actions taken af" Get rewards rt(”, and

updates its  strategy  through learning. The

communication mechanism between agents enables
them to share state information and thus collaboratively

optimize the traffic scheduling of the entire network.

3.6 Performance evaluation and
experimental verification

In order to verify the effectiveness of the proposed
traffic scheduling method based on deep reinforcement
learning (DQN), we conducted experiments in various
network environments. The experiments covered
different network topologies (such as tree topology, ring
topology and mesh topology), traffic patterns (such as
uniform load, dynamic load and burst traffic), and
network constraints (such as bandwidth limitation, delay
constraint and packet loss rate). By comparing with
traditional static routing and load balancing methods, we
verified the performance advantages of the deep
reinforcement learning traffic scheduling method.

3.6.1

The experimental environment uses an SDN
simulation platform, taking into account multiple
network topologies and different traffic patterns. The
network topologies include simple tree topologies, ring
topologies, and more complex mesh topologies. In terms
of traffic patterns, we simulated three conditions:
uniform load, dynamic load, and burst traffic. Under
each experimental setting, we performed a long network
operation to observe the performance of each method in
long-term operation.

Experimental environment and settings

3.6.2 Performance comparison table

Table 2: Comparison of throughput under different network topologies.

Network topology Throughput (based on DQN) (Gbps)

Throughput (static routing) (Gbps)

Throughput (load balancing) (Gbps)

Tree topology 10.5 8.2 9.1
Ring topology 12.3 9.5 10.4
Mesh topology 15.7 11.6 13.0
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Table 2 shows the throughput comparison of three
traffic scheduling methods based on deep reinforcement
learning (DQN), static routing and load balancing under
different network topologies. Throughput refers to the
amount of data that can be successfully transmitted per
second in the network, measured in Gbps (gigabits per
second). The data in the table clearly shows that the
traffic scheduling method based on DQN is significantly
better than the static routing and load balancing methods
in all network topologies, especially in the mesh
topology, where the throughput of the DQN method is
improved by 35%. Specifically, the throughput based on
DQN in the tree topology is 10.5 Gbps, the static routing
is 8.2 Gbps, and the load balancing is 9.1 Gbps; while in
the mesh topology, the throughput based on DQN
reaches 15.7 Gbps, which is 4.1 Gbps and 2.7 Gbps
higher than static routing and load balancing,
respectively. Such results show that the scheduling
method based on deep reinforcement learning can make
more effective use of network resources, especially in
complex network topologies, and can significantly
improve data transmission efficiency. The DQN method
can reduce network bottlenecks, improve throughput,
and adapt to complex network structures by adjusting
the distribution strategy of network traffic in real time.

Figure 2 shows the comparison of the delay

Uniform Load
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between the DQN-based traffic scheduling method and
the traditional method under different traffic modes
(uniform load, dynamic load, burst traffic). Figure 2 lists
the performance of the DQN-based traffic scheduling
method and the traditional static routing and load
balancing methods in terms of delay under different
traffic modes (uniform load, dynamic load, burst traffic).
Delay refers to the transmission time of data from the
source node to the target node, in milliseconds (ms).
From the data in the table, it can be seen that the
DQN-based scheduling method has shown significant
delay advantages in all traffic modes, especially in the
case of dynamic load and burst traffic, the delay
performance of the DQN method is better than the other
two methods. For example, under dynamic load
conditions, the delay of DQN is 22.1 ms, while the delay
of static routing is 40.5 ms and the delay of load
balancing is 30.9 ms. Under burst traffic conditions, the
delay of the DQN method increases to 25.7 ms, static
routing is 55.6 ms, and load balancing is 40.3 ms. This
result shows that the DQN method can better adapt to
changes in network traffic and can effectively reduce the
delay caused by traffic fluctuations, thus having greater
advantages in real-time communications and sensitive
applications.

Dynamic Load
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Figure 2: Delay comparison under different traffic modes.
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Figure 3: Packet loss rate comparison under different network loads.

Figure 3 shows the packet loss rate comparison
between the DQN-based traffic scheduling method and
the traditional static routing and load balancing methods
under different network loads (low load, medium load,
and high load). The packet loss rate indicates the
proportion of packets lost during data transmission to
the total number of packets sent, expressed in
percentage (%). According to the table data, the packet
loss rate of the DQN-based scheduling method under
different load conditions is lower than that of the static
routing and load balancing methods. For example, under

low load, the packet loss rate of DQN is only 0.01%,
while that of static routing and load balancing are 0.02%
and 0.03% respectively; under high load, the packet loss
rate of DQN is 0.12%, compared with 0.15% and 0.13%
for static routing and load balancing respectively. This
shows that the traffic scheduling method based on deep
reinforcement learning can more effectively cope with
changes in network load, especially under high load, the
DQN method can optimize traffic scheduling and reduce
packet loss, thereby improving network reliability and
stability.

Table 3: Comparison of overall network performance under different network topologies.

Network Overall throughput Average Average packet Performance
topology (Gbps) latency (ms) loss rate (%) improvement (%)
Tree topology 10.5 20.3 0.01 35.0
Ring
12.3 22.1 0.05 32.0
topology
Mesh
15.7 25.7 0.12 40.0
topology

Table 3 presents the overall network performance
comparison of DQN - based traffic scheduling methods
under different network topologies. The performance
improvement percentage is calculated by comparing the
comprehensive performance of the DQN - based method
(taking into account throughput, latency, and packet loss
rate) with that of traditional methods (static routing and

load balancing). The higher throughput of the DQN -
based method in the tree, ring, and mesh topologies
indicates its better utilization of network resources. The
lower latency and packet loss rate also contribute to the
overall performance improvement. For example, in the
mesh topology, the DQN - based method has a 40%
performance improvement. This is mainly because the
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DQN algorithm can dynamically adjust the traffic path
according to the real - time network state, reducing
congestion and improving the efficiency of data
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transmission, thus leading to better performance in all
three key metrics.

Table 4: Comparison of throughput and latency under different bandwidth limits.

Throughput | Throughput | Throughput | "% | Lat Lat
ro 1(0) ro atenc atenc
Bandwidth vetpy Henpy Henpy (based <Y Y
o (based on (static (load (static (load
limit DON) ting) balancing) on ting) | balancing)
routin alancin routin, alancin
(Gbps) ¢ g DQN) ¢ ¢
(Gbps) (Gbps) (Gbps) (ms) (ms)
(ms)
1.0 0.85 0.65 0.72 253 305 282
2.0 1.80 1.50 1.60 208 24.6 223
5.0 4.70 4.20 4.50 18.3 212 20.1

Table 4 shows the comparison of DQN-based
traffic scheduling method and traditional methods in
terms of throughput and latency under different
bandwidth limits (1.0 Gbps, 2.0 Gbps, 5.0 Gbps).
Bandwidth limits reflect the physical capabilities of
network devices, and bandwidth bottlenecks affect
network throughput and latency. According to the table
data, the DQN-based scheduling method provides higher

throughput and lower latency under all bandwidth limits.

Under the bandwidth limit of 1.0 Gbps, DQN has a
throughput of 0.85 Gbps and a latency of 25.3 ms.
Compared with static routing (throughput 0.65 Gbps,
latency 30.5 ms) and load balancing (throughput 0.72
Gbps, latency 28.2 ms), the DQN method has better
performance. Under higher bandwidth limits (2.0 Gbps
and 5.0 Gbps), DQN continues to maintain superior
performance, with significant improvements in
throughput and latency compared to traditional methods.
This shows that the DQN-based traffic scheduling
method can effectively cope with bandwidth limitations,

make full use of bandwidth resources, and improve
network performance, especially when bandwidth is
limited.

Table 4 lists the comparison of throughput/latency
under different bandwidth limits. Here, the "bandwidth
limit" refers to the upper limit of the available
bandwidth of the network link. It simulates the
maximum data transmission rate limit that a link can
provide in an actual network due to physical devices or
network planning. For example, when the bandwidth
limit is set to 1.0 Gbps, it means that in the
experimentally simulated network environment, the data
transmission rate of the corresponding link cannot
exceed 1.0 Gbps at any time. By setting different
bandwidth limits, we can test the performance of the
algorithm under different available bandwidth
conditions, observe how it copes with bandwidth - tight
situations, and the impact on performance indicators
such as throughput and latency.
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Figure 4: Comparison of packet loss rate and throughput under burst traffic.

Figure 4 shows the packet loss rate and throughput
comparison under different traffic peaks (10 Gbps, 20
Gbps, and 50 Gbps) under burst traffic. Burst traffic
refers to the situation where traffic in the network grows
rapidly, which is common in high-traffic application
scenarios such as video streaming and data transmission.
In this case, the network is prone to congestion, the
packet loss rate will increase, and the throughput will be
affected. As can be seen from the table, as the traffic
peak increases, the DQN-based traffic scheduling
method can effectively reduce the packet loss rate and
maintain a high throughput. For example, under a traffic
peak of 50 Gbps, the packet loss rate of DQN is 0.18%,
while the packet loss rates of static routing and load
balancing are 0.25% and 0.22% respectively; at the
same time, the throughput of DQN is 37.2 Gbps, and the
throughput of static routing and load balancing are 33.5
Gbps and 35.0 Gbps respectively. This shows that when
facing burst traffic, the scheduling method based on
deep reinforcement learning can better cope with traffic
fluctuations, reduce packet loss and maintain efficient
throughput, thereby ensuring the stability and reliability
of the network.

Dataset Information: The dataset used in the
experiments is a synthetic network traffic dataset. It was
generated by simulating various real - world network
scenarios. We first defined a set of network parameters
including different traffic patterns (such as uniform load,
dynamic load, and burst traffic), network topologies
(tree, ring, and mesh), and traffic volumes. Based on
these parameters, a traffic generation tool was developed
to generate the network traffic data. The tool randomly
generates traffic flows with different source - destination
pairs, packet sizes, and arrival times, while ensuring that
the overall traffic characteristics conform to the
predefined patterns.

Network Topology Configurations: We simulated
three main network topologies: tree topology, ring
topology, and mesh topology. In the tree topology, the
network is structured in a hierarchical manner, with a

root node and multiple levels of branches. The ring
topology forms a circular structure where each node is
connected to two adjacent nodes. The mesh topology
has a more complex and interconnected structure, with
multiple paths between nodes. To replicate real - world
scenarios, we adjusted the link capacities, node
processing capabilities, and traffic demands in each
topology to approximate the characteristics of actual
networks. For example, in the mesh topology, we set
different link bandwidths based on the typical
bandwidth distributions in enterprise networks.

Training Parameters of Deep Reinforcement
Learning Model: For the deep reinforcement learning
(DQN) model, the learning rate was set to 0.001. This
value was determined through a series of preliminary
experiments to ensure a balance between the speed of
learning and the stability of the model. The batch size
was set to 64, which means that the model processes 64
samples at a time during training. The number of
training episodes was set to 1000. During each episode,
the agent interacts with the environment, makes
decisions, and updates the Q - value function.

Computational Cost Details: The experiments were
conducted on a server with an Intel Xeon Platinum 8280
processor, 512GB of RAM, and an NVIDIA Tesla V100
GPU. The training time for the DQN model was
approximately 24 hours. This time includes the time for
the model to initialize, train on each episode, and update
the network parameters.

3.7  Summary

This section proposes an intelligent traffic
management method based on deep reinforcement
learning, aiming to improve network performance and
resource utilization in SDN environment. By designing
the state space, action space, reward function and DQN
algorithm, we implemented an end-to-end traffic
scheduling system. Through experimental verification,
the results show that this method can effectively
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optimize performance indicators such as throughput,
delay and packet loss rate, and has strong adaptability in
dynamically changing network environments. This
method provides an innovative solution for intelligent
traffic management in SDN.

3.8 Hyperparameter sensitivity analysis

For the DQN model used in our traffic scheduling,
we conducted a hyperparameter sensitivity analysis. The
hyperparameters considered include the exploration -
exploitation trade - off (¢ - greedy policy), discount
factor (y), and learning rate ().

When varying the € value in the € - greedy policy,
we found that as ¢ increased from 0.1 to 0.5, the
exploration ability of the agent increased. In the initial
stage of training, a higher € value led to more random
exploration of different paths, which increased the
chance of finding better traffic scheduling strategies.
However, if ¢ was too large (e.g., € = 0.8), the agent
would explore too much and not fully exploit the
learned good strategies, resulting in a longer training
time and sub - optimal performance in terms of
throughput and latency.

Regarding the discount factor y, when y increased
from 0.8 to 0.95, the agent placed more importance on
future rewards. This led to more long - term planning in
traffic scheduling. For example, in a network with a
relatively stable traffic pattern, a higher y value enabled
the agent to select paths that might have a slightly
higher initial cost but would lead to lower overall costs
in the long run. However, if y was set too close to 1, the
agent might become overly conservative and rely too
much on future rewards, ignoring the immediate
benefits.

When adjusting the learning rate o, a value of
0.001 was initially set. When we increased a to 0.01, the
model learned faster in the early stages of training but
was more likely to overshoot the optimal solution and
become unstable. On the other hand, when o was
decreased to 0.0001, the learning process became very
slow, and it took a much longer time for the model to
converge to a good solution. These results show that the
performance of the DQN - based traffic scheduling
algorithm is  significantly affected by these
hyperparameters, and proper tuning of hyperparameters
is crucial for achieving optimal performance.

4 Design of intelligent traffic
management system based on
SDN

As modern networks have an increasing demand
for real-time, flexibility, and efficiency, traditional static
network architectures have gradually exposed their
shortcomings in being unable to cope with dynamic
traffic and burst loads. Software Defined Networking
(SDN), as an emerging network architecture, provides
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more flexible traffic management and optimization
methods by separating the control plane from the data
plane. The SDN-based intelligent traffic management
system can not only monitor and analyze network traffic
in real time, but also dynamically optimize network
performance by combining traffic prediction and
scheduling algorithms. Therefore, this section will
design an SDN-based intelligent traffic management
system and explore the system architecture,
implementation framework, deployment process, and
experimental settings.

4.1 System architecture

The SDN-based intelligent traffic management
system architecture can be divided into multiple
modules, including SDN controller, intelligent traffic
management module, network topology, traffic
prediction and scheduling module, and data forwarding
module. These modules work closely together to ensure
efficient management of network traffic. As the core of
the system, the SDN controller is responsible for
managing the status and data flow of the entire network.
Unlike traditional network architecture, SDN separates
the control plane from the data plane, allowing network
traffic to be dynamically adjusted based on real-time
data. The intelligent traffic management module is the
"brain" of the system. It uses traffic prediction and
scheduling algorithms to calculate the optimal traffic
path and resource allocation method, thereby improving
network throughput, reducing latency, and reducing
packet loss.

The workflow of the system includes the following
steps: First, the SDN controller obtains network status
information in real time by interacting with switches and
routers; then, the intelligent traffic management module
predicts traffic based on this data and uses machine
learning or deep learning methods to analyze network
traffic trends; finally, based on the prediction results, the
scheduling module generates a traffic scheduling
strategy through an optimization algorithm, and issues
control instructions through the SDN controller to adjust
the traffic forwarding path, thereby achieving dynamic
optimization of the network.

4.2 System implementation and
deployment

In terms of implementation and deployment, the
SDN-based intelligent traffic management system
consists of two parts: hardware devices and software
platforms. Hardware devices mainly include SDN
switches, routers, and servers. Switches communicate
with SDN controllers through the OpenFlow protocol
and report network status data in real time, such as
bandwidth, latency, and traffic information. The server
is used to run traffic management and prediction
algorithms, is responsible for calculating traffic
scheduling strategies, and transmits control commands
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to switches.

In terms of software platform, the SDN controller
is the core module of the system. It is recommended to
use OpenDaylight or ONOS controller. As an
open-source platform, OpenDaylight is highly modular
and flexible and suitable for a variety of network
environments. ONOS has stronger scalability and high
performance and is suitable for large-scale SDN
environments. The traffic management module and
prediction algorithm module can be integrated on the
controller, using network status data to achieve traffic
prediction and scheduling through machine learning,
deep learning and other technologies.

During the deployment of the system, it is
necessary to configure SDN switches and routers in the
network, and configure the communication interface
between the SDN controller and the traffic scheduling
module. The controller communicates with the switch
through the OpenFlow protocol, dynamically adjusts the
flow table and issues traffic scheduling commands. The
system can flexibly adapt to different network
topologies, such as tree topology, ring topology or mesh
topology, and provide real-time, dynamic traffic
management and optimization.

4.3 Experimental setup and scenario
design

In order to verify the performance of the
SDN-based intelligent traffic management system, the
experiment set up multiple different network scenarios
and used the Mininet network simulation tool for
simulation. Mininet is a lightweight network simulation
platform that supports the construction and simulation of
SDN networks and can simulate real network
environments. In the experiment, different network
structures such as tree topology, ring topology and mesh
topology will be used to simulate network environments
of different scales and complexities.

The main purpose of the experiment is to verify the
effect of the SDN-based intelligent traffic management
system under different network conditions, especially in
terms of throughput, latency, packet loss rate and load
balancing. The traffic simulation will use different
traffic modes, including uniform load, dynamic load and
burst traffic, to test the performance of the system under
different load conditions. In order to evaluate the
system's traffic scheduling capabilities, the experiment
will set certain network constraints, such as bandwidth
restrictions and latency constraints, to simulate the
network environment in actual applications.

The test indicators mainly include throughput,
latency, packet loss rate and load balancing. Throughput
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reflects the amount of data successfully transmitted per
unit time, latency represents the transmission time of
data from source to destination, packet loss rate
measures the proportion of packets lost in the network,
and load balancing represents the distribution of traffic
between different network nodes. By comparing the
experimental results of different traffic scheduling
algorithms, the advantages of the traffic scheduling
method based on deep reinforcement learning in the
actual network environment are evaluated.

4.4 Experimental results

In order to verify the effectiveness of the traffic
scheduling algorithm based on deep reinforcement
learning (DQN), we designed a series of experiments
covering three different network scenarios: uniform load
scenario, dynamic load scenario and burst traffic
scenario. These scenarios simulate different traffic
patterns, aiming to comprehensively test the adaptability
of the DQN algorithm under various network topologies
and load changes. In each scenario, we used three traffic
scheduling algorithms for comparison: DQN-based
intelligent traffic scheduling algorithm, traditional static
routing algorithm and load balancing algorithm. In the
experiment, the SDN controller collected key
performance indicators such as bandwidth, latency,
packet loss rate and load balancing effect of each node
in the network in real time, including throughput (in
Gbps), latency (in milliseconds), packet loss rate (in
percentage) and load balancing effect (measured by load
standard deviation). These data will be used for
subsequent result analysis and comparison to evaluate
the performance differences of different algorithms
under different traffic patterns.

This section comprehensively evaluates the
performance of the traffic scheduling algorithm based
on deep reinforcement learning (DQN) in three different
network scenarios, including uniform load, dynamic
load, burst traffic, and comprehensive scenarios, and
compares it with traditional static routing algorithms and
load balancing algorithms.

As shown in Table 5, in the uniform load scenario,
the DQN-based traffic scheduling algorithm shows the
best performance, with a throughput of up to 9.8 Gbps, a
delay of only 23.4 ms, a packet loss rate as low as
0.03%, and a standard deviation of the load balancing
effect of 0.05. In contrast, the throughput (7.2 Gbps) and
delay (30.5 ms) of the traditional static routing
algorithm are poor, and the packet loss rate and load
balancing effect are also weak. Although the load
balancing algorithm is slightly better than the static
routing, it is still inferior to the DQN algorithm.
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Table 5: Effects of uniform load scenario.

Traffic Scheduling Throughput Delay Packet loss Load balancing effect
Algorithm (Gbps) (ms) rate (%) (standard deviation)
Scheduling

algorithm based on 9.8 23.4 0.03 0.05

DQN
Static routing
. 7.2 30.5 0.12 0.15
algorithm
Load Balancing
. 8.1 27.8 0.08 0.10
Algorithm

As shown in Table 6, in the dynamic load scenario, the
adaptability of the DQN algorithm is verified, with a
throughput of 8.5 Gbps, a delay of 28.2 ms, and a packet
loss rate of 0.07%, all of which are better than the other

two algorithms. The static routing algorithm has a
significant performance degradation due to its inability
to adapt to load changes. Although the load balancing
algorithm performs slightly better, it is still inferior to

DON.
Table 6: Algorithm performance under burst traffic scenario.

Traffic Scheduling Throughput Delay Packet loss Load balancing effect
Algorithm (Gbps) (ms) rate (%) (standard deviation)
Scheduling

algorithm based on 8.5 28.2 0.07 0.06

DQN
Static routing
) 59 353 0.20 0.18
algorithm
Load Balancing
. 7.4 32.6 0.13 0.12
Algorithm
As shown in Table 7, in the burst traffic scenario, and load balancing algorithms. The static routing
the DQN algorithm shows good control ability, with a algorithm performs the worst in this scenario, and

throughput of 6.2 Gbps, a delay of 40.2 ms, and a packet although the load balancing algorithm has some relief,

loss rate of 0.15%, which is better than the static routing

its performance is still inferior to DQN.
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Table 7: Algorithm performance for burst traffic.

Traffic Scheduling Throughput Delay Packet loss Load balancing effect
Algorithm (Gbps) (ms) rate (%) (standard deviation)
Scheduling

algorithm based on 6.2 40.2 0.15 0.08

DQN
Static routing
. 3.1 60.1 1.10 0.30
algorithm
Load Balancing
. 4.5 53.2 0.55 0.25
Algorithm

As shown in Figure 5, in the comprehensive
scenario, the DQN algorithm outperforms other
algorithms in terms of throughput (7.8 Gbps), latency
(31.4 ms), packet loss rate (0.10%), and load balancing

Throughput (Gbps)

effect (standard deviation of 0.09). Although the load
balancing algorithm performs stably under certain loads,
it is still far inferior to DQN in high-load and fluctuating
scenarios.
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Figure 5: Algorithm performance in comprehensive scenarios.
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In order to verify the effectiveness of the traffic
scheduling algorithm based on deep reinforcement
learning (DQN), we designed a series of experiments
covering three different network scenarios: uniform load
scenario, dynamic load scenario and burst traffic
scenario. These scenarios simulate different traffic
patterns, aiming to comprehensively test the adaptability
of the DQN algorithm under various network topologies
and load changes. In each scenario, we used three traffic
scheduling algorithms for comparison: DQN - based
intelligent traffic scheduling algorithm, traditional static
routing algorithm and load balancing algorithm. In the
experiment, the SDN controller collected key
performance indicators such as bandwidth, latency,
packet loss rate and load balancing effect of each node
in the network in real time, including throughput (in
Gbps), latency (in milliseconds), packet loss rate (in
percentage) and load balancing effect (measured by load
standard deviation).

For the statistical verification of the results, we
calculated the 95% confidence intervals for each
performance metric. For example, in the uniform load
scenario, the 95% confidence interval for the throughput
of the DQN - based algorithm is [9.6, 10.0] Gbps, while
for the static routing algorithm, it is [7.0, 7.4] Gbps.
Regarding the latency, the 95% confidence interval for
the DQN - based algorithm is [23.0, 23.8] ms, and for
the static routing algorithm, it is [30.0, 31.0] ms.

In addition, a sensitivity analysis was conducted.
We tested the performance of the DQN algorithm under
different network loads (ranging from 20% to 100% of
the maximum load) and various network topologies. The
results showed that the DQN algorithm maintained
relatively stable performance in terms of throughput,
latency, and packet loss rate across different network
loads and topologies. For instance, when the network
load increased from 50% to 80% in the mesh topology,
the throughput of the DQN algorithm decreased by only
5%, while the latency increased by 10%. This indicates
the robustness of the DQN algorithm in different
network environments.

These data will be used for subsequent result
analysis and comparison to evaluate the performance
differences of different algorithms under different traffic
patterns.

This section comprehensively evaluates the
performance of the traffic scheduling algorithm based
on deep reinforcement learning (DQN) in three different
network scenarios, including uniform load, dynamic
load, burst traffic, and comprehensive scenarios, and
compares it with traditional static routing algorithms and
load balancing algorithms.

In addition to comparing with traditional static
routing and load balancing algorithms, we also
compared the DQN-based traffic scheduling algorithm
with more advanced machine learning-based traffic
optimization methods. For the long short-term memory
network (LSTM) used for traffic prediction, we built an
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LSTM-based traffic scheduling model that wuses
historical traffic data to predict future traffic and make
routing decisions based on it. In the same experimental
scenario, when dealing with complex dynamic traffic,
the LSTM model can predict traffic changes to a certain
extent, but in terms of throughput, compared with the
DQN-based algorithm, in the mesh topology and
dynamic load scenario, the throughput of the LSTM
model is 13.5 Gbps, which is lower than the 15.7 Gbps
of the DQN algorithm. In terms of latency, the LSTM
model has a latency of 35.6 ms in the burst traffic
scenario, which is higher than the 25.7 ms of the DQN
algorithm.

At the same time, we introduced two reinforcement
learning variants, the proximal policy optimization (PPO)
and the asynchronous advantage actor-critic algorithm
(A3C), for comparison. The PPO algorithm improves
learning efficiency by optimizing the policy network,
while the A3C algorithm speeds up training through an
asynchronous update mechanism. Experimental results
show that under large-scale network topologies, the
standard deviation of the load balancing effect of the
PPO algorithm is 0.12, which is higher than the 0.08 of
the DQN algorithm; the packet loss rate of the A3C
algorithm under high load reaches 0.20%, while that of
the DQN algorithm is 0.12%. These comparison results
further highlight the advantages of the DQN-based
traffic scheduling algorithm in multiple performance
indicators.

4.5 Performance optimization and
improvement directions

From the above experimental results, it can be seen
that the DQN-based traffic scheduling algorithm is
significantly superior to traditional static routing and
load balancing methods in terms of throughput, delay,
packet loss rate and load balancing. However, although
the DQN algorithm has shown strong adaptability and
robustness in most scenarios, there are still some
bottlenecks, especially in burst traffic scenarios, the
algorithm's delay and packet loss rate sometimes
fluctuate. To address these issues, the following
optimization directions can be considered:

(1) Transfer learning: Transfer learning enables the
DQN algorithm to adapt to new environments
more quickly, especially in bursty traffic situations,
shortening the learning and adjustment time.

(2) Multi-path  selection: Add multi-path traffic
scheduling strategy to further reduce latency and
packet loss rate by selecting more network paths
for traffic distribution.

(3) Hybrid algorithms: Combine DQN with traditional
algorithms (such as dynamic routing or congestion
control algorithms) to form a hybrid traffic
scheduling method to improve stability under
extreme traffic conditions.

The SDN controller serves as the core of the
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system. We choose the OpenDaylight controller. During
implementation, the OpenDaylight software needs to be
installed on the server and configured accordingly to
enable it to communicate with the switches in the
network. By configuring the interface parameters of the
controller, ensure that it can accurately receive network
state information from the switches, such as bandwidth
utilization and link latency.

The intelligent traffic management module is

written in Python and uses machine - learning and deep
- learning related libraries (such as TensorFlow or
PyTorch) to implement traffic prediction and scheduling
algorithms. This module is deployed on the same server
as the SDN controller and interacts with the controller
through an internal interface. For example, after
obtaining network state data from the controller, use the
trained model to predict traffic and return the generated
scheduling strategy to the controller.
The switches in the network topology adopt hardware
switches that support the OpenFlow protocol. During
deployment, the switches need to be initialized and
configured, and the parameters for their communication
with the SDN controller, such as the IP address and port
number of the controller, need to be set. Ensure that the
switches can forward data according to the flow table
rules sent by the controller.

The traffic prediction and scheduling module is
closely integrated with the intelligent traffic
management module. When implementing traffic
prediction, historical network traffic data and real - time
network state data are used for model training. For
example, a Long Short - Term Memory (LSTM) model
is used to learn from historical traffic data and predict
future traffic trends. The scheduling module then
generates specific traffic scheduling strategies, such as
choosing the optimal routing path and allocating
bandwidth, based on the prediction results and the
current network state.

The data forwarding module is mainly
implemented by the switches. The switches forward
network data according to the flow table rules issued by
the SDN controller. During the integration process,
ensure the accurate issuance and timely update of the
flow table rules to adapt to changes in the network state.
Through these specific implementation and integration
methods, the SDN - Dbased intelligent traffic
management system can operate effectively to achieve
intelligent management and optimization of network
traffic.

4.6 Discussion

In this section, we directly compare the results of
the DQN-based traffic scheduling algorithm with the
current state-of-the-art (SOTA) technology.

Comparison of numerical results:

Latency: The experimental results show that in
dynamic load scenarios, the latency of the DQN-based
algorithm is 22.1 ms, while some state-of-the-art

B. Xie

algorithms that rely on static configuration may have a
latency of up to 40.5 ms. In burst traffic scenarios, the
latency of the DQN algorithm is 25.7 ms, which is
significantly lower than many traditional algorithms and
some existing state-of-the-art methods. This shows that
the DQN algorithm can better adapt to traffic
fluctuations and reduce the transmission time of data
packets.

Throughput: In a mesh topology, the DQN-based
algorithm has a throughput of 15.7 Gbps, which is much
higher than the 11.6 Gbps of static routing and 13.0
Gbps of load balancing, and is also better than some
state-of-the-art algorithms that do not fully utilize
real-time network status information for scheduling.
This shows that the DQN algorithm can effectively
improve the data transmission rate in complex network
topologies.

Packet loss rate: Under high load conditions, the
packet loss rate of the DQN algorithm is 0.12%, while
some traditional and state-of-the-art algorithms may
have a packet loss rate of up to 0.15% or even higher.
This demonstrates the ability of the DQN algorithm to
optimize traffic scheduling and reduce packet loss under
challenging network conditions.

Reasons for superiority:

The DQN-based algorithm outperforms many
existing methods, mainly because it can continuously
learn from the real-time network environment. The use
of deep neural networks in DQN enables it to handle
high-dimensional and complex network state spaces. For
example, in the state space, it comprehensively
considers parameters such as bandwidth utilization, link
delay, packet loss rate, and queue length. By interacting
with the environment and adjusting the traffic
scheduling strategy according to the reward function,
the DQN algorithm is able to make smarter decisions
compared to traditional static rule-based methods. In
contrast, traditional methods usually rely on fixed rules
or preset parameters and cannot adapt to the dynamic
changes of the network environment in a timely manner.

Analysis of potential weaknesses and improvement
directions:

Computational complexity: Although the DQN
algorithm shows good performance, its computational
complexity is relatively high. Training the deep neural
network in DQN requires a lot of computing resources,
which may limit its application in some
resource-constrained network devices. Future research
can focus on developing more efficient neural network
architectures or training algorithms to reduce the
computational burden.

Reward function design: The current reward
function takes into account throughput, latency, and
packet loss rate. However, the selection of related
weight coefficients is relatively empirical. The optimal
values of these weight coefficients may be different in
different network scenarios. Therefore, more research is
needed to develop a method to adaptively adjust these
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weight coefficients according to the actual network
situation.

Scalability in very large-scale networks: In very
large-scale networks with a large number of nodes and
complex topologies, the current distributed learning and
collaborative optimization frameworks may face
challenges in information exchange and global
consistency maintenance. Further research is needed to
improve the scalability of the algorithm in such
scenarios.

4.7 Computational complexity analysis

The proposed deep reinforcement learning - based
traffic scheduling method, specifically the DQN
algorithm, has certain computational complexity. The
DQN algorithm wuses a deep neural network to
approximate the Q - value function. The forward and
backward propagation processes in the neural network
contribute to the computational cost.

In terms of the number of parameters in the neural
network, if we assume a simple feed - forward neural
network structure with input neurons, hidden neurons,
and output neurons, the number of parameters between
the input and hidden layers is (including biases), and
between the hidden and output layers is . For our traffic
scheduling model, considering the state space
dimensions (such as bandwidth utilization, link delay,
etc., which might contribute to a relatively large number
of input neurons), the number of parameters can be
substantial.

During the training process, for each training
episode, the agent interacts with the environment, and
the Q - value function is updated. The time complexity
of each Q - value update is related to the complexity of
the neural network operations. With a learning rate of
0.001 and a batch size of 64, the computational cost per
update is non - trivial.

In real - time applications, although the training
time of approximately 24 hours on our experimental
server (Intel Xeon Platinum 8280 processor, 512GB of
RAM, and an NVIDIA Tesla V100 GPU) is a significant
factor, once the model is trained, the inference time for
making traffic scheduling decisions is relatively short.
For example, in a real - time network with a moderate
number of traffic flows, the DQN - based model can
make a scheduling decision within a few milliseconds,
which indicates its potential feasibility for real - time
applications. However, in extremely large - scale real -
time networks with high - frequency traffic changes,
further optimizations might be required to reduce the
computational overhead.

4.8 Scalability considerations

To evaluate the scalability of the proposed DQN -
based traffic scheduling method, we conducted
additional experiments on larger - scale networks. We
increased the number of network nodes from the
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original 10 - 20 nodes in the previous experiments to
100 nodes in a more complex mesh - like topology.

As the number of nodes increased, the network
traffic patterns became more complex, with a greater
number of source - destination pairs and higher traffic
volumes. The results showed that the throughput of the
DQON - based algorithm decreased by 15% when the
number of nodes increased from 20 to 100. The latency
increased from an average of 20 ms to 30 ms. In terms
of the load balancing effect, the standard deviation of
the load distribution among nodes increased from 0.05
to 0.10.

When considering dynamic user behavior, we
simulated scenarios where users' traffic demands
changed rapidly. For example, in a scenario where 30%
of users suddenly increased their traffic requests by 50%,
the DQN - based algorithm was able to adjust the traffic
scheduling, but the packet loss rate increased from 0.1%
to 0.2%. These results indicate that while the DQN -
based method can still function in larger - scale
networks and dynamic user behavior scenarios, there is
a certain degree of performance degradation, and further
optimizations are needed to improve its scalability.

4.9 Practical deployment considerations

In practical implementation, the DQN - based
traffic scheduling method faces several challenges.

Regarding real - time adaptability, in real - world
networks, traffic patterns can change rapidly. The DQN
algorithm needs to be able to update its traffic
scheduling decisions in a timely manner. Although the
current algorithm can make decisions within a few
milliseconds after training, the time interval between
traffic pattern changes might be even shorter in some
high - speed networks. To address this, we might need to
optimize the model's update mechanism to reduce the
time required for re - evaluating the network state and
making new decisions. The software - defined network
(SDN) controller also has limitations. The SDN
controller in our experiments was able to manage the
network state and issue control commands. However, in
large - scale real - world deployments, the controller
might face performance bottlenecks when handling a
large number of network devices and high - volume
traffic data. For example, if there are thousands of
network switches, the controller might experience
delays in collecting network status information and
sending control instructions. In terms of performance
under real - world network traffic patterns, real - world
traffic often has more complex characteristics than the
simulated traffic in our experiments. There might be
long - tailed distributions of traffic volumes, and sudden
bursts of traffic from specific applications. The DQN -
based algorithm needs to be further tested and optimized
to ensure stable performance in such real - world
scenarios.
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5 Conclusion

This paper proposes an intelligent traffic
scheduling algorithm based on deep reinforcement
learning (DQN), and conducts experimental verification
in different network scenarios to evaluate its
performance and advantages. The experimental results
show that the traffic scheduling algorithm based on
DQN has significant improvements in multiple key
performance indicators compared with traditional static
routing and load balancing algorithms. Specifically, the
DOQN algorithm shows strong advantages in throughput,
delay, packet loss rate and load balancing effect.
Especially in dynamic load and burst traffic scenarios,
DQN can quickly adapt to changes and adjust traffic
paths, thus avoiding the bottlenecks in traditional
methods. In different scenarios such as uniform load,
dynamic load and burst traffic, the scheduling algorithm
based on DQN can always provide low delay and packet
loss rate, high throughput, and can effectively balance
the traffic distribution in the network. Especially in burst
traffic scenarios, the traditional static routing algorithm
often leads to network overload due to its lack of
flexibility, resulting in large packet loss rate and high
delay. Although the load balancing algorithm can
alleviate this problem to a certain extent, it still cannot
provide the same performance as the DQN algorithm
under high load. In addition to its advantages in basic
performance, the DQN algorithm also demonstrates its
strong adaptability and robustness, especially in the face
of changes in network topology and load fluctuations, it
can continuously adjust the traffic path to ensure the
stability and efficient operation of the network. This
feature makes the DQN algorithm have great application
potential in the field of intelligent traffic management,
especially for high-speed, high-load and frequently
changing network environments.

In addition to its advantages in basic performance,
the DQN algorithm also demonstrates its strong
adaptability and robustness, especially in the face of
changes in network topology and load fluctuations, it
can continuously adjust the traffic path to ensure the
stability and efficient operation of the network. This
feature makes the DQN algorithm have great application
potential in the field of intelligent traffic management,
especially for high - speed, high - load and frequently
changing network environments. However, as
mentioned in the discussion, transfer learning is a
potential optimization method that has not been
experimentally evaluated in this study. In future work,
we plan to conduct experiments on transfer learning. For
example, we will first train the DQN model in a
simulated network environment with a certain set of
traffic patterns and network topologies. Then, we will
attempt to transfer the learned knowledge to a new, real
- world - like network environment with different but
related traffic characteristics. By comparing the
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performance of the DQN model with and without
transfer learning in the new environment, we can
evaluate the effectiveness of transfer learning in
improving the algorithm's adaptability and reducing the
training time in new scenarios.
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Accurate and efficient sensor selection is a cornerstone for robust 2D and 3D depth imaging and registra-
tion, with applications spanning autonomous vehicles, robotics, and augmented reality systems. Current
heuristic and rule-based methods often fail to adapt dynamically to varying imaging conditions, leading to
suboptimal performance. This study introduces a neural network-based optimization framework that rev-
olutionizes sensor selection using deep learning to learn intricate patterns and dependencies. Our model
employs a multi-layer neural network, specifically an encoder-decoder architecture, trained on a diverse
dataset comprising 5000 synthetic and real-world images, including low-light and high-occlusion scenar-
ios. The model was trained using the Adam optimizer with a learning rate of 0.001. To assess performance,
we introduced three key metrics: registration accuracy (RA), computational efficiency (CE), and sensor uti-
lization efficiency (SUE). The proposed framework outperformed benchmark models, achieving a +28.7% +
1.8 improvement in RA, a +32.4% =+ 2.1 increase in CE, and a +26.3% + 1.5 enhancement in SUE compared
to ResNet-50 and EfficientNet-B3 models. Validation using synthetic and real-world datasets highlights the
model s robustness in challenging environments, including low-light and high-occlusion scenarios. More-
over, the model demonstrated a 20% reduction in computational overhead compared to state-of-the-art
methods, making it viable for resource-constrained applications. This research establishes a scalable and

adaptive solution for sensor optimization, setting a new benchmark in depth imaging and registration.

Povzetek: TODO

1 Introduction

Depth imaging and registration have become almost the
cornerstone of creating new technologies in robotics, au-
tonomous navigation, augmented reality (AR), virtual re-
ality (VR), and medical imaging [1]. These applications
depend much on integrating spatial data to achieve the set
objectives. Integral to these processes is the presence of
sensors, which are expected to provide accurate depth data
under various and sometimes harsh environments. There-
fore, choosing appropriate sensors for a particular applica-
tion is crucial because it determines system accuracy, com-
putation time, and range [2]. Conventional selection of sen-
sors was usually done based on ad hoc guesswork or rule
of thumb. Although these methods have their usefulness
shown in a laboratory setting, they are not as effective in
more natural situations where factors such as illumination,
occlusion, and object movement pose a challenge [3]. Sen-
sor selection methods presently encounter performance dif-
ficulties because their cost functions show suboptimal be-
havior. Numerous cost functions put accuracy needs before
efficiency requirements, which results in slow processing
times and wastefulness of resources. Most existing models
do not succeed in finding solutions that achieve adequate
accuracy while using suitable resources because they do not

effectively weigh these two requirements [4]. Thus, they
deliver results that are either unwieldy with resources or in-
sufficient in accuracy. Sensor selection models realize poor
performance in adapting to new technologies such as au-
tonomous vehicles and augmented reality systems because
they lack fundamental adaptability and scalability and do
not work efficiently. Real-time applications require “’sys-
tem resource utilization,” which includes both memory and
processing power together with computer memory as essen-
tial computational resources [5]. Neural networks have im-
proved and opened new frontiers for applying and solving
complicated optimization issues in many fields. Their prac-
ticality in processing colossal data, recognizing non-linear
relationships, and handling the variability of inputs makes
them the perfect solution for the complex problems of sen-
sor selection, in-depth imaging, and registration. Hence,
these capabilities allow neural networks to offer dynamic
and task-orientated sensor optimization, an issue that has
remained without a simple solution in the field [6].

This paper proposes a novel framework for optimizing
sensor selection based on the neural network framework.
It contributes to depth imaging and registration by moving
the solution frontier forward to provide future research with
a new goal to achieve. Thus, it forms the basis for future
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development of technologies dependent on operating depth
imaging systems sequentially and with variable efficiency.
The proposed framework incorporates several novel contri-
butions to the field:

1. A dynamic and adaptive neural network-based ap-
proach that evaluates and selects sensors based on real-
time environmental and task-specific conditions, pro-
viding a more flexible and robust solution compared
to static methods.

2. An optimization strategy that integrates advanced fea-
ture extraction techniques, enabling simultaneous pri-
oritization of accuracy, computational efficiency, and
scalability while effectively managing trade-offs be-
tween these critical factors.

3. A rigorous validation process utilizing extensive syn-
thetic and real-world datasets to evaluate the frame-
work’s performance under diverse conditions, demon-
strating its adaptability and robustness across varying
scenarios.

The proposed framework presents a marked shift from
static and post hoc strategies since the systems are capable
of responses that are relevant to dynamic conditions and
the specifics of given tasks. This characteristic is highly
sensitive for real-time applications like automated naviga-
tion, where quick adaptations are time-sensitive, and also in
AR/VR interfaces where the interconnection between real
and virtual environments has to be smooth. To achieve this,
the loss function is modified to include critical measures of
performance where the tradeoffs between accuracy, time,
and space complexity are well balanced by the proposed
framework [7]. The experimental results reveal a signifi-
cant potential for further improvement in the presented con-
cept. The proposed framework results in a +28.7% =+ 1.8
improvement in RA, a +32.4% = 2.1 increase in CE, and a
+26.3% =+ 1.5 enhancement in SUE compared to state-of-
the-art methods. These results indicate the resilience of the
technique and its applicability to diverse scenarios and uses
to solve complex environmental problems. In addition, the
proposed strategy minimizes the computation complexity
since it balances the usage of sensors and applies to con-
strained environment(s). This work not only presents tech-
nical contributions but also has implications for practice.
The proposed framework provides the foundation for sub-
sequent research on more effective and flexible designs by
solving essential sensor choice and depth perception issues.
Thus, its applicability is not limited to several domains:
autonomous robotics, where accurate real-time data play a
significant role in robotics control; AR/VR, where overall
user experience is highly dependent on depth quality; and
medical imaging, where precision can prove critical for di-
agnosis or treatment plans [8]. This paper proposes a novel
framework for optimizing sensor selection based on the
neural network framework. It contributes to depth imaging
and registration by moving the solution frontier forward to
provide future research with a new goal to achieve. Thus, it
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forms the basis for future development of technologies de-
pendent on operating depth imaging systems sequentially
and with variable efficiency. This work contributes to tech-
nologies that rely on operating depth imaging systems in a
sequential manner, where data is processed step by step,
as seen in applications like autonomous navigation, where
depth data is processed one frame at a time. Additionally,
the research addresses the issue of variable efficiency, al-
lowing the system to adapt its computational resource usage
based on task-specific demands, ensuring that the system
balances high accuracy with resource-constrained environ-
ments. This flexibility enhances the adaptability of depth
imaging systems in dynamic and real-time applications.

This paper is organized as follows: In Section 2, the
current literature is reviewed, the shortcomings of exist-
ing methodologies in depth are discussed, and the recent
interest in depth imaging and registration based on neu-
ral networks. Section 3 describes how we built the neural
network, how we trained it, and which optimization tech-
niques we used. Section 4 presents the experimental results
and their implications, offering a comparative analysis with
baseline methods. Finally, Section 5 concludes the paper,
summarizing the key contributions and outlining directions
for future research.

2 Literature review

Qi et al. [9] proposed an agricultural plot segmenta-
tion technique using high-resolution remote sensing images
based on a convolutional neural network (CNN). The re-
search used GF-2 satellite data and ArcGIS10.3.1 to create
evaluation sets for various neural network architectures, in-
cluding UNet, SegNet, DeeplabV3+, and TransUNet. Tran-
sUNet yielded the highest segmentation performance from
these networks and was then fine-tuned with modification
of deformable ConvNets in the residual module and incor-
poration of Convolutional Block Attention Module into the
skip connection in TransUNet. These modifications im-
proved the feature extraction and the skip connection of
the network. The optimized TransUNet enhanced the seg-
mentation metrics—precision, recall, F1-score, and IoU, by
86.02%, 83.32%, 84.67%, and 86.90%, respectively. Com-
pared with the basic TransUNet model that trained on the
first dataset to have achieved an F1-score of 81.94 and an
IoU 0f 69.41, the improved model outperformed. The study
ensured that the framework of the optimal plot segmenta-
tion algorithm for the actual use of the remotely sensed data
was used to supervise the productivity of the agricultural
land and its efficiency.

Jiang et al. [10] introduced the backpropagation neural
network-based respiratory motion modeling method (BP-
RMM) to track lung tissue motion during free breathing,
deep inspiration, and expiration phases. To acquire in-
ternal and external respiratory data, the study employed
4DCT utilizing polynomial interpolation and augmenta-
tion. A BP neural network was modeled to capture lung
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tissue’s multi-dimensional movement. The proposed BP-
RMM was found to show high accuracy in the present work,
as the average TRE computed over 75 marked points of
the deep respiratory phases of a public 4DCT database was
approximately 1.819 mm. In fact, for normal respiration
phases, the error of the method was even smaller, with a
minimum TRE of 0.511 mm. These findings corroborated
the very high precision and stability of the BP-RMM in nav-
igating surgery inside the lung.

Kalupahana et al. [11] suggested an advanced image-
processing system based on the dense CNN deep learning
technique for automatic pre-recognition of CLS disease in
persimmon (Diospyros kaki) leaves using OCT. The cur-
rent study brought out the issues of using conventional vi-
sual and destructive inspection methods, such as subjectiv-
ity, low accuracy, and inefficiency in terms of time. To im-
prove the classification accuracy of buildings, the pipeline
utilized transfer learning from the DenseNet-121 and VGG-
16 models. DenseNet-121 demonstrated its effectiveness
in distinguishing among three disease stages: The classifi-
cation results for the four classes are healthy (H), healthy-
infected (HI), infected (I), and pathogenic (P), which scored
precision values of 0.7823, 0.9005, and 0.7027, respec-
tively; the recall values were 0.8953 for class-HI and 0.8387
for class-1, as well as Another model trained using the
VGG-16 The dataset labeling was done jointly with in-
tegrating LAMP and A-scan approaches, which boosted
model’s accuracy. This study demonstrated the possibility
of decentralized deep learning (DL) technology in conjunc-
tion with OCT to improve key disease identification mech-
anisms in agriculture that can lead to implementing an ob-
jective and efficient early recognition and management of
CLS for persimmon farming [12].

Wu et al. [13] proposed an infrared and visible im-
age fusion approach called DCFNet that suppresses the
disadvantages of prior methods, such as information loss,
blurred target details, and poor visual quality. It leverages
an autoencoder-based backbone network, an encoder with a
DWT layer to enhance the extraction of the features in the
frequency domain, and a novel bottleneck residual block
with a coordinate attention mechanism for better percep-
tion of both low- and high-frequency features. The decoder
comprises an IDWT layer to reconstruct the features nec-
essary for the decoding process. The decoder integrates
an inverse discrete wavelet transform (IDWT) layer for ef-
fective feature reconstruction. The fusion strategy employs
an L, — « fusion approach to combine the encoder’s out-
put frequency mapping, while a weighted loss function, in-
cluding pixel, gradient, and structural losses, optimizes net-
work training. Information is naturally and harmoniously
fused by decomposing images into low-frequency subbands
(structural information) and high-frequency subbands (de-
tail, edge, and textural information). Experiments on un-
veiled public datasets revealed that DCFNet delivered fused
images with effectively higher resolution and scene content,
primarily based on subjective and quantifiable assessments.
Moreover, generalization experiments proved that the pro-
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posed method performs well and is insensitive to the image
fusion task parameters.

Lopez-Fuster et al. [14] presented an efficient method
to estimate 3D weld point information employing a two-
step deep learning architecture with 2D RGB cameras. The
particular strategy uses YOLOVSs for vertex targeting, and
then object detection is refined using semantic segmenta-
tion. The method developed here solves the problems of
low contrast and geometric complexity and provides a con-
siderable saving relative to the 3D-based method. The va-
lidity of the pipeline was established by comparing it with
a technique based on 3D-point cloud mapping, and the en-
hanced time efficiency was reported. By providing an af-
fordable and flexible solution to extract valuable informa-
tion from 2D images, this study helps strengthen automated
welding methods compared with previous approaches [15].

Wang et al. [16] introduced a semantic classification
strategy for classifying Land cover remote sensing images
based on the deep inverse convolutional neural network
(ICNN) for dealing with the problem of handling imbal-
anced categories and multiple target semantic segmenta-
tion. The study also pointed out that a conventional clas-
sifier tends to offer low performance within a minority cat-
egory because of aggravated impact from the overwhelm-
ingly dominant category. To overcome this, the method
used a depth deconvolution convolution neural network
for multi-target segmentation and an improved sequential
clustering method for getting semantic features, including
color, texture, shape, and size. These features were later
categorized and identified employing random forest anal-
ysis. By evaluating the proposed approach’s experimen-
tal results, it was found to be successful, with average
Dice similarity and Hausdorff distance values of 0.9877 and
0.9911. The results confirmed the method’s efficacy in cor-
rectly categorizing multi-target semantic types in land cover
remote sensing images and adding to recognition in imbal-
anced datasets.

Fanous et al. [17] discussed the interaction of deep learn-
ing approaches with biophotonic systems for handling and
recovering degraded biophotonic image information. The
study involved a systematic effort or a design that involved
compromising PSF, SNR, sampling density, and pixel reso-
lution, deliberately making adjustments to hardware needs,
and optimizing cost speed and form factor. These impair-
ments were then corrected with deeper learning models
trained on superior or alternative datasets to recover the
lost imaging quality and increase FOV, DOF, and SBP.
These assumptions were decisive for attaining the improved
temporal resolution and imaging speed necessary for vi-
sualizing dynamic biological processes. The study pro-
vided interesting examples of the biophotonic approach that
has successfully used this strategy, indicating that the ap-
proach could be universally effective in a wide range of
bioimaging applications. This research balanced and/or
compensated hardware-related compromises with potential
Al-driven ones, thus helping to facilitate cost-effective, ac-
cessible Biophotonic imaging systems before opening path-
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ways for improvement.

A number of methods have been proposed for sensor se-
lection in depth imaging and registration. Table 1 provides
a summary of key methods, datasets, performance metrics,
and outcomes from relevant works. This table highlights
the strengths and limitations of each approach, particularly
in terms of RA, CE, and scalability.

The analyzed studies show that with the help of neural
networks and deep learning, one can solve various issues in
different fields, such as image processing, remote sensing,
and bioimaging. While progress continues, these gaps re-
main: adaptability for all problems, computation, and cost.
The above realizations, therefore, point to future research
directions that will seek to fill gaps and integrate existing
research limitations into an approach that can expand the
horizons of neural network-based methodologies.

3 Methodology

This section details the comprehensive methodology em-
ployed for developing the neural network-based optimiza-
tion framework for sensor selection in depth imaging and
registration. The design focuses on achieving adaptability,
scalability, and computational efficiency while addressing
challenges associated with varying imaging conditions.

3.1 Overview of the framework

The proposed framework integrates advanced neural net-
work techniques to dynamically optimize sensor selection.
The pipeline consists of the following components:

1. Data acquisition and preprocessing.

2. Neural network model architecture.

3. Training and optimization processes.

4. Performance evaluation and validation.

The framework is tailored to balance accuracy, compu-
tational efficiency, and adaptability, offering a scalable so-
lution suitable for diverse imaging conditions.

3.2 Research design

The research uses synthetic along with real-world datasets
to conduct both network training and evaluation of its pro-
posed sensor selection technique. The real-world dataset
sources consist of a specialized collection of low-light
imaging situations coupled with cases of high-occlusion ob-
tained from publicly accessible datasets that present diffi-
cult obstacles for depth imaging. The preprocessed datasets
underwent pixel value normalization together with random
rotation and flipping before adding noise to the data. Dur-
ing preprocessing, an inherent bias could enter the dataset
because it makes the assumption that both lighting con-
ditions and occlusions appear uniformly across all dataset
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points. Potential performance degradation of the model oc-
curs when applied to conditions outside training parame-
ters.

The custom loss function presented in Equation 5 incor-
porates a weight adjustment process for maintaining both
precise forecasting and quick computation. Accuracy and
efficiency factors are controlled by the weights « and g3,
which influence how accuracy aspects will be weighed
against efficiency requirements. The value of « lets you
control the extent of RA minimization, and 3 determines
how much weight is allocated toward CE enhancements.
An extensive trial-and-error process was used to determine
the weights because we systematically evaluated how var-
ious weight values affected both RA improvement and the
reduction of computational processing time. The choice of
« and 8 weights occurred through validation set evalua-
tions, which yielded optimum performance levels with re-
source utilization.

The parameter tuning stage needed adjustments to multi-
ple hyperparameters, which included both dropout rate and
learning rate and various training parameters. Researchers
set the dropout rate to 0.3 because previous studies showed
this modeled regularization works without sacrificing per-
formance. Testing began with a learning rate set at 0.001
due to its optimal performance evaluation throughout ini-
tial training epochs. Noise during training convergence be-
came unstable when learning rates were too high, but train-
ing would become excessively slow when the value was
lowered. Cross-validation allowed us to adjust these val-
ues to support the best possible performance on the valida-
tion data. By addressing these methodological details, we
ensure a more robust and transparent approach to sensor se-
lection, with clear insights into potential biases, trade-offs
in the loss function, and the tuning of key model parame-
ters.

3.3 Dataset description and preprocessing

Two datasets were utilized: a synthetic dataset generated
under controlled conditions and a real-world dataset com-
prising low-light and high-occlusion scenarios. The syn-
thetic dataset simulated varying environmental conditions
to test the adaptability of the model, while the real-world
dataset was curated from challenging imaging scenarios to
evaluate robustness.

3.3.1 Data normalization

To ensure consistency in feature scaling, the pixel values
were normalized between 0 and 1 using the formula:

, X —min(X)
X = max(X) — min(X) M

where X represents the raw pixel value, and X’ denotes the
normalized value.
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Table 1: Comparison of methods, datasets, and performance metrics from related works

Reference Method Dataset Metrics Key Outcomes Gaps in Adaptabil-
ity or Scalability
Qietal. [9] CNN-based Segmen- | GF-2 Satellite Data RA, IoU Enhanced segmenta- | Limited adaptability
tation tion with improved | to real-time condi-
precision and recall. | tions.
Jiang et al. [10] BP Neural Network | 4DCT Database TRE High accuracy in | Low scalability to
for Respiratory Mo- lung motion track- | larger datasets.
tion ing.
Kalupahana et al. | DenseNet-121 OCT Images of Per- | Accuracy, F1-Score Improved  disease | Struggles with vary-
[11] simmon Leaves classification ~ with | ing image quality.
DenseNet.
Wu et al. [13] Autoencoder  with | Public Datasets Image Fusion Qual- | Higher  resolution | Computationally
DWT ity fused images. expensive, limiting
real-time use.
Lopez-Fuster et al. | YOLOv8s + Seg- | 2D RGB Camera | Time Efficiency, Ac- | Efficient weld point | Limited to 2D im-
[14] mentation Data curacy detection with signif- | ages, not scalable to
icant time savings. 3D tasks.
Wang et al. [16] ICNN for Remote | Land Cover Images Dice Similarity, | Excellent perfor- | Struggles with im-
Sensing Hausdorff Distance mance in multi-target | balanced datasets in
segmentation. real-world condi-
tions.
Fanous et al. [17] Deep Learning for | Biophotonic Data Image Resolution, | Enhanced resolution | Requires high-
Biophotonic Imaging SNR and temporal accu- | quality, non-
racy. degraded input
data.

3.3.2 Data augmentation

Augmentation techniques were applied to expand the
dataset and improve model generalization. These tech-
niques included random rotations, where images were ro-
tated by a random degree between -30° and +30°; hori-
zontal and vertical flips, applied randomly along both axes;
brightness adjustments, where the brightness of the image
was varied by a factor between 0.5 and 1.5; contrast adjust-
ments, where the contrast was modified by a factor between
0.5 and 1.5; and Gaussian noise addition, where random
noise with a mean of 0 and a standard deviation of 0.1 was
added to the pixel values. These augmentation techniques
were chosen to simulate real-world variations in environ-
mental conditions, helping the model generalize better to
diverse situations.

The data was split into training (70%), validation (15%),
and testing (15%) sets, ensuring balanced representation of
all conditions.

3.4 Neural network architecture

The model employs a multi-layer neural network architec-
ture optimized for feature extraction and decision-making.
Figure 1 illustrates the design. The neural network architec-
ture consists of an encoder-decoder structure. The encoder
extracts high-level features from the input data, including
spatial relationships, depth information, and sensor-specific
characteristics. These features are passed to the decoder,
which uses them to reconstruct the final predictions for sen-
sor selection. The decoder applies learned weights and bi-
ases to the extracted features, utilizing activation functions
and fully connected layers to generate the output predic-

tions. This process allows the model to make accurate and
efficient sensor selection decisions, optimizing both com-
putational efficiency and resource utilization.

Figure 1: Neural network architecture for sensor optimiza-
tion. The encoder extracts features, and the decoder recon-
structs predictions

The input layer processes sensor data represented as X =
{1,229, ..., zn }, where n denotes the number of features.
The network predicts optimal sensor configurations as:

Y = f(X;W,b) 2
where W and b are the learnable weights and biases, re-
spectively.

3.4.1 Encoder-decoder architecture

The encoder maps input data to latent representations:

Z, =0(WX;+b;) 3)
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where o represents an activation function (e.g., ReLU).
The decoder reconstructs outputs from the latent represen-
tations:

Y; = ¢(W,Z; +b;) “4)

with ¢ as the output activation (e.g., softmax).

Skip connections were incorporated into the architecture
to preserve spatial information and prevent gradient van-
ishing. Specifically, these connections allow features from
earlier layers in the encoder to be directly passed to corre-
sponding layers in the decoder, bypassing the intermediate
layers. This helps maintain critical spatial features and pro-
vides alternative paths for the gradients during backpropa-
gation, mitigating the issue of vanishing gradients in deeper
layers.

3.4.2 Optimization layers

Custom optimization layers were designed to refine feature
extraction. The key components include:

1. Attention Mechanism: Enhances relevant features
while suppressing noise.

2. Residual Blocks: Improves feature propagation by
maintaining gradient flow.

3. Batch Normalization: Stabilizes learning and acceler-
ates convergence.

3.5 Training and optimization

The model was trained using a custom loss function balanc-
ing accuracy and computational efficiency:

L= aﬁaccurucy + 5£efficiency (5)

where o and (8 are weighting factors. The individual loss
terms are defined as:

n

1 .
Eaccuracy = E Z(yz - %‘)2 (6)
=1
1= o
‘Cefficiency = E Z HVyzH (7
i=1

where g; and y; represent the predicted and ground truth
outputs, respectively.

The Adam optimizer with a learning rate of = 0.001
was used for training. The weight updates followed:

W« W - VL (8)

The training process is structured into the following
steps:
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Algorithm 1 Training Process Workflow

Synthetic and real-world datasets, augmentation tech-
niques, model architecture (encoder-decoder), hyperparam-
eters (learning rate, batch size, epochs) Trained model, per-
formance metrics (RA, CE, SUE) Training and validation
sets Optimized neural network model FMainTrainModel
FnFunction: Step 1: Data Preprocessing Normalize
datasets using min-max scaling to [0, 1] Apply data aug-
mentation: random rotations, flips, brightness/contrast ad-
justments, Gaussian noise

Step 2: Model Initialization Initialize encoder-decoder
architecture with convolutional layers in the encoder and
fully connected layers in the decoder

Step 3: Training Setup Set batch size = 32, number of
epochs = 100 Choose Adam optimizer with learning rate
0f'0.001 Define loss function as a combination of accuracy
loss and efficiency loss

Step 4: Model Training For epoch =1 to 100 do: - Feed
the training data into the model - Perform forward pass and
calculate loss - Compute gradients using backpropagation
- Update model weights using optimizer

Step 5: Model Evaluation After each epoch, evaluate
model on validation set Track performance metrics: Reg-
istration Accuracy (RA), Computational Efficiency (CE),
and Sensor Utilization Efficiency (SUE)

Step 6: Hyperparameter Tuning If necessary, adjust hy-
perparameters such as batch size, learning rate, and number
of epochs

Step 7: Final Model Evaluation After training completes,
evaluate the model on a test set for final performance met-
rics Save the trained model for deployment

3.5.1 Regularization

Dropout layers were added to prevent overfitting, with a
dropout rate of 0.3 applied to intermediate layers. Early
stopping was implemented based on validation loss.

3.6 Performance metrics

The model’s performance was evaluated using three met-
rics:

1. Registration Accuracy (RA):

TP +TN

A—
R TP+TN+ FP+ FN

©

2. Computational Efficiency (CE):
1

CE = (10)

tcomp
where .omp denotes computation time.
3. Sensor Utilization Efficiency (SUE):

1 W

S|

SUE = )]

w
ses total
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3.7 Experimental setup

The model was trained on an NVIDIA RTX 3080 GPU with
12GB VRAM. Each experiment involved 100 epochs with
a batch size of 32. Data preprocessing and the PyTorch
framework was used, along with additional libraries such
as torchvision for image transformations and torchmetrics
for performance evaluation. The model was trained using
the CUDA configuration to take advantage of GPU accel-
eration. The choice of 100 epochs and a batch size of 32
was based on preliminary experiments, which showed sta-
ble convergence and an efficient trade-off between model
performance and training time. Although these values were
not optimized through a grid search, they provided an effec-
tive balance for the task.

3.7.1 Ablation studies

Ablation studies were conducted to evaluate the contribu-
tion of individual components such as attention mecha-
nisms and residual blocks. These studies revealed signifi-
cant improvements in RA and CE when using the full model
configuration. These ablation studies were designed to iso-
late the contributions of each component to the overall per-
formance, helping us identify the most effective configura-
tions for sensor selection in depth imaging systems.

The proposed methodology integrates advanced neural
network techniques with innovative optimization strategies
to enhance sensor selection for depth imaging. By achiev-
ing significant improvements in RA, CE, and SUE, the
framework sets a new benchmark in the field, paving the
way for intelligent and adaptive imaging solutions.

4 Results

This section presents the experimental results achieved us-
ing the proposed neural network-based optimization frame-
work for sensor selection in depth imaging and registration.
The outcomes are systematically analyzed to validate the
framework’s effectiveness, scalability, and ability to meet
the stated novel contributions.

4.1 Overview of experiments

The experiments were conducted on synthetic and real-
world datasets. The performance was measured across
three critical metrics: Registration Accuracy (RA), Compu-
tational Efficiency (CE), and Sensor Utilization Efficiency
(SUE). Comparative analyses were performed with bench-
mark methods, referred to as ResNet-50 and EfficientNet-
B3, alongside ablation studies and additional evaluations
under challenging scenarios, such as low-light and high-
occlusion environments.
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4.2 Quantitative metrics

The quantitative results demonstrate the superiority of the
proposed framework over the benchmark models. Table 2
summarizes the performance metrics.

The proposed framework achieved significant improve-
ments in RA (+13.6% over the best benchmark), CE (29%
reduction in computation time), and SUE (+17%).

4.3 Visual results

Figure 2 illustrates the comparative performance of mod-
els across the three metrics. The graph highlights the ef-
fectiveness of the proposed framework in achieving better
registration accuracy, computational efficiency, and sensor
utilization efficiency.

Metrics
BN RA (%) EEE CE (Normalized) HEE SUE

93.4%

79.8%
72.5%
o I 0.65 0.8 0.72 0.67 0.89

0.80 X
ResNet-50 EfficientNet-B3 Proposed Framework

& o ®
8 8 8

Metrics (Normalized)

N
S

Figure 2: Performance comparison across RA, CE, and
SUE for the proposed framework and benchmark models

Visual examples of sensor outputs in low-light conditions
are shown in Figure 6, demonstrating the adaptability and
robustness of the proposed framework.

93.4%

Proposed Framework

EfficientNet-B3

Models

ResNet-50

B Clarity (Normalized)
. Accuracy (%)

0 20 40 60 80
Scores

Figure 3: Sensor output comparison under low-light condi-
tions. The proposed framework demonstrates superior clar-
ity and accuracy

4.4 Confusion matrix

The confusion matrix in Figure 4 highlights the classifi-
cation accuracy of the proposed framework across various
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Table 2: Performance metrics comparison between the proposed framework and benchmark models

Method Registration Accuracy (RA) | Computational Efficiency (CE) | Sensor Utilization Efficiency (SUE)
ResNet-50 72.5% 2.5 sec 0.65
EfficientNet-B3 79.8% 2.1 sec 0.72
Proposed Framework 93.4% 1.5 sec 0.89

Class 1

Class 2 -

True Labels

Class 3 - 0

Clalss 2
Predicted Labels

I
Class 1

Figure 4: Confusion matrix showcasing classification per-
formance for the proposed framework

sensor configurations. This visualization provides insights
into the precision and recall values achieved by the model.

The proposed framework’s performance was statisti-
cally analyzed and compared against benchmark models,
ResNet-50 and EfficientNet-B3. Confidence intervals for
the Registration Accuracy (RA) were computed and in-
cluded in Table 2. The results show that our model achieves
a +28.7% =+ 1.8 improvement in RA compared to ResNet-
50.

Additionally, t-tests were conducted to evaluate the sta-
tistical significance of the performance differences. The re-
sults of the t-tests confirm that the improvements in RA,
CE, and SUE are statistically significant with p-values <
0.05, indicating that the proposed framework outperforms
the benchmarks.

New visual examples are provided in Figure 5 and Fig-
ure 6, which include challenging environments such as
high-occlusion and low-light conditions. These figures
demonstrate the model’s robustness across various real-
world scenarios.

4.5 Ablation studies

Ablation studies were conducted to evaluate the contribu-
tions of individual components such as the attention mech-
anism and residual blocks. Table 3 presents the results, in-
dicating the incremental benefits of these components in
achieving higher accuracy and computational efficiency.

ResNet-50 EfficientNet-B3

Figure 5: Sensor output in high-occlusion environments.
The proposed framework demonstrates robust performance

despite significant occlusions

Figure 6: Sensor output in low-light conditions. The model
effectively extracts relevant features even with reduced vis-

ibility
Table 3: Ablation study results showing the impact of key
components
Configuration RA CE
Without Attention Mechanism 85.7% | 1.8 sec
Without Residual Blocks 88.1% | 1.7 sec
Full Model (Proposed Framework) | 93.4% | 1.5 sec
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4.6 Key observations

1. Significant Accuracy Gains: The proposed frame-
work consistently outperformed benchmark models in
RA, achieving precise depth imaging across various
scenarios.

2. Computational Efficiency: The optimization strate-
gies led to a substantial reduction in computation time,
making the framework viable for resource-constrained
applications.

3. Sensor Utilization: The framework demonstrated an
ability to maximize sensor utility, particularly in chal-
lenging environments.

The results of this study validate the significant contri-
butions of the proposed framework, demonstrating its ca-
pability to outperform conventional models in sensor opti-
mization for depth imaging and registration. By integrat-
ing advanced neural network components such as atten-
tion mechanisms and residual blocks, the framework ef-
fectively enhanced feature extraction and model stability.
These architectural innovations addressed key challenges,
such as noise suppression and gradient vanishing, resulting
in improved performance metrics across diverse scenarios.
The framework’s adaptability to challenging environments,
such as low-light and high-occlusion conditions, is partic-
ularly noteworthy. The attention mechanisms allowed the
framework to focus on relevant features, while the residual
blocks ensured uninterrupted gradient flow during training.
This adaptability is crucial for real-time applications where
sensor reliability and computational efficiency are critical.

5 Discussion

The results presented in Section IV demonstrate the effec-
tiveness of the proposed neural network-based optimiza-
tion framework for sensor selection in depth imaging and
registration. Our framework significantly outperformed
benchmark models, such as ResNet-50 and EfficientNet-
B3, across key metrics: Registration Accuracy (RA), Com-
putational Efficiency (CE), and Sensor Utilization Effi-
ciency (SUE). We performed ablation testing between self-
attention and coordinate attention models. The experimen-
tal results showed that coordinate attention helps the model
extract features better while improving depth perception,
particularly when scenes contain significant occlusal ar-
eas. We detected two benefits from batch normalization
within the model: faster convergence together with stable
results. Cross-validation tests determined the generaliza-
tion capability of the model, which showed its consistent
performance over different dataset divisions, thus demon-
strating robustness [18]. Our evaluation considered both
memory needs and equipment constraints affecting com-
putational overhead. The model combines sufficient GPU
memory needs for real-time depth imaging with effective
performance, which enables practical application in limited
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resource settings. We propose several future improvements
that involve the combination of reinforcement learning ca-
pabilities for adjustable model content and multiple sensor
unification, including LiDAR and thermal cameras, to en-
hance depth perception when dealing with conditions like
low-light situations or heavy obstacles.

Comparison with State-of-the-Art (SOTA)

As shown in Table 2, the proposed framework achieved
a+28.7% + 1.8 improvement in RA, +32.4% + 2.1 increase
in CE, and +26.3% =+ 1.5 enhancement in SUE compared to
ResNet-50 and EfficientNet-B3. These results indicate that
our model provides a superior balance between accuracy
and computational efficiency, crucial for real-time applica-
tions.

Key Factors Behind the Improved Performance

Different design elements in our model contribute to
its performance enhancement. The inclusion of attention
mechanisms together with residual blocks proved vital for
advancing both feature extraction and decision-making op-
erations in the system. The attention mechanism enabled
the model to select important features apart from noise in
demanding situations, including low-lighting and highly
occluded environments [19]. The usage of residual blocks
in the algorithm enables steady gradient movement dur-
ing training because it stops the disappearing gradient issue
from occurring in deep networks. The combined elements
of these components let the model adjust more productively
to changing conditions that are crucial for operational tasks
demanding real-time decisions, such as autonomous navi-
gation and augmented reality today.

Failure Cases and Areas for Improvement

Some element failures and development opportunities
exist even though the model operates at a higher level of
performance. The existing system has restrictions because
it requires high-quality data for training. The data col-
lection from synthetic and real-world datasets covers di-
verse scenarios, but should expect weakened performance
from the model when it encounters noisy or partial informa-
tion. Development of data augmentation methods together
with semi-supervised learning techniques should be imple-
mented by future research work to bolster the model’s re-
liability. The model demonstrates limitations during oper-
ations under conditions with severely restricted visibility,
such as during foggy or rainy periods. Future versions of
the framework must integrate multiple sensor fusion by im-
plementing LiDAR and thermal cameras since these meth-
ods will help overcome existing challenges [20].

Novelty and Trade-offs in Computational Efficiency
and Accuracy

Our method introduces an innovative technique to man-
age the performance efficiency versus accuracy trade-off
process. The existing approaches in this field have previ-
ously faced performance limitations because they needed
to choose between accuracy and computational speed. The
framework merges an adaptable neural network design with
its own adaptive loss function to automatically adjust the
accurate and efficient result optimization based on differ-
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ent conditions. The proposed framework has been designed
with a dynamic balancing system that enables it to success-
fully manage applications requiring high accuracy together
with resource-limited environments.

Practical applications Various real-world applications
benefit from the proposed framework because it delivers
exceptional accuracy as well as computational process-
ing capabilities. The framework maintains uniform per-
formance during dynamic conditions in autonomous nav-
igation systems because they need immediate decision-
making. Through the framework, the implementation of
virtual objects within augmented reality and virtual reality
environments becomes more efficient because it effectively
optimizes sensor usage, leading to a better user experience.
The framework serves medical imaging by developing an
effective solution to enhance diagnostic tool precision. Op-
timized sensor setups maintained by the framework lead to
highly accurate imagery in systems with hardware limita-
tions that directly enhances diagnostic plan development as
well as therapeutic results. The framework demonstrates
its capability to transform depth imaging processes in vari-
ous industrial fields through recent technological improve-
ments.

Limitations and future directions Despite its promis-
ing results, the framework has certain limitations that merit
further exploration. This is one of the framework’s po-
tential benefits that relies heavily on quality training data.
There is the possibility of degrading one performance of
the frame in real-world applications where the data may
or may not. Another weakness is the framework’s appli-
cability, as depth imaging is currently the only main as-
pect employed. Extending its capacity for receiving data
from optical cameras and other multispectral sensors, like
LiDAR or thermal, could also increase its relevancy. This
would allow the framework to work well even in low visi-
bility or an environment with fog cover. Lightweight neural
network structures or pruned structures may be considered
to improve computational effectiveness further. These ap-
proaches could also improve the framework’s fit into plat-
forms with scarce resources, such as small-form robots or
wearable devices. Further, mainstreaming reinforcement
learning could allow the proposed framework to learn dy-
namically from environmental changes, adding flexibility
and reliability.

Broader impacts However, this framework’s importance
is not restricted to overhead rate objectives and other tech-
nical performance efficiency measures. For example, in
smart cities, the framework could improve the effectiveness
of surveillance by capturing images well in varied condi-
tions. Thus, in industrial automation, the proper selection
of sensors could increase the accuracy of robotic systems,
ultimately contributing to higher efficiency and lower pro-
duction costs. Furthermore, the framework’s potential for
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advancing safety-critical systems, such as assistive tech-
nologies for individuals with disabilities, cannot be over-
looked. By ensuring accurate and efficient depth imaging,
the framework could contribute to the development of tech-
nologies that enhance accessibility and safety in various
contexts. However, to ensure responsible implementation,
ethical concerns, such as data privacy and the potential mis-
use of imaging systems, must be considered.

6 Conclusion

This study presents a novel neural network-based frame-
work for sensor optimization in depth imaging and reg-
istration, addressing key challenges in accuracy, com-
putational efficiency, and adaptability. The integration
of advanced architectural components, including attention
mechanisms and residual blocks, enabled the framework
to achieve superior performance across diverse scenarios,
particularly in challenging conditions such as low-light
and high-occlusion environments. By optimizing sensor
configurations dynamically, the framework has set a new
benchmark for real-time applications in various domains.
The proposed framework demonstrated its effectiveness
through significant improvements in registration accuracy,
computational efficiency, and sensor utilization efficiency
when compared to conventional models like ResNet-50 and
EfficientNet-B3. These advancements underscore its po-
tential for deployment in critical applications, ranging from
autonomous navigation and AR/VR systems to precision-
focused fields like medical imaging and industrial automa-
tion. While the framework showcased promising results,
it also highlighted opportunities for future research. Ad-
dressing limitations such as dependency on high-quality
training data and exploring the integration of multi-modal
sensor inputs could further enhance its robustness. Ad-
ditionally, employing lightweight architectures and rein-
forcement learning techniques may expand its applicability
to resource-constrained environments accross diverse do-
mains. In conclusion, this study establishes a robust foun-
dation for advancing sensor optimization in depth imaging.
The proposed framework not only addresses current tech-
nological limitations but also paves the way for innovative
solutions in a rapidly evolving digital landscape. Its scala-
bility and adaptability ensure its relevance for diverse real-
world applications, contributing significantly to the field of
computational imaging and beyond.
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In this paper, we propose a hybrid model combining Long Short-Term Memory (LSTM) and Transformer
networks for predicting the state of charge (SOC) and state of health (SOH) of batteries within Industrial
Internet of Things (110T) based Battery Management Systems (BMS). Our approach leverages the
temporal modeling capabilities of LSTM and the self-attention mechanism of Transformers. Using the
NASA battery dataset, we demonstrate that our hybrid model significantly outperforms conventional
methods such as SVM and Kalman filtering. Specifically, the MSE for SOC prediction is reduced from
0.0271 to 0.0107 (a 59.8% reduction), and the MAE for SOH prediction is decreased from 0.161 to 0.08
(a 50.3% reduction). These improvements are achieved through a more sophisticated handling of
temporal dependencies and nonlinear relationships in the battery data.

Povzetek: Prispevek predstavija hibridni model, ki zdruzuje LSTM in Transformer modele za
napovedovanje stanja napolnjenosti (SOC) in zdravja baterij (SOH) v sistemih za upravljanje baterij na
osnovi Industrijskega Interneta Stvari (IloT). Model dosega izboljsane rezultate pri napovedovanju.

1 Introduction

Along with increasing emphasis on the environment
and sustainable development in the world, as a green
and high-efficiency vehicle, New Energy Vehicle has
become the primary trend of the automotive industry.
Recently, the market for new energy vehicles has
expanded rapidly in recent years, and China has
become the biggest market for new energy cars in the
world. Along with increasing emphasis on the
environment and sustainable development worldwide,
new energy vehicles (NEVs), as green and high-
efficiency vehicles, have become the primary trend in
the automotive industry. The market for new energy
vehicles has expanded rapidly in recent years, with
China emerging as the largest market for NEVs
globally. According to the China Association of
Automobile Manufacturers, in 2016, over 500,000
NEVs were produced and sold, and more than 1
million units were promoted, accounting for 50% of
the global market. According to the 'Energy
Conservation and New Energy Vehicle Development
Plan of the State Council (2012 - 2020)," by 2020, it
was estimated that there would be 2 million units of
pure electric and plug-in hybrid vehicles, with an
estimated total sales volume exceeding 5 million, by
2020, it is estimated that people will have 2 million
units of pure electric and plug-in hybrid vehicles, with
an estimated total sale of more than 5 million [1].

However, as the quantity of new energy cars continues
to increase, the management problem of the power
battery, which is the key element, has become a key
factor for the further development of NEF.

A Dbattery management system (BMS) is a key
technology to ensure power batteries' safe and efficient
operation [2]-[3]. The BMS can accurately assess the
residual capacity (SOC) and the health status (SOH) of
the battery by monitoring the parameters of the battery in
real time to provide accurate mileage information to the
driver and optimize the service life of the battery [4].
However, the existing BMS technology still has many
shortcomings in data collection and status prediction,
especially in the face of large-scale new energy vehicle
application scenarios. Its data processing capabilities and
prediction accuracy make it challenging to meet actual
needs.

Along with the rapid development of Internet of
Things (1oT) technology, the Industrial Internet of Things
(l1oT) has become a significant force for transitioning
from traditional manufacturing to intelligence. lloT
connects sensors, devices, and networks to achieve real-
time data collection, transmission, and analysis,
optimizing production processes, improving production
efficiency, and reducing costs [5]. The IloT technology
offers an opportunity to upgrade BMS in new energy
vehicles. By combining 10T technology with BMS,
remote monitoring, data collection, and status prediction
of power batteries can be achieved, thereby improving the
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intelligent level of battery management [6]. In addition,
I1oT technology can also support the interaction between
new energy vehicles and power grids (V2G), further
expanding the application scenarios of new energy
vehicles.

Although the application prospects of IloT
technology in new energy vehicle BMS are broad, it still
faces many challenges. First, the operating environment
of new energy vehicles is complex and changeable, and
battery status data has the characteristics of high
dimension, strong correlation, and dynamicity [7]. These
methods have problems such as high model complexity
and low prediction accuracy when processing large-scale
and complex data [8]. The practical storage,
management, and analysis of this massive data is also the
focus of current research.

Deep learning has been widely used in many fields.
Their intense ability to extract features and nonlinear
fitting provides a new approach to solving complicated
problems [9]. LSTM, CNN, etc., have been successfully
used to predict time series and fault diagnosis. However,
applying the deep learning technique to the novel BMS
is still challenging. For one thing, it is necessary for the
model to capture long-term dependence effectively
because of the time series character of the battery state,
and for the other hand, it is necessary for the model to be
highly real-time and adaptable [10]. Therefore, it is a
hotspot for designing a deep learning model suitable for
BMS to enhance battery state prediction's precision and
real-time performance.

This thesis proposes a method of data collection and
state forecasting for BMS based on lloT. Firstly, a
practical data collection framework is built to collect and
process data in real time utilizing sensor networks and
edge computing techniques. Then, a new hybrid model is
presented [11], which combines the LSTM and the
transformer's self-attention mechanism to predict the
SOH and SOC. Finally, the experiment validates the
algorithm's performance, and the comparison is made
with the existing methods. This study offers a new
technology method for the intelligent development of
BMS and provides the theoretical basis for applying the
I1oT technique to the latest energy vehicle.

2 BMS data acquisition architecture
based on 10T

2.1 Sensor network

The sensor network is the first layer of data acquisition
and is responsible for obtaining key parameters directly
from the battery system. In BMS, the parameters that
need to be collected include the voltage, current,
temperature of the battery cell, and the total voltage and
current of the battery pack. These parameters are crucial
for evaluating the SOH and SOC of the battery [12].
High-precision voltage, current, and temperature sensors
are used to ensure the accuracy of the collected data. The
voltage sensor uses the current-voltage sensor model
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INA219, whose accuracy can reach 0.5%. The sensors are
connected through a low-latency communication protocol
(such as the CAN or LIN bus) to ensure the data can be
transmitted to the edge computing node in real-time. In
this paper, the sensor network uses the CAN bus as the
communication protocol, and its communication rate is
500kbps, which can meet the needs of high-frequency
data acquisition [13]. Sensors are located in different parts
of the battery pack, which can be used to thoroughly
monitor the state of the battery. There are voltage and
temperature sensors in each cell, and the current sensor is
installed on the battery group bus so that the battery's
overall status can be monitored.

2.2 Edge computing node

The key characteristics extracted, such as voltage
variation rate and temperature gradient, are critical for
accurate state prediction. The voltage variation rate
reflects the battery's dynamic operating conditions and
can indicate potential issues such as overcharging or
discharging. The temperature gradient provides insights
into the thermal management effectiveness and helps
predict thermal-related degradation. These features are
used to enhance the model's ability to capture important
aspects of battery behavior, thereby improving prediction
accuracy [14]. This paper applies the sliding average filter
to remove the high-frequency noise, and the Kalman filter
is applied to the temperature data. The key characteristics,
such as voltage variation rate and temperature gradient,
are extracted from the original data, which can be used in
the following state prediction. The time derivative of
voltage and temperature is calculated, and the voltage
variation rate and the temperature gradient are extracted
as key characteristics. The data transfer rate is reduced,
and the data transfer efficiency is increased using a data
compression algorithm. This paper applies differential
and run coding to recompress the data, which can
significantly reduce the data volume [15]. The status of
the battery is initially diagnosed to detect the potential
trouble in time based on preset rules or simple machine
learning models. This paper primarily diagnoses
abnormal voltage, current, and temperature conditions
based on threshold judgment.

2.3 Cloud data center

The cloud data center is the third layer of the data
collection architecture, responsible for storing, managing,
and analyzing large-scale data transmitted from edge
computing nodes. The core advantage of the cloud data
center lies in its powerful computing and storage
capabilities, which can support complex data analysis and
training of deep learning models.

Distributed storage systems (such as Hadoop
distributed file system HDFS) store large-scale data,
supporting fast reading, writing, and data querying. This
paper uses HDFS as the data storage system, combined
with NoSQL databases (such as MongoDB), to store
unstructured data to ensure efficient storage and
management of data. The battery status data is deeply
analyzed to extract the rules hidden in the data using data
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mining and machine learning technology [16]. This
paper uses the MapReduce framework for distributed
computing, combined with Spark memory computing
technology, to achieve rapid analysis of large-scale data.
The LSTM/transformer hybrid model predicts the
battery's state. Visualization tools (e.g., dashboards and
reports) display the battery state information to give the
user an intuitive monitoring interface. Grafana and
Kibana are used as visual tools to monitor the status of
the battery and query the history data. Figure 1 shows the
architecture of the cloud data center, including data
storage, data analysis, model training, and visualization
display modules.
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Figure 1: Cloud Data Center Architecture.

3 State prediction algorithm

The selection of LSTM and Transformer models was
based on their complementary strengths in handling
time series data. LSTM is renowned for its ability to
capture long-term dependencies in sequential data,
making it suitable for modeling the temporal
characteristics of battery states. Transformer models,
on the other hand, excel at capturing global patterns
and complex relationships through their self-attention
mechanism [17]. The combination of these two models
was chosen to leverage their individual advantages,
thereby enhancing the overall prediction accuracy and
robustness for BMS applications.

3.1 Selection and improvement of deep
learning model

The prediction of battery SOC and SOH is a complex
nonlinear problem in which the time series data involved
has strong long-term dependencies. Traditional machine
learning methods such as SVM, decision tree, and
Kalman filter (KF) often face problems such as
dimensionality disaster, overfitting, and difficulty
capturing long-term dependencies when processing
battery data [18]. Therefore, this study selected LSTM
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and Transformer models to use their superior time series
modeling capabilities to improve the accuracy of battery
state prediction. The feature selection process focused on
parameters that are strongly correlated with battery
degradation mechanisms, such as voltage variation rate
and temperature gradient. These parameters were chosen
based on their known impact on battery performance and
longevity. Alternative features were considered but found
to be less predictive in preliminary analyses.

3.1.1 Optimization of the LSTM model

The objective of optimizing the LSTM model is to
enhance its ability to adapt to the dynamic changes in
battery data and improve prediction accuracy. The
standard LSTM model, while effective in many
scenarios, has limitations when dealing with the
complex and highly variable data generated by
batteries in real-world conditions. By introducing an
adaptive time window mechanism, the model can
dynamically adjust its computation period based on the
rate and frequency of data changes. This adaptation
allows the model to better capture the intricate patterns
in the data, particularly during periods of rapid state
changes. The extended computation period during slow
changes and shorter period during rapid changes enable
the model to maintain high precision while reducing
computational overhead.

To improve the performance of the LSTM model, this
study proposes an LSTM model based on an adaptive time
window. The computing time window is adjusted
dynamically based on the change rate and frequency. In
particular, the computation period of the LSTM model is
more extended, and the computation period is shorter in
the case of slow changes in the battery state. This dynamic
adjusting mechanism makes the LSTM more adaptable to
the different operating conditions of the battery, and the
forecast precision is improved. The state update equation
of the optimized LSTM network is as follows:

fe = U(Wf “[he—1,x] + bf)
iy = o(W; - [he—1, %] + by)
Ce = tanh (W - [he_y, %] + be)
Ce=ft Cq+ic-C
o, = (W, - [he_1,x¢] + b,)
h; = o, - tanh (C;)

h, represents the hidden state of the current time step,
C; is the cell state of the current time step. The LSTM can
be used to model the long-term dependence of the battery
and combine it with the dynamic time window to increase
precision and real-time.

3.1.2 Improvement of transformer model

The objective of improving the Transformer model is
to enhance its ability to capture the multiscale
characteristics of battery data. The conventional
Transformer model wuses a uniform attention
mechanism that may not adequately account for the
varying significance of different time scales in the data.
By introducing a multiscale self-attention mechanism,
the model can dynamically adjust attention weights
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according to different time scales, thereby improving
its capacity to extract relevant features from complex
battery data. This improvement is vital for accurately
predicting SOC and SOH, as battery data often
contains patterns that manifest at multiple time scales.
Although LSTM can deal with time sequence data
efficiently, it is difficult for LSTM to capture global
features, especially in the case of large data sets and
complicated time sequence relations. On the other
hand, the Transformer model can focus on all parts of
the input sequence in a shorter period by using the
self-attention mechanism. Thus, the Transformer
model is superior in dealing with complicated time
sequence data, especially battery status.
The varying significance of characteristics from
different time scales is measured through an attention
weighting mechanism. Each time scale is assigned an
attention weight that reflects its importance in the
prediction task. These weights are learned during the
training process based on the data. The attention
weights are calculated using the following formula:
. kT
Attention (Q, K, V) = softmax < \/d_k,> vV 2
d; is the dimension of the key. This paper introduces
a multiscale self-attention mechanism. The formula is as
follows:
Multi-Scale Attention (Q,K,V) = YN, «; -
Attention (Q;, K;, V;) 3)
Among them, «; represents the weight of the i scale,
Q;, K;, V; are the query, key, and value matrices of the i
scale, respectively, and N is the number of scales. The
transformer can extract important battery status features
from different time scales through this mechanism.

3.1.3 Hybrid Model of LSTM and transformer
The LSTM and Transformer models work together
in a complementary fashion. The LSTM processes the
sequential data to capture temporal dependencies and
generates a temporal feature vector. This vector is then
passed to the Transformer model, which applies its self-
attention mechanism to capture complex nonlinear
relationships and global patterns. The output of the
Transformer is combined with the LSTM's output
through a concatenation operation, followed by a fully
connected layer to produce the final prediction. This
integration allows the model to leverage both the
temporal modeling capabilities of LSTM and the global
pattern recognition of Transformer, resulting in a more
comprehensive and accurate prediction of battery
states. The following formula can express the workflow
of the hybrid model:
hES™ = LSTM (X,)
zgransformer — transformer (hES™)
SOCt — WSOC . Zl'_l'ransformer + bSOC

SéHt — WSOH . ZtTransformer + bSOH
Among them, h:S™ is the output of the LSTM
model, z/msformer s the output of the Transformer
model, SOC, and SOH, are the predicted remaining
power and health status, respectively. LSTM and

(4)
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transformer can work together to better capture the timing
dependence and nonlinear characteristics in the battery
status data through this structure.

3.2 Algorithm optimization

3.2.1 Adaptive learning rate optimization

This section describes the optimization of the LSTM and
Transformer algorithms. For the LSTM algorithm, we
introduced an adaptive time window mechanism to
enhance its ability to handle dynamic data. For the
Transformer algorithm, we implemented a multiscale
self-attention mechanism to improve its feature extraction
capabilities. Additionally, we optimized the training
process using adaptive learning rate techniques to
accelerate convergence and prevent gradient issues. The
Adam optimizer is used to optimize the learning speed of
the parameters by computing the estimated values of the
gradient-order moments and the second moments.
Compared with the traditional fixed learning rate
algorithm, Adam can automatically adjust the learning
rate according to the gradient change during training to
train more effectively. The updated formula of the Adam
optimizer is as follows:
my = fyme_y + (1 — B,)VO,

Ve = Boveq + (1 — ﬁz)vgtz

My = —=
71t (5)
A Ve
i
m
0 = 04 _Umie

Among them, m;, and v, represent the estimated
values of the first-order moment and second-order
moment of the gradient, ;and 8, are momentum decay
parameters, n is the learning rate, and € is a small
constant to prevent zero division errors.

3.2.2 Regularization and overfitting prevention

This study introduces regularization methods, including
Dropout and L2 regularization, to avoid model
overfitting. The Dropout method randomly discards a part
of neurons to prevent the model from over-relying on
certain specific features, and L2 regularization limits the
model complexity by penalizing large weights. The
formula for Dropout regularization is as follows:
h, = Dropout (h;, p) (6)
Among them, p is the dropout probability, and A, is
the output after Dropout processing.
The formula of L2 regularization is as follows:
Lreg = AZL 912 (7)
Among them, A is the regularization coefficient, and
0; is the model parameter.

4  Experimental design and
simulation

This chapter will analyze and compare the application
effects of the LSTM-Transformer hybrid model proposed



A Hybrid LSTM-Transformer Approach for State of Health and...

in this paper and other traditional algorithm in the BMS
of new energy vehicles through a series of experimental
results and charts, especially in the SOC (remaining
power) and SOH (health state) prediction tasks.

4.1 Experimental settings and evaluation
indicators

The performance of the algorithms is assessed using the
following metrics: Mean Squared Error (MSE), Mean
Absolute Error (MAE), R-squared (R2), and precision.
Precision is defined as the ratio of true positive
predictions to the total number of positive predictions.
The data set is divided into three groups to guarantee the
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objectivity of experiments: training set, validation set, and
test set. For the comprehensive evaluation of the
effectiveness of these algorithms, the paper chooses MSE,
MAE, R2, and precision.

4.2 Performance comparison of different
algorithms

A comparison is made between traditional SVM,
LSTM, transformer, and LSTM-Transformer.
Experiments show that the hybrid model is superior in
all tasks. Below is a comparison of the performance of
each of the algorithms in the SOC prediction task.

Table 1: Performance comparison of different algorithms in the SOC prediction task.

Method Key Dataset | Methodology | Performance
Contribution Metrics
SVM Traditional NASA Support MSE:
ML baseline battery Vector 0.0271,
dataset Machines MAE: 0.153
LSTM Captures NASA Long Short- MSE:
temporal battery Term 0.0198,
dependencies | dataset Memory MAE: 0.113
networks
Transformer Captures NASA Self-attention | MSE:
global battery mechanism 0.0163,
features dataset MAE: 0.094
CNN-LSTM Hybrid Combines NASA CNN MSE:
convolutional | battery combined 0.0145,
and recurrent | dataset with LSTM MAE: 0.089
networks

Table 1 indicates that the hybrid model has
remarkable superiority in all the evaluation indexes,
especially in MSE and MAE. Moreover, the precision
and R2 of the hybrid model are better than the others,

which shows that it is more effective in predicting SOC.
Next, this article shows the experimental results of the
SOH prediction task and conducts a comparative analysis.

Table 2: Performance comparison of different algorithms in the SOH prediction task.

Model MSE MAE | Accuracy | R2
(%)

SVM 0.0271 | 0.153 | 90.10 0.85

LSTM 0.0198 | 0.113 | 92.40 0.91

Transformer 0.0163 | 0.094 | 94.00 0.92

LSTM-Transformer hybrid 0.0107 | 0.071 | 97.30 0.97

model

Table 2 shows that the hybrid model outperforms
others in the SOH prediction task. In all evaluation
indicators, the hybrid model presents the lowest MSE
and MAE values and the highest accuracy and R2
values. Especially in MAE, the prediction error of the
hybrid model is almost 50% lower than the
conventional SVM or LSTM, which shows that the
prediction capability of the HSM has been
dramatically improved.

Figure 2 illustrates the prediction results of the
LSTM-Transformer hybrid model in the SOC
prediction task.

The blue line indicates the actual SOC, and the
orange line indicates the predicted SOC. The hybrid
model demonstrates significantly less fluctuation
compared to individual LSTM and Transformer models.
Quantitatively, the standard deviation of prediction
errors for the hybrid model is 0.03, which is 40% lower
than that of the LSTM model (0.05) and 30% lower
than that of the Transformer model (0.043). This
reduction in error fluctuation indicates that the hybrid
model provides more stable and reliable predictions,
especially during periods of significant battery state
changes.
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SOC Prediction Comparison (LSTM-Transformer Hybrid vs Other Algorithms)
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Figure 2: Simulation results of LSTM-Transformer
hybrid model in SOC prediction.

Real SOC "
511 LSTH Prediction i
— == Transformer Prediction ,‘d

LSTM-Transformer Hybrid

S0C Value

Compared  with  traditional LSTM  and
Transformer models, the hybrid model shows less
fluctuation in periods with significant changes,
indicating that it can still maintain high stability under
highly dynamic data.

Figure 3 illustrates the simulation results of a
hybrid LSTM-Transformer model for predicting SOH.
It is found that the prediction value of the mixed model
is very close to the real one, and the difference
between the prediction value and the real one is the
least. In contrast, traditional models such as SVM and
LSTM show significant errors in some periods of
drastic changes.

LSTM vs Transformer SOC Prediction

H. Tang et al.

SOH Prediction Comparison (LSTM, Transformer, Hybrid)
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Figure 3: Simulation results of LSTM-Transformer hybrid
model in SOH prediction.

To further demonstrate the advantages of the
hybrid model, Figure 4 shows the performance of the
LSTM model and the Transformer model in the SOC
prediction task. It can be seen that the LSTM and
Transformer alone failed to accurately predict the
battery's SOC value in some periods, especially during
periods when the battery state fluctuated wildly, and
the prediction error increased significantly. The LSTM-
Transformer hybrid model can maintain a relatively
stable prediction with reduced errors.

15 LSTM-Transformer Hybrid SOC Prediction
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Figure 4: Simulation results of LSTM and Transformer models in SOC prediction.

The LSTM-Transformer hybrid model shows
excellent accuracy in both SOC and SOH prediction
tasks, which is significantly better than traditional
models such as SVM, LSTM, and Transformer. In
particular, the prediction error of the hybrid model is
much smaller than that of the other models. Simulation
results indicate that the hybrid model can keep a
relatively smooth forecast curve when the battery's
state is changed dramatically and the prediction error
is reduced. This shows that the hybrid model can
accurately predict the current state of the battery and
better cope with complex situations and dynamic
changes. LSTM is good at capturing long-term
dependencies in time series data, while the
transformer is good at modeling global information.

By combining both advantages, the hybrid model can
simultaneously utilize the benefits of both models in
battery state prediction, thereby achieving higher
prediction accuracy and stability.

5 Discussion

The LSTM-Transformer hybrid model demonstrates
superior performance compared to conventional
methods. The performance improvements can be
attributed to the model's ability to effectively capture
both  temporal dependencies and nonlinear
relationships in the battery data. The LSTM component
excels at modeling sequential data and capturing long-
term dependencies, while the Transformer component
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enhances the model's ability to focus on relevant
features across different time scales through its self-
attention mechanism. This combination allows the
hybrid model to more accurately predict SOC and
SOH. The observed improvements are primarily due
to architectural optimizations. The integration of
LSTM and Transformer leverages the strengths of both
architectures, resulting in a more robust and accurate
prediction model. While hyperparameter tuning and
dataset characteristics also contribute to the model's
performance, the architectural design plays a pivotal
role. Despite its advantages, the hybrid model has
certain limitations. The computational complexity of
the LSTM-Transformer hybrid model is higher than
that of individual LSTM or Transformer models due to
the combination of the two architectures. However,
this increased complexity is justified by the significant
improvements in prediction accuracy. The model's
inference time and resource requirements were
evaluated and found to be feasible for real-time BMS
applications. Further optimizations are planned to
enhance computational efficiency.

The model's robustness to noisy data was assessed
using data with added noise and missing values. The
results indicate that the hybrid model maintains good
performance under such conditions, demonstrating its
practical applicability in real-world scenarios. The
cross-validation results demonstrate consistent
performance improvements of the LSTM-Transformer
hybrid model over conventional methods.
Additionally, we evaluated the model's performance
on unseen data, including data from different battery
chemistries and operating conditions. The model
maintained its superior performance, indicating good
generalization capabilities.

A sensitivity analysis of hyperparameters was also
performed. The results show that the model's
performance is relatively stable within a reasonable
range of hyperparameter values. This suggests that the
observed improvements are not overly dependent on
specific hyperparameter settings and reduces the risk
of overfitting.

6 Conclusion

The hybrid model based on IIoT and deep learning
proposed in this paper shows significant performance
advantages in new energy vehicle BMS. The LSTM
component of the model demonstrates superior ability
in capturing long-term dependencies in time series
data, as evidenced by its improved performance in
predicting SOC and SOH compared to traditional
methods. This is further supported by the results
presented in Section 4.2, where the LSTM model
shows a 33.3% reduction in MSE for SOC prediction
compared to SVM. The integration of the Transformer
model enhances the hybrid model's capacity to capture
nonlinear and complex relationships, resulting in a
59.8% reduction in MSE for SOC prediction and a
50.3% reduction in MAE for SOH prediction. These
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results show that the hybrid model improves prediction
accuracy and enhances the system's real-time stability.
In addition, by combining IIoT technology with V2G
applications, this paper provides new ideas for
intelligent battery management and grid interaction of
new energy vehicles. In the future, further optimizing
the real-time stability of the model and exploring more
complex prediction and fault diagnosis methods will
help promote the new energy vehicle industry to a
higher level.
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Digital art analysis is evolving rapidly, with intelligent systems playing a growing role in understanding
aesthetic quality and artistic styles. In this work, we present the Hierarchical Multi-Stream Feature Net-
work (HMSFN), a deep learning framework designed to improve the way visual features are extracted and
classified across different styles and aesthetic levels. The study is based on a curated dataset of 213,000 dig-
ital artworks sourced from online galleries and collections, covering a wide range of creative expressions
and thematic categories. To enhance data quality and balance, we applied specialized preprocessing tech-
niques including Contrast-Balanced Normalization, Dominant Color Mapping, and Gradient-Symmetric
Scaling. Additionally, Weighted Synthetic Feature Augmentation (WSFA) was introduced to address class
imbalance, while an Adaptive Feature Filtering Framework (AFFF) was used to remove redundant fea-
tures and retain the most informative ones. The model was trained using an 80:20 split and evaluated
against several leading deep learning approaches. HMSFN, which combines DenseNet, ConvNeXt, and
Vision Transformer in a multi-stream configuration, achieved outstanding results—99.0% accuracy, 98.6%
Fl-score, 97.5% LCCR, and an AUC of 99.3%. These findings highlight the effectiveness of our approach
in capturing complex visual attributes and support its use in digital art classification and computational

aesthetics.

Povzetek:

1 Introduction

Creative expression and sophisticated algorithms have
transformed the classification and assessment of digital art
forms [1]. Computational aesthetics analyzes and interprets
digital art with remarkable precision using numerical mod-
els and deep learning frameworks. Using neural networks
may help comprehend complex creative patterns and aes-
thetic nuances, revealing insights not possible with human
methods [2]. Generative art and interactive exhibits encour-
age audience participation and creativity. Modern technol-
ogy and computational methodologies have enhanced tra-
ditional art forms [3]. Artistic Style Transfer (AST) in Neu-
ral Style Transfer (NST) has merged historical styles with
modern graphics, transforming digital media [4]. AST, a
technical advancement, mixes classical and contemporary
aesthetics, enabling artists, designers, and technologists to
explore and express themselves [5]. These techniques use
Convolutional Neural Networks (CNNs) like VGG-19 to
extract complicated aspects from pictures and reproduce
artistic features on digital canvases. Classic style transfer
processes may lose creativity because to color distortion
and authenticity loss. Advanced luminance transfer tech-
niques maintain brightness, tonal quality, and color har-
mony during style adoption.

Computational aesthetics has grown in culturally rich lo-

cations as creative content is digitalized. Digitizing Chi-
nese artworks has enhanced preservation and emphasized
the need for automated classification to authenticate and
identify unsigned pieces [6]. Traditional manual detec-
tion methods are subjective and ineffective against modern
counterfeits. Deep learning-based classification and veri-
fication are crucial in digital art. GANs and VAEs have
significantly influenced digital art generation by captur-
ing complex visual patterns and producing diverse, stylized
outputs.[7]. Classifying creative styles and aesthetic qual-
ity helps digital art analysts comprehend genres’ technical
and aesthetic qualities. Symmetry, textural complexity, and
color harmony are important for recognizing creative gen-
res and assessing aesthetic appeal [8]. These attributes are
needed to spot creative trends and build computer mod-
els that classify and rate art. The Adaptive Feature Filter-
ing Framework (AFFF), consisting of the Contextual Di-
vergence Evaluator (CDE) and the Selective Redundancy
Optimizer (SRO), improves classification robustness by se-
lecting context-relevant and non-redundant features, thus
enhancing both accuracy and interpretability [9].

Digitized media art in the metaverse and VR requires
real-time, interactive classification. Machine learning
models must adapt to evolving aesthetics and creativity
[10], not only classify. Ensemble learning frameworks
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may tackle these issues by combining numerous mod-
els’ capabilities. Using Vision Transformers (ViT), Swin-
Transformers, and convolutional networks enhances classi-
fication accuracy and robustness in complex creative data
processing [11]. Increasing digital artworks and the need
for proper classification have led academics to develop im-
proved methods for evaluating creative styles and qual-
ity [12]. A deep learning ensemble with several architec-
tures to classify creative genres and aesthetic quality fits
these demands. Advanced preprocessing, feature selection,
and adaptive classification handle class imbalance and fea-
ture redundancy in a dataset with several styles and imbal-
ances. This technique enhances style and quality classifi-
cation and explains computational aesthetics in digital art.
To maintain clarity throughout this study, we distinguish
between two related concepts: aesthetic features and artis-
tic attributes. Aesthetic features refer to quantifiable visual
properties of artworks—such as symmetry, color harmony,
brightness, texture complexity, and visual balance—that
are computationally derived. In contrast, artistic attributes
describe higher-level categorical labels such as artistic style
(e.g., Realism, Abstract) and thematic type (e.g., Land-
scape, Portrait), which serve as the basis for classifica-
tion tasks. Combining creativity and computational ac-
curacy, this research categorizes and evaluates digital art-
works using the Hierarchical Multi-Stream Feature Net-
work. This study uses complex deep-learning architectures
to fix model defects such as inadequate feature fusion, scal-
ability issues, and imbalanced datasets in digital art analy-
sis. HMSFN introduces creative style and aesthetic qual-
ity classification using multiscale feature extraction, atten-
tion mechanisms, and global dependency modeling. In ad-
dition, the framework incorporates Dynamic Attribute Re-
construction (DAR) to enhance feature representation by
capturing latent relationships and generating interaction-
based attributes that improve classification performance.
This work promotes sustainable digital creation by bridging
traditional creative techniques with current computational
tools. It helps build tools that improve analytical accuracy
and meet the requirements of an increasingly linked and
digitalized creative scene by partnering with artists, tech-
nologists, and cultural organizations. Later parts detail all
framework components. Contributions of this work:

1. Developed a new deep learning architecture, HMSFN,
integrating DenseNet, ConvNeXt, and Vision Trans-
former (ViT) to improve feature extraction and multi-
scale encoding and effectively classify artistic styles,
aesthetic quality, and theme categories.

2. The Weighted Synthetic Feature Augmentation
(WSFA) approach addresses class imbalances by
producing synthetic samples while retaining statisti-
cal integrity, leading to increased generalization and
model performance.

3. Adaptive Feature Filtering Framework (ADF): Devel-
oped a hybrid feature selection method using CDE and
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SRO to retain essential and eliminate redundant ones,
enhancing computational efficiency and classification
accuracy.

4. Aladvancements in digital art analysis enable accurate
and scalable categorization of styles, aesthetic traits,
and themes, linking computational aesthetics and cre-
ative innovation. Cultural preservation and digital art
innovation benefit from this work’s automation and
comprehension of innovative trends.

The paper’s remaining structure: A detailed literature anal-
ysis in Section 2 illuminates current approaches and their
limitations. This study’s Hierarchical Multi-Stream Feature
Network (HMSFN) and innovative preprocessing and fea-
ture engineering methods are described in Section 3. Sec-
tion 4 describes the simulations, evaluation metrics, find-
ings, and comments. Section 5 finishes with an overview
of significant results and future research areas.

2 Related work

Al and machine learning have driven recent advances in
identifying creative genres and aesthetic quality. Al in cul-
tural and creative sectors, particularly digital art, has led to
cross-disciplinary advancements. Early studies employed
wavelet characteristics to categorize Chinese paintings by
author and style using local and global artistic qualities, in-
cluding brushstroke and texture. Colour histograms and au-
tocorrelation texture characteristics were used for semantic
categorization of brushwork and painting components, at-
taining intermediate accuracy [13]. Conventional feature
extraction strategies could not capture creative style sub-
tlety, resulting in classification robustness and scalability
issues [14]. Later research focused on deep learning, us-
ing CNNs and RNNs to extract brushstroke attributes and
assess creative styles. High-level semantic representations
enhanced efficiency, but feature quantification and param-
eter optimization issues remained [15].

GANSs (Generative Adversarial Networks) may simulate
artistic styles and generate innovative creations. GAN-
based systems for picture and sound creation, replicating
artist styles, provide designers novel tools for creative ex-
perimentation [16]. Despite their progress, these meth-
ods often lack the interpretability and accuracy required to
classify art accurately. EfficientNet’s efficient scaling ex-
tends classification workloads by improving computing ef-
ficiency and accuracy [17]. These methods help explain
aesthetic preferences, but their use in creative style cate-
gorization is limited. CrowdPicker, a mobile crowdsourc-
ing and domain adaption picture selection framework, used
situational information to create a dynamic aesthetic pre-
dictor. The visual selection was improved with a unique
aesthetic utility measure and adaptable frameworks. Al-
though CrowdPicker outperformed baseline approaches in
improving adaptive performance, its dependence on user
annotations and crowdsourcing caused scalability concerns
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for big datasets [18]. A multimodal examination of game
ratings revealed cultural aesthetic preferences. Cultural in-
fluences influence aesthetic judgments since gamers from
various locations express different emotions and evaluate
gaming differently. While this research emphasizes cul-
tural insights in digital media, their concentration on be-
havioural traits restricts their relevance to visual art catego-
rization [19].

Deep learning has improved the categorization of cre-
ative styles and aesthetic quality by extracting high-level
information from digital artworks. CNNs with attention
mechanisms like the Convolutional Block Attention Mod-
ule (CBAM) increase classification accuracy by stressing
essential visual features. Feature selection is addressed by
rescaling picture channels based on significance, enhanc-
ing style classification automation and performance [20].
Interdependencies between features are challenging to cap-
ture, especially in big datasets with unbalanced represen-
tations. Researchers have used multidimensional feature
fusion and deep learning to improve classification results.
Studies on Chinese paintings used multiscale grayscale co-
variance matrices to extract textural information, demon-
strating modest effectiveness in identifying creative genres
[21]. Despite progress, inadequate integration of under-
lying elements like colour and form hinders the complete
analysis of digital artworks [22]. Handcrafted feature ex-
traction approaches limit their applicability and generaliza-
tion to other creative styles.

Combining Al and interactive art has led to new digi-
tal art classification and evaluation systems. DenseNet121
techniques enhance computational efficiency and classifi-
cation accuracy by allowing feature reuse via dense connec-
tions [23]. However, these methods generally emphasise
generative elements above classification accuracy, under-
scoring the necessity for evaluation-focused models. Neu-
ral networks like VGG and ResNet perform well in im-
age categorization tasks. Nonetheless, colour distortion and
artistic authenticity difficulties persist [24]. AI’s impact on
cultural and creative sectors goes beyond categorization.
Al-powered technologies automate rendering and typeset-
ting, speeding the creative process and allowing real-time
interactions. These technologies boost productivity and
provide new ways to assess user preferences and aesthetic
trends. Lack of precision in creative style categorization
limits its usefulness for delicate tasks [25].

Tablel displays current literature on Al classification of
creative styles and aesthetic qualities. While deep learning
has significantly improved digital art classification, current
state-of-the-art methods still face notable challenges. Gen-
erative models like GANs are powerful in creating visu-
ally compelling outputs, but they often fall short in terms
of interpretability—it’s not always clear which features
drive their decisions. Similarly, convolutional models such
as VGG and ResNet excel at learning local patterns, yet
they struggle to capture long-range dependencies and com-
plex relationships between visual features. Attention-based
techniques like CBAM help highlight important regions in
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Table 1: Categorization of existing methods in digital art
analysis

Ref

Technique Used

Objective Achieved

Performance Sum-
mary

Limitations

[13] | Wavelet  Features, | Classified traditional | Achieved around | Relied heavily on
Color Histograms Chinese paintings us- | 75% accuracy handcrafted features
ing color and texture with limited capabil-
cues ity for deeper pattern
recognition
[14] | Grayscale Covari- | Used texture descrip- | Not reported Lacked integration

ance Matrices

tors to differentiate
artistic styles

of color and shape;
struggled with fea-
ture fusion

03]

RNNs for Brush-
stroke Dynamics

Captured time-based
brushstroke vari-
ations to improve
style analysis

Accuracy near 82%

Had long training
times and  weak
spatial feature repre-
sentation

[16]

GANs for Style Sim-
ulation

Created artworks that
mimic known artistic
styles

Visually compelling
outputs

Poor interpretability
and not suitable for
direct classification

[17]

EfficientNet

Scaled convolutional
layers to enhance
classification

Reached accuracy up
t0 90%

Had difficulty mod-
eling dependencies
across diverse visual
features

[20]

CNN with CBAM

Used attention mech-
anisms to focus on
key visual areas

Around 91% accu-
racy

Could not capture
global dependencies
or reduce feature

redundancy
[23] | DenseNetl21 Improved feature | Delivered up to 94% | Susceptible to over-
reuse to enhance | accuracy fitting, especially

classification accu- with imbalanced data
racy

Extracted deep fea-
tures for aesthetic in-
terpretation

[24] | VGG/ResNet for
Style Transfer

AUC reached ap-
proximately 93%

Required high com-
putational resources
and lacked flexibil-
ity across varying
datasets

images, but they don’t fully address issues like feature re-
dundancy or the need for deeper hierarchical fusion. These
limitations can restrict performance, especially when deal-
ing with large, high-dimensional datasets common in digital
art analysis.

While feature selection plays a vital role in improv-
ing model performance, many traditional techniques—
like filter-based ranking or embedded selection—fall short
when applied to digital art. These methods often struggle to
deal with strong correlations between features or the diverse
nature of artistic styles. As a result, they may keep redun-
dant attributes or unintentionally remove features that are
actually important for capturing creative nuances. To over-
come these challenges, we introduce the Adaptive Feature
Filtering Framework (AFFF), which blends two strategies:
the Contextual Divergence Evaluator (CDE), which scores
features based on how well they differentiate styles, and
the Selective Redundancy Optimizer (SRO), which filters
out overlapping or repetitive attributes. Together, they help
retain features that are both meaningful and distinct, lead-
ing to better classification outcomes in visually complex
datasets.

3 Proposed method

This section uses a Hierarchical Multi-Stream Feature Net-
work (HMSFN), a unique architecture that defines creative
styles, aesthetic quality, and subject categories. HMSFN
uses hierarchical convolutional layers, contextual atten-
tion, and global dependency modelling for multilabel clas-
sification. DenseNet reuses features, Vision Transformer
(ViT) captures long-range relationships, and ConvNeXt
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optimizes spatial modelling in a multi-stream method.
Contrast-balanced normalisation and Weighted Synthetic
Feature Augmentation (WSFA) provide a balanced and en-
hanced feature representation in input data. Advanced fea-
ture selection methods like AFFF highlight essential qual-
ities, whereas DAR improves the dataset with interaction-
based changes. This section discusses HMSFN’s architec-
tural components, preprocessing procedures, and optimiza-
tion methods that allow world-class categorization. Figure
1 illustrates the proposed framework, with modules detailed
later.
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Figure 1: Proposed classification framework

3.1 Research design and justification

This study was designed to answer the following core re-
search questions:

— RQ1: Can a hierarchical, multi-stream deep learn-
ing architecture effectively capture both low-level aes-
thetic cues and high-level style representations in dig-
ital artworks?

— RQ2: Do hybrid attention-integrated networks im-
prove classification accuracy over conventional CNN-
based models in the context of subjective Aesthetic
Features?

— RQ3: How do targeted preprocessing techniques,
such as WSFA and contextual transformations, con-
tribute to class balance and feature quality prior to
model training?

Y. Wang

To answer these questions, the Hierarchical Multi-
Stream Feature Network (HMSFN) integrates three special-
ized backbones—DenseNet, ConvNeXt, and Vision Trans-
former (ViT). DenseNet was selected for its proven effi-
ciency in feature reuse and gradient flow, which is partic-
ularly valuable in multi-layered classification. ConvNeXt
was chosen for its modernized convolutional structure that
retains spatial locality while offering improved expressiv-
ity. VIiT complements the network by modeling global
dependencies through attention-based encoding, a crucial
property for interpreting compositional balance and dis-
tributed textures in artwork. This combination outper-
formed earlier hybrids such as ResNet+Transformer and
EfficientNet-based models in our preliminary trials, offer-
ing better balance between resolution awareness, attention
flexibility, and computational efficiency.

In addition to WSFA, we applied conventional data aug-
mentation techniques including horizontal flipping, minor
rotation (+10°), brightness adjustment, and random crop-
ping. These were used during training to improve gener-
alization and reduce overfitting, particularly in underrepre-
sented categories such as Pop Art and Cubism. WSFA itself
was quantitatively assessed prior to training. Before aug-
mentation, the dataset showed a 4:1 imbalance between the
most and least represented classes; WSFA reduced this ratio
to approximately 1.2:1 by generating 42,000 statistically-
aligned synthetic samples for minority classes, resulting in
improved class-wise F1-scores during model evaluation.

The preprocessing pipeline—comprising normalization,
gradient-symmetric scaling, and color mapping—was es-
sential to reduce feature-level skewness. In ablation exper-
iments (noted in supplementary analysis), the application
of WSFA and Adaptive Feature Filtering led to an average
gain of 3.4% in overall accuracy and a 5.2% improvement
in macro-averaged recall across artistic styles. These re-
sults confirm the importance of preprocessing in enhancing
model robustness and class discrimination.

3.2 Dataset collection and details

This research employed a publicly available dataset of dig-
ital art records from Berlin galleries and internet reposito-
ries [25]. Individual artists and joint studios contributed to
the multi-year data. Each artwork entry spans a range of
styles and media, and is accompanied by metadata that re-
flects the artist’s creative intent and thematic focus. This
is represented in features such as Theme Category, which
identifies high-level artistic interests—including portraits,
landscapes, still life, abstract compositions, and conceptual
expressions. This dataset is carefully designed to contain
only high-quality entries confirmed by topic experts, assur-
ing its legitimacy and validity. These records, created with
art institutions and digital archives, provide a solid basis for
classifying creative genres and aesthetic quality. The data-
gathering procedure followed strict ethical norms to ensure
accuracy and relevance. This dataset highlights Berlin’s
creative trends and tastes, a city known for its dynamic art
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scene and cultural variety. This dataset is reliable for digital
art analysis and classification studies.

Table 2: Dataset features overview

S.No | Feature Short Description

1 Image_ID Unique identifier for each digital artwork.

2 Artistic_Style Categorical label representing the artistic style of
the artwork.

3 Aesthetic_Quality Ordinal or categorical label describing the visual
appeal of the artwork.

4 Dominant_Color_1 RGB value represents the image’s primary domi-
nant colour.

5 Brightness_Average Average luminance level across the entire artwork.

6 Contrast_Ratio Numerical value representing the difference be-
tween the brightest and darkest areas.

7 Texture_Complexity Measure of texture density or granularity in the im-
age.

20 Theme_Category Categorical label indicating the primary theme of
the artwork (e.g., portrait, landscape).

3.3 Preprocessing of data

After acquiring the dataset, we used new preprocessing
methods to organize and optimize it for classification.
The preparation pipeline uses unique ways to manage the
complicated and imbalanced dataset [27]. These include
Contrast-Balanced Normalization, Dominant Color Map-
ping, and Gradient-Symmetric Scaling. Contrast-balanced
normalisation was developed to handle imbalanced fea-
tures. Weighting contrast against a dataset-wide average
alters feature values. A feature z is normalized as:

~ 25— T
“ Ay + € 1

zj is the original feature value, 7, is the dataset mean con-
trast, A\, is the standard deviation, and € is a tiny constant
to avoid zero division. This method makes extremely un-
balanced contrast values comparable without affecting their
distribution.

We proposed Dominant Color Mapping for categorical
features like Dominant Colors. Weighted channel intensi-
ties are used to convert RGB to a numerical score. Defini-
tion of mapping function:

DCM(P,Q,S) =0.35-P+0.5-Q+0.15-5  (2)

P, @, and S represent primary, secondary, and tertiary
channel values. This method turns categorical colour data
into a continuous domain, improving model training in-
tegration with numerical characteristics. To support the
choice of Dominant Color Mapping (DCM) over tradi-
tional methods like color histograms, we focused on both
ease of interpretation and processing efficiency. While his-
tograms offer a detailed breakdown of color distribution,
they often create high-dimensional feature vectors that can
slow down training and introduce redundancy—especially
within complex, multi-stream models. In contrast, DCM
uses weighted values from primary, secondary, and tertiary
color channels to produce a single, meaningful scalar. This
approach blends seamlessly with other normalized features
in the dataset. Our SHAP analysis (Figure 13) shows that
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DCM plays a strong role in predicting aesthetic quality, re-
inforcing its value. In addition, DCM consistently ran faster
and more reliably during preprocessing, all without com-
promising model accuracy.

Additionally, Gradient-Symmetric Scaling was created
for Symmetry Score and Gradient Smoothness. This ap-
proach rescales data to units based on symmetric deviation
from a central mean. Represents transformation:

e = Yk — ¢d 3)
max(|y — ¢dl)

The mean gradient value for the feature is ¢4, and the
most considerable absolute divergence from the mean is
max(|y — ¢q|). Scaled features highlight deviations while
retaining distribution symmetry. The dataset is standard-
ized and refined during preprocessing to categorize creative
and aesthetic styles. These novel approaches increased
dataset quality and representation, boosting model accuracy
and robustness.

3.4 Data balancing

To handle class imbalance without disrupting the underly-
ing structure of the data, we introduce the Weighted Syn-
thetic Feature Augmentation (WSFA) approach. Unlike
conventional oversampling methods that simply duplicate
samples from underrepresented classes, WSFA creates new
data points by making carefully controlled modifications to
feature values. These modifications are guided by feature-
specific weights wy,, which are derived from the variance of
each feature across different class labels. This allows fea-
tures that play a stronger role in distinguishing classes to
influence the augmentation more heavily. Rather than gen-
erating arbitrary variations, WSFA applies these weights to
fine-tune feature perturbations, ensuring the synthetic sam-
ples remain realistic while boosting diversity in minority
classes. The key advantage lies in maintaining within-class
consistency and enhancing between-class distinction, espe-
cially for rare styles and aesthetic quality levels. By enrich-
ing the dataset both statistically and semantically, WSFA
contributes to improved model generalization and more bal-
anced performance across all categories.

Each feature’s weighted mean adjustment is determined
by WSFA according to the contribution it makes to the goal
class imbalance. The class label of a sample may be repre-
sented by ¢, and a feature value can be defined by g,. The
improved value g,, for a synthetic sample is computed in the
following way:

|N s = N, l| + Y

In Equation 4, the term g,, refers to the original value of
feature p, which serves as the baseline for synthetic sample
generation. The coefficient w,, captures the extent to which
that feature varies between classes, giving more weight to
features that are better at distinguishing one category from

Ep:gp'i‘wp'g'(
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another. To adjust the overall strength of the augmenta-
tion, we apply a global scaling factor ¢, which is selected
through empirical tuning—typically within the range of
0.05 to 0.2—to balance diversity and stability. The symbol
0, represents the standard deviation of feature p, helping
to scale perturbations proportionally to the feature’s vari-
ability. Meanwhile, N; and N, correspond to the number
of samples in the smaller (minority) and larger (majority)
classes, respectively. The difference between these val-
ues reflects the degree of imbalance being addressed. Fi-
nally, to avoid instability during computation, we include
a small constant v, fixed at 10~°, to prevent division by
zero. Taken together, these components allow WSFA to in-
troduce realistic variation into the dataset while addressing
imbalance in a controlled and interpretable manner.

WSFA also uses a Feature Interpolation Mechanism
(FIM) to interpolate data to produce synthetic values. For
a feature pair g, and g,, the interpolated value g, is com-
puted as:

g =V gp+ (1 —1)-gq (%)

The formula uses v as a random weight from a uniform
distribution U(0, 1) to maintain realistic feature values in
synthetic samples. This approach increases the enhanced
dataset’s variety while keeping feature correlations.

After using WSFA, the dataset is balanced across all
classes, boosting classification model performance and
generalizability. This unique approach to data imbalance
protects the dataset.

3.5 Adaptive feature filtering framework

Our novel Adaptive Feature Filtering Framework improved
the dataset and model performance. The hybrid method
of determining the most important characteristics uses
two unique techniques: Contextual Divergence Evaluator
(CDE) and Selective Redundancy Optimizer (SRO). Inte-
grating statistical feature assessment with redundancy re-
duction to keep only significant and non-redundant charac-
teristics creates a hybrid nature. First, the Contextual Di-
vergence Evaluator (CDE) assesses the importance of fea-
tures based on class distribution variability. For sample v,
Z..» represents the value of feature u and Py, represents the
collection of samples. To calculate the divergence score D,,
for a feature (u), use the formula:

K
D.=% ('7’]\;' .DVar(zm) (©)

k=1

M is the total number of samples, K is the number of classes,
P_k| is the number of samples in class k, and DVar(Z,, ;)
is the divergence variance of feature u within class k. Fea-
tures with higher values of D,, are retained for further anal-
ysis because they excel in class differentiation. The next
step is to use a Selective Redundancy Optimizer (SRO) to
look at feature correlations and identify instances of redun-
dancy. The following is the procedure for determining the
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redundancy factor Q,,,, given a pair of characteristics u and
v:

~ Cov(Zy, Zy)
Quo = e

Cov(Z,, Z,) represents the covariance between features u
and v, whereas (,, ¢, represents their standard deviations.
If |Quo| exceeds 6, feature v is tagged as redundant and
eliminated from the final selection.

We used the Relevance Redundancy Balance Index
(RRBI) to combine CDE and SRO in a hybrid selection
method. The RRBI score R, for each feature is computed
as:

)

Ru:H'Du_V'Zqu (8)
vEU

The method uses the weighting parameters x and v to opti-
mize redundancy while balancing divergence score. Model
training is conducted using features with high R,, scores,
ensuring a collection that is both informative and non-
redundant. A comprehensive feature selection method is
guaranteed by AFFF’s utilization of CDE and SRO. Using
this hybrid approach, the dataset retains the most impor-
tant information, which improves processing efficiency and
classification accuracy.

3.6 Dynamic attribute reconstruction (DAR)

To improve prediction, the dataset was transformed after
adaptive selection identified relevant characteristics. Dur-
ing the Dynamic Attribute Reconstruction (DAR) phase,
existing attributes are transformed and interacted with to
create new, relevant features. DAR finds latent dataset
links via group-level aggregation, sophisticated transfor-
mations, and interaction-based synthesis.

The first phase in DAR is Group-Level Aggregation,
which builds attributes representing the aggregate proper-
ties of certain dataset groupings. To compute an aggregated
attribute x  for a group A based on a definite characteristic
(e.g., demographic or proficiency level),

_ Zn AC'"'
XA = FT ©

In this context, ¢, represents the value of an attribute for
observation n, and |A| indicates the total number of obser-
vations in group A. The aggregated value x, is assigned
to all members to identify group-specific trends. This ag-
gregation approach captures category-specific higher-order
patterns.

Advanced Attribute Transformations were used to iden-
tify non-linear correlations within individual attributes
based on aggregated data. The converted attribute (*% is
defined as:

¢ = /(46 - cos(B) (10)
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In this equation, 6 increases stability for the square root op-
eration, whereas [ regulates the frequency of the cosine
transformation. These adjustments accentuate non-linear
changes, which are hard to represent with raw character-
istics.

The interaction-based attribute sy is derived from two
base features ¢ and 7 using the following formulation:

¢—mn

= C o+ S an

In this equation, the product term ( - n captures the di-
rect interaction between the two features, while the additive
term modulates their relative difference. The parameter A
acts as a scaling factor that controls how strongly the addi-
tive component influences the final value. To ensure both
interpretability and numerical stability, A is empirically se-
lected from the range [5, 15] during validation. A larger A
softens the additive effect, prioritizing smooth transitions,
whereas a smaller A enhances the contrast between inter-
acting features—allowing the model to capture finer dis-
tinctions in complex patterns.

The final feature set, Pepnanced, combines original and
newly generated features, defined as:

(12)

The original collection of characteristics is Poriginal
whereas the extended feature set is the additional attributes
produced via aggregation, transformation, and synthesis.
This enhanced dataset includes global and localized pat-
terns, improving representation and prediction.

After feature transformation, the enlarged dataset was
ready for training and assessment, guaranteeing that the
produced characteristics strengthened the modelling pro-
cesses. Equations 9 to 12 explain DAR’s mathematical un-
derpinning, emphasizing its systematic approach to enhanc-
ing data quality and expressiveness.

d
Denhanced = cI:’original U {XA7 Ca V, Kint}

3.7 Context-aware feature expansion
(CAFE)

After feature selection and transformation, the dataset
underwent a new transformation method called Context-
Aware Feature Expansion (CAFE). CAFE transforms qual-
ities based on their contextual connections to create more
expressive features. The dataset’s capacity to capture
complicated patterns is improved via contextual scaling,
interaction-based non-linear expansion, and polynomial
mapping. First in CAFE is Contextual Scaling, which ad-
justs feature values based on their connection with other
relevant characteristics. An original feature ¢ and a related
feature w are used to define the scaled feature &5

gscaled _ 5 — Hw « C& (13)

0w ;
In Equation 13, the interrelation between the primary fea-
ture £ and the contextual feature w is captured through a
normalization-based scaling transformation. Specifically,
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w 1is selected based on its contextual dependency or seman-
tic correlation with £, such as pairing texture-related fea-
tures or luminance with color attributes. The transforma-
tion modifies ¢ by centering it around the mean p,, and
scaling it relative to the standard deviation o, of the contex-
tual feature w, and then amplifies the adjusted value with a
feature-specific variance-preserving factor (¢. This formu-
lation enables the model to incorporate relational insights
between features, helping it better capture non-linear inter-
actions and contextual dependencies that are common in
complex visual domains such as digital art classification.
This transformation modifies each characteristic to reflect
underlying correlations depending on its contextual con-
nection with other relevant information.

After that, Interaction-Based Non-Linear Expansion uses
non-linear transformations to create new features from ex-
isting ones. The interaction feature @iy, is calculated for
two characteristics £ and w as follows:

£\
d)inter = <£ % ) (14)
w

The parameter g, controls the interaction intensity.
The multiplicative word ¢ - w represents direct interactions,
whereas the ratio 5 represents inverse or proportionate re-
lationships. By introducing non-linearity using the power
transformation ((-)*¢-~, the model may capture more com-
plicated interactions between characteristics.

After interaction-based expansion, Contextual Polyno-
mial Mapping (CPM) transforms features to capture higher-
order connections. For a feature £, the polynomial feature
£P° is computed as:

N =€ R+ A (15)

In this equation, x and A regulate the polynomial’s degree
and offset. Depending on data connection complexity, this
transformation adds quadratic or cubic terms to the feature
set. The final feature set Qephanced 18 formed by mixing the
original and newly developed features.

Qenhanced = Qoriginal U {gscaled’ ¢inter7 gpoly} (16)

In this dataset, {qiginal represents the original features,
whereas €544 ¢ . and £P°Y represent newly created fea-
tures that increase representation capacity.

Context-Aware Feature Expansion (CAFE) adds charac-
teristics representing local and global feature connections to
the dataset. Equations 13 to 16 offer a mathematical frame-
work for this transformation technique, enabling the model
to learn increasingly complicated and meaningful data rep-
resentations.

3.8 Proposed classification framework

The Hierarchical Multi-Stream  Feature  Network
(HMSFN), shown in Figure 2, is a groundbreaking
multi-layered design that tackles the intricacy of cat-
egorization jobs. Using global dependency modeling,
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contextual attention, and hierarchical convolutional layers,
this architecture combines many processing streams. A
layered framework for high-dimensional feature represen-
tation, HMSFN integrates improvements from DenseNet
[27], ConvNeXt [28], and Vision Transformer (ViT) [29].
By analyzing input features at several resolutions, the
Multi-Scale Convolutional Encoder (MSCE), the first
layer of HMSFN, captures both fine-grained and global
patterns. The input image is denoted by Z and an r-times-r
convolutional kernel is represented by C, > 0. The
decoded feature map H,. computed at scale r is as follows:

H.-=¢(Cr+T+wy) a7

In this case, the convolution operation is represented by
x, the bias term is w,., and the activation function is ¢. To
create the multi-scale representation Hyscg, many encoded
feature maps H,., , H,,, are joined together.

To better capture the subtle details that define artistic
styles, this module processes the input across multiple spa-
tial resolutions. By learning both fine-grained textures and
broader structural patterns, the MSCE directly responds to
the challenge of modeling nuanced artistic features high-
lighted in our review of existing work. The MSCE’s output
is sent to the Dense Feature Aggregation Block (DFAB),
where every convolutional layer is tightly coupled with
every layer before encouraging feature reuse. This block
plays a key role in improving feature fusion, which many
previous models struggled with. By connecting each con-
volutional layer to all preceding ones, DFAB encourages
feature reuse and helps the network build richer, more in-
tegrated representations—essential for understanding com-
plex aesthetic compositions. Let P, stand for the output of
layer ¢, and [Py, P, . .., Py_1] the concatenated outputs of
earlier layers. Computed as the aggregated output P is:

Py =0¢ (Vg [Py, Pr,...

7Pq71} +9q) (18)

The weights and biases for layer ¢ are ¥, and 6,. This
extensive connection lets the network learn low-level and
high-level properties concurrently.

To make the model more interpretable and focused, this
module assigns greater importance to spatial regions that
are most relevant to artistic categorization. It effectively
guides the network’s attention toward visually meaningful
patterns, helping it distinguish between styles that may ap-
pear similar at a glance. Contextual Attention Refinement
Module processes feature maps after DFAB. This module
refines feature maps using spatial attention weights to con-
centrate on classification-relevant locations. Given a fea-
ture map P, the refined map P is:

P = P ® Softmax (Y - P + k) (19)

T and & represent attention weights and biases, whereas
©® indicates element-wise multiplication. Normalizing at-
tention ratings with softmax dynamically prioritizes essen-
tial spatial areas.
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To overcome the lack of precision observed in earlier
models, this component models long-range relationships
across image regions. It provides a global understanding
of the artwork’s layout and structure, which is especially
valuable when styles share local features but differ in their
overall composition. The Hierarchical Transformer Encod-
ing Layer (HTEL) from improved feature maps captures
global interdependence and hierarchical linkages via multi-
head self-attention. Calculate the output representation Z,,

for token u:
T
N )
Z, = Softmax < Vy

9:, K+, Vy represent query, key, and value matrices for head
t, T represents the number of attention heads, and 7, repre-
sents key vector dimensionality. This mechanism models
incorporate space-wide long-range interdependence.

A Feature Fusion Layer (FFL) aggregates MSCE, DFAB,
CARM, and HTEL outputs using multi-scale, dense, and
attention-refined features. Define the fused feature repre-
sentation Z:

(20)

~

Z = ay-Hysce+2- Poras+as- Pearm+aa- Zurer (21)

The learnable weights (a1, ae, a3, ay govern the contri-
bution of each module. A fully connected layer and softmax
activation create class probabilities from the final fused rep-
resentation Z.

Layered feature extraction, dense connection, spatial at-
tention, and global dependency modelling enable robust
and reliable classification using the Hierarchical Multi-
Stream Feature Network (HMSFN). Its hierarchical de-
sign excels in classification jobs on complicated, high-
dimensional datasets.

3.9 Performance evaluation metrics

Traditional and novel measures were used to assess the pro-
posed categorization system. Traditional measures include
accuracy, precision, recall, and Fl-score [30]. Accuracy
quantifies the percentage of successfully categorized ex-
amples to the total occurrences, assessing the model’s per-
formance. Precision measures the model’s class identifica-
tion reliability by comparing genuine and total optimistic
predictions. Recall, or sensitivity, assesses the model’s
ability to recognize positive examples from the dataset’s
positives. The Fl-score, the harmonic mean of accuracy
and recall, balances the trade-off and benefits unbalanced
datasets. Three new performance assessment measures
were created for the hierarchical and multi-stream catego-
rization architecture. WFCI, LCCR, and ICDD are these
measurements. The Weighted Feature Contribution Index
(WFCI) measures feature proportionality across network
processing streams. It promotes balance by preventing any
feature or stream from dominating categorization decisions.
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Figure 2: Proposed HMSFN layered architecture

Using p processing streams and q features, WFCI is defined
as:

1< a 1
WECI=1— - Z va:Iqauv L
w=1 Zv:l Qwy p

(22)

u=1

Equation 22 introduces the Weighted Feature Contribu-
tion Index (WFCI), which helps assess how evenly the
HMSFN model utilizes features across its different process-
ing streams. In this context, p refers to the number of archi-
tectural streams—such as those built from DenseNet, Con-
vNeXt, and ViT components—while ¢ is the total number
of input features. The term a,, represents the importance
or contribution weight of feature v in stream u, as accu-
mulated through the stream’s internal computations. WFCI
essentially measures the consistency of feature influence
across the network’s multiple streams. It calculates how
far each stream’s overall contribution deviates from an ide-
ally balanced scenario, where all streams contribute equally
(i.e., %). A WEFCI score approaching 1 indicates that the
model is drawing information fairly from all streams, sug-
gesting good architectural balance and reduced risk of over-
fitting to any single component. If the score is notably
lower, it may imply that certain streams dominate the learn-
ing process, potentially limiting the model’s ability to gen-
eralize across diverse data.

The Layered Classification Confidence Ratio (LCCR)
measures the model’s hierarchical decision-making confi-
dence across network layers. Define v; as the final layer

confidence score for class ¢ and 5t(h) as the intermediate
confidence at layer h. We define LCCR as:

| I H "
Leer = = ST (- o™

t=1 h=1

(23)

The total number of classes is T, and the number of hi-
erarchical levels is H. This measure provides excellent
model confidence throughout hierarchical processing, re-
vealing intermediate and final prediction stability.

The Inter-Class Distribution Divergence (ICDD) as-
sesses class feature distribution separability. It helps de-
termine how successfully the model identifies overlapping
classes. For classes R and S, ICDD is defined as:

ICDD(R, 5) = 112 =1l
Vi + G
In this context, 7 and ng represent the means and
variances of feature distributions for classes R and S, re-
spectively. Higher ICDD values imply class separability,
whereas lower values show feature distribution overlap.
These three unique metrics, in addition to established
measures, give further insights into model performance.
WEFCI balances feature contributions across processing
streams, LCCR measures hierarchical classification confi-
dence, and ICDD analyzes inter-class separability. These
criteria and standard metrics provide a complete assessment
framework for the hierarchical and multi-stream classifica-
tion model.

(24)

4 Simulation results

4.1 Experimental setup

The Hierarchical Multi-Stream Feature Network (HMSFN)
was implemented in Python, using TensorFlow and Scikit-
learn to handle model design, training, and evaluation. All
experiments were carried out on a system with an Intel Core
i7 12th Gen processor, 32 GB of RAM, and an NVIDIA
RTX 3080 GPU. We trained the model for 30 epochs using
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the Adam optimizer, with convergence generally occurring
around the 24th epoch. Key hyperparameters—such as a
learning rate of 0.001, batch size of 64, and dropout rate of
0.3—were fine-tuned through testing to balance accuracy
and overfitting.

The dataset was divided using an 80:20 train-test split
to ensure consistent evaluation. Preprocessing steps in-
cluded normalization, contrast-balanced scaling, and domi-
nant color mapping. We also applied the WSFA method for
class balancing and data enhancement. To further refine
the input features, we used the Adaptive Feature Filtering
Framework (AFFF), which helped improve the model’s fo-
cus and efficiency. Altogether, this setup includes all the
essential details for reproducing our results or adapting the
HMSFN model to other digital art classification problems.

4.2 Results

Distribution of Artistic Styles
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Figure 3: Distribution of artistic styles in the full dataset,
showing class imbalance across six categories

Figure 3 displays the distribution of creative styles in the
dataset, highlighting their relative popularity and represen-
tation. Abstract, Realistic, Cubistic, Surrealistic, Impres-
sionist, and Pop Art are in the dataset. Abstract art has the
most samples (80,000) and Pop Art the fewest (20,000).
This graphic shows style imbalance, which might affect
classification performance if not preprocessed. This distri-
bution is essential for knowing which creative styles dom-
inate and how they may affect model training. With fewer
samples, Cubism or Surrealism may have worse classifi-
cation accuracy than Abstract, which is well-represented.
This insight informs balancing methods to reduce these dis-
crepancies. This picture is essential for analyzing dataset
fairness and setting an appropriate preprocessing approach
to ensure downstream tasks treat all styles equally.

Figure 4 shows the dataset’s distribution of aesthetic
quality levels (Low, Medium, and High). The dataset
is mostly medium-quality, with 100,000 samples, 52,000
high-quality, and 60,000 low-quality. Preprocessing meth-
ods like synthetic oversampling are needed to solve under-
represented classes, such as high-quality photographs, due
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Figure 4: Aesthetic quality distribution in the dataset

to the imbalance in aesthetic quality. This distribution il-
lustrates the dataset’s aesthetic variety. It stresses the diffi-
culty of anticipating underrepresented classes. A dispro-
portionate percentage of Medium-quality data may skew
classification model predictions toward Medium. This im-
age shows the dataset’s biases and the need for balanced
training to predict aesthetic quality accurately and fairly.
The graphic shows the dataset’s baseline features and em-
phasizes the need to balance tactics for accurate categoriza-
tion.

3D Relationship: Artistic Style, Quality, and Symmetry
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Figure 5: 3D relationship between artistic style, aesthetic
quality, and symmetry score

Figure 5 depicts the 3D correlation between artistic
styles, aesthetic quality, and symmetry scores. Each data
point represents a combination of an artistic style (Ab-
stract, Realism, etc.), aesthetic quality level (Low, Medium,
High), and its corresponding symmetry score. Realism has
more excellent symmetry ratings than 0.8 for High qual-
ity across all quality levels. Cubism, which is fractured
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and abstract, has lower symmetry ratings. The graphic
shows how symmetry—a crucial aesthetic feature—varies
between creative genres and quality levels. According to
this image, realism is strongly correlated with more ex-
cellent symmetry scores. This relationship is essential for
model interpretability and identifying features driving aes-
thetic quality predictions. The figure shows that symmetry
is critical in assessing creative Style and quality.

Theme Category Distribution Across Artistic Styles
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Figure 6: Theme category distribution across artistic styles

In Figure 6, a stacked bar chart compares Portrait, Land-
scape, Still Life, Abstract, and Conceptual topics among
creative genres. For example, realism emphasizes Land-
scape (50%), whereas Abstract art balances Abstract and
Portrait (20%) subjects. This distribution shows style-
specific thematic preferences and how themes affect art.
This figure can find patterns in topic distributions, essen-
tial for understanding creative styles. This indicates that
realism is theme-driven, whereas abstract art is more var-
ied. This insight helps identify Style classification-relevant
thematic aspects.

Feature Comparison for Realism
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Figure 7: Feature comparison for realism artistic style

Figure 7 shows a radar chart comparing critical aspects
of the Realism style. Symmetry, texture complexity, bright-
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ness, contrast, and edge density are normalized between 0
and 1. In realism, symmetry (0.9) and contrast (0.8) are
strong, while edge density and brightness (0.75) and 0.85
are moderate. This graphic emphasizes realism’s multidi-
mensionality and aesthetic appeal via symmetry and con-
trast. This chart illustrates Realism feature strengths, which
may influence classification model feature weighting. This
infographic helps readers understand realism’s main char-
acteristics.

Heatmap: Artistic Styles vs Aesthetic Quality Distribution
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Figure 8: Heatmap of artistic styles vs. aesthetic quality
distribution

In Figure 8, a heatmap shows the distribution of aes-
thetic quality levels (Low, Medium, High) among creative
forms. Pop art has a more equal mix of low, medium,
and high characteristics than realism, which primarily has
medium and high attributes. Abstract and Impression-
ism have higher Medium quality counts, indicating their
concentration on detailed but balanced work. This image
shows how Style affects quality distributions, essential for
constructing accurate prediction models. Realism’s domi-
nance in high quality shows that symmetry and texture com-
plexity substantially influence quality judgment. Visualiz-
ing this distribution reveals style-specific quality patterns,
improving feature engineering and model design for aes-
thetic categorization.

Average Texture Complexity by Artistic Style and Aesthetic Quality
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Figure 9: Grouped bar chart of texture complexity by artis-
tic style and aesthetic quality

A grouped bar chart in Figure 9 displays the average tex-
ture complexity for each creative Style at different aesthetic
quality levels (Low, Medium, High). Realism has consider-
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able texture complexity, particularly for high-quality sam-
ples, with an average score of 0.8. With values from 0.3 to
0.6, Cubism has decreased texture complexity at all qual-
ity settings. The technical result of this graphic shows how
texture complexity distinguishes creative genres and qual-
ity levels. It shows how Realism and Impressionism use
detailed textures to improve aesthetics, but Cubism does
not. This knowledge is essential for feature selection and
weighting to account for texture complexity and quality dif-
ferences among styles.

Distribution of Symmetry Scores Across Artistic Styles
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Figure 10: Violin plot of symmetry scores across artistic
styles

The violin plot in Figure 10 displays symmetry scores for
six art styles: Abstract, Realism, Cubism, Surrealism, Im-
pressionism, and Pop Art. Realism emphasizes balance and
proportionality, with many symmetry scores in the higher
range (0.6 to 0.9). Cubism’s scores are spread out, with
most at 0.3 to 0.7, indicating its fractured and abstract char-
acter. The violin plot shows stylistic variation, revealing
symmetry-related aesthetics. This graphic visualizes fea-
ture distributions, which helps explain how symmetry af-
fects aesthetic quality and categorization. Symmetry dis-
tinguishes artistic genres, especially Realism and Impres-
sionism.

Figure 11 displays the correlation matrix for 16 charac-
teristics, revealing pairwise correlations between proper-
ties, including symmetry, texture complexity, brightness,
and contrast. The matrix shows considerable connections
between symmetry and contrast (0.8) and colour harmony
and light symmetry (0.9), showing their dependency on
aesthetic quality. Pattern repetition and gradient smooth-
ness correlate with edge density, indicating secondary ef-
fects on artistic appraisal. This graphic identifies strongly
linked characteristics that may affect model performance
if ignored. Strongly linked characteristics may cause re-
dundancy, whereas weak correlations may indicate sepa-
rate categorization. These figures aid in feature selection
and refining for an efficient, understandable model.

Figure 12 displays feature significance ratings from the
Adaptive Feature Filtering Framework. The graphic shows
Light Symmetry (0.9), Color Harmony (0.88), and Symme-
try (0.85) as the most critical aesthetic categorization fac-
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Figure 11: Correlation matrix of selected features

Feature Importance (Adaptive Feature Filtering Framework)
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Figure 12: Feature importance chart based on the adaptive
feature filtering framework

tors. The high rankings of Texture Complexity (0.8) and Vi-
sual Complexity (0.82) emphasize their relevance in assess-
ing creative styles and quality. Pattern Repetition (0.58)
and Brushstroke Size (0.55) are less critical but still valu-
able for the model. This figure prioritizes aesthetic features
for model building, ensuring that informative properties get
more training attention. This graphic helps enhance feature
engineering and classification performance by recognizing
feature significance.

Figure 13 shows the SHAP-based feature importance
plot, highlighting how each feature contributes to the classi-
fication of digital artworks. Features like Light Symmetry,
Color Harmony, and Texture Complexity have the highest
influence, confirming their critical role in aesthetic evalua-
tion. Mid-ranked features such as Gradient Smoothness and
Brushstroke Size also play a meaningful part in style differ-
entiation. Lower-impact features like Theme Encoding still
contribute contextually, ensuring a well-rounded model un-
derstanding. The ranking supports the effectiveness of our
feature selection and preprocessing strategies.

Figure 14 shows the Artistic Style categorization con-
fusion matrix, comparing anticipated and actual labels
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SHAP-Based Feature Importance
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Figure 13: SHAP-based feature importance plot
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Figure 14: Confusion matrix for artistic style classification,
highlighting correctly and incorrectly predicted style labels

for six categories: Abstract, Realism, Cubism, Surreal-
ism, Impressionism, and Pop Art. Diagonal values show
high accuracy across all classes for successfully catego-
rized samples. Low false positives and negatives show
the model’s ability to recognize brushstrokes and textures.
This chart shows that Abstract and Realism are the most
precise, but Realism and Cubism have slight misclassifi-
cations. The matrix shows that the suggested model can
capture intricate creative style nuances, making it suitable
for multilabel categorization. Figure 15 shows the con-
fusion matrix for judging Aesthetic Quality in three cat-
egories: Low, Medium, and High. Most samples were
correctly categorised, demonstrating good performance.
Medium-quality photos have the most accuracy owing to
their unique visual patterns, whereas Low and High labels
overlap somewhat. Minimal false negatives and positives
demonstrate the model’s ability to generalize across aes-
thetic levels. This figure shows that the model can reliably
evaluate and predict aesthetic quality, essential for subjec-
tive artistic appraisal.
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Figure 15: Confusion matrix: aesthetic quality

Figure 16 displays the confusion matrix for Theme Cat-
egory categorization, comparing anticipated and actual la-
bels for Portrait, Landscape, Still Life, Abstract, and Con-
ceptual categories. The model performs well in the Portrait
and Landscape categories, classifying most samples appro-
priately. Abstract topics are often confused with Concep-
tual ones owing to visual patterns. Low false positive and
negative rates confirm the model’s theme discrimination ac-
curacy. This matrix shows the model’s ability to capture
thematic characteristics needed for creative theme analysis.

Table 3: Performance comparison of HMSFN with baseline
techniques under identical training settings

S P 2

: 18 (2|32 |82 %3
Techniques < = = o~ = S [ & <
ResNet [24] 91.5 82.8 0.213 89.2| 74.5 85.7| 89.5| 90.1| 91.1
CNN [20] 92.3 83.7 0.203 90.3| 76.5 86.9| 90.7| 91.2| 91.8
EfficientNet [17] 93.0 84.5 0.198 91.5| 77.8 87.6| 91.8] 92.0| 92.6
DenseNet121 [23] 93.7 85.8 0.183 92.7| 78.9 88.3| 92.5] 93.4| 93.2
VGG [24] 94.1 86.2 0.179 93.0| 79.5 89.0| 92.9] 93.8| 93.5
GANs [16] 92.0 83.0 0.223 90.0| 75.2 86.0| 90.0| 90.5| 91.0
RNNs [15] 90.7 81.5 0.232 88.5| 73.2 84.7| 88.9| 89.4| 89.9
Proposed HMSFN | 99.0 97.5 0.059 98.9| 92.8 97.2] 98.6| 98.7| 99.3

To strengthen the statistical validity of our findings, we
report 95% confidence intervals (CIs) for the key perfor-
mance metrics. For the proposed HMSFN model, classifi-
cation accuracy had a 95% CI of [98.76%, 99.21%], and
the Fl-score ranged between [98.35%, 98.83%]. These
narrow intervals indicate high reliability and low vari-
ance in repeated experiments. Additionally, we per-
formed a Wilcoxon signed-rank test to compare HMSFN’s
performance with the top three baseline models (VGG,
DenseNetl121, and EfficientNet). The test revealed statis-
tically significant improvements with p-values below 0.01
in all cases, confirming that HMSFN’s performance gains
are not due to random variation. Table 3 compares ma-
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Figure 16: Confusion matrix: theme category

chine learning and deep learning algorithms for identify-
ing creative Style and aesthetic quality. Accuracy, LCCR,
log loss, recall, WFCI, ICDD, Fl-score, precision, and
AUC are assessed. Advanced deep learning models like
DenseNetl121, EfficientNet, and VGG beat classic accu-
racy and feature extraction approaches. The suggested Hi-
erarchical Multi-Stream Feature Network (HMSFN) leads
with 99.0% accuracy and 98.6% F1-score, demonstrating
its capacity to handle complicated datasets. Its revolu-
tionary multi-stream architecture blends attention processes
and smart feature selection algorithms. WFCI and ICDD
show the model’s capacity to prioritize essential character-
istics and capture inter-class dispersion, boosting perfor-
mance.

Table 4: Ablation study of HMSFN components

Model Variant Accuracy (%) | Fi-Score (%) | AUC (%) | WFCI (%) | ICDD (%)
Full HMSFN (Proposed) 99.0 98.6 993 928 972
Without Contrast-Balanced Normalization 96.9 958 97.1 862 9356
Without WSFA 95.2 94.8 96.0 84.9 917
Without Feature Filtering Framework (AFFF) 94.7 94.1 955 823 89.4
Without Vision Transformer Component 96.3 952 96.6 87.1 92.8

Table 4 shows how each component of the HMSFN ar-
chitecture contributes to overall model performance. When
any major module was removed—whether it was the nor-
malization, augmentation, filtering, or transformer block—
there was a clear drop in accuracy and other evaluation met-
rics. The Adaptive Feature Filtering Framework (AFFF)
and WSFA, in particular, played a key role in helping
the model generalize better and handle imbalanced classes.
Meanwhile, the Vision Transformer component proved im-
portant for distinguishing between visually similar cate-
gories. These results highlight the value of each component
and support their integration into the final HMSFN design.

Table 5 compares categorization algorithms using met-
rics including Pearson Correlation, Chi-Square, ANOVA,
Spearman’s Rank, Student’s t-test, and Kendall’s Tau.
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Table 5: Comprehensive statistical analysis of classifica-
tion methods (F-statistic and P-value)

Statistical Method | Pearson Correlation (1) | Chi-Square (x2) | ANOVA | Spearman’s Rank () | Student’s t-test | Kendall's Tau ()
ResNet [24] 0385 375 762 3] 0.013 073
CNN [20] 0.87 8.10 7.0 083 0.019 0.76
EfficientNet [17] 088 840 745 0.84 0.016 0.77
DenseNet121 [23] 0.90 8.95 7.94 0.86 0.012 0.78
VGG [24] 091 9.15 8.15 0.88 0.010 0.79
GANs [16] 0.82 7.80 6.85 0.80 0.021 0.70
RNNG [15] 080 740 625 0.78 0.026 0.68
Proposed HMSFN 0.93 9.95 8.60 0.90 0.007 0.81

It ranks the Hierarchical Multi-Stream Feature Network
(HMSFN) first in all categories. The highest Pearson Cor-
relation (0.93) and Chi-Square (x?) score (9.95) indicate
great predictive consistency and accuracy for HMSFN. The
improvements’ low P-value (0.007) supports their statisti-
cal significance. HMSFN’s multi-stream design and fast
feature selection overcome other approaches’ feature fusion
and scalability issues. The table 5 highlights HMSFN’s ro-
bustness and efficacy in classification tasks.
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Figure 17: ROC curve for all labels

Figure 17 shows the ROC curve for Artistic Style, Aes-
thetic Quality, and Theme Category. The curves illustrate
the model’s ability to distinguish classes, with AUC val-
ues between 0.96 and 0.99 indicating strong classification
performance. Artistic Style has the most excellent AUC
at 0.98, followed by Aesthetic Quality at 0.97 and Theme
Category at 0.96. These findings demonstrate the HMSFN
model’s ability to capture complex dataset patterns and re-
lationships in multilabel classification problems. This chart
shows the model’s discriminative capability, crucial for un-
derstanding performance across labels. It shows the bal-
ance between sensitivity (True Positive Rate) and speci-
ficity (False Positive Rate), enabling informed categoriza-
tion results assessment.

Figure 18 displays HMSFN model training and test ac-
curacy trends across 30 epochs. The model improves con-
sistently, reaching a maximum accuracy of 98% at the 24th
epoch. This fast convergence shows the model’s optimiza-
tion efficiency and generalisation capacity to new inputs.
The tiny difference between training and test accuracy sug-
gests low overfitting, demonstrating design resilience. This
significant graphic shows the model’s learning behaviour
and verifies the hyperparameters and training approach.

Figure 19 displays HMSFN training and test loss curves
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Figure 18: Training and test accuracy of HMSFN over
epochs
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Figure 19: Training and Test Loss of HMSFN Over Epochs

over 30 epochs. Model optimization is stable when loss val-
ues converge at the 24th epoch. Test loss closely matches
training loss, indicating modest generalization error. The
learning rate and other hyperparameters are suitable since
loss values decrease smoothly. This number is crucial for
assessing the model’s success in reducing prediction errors
and preserving dataset consistency.

Figure 20 shows the sensitivity analysis of HMSFN hy-
perparameters, such as Learning Rate, Batch Size, Epochs,
Dropout Rate, and Regularization Strength. Epochs had the
most incredible sensitivity (0.94), significantly influenc-
ing model performance. Dropout Rate and Regularization
Strength are sensitive, minimizing overfitting and ensuring
robust learning. This study helps fine-tune the model’s per-
formance by analyzing each hyperparameter’s impact.

4.3 Discussion

The experimental results highlight the effectiveness of the
HMSFN model in handling the challenges of digital art
classification. As shown in Table 3, HMSFN consis-
tently delivered the strongest performance across all key
metrics—achieving 99.0% accuracy, a 98.6% F1-score, and
an AUC 0f 99.3%. These outcomes clearly surpassed other
well-established models like VGG, DenseNet121, and Ef-
ficientNet. Further supporting this, the statistical analysis
in Table 5 confirms the model’s reliability, with HMSFN
showing top scores across correlation and variance-based
tests, and the lowest p-value, indicating the significance of
these results.

A major reason behind this strong performance lies in the
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Figure 20: Sensitivity analysis of HMSFN hyperparameters

use of three custom evaluation metrics—WFCI, LCCR, and
ICDD. These metrics offer deeper insights into the model’s
internal learning behavior. The Weighted Feature Contri-
bution Index (WFCI), for instance, reflects how evenly fea-
tures contribute across the network’s different streams, re-
ducing the risk of over-reliance on any single feature group.
The Inter-Class Distribution Divergence (ICDD) helps as-
sess how well the model can distinguish between similar
styles, which is particularly useful in dealing with subtle
visual differences in art. The Layered Classification Con-
fidence Ratio (LCCR) tracks how confident the model is
across its hierarchical layers, indicating both stability and
reliability in decision-making.

Several design choices contributed to HMSFN’s edge
over other models. The multi-stream architecture allows
the model to analyze artwork at multiple scales, picking up
on both fine textures and broader compositional elements.
Contextual attention helps focus on the most visually im-
portant regions of an image, which is critical for identi-
fying artistic style and quality. Additionally, techniques
like Adaptive Feature Filtering (AFFF) and Weighted Syn-
thetic Feature Augmentation (WSFA) helped improve the
dataset’s balance and relevance, enhancing the model’s
generalization.

That said, we recognize a few limitations in the dataset
that could influence the outcomes. Some artistic styles,
such as Abstract, are heavily represented, while others like
Pop Art and Cubism have relatively fewer samples. Al-
though the WSFA method was used to balance these dis-
crepancies, minor bias may still exist. Also, since aes-
thetic quality labels involve some level of human interpre-
tation, there’s a chance of subjective variation—especially
between categories like Medium and High. These factors,
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although addressed through preprocessing and validation,
should be kept in mind when applying the model to other
or broader datasets.

Some styles in the dataset naturally lend themselves to
more accurate classification because of how visually struc-
tured they are. Realism, for example, typically features
balanced composition, consistent textures, and identifiable
subjects—traits that make it easier for the model to detect
and learn clear patterns. On the other hand, styles like Ab-
stract and Surrealism are more open to interpretation, of-
ten lacking fixed forms or predictable features. This artis-
tic freedom introduces greater variation, which can make
it more challenging for the model to distinguish between
classes. These style-based differences are reflected in both
the feature comparison and confusion matrix analyses, as
seen in Figures 7 and 14.

While an AUC score of 0.99 might seem unusually high
at first glance, it accurately reflects the strong visual distinc-
tions present in our dataset—particularly in styles like Ab-
stract and Realism that have clear and consistent features.
Since the dataset is high-resolution and carefully curated,
the model can distinguish between styles with a high degree
of confidence. In the context of digital art classification,
especially under controlled data conditions, AUC values in
the 0.95 to 0.99 range are not uncommon. That said, we
recognize that in more complex or noisy real-world scenar-
ios, such performance might vary and would likely require
additional model tuning and data refinement.

MMoreover, HMSFN not only outperforms existing ap-
proaches in terms of classification results but also brings a
well-structured and interpretable design that is well-suited
for the nuanced task of analyzing digital artwork.

5 Conclusion

Classifying digital art forms, aesthetic quality, and sub-
ject categories is difficult. This study developed a Hier-
archical Multi-Stream Feature Network (HMSFN). The re-
search found that unique preprocessing and feature selec-
tion methods help the model balance feature representa-
tion and prioritize essential qualities, resulting in excellent
classification accuracy. Multi-scale convolutional layers,
contextual attention mechanisms, and global dependency
models were necessary to capture the dataset’s intricate
interactions. Symmetry, textural complexity, and colour
harmony distinguished creative styles and aesthetic qual-
ities. The model’s excellent accuracy and vital assessment
metrics demonstrate its capacity to handle unbalanced and
high-dimensional input. The study also emphasizes fea-
ture engineering, where Weighted Synthetic Feature Aug-
mentation (WSFA) and Adaptive Feature Filtering Frame-
work (AFFF) guarantee a balanced and enhanced dataset.
Balance was essential for lowering bias toward overrepre-
sented classes and enhancing generalization across under-
represented ones. The model’s excellent accuracy shows its
ability to learn adaptive patterns and correlations, which are
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crucial for subjective and aesthetic judgments. Good accu-
racy shows the model’s technical efficiency and capacity
to match human interpretability and decision-making pro-
cesses, spanning computational precision and artistic sig-
nificance.

HMSFN will be scaled to fashion design and multimedia
content analysis to prove its adaptability. The model might
be improved by using unsupervised and semi-supervised
learning methods to handle unlabeled data frequently in
artistic and cultural datasets. Expanding the dataset to in-
corporate additional creative styles and cross-cultural in-
fluences will deepen global aesthetic trends and test the
model’s universality. With real-time categorisation pro-
cesses, interactive digital art installations and adaptive con-
tent recommendation systems will be possible.
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