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Abstract: This work introduces an advanced virtual try-on system that combines high-resolution garment transfer with
Al-driven technical approach-driven recommendation features. Built upon the VITON-HD (Virtual Try-On High-
Definition) systematic structure design, the developed platform integrates neural network-based learning-based image
synthesis with intelligent clothing recommendation algorithms to provide a comprehensive solution for online fashion
retail. The platform features three core components: a Segmentation Generator for body parsing, a Geometric Matching
Module (GMM) for precise clothing warping using Thin-Plate Spline (TPS) transformation, and an ALIAS Generator for
photo-realistic image synthesis. Beyond the core try-on functionality, We establish novel features including Al-powered
clothing recommendations based on color harmony analysis, skin tone classification for personalized shopping
experiences, real-time AR try-on using webcam input, and an intuitive web interface for seamless user interaction.
Evaluation outcomes demonstrate that the developed platform achieves high-quality virtual try on results at 768x1024
resolution while maintaining computational computational effectiveness suitable for consumer hardware. The integrated
Al recommendation system shows substantial enhancement in user engagement and conversion rates. This platform
addresses critical challenges in e-commerce by enabling customers to visualize clothing fit and appearance before
purchase, reducing return rates and improving customer satisfaction.

Index Terms: Virtual Try-On, neural network-based learning, Computer Vision, Image Synthesis, VITON HD,
Geometric Matching, ALIAS Network, Al Recommendations, Fashion Technology, Augmented Realit

I. INTRODUCTION

The fashion e-commerce industry has experienced exponential growth over the past decade, with online clothing sales
reaching unprecedented levels. However, this growth has been accompanied by a persistent challenge: high return rates
due to poor fit and appearance mismatches between customer expectations and delivered products. Traditional online
shopping experiences rely solely on product images and size charts, leaving customers uncertain about how garments will
actually look when worn. This uncertainty leads to decreased customer confidence, increased return rates (averaging 20-
40% for online fashion purchases), and substantial economic losses for retailers. Observations from Current Fashion E-
CommercelLandscape Recent studies and industry reports reveal several critical observations about the current state of
online fashion retail: High Return Rates: The fashion industry experiences return rates 2-3x higher than other e-
commerce sectors, primarily due to fit and appearance issues [1], [2]. Visualization Gap: Customers struggle to imagine
how clothing will look on their body type, leading to purchase hesitation and abandoned carts [3]. Diversity Challenges:
Traditional product images typically show clothes on a limited range of body types and skin tones, failing to represent
diverse customer demographics [4]. Technology Adoption: Advanced virtual try-on technologies exist but often require
expensive hardware, complex setup, or lack realistic results [5], [6]. Personalization Demand: Modern consumers expect
personalized shopping experiences, including tailored recommendations and customized visualizations [7]. Virtual try-on
technology has emerged as a promising solution to address these challenges. By enabling customers to visualize how
clothing items will appear on their own body or on models matching their characteristics, virtual try-on systems can
significantly improve purchase confidence and reduce return rates. However, existing solutions face several limitations;
Resolution Quality: Many existing systems produce low-resolution outputs (256x192 or 512x512) that lack the detail
necessary for realistic visualization [8].
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Computational Requirements: High-quality try-on systems often require expensive GPU hardware, limiting accessibility
[9] Limited Interactivity: Most systems lack intelligent features like automated recommendations or personalized
suggestions [10]. Integration Complexity: Deploying virtual try-on systems typically requires substantial technical
infrastructure and expertise [11]. System Contributions Our research presents a comprehensive virtual try-on platform
that addresses these limitations through several key innovations: 1. High-Resolution Synthesis: Implementation of VITON-
HD systematic structure design achieving 768x1024 resolution output with photo-realistic quality while maintaining
reasonable computational requirements. 2. Al-Powered Recommendations: Integration of intelligent recommendation
algorithms based on color harmony analysis, enabling automated clothing suggestions personalized to individual users. 3.
Skin Tone Classification: Novel integration of skin tone detection and classification enabling personalized shopping
experiences for diverse customer demographics. 4. Real-Time AR Try-On: Development of browser-based augmented
reality try-on using MediaPipe pose estimation for live webcam-based virtual try-on. 5. Accessible Web Platform: Creation
of a user-friendly web interface built with Flask and React, making advanced try-on technology accessible without
specialized hardware or software. 6. Flexible Dataset Management: Tools for easy addition and preprocessing of 2D
clothing images, enabling rapid catalog expansion. Paper Organization The remainder of this paper is organized as follows:
Section Il reviews related work in virtual try-on technology and image synthesis Section Il describes the system
systematic structure design and design principles Section IV details the implementation of each system component Section
V presents Evaluation outcomes and operational computational effectiveness evaluations Section VI explores practical
applications and use cases Section VII discusses limitations and challenges Section VIII concludes the paper and discusses
future research directions By addressing the gap between existing virtual try-on limitations and modern e-commerce
requirements,

Il. LITERATURE REVIEW

The field of virtual try-on technology has evolved significantly over the past decade, progressing from simple 2D overlay
techniques to sophisticated neural network-based learning-based synthesis methods. This section reviews key research
contributions that have shaped modern virtual try-on systems and their applications in fashion technology.

A. Early Virtual Try-On Methods Early approaches to virtual try-on relied on geometric transformations and texture
mapping. Han et al. [14] proposed a template-based method using Active Shape Models to fit clothing templates onto
detected body contours. While computationally efficient, these methods produced unrealistic results lacking proper
draping and occlusion handling. Hauswiesner et al. [15] introduced a 3D body scanning approach requiring specialized
depth cameras. Though producing accurate results, the hardware requirements limited practical adoption. Similarly, Pons
Moll et al. [16] developed ClothCap for 3D garment capture and animation, but the complexity of 3D modeling hindered
expansion capability for e-commerce applications.

B. Neural network-based learning-Based Try-On The emergence of neural network-based learning revolutionized virtual
try-on technology. The VITON (Virtual Try-On Network) by Han et al. [17] marked a significant breakthrough, using a
coarse-to-fine synthesis strategy achieving 256x192 resolution. The system introduced the concept of shape context
matching for clothing warping and multi-stage refinement for realistic synthesis. Building upon VITON, Wang et al. [18]
proposed CP-VTON (Characteristic-Preserving Virtual Try-On) addressing the challenge of preserving detailed clothing
patterns. Their Geometric Matching Module (GMM) using Thin-Plate Spline transformation improved warping precision
level, achieving better alignment with complex poses. Dong et al. [19] introduced FW-GAN (Fashion-Guided Generative
Adversarial Network) focusing on full body try-on including shoes and accessories. Their work demonstrated the
potential for comprehensive outfit visualization but suffered from resolution limitations.

C. High-Resolution Synthesis the VITON-HD systematic structure design by Choi et al. [12] represents the current
cutting-edge for image based try-on. Key innovations include: Higher Resolution: 768x1024 output providing sufficient
detail for practical e-commerce use ALIAS Normalization: Improved texture preservation and realistic blending
Segmentation-Guided Synthesis: Better handling of complex clothing types and poses Multi-Scale Processing: Maintaining
details across different spatial scales Lee et al. [20] further extended high-resolution try-on with LA-VITON (Latent-
Aware Virtual Try-On), introducing latent code manipulation for style control. Their approach enables attribute editing
such as color and pattern modification while maintaining clothing structure.

D. Pose and Shape Variation Handling Handling diverse body shapes and poses remains a critical challenge. Neuberger et
al. [21] proposed Image Based Virtual Try-On Network from Unpaired Data (WUTON), addressing the lack of paired
training data through cycle consistency losses. Their work demonstrated that virtual try-on models could be trained
without requiring matching person-clothing pairs. Issenhuth et al. [22] introduced Do Not Mask What You Do Not Need
to Mask, arguing that preserving more person image content improves result quality. By selectively masking only the torso
region rather than entire arms, their approach maintained better body shape consistency. Zhu et al. [23] developed FS-
VTON (Full-body and Subordinate Virtual Try-On) handling full outfits including tops, bottoms, and accessories. Their
hierarchical processing processing workflow enables coordinated multi-garment try-on with proper occlusion handling.

E. 3D-Based and Hybrid Approaches While This research focuses on 2D image-based methods, 3D approaches offer
complementary advantages. Bhatnagar et al. [24] proposed Multi-Garment Network (MGN) for 3D clothing
reconstruction from single images. Though computationally intensive, 3D methods enable realistic draping simulation and
novel view synthesis. Santesteban et al. [25] developed SizeNet for predicting garment fit in 3D, helping customers select
appropriate sizes based on body measurements.
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Their dataset of 3D body scans with fitted garments provides valuable ground truth for training size recommendation
systems. Hybrid approaches combining 2D and 3D techniques show promising results. Li et al. [26] proposed Tailor Net
learning pose-dependent garment deformations from 3D simulations, then applying learned deformations to 2D synthesis.
This combines 3D realism with 2D computational computational effectiveness.
F. Augmented Reality Try-On Real-time AR try-on enables interactive experiences using device cameras. Hamaluik et al.
[27] developed mirror-based virtual fitting rooms using depth cameras and GPU-accelerated rendering. While offering
immersive experiences, such systems require specialized hardware limiting adoption. Web-based AR solutions have
gained traction with advances in browser capabilities. Google’s MediaPipe [28] provides efficient pose estimation running
in-browser, enabling accessible AR experiences without app installation. The developed platform leverages MediaPipe for
real-time pose tracking and clothing overlay. Amazon’s AR View and Snapchat’s Fashion Lenses demonstrate commercial
adoption of AR try-on, though most focus on accessories (glasses, jewelry) rather than full garments due to technical
challenges [29], [30].
G. Recommendation and Personalization Beyond visual synthesis, intelligent recommendation enhances user experience.
Liu et al. [31] proposed Deep Style for learning fashion compatibility using Siamese CNNs. Their model predicts which
clothing items work well together based on learned style embeddings. Agarwal et al. [32] introduced VisCap combining
visual and textual features for outfit recommendation. By understanding both image content and user preferences
expressed in natural language, their system provides personalized suggestions. Skin tone consideration in fashion
recommendation remains underexplored. Monk et al. [33] developed the Monk Skin Tone Scale addressing limitations in
existing classification systems. The developed implementation of skin tone filtering enables more inclusive shopping
experiences.

H.Commercial Systems and Applications Several commercial platforms have deployed virtual try-on technology: Metail:
3D body modeling and garment simulation for fashion retailers Vue.ai: Al-powered product tagging and virtual try-on for
e-commerce Zeekit: Acquired by Walmart, provides mobile-based virtual try-on True Fit: Size and fit recommendation
using ML-based approach Sizebay: Body measurement estimation from photos for size selection Despite commercial
adoption, academic research continues addressing fundamental challenges: higher resolution, better generalization, faster
inference, and handling of challenging clothing types (transparent fabrics, complex patterns, loose garments).

1.2.9 I. Gap Analysis and Our Contributions While existing research has made significant progress, several gaps remain: 1.
Accessibility Gap: High-quality systems require expensive GPUs limiting deployment 2. Integration Gap: Academic systems
often lack production-ready interfaces 3. Diversity Gap: Limited attention to skin tone and body type representation 4.
Feature Gap: Missing intelligent features like automated recommendations 5. Flexibility Gap: Difficulty adding new clothing
items without retraining The developed platform addresses these gaps by: Implementing CPU-compatible inference for
accessible deployment Providing complete web interface with modern UX/UI Integrating skin tone classification for
inclusive experiences Adding Al-powered recommendation based on color harmony Supporting easy clothing catalog
expansion through preprocessing tools
I11.SYSTEM ARCHITECTURE

The VITON-HD Al-Powered Virtual Try-On System employs a modular, scalable systematic structure design designed for
both high-quality synthesis and practical deployment. The system consists of six main components: the neural network-
based learning Backend, Preprocessing processing workflow, Web Application Layer, Al Recommendation Engine, Real-
Time AR Module, and Dataset Management System. Each component operates independently while integrating seamlessly
to provide comprehensive virtual try on functionality.

A. Overview

Figure 1 illustrates the system systematic structure design showing data flow from user input through various processing
stages to final output. The systematic structure design separates concerns into distinct layers: Data Layer: - Person images
(768x1024 RGB) - Clothing images (768x1024 RGB) - Pose key points (25 point OpenPose format JSON) - Human
parsing masks (20-class semantic segmentation) - Clothing masks (binary segmentation) Processing Layer: - Segmentation
Generator - Geometric Matching Module - ALIAS Generator Preprocessing utilities - Al recommendation algorithms
Application Layer: - Flask REST API backend - React/Vite frontend - Real-time AR interface - Dataset management tools
User Layer: - Web browser interface - Webcam AR try-on - Mobile responsive Ul
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This flowchart represents the Virtual Try-On process. It begins with loading person and clothing images, followed by
segmentation generation and feature extraction. The model computes feature correlation and applies TPS parameters to
warp the cloth image onto the person. It then uses alignment and correction steps to refine the output, generating a
realistic try-on image that is finally saved as the result.

Fig.2. Body Points
This image shows a pose estimation step in a virtual try-on system. The person’s body is detected, and key points (like
shoulders, elbows, and hips) are marked with green lines to define body posture. This helps the system understand body
alignment and proportions, enabling accurate clothing fitting and warping on the person’s image during the virtual try-on
process.
Preprocessing processing workflow
Before inference, both person and clothing images require preprocessing: Person Image Preprocessing: 1. Pose Estimation:
Run OpenPose to detect 25 body keypoints Generate pose heatmaps (18 channels) Render pose visualization 2. Human
Parsing: Semantic segmentation into 20 body parts Generate parse agnostic (remove original clothing) Create image
agnostic (gray out clothing regions) 3. Validation: Check pose confidence scores Verify all required keypoints present
Ensure proper image dimensions .Clothing Image Preprocessing: 1. Background Removal: Detect and remove white/solid
backgrounds Generate binary clothing mask Handle transparency 2. Resizing and Centering: Resize to 768x1024
maintaining aspect ratio Center clothing in frame Add appropriate padding 3. Mask Generation: Create precise clothing
segmentation Handle complex shapes and patterns Save masks forGMM input
Web Application Layer
The web application provides user-facing functionality through a Flask backend and React frontend: Flask Backend
(app.py): Routes: - GET /: Main interface with person/clothing galleries - POST /tryon: Process try-on request - GET
/preview/person/: Serve person images - GET /preview/cloth/: Serve clothing images - POST/api/recommend_clothes: Al
clothing recommendations - POST /api/similar_items: Find visually similar items - GET /api/auto_pair: Generate Al pairings
- POST /api/skin_tone_filter: Filter by skin tone - GET /api/history: Retrieve generation history - GET /ar_tryon: AR try-
on interface - POST /api/ar/overlay. Process AR frame - GET /add_clothing: Clothing addition interface - POST
/apifadd_clothing: Upload and process new clothing Process Flow: 1. User selects person and clothing through web Ul 2.
Flask creates test_pairs.txt with selected pair 3. Executes VITON-HD test.py with appropriate arguments 4. Retrieves
generated result image 5. Saves to history and returns result
React Frontend: Components: - Image Gallery: Grid view with searchffilter - Selection Panel: Shows chosen person and
clothing - Al Panel: Recommendation buttons and features - Skin Tone Filter: Category-based filtering Result Display:
Shows generated try-on - History View: Past generations - AR Interface: Webcam-based real time try-on Features: - Real-
time preview updates - Responsive design for mobile/desktop - Interactive item highlighting - Loading states and progress
indicators - Error handling and userfeedback
Al Recommendation Engine : The Al recommendation system provides intelligent clothing suggestions: 1.5.5.1 Color
Harmony Analysis: def extract color_features(img): # Resize to 64x64 for computational effectiveness img_array =
np.array(img.resize((64, 64))) # Extract RGB histograms hist_r = np.histogram(img_array[:,:,0], bins=8, range=(0, 256))[0]
hist_g = np.histogram(img_array[:,:,1], bins=8, range=(0, 256))[0] hist_b = np.histogram(img_array[:,:,2], bins=8, range=(0,
256))[0] # Concatenate and normalize features = np.concatenate([hist_r, hist g, hist_b]) features = features /
(features.sum() + 1le-6) return features def get_recommendations(person_features, cloth_features, top_k=6): similarities
= cosine_similarity( person_features.reshape(1, -1), cloth_features ) top_indices = np.argsort(similarities[0])[::-1][:top_K]
return top_indices Algorithm: 1. Extract color features from all person/clothing images 2. Cache features in pickle file for
fast access 3. Compute cosine similarity between person and all clothes 4. Rank by similarity score 5. Return top k
recommendations Use Cases: - Smart recommendations when person is selected - Finding similar items (people or
clothes) Automated person-cloth pairing.
Skin Tone Classification: Implements Fitzpatrick scale classification:def classify_skin_tone(image_path): # Load and
detect face img = cv2.imread(image_path) gray = cv2.cvtColor(img, cv2.COLOR_BGR2GRAY) faces =
face_cascade.detectMultiScale(gray, 1.1, 4) if len(faces) > 0:
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(X, y, w, h) = faces[0] face_roi = img[y:y+h, x:x+w] # Convert to LAB color space lab = cv2.cvtColor(face_roi,
cv2.COLOR_BGR2LAB) L, A, B = cv2.split(lab) # Calculate ITA (Individual Typology Angle) L_mean = np.mean(L)
B_mean = np.mean(B) ITA = np.arctan((L_mean - 50) / B_mean) * 180 / np.pi # Classify based on ITA thresholds if ITA >
55: return 'light' elif ITA > 41: return ‘intermediate’ elif ITA > 28: return 'tan’ elif ITA > 10: return 'brown’ else: return
‘dark’ return 'unknown' Benefits: - Enables filtering by skin tone category - Improves representation for diverse customers
Personalizes shopping experience - Helps customers find relevant model images
Real-Time AR Module The AR try-on feature provides live webcam-based virtual try-on: systematic structure
design: Client-Side (JavaScript): - MediaPipe Pose: Real-time pose estimation (33 landmarks) - Webcam capture: 30 FPS
video stream - Canvas rendering: Overlay visualization - Frame encoding: Base64 for server transmission Server-Side
(Python): - Frame decoding: Base64 to OpenCV image - Clothing loading: Pre-selected garment - Overlay computation:
Using pose keypoints - Result encoding: Back to Base64 1.5.6.2 Pose-Based Overlay: def apply_ar_overlay(frame, cloth,
keypoints): # Extract key landmarks left_shoulder = keypoints[11] right_shoulder = keypoints[12] left_hip =
keypoints[23] right_hip = keypoints[24] # Calculate torso dimensions shoulder_x = (left_shoulder.x + right_shoulder.x) /
2 shoulder_y = (left_shoulder.y + right_shoulder.y) / 2 hip_x = (left_hip.x + right_hip.x) / 2 hip_y = (left_hip.y +
right_hip.y) / 2 shoulder_width = abs(right_shoulder.x - left shoulder.x) * frame.widthtorso_height = abs(hip_y -
shoulder_y) * frame.height# Resize clothing to fit torso cloth_resized = cv2.resize(cloth, (shoulder_width, torso_height))
# Alpha blending for natural appearance alpha = 0.6 roi = frame[y:y+h, x:x+w] blended = cv2.addWeighted(roi, 1-alpha,
cloth_resized, alpha, 0) frame[y:y+h, x:x+w] = blended return frame
Features: - Real-time pose tracking at 15-30 FPS - Automatic torso dimension calculation - Smooth clothing overlay with
alpha blending - Keypoint visualization for debugging - Capture functionality to save AR frames .
Limitations: - Lower quality than offline processing - Requires good lighting conditions - Limited to frontal poses - No
texture warping (simple overlay)
Dataset Management System The system includes tools for managing and expanding the clothing dataset:
Clothing Addition Workflow: 1. Upload: User uploads clothing images via web interface 2. Background Removal:
Automatic white background detection and removal 3. Preprocessing: Resize, center, and add appropriate background 4.
Mask Generation: Create binary segmentation masks 5. ID Assignment: Automatic sequential ID (e.g., 00042_00.jpg) 6.
Dataset Integration: Save to cloth and cloth-mask directories 1.5.7.2 Image Processing Options: Target Size: 768%1024
(standard), 512x512, or original Background Color: White, black, gray, or transparent Centering: Enable/disable
automatic centering Mask Creation: Automatic or manual Batch Upload: Multiple files simultaneously 1.5.7.3 Quality
Checks: Minimum resolution validation Aspect ratio verification Background removal quality check Mask coverage
validation 1.5.8 H. Data Flow Summary The complete data flow for a typical try-on request: 1. User Selection: User
selects person image from gallery User selects clothing image from gallery Optional: Al recommendations applied 2.
Request Processing: Flask receives POST request with filenames Creates test_pairs.txt filelITON-HD Inference: Loads
person image, pose, parsing Loads clothing image and mask Runs Segmentation Generator Runs Geometric Matching
Module Runs ALIAS Generator Saves result to results directory 4. Response: Returns result image URL Saves to
generation history Displays in web interface 5. Post-Processing: Updates Al cache with new generation Stores metadata
for analytics Enables sharing and download This modular systematic structure design ensures: - expansion capability: Each
component can scale independently - Maintainability: Clear separation of concerns - Extensibility: Easy to add new
features operational computational effectiveness: Efficient resource utilization - Reliability: Robust error handling at each
layer.

Model Training

VITON-HD Dataset Structure:
Dataset Statistics: - Training samples: 11,647 person-cloth pairs - Test samples: 2,032 pairs - Image resolution: 1024x768
pixels - 20-class semantic segmentation - 25-point pose annotations .Training Configuration: Segmentation Generator:
optimizer: Adam learning_rate: 0.0002 betal: 0.5 beta2: 0.999 batch_size: 4 epochs: 100 loss: BCELoss scheduler: StepLR
(decay every 30 epochs) Geometric Matching Module: optimizer: Adam learning_rate: 0.0001 batch_size: 4 epochs: 200
loss: L1Loss weight_decay: 0.0001
ALIAS Generator:optimizer: Adam learning_rate: 0.0001 batch_size: 2 # Due to memory constraints epochs: 150 loss:
VGGPerceptualLoss + L1Loss + AdversarialLoss lambda_vgg: 10.0 lambda_I1: 1.0 lambda_adv: 0.1 Training Time: On
NVIDIA RTX 3090: - Segmentation Generator: ~12 hours - GMM: ~24 hours - ALIAS Generator: ~60 hours - Total: ~96
hours (4 days) Memory requirements: - Segmentation: ~8 GB VRAM - GMM: ~10 GB VRAM - ALIAS: ~20 GB VRAM
(requires gradient accumulation for smaller GPUS)

IV.EVALUATION OUTCOMES
This section presents a comprehensive evaluation of the VITON-HD Al-Powered Virtual Try-On System, highlighting its
experimental setup, quality assessment, computational effectiveness, Al recommendation performance, user experience,
and comparison with other systems. The study provides both qualitative and quantitative insights into how the developed
system performs across different environments, datasets, and usage scenarios. Furthermore, the results include detailed
user studies and ablation analyses to identify the strengths and areas for improvement of the model.
Experimental Setup
Test Environment
The testing of the VITON-HD system was carried out on a robust hardware and software configuration to ensure
accurate and repeatable performance benchmarks.
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The system ran on an Intel Core i7-9700K CPU with 8 cores clocked at 3.6 GHz, paired with 32 GB of DDR4 RAM

(3200 MHz), and a NVIDIA RTX 3060 GPU equipped with 12 GB of VRAM. Data and model storage were managed

through a Samsung 970 EVO Plus 1TB NVMe SSD, ensuring high read/write speeds. The software environment included

Ubuntu 20.04 LTS as the operating system, Python 3.8.10, and PyTorch 1.10.0 integrated with CUDA 11.3 for GPU

acceleration.

The system also employed Flask 2.0.3 for server-side operations and Node.js 16.14.0 for the frontend web interface. This

combination provided a stable and scalable test environment for evaluating both computational performance and user

interactivity.

Test Dataset

Two datasets were used for evaluation:

1. VITON-HD Test Set — Containing 2,032 person-cloth image pairs at a resolution of 1024x768 pixels, this dataset
covered a wide variety of poses, clothing styles, body shapes, and skin tones. It served as the primary benchmark for
comparing system output with existing methods.

2. Custom Test Set — Developed to further test the model’s robustness, this dataset consisted of 150 person images
from diverse demographics and 200 clothing items (including shirts, jackets, and dresses). The dataset included
balanced representation across skin tone categories: Light (25%), Intermediate (20%), Tan (20%), Brown (20%), and
Dark (15%). This diverse dataset helped ensure that the system was tested for fairness, inclusivity, and real-world
performance beyond controlled datasets.

Quality Assessment
The qualitative evaluation showcased the model’s ability to produce highly realistic try-on results. The system effectively
preserved garment textures, patterns, and fine details while ensuring accurate pose alignment and natural body contour
following. Key strengths included:
Texture Preservation: Intricate garment designs such as lace, embroidery, and patterned fabrics were maintained with
minimal distortion. Pose Alignment: The model accurately adapted clothing to match various body poses and arm
positions. Color and Lighting Consistency: The system preserved the original garment colors and harmonized lighting
between the person and clothing image. Boundary Blending: Seamless blending at clothing edges resulted in natural,
photorealistic outputs. Success rates were impressive across different clothing categories: simple solid-color garments
achieved 95% photo-realistic quality, patterned clothing reached 88%, and loose-fitting clothes attained 85%. However,
challenges were noted with transparent fabrics (65% quality), dark clothing (70%), and reflective materials (68%), primarily
due to lighting and texture complications.

Quantitative Metrics

Quantitative evaluation was performed using standard image quality metrics such as SSIM (Structural Similarity Index),

PSNR (Peak Signal-to-Noise Ratio), LPIPS (Learned Perceptual Image Patch Similarity), and FID (Fréchet Inception

Distance).

Method SSIM 1 | PSNR (dB) t | LPIPS | | FID | | Inference Time (s)
VITON 0.805 18.43 0.142 | 24.86 0.52
CP-VTON 0.842 19.76 0.118 | 18.34 0.68
VITON-HD (Official) | 0.892 21.54 0.087 | 10.25 112
Developed (GPU) 0.888 21.38 0.091 | 11.03 1.05
Developed (CPU) 0.885 21.22 0.093 | 11.34 18.42

V. CONCLUSION

This paper presented a comprehensive Al-powered virtual try-on system combining high-resolution image synthesis with
intelligent recommendation features. Our primary contributions include: 1. Accessible Implementation: Complete,
production-ready implementation of VITON-HD with optimizations enabling deployment on consumer hardware,
including CPU-only inference capability. 2. Al Recommendation Engine: Novel integration of color harmony-based clothing
recommendations using cosine similarity of extracted features, improving user engagement and purchase confidence. 3.
Inclusive Design Features: Implementation of skin tone classification enabling personalized shopping experiences for
diverse demographics, addressing a significant gap in existing virtual try-on systems. 4. Real-Time AR Capability: Browser-
based augmented reality try-on using MediaPipe pose estimation, providing interactive experiences without specialized
hardware or app installation. 5. User-Friendly Platform: Complete web application with modern UI/UX, making advanced
virtual try-on technology accessible to non-technical users and small businesses.6. Dataset Management Tools:
Streamlined workflow for adding and preprocessing clothing items, enabling rapid catalog expansion without extensive
manual effort. Experimental Validation Our comprehensive testing demonstrated: Quality: SSIM of 0.888 and FID of 11.03,
matching cutting-edge VITON-HD operational computational effectiveness operational computational effectiveness: 1.05s
GPU inference time, suitable for real-time web applications Usability: System Usability Scale score of 82.5, indicating
excellent user experience Al Effectiveness: 78% of recommendations rated 4+ stars by users Inclusivity: 88% precision
level in skin tone classification across diverse demographics Practical Impact: Demonstrated potential for 20-35%
reduction in return rates These results validate The developed platform as a viable solution for real-world fashion e-
commerce applications. Practical Impact The system addresses critical challenges in online fashion retail: For Customers:
Increased purchase confidence, reduced uncertainty, better size selection, and more personalized shopping experiences
For Retailers:
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Lower return rates, reduced operational costs, improved conversion rates, and enhanced brand differentiation For
Society: More inclusive fashion representation, reduced environmental impact through fewer returns, and democratized
access to virtual try-on technology. Future Research Directions While The developed platform demonstrates strong
operational computational effectiveness, several promising avenues for future work remain: 1) Enhanced Synthesis
Quality: 3D-Aware Generation: - Integrate 3D body models for more accurate pose handling - Neural radiance fields
(NeRF) for novel view synthesis - Depth-aware rendering for realistic occlusion - Physics-based cloth simulation for
natural draping Material and Lighting: - Physically-based rendering (PBR) for materials - Inverse rendering for lighting
estimation - Subsurface scattering for realistic fabrics - Environment map integration.
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