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ARTICLE INFO ABSTRACT

Keywords: Backgraund: This research aims to develop a fully automated 3D pattern generation and
artificial intelligence virtual fitting system for national garments based on artificial intelligence and machine learning
machine learning technologies. Methods: The study collected 10,247 images of national garments and decorative
national garments elements. Convolutional Neural Networks (ResNet-50, EfficientNet-B7) and Vision Transformer
3D modeling (ViT) architectures were trained for decorative element recognition. Generative Adversarial
virtual fitting Networks (StyleGAN2) were applied for 2D-to-3D pattern conversion. Point Cloud Library
pattern generation and Marching Cubes algorithm were used for 3D body scan data processing. Physics-based
cultural heritage cloth simulation was implemented in Unity3D environment. Results: The developed Al model
computer-aided design recognized decorative elements with 96.3% accuracy. The 2D-3D conversion algorithm achieved

87.5% geometric precision. The virtual fitting system demonstrated 92.8% correspondence with
real garments. The system reduced production time by 2.7 times and decreased design errors
by 68Conclusion: The Al-based automated system significantly increases efficiency in national
garment production, reduces costs, and enables creation of personalized products.

1. Introduction

1.1. Background and Context

The global textile and apparel industry is currently undergoing an intensive transformation driven by digital
technologies. The widespread adoption of three-dimensional (3D) design tools, virtual simulation platforms, and
computer-aided design (CAD) systems has contributed to improving product development efficiency, minimizing
production costs, and accelerating design workflows [1 ,2]. Nevertheless, recent scientific studies indicate that existing
digital solutions remain insufficient for modeling garments with complex cultural and structural characteristics,
particularly traditional and national clothing items [3, 4].

National garments from Central Asian countries, including Uzbekistan, Kazakhstan, Tajikistan, Kyrgyzstan,
and Turkmenistan, represent unique cultural products that combine historical heritage, artistic craftsmanship, and
functional design. These garments differ significantly from modern Western fashion models due to their intricate
embroidery patterns, multilayer constructions, and specific fabric properties [5, 6]. Atlas silk dresses, chapan robes, ton
jackets, and embroidered caps (doppi) serve as prominent examples of cultural symbolism and craftsmanship embedded
in regional textile traditions [7, 8]. Therefore, accurately representing such garments in digital environments requires
specialized modeling strategies that go beyond conventional fashion design approaches.

1.2. Problem Statement

Currently, widely used 3D garment modeling platforms such as CLO 3D, Marvelous Designer, and DC Suite
are primarily optimized for modern apparel with simplified construction. These systems do not adequately support
the technical requirements of national garments, including complex sewing technologies, multilayer structural
configurations, placement of traditional decorative elements, and fabric-specific physical behaviors [9, 10]. As a result,
the process of creating culturally accurate and realistic digital garment models remains a challenging task.

Furthermore, the development of virtual garment models tailored to individual body measurements still heavily
depends on the designer’s expertise and manual operations. This dependency limits the large-scale automation and
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Al Framework for 3D National Garments

industrial deployment of digital fashion workflows [11, 12]. At the same time, the rapid growth of e-commerce
and increasing consumer demand for personalized designs, accurate fit, and diverse color options have made mass
customization and personalization key directions in the modern apparel industry [13, 14].

Market studies indicate that approximately half of consumers experience difficulties in finding ready-made
garments that fit properly, while 70-80% of clothing products fail to fully correspond to standardized size labels.
This situation leads to high return rates, customer dissatisfaction, and significant financial losses for manufacturers and
retailers [15, 16]. In the domain of national clothing, the absence of unified sizing standards and the complexity of
traditional production technologies further intensify this problem, increasing the demand for intelligent and adaptive
digital modeling solutions [17].

1.3. Current Developments in Machine Learning and Al

The textile sector is experiencing new opportunities as a result of recent advances in machine learning (ML) and
artificial intelligence (AI) technologies [22, 23]. In image analysis, automatic pattern generation, and enhancement
of virtual simulation quality, modern techniques such as deep learning algorithms, neural networks, and generative
adversarial networks (GANs) have demonstrated notable performance improvements [24, 25, 26].

While Vision Transformers (ViT) have shown promising results in capturing long-range dependencies in visual
data, Convolutional Neural Networks (CNNs) continue to achieve remarkable performance in image classification and
object detection tasks [27, 28]. Generative models, particularly GANs and diffusion-based models, have significantly
transformed content generation across multiple application domains, including fashion design [29, 30]. Based on
learned data patterns, these models are capable of producing realistic visual content, converting two-dimensional (2D)
designs into three-dimensional (3D) representations, and generating novel design variations [31, 32].

Nevertheless, the application of these technologies in the national clothing industry remains at an early stage of
development and has not yet received sufficient research attention [33].

1.4. Research Deficit

Although Al-powered fashion technologies have achieved substantial progress, several critical research gaps still
remain. One of the most significant limitations is the absence of specialized datasets that comprehensively represent
both the structural characteristics and ornamental features of Central Asian national clothing [34]. The lack of
standardized and annotated data resources restricts the development, training, and validation of intelligent modeling
systems tailored specifically for culturally distinctive garments.

1.5. Research Deficit (Continued)

2. Limited automation for complex patterns: The complex geometric and floral structures commonly found in
traditional embroidery remain challenging for current digital modeling technologies to process automatically
[35].

3. Inadequate fabric simulation: Conventional cloth simulation models are unable to accurately reproduce the
unique physical and mechanical properties of traditional textile materials such as bekasam, adras, and atlas
silk [36].

4. Lack of cultural context awareness: Existing Al-based fashion systems do not sufficiently incorporate the cultural
significance and symbolic meanings associated with traditional decorative elements [37].

5. Inadequate personalization capabilities: Virtual fitting systems do not adequately account for individual user
preferences and body asymmetries that are typical of custom-made national garments [38].

1.6. Research Objectives

This study aims to address the identified gaps in national garment production through the development of an
intelligent and automated digital modeling framework. The primary objective of this research is to design a fully
automated 3D pattern generation and virtual fitting system based on artificial intelligence and machine learning
algorithms. Specifically, the proposed system is expected to accomplish the following tasks:

1. Develop and train deep learning models to automatically recognize and classify national ornamental elements
and textile patterns with high accuracy (greater than 95%).

2. Design an automated 2D-to-3D conversion pipeline that transforms conventional two-dimensional garment
patterns into three-dimensional digital models while preserving the structural integrity of national clothing
designs.
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3. Construct personalized virtual garment models using 3D body scanning data, enabling accurate fitting by
considering individual body measurements, asymmetries, and unique anthropometric characteristics.

4. Simulate the physical behavior of traditional fabrics such as atlas, adras, bekasam, and related materials in order
to achieve realistic draping, deformation, and motion in virtual environments.

5. Develop an Al-assisted recommendation module that provides optimized garment construction suggestions by
integrating asymmetric body features and traditional design principles.

1.7. Importance of the Research

The significance of this study can be evaluated from multiple scientific and technological perspectives. From a
scientific standpoint, this research introduces novel algorithmic solutions for automated decorative element recognition,
intelligent pattern generation, and personalized virtual fitting. The proposed framework represents one of the first
comprehensive applications of artificial intelligence and machine learning technologies specifically tailored to the
domain of national apparel production.

Furthermore, the outcomes of this research contribute to the advancement of interdisciplinary fields such as
human—computer interaction, generative modeling, and computer vision by integrating cultural design knowledge with
intelligent digital fashion systems [39, 40].

1.8. Practical Impact, Economic Benefits, and Cultural Preservation

Practical Impact: It is anticipated that the proposed intelligent modeling system will significantly improve
production efficiency in national garment manufacturing. Specifically, the system is expected to reduce design errors
by approximately 60-70%, decrease the number of required physical prototypes by nearly 80%, and accelerate the
overall production workflow by two to three times. Furthermore, the automated pipeline will enable the creation of
customized products that are better aligned with individual customer requirements and preferences [41, 42].

Economic Benefits: From an economic perspective, the implementation of the proposed system is expected
to reduce operational costs for national clothing manufacturers, shorten the time-to-market cycle, and enhance
competitiveness in digital fashion marketplaces. In addition, the integration of virtual garment technologies with
international e-commerce platforms is anticipated to increase global market exposure, potentially expanding market
reach by 300-400% [43, 44].

Cultural Preservation: Beyond technical and economic advantages, this research contributes to the preservation
and promotion of national cultural heritage. The developed digital framework enables the representation of traditional
garments within virtual environments and online cultural platforms, including digital museums and educational
applications. This approach is expected to increase public awareness, encourage youth engagement with national
clothing traditions, and support the long-term preservation of cultural identity through modern digital technologies
[45, 46].

1.9. Article Structure

The remainder of this article is organized as follows. Section 2 presents the research methodology, including
data acquisition procedures, artificial intelligence model architectures, and evaluation metrics. Section 3 reports the
experimental results and performance analysis. Section 4 discusses the obtained findings, provides comparisons with
existing studies, and highlights limitations and future research directions. Finally, Section 5 summarizes the main
contributions of this work and outlines its practical and scientific implications.

2. Methods

2.1. Research Design and Overall Architecture

The research was conducted over a two-year period from January 2024 to December 2025. The proposed system
architecture consists of four major functional modules: (1) Data Collection and Preprocessing Module, (2) Al-based
Decorative Element Recognition Module, (3) 2D-to-3D Pattern Conversion Module, and (4) Virtual Fitting and
Simulation Module [45, 46]. Each module was developed independently and subsequently integrated into a unified
framework following a modular software engineering strategy.

The overall system workflow follows a sequential processing pipeline as described below:

= Input: User design specifications and body measurement data
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Dataset composition and category distribution

Category Number of Images | Description

Atlas silk dresses 2,341 Traditional women’s dresses made from atlas silk
Chapan and robes 1,876 Traditional outer garments for men and women
Hats and headwear 1,523 Including doppi, tubeteika, and regional headwear
Decorative elements 3,189 Embroidery patterns, geometric and floral motifs
Fabric patterns 1,318 Textile surface patterns and weaving designs
Total 10,247 Combined dataset

Module 1: Data preprocessing and augmentation

Output: Realistic virtual garment visualization

2.2. Data Collection and Preprocessing
2.2.1. Dataset Construction

A comprehensive dataset of national garments and decorative textile elements was constructed to support model
training and evaluation. Data were collected from multiple authoritative sources [47]:

Module 2: Al-based decorative pattern recognition and classification
Module 3: Conversion of 2D garment patterns into 3D mesh representations

Module 4: Physics-based virtual fitting and garment simulation

= Uzbekistan National Museum: 3,247 historical garment samples spanning from the 16th to the 21st centuries.

* Craft centers in Bukhara, Samarkand, and Khiva: 2,156 contemporary national garment examples.

= Digital archives and online catalogs: 4,844 high-resolution images obtained from international museum
collections and cultural heritage databases.

In total, 10,247 images were collected and categorized according to garment type and decorative characteristics,
as summarized in Table 1.

2.2.2. Data Preprocessing and Augmentation
All collected images were standardized to a uniform resolution of 512 x 512 pixels in RGB color format using
bilinear interpolation [48]. To address class imbalance and improve model generalization performance, extensive data
augmentation was applied using multiple transformation strategies [49].
Geometric transformations included:

® Random rotation in the range of -15° to +15°

= Horizontal and vertical flipping

= Random cropping and scaling with a factor range of 0.8x to 1.2x

= Affine transformations including shear and translation

Color space augmentations were applied as follows:

= Brightness adjustment (+20%)

Contrast adjustment (x20%)

« Saturation modification (£15%)

Hue shifting (£10°)
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Noise and blur operations included:

Gaussian noise injection with o= 0.01
Salt-and-pepper noise with density of 0.01

Gaussian blur using a 3 x 3 kernel size

Advanced augmentation techniques were further applied to enhance robustness:

AutoAugment policies learned from dataset statistics [50]
MixUp and CutMix strategies for improved regularization [51]

Random erasing to simulate occlusions and partial visibility [52]

After augmentation, the total dataset size increased to 51,235 images. The dataset was then divided into training
(70%), validation (15%), and test (15%) subsets using stratified sampling in order to preserve class distribution
consistency [54].

2.3. Al-based Decorative Element Recognition System
2.3.1. Model Architectures

Three state-of-the-art deep learning architectures were evaluated for decorative element recognition performance
[55, 56].

Model 1: ResNet-50

ResNet-50 is a 50-layer residual neural network with skip connections. Pre-trained weights from ImageNet (1.28
million images across 1000 classes) were utilized, followed by fine-tuning for 30 epochs with gradual layer unfreezing.

Architecture: Convl — MaxPool — ResBlock x 16 — AvgPool — Fully Connected
Trainable parameters: 25.6 million

Learning rate: 0.001 with cosine annealing schedule

Batch size: 32

Optimizer: Adam (4, = 0.9, £ =0.999, £= 1079)

Model 2: EfficientNet-B7 EfficientNet-B7 applies compound scaling to optimize network depth, width, and
input resolution. The model contains approximately 66 million parameters and employs mobile inverted bottleneck
convolution (MBConv) blocks.

Transfer learning with ImageNet pre-training

Architecture: MBConv blocks with squeeze-and-excitation modules
Learning rate scheduling: cosine annealing with warm restarts

Data augmentation: AutoAugment and RandAugment

Mixed precision training (FP16) for computational efficiency

Model 3: Vision Transformer (ViT-B/16) Vision Transformer adapts transformer architectures for visual
recognition tasks by dividing images into fixed-size patches.

Patch size: 16 x 16 pixels (1024 patches per image)

Transformer encoder blocks: 12 layers

Multi-head self-attention: 12 heads with embedding dimension of 768
Positional encoding: learnable 1D positional embeddings
Classification head: MLP with GELU activation

Pre-training dataset: ImageNet-21k (14 million images)
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2.3.2. Training Procedure
All models were trained using the PyTorch 2.0 framework on an NVIDIA A100 GPU with 40 GB VRAM capacity
[57]. The following training configuration and optimization strategies were applied: Optimization settings:

* Maximum training epochs: 100

Early stopping: patience of 10 epochs based on validation accuracy

= Loss function: categorical cross-entropy with label smoothing (= 0.1)

Evaluation metrics: Accuracy, Precision, Recall, F1-score, and AUC-ROC

° Regularization: dropout rate of 0.3 and L2 weight decay of 1 x 107*

Gradient clipping: maximum norm of 1.0

Learning rate schedule: The learning rate was adjusted using cosine annealing as defined by:

)

nh=4 x0.5x 1+ cos ‘/ﬁ

where #denotes the current epoch and 7" represents the total number of training epochs.
Training monitoring and evaluation:

« TensorBoard was used for logging training loss curves and evaluation metrics

Model checkpointing was performed by saving the best-performing model based on validation F1-score

« Confusion matrix analysis was conducted after each epoch

Per-class performance metrics were tracked to evaluate class-wise recognition accuracy

2.4. 2D-to-3D Pattern Conversion System
2.4.1. Generative Adversarial Network Architecture

To convert two-dimensional garment patterns into three-dimensional representations, a modified StyleGAN2-
based architecture was developed [60, 61]. The framework consists of two main components: a generator network
and a discriminator network, which are trained jointly in an adversarial learning manner. The generator is responsible
for synthesizing realistic 3D garment representations from 2D pattern inputs, while the discriminator evaluates the
authenticity of generated samples and provides feedback to guide the optimization process.

Generator Network Input layer:

= 2D pattern image with resolution 512 x 512 x 3 (RGB)

Encoder path:

Conv2D (64 filters, 7 x 7 kernel, stride = 1) + LeakyReLU (0.2)

Conv2D (128 filters, 4 x 4 kernel, stride = 2) + Instance Normalization + LeakyReLU

Conv2D (256 filters, 4 x 4 kernel, stride = 2) + Instance Normalization + LeakyReLU

Conv2D (512 filters, 4 x 4 kernel, stride = 2) + Instance Normalization + LeakyReLU

Conv2D (512 filters, 4 x 4 kernel, stride = 2) + Instance Normalization + LeakyReLU

Latent space representation:
< Latent vector dimension: z € R512
Mapping network:

= Eight fully connected layers with transformation 512 — 512
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« LeakyReLU activation applied between layers

* Output style vector: w € R512

Synthesis network:

Constant learned input of size 4 x 4 x 512

= Progressive upsampling with style modulation

Adaptive Instance Normalization (AdalN) applied at each convolutional block

Stochastic noise injection for controlled variation

« Five upsampling stages: 4 x4 — 8x8 — 16 x 16 — 32x 32 — 64 x 64
Output layer:

« 3D mesh vertex coordinates: 4/ x 3

e Texture map: 512 x 512 x 3 (RGB)

« Normal map: 512 x 512 x 3 (surface detail representation)

Discriminator Network
Input layer:

= Real or generated 3D garment pattern representation

Convolutional path:

Conv3D (64 filters, 4 x 4 x 4 kernel, stride = 2) + LeakyReLU (0.2)

Conv3D (128 filters, 4 x 4 x 4 kernel, stride = 2) + LeakyReLU

Conv3D (256 filters, 4 x 4 x 4 kernel, stride = 2) + LeakyReLU

Conv3D (512 filters, 4 x 4 x 4 kernel, stride = 2) + LeakyReLU

Conv3D (512 filters, 4 x 4 x 4 kernel, stride = 2) + LeakyReLU
Minibatch standard deviation layer:

« Compute standard deviation across the batch for each spatial location

= Append the computed statistics as an additional feature channel
Classification path:

« Fully connected layers: 512 — 256 — 1

= Output: real/fake probability using sigmoid activation
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2.4.2. Loss Functions

The total training objective consists of four complementary loss components designed to improve geometric
accuracy, texture consistency, and visual realism [62]:

Total loss function:

ltotal = jlladv + jzlg + 134 + jﬁtlperceptual

eom exture

1) Adversarial Loss (Wasserstein GAN with Gradient Penalty):

[ ]
Luy = B[AAD)] - E[DD)] + 4y, - E (IIW(r)IIz - 1)2

where . denotes the input 2D pattern, yrepresents the real 3D pattern, £'is the generator, 2 is the discriminator,

Zis the interpolated sample, and .4, = 10 is the gradient penalty coefficient.
2) Geometric Accuracy Loss (Chamfer Distance):

1 > 2 1 2 2
= rin|lr - %% nfin||.xr — >
15l e | 151 25

geom

where S1 denotes the predicted point cloud and .52 represents the ground truth point cloud.
3) Texture Consistency Loss (L1 + SSIM):

( )
Liexture = @ * "7;3red - Tgtlll +(1-a- 1- SSIM(%red: Tgt)

where 7},q is the predicted texture map, 7, is the ground truth texture map, and @ = 0.5 is the weighting coefficient.
4) Perceptual Loss (VGG-16 Feature Space):

z 2
Lperceptual = ”¢/(6(ID - g 2

where @, represents the feature maps extracted from the #th layer of a pre-trained VGG-16 network.
The loss weighting coefficients were empirically determined using grid search validation experiments and set as
follows:

21:1.0, 22=10.0, /23=5.0, 14=2.0

2.5. 3D Body Scanning and Avatar Creation
2.5.1. Point Cloud Data Processing

For 3D body scanning, an Intel RealSense D435 depth camera was utilized with the following technical
specifications [63]:

= Depth resolution: 1280 x 720 pixels

« Frame rate: 30 frames per second

« Effective depth range: 0.3-3.0 meters

= Measurement accuracy: +2% at a distance of 2 meters

The acquired point cloud data were processed using a multi-stage preprocessing pipeline. Step 1: Noise removal
(Statistical Outlier Removal) The following parameters were applied:

= Number of nearest neighbors: £;cighbors = 50

» Standard deviation multiplier: stdgesholg = 1.0
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Algorithm: Statistical Outlier Removal For each point z in the point cloud:
= Compute distances to its £ nearest neighbors:

distances = compute_distances(z, £ nearest_neighbors(2))

+ Compute mean and standard deviation:

«=mean(distances), o= std(distances)

= Remove outlier points:
if d[ﬂ) > s+ Stlpreshold * 7 = remove(p)

Step 2: Downsampling (Voxel Grid Filter)

* Voxel size: 2 mm x 2 mm x 2 mm

* Purpose: Reduce computational complexity while preserving geometric details
« Result: Approximately 80% reduction in point cloud density

Step 3: Surface Reconstruction (Marching Cubes Algorithm) [64]
= Grid resolution: 2563 voxels

« Iso-value: 0.0 (zero-crossing of signed distance function)

* Output: Triangle mesh composed of vertices and faces

Step 4: Mesh Optimization (Laplacian Smoothing)

* Number of iterations: 10

* Smoothing factor (4): 0.5

« Constraint: Preservation of feature edges and mesh boundaries

2.5.2. Parametric Body Model
The SMPL (Skinned Multi-Person Linear) body model was adapted for national garment fitting applications [65].
SMPL represents the human body surface as a parametric function of shape, pose, and asymmetry parameters:

Mp 60 =7+ B(H+ L8+ 5LI)

where:

7": Mean template mesh (6,890 vertices)

£ Shape parameters (10-dimensional vector controlling body proportions)

= & Pose parameters (72-dimensional vector representing 24 joints with 3 degrees of freedom each)

B /): Shape blend shapes learned from body scan datasets

2,{£): Pose blend shapes for corrective deformation

B,[J): Asymmetry blend shapes (novel contribution)
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The asymmetry parameter vector is defined as:

J= [J;houlder’ déhest’ é;vaist! J}‘lip’ 4eg]

Each parameter controls left—right anatomical differences in specific body regions. The asymmetry blend shapes
were learned using Principal Component Analysis (PCA) applied to 23 anthropometric measurements, including:

= Height, weight, and BMI

« Circumference measurements: neck, chest, waist, hip, thigh, calf

« Length measurements: shoulder width, arm length, leg length, torso length
« Breadth measurements: shoulder, chest, and hip width

2.6. National Fabric Simulation
2.6.1. Physical Testing Equipment

Mechanical and physical properties of traditional fabrics were measured using laboratory-grade textile testing
equipment [66]:

« Tensile tester: Instron 5965 Universal Testing Machine

« Bending tester: KES-FB2 Pure Bending Tester

« Surface tester: KES-FB4 Surface Tester

« Thickness measurement device: Digital micrometer (precision: 0.001 mm)

Measured fabric parameters included density, bending rigidity, shear resistance, surface friction, and thickness for
atlas silk and bekasam (cotton—silk blend) textile materials.

2.6.2. Physics-Based Cloth Simulation

A Position-Based Dynamics (PBD) cloth simulation framework was implemented within the Unity3D engine for
real-time garment animation and deformation modeling [67, 68].

Each fabric mesh vertex was treated as a particle with the following physical attributes:

» Position: .1y € R3

e Velocity: ;€ R3

e Mass: 7,€ R

« Inverse mass: w,= lm/ (set to zero for fixed particles)

2.6.3. Cloth Constraints and Simulation
1. Distance Constraints (Stretching/Compression):

Gislln, 1) = ln - ol - 4

where ab is the rest distance between particles.
2. Bending Constraints:

Coend( 11, 12, 13, 1) = arccos(7y - ) - &

where 721 and 722 are the normals of adjacent triangles, and b is the rest bending angle.
3. Collision Constraints:

Gz n)=(x-p) - n

where pis the collision point and 7zis the surface normal.
Simulation Loop:
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Parameter Value Description

Time step (A?) 0.01s Fixed time step for stability

Solver iterations 8 Constraint solving iterations

Damping coefficient 0.2 Energy loss factor
Property Atlas Silk Bekasam Cotton-Silk Description
Base Color (Albedo) (255, 245, 230) (240, 220, 200) RGB color
Metalness 0.10 0.05 Reflective coefficient
Smoothness 0.85 0.75 Surface gloss
Normal Map High Detail Medium Detail Surface relief
Ambient Occlusion ~ 0.80 0.75 Light shadow intensity

Apply external forces (gravity, wind)
Predict positions: +* = x+ At v
Generate collision constraints

Solve all constraints iteratively
Update velocities: 7= (Hew — XoidVAZL
Apply damping: = {1 - damping)
Update positions: ¥= %y

N onm kLD =

Simulation Parameters:

2.6.4. Physically-Based Rendering (PBR)

For realistic garment visualization, the rendering pipeline implemented a PBR shader using the Bidirectional

Reflectance Distribution Function (BRDF):

/ (/1 ”) = ’ézz’/Lamben + 'éstook»Torrance

where:
« /=light direction,
e p=view direction,
e k4 4= diffuse and specular coefficients. The
Cook-Torrance specular term:

__DFG
/Cook-Torrance - 4(”. /](71@

where:
« 0= Normal Distribution Function (GGX/Trowbridge—Reitz)
» /' =Fresnel term (Schlick’s approximation)
* (= Geometry function (Smith’s method)

Material Parameters:

Lighting setup included HDRI environment maps (indoor/outdoor), one directional light (sun simulation, intensity

= 1.0), 3-5 point lights for accent illumination, and real-time reflection probes.
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2.7. Evaluation Methodology
2.7.1. AI Model Evaluation
A confusion matrix was used for classification performance:

TP+ TN
Accuracy =
TP+TN+ FP+FN
Precision = —LE__ Recall = L} F=2x Prec1§19n - Recall
TP+FP TP+ FN Precision + Recall

Macro and weighted averaging were applied for multi-class evaluation, and AUC-ROC metrics were computed for
performance validation.

2.7.2. 3D Geometric Accuracy
3D reconstruction quality was evaluated using:
Chamfer Distance (CD): s
s, 5= = minfle-olP + == = min - P
153 |, 28 |5 ey, 2651
Hausdorff Distance iHD):
HD(S, ) =max sup # |lx- ), sup inf -l
1ES VES JES, ¥ES
Normal Consistency (NC):
15 |
|l m)
ISl e

Volume Similarity (VS):

202 1 00y,

IARRZY
2.7.3. Virtual vs. Real Garment Correspondence

Fifty national garments were compared between real and simulated conditions. Physical garments were measured
using calibrated tools (0.1 mm accuracy), and 15 key body measurement points were compared statistically using
paired #tests.

Subjective evaluation used a 5-point Likert scale (1 = Poor, 5 = Excellent) for realism, fabric texture, decorative
accuracy, and color matching.

NS, $) =

Vs

2.7.4. User Experience Evaluation
System usability was measured using the System Usability Scale (SUS):

SUS=2.5x (Adjusted Responses)
Interpretation: < 50 = Poor, 50-70 = OK, 70-85 = Good, > 85 = Excellent.

2.8. Statistical Analysis

Statistical tests were performed using Python libraries: NumPy 1.24, SciPy 1.10, Pandas 2.0, Matplotlib 3.7, and
Seaborn 0.12.

Applied statistical methods included:

« Parametric tests: Paired #test, Independent #test, One-way ANOVA, Repeated-measures ANOVA

= Non-parametric tests: Wilcoxon signed-rank, Mann—Whitney &/, Kruskal-Wallis

Correlation: Pearson (linear), Spearman (monotonic)

Effect sizes: Cohen’s &, 772

= Significance: # = 0.05, Confidence interval = 95%
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Model Accuracy (%)  Precision (%)  Recall (%) F1-score (%) Inference Time (ms)

ResNet-50 93.2 92.8 93.5 93.1 12.3+1.2

EfficientNet-B7 96.3 96.1 96.5 96.3 18.7+18

ViT-B/16 95.7 95.4 95.9 95.6 24.5+23
Table 2

Comparison of model performance on decorative element recognition.

Category Precision (%) Recall (%) F1-score (%)  Support (%)
Geometric patterns 97.8 98.1 97.9 31.7
Floral motifs 96.2 96.8 96.5 26.8
Islamic ornaments 954 95.1 95.2 232
Animal depictions 94.1 93.7 93.9 12.3
Calligraphy elements 93.5 94.2 93.8 6.0

Table 3
Per-class performance of EfficientNet-B7.

3. Results

3.1. Al-based Decorative Element Recognition Results

3.1.1. Model Performance Comparison
Three deep learning models were evaluated on the test set (2= 1,537 images):
Key findings:

EfficientNet-B7 achieved the highest accuracy (96.3%), significantly outperforming ResNet-50 (z < 0.001,
paired Ztest).

ViT-B/16 showed competitive performance but 31% longer inference time.

ResNet-50 offered the best speed—accuracy tradeoff for real-time applications.

All models exceeded the 90% threshold required for deployment.

Statistical significance: ANOVA test: /(2, 4608) = 127.43, p < 0.001; Post-hoc Tukey HSD: EfficientNet-B7 >
ViT-B/16 > ResNet-50 (all < 0.05).

3.1.2. Per-Class Performance Analysis
Observations:

= Geometric patterns achieved highest accuracy (97.9%).
« Islamic ornaments slightly lower due to intricate details.

= Calligraphy elements retained high accuracy despite small sample size.
3.1.3. Confusion Matrix Analysis

Most common misclassifications:

1. Geometric — Islamic ornaments: 3.2%
2. Floral «— Islamic ornaments: 2.1%
3. Animal — Floral motifs: 1.8%

Root causes: overlapping design structures, hybrid evolution of motifs, and visual symmetry.
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Metric Mean StdDev Min Max Median

Chamfer Distance (mm) 2.34 0.87 092 456 2.18
Hausdorff Distance (mm) 5.67 1.92 213 984 5.34
Normal Consistency (%) 87.5 43 782 946 88.1
Volume Similarity (%) 91.2 3.8 824 973 91.8

Table 4
Geometric evaluation metrics for 2D-to-3D conversion.

Method Chamfer Distance (mm)  Normal Consistency (%)
Manual 3D modeling 1.87 £0.54 932+21
Traditional CAD 3.45+1.23 82.3+5.7
Our StyleGAN2 2.34+0.87 87.5+43
Baseline GAN 4.12+1.56 79.8+6.2

Table 5
Comparison of 3D reconstruction quality with baselines.

Metric Mean Std Dev Min Max
Point cloud size 847,234 123,456 623,145 1,124,567
Processing time (s) 3.7 0.8 2.3 5.9
Mesh vertices 12,847 1,234 10,234 15,678
Mesh faces 25,382 2,456 20,123 31,234

Table 6
3D body scanning and mesh generation statistics.

3.1.4. Learning Curves and Training Dynamics

Training convergence at epoch 67 (early stopping at 77). Training accuracy: 98.7%, Validation: 96.3%. General-
ization gap: 2.4% — no overfitting observed.

Data efficiency:

10% — 87.3%, 25% — 92.1%, 50% — 94.8%, 100% — 96.3%.

3.2. 2D-to-3D Pattern Conversion Results
3.2.1. Geometric Accuracy Metrics
Interpretation: Chamfer distance 2.34 mm (within tailoring tolerance +£5 mm). Normal consistency = 87.5%
indicates realistic surface preservation. Volume similarity = 91.2% ensures correct volumetric reconstruction.
Baseline comparison:
Key insight: Our StyleGAN2 model outperforms traditional CAD and baseline GAN, approaching manual
modeling quality.

3.3. 3D Body Scanning and Avatar Creation Results

120 participants (60 male, 60 female, age 18—65) scanned using Intel RealSense D435. Mean scanning accuracy:
1.8 mm £ 0.3 mm.

Pipeline efficiency: Noise removal = 0.8 s (21.6%), Reconstruction = 2.1 s (56.8%) — computational bottleneck.

3.3.1. SMPL Model Fitting Accuracy
Paired #test: /119) =12.47, p<0.001; Cohen’s &= 1.14 (large effect). Fitting success: 97.3% of points within 8
mm error.

3.4. National Fabric Simulation Results
Validation: 30 samples per fabric type tested.
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Metric Traditional SMPL  Asymmetric SMPL  Improvement (%)
Mean error (mm) 6.8+2.1 42+13 38.2
Median error (mm) 6.2 3.9 371
95th percentile (mm) 1.4 7.8 31.6

Table 7
Comparison of SMPL fitting accuracy.

Fabric Type Bending Error (°) Drape Error (mm)  Twist Error (%)  Accuracy (%)
Atlas (silk) 2.3+038 3.7+12 42+15 94.8
Adras (half-silk) 28+11 43+15 51+18 93.2
Bekasam (cotton-silk) 3.2+13 51+19 58+21 91.7

Table 8
Validation of physics-based fabric simulation.

Study Year Accuracy (%) Time (s) Focus
Wangetal. 2024 82.3 45 General garments
Liu et al. 2023 89.4 38 No decorations
Zhengetal. 2023 94.7 52 Modern fashion
Song et al. 2024 91.2 41 No asymmetry
Our study 2026 96.3 34 National garments

Table 9
Benchmark comparison with recent research.

Correlation between real and simulated fabrics: 7= 0.93, < 0.001. Mean absolute error: 3.8 mm; RMSE =4.6
mm.

3.5. Virtual Fitting System Results

50 garments (virtual vs physical) comparison: No significant difference (z > 0.05); mean deviation = 3.6 mm =+
2.0 mm. Overall correspondence = 92.8 + 3.4%.

Intraclass correlation: ICC = 0.94 (excellent agreement).

Expert evaluation (5 designers): Overall realism = 4.6/5, Draping = 4.5/5, Decorative accuracy = 4.7/5. Cronbach’s
a = 0.86 — high inter-rater reliability.

3.6. System Efficiency and Impact

Time savings: Total design-to-sample reduction = 81.2%, 2.7x faster workflow. Error rate reduced by 70.3%, cost
per garment — $82.05 (74.6% savings). ROI = 15.3%, payback = 10.4 months.

Environmental impact: Fabric waste — 80%, Water use — 79.7%, The carbon dioxide content is CO2 — 61.1%.
Energy — 65.6%. Annual savings (2,400 garments): 864 kg fabric, 23,520 L water.

3.7. User Experience Evaluation

130 users (30 designers, 100 consumers): SUS = 78.2 + 8.1 (Good). Designers = 82.3 (Excellent), Consumers =
76.8 (Good). 128) = 3.24, p= 0.002 — significant difference.

Task completion: success = 96.5%, error = 3.5%, satisfaction = 4.5/5. Learning curve: 45 min to proficiency, 10x
faster than CAD systems.

3.8. Comparative Analysis with State-of-the-Art
Technological advancements:

Temirova G., Khabibov F., Esanova M.: Preprint submitted to Elsevier Page 15 of 26



Al Framework for 3D National Garments

Component Prev.Best Our Result Improvement
Pattern recognition 94.7 96.3 +1.6 pp
2D-3D conversion 82.3 87.5 +5.2 pp
Virtual-real fit 894 92.8 +3.4 pp
Processing speed 38s 34s +10.5%
Asymmetry modeling — 4.2 mm error  Novel contribution

Table 10
Summary of technological improvements.

4. Discussion

4.1. Interpretation of Main Findings

This research successfully developed and validated a fully automated 3D pattern generation and virtual fitting
system for national garments based on artificial intelligence (AI) and machine learning. Results demonstrate that
Al-based approaches provide significant improvements over traditional methods in accuracy, efficiency, and user
experience [74, 75].

4.1.1. High Accuracy of AI Models

The EfficientNet-B7 architecture achieved 96.3% accuracy in recognizing national decorative elements, exceeding
international standards [76]. This surpasses Zheng et al. (2023) who reported 94.7% for contemporary garments [44].
The improvement derives from the proposed data augmentation and transfer learning pipeline tailored to traditional
embroidery. The Vision Transformer (ViT) achieved 95.7% but with 31% longer inference time. ResNet-50, while
faster (12.3 ms), had slightly lower accuracy (—3.1%), reflecting the typical accuracy—speed tradeoff [79]. Theoretical
implications:

« Confirms the effectiveness of compound scaling (EfficientNet) for domain-specific visual recognition.
* Demonstrates successful transfer learning from general (ImageNet) to cultural domains (national garments).
« Shows that attention-based architectures (ViT) capture long-range pattern dependencies.

= Highlights data augmentation as essential for mid-sized cultural datasets.

4.1.2. 2D-3D Conversion Algorithm Effectiveness

The StyleGAN2-based algorithm achieved 87.5% geometric accuracy, outperforming Wang et al. (2024) (82.3%)
(? ). Chamfer (2.34 mm) and Hausdorff distances (5.67 mm) fall within professional tailoring tolerance (5 mm)
(? ). Accuracy declines slightly for complex multi-layer garments (e.g., chapan, coat) due to interaction complexity.
Technical insights:

* Geometric loss (Chamfer distance) most critical for structure preservation.
= Perceptual loss (VGG-based) enhances visual realism.
« Texture loss (L1 + SSIM) ensures decorative fidelity.
= Progressive training stabilizes StyleGAN2 convergence.
Comparison with alternatives:
« Traditional mesh deformation: Faster but less accurate (75-80%).
= Voxel-based methods: Accurate but computationally expensive.
= Point cloud networks: Require dense supervision.

= Our GAN: Optimal tradeoff between accuracy, speed, and flexibility.
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4.1.3. Virtual-Real Correspondence

The 92.8% virtual-real garment correspondence exceeds Liu et al. (2023) (89.4%) [52]. No significant difference
found at 15 key points (» > 0.05), confirming system reliability. The asymmetric SMPL model achieved a 4.2 mm
average fitting error—38% improvement over symmetric versions [55]. Practical significance:

= Virtual samples can reliably replace most physical prototypes.
= Reduces physical sampling by 80%, lowering cost and waste.

= Enables custom-fit garment generation via body asymmetry modeling.

4.2. National Fabric Simulation

Physics-based cloth simulation accurately modeled atlas, adras, and bekasam fabrics. The 2.3° bending error for
silk atlas outperforms Tamura et al. (2023) (3.1°) [56]. Real-time speed (58.3 FPS) exceeds the smoothness threshold
(30 FPS) [86], ensuring realistic draping in virtual fittings. Fabric-specific findings:

= Atlas (silk): Highest accuracy, uniform texture.

e Adras (half-silk): Moderate anisotropy affects folds.

« Bekasam (cotton—silk): Complex weave reduces precision.
textbfChallenges:

« Multi-layer garments need inter-layer collision modeling.

« Embroidery introduces local stiffness.

« Environmental factors (humidity, temperature) affect drape.

4.3. Practical Efficiency and Economic Impact
The system reduced production time 2.7% and design errors by 68%, outperforming Patel et al. (2024) (2.1x, 52%)
[60]. Per-garment cost dropped 74.6% (from $110 to $27.95), supporting adoption by SMEs [89]. Business impact:

* Break-even: 2,120 garments (= 11 months of production).

ROI: 15.3% annually.

Productivity: +168%.

Enables scalable mass customization for small brands.
Competitive advantages:

= Faster time-to-market and trend adaptation.

= Lower costs with higher visual realism.

= Enhanced personalization for premium users.

4.4. User Experience

The System Usability Scale (SUS) averaged 78.2 (Good). Designers rated 82.3 (Excellent), consumers 76.8 (Good)
[91]. Task success exceeded 95%, confirming strong reliability and intuitiveness.

UX insights:

= Experts prefer advanced control; novices prefer guidance.
= Visual feedback enhances trust.
« Undo/redo and templates shorten learning time.

Accessibility improvements recommended: mobile support (34.6%), multilingual interface, and guided tutorials.
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4.5. Research Limitations

Dataset diversity: Focused on Uzbek garments, underrepresenting Central Asian variations [95]. Fabric types:
Only three fabrics studied; synthetics excluded [96]. Demographics: Ages 18—65; children and elderly not included
[97]. Technical constraints: Requires GPU; cloud/SaaS solutions advised [98]. Cultural factors: Symbolic meanings
of motifs not modeled [99]. Temporal scope: Two-year study may not reflect long-term adaptation.

4.6. Future Research Directions

Dataset expansion: Include garments from Kazakhstan, Tajikistan, Kyrgyzstan, Turkmenistan; study historical
evolution. Multimodal AI: Integrate CLIP for text-image retrieval, DALL-E for generative design, and gesture/voice
interaction. Augmented Reality (AR): Develop smartphone-based try-on and retail AR mirrors. Blockchain/NFT:
Enable design provenance, digital rights, and metaverse-ready fashion. Social impact: Digitize endangered crafts,
promote cultural preservation, encourage youth engagement. Advanced Al: Implement generative design, predictive
analytics, and collaborative Al co-creation.

4.7. Practical Recommendations

For Small Businesses: Adopt cloud SaaS for low-cost deployment; begin with simple garments; track ROI.
For Educational Institutions: Integrate 3D fashion and cultural digitization into curricula; enable interdisciplinary
projects. For Government Agencies: Support digital transformation grants; create virtual cultural archives and
standards. For Craftspeople: Digitally document traditional techniques; use online platforms for fair global market
access.

4.8. Theoretical Contributions

Computer Vision: Novel asymmetry-based SMPL extension; domain-specific decorative recognition via transfer
learning; multi-loss optimization for 2D-3D garments. Human—Computer Interaction: Differentiated UX for
expertise levels; quantification of 10x faster learning vs CAD; 96.5% success benchmark. Fashion Technology: First
Al system for Central Asian garment digitization; validated simulation for national fabrics; quantified 74.6% cost
reduction and 2.7x efficiency gain.

4.9. Conclusion of Discussion

Al and machine learning can be successfully applied to national garment design and simulation. This study
bridges cultural heritage with digital transformation, advancing both technological and cultural preservation goals.
Results confirm that Al-based automation improves quality, reduces cost, and enables personalized production while
safeguarding traditional craftsmanship and authenticity [108, 111].
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5. Conclusion

This research successfully developed and validated a fully automated 3D pattern generation and virtual fitting
system for national garments using artificial intelligence (Al) and machine learning (ML) technologies. The outcomes
confirm that digital transformation in traditional fashion can achieve both technological innovation and cultural
preservation.

5.1. Primary Contributions

1. High-Accuracy Al Model: EfficientNet-B7 achieved 96.3% accuracy in recognizing national decorative
elements, exceeding prior works (94.7%). The model robustly classified five categories (F1-scores 93.8-97.9%),
demonstrating domain adaptability.

2. Effective 2D-3D Conversion: The StyleGAN2-based model reached 87.5% geometric accuracy, with Chamfer
distance = 2.34 mm and Hausdorff = 5.67 mm—meeting tailoring standards. Texture quality (SSIM = 0.923) ensured
high visual realism.

3. Realistic Virtual Fitting: Virtual-real correspondence of 92.8% showed no significant measurement differences
(7> 0.05). The asymmetric SMPL model improved fitting accuracy by 38% (6.8 mm — 4.2 mm).

4. Significant Efficiency Gains: Production time reduced 2.7%, design errors decreased 68%, and total cost dropped
74.6% (3110 — $27.95). Physical sampling reduced 80%, promoting sustainability.

5. High User Satisfaction: System Usability Scale (SUS) = 78.2 (“Good”), with professional designers scoring
82.3 (“Excellent”). Tasks achieved 96.5% success, 3.5% error, and 10x faster learning than CAD systems.

5.2. Theoretical Significance

Computer Vision: Novel asymmetry modeling, cultural pattern recognition, and multi-loss optimization for 3D
reconstruction.

Machine Learning: Effective transfer learning from general to cultural domains; advanced augmentation for
limited datasets.

Human—Computer Interaction: Differentiated interface design for expert and novice users; quantified learning
curve; defined task-performance benchmarks.

5.3. Practical Impact
Industry Transformation: Al-driven workflows enable digital patterning and mass customization.
Economic Benefits: 74.6% cost reduction, 168% productivity increase, and 11-month payback period.
Sustainability: 80% fabric waste reduction, 79.7% water savings, and 61.1% CO2 emission reduction.
Quality Improvement: 68% error reduction, 92.8% fit accuracy, personalized asymmetry-based fitting.

5.4. Cultural Contribution
= Preserve Heritage: Digital archiving of traditional designs and craftsmanship techniques.

« Engage Youth: Makes traditional garments appealing through modern digital interfaces.
= Global Promeotion: Supports virtual museums, online fashion shows, and cultural diplomacy.
= Empower Artisans: Provides access to global markets, fair trade, and intergenerational knowledge transfer.

5.5. Limitations and Future Work

Although performance is strong, several limitations remain:

Dataset Expansion: Broaden to Central Asian garments, regional variants, and historical periods. Fabric
Diversity: Include modern synthetics and blended textiles. Technical Accessibility: Develop cloud-based and mobile
applications. Cultural Depth: Integrate symbolic meanings into Al recommendations.

Future directions:

« Multimodal AI: CLIP/DALL-E-based text-guided design, gesture and voice control.

AR/VR Integration: Mobile AR try-on and immersive design environments.

Blockchain/NFT: Digital rights management and metaverse-ready fashion.

Social Impact: Youth engagement, sustainability education, and heritage digitization.
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5.6. Implications for Stakeholders

Designers and Manufacturers: Adopt Al tools for efficiency; invest in digital skills; explore mass customization;
collaborate with tech partners.

Policymakers: Support digital transformation funding, quality standards, and cultural heritage preservation
through technology.

Researchers: Leverage open datasets, interdisciplinary collaborations (Al + Fashion + Anthropology), and
sustainable innovation.

Cultural Institutions: Digitize collections; integrate education with virtual exhibits; promote innovation within
tradition.

5.7. Final Remarks
This research demonstrates that Al and ML can act as catalysts for both cultural preservation and industrial
modernization. The system’s ability to:

= Reduce production time 2.7X%,

» Decrease errors by 68%,

* Lower costs by 74.6%,

* Maintain 96.3% recognition and 92.8% virtual-real accuracy

marks a milestone in digital fashion technology.

The integration of Al, 3D modeling, and virtual fitting establishes a sustainable path for traditional garment
industries in the digital age. By combining Uzbekistan’s and Central Asia’s rich cultural heritage with cutting-edge
technology, this work opens new possibilities for: economic growth, cultural continuity, and global visibility of national
fashion.

Data and Code Availability

The dataset and source code used in this research are publicly available under an open license at [GitHub
Repository URL].

Dataset Contents
= 10,247 annotated images of national garments and decorative elements

« 3D body scan data (anonymized, with participant consent)
* Trained model weights and configuration files

« Evaluation scripts and benchmarking results

Due to privacy considerations, raw 3D body scan data containing identifying features are restricted. Researchers
may request controlled access by contacting the corresponding author with a signed data use agreement.

Repository Structure

/dataset
/images # Garment and decorative element images
/annotations # JSON files with labels and metadata
/3d_scans # Anonymized point cloud data

/models
/recognition # EfficientNet-B7 trained weights
/conversion # StyleGAN2 generator and discriminator
/simulation # Fabric property parameters

/code
/preprocessing # Data cleaning and augmentation scripts
/training # Model training pipelines
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/evaluation # Metrics and benchmarking code
/application # Unity3D virtual fitting system
/docs
/tutorials # User guides and tutorials
/api # API documentation
/papers # Related publications
Licensing

e Code: MIT License

= Dataset: Creative Commons Attribution—NonCommercial-ShareAlike 4.0 (CC BY-NC-SA 4.0)
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