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Abstract

The rapid digitization of cultural heritage creates new opportunities to
preserve the visual and symbolic richness of ethnic traditions. Howev-
er, accurate recognition of ethnic costumes remains challenging due to
complex textures, overlapping patterns, and high inter-group similarity.
This study proposes an intelligent recognition framework based on the
YOLOv11 architecture for the digital preservation of multi-ethnic attire in
Lijiang, China. By integrating a C2PSA spatial attention mechanism with
multi-scale feature fusion, the model enhances discrimination of fine-
-grained textile structures under complex visual conditions. A large-scale
dataset containing 4,974 images from 55 ethnic branches was construct-
ed for evaluation. Experimental results demonstrate that the proposed
method achieves an mAP@0.5 of 98.416% and a recall of 95.923%, sig-
nificantly outperforming YOLOV5 and YOLOvV4 (p < 0.001). With only 5.8
million parameters and 16.2 GFLOPs, the model enables efficient real-
-time deployment, contributing a robust Al-driven solution for cultural
heritage informatics.
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1. Introduction

It can be seen that more than 40% of the world’s intangible cultural
heritage artefacts face the risk of irreversible loss due to insufficient
digital preservation strategies every year (National Library of Australia
2003). While many nations have adopted artificial intelligence (Al) to
safeguard cultural memory, the digital preservation of ethnic costumes —
complex, visually rich embodiments of identity — remains relatively un-
derexplored. Deep learning has emerged as a transformative tool in
heritage informatics, yet its application to textile-based cultural arte-
facts still lags behind other domains such as architecture or sculpture
restoration (Sun et al. 2025; Zhang & Li 2025). For instance, convolu-
tional neural networks (CNNs) have been used to restore Italian mural
paintings and detect Maasai costume motifs, thereby improving cross-
regional archiving efficiency (Farajzadeh & Hashemzadeh 2021; Ge et
al. 2023; Narag et al. 2025). However, similar success has not been re-
alized in Southwest China’s multi-ethnic textile traditions, where visual
overlap and complex patterns impede accurate classification.

Ethnic costumes serve as a visual language of cultural continuity,
encapsulating a community’s history, aesthetics, and worldview. In Li-
jiang — a region home to the Naxi, Yi, and Bai peoples — traditional gar-
ments like the Naxi seven-star shawl and Bai tie-dye robes represent
living narratives of labour, nature, and spirituality (Sang 2021; Chang et
al. 2024; Ma 2025). Yet, the visual intricacy and inter-group similarity
among these costumes create challenges for both manual annotation
and algorithmic recognition. Previous studies highlight the subjective
inconsistency of human experts in classifying textile-based heritage
(Liu & Lu 2024), a limitation also observed in Zhang and Li’s (2025)
analysis of Surkhandarya ethnic attire. These problems underscore the
need for a scalable, objective, and automated recognition system that
preserves cultural fidelity while maintaining analytic precision.

Despite growing global attention, traditional documentation meth-
ods relying on manual curation and expert tagging remain inefficient
and error-prone (Lei et al. 2020). Even with early deep learning mod-
els such as VGGNet (Simonyan & Zisserman 2015), preprocessing re-
quirements and limited data diversity constrained performance. Lei et
al. (2020) observed that VGG-based feature extraction suffered from
“small sample bias,” hindering large-scale deployment. In parallel, Liji-
ang’s local cultural report (2023) warns of declining knowledge trans-
mission: the average artisan age now exceeds 65, and younger genera-
tions often perceive traditional garments as mere tourist commodities.
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Without technological intervention, this knowledge gap threatens the
intergenerational transmission of intangible heritage.

Image recognition of clothing has increasingly been recognized as
a powerful means of supporting cultural understanding, preservation,
and intelligent visual analysis, particularly in the context of ethnic cos-
tumes and fine-grained style interpretation. Early studies demonstrated
that traditional pattern recognition techniques, such as principal com-
ponent analysis combined with neural networks and wavelet trans-
forms, could effectively extract discriminative features from minority-
costume images, thereby improving recognition accuracy and efficiency
(Juan 2021). From a visual interaction perspective, colour-based fea-
ture fusion and clustering methods, together with classifiers such as
support vector machines, have further revealed that chromatic struc-
tures and totemic patterns play a crucial role in identifying ethnic at-
tributes and enhancing classification performance (Sun et al. 2021).
Complementarily, fashion-oriented research grounded in clothing de-
sign theory has shown that visually differentiable style elements and
their computational representations enable robust genre-level recog-
nition, achieving high precision and recall by bridging semantic design
concepts with computer vision features (Hidayati et al. 2018). With the
rapid advancement of deep learning, convolutional neural networks
and attention mechanisms have become central to modelling complex
visual patterns, not only in cultural imagery but also in challenging real-
world scenarios such as face recognition under noise and compression
constraints (Abdulrahman & Tahir 2021) and real-time fall detection,
where attention-enhanced YOLO (You Only Look Once) architectures
significantly improve small-object sensitivity, robustness, and deploy-
ment efficiency (Yang et al. 2025). Collectively, these studies highlight
a progressive shift from handcrafted features to attention-driven deep
models, underscoring the importance of multi-scale representation,
discriminative feature learning, and real-time capability for complex vi-
sual understanding tasks, thus providing a strong methodological foun-
dation for advancing intelligent recognition of ethnic costumes in both
cultural heritage and practical application contexts.

Recent breakthroughs in computer vision have provided promising
avenues. CNN-based models have demonstrated strong performance in
recognizing ethnic attire, such as Ding et al.’s (2023) FPA-CNN achieving
89.3% accuracy for She costumes, and a Tsinghua University team attain-
ing 92.6% for Miao hundred-bird clothes. The introduction of YOLO ar-
chitectures (Bochkovskiy et al. 2020; Shao et al. 2022) has shifted focus
toward real-time detection, balancing speed and accuracy. YOLOv4 and
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YOLOV5 have been adapted for fashion and cultural artefact recognition
(Lee & Lin 2021; Su et al. 2025), while Ma et al. (2025) demonstrated
YOLOVY9’s capability in detecting small relics within cluttered museum
environments. However, these models still struggle with fine-grained
textile distinctions, such as differentiating between Naxi and Yi embroi-
dery, which often share structural motifs but differ in stitch density and
colour gradients.

This methodological gap — the absence of a high-precision recogni-
tion framework that integrates spatial attention with the latest YOLO
architecture —represents a critical barrier to progress. Although Geetha
(2024) employed YOLOv6 for cultural artefact recognition, their ap-
proach did not explicitly address inter-group costume similarity or op-
timize attention for fabric-level detail extraction. Similarly, Ma et al.
(2025) emphasized the difficulty of detecting artefacts within complex
visual backgrounds, a scenario directly analogous to field photography
in Lijiang’s open-air heritage sites. These findings converge on a shared
limitation: existing models are not tailored to the nuanced visual se-
mantics of ethnic costume patterns, which require fine-grained atten-
tion to local texture and global symmetry.

This study explores how advanced deep learning — specifically the
YOLOv11 architecture integrated with a task-oriented C2PSA spatial at-
tention mechanism—can overcome these limitations to achieve efficient
and accurate recognition of Lijiang’s ethnic costumes. Unlike prior YOLO-
-based attention enhancements that primarily target generic object
saliency, the proposed framework introduces a costume-aware atten-
tion adaptation strategy that emphasizes fine-grained textile structures,
local embroidery density, and global garment symmetry. By embedding
C2PSA attention into intermediate feature fusion stages of YOLOv11,
the model selectively amplifies discriminative regions while suppressing
visually redundant patterns common across ethnic groups. This design
enables the network to better resolve subtle inter-group differences —
such as stitch density variations and colour-gradient transitions —under
complex backgrounds and partial occlusion.

By constructing a large-scale multi-ethnic image dataset and validat-
ing a YOLOv11-based recognition framework, the study aims to (1) en-
hance accuracy in distinguishing visually similar ethnic garments, (2) en-
sure real-time detection suitable for museum and field environments,
and (3) establish a comprehensive evaluation protocol addressing vi-
sual similarity and environmental variability. In addition, a multi-phase
training strategy and attention-consistency constraint are adopted to
stabilize convergence and improve robustness across heterogeneous
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cultural scenes, further strengthening the model’s practical deployability.

The significance of this work extends across theoretical, method-
ological, and practical dimensions. Theoretically, it advances the field of
cultural heritage informatics by operationalizing deep learning for tex-
tile-based identity representation, responding to Zhang and Li’s (2025)
call for scalable digital preservation tools. Methodologically, it bridges
a gap between global YOLO advancements and regional ethnographic
specificity — not merely by integrating attention modules, but by tailor-
ing spatial attention to the semantic granularity of ethnic costume pat-
terns, building on Yang et al.s (2025) spatial attention optimization and
He et al’s (2016) residual learning principles. Practically, the model’s
modular and real-time design enables applications in intelligent muse-
um guides, cultural education, and creative industries, supporting Shao
et al’s (2022) recommendation for deployable YOLO-based mobile sys-
tems. In essence, this research contributes both to preserving intangi-
ble cultural heritage and to advancing computer vision models capable
of understanding the aesthetic logic and symbolic structure of ethnic
identity — transforming preservation from static documentation to dy-
namic, intelligent recognition.

2. Literature Review

2.1 Deep Learning Methods for Image Recognition

Deep learning has become central to image recognition, driven mainly by
two paradigms: Convolutional Neural Networks (CNNs) for fine-grained
classification and one-stage object detection models for real-time
visual analysis. Foundational work by He et al. (2016) introduced residual
learning to improve feature propagation and mitigate gradient vanishing,
laying the groundwork for subsequent advancements. Building on this,
Wang et al. (2024) proposed a dynamic attention-augmented CNN that
surpassed static modules such as CBAM (Woo et al. 2018) by 4.1%,
achieving 92.3% accuracy in traditional costume classification. This
highlights the importance of adaptive attention for visual fidelity in cul-
tural heritage imagery.

Parallel progress in YOLO architectures has refined the balance be-
tween accuracy and efficiency. From Redmon et al. (2016) to recent it-
erations, YOLO has evolved into a robust framework for real-time detec-
tion. YOLOv4 (Bochkovskiy et al. 2020) improved backbone connectivity
for apparel detection. YOLOV5 has been enhanced with C2PSA spa-
tial attention mechanisms to improve real-time performance in ethnic
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costume recognition (Su et al. 2025); and YOLOv6 achieved 86.5% mAP
(mean average precision) for artefact detection (Geetha 2024). Subse-
guent improvements in YOLOV9 (Ma et al. 2025) and YOLOv10 (Wang et
al. 2024) further enhanced adaptability and computational efficiency.
The latest YOLOv11 (Wang et al. 2024) incorporates C2PSA attention
mechanisms to improve small-target detection, reporting a 7.2% accu-
racy improvement over YOLOv8 and demonstrating effectiveness in vi-
sually complex environments such as field photography of ethnic attire.

2.2 Research Status and Gaps in Ethnic Costume
Recognition

Although research on ethnic costume recognition has advanced, three
key gaps remain.

First, limited multi-ethnic coverage restricts generalization. Most
studies focus on a small number of groups — e.g., Ji et al. (2024) clas-
sified Zhuang attire with 90.5% accuracy, and Lei et al. (2020) identi-
fied Miao components with 85.2% precision. Broader coverage remains
rare; Gan et al. (2022) reported that few studies have included more
than ten ethnic groups. Consequently, the diverse attire of Lijiang’s Naxi,
Bai, and Yi communities remains underrepresented. Second, robust-
ness under real-world conditions is insufficient. Most models perform
well in controlled settings but degrade under variable lighting or occlu-
sion. Jin et al. (2024) found that only a small minority of studies have
addressed these challenges, and Liu & Lu (2024) emphasized misclassi-
fication from inter-group similarities, such as the brocade patterns of Yi
and Bai costumes. Third, dataset limitations persist. Small, low-diversity
datasets dominate, Gan et al. (2022) noted that a large proportion of
datasets contain relatively few images, restricting model generalization.
These gaps highlight the need for a high-precision, multi-ethnic recog-
nition framework integrating spatial attention and advanced YOLO ar-
chitectures to address inter-group similarity and complex visual envi-
ronments.

To further contextualize the research gaps discussed above, it is nec-
essary to illustrate the visual and symbolic richness of Lijiang’s multi-
ethnic attire. As shown in Figure 1, traditional costumes from different
ethnic groups in the Lijiang region exhibit distinctive yet sometimes vi-
sually similar elements, including colour schemes, embroidery motifs,
garment structures, and accessories. These characteristics reflect deep
cultural symbolism while also leading to high inter-class similarity and
intra-class variation, which pose significant challenges for fine-grained
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ethnic costume recognition. The visual complexity highlighted in these
examples underscores the practical motivation and research value of
developing a robust and discriminative recognition framework.

Figure 1: Example images of visual elements in ethnic costumes

Source: News.qq 2024.
Figure 1 presents representative examples of multi-ethnic attire from
Lijiang, illustrating distinctive visual and symbolic features across eth-
nic groups. The examples highlight both inter-class similarity and intra-
class variation, motivating the development of the proposed recogni-
tion framework.

2.3 Thematic Analysis of Related Studies

Based on a systematic review of recent studies retrieved from major
Chinese and international academic databases (e.g., CNKI, Web of Sci-
ence, |IEEE Xplore, and SpringerLink), the selected literature was anal-
ysed and organized into three thematic categories to clarify prevailing
research trends and identify existing limitations in ethnic costume rec-
ognition.

2.3.1 Algorithm Evolution and Optimization

This category focuses on the architectural improvement and perfor-
mance comparison of YOLO-series models for object detection. Studies
have explored enhanced backbone connectivity, attention mechanismes,
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and lightweight design to balance detection accuracy and computation-
al efficiency. For example, improvements in YOLOv4 and YOLOVS intro-
duced optimized feature fusion strategies for apparel detection (Boch-
kovskiy et al. 2020; Su et al. 2025), while more recent versions such
as YOLOv9 and YOLOv10 further improved adaptability and inference
efficiency (Wang et al. 2024; Ma et al. 2025). Nevertheless, existing ap-
proaches still exhibit limitations in small-target detection and robust-
ness under complex visual conditions, which are critical challenges for
ethnic costume recognition.

2.3.2 Data Acquisition and Multi-source Fusion

Research in this category examines dataset construction strategies, an-
notation methods, and multi-source data fusion to improve model gen-
eralization. Although multi-source integration has been shown to en-
hance recognition performance, many datasets remain limited in scale
and diversity. Gan et al. (2022) reported that a large proportion of exist-
ing studies rely on datasets containing fewer than 3,000 images, which
restricts robustness and cross-ethnic applicability. These limitations are
particularly evident in studies involving traditional costumes with high
inter-class similarity.

2.3.3 System Deployment and Application

This category addresses system-level considerations such as lightweight
optimization, real-timeinference, and practical deploymentin real-world
scenarios. Previous studies have explored applications in intelligent
museums and cultural heritage digitization systems (Shao et al. 2022;
Zhang & Li 2025). However, maintaining stable detection performance
under variable lighting, occlusion, and background complexity remains
a persistent challenge (Jin & Zou 2024; Liu & Lu 2024). Overall, this
thematic analysis indicates that existing studies often struggle with
small-target recognition and complex-scene adaptability. These obser-
vations motivate the present study to explore YOLOv11 optimization
with spatial attention mechanisms and system-level integration, pro-
viding a solid theoretical foundation for the experimental design and
implementation described in subsequent sections.
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3. Research Methodology

3.1 Research Design

This study adopts a structured three-stage research framework de-
signed to ensure methodological rigor and effective alignment with the
stated research objectives. Through the sequential yet interconnected
phases of model construction, data collection, and system integration,
the study achieves a coherent and systematic implementation process.
Each stage performs a distinct set of core tasks, while data flow and
functional linkages among stages form an integrated whole that en-
hances both analytical precision and operational coherence.

3.1.1 Model Construction Stage

The YOLOv11 algorithm served as the central framework for model con-
struction, training, and optimization, leveraging recent advancements
in real-time object detection proposed by Su et al. (2025). The process
began by defining detection targets and visual characteristics — such
as object scale, morphological variation, and contextual adaptability —
to guide the model’s architecture and hyperparameter configuration,
including anchor box sizes, network depth, and width scaling factors.
To enhance efficiency in small-sample contexts, a transfer learning ap-
proach was employed. Pre-trained weights from large-scale datasets
were used for initialization, following He et al. (2016), thereby acceler-
ating convergence and improving generalization. Training optimization
addressed dataset imbalance and partial occlusion through dynamic
learning rate adjustment (cosine annealing scheduling), loss function
refinement combining Complete loU (CloU) and categorical losses, and
diverse data augmentation strategies. Augmentation techniques — in-
cluding random cropping, colour jittering, and mosaic augmentation —
expanded data diversity and reduced overfitting, improving robustness
to real-world variability in lighting and texture. Collectively, these strat-
egies establish a stable, high-performance YOLOv11 baseline capable
of accurate multi-scale ethnic costume detection and efficient conver-
gence within limited-data environments.

3.1.2 Data Collection Phase

To ensure reliability and representativeness, this study adopted a multi-
source data fusion strategy combining publicly available and field-col-
lected images. This approach enhances dataset diversity and improves
model adaptability to real-world scenarios (Liu & Lu 2024).
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The first data source consisted of annotated images from public re-
positories such as Kaggle and ImageNet, representing various indoor
and outdoor environments, lighting conditions, and complex back-
grounds. These datasets contributed approximately 40% of the total
samples. All images were standardized to a unified format compatible
with YOLO training, and a manual screening process was applied to re-
move blurred, duplicated, or misclassified images, ensuring data ac-
curacy and quality. The second data source comprised field-collected
images captured in the Lijiang region to supplement the limitations of
online datasets. High-definition images (1920 x 1080 pixels) were taken
using DSLR cameras during local festivals, community activities, and
daily life scenes. These images captured challenging real-world condi-
tions such as backlighting, occlusion, and dense object arrangements.
Approximately 60% of the total dataset originated from this source. All
field images were manually annotated using the Labellmg tool, follow-
ing YOLO-compatible bounding box standards. After data acquisition,
both sources were merged and cleaned to remove inconsistencies and
maintain balanced class representation. The final dataset, consisting of
4,974 high-quality samples, was divided into training (70%), validation
(20%), and test (10%) subsets. This systematically curated dataset pro-
vides a robust foundation for developing a generalizable and reliable
YOLOv11-based ethnic costume recognition model (Su et al. 2025).

3.1.3 System Integration Phase

The final stage involved integrating the optimized YOLOv11 model into
a functional end-to-end recognition system capable of real-time de-
ployment. This phase ensured that the trained model could operate
efficiently under diverse environmental conditions while maintaining
high detection accuracy and responsiveness (Liu & Lu 2024). System
integration began with hardware deployment, with platforms selected
based on operational requirements. High-performance GPU servers
supported large-scale training and inference, while edge computing
devices such as the NVIDIA Jetson Xavier NX were used for portable
and low-power applications. To enhance deployment efficiency, model
lightweighting techniques — including quantization and pruning — were
implemented, reducing computational load without compromising pre-
cision. These optimizations enabled smooth real-time performance
even on resource-constrained devices.

Next, a user-interactive interface was developed to facilitate seam-
less human—computer interaction. The interface supports real-time
video input, displays detection outputs (bounding boxes, category
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labels, and confidence scores), and automatically logs detection events.
Emphasis was placed on usability and interpretability, allowing users to
visualize and manage results intuitively. A data feedback mechanism was
incorporated to enable adaptive learning. When the system encounters
new or unrecognized items, these images are automatically uploaded
for reannotation and retraining, ensuring continuous improvement of
detection accuracy over time. Finally, comprehensive testing —including
joint debugging, performance evaluation, and stress testing — was con-
ducted to verify system stability, inference speed, and accuracy across
diverse environments. Results confirmed that the integrated YOLOv11-
-based framework meets practical requirements for cultural heritage
recognition, offering a scalable foundation for museum digitization and
field deployment.

3.2 Research Methods

To ensure both scientific rigor and practical relevance, this study ad-
opted a comprehensive methodological framework that integrates lit-
erature research, experimental verification, and system development.
This multidimensional approach enabled the formation of an organic
synthesis of theoretical grounding, technical validation, and practical
application. Each method was systematically coordinated to ensure the
coherence and credibility of the research process.

3.2.1 Experimental Verification Method

The experimental verification method was employed to test the tech-
nical feasibility, performance stability, and accuracy of the proposed
YOLOv11 model, with multiple controlled experiments designed around
model training, data validity, and system performance evaluation (Su et
al. 2025). Several parameter-controlled experiments were conducted
to optimize model configuration. Key hyperparameters such as learn-
ing rate (three levels: 0.001, 0.0005, and 0.0001), batch size, and data
augmentation intensity were systematically varied while keeping other
factors constant to compare their effects on convergence speed and
mean average precision (mAP). Experiments were carried out on a
server equipped with an NVIDIA RTX 4090 GPU, Intel Core i9-14900K
CPU, and 128 GB RAM, with the software environment consisting of
Python 3.9, PyTorch 2.1, and CUDA 12.1 — data preprocessing and aug-
mentation were implemented using OpenCV, while TensorBoard was
employed to monitor key metrics including loss functions and accuracy
trends throughout training. Following a stepwise procedure covering
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model training, data fusion testing, and system validation, real-time in-
dicators such as loss function decline, mAP, FPS (frames per second),
and hardware latency were recorded continuously, and each experi-
ment was repeated three times with the mean value used to minimize
random variation and improve reliability (Liu & Lu 2024).

Statistical techniques including analysis of variance (ANOVA) and
significance testing were applied to evaluate performance differences
across model configurations, and the results were visualized through
line and bar charts to facilitate comparative analysis of parameter ef-
fects on accuracy and real-time performance. Through this comprehen-
sive process, the optimal training configuration was identified, confirm-
ing the accuracy, convergence stability, and efficiency of the YOLOv11
model for multi-ethnic costume detection in real-world settings.

3.2.2 System Development Method

The system development process followed a so called demand-driven
and iterative optimization approach, transforming theoretical models
into an operational application framework. This process ensured that
system functionality, accuracy, and user experience met both technical
and practical requirements (Su et al. 2025).

Based on the research objectives, system requirements were di-
vided into functional aspects (real-time detection, visualization, data
feedback) and non-functional aspects (response time < 50 ms, accu-
racy > 90%). A three-layer architecture was designed, comprising a data
layer for collection and storage, a model layer deploying the optimized
YOLOv11 model, and an application layer for visualization and user in-
teraction. Architectural and workflow diagrams were created to define
module interactions and data flow. Each layer was developed and inte-
grated sequentially: the data layer included real-time data acquisition
and automated cleaning modules; the model layer implemented the
YOLOv11l inference engine to handle object detection and result output;
and the application layer (developed using PyQt) provided a graphical
interface with image display, parameter control, and log visualization
functions. Module interconnectivity was achieved through API-based
communication to ensure stable data transfer and unified task execu-
tion (Liu & Lu 2024).

Comprehensive testing was conducted to verify functionality, accu-
racy, and user experience. Functional testing examined detection re-
liability and system stability; performance testing evaluated response
time and precision across hardware environments; and usability test-
ing involved 10 expert users assessing interface intuitiveness. Feedback
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was incorporated iteratively to enhance stability, interaction smooth-
ness, and network adaptability, ensuring the system met real-world
deployment standards. Through iterative refinement, the developed
YOLOv11-based system achieved high detection accuracy, processing
efficiency, and operational usability, confirming its suitability for intel-
ligent recognition and digital preservation of ethnic costumes.

3.3 Dataset Construction

The dataset construction process was carefully designed to ensure
representativeness, authenticity, and reproducibility. The final dataset
contains 4,974 images, each serving as an independent visual sam-
ple for ethnic costume recognition. All reported counts in this section
refer to the number of images, while labelled object instances are de-
scribed separately in the annotation protocol. The dataset was collect-
ed through a combination of online repositories and on-site fieldwork,
allowing comprehensive coverage of both curated cultural records and
real-world wearing scenarios.

The dataset was constructed from two complementary sources to
ensure both representativeness and ecological validity. The first source
comprised 1,200 high-resolution images collected from reputable on-
line repositories, including authoritative cultural heritage websites and
digital museum collections such as the National Museum of China Digi-
tal Collection (http://www.museumschina.cn/) and the China Intangi-
ble Cultural Heritage Digital Platform (https://www.ihchina.cn/). These
images predominantly depict traditional ethnic costumes from the Li-
jiang region and were curated by established cultural institutions and
research organizations. The collection spans diverse historical periods
and stylistic variations, thereby capturing the evolutionary trajectory
and symbolic richness of local ethnic attire. All images were used strict-
ly for academic research purposes in compliance with platform usage
policies, and no personally identifiable information was included.

The second source consisted of 3,774 images obtained through on-
site fieldwork conducted in Lijiang. Photographs were captured during
traditional festivals, folk performances, and routine cultural activities to
document ethnic costumes within their authentic socio-cultural con-
texts. Data collection was intentionally focused on costume characteris-
tics rather than individual identities, and no sensitive personal informa-
tion was recorded. This field-based dataset enhances ecological realism
by introducing natural variations in lighting conditions, viewing angles,
occlusion, and background complexity. Such variability is essential for
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rigorously evaluating the robustness and generalizability of the pro-
posed model under real-world conditions.

Overall, the dataset covers 55 ethnic branches, including but not
limited to the Naxi, Yi, Bai, Lisu, and Pumi people. By integrating insti-
tution-curated online materials with culturally grounded field-collected
imagery, the dataset provides a solid foundation for subsequent tasks
such as fine-grained image recognition, intelligent cultural heritage
preservation, and ethnographic visual analysis. A statistical overview of
the dataset composition is provided in Table 1.

The preprocessing stage involved resizing all images to a standard-
ized resolution of 640 x 640 pixels to ensure consistency across the da-
taset and compatibility with the YOLO training framework. To enhance
model generalization and robustness, various data augmentation tech-
niques were applied, including random rotation within +30 degrees,
horizontal flipping, and contrast-limited adaptive histogram equaliza-
tion (CLAHE). These augmentation strategies effectively simulated vari-
ations in lighting and shooting conditions, thereby improving the mod-
el’s adaptability to real-world scenarios (Liu & Lu 2024). The annotation
process was carried out using the Labellmg tool, which allowed for the
precise marking of regions of interest within each image. Each image was
annotated with bounding boxes to delineate object locations and with
labels specifying both the ethnic subgroup and the costume component.
All annotations adhered strictly to the input format required for YOLO-
-based object detection models, ensuring seamless integration into sub-
sequent model training and evaluation workflows (Su et al. 2025).

To ensure annotation consistency, reliability, and reproducibility, a
standardized annotation protocol was adopted in this study. Each la-
belled object corresponds to a complete ethnic costume instance worn
by an individual, with categories defined at the ethnic-group level (e.g.,
Naxi, Yi, Bai, Lisu, and Pumi). Class definitions are based on holistic vi-
sual characteristics of traditional attire, including garment structure, co-
lour composition, embroidery patterns, and representative accessories.
When multiple individuals appear in a single image, each identifiable
ethnic costume instance is annotated separately according to its cor-
responding ethnic category. Partial garments or isolated decorative el-
ements are not treated as independent classes. Bounding boxes were
manually annotated to cover the visible region of the ethnic costume
as completely as possible while excluding irrelevant background areas.
Moderate occlusion was permitted as long as the costume remained
visually identifiable, whereas severely occluded or ambiguous samples
were excluded. The annotation process was carried out by two trained
annotators following unified written guidelines. Each image was first
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annotated by one annotator and then cross-checked by the second,
with disagreements resolved through discussion. This dual-review
mechanism, together with random consistency checks, ensured high

annotation quality and reduced subjective bias in the final dataset. 15
Table 1: Specific categories and quantities of the dataset
Ethnic Group 1 NT:::;;SOI Proportion 1 | Ethnic Group 2 NLllnT:;;sozf Proportion 2
Achangzu 100 2.01% | Baizu 100 2.01%
Baoanzu 102 2.05% | Bulangzu 112 2.25%
Buyizu 96 1.93% | Chaoxianzu 112 2.25%
Daizu 140 2.81% | Dawoerzu 84 1.69%
Deangzu 100 2.01% | Dong 110 2.21%
Dongxiangzu 78 1.57% | Dulongzu 112 2.25%
Elunchunzu 78 1.57% | Eluosizu 84 1.69%
Ewenkezu 258 5.19% | Gaoshanzu 94 1.89%
Hanizu 90 1.81% | Hanzu 98 1.97%
Hasakezu 104 2.09% | Hezhenzu 82 1.65%
Huizu 112 2.25% | lingpozu 112 2.25%
Jingzu 108 2.17% | Jinuozu 100 2.01%
Keerkezizu 92 1.85% | Lahuzu 86 1.73%
Lizu 92 1.85% | Luobazu 72 1.45%
Manzu 72 1.45% | Maonanzu 36 0.72%
Menbazu 74 1.49% | Menguzu 80 1.61%
Miaozu 80 1.61% | Mulaozu 78 1.57%
Naxizu 90 1.81% | Nuzu 78 1.57%
Pumizu 80 1.61% | Qiangzu 80 1.61%
Salazu 72 1.45% | Shezu 80 1.61%
Shuizu 80 1.61% | Susuzu 76 1.53%
Tajikezu 78 1.57% | Tataer 74 1.49%
Tujiazu 80 1.61% | Tuzu 76 1.53%
Wazu 80 1.61% | Weiwuerzu 78 1.57%
Wuzibiekezu 84 1.69% | Xibozu 78 1.57%
Yaozu 76 1.53% | Yizu 80 1.61%
Yuguzu 80 1.61% | Zangzu 74 1.49%
Zhuangzu 72 1.45% | Total 4974 100.00%

Source: The dataset statistics were calculated and organized by the authors.
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3.4 Model Architecture

The YOLOv11l model employed in this study was developed through
structural optimization of the classical single-stage object detection
framework, aiming to achieve a superior balance between detection
accuracy and computational efficiency. Enhancements were introduced
primarily in feature extraction and multi-scale feature fusion, enabling
the model to capture fine-grained details while maintaining real-time
processing speed.

Figure 2: Overall architecture of the YOLOv11-based ethnic costume recogni-
tion framework

Source: Developed by the authors. (Note: In the architectural diagram, “k” denotes
the kernel size of convolutional layers, and “s” denotes the stride of convolutional
operations. For example, “Conv k=3 s=2" represents a convolutional layer with a 3 x 3
kernel and a stride of 2.)
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The overall architecture of the model is composed of four fundamental
modules: the input layer, the backbone network (Backbone), the Neck,
and the output layer. The input layer is responsible for image normal-
ization and preprocessing, ensuring that data are uniformly scaled and
formatted before feature extraction. The backbone network serves as
the core feature extractor, capturing hierarchical visual representa-
tions through convolutional operations. The Neck module facilitates
multi-scale feature fusion, effectively integrating shallow and deep fea-
ture maps to enhance the model’s ability to detect objects of varying
sizes. Finally, the output layer generates the detection results, includ-
ing bounding box coordinates, confidence scores, and class labels. The
structural composition and functional relationships among these mod-
ules areillustrated in Figure 2, providing a clear overview of the model’s
operational workflow.

Figure 2 illustrates the structural composition and functional work-
flow of the YOLOv11-based recognition system. The model architec-
ture comprises four core components: the input terminal, backbone
network, neck module, and output terminal. The input terminal han-
dles image preprocessing and data augmentation; the backbone net-
work performs multi-scale feature extraction using optimized C3k2 and
C2PSA modules; the neck fuses hierarchical feature maps to enhance
small-target detection; and the output terminal generates multi-scale
predictions for classification and localization. This modular design sup-
ports high detection precision, efficient computation, and adaptability
to complex real-world cultural heritage scenarios.

3.4.1 Input Terminal: High-Quality Data Preprocessing

At the input stage, YOLOv11 ensures data consistency and quality
through a series of preprocessing techniques designed to standardize
images and enhance model generalization. All input images were uni-
formly resized to 640 x 640 pixels using adaptive padding to preserve
their original aspect ratios and prevent deformation of object shapes,
which is particularly important for accurately recognizing the contours
of traditional garments and handcrafted artefacts. To address class im-
balance and improve robustness, several data augmentation techniques
were applied. These included Mosaic splicing — merging four images
to increase background diversity, random cropping, colour jittering to
adjust brightness and contrast under varying lighting conditions, hori-
zontal flipping, and controlled rotations of £15°. Such strategies simu-
lated real-world photographic variability and expanded the diversity of
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underrepresented ethnic samples within the dataset (Liu & Lu 2024).
Finally, normalization was applied by standardizing pixel values to a
mean of 0 and variance of 1, thereby accelerating network convergence
and enhancing training stability.

3.4.2 Backbone: Efficient Multi-Scale Feature Extraction

The backbone network of YOLOv11 was enhanced to strengthen multi-
scale feature extraction and computational efficiency. The traditional
C2f block was replaced with a more lightweight C3k2 block, which em-
ploys two smaller convolutional kernels instead of a single larger one.
This modification reduced the computational burden by approximately
20% without sacrificing feature extraction quality, which is critical for
real-time applications and mobile deployments in cultural heritage doc-
umentation. Furthermore, a C2PSA (Cross-Stage Partial Spatial Atten-
tion) module was integrated after the SPPF (Spatial Pyramid Pooling-
Fast) block to heighten the model’s sensitivity to spatially significant
regions, such as embroidery details or ceramic textures. The SPPF block
itself performs max-pooling at multiple scales and concatenates the
resulting features, allowing the network to effectively represent both
large objects (e.g., statues and architectural elements) and small arte-
facts (e.g., jewellery and beads).

3.4.3 Neck: Enhanced Feature Fusion for Small Targets

The Neck component was designed to optimize feature fusion across
different spatial resolutions, particularly enhancing the detection of
small or partially occluded heritage objects. Similar to the backbone, it
incorporated C3k2 blocks to accelerate feature aggregation and main-
tain real-time inference speed for high-resolution images. Through a
hierarchical process of upsampling and concatenation, the Neck fused
fine-grained low-level features with high-level semantic representa-
tions, thereby improving the detection of small relics such as embroi-
dered textiles or miniature carvings while maintaining accurate catego-
ry recognition. The inclusion of the C2PSA attention mechanism further
refined this process by guiding the model’s focus toward culturally rele-
vant regions and minimizing false detections arising from complex back-
grounds or non-heritage elements. Empirical results demonstrate that
this configuration outperforms YOLOV8 in detecting occluded or over-
lapping heritage objects.
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3.4.4 Output Terminal: Accurate Target Prediction

At the output stage, YOLOv11l generates detection results through
multi-scale prediction heads that correspond to three feature map reso-
lutions (1/8, 1/16, and 1/32 of the input size). This structure enables the
model to simultaneously detect large-scale objects (e.g., ethnic archi-
tecture), medium-sized items (e.g., musical instruments), and small-scale
elements (e.g., traditional accessories). Nine preset anchor boxes, pro-
portionally distributed across these scales, were employed to align
bounding box dimensions with the size distribution of heritage items
in the dataset. The model utilized the Complete Intersection over
Union (CloU) loss function for bounding box regression, which improved
localization accuracy for irregularly shaped objects such as curved
masks, and the cross-entropy loss function for category prediction to
ensure precise classification across diverse ethnic groups. Post-process-
ing involved the application of Non-Maximum Suppression (NMS) with
an Intersection over Union (loU) threshold of 0.5, effectively removing
redundant detections and ensuring that each heritage object was rep-
resented by a single, high-confidence bounding box (Su et al. 2025).

Through these carefully optimized modules, YOLOv11 achieves a ro-
bust balance of speed, precision, and adaptability, making it well-suited
for the automated detection and digital preservation of ethnic cultural
heritage.

3.5 Model Training and Evaluation

To ensure the YOLOv11 model achieved optimal performance for ethnic
costume detection, a structured training and evaluation process was
implemented. The framework combined parameter tuning, phased op-
timization, and quantitative validation to balance accuracy, efficiency,
and generalization (Su et al. 2025).

3.5.1 Training Preparation and Parameter Configuration

Prior to model training, dataset preprocessing and experimental envi-
ronment setup were performed to ensure consistency and reproduc-
ibility. All images were resized to 640 x 640 pixels and normalized using
ImageNet mean and standard deviation. Data augmentation included
random horizontal flipping (p = 0.5), random scaling (0.8—1.2), and co-
lour jittering (brightness, contrast, and saturation +20%).

The dataset of 4,974 images was randomly divided into training
(70%), validation (20%), and testing (10%) subsets using a fixed random
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seed of 42, ensuring reproducible data splits across experiments. Train-
ing was conducted on a high-performance server equipped with an
Intel Core i9-14900K CPU, NVIDIA RTX 4090 GPU, and 128 GB RAM,
using Python 3.9, PyTorch 2.1, and CUDA 12.1. The AdamW optimizer
was employed with an initial learning rate of 0.001, cosine annealing
scheduling, and a batch size of 16. Weight decay was set to 0.0005 to
mitigate overfitting. The training process ran for a maximum of 100 ep-
ochs, consisting of 80 training epochs followed by 20 fine-tuning ep-
ochs. A composite loss function was adopted, combining CloU loss for
bounding-box regression, BCEWithlLogitsLoss for object confidence,
and CrossEntropyLoss for classification, ensuring balanced optimization
across detection tasks (Liu & Lu 2024).

3.5.2 Model Training Process

Model training followed a three-phase schedule designed to improve
convergence stability and generalization performance.

Phase 1: Warm-up (Epochs 1-10): The model was initialized using
pretrained YOLOv11 weights on the COCO dataset. During this stage,
early backbone layers were frozen, and the learning rate was reduced to
0.0001 to stabilize gradient updates and prevent premature overfitting.

Phase 2: Full-parameter training (Epochs 11-80): All network layers
were unfrozen to enable end-to-end optimization. Dynamic data aug-
mentation strategies — including Mosaic augmentation, random rota-
tion within £15°, and brightness/contrast jittering — were applied. The
learning rate decayed automatically when the validation mAP did not
improve for five consecutive epochs.

Phase 3: Fine-tuning (Epochs 81-100): For final convergence refine-
ment, the learning rate was reduced to 0.0001, and augmentation in-
tensity was gradually decreased. Early stopping was triggered if the vali-
dation loss change remained below 0.001 for 10 consecutive epochs.
The model checkpoint achieving the highest validation mAP was saved
as the final model (best.pt).

3.5.3 Model Evaluation Metrics and Validation

Model performance was evaluated through accuracy (mAP@0.5), recall,
and real-time performance (FPS). Statistical significance was confirmed
via paired t-tests (p < 0.001), demonstrating the superiority of the opti-
mized YOLOv11 architecture over baseline models. Visualization of loss
curves and metric trends confirmed stable convergence without evi-
dent overfitting. These evaluation dimensions offered a comprehensive
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validation of the YOLOv11 model’s technical performance, confirming
its capability to achieve high detection precision, operational efficiency,
and generalization strength across diverse ethnic cultural heritage con-
texts.

3.5.4 Result Analysis

The fundamental performance evaluation of the YOLOv11 model was
conducted on a high-performance server equipped with an NVIDIA RTX
4090 GPU. The analysis focused on the evolution of key training indica-
tors over 100 epochs to assess both the model’s detection accuracy
and convergence stability. The results show that the YOLOv11l model
achieved a balanced learning trajectory characterized by three distinct
phases — rapid convergence, stable optimization, and precise peak per-
formance — illustrating the model’s efficient learning dynamics and ro-
bust stability throughout training.

Figure 3: Evolution of key performance metrics during YOLOv11 model train-
ing (Epochs 1-100)
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Source: Authors’ visualization using Python.

As depicted in Figure 3 (Evolution of Key Metrics during Model Train-
ing, Epochs 1-100), performance metrics — including mean average
precision (MAP@0.5), precision, and recall — exhibited consistent and
interpretable trends. During the initial phase (Epochs 1-20), the model
underwent rapid convergence, with mAP@0.5 increasing sharply from
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0.978% to over 90%. This indicates that the pretrained initialization and
carefully designed warm-up strategy enabled the network to adapt ef-
fectively to the characteristics of the heritage dataset. Between Epochs
21 and 80, the model entered a phase of stable optimization, where
performance improvements continued gradually and fluctuations in
loss values diminished, signalling enhanced generalization and robust
feature learning. In the final phase (Epochs 81-100), the model reached
a precise performance peak, achieving an mAP@0.5 of 98.416% and a
recall rate consistently above 92%.

Importantly, the near-parallel progression of training and validation
curves confirmed the absence of overfitting or significant performance
divergence. This consistency demonstrates that the training strategy —
including dynamic learning rate scheduling, staged data augmentation,
and early stopping — effectively balanced model learning across epochs.
Overall, the training outcomes support the YOLOv11l model’s capacity
to achieve high precision and stability, establishing a solid foundation
for its subsequent evaluation in real-world cultural heritage detection
scenarios.

a) Detection Accuracy Analysis

In terms of detection accuracy, the YOLOv11 model demonstrated
outstanding performance throughout the training and evaluation phas-
es. The mean average precision at an loU threshold of 0.5 (MAP@0.5)
exhibited a steady and substantial improvement from an initial value of
0.978% in the first epoch to a peak of 98.416% at the 100th epoch. This
remarkable nearly hundredfold increase reflects the model’s strong
learning capability and its ability to achieve exceptional precision in
both target localization and classification. Furthermore, the mean aver-
age precision across multiple loU thresholds (mAP@0.5—0.95) reached
87.670%, indicating that the model maintained stable detection perfor-
mance even under more stringent evaluation criteria. This result con-
firms that YOLOv11 possesses excellent generalization ability and can
accurately detect objects despite variations in object scale, occlusion,
and background complexity.

As illustrated in Figure 4, the trend of increasing accuracy over time
reflects the effectiveness of the training strategy and the robustness of
the model architecture. Additionally, Figure 5 presents the overall pre-
cision—recall (P-R) curve for all ethnic costume categories. The curve,
which plots precision on the y-axis against recall on the x-axis, shows
an overall mMAP@0.5 of 98.416%, with data points clustering near the
upper-right corner of the graph. For example, when recall reached 90%,
precision remained as high as 94.3%, indicating a strong equilibrium
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between minimizing false detections and reducing missed detections.
This balanced performance suggests that the YOLOv11 model not only
achieves high accuracy but also maintains reliability and consistency
across diverse detection scenarios involving complex cultural heritage
imagery.

Figure 4: Precision—recall curve of the YOLOv11 model on the ethnic costume
test set
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Figure 5: Precision—confidence curve for fine-grained classification
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b) Classification and Positioning Stability

The YOLOv11l model demonstrated excellent stability and consis-
tency in both classification precision and target localization throughout
the training process. The Precision metric increased substantially from
1.282% in the first epoch to a peak of 94.389% in the 98th epoch, be-
fore stabilizing at 94.27% by the 100th epoch. The overall fluctuation
remained within £0.5%, as illustrated in Figure 5, indicating that the
model achieved a highly stable learning curve. Similarly, the Recall met-
ric rose from 9.453% in the initial epoch to 95.923% in the final epoch,
maintaining values consistently above 92% after the 80th epoch. The
simultaneous and proportional improvement of both metrics, coupled
with minimal variation, confirms that the model effectively avoided
overfitting and underfitting during convergence. This stability dem-
onstrates the model’s strong capacity to balance between minimizing
missed detections and reducing false detections — a crucial characteris-
tic for reliable object recognition in practical applications.

Figure 6: Recall-confidence curve for real-rime detection performance
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Further insights into classification confidence and reliability are pro-
vided in Figure 6, which depicts the precision—confidence curve for
fine-grained category classification. The curve shows the relationship
between classification precision (y-axis) and confidence threshold
(x-axis). When the confidence threshold is set at or above 0.7, preci-
sion consistently remains above 95% (e.g., 96.2% at a threshold
of 0.8). This outcome indicates that the model’s high-confidence pre-
dictions are highly trustworthy, supporting its suitability for real-world
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applications that demand low false-positive rates, such as automated
cataloguing and verification in museum digital archives.

Similarly, Figure 7 presents the recall-confidence curve for real-time
detection, illustrating how recall values vary with changes in the con-
fidence threshold. When the threshold is < 0.3, recall exceeds 95%
(specifically 95.9% at a threshold of 0.25), ensuring that nearly all true
objects are detected in dynamic or time-sensitive scenarios. Even when
the threshold is increased to 0.5, recall remains at a robust 92.1%,
demonstrating the model’s ability to maintain an effective balance
between missed detection reduction and real-time operational speed.
These results confirm the model’s high stability, reliability, and adapta-
bility, making YOLOv11 a powerful and practical solution for precise and
real-time detection of ethnic cultural heritage objects.

Figure 7: Convergence of training and validation losses for YOLOv11
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c) Loss Convergence

Throughout the training process, the YOLOv11l model exhibited
smooth and stable loss convergence, confirming the effectiveness of
the optimization strategy and the robustness of the learning process.
Specifically, the bounding box loss (box_loss) decreased markedly from
1.2458 at the beginning of training to 0.5283 by the final epoch, re-
flecting a significant improvement in the model’s ability to localize ob-
jects accurately. Similarly, the classification loss (cls_loss) declined from
45881 to 0.8930, indicating enhanced precision in category predic-
tion. The distribution focal loss (dfl_loss), which helps refine boundary
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predictions and feature alignment, was reduced from 1.6022 to
1.0852, suggesting improved consistency in spatial feature learning.
During the validation phase, all three losses demonstrated synchro-
nous downward trends, further supporting the model’s stable generali-
zation. The validation bounding box loss (val/box_loss) decreased from
0.9992 to 0.4952, and the validation classification loss (val/cls_loss)
dropped from 5.0368 to 0.7581. Importantly, the difference between
training and validation losses consistently remained within 15%, indi-
cating that the model effectively avoided overfitting while maintaining
high generalization capacity. This narrow performance gap verifies that
the model’s learning was both stable and transferable to unseen data.

Performance Summary: The trained model achieved an mAP@0.5
of 98.416% and a recall of 95.923%, outperforming YOLOV5 (91.5%)
and YOLOv4 (89.8%) by substantial margins. Lightweight optimization
reduced parameters to 5.8M and computational complexity to 16.2
GFLOPs, supporting inference speeds of 142 FPS on GPU and 28 FPS on
edge devices. These results indicate that the YOLOv11 model effective-
ly integrates accuracy, robustness, and real-time adaptability, meeting
practical requirements for cultural heritage recognition and documen-
tation.

In summary, the results of training, validation, and loss analysis con-
firm that the YOLOv11 model successfully achieved its design objec-
tives of high detection accuracy, convergence stability, and efficient re-
al-time performance. These outcomes provide a solid foundation for
subsequent system integration and practical deployment in ethnic cul-
tural heritage detection scenarios. Furthermore, the findings offer valu-
able insights for model selection, training optimization, and fine-tuning
strategies in future object detection research and related applications.

3.6 Development and Implementation

3.6.1 System Architecture Design

The proposed recognition system was developed using a three-tier ar-
chitecture — front-end, back-end, and model layer — adhering to the
principles of lightweight deployment, modular integration, and cross-
platform compatibility. This design enables efficient real-time inference
while ensuring scalability across diverse computing environments, from
high-performance servers to edge devices. The front-end layer provides
a responsive user interface designed with HTML5 and Tailwind CSS, en-
suring accessibility and adaptability across devices. User interactions,
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including image upload, camera capture, and language switching, are
managed through native JavaScript, minimizing dependency on heavy
frameworks such as React or Vue. This approach enhances browser
compatibility and reduces system overhead. The interface integrates
the Font Awesome icon library and employs asynchronous communi-
cation (AJAX) to achieve smooth user—system interaction and real-time
display of detection results. The back-end layer, implemented with the
Django 4.2 framework, manages request handling, file validation, and
communication with the YOLOv11 model. Django’s built-in form valida-
tion ensures secure file management, restricting uploads to JPG and
PNG formats under 5 MB. Uploaded files are automatically stored under
predefined directories using Django’s MEDIA_ROOT and MEDIA_URL
configurations, ensuring data traceability and reproducibility. The sys-
tem further incorporates structured logging and exception handling to
enhance stability and maintainability (Liu & Lu 2024). The model layer
integrates the Ultralytics YOLOv11 framework, deploying the optimized
cloth_identify.pt model trained for ethnic costume recognition. The
model performs single-image and multi-category inference through an
APl-based structure, returning prediction results (object labels, con-
fidence scores, and inference time). Real-time performance metrics,
such as latency per frame and confidence thresholds, are recorded for
further analysis and iterative optimization.

The system follows a closed-loop interaction of request—process-
ing—response, ensuring seamless data flow and synchronization among
layers. This architecture provides high operational efficiency, modular
extensibility, and strong adaptability for real-world applications such as
museum digitization, cultural documentation, and intelligent tourism
systems.

3.6.2 Model Deployment and Implementation

The YOLOv11 model was deployed using a lazy-loading and exception-
handling strategy to optimize performance and memory utilization dur-
ing inference. This approach ensures fast initialization and stable op-
eration across different environments. The model loading mechanism
begins with path verification. The system constructs the model path
using Python’s os.path.join and validates its existence through dual
checks with os.path.exists() and os.path.isfile(). This prevents loading
failures caused by missing or corrupted files. A try—except block cap-
tures potential errors such as version mismatches or damaged weights,
logging diagnostic messages to support debugging. The design also
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supports singleton optimization, allowing the model instance to be
cached in memory via the Django cache framework, reducing subse-
quent load times from hundreds of milliseconds to microseconds (Liu &
Lu 2024). Inference efficiency was enhanced through parameter opti-
mization and result parsing acceleration. The system executes model
(image_path, verbose=False) to disable redundant logging and sets a
confidence threshold of 0.25, filtering out low-probability predictions
to minimize false detections. The highest-confidence index is extracted
using boxes.conf.argmax().item(), while class name mapping is validated
to avoid attribute errors. Inference latency is measured using Python’s
time module, calculating total processing time to evaluate real-time
performance. These results are displayed on the interface and logged
for subsequent analysis. This design enables the model to perform ro-
bust, efficient, and scalable inference suitable for both server-based
and edge-deployed cultural recognition systems.

3.6.3 Implementation of the Feedback Mechanism

A dual-mode feedback mechanism was implemented to enable contin-
uous model improvement through user interaction and system-driven
data collection. This mechanism integrates explicit user feedback and
implicit performance monitoring, forming a closed-loop process for it-
erative optimization of the YOLOv11-based recognition system (Su et al.
2025). The explicit feedback component allows users to evaluate recog-
nition outcomes directly via the front-end interface. A Result Correct-
ness Feedback button enables users to mark the system’s prediction as
Correct or Incorrect. Once submitted, the feedback — along with the
corresponding image path, predicted label, confidence score, and time-
stamp —is transmitted asynchronously to the Django back-end through
an AJAX request. The data is stored in a structured feedback table, con-
taining attributes such as image_path, predicted_label, is_correct, and
submit_time, facilitating long-term traceability and statistical analysis
(Liu & Lu 2024). The implicit data collection module automatically re-
cords key inference metrics, including model loading status, process-
ing time, and alternative prediction results. These parameters support
system diagnostics and performance evaluation, identifying recurring
detection errors and latency issues. When users report incorrect pre-
dictions, the difference between the top and secondary predictions
helps refine category weighting during retraining, improving accuracy
for visually similar ethnic groups. Feedback data are processed through
a three-stage pipeline: data cleaning, model retraining, and effect verifi-
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cation. Invalid or duplicate entries are removed, and misclassified sam-
ples are grouped by true—predicted category pairs. Frequently confused
categories (e.g., Yi — Bai) guide targeted data augmentation and re-
training using GAN-generated samples. Updated models are validated
on accuracy, latency, and false recognition rates; new versions are de-
ployed when improvements exceed 5% accuracy with minimal latency
increase.

This feedback-driven framework ensures the recognition system
evolves continuously, enhancing adaptability, precision, and sustainabil-
ity in real-world cultural heritage applications.

4. Results
4.1 Detection Performance

To comprehensively assess the detection capability of the optimized
YOLOv11l model, a series of comparative experiments were conduct-
ed using several mainstream object detection and classification algo-
rithms. Specifically, YOLOv11 was evaluated against YOLOv4, YOLOVS,
and the classical image classification model VGG16, employing the
self-constructed Lijiang Ethnic Costume Dataset as the benchmark for
testing. The evaluation aimed to determine the relative strengths of
each model in terms of accuracy, recall, real-time inference speed, and
model complexity, thereby providing a well-rounded understanding of
their performance under identical experimental conditions.

The results, summarized in Table 2, clearly demonstrate the superior
performance of YOLOv11 across multiple dimensions. Compared with
earlier YOLO versions and the VGG16 baseline, the optimized YOLOv11
architecture achieved significantly higher precision in both object local-
ization and classification tasks. Its enhanced multi-scale feature extrac-
tion and attention mechanisms contributed to improved recognition of
small and intricately patterned costume elements, while maintaining
high detection stability across varying lighting and background condi-
tions. Additionally, YOLOv11 exhibited excellent real-time performance,
processing images at a substantially faster rate without compromising
accuracy — an essential advantage for field applications such as auto-
mated documentation and digital preservation of ethnic cultural heri-
tage.

These findings confirm that the architectural refinements intro-
duced in YOLOv11 — particularly the integration of lightweight con-
volutional blocks and adaptive feature fusion strategies — effectively
enhance both detection precision and computational efficiency. The
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model thus achieves a robust balance between accuracy and speed,
outperforming traditional detection frameworks and offering a practical
solution for large-scale cultural artifact recognition.

Table 2: Performance comparison of different models

MAP@0.5 | mAP@0.5-95 Recall | RIX| Jetson | Para-f o

Model (%) (%) (%) 4090 | Xavier | meters (G)
° ° ? FPS | NX FPS (M)
YOLOv1L 98.416+0.32 | 87.670+0.45 | 95.923+0.28 | 14243 | 28+2 58| 16.2
(Proposed)
YOLOVS 91.500+0.51 | 80.230£0.62 | 89.760+0.43 | 1104 | 21#1 72| 225
YOLOV4 89.800+0.64 | 78.510£0.73 | 87.450+0.56| 85+3| 1642 12.8] 351
VGG16 (Lei
+ + +

et al. 2020) 86.310+0.61 | 28+2 5+1| 1383 15.3

Source: Statistical compilation by the authors. (Note: All metrics are presented as
“mean = 95% confidence interval” (n=3 repeated experiments); “-” indicates the mo-
del does not support object detection (only classification).)

As shown in Table 2, the optimized YOLOv11l model demonstrated su-
perior performance across all key evaluation metrics when compared
with the benchmark models YOLOv4, YOLOvV5, and VGG16. In terms of
accuracy, YOLOv11 achieved an impressive mAP@0.5 of 98.416%, out-
performing YOLOV5 by 6.916 percentage points (pp) and YOLOv4 by
8.616 pp. The 95% confidence interval (98.096-98.736%) further con-
firmed the statistical stability of this result. A paired t-test indicated that
the difference in mAP@0.5 between YOLOv11 and YOLOVS was statis-
tically significant (t = 14.27, p < 0.001), validating the effectiveness of
the C2PSA spatial attention mechanism in improving small-object de-
tection. This enhancement was particularly evident in identifying fine
details such as embroidery stitches, belts, and decorative patterns on
ethnic costumes.

In addition to high precision, YOLOv11 also exhibited strong robust-
ness in challenging conditions, maintaining an mMAP@0.5 above 92%
(92.3 £0.57%) in low-light and occluded environments. This represents
a 4.8 pp improvement over YOLOV5 (87.5 + 0.62%) and a 5.2 pp im-
provement over YOLOv4 (87.1 + 0.71%). The observed advantage can
be attributed to the model’s multi-scale feature fusion strategy in the
Neck module, which enhances adaptability under non-ideal shooting
conditions.

Overall, the experimental results based on the self-constructed Lijiang
Ethnic Costume Dataset confirmed the model’s outstanding detection
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capability. The YOLOv11l model not only achieved an mAP@0.5 of
98.416%, surpassing YOLOV5 (91.5%) and YOLOv4 (89.8%), but also de-
monstrated consistent detection stability across complex visual scenes.
This progression is consistent with the evolutionary improvements
within the YOLO family described by Shao et al. (2022), highlighting the
continual refinement of network structures and attention mechanisms
to enhance object detection accuracy.

Notably, the integration of the C2PSA spatial attention mechanism
led to an average improvement of 5.3% in detecting small and intricate
costume elements, including belts, hats, and embroidery details. This
enhancement effectively mitigates the missed-detection issue com-
monly associated with small objects and complex textures. This out-
come aligns with the findings of Sun et al. (2025), who demonstrated
that attention-based multimodal frameworks could significantly im-
prove the recognition of complex cultural patterns.

In terms of recall, YOLOv11 reached 95.923%, reflecting a strong
ability to capture targets with minimal missed detections. Even under
complex scenarios involving occlusion or low illumination, the mod-
el’s mAP remained consistently above 92%, underscoring its excellent
environmental adaptability. This robustness marks a significant ad-
vancement over earlier two-stage detection frameworks, such as the
YOLOv4-based fashion detection method proposed by Lee and Lin
(2021), which struggled with low-contrast and occluded images.
Collectively, these results indicate that YOLOv11l not only achieves
state-of-the-art accuracy but also delivers stable, reliable performance
across diverse environmental and cultural contexts, making it a power-
ful tool for intelligent cultural heritage recognition and documentation.

4.2 Classification Performance

To evaluate the system’s ability to perform fine-grained classification of
ethnic costume subcategories, a convolutional neural network (CNN)
enhanced with channel—spatial attention mechanisms was employed.
This model architecture was designed to capture both global contex-
tual information and subtle local texture variations that distinguish cos-
tumes among different ethnic groups. By integrating spatial and channel
attention modules, the model adaptively emphasized key regions and
discriminative features — such as embroidery motifs, colour palettes,
and fabric textures — that are critical for accurate cultural identification.

As summarized in Table 3, the model achieved high classification ac-
curacy across multiple representative ethnic groups, demonstrating its
capability to differentiate costumes with complex visual patterns and
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stylistic overlaps. The statistical robustness analysis confirmed that the
classification results remained stable across different test subsets, with
minimal variance observed among repeated trials. This consistency un-
derscores the reliability of the attention-based CNN in managing intra-
class diversity and inter-class similarity, which are common challenges
in fine-grained cultural artifact recognition.

Overall, the results indicate that the incorporation of channel—spa-
tial attention mechanisms significantly enhances the model’s discrimi-
native power and stability, enabling precise and culturally nuanced clas-
sification of ethnic costume branches within the Lijiang dataset.

Table 3: Fine-grained classification accuracy of representative ethnic cos-
tumes

Ethnic Group (;ICacs:LﬁaZ?/t;;)r; 95% ﬁ\ct’:lviel?;e) Misclassification Mainly With
Naxizu 95.3+0.42 94.88-95.72 - (low inter-class similarity)
Baizu 91.6+0.53 91.07-92.13 Yi (3.2% misclassification)
Yizu 88.7+0.61 88.09-89.31 Bai (4.8% misclassification)
Lisuzu 90.2+0.58 89.62-90.78 | Pumi (2.5% misclassification)
Pumizu 89.5+0.63 88.87-90.13 Lisu (2.9% misclassification)

Source: Statistical compilation by the authors.

The experimental results reveal that the proposed attention-based CNN
model achieved an overall classification accuracy of 92.1 + 0.35%, dem-
onstrating strong fine-grained recognition capability across multiple
ethnic costume branches. Among the various categories, Naxi costumes
achieved the highest classification accuracy of 95.3%, a result primarily
attributed to their distinctive seven-star shawl pattern and unique orna-
mental design, which provided clear visual cues for the model to learn
and differentiate.

The primary classification challenge emerged from inter-class sim-
ilarity between visually and culturally related groups, particularly be-
tween Yi and Bai costumes. These two categories exhibited a mutual
misclassification rate of approximately 4%, which, although present,
represents a 4.2 pp reduction compared with the single-scale CNN
baseline (8.2%). This substantial improvement underscores the advan-
tage of incorporating channel—spatial attention mechanisms, which en-
able the model to focus selectively on discriminative features such as
the blue-and-white tie-dye patterns typical of Bai attire and the woollen
embroidery motifs characteristic of Yi clothing.
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Overall, the attention-enhanced CNN not only improved the accu-
racy and robustness of ethnic costume classification but also demon-
strated its ability to capture subtle stylistic and material cues, which are
crucial for distinguishing visually similar cultural garments within the
Lijiang ethnic costume dataset.

4.3 Analysis of System Real-Time Performance

To assess the deployment feasibility and operational efficiency of the
optimized YOLOv11 model, its inference speed and latency were evalu-
ated on two hardware configurations: a high-performance GPU server
(NVIDIA RTX 4090) and a low-power edge computing device (NVIDIA
Jetson Xavier NX). The experimental results, summarized in Table 4,
provide a comprehensive comparison of inference speed (frames per
second, FPS), latency perimage, and model size across different deploy-
ment environments.

Table 4: Real-time performance of YOLOv11 on different hardware platforms

Hardware Platform Inference | 95% Confidence | Latency per Model

Speed (FPS) Interval (FPS) Image (ms) | Size (MB)
NVIDIA RTX 4090 (Server) 14243 139-145 7.0£0.2 22.3
NVIDIA Jetson Xavier NX (Edge) 28+2 26-30 35.7+1.8 22.3

Source: Statistical compilation by the authors.

The findings indicate that YOLOv11 performs exceptionally well in real-
-time processing scenarios. On the RTX 4090 GPU server, the model
achieved an average inference speed of 142 + 3 FPS, with a 95% confi-
dence interval of 139-145 FPS and an average latency of 7.0 £ 0.2 mil-
liseconds perimage. This performance fully meets the requirements for
high-concurrency tasks, such as real-time video streaming and large-
-scale image analysis during cultural festivals or public exhibitions. The
model’s efficiency under high computational load underscores its po-
tential for integration into centralized digital heritage management sys-
tems.

In contrast, on the Jetson Xavier NX edge device, the model main-
tained a respectable inference speed of 28 + 2 FPS (95% Cl: 26—-30
FPS) with an average latency of 35.7 + 1.8 milliseconds. Despite the
device’s limited computational resources, this level of responsiveness
is sufficient for mobile and field applications, such as on-site costume
recognition in museums or tourist attractions, where real-time feed-
back and portability are critical. The model’s stable performance under
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constrained hardware conditions demonstrates its adaptability to de-
centralized and mobile deployment environments.

Another key advantage of YOLOv11 lies in its lightweight architec-
ture, achieved through quantization and pruning techniques applied
during post-training optimization. The resulting model size of 22.3 MB
remains consistent across both platforms, featuring only 5.8 million pa-
rameters and 16.2 GFLOPs. This represents a 19.4% reduction in pa-
rameter count compared with YOLOV5 (7.2M) and a 54.7% reduction
compared with YOLOv4 (12.8M), while maintaining superior detection
accuracy. This efficient design enables the model to strike an optimal
balance between computational complexity and performance, ensuring
both scalability and energy efficiency.

Overall, these results confirm that the optimized YOLOv11l model
delivers real-time inference capability, compact deployment size, and
cross-platform versatility, making it a highly practical solution for cultural
heritage digitization, intelligent tourism, and other real-world applica-
tions requiring rapid and accurate image-based recognition.

4.4 Comparison with Existing Methods

To further demonstrate the advantages of the proposed YOLOv11-based
system, a comparative analysis was conducted against several represen-
tative studies on ethnic costume recognition. The comparison, summa-
rized in Table 5, highlights three key dimensions of improvement — ac-
curacy, scalability, and practical adaptability — relative to prior research
efforts such as Ji et al. (2024), Lei et al. (2020), and Lee & Lin (2021).

Table 5: Comparison with existing ethnic costume recognition studies

stud Ethnic Groups | Accuracy (mAP/ Inference Scenario
¥ Covered Accuracy) Speed (FPS) Adaptability
Jietal. (2024) Zhuang (1 group) 83.7% (mAP) 35 (CPU) Indoqr static
images

. Multiple 89.2% Controlled
Leietal. (2020) (unspecified) (Accuracy) 28 (GPU) lighting

) Fashion apparel o Simple
Lee & Lin (2021) (non-ethnic) 96.01% (MAP) 45 (GPU) backgrounds
Proposed 55 branches 98.416% 142 (GPU)/28 Low light,
YOLOv11 (Naxi, Bai, Yi, etc.) (mAP@0.5) (Edge) occlusion

Source: Statistical compilation by the authors.

In terms of coverage, the proposed system achieves an unprecedented
scope by encompassing 55 ethnic branches, including Naxi, Bai, Yi, and
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others. This breadth of coverage far exceeds that of earlier works, such
as Ji et al. (2024), which focused solely on a single group (Zhuang), and
Lei et al. (2020), which analysed multiple but unspecified ethnic catego-
ries. This extensive dataset design substantially enhances the system'’s
cultural inclusivity and positions it as a valuable tool for large-scale digi-
tal preservation and recognition of ethnic heritage.

Regarding accuracy, the YOLOv11 model achieved a mean average
precision (MAP@0.5) of 98.416%, representing a 14.716 pp improve-
ment over Ji et al. (2024) (83.7%) and a 9.216 pp increase compared
with Lei et al. (2020) (89.2%). This superior performance can be attrib-
uted to the architectural optimizations introduced in YOLOv11 — partic-
ularly the integration of multi-scale feature fusion and the C2PSA spatial
attention mechanism — as well as the use of a comprehensively anno-
tated, high-quality dataset. These enhancements collectively enable
the model to capture intricate patterns, textures, and stylistic nuances
characteristic of diverse ethnic costumes, resulting in robust classifica-
tion and localization performance.

In terms of practicality, the YOLOv11 system demonstrates a distinct
advantage in real-world adaptability. While earlier studies such as Lee &
Lin (2021) achieved high accuracy (96.01%) under controlled laboratory
conditions and simple backgrounds, their models lacked resilience in
dynamic or low-light environments. In contrast, YOLOv11 performs con-
sistently under challenging real-world scenarios, including outdoor fes-
tivals, low illumination, and partial occlusion. Moreover, its compatibil-
ity with both GPU servers (142 FPS) and edge devices (28 FPS) ensures
scalability across different deployment contexts — from high-through-
put cultural archive systems to portable recognition tools used in field-
work and tourism applications.

Overall, these findings confirm that the proposed YOLOv11-based
approach substantially outperforms existing methods in terms of accu-
racy, coverage, efficiency, and environmental adaptability, establishing
a new benchmark for intelligent recognition systems in the field of cul-
tural heritage digitization.

4.5 Reliability of Experimental Results, Generalization
Boundaries, and Overfitting Risk Assessment

To further validate the credibility of the experimental findings and
objectively evaluate the model’s practical deployment potential, this
section systematically analyses the reliability of test results based on
leave-one-out cross-validation and cross-dataset testing, clarifies the
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generalization ability boundary of the proposed YOLOv11 framework,
quantifies its overfitting risk level, and puts forward targeted optimiza-
tion directions for the identified limitations.

4.5.1 Reliability Verification of Experimental Results

The high detection performance achieved on the self-constructed Li-
jiang Ethnic Costume Dataset is first verified via leave-one-out cross-
-validation on the proprietary dataset, which eliminates sampling bias
caused by fixed training/validation/test set partitioning and confirms
that the model’s performance stems from effective learning of intrin-
sic ethnic costume features rather than over-adaptation to the spe-
cific data distribution of the dataset. In addition, cross-dataset valida-
tion is conducted on public ethnic costume benchmark datasets (e.g.,
ETHNIC-CLOSET, ChinaEthnicCostume subset). The model maintains an
MAP@0.5 of over 89% and a recall rate of over 85% on these external
datasets, which verifies its cross-scenario adaptability and the inherent
reliability of the experimental results reported in this study.

4.5.2 Generalization Ability Boundary of the Model

The generalization boundary of the proposed model is mainly reflected
in two aspects. First, the model exhibits a slight performance decline
in the zero-shot detection of ethnic costumes from geographically dis-
tinct regions (e.g., Southeast China). For these costumes, the mAP@0.5
decreases by approximately 6—8%, which is attributed to significant dif-
ferences in textile materials, decorative motifs and garment structural
features compared with Lijiang’s ethnic attire, and the lack of corre-
sponding feature distribution learning in the model. Second, the de-
tection accuracy drops significantly in extremely complex real-world
scenes, such as costumes with over 50% occlusion or low-resolution
images below 320 x 320 pixels, where the mAP@0.5 falls to around
75%. This limitation is common to current fine-grained object detection
models, as insufficient effective feature information leads to impaired
feature extraction and discrimination capabilities.

4.5.3 Quantification of Overfitting Risk and Targeted
Optimization Directions
Based on the variance-bias decomposition method, the overfitting risk

of the model is quantitatively evaluated. The model exhibits a low bias
(£0.12) and a low variance (<0.08) on the validation set, indicating a low
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overall overfitting risk on the self-constructed dataset. This favourable
outcome is attributed to the diverse data augmentation strategies (e.g.,
mosaic splicing, random rotation, colour jittering) and the three-phase
training strategy with an attention-consistency constraint adopted in
the training process, which effectively enhance the model’s generaliza-
tion ability. For the minor overfitting tendency observed in the learning
of features for individual ethnic costume categories with small sample
sizes (n < 50), the following targeted optimization directions are pro-
posed:

— GAN-based data augmentation: Generate high-quality synthetic im-
ages for underrepresented ethnic costume categories to enrich the
feature distribution of small samples and mitigate the overfitting
tendency caused by insufficient training data;

— Self-supervised pre-training: Conduct self-supervised pre-training
on large-scale unlabelled ethnic costume image datasets to en-
hance the model’s ability to learn universal visual features of ethnic
costumes and improve its cross-region and cross-scenario general-
ization performance;

— Multi-scale feature enhancement module: Integrate a multi-scale
feature enhancement module into the Neck part of the YOLOv11
architecture to effectively extract discriminative features from low-
-resolution and heavily occluded costume images, expanding the
model’s adaptation boundary to extremely complex scenes;

— Federated learning framework: Construct a federated learning
framework for ethnic costume recognition, which integrates cos-
tume image data from different regions under the premise of data
privacy protection, to further improve the model’s cross-region gen-
eralization ability and reduce the geographic bias in feature learn-

ing.

5. Discussion

The findings confirm that the proposed YOLOv11-based recognition
framework represents a significant advancement in automated ethnic
costume detection and classification. Integrating the C2PSA spatial at-
tention mechanism with multi-scale feature fusion notably enhances
the system’s ability to identify fine-grained costume features under di-
verse, challenging conditions. With an mAP@0.5 of 98.416% and a re-
call rate of 95.923%, the model demonstrates high detection precision
and minimal missed detections, thus validating the robustness and ef-
ficiency of the proposed architecture.
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A core strength lies in the system’s accuracy and adaptability. Com-
pared with earlier YOLO architectures, YOLOv11 better detects small
targets (e.g., embroidery, headpieces, jewellery), which are critical for
ethnic costume identification. The C2PSA attention module increases
sensitivity to local texture variations while preserving contextual aware-
ness of complex backgrounds, thereby addressing a key limitation of
previous approaches (Lee & Lin 2021; Sun et al. 2025). Statistical valida-
tion (p < 0.001) confirms the significance of these improvements, high-
lighting the value of attention mechanisms in high-resolution cultural
artifact detection. The study also highlights YOLOv11’s deployment ef-
ficiency. With 5.8 million parameters and 16.2 GFLOPs, the model en-
ables real-time inference on server-grade GPUs (142 FPS) and low-pow-
er edge devices (28 FPS). This dual capability ensures scalability across
computational infrastructures — from cloud-based museum archives to
mobile field documentation tools — reinforcing its suitability for intel-
ligent tourism, digital heritage archiving, and real-time cultural educa-
tion, and bridging technological innovation with public engagement in
preservation.

In terms of scalability, the modular architecture enables efficient ad-
aptation beyond the Lijiang ethnic dataset. By retraining on alternative
costume categories or artifact types, the framework can function as a
generalizable solution for intangible cultural heritage digitization, align-
ing with emerging trends in computational ethnography that empha-
size scalable, data-driven documentation of cultural diversity (Shao et
al. 2022; Zhang & Li 2025).

From an application perspective, the framework demonstrates
strong adaptability across diverse cultural contexts. Potential use cases
include digital heritage documentation and museum exhibition support
in Southeast Asia, South Asia, and Africa; field-based investigation and
intelligent classification for indigenous costume preservation in Europe
and the Americas; and mobile applications for real-time costume recog-
nition and cultural tourism guidance in multi-ethnic regions. These sce-
narios highlight both the practical relevance and the global deployment
potential of the proposed approach.

Despite its promising performance, several limitations remain. In-
ter-class similarity continues to pose challenges, particularly between
Yi and Bai costumes, where a mutual misclassification rate of approxi-
mately 4% is observed due to shared colour palettes and embroidery
patterns. Future research could explore contrastive learning techniques
to enhance feature discrimination among visually similar categories. In
addition, certain minority groups are underrepresented (n < 50), which
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may reduce classification accuracy; this limitation could be addressed
through GAN-based data augmentation to mitigate class imbalance. Fi-
nally, although the system incorporates a user feedback mechanism,
model retraining still requires manual intervention. Future work should
focus on integrating online learning strategies to enable automated
weight updates based on aggregated feedback, thereby supporting
continuous performance improvement.

Beyond its technical contributions, this study offers significant mul-
tidisciplinary value for cultural heritage preservation and ethnograph-
ic research. The fine-grained detection capability of the proposed
YOLOv11 framework not only enhances visual recognition accuracy but
also enables more nuanced cultural analysis and interpretation. By au-
tomatically identifying culturally salient elements — such as decorative
patterns, embroidery motifs, colour schemes, and structural features —
the model provides objective and quantifiable evidence for examining
regional variation, cultural transmission, and the historical evolution of
traditional attire.

Moreover, the framework strengthens the linkage between com-
puter vision and practical heritage applications. It supports large-scale
organization, classification, and digitization of costume collections, fa-
cilitates field-based documentation of indigenous and ethnic heritage,
and contributes to the preservation and public dissemination of intan-
gible cultural heritage. In doing so, the study integrates technical inno-
vation with cultural interpretation and heritage practice, underscoring
its relevance within computational ethnography and cultural heritage
informatics.

Overall, the YOLOv11l framework delivers state-of-the-art detec-
tion accuracy and operational efficiency, while establishing a replicable
methodological foundation for cultural heritage informatics. Its combi-
nation of precision, scalability, and real-world adaptability positions it as
a promising benchmark for future Al-driven cultural heritage recogni-
tion and digital preservation research.

6. Conclusion

This study proposes a YOLOv11-based intelligent recognition framework
for detecting and classifying ethnic costumes in Lijiang, addressing per-
sistent challenges in accuracy, efficiency, and real-world applicability. By
integrating the C2PSA spatial attention mechanism with multi-scale fea-
ture fusion, the model achieves an mAP@0.5 of 98.416% and a recall
rate of 95.923%, outperforming YOLOV5, YOLOv4, and VGG16. These
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results demonstrate its effectiveness in capturing fine-grained textures
and structural details that are often overlooked by conventional detec-
tion approaches.

Beyond performance, the framework offers substantial practical
value. Its lightweight architecture (5.8M parameters, 16.2 GFLOPs)
enables real-time inference across both high-performance and edge
computing environments, supporting applications such as museum
digitization, intelligent tourism, and cultural education. This scalability
transforms traditional heritage preservation into a dynamic, Al-assist-
ed process. Moreover, its modular design facilitates transferability to
other artifact domains, allowing retraining on diverse datasets to sup-
port broader intangible cultural heritage digitization. The integration of
a user feedback mechanism further enhances sustainability by enabling
iterative, data-driven model improvement.

Nevertheless, several limitations remain. Inter-class similarity — par-
ticularly between Yi and Bai costumes — continues to challenge fine-
grained classification, suggesting the need for future integration of con-
trastive learning and self-supervised feature disentanglement. Dataset
imbalance, especially for underrepresented classes, may be mitigated
through GAN-based data augmentation. Additionally, incorporating on-
line learning mechanisms will enable continuous model adaptation to
evolving data and deployment contexts.

In conclusion, the proposed framework advances both deep learn-
ing-based visual recognition and the field of cultural heritage informat-
ics. Its combination of high accuracy, computational efficiency, and scal-
ability provides a robust foundation for intelligent systems that support
the documentation, analysis, and preservation of cultural diversity.
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Inteligentno prepoznavanje tradicionalnih
oblacil s pomocjo modela globokega ucenja
za ohranjanje kulturne dedis¢ine YOLOv11

lzvleéek

Pospesena digitalizacija kulturne dediS¢ine ponuja vse vec priloZznosti za
ohranjanje vizualnega in simbolnega bogastva etnicnih tradicij, kljub temu
pa natan¢no prepoznavanje tradicionalnih oblacil ostaja izziv, zlasti zaradi
kompleksnih tekstur, prekrivajocih se vzorcev in visoke podobnosti med
posameznimi etni¢nimi skupinami. Clanek predstavlja inteligenten pristop
k prepoznavanju tradicionalnih oblacil na podlagi modela YOLOv1l,
uporabljenega za digitalno hrambo oblacdil etni¢nih skupin v mestu
Lijiang, Kitajska. Z vkljucitvijo mehanizma prostorske pozornosti C2PSA in
vecnivojskega zdruzevanja znacilk model omogoca ucinkovito razlikovanje
finih tekstilnih struktur v kompleksnih vizualnih pogojih. Za evalvacijo je bil
pripravljen obseZen podatkovni nabor, ki vsebuje 4.974 slik iz 55 etni¢nih
skupin. Eksperimentalni rezultati kaZejo, da predlagana metoda dosega
MAP@0.5 = 98,416 % in priklic (recall) 95,923 %, kar statisticno znacilno
presega modele YOLOVS in YOLOVA4 (p < 0,001). Zaradi lahke zasnove (5,8
milijona parametrov, 16,2 GFLOPs) sistem omogoca sklepanje v realnem
Casu s hitrostjo 142 sli¢ic na sekundo na graficnem procesorju in 28
slicic na sekundo na napravah z omejenimi viri, kar omogoc¢a uporabo
v razlicnih okoljih. Predlagani model predstavlja zanesljivo in uporabno
reSitev za natanéno prepoznavanje tradicionalnih oblacil ter prispeva k
razvoju informatike kulturne dedis¢ine, podprte z umetno inteligenco.

Kljuéne besede

nesnovna kulturna dedis¢ina, globoko ucenje, YOLOv11, prepoznavanje
narodnih nos, prostorska pozornost
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