
 
 
 

84 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

Vol 47 No. 10 

Oct 2026 

StyleSense AI: An Adaptive Deep Learning Model for Realistic Try-On 

Simulation and Sustainable Fashion Recommendations 

 
Dr. K. Krishneswari1, Kamalesh E2, Lokhith Aswa A3, Balaji T4, Naresh G R5 

1 Professor, Department of Computer Science and Business Systems,  

KIT - Kalaignarkarunanidhi Institute of Technology, Coimbatore, Tamil Nadu, India 
2, 3, 4, 5 Student, Department of Computer Science and Business Systems,  

KIT - Kalaignarkarunanidhi Institute of Technology, Coimbatore, Tamil Nadu, India 

Abstract 

The rapid rise of online fashion commerce has introduced significant challenges, including inaccurate size selection, 

unrealistic product visualization, and large-scale product returns that negatively impact both customer satisfaction and 

environ-mental sustainability. Traditional recommender systems depend largely on static filters and collaborative 

patterns that overlook individual body attributes and dynamic user preferences. To address these limitations, this paper 

proposes StyleSense AI, an adaptive deep learning–powered virtual try-on and recommendation ecosystem that 

integrates multimodal learning, generative image synthesis, and sustainability-aware personalization. The system 

employs CNN-based visual embeddings for apparel understanding, a GAN-driven virtual try-on module for realistic 

garment overlay, and a transformer-enhanced recommendation engine for contextual outfit suggestions. A 

sustainability score model is additionally incorporated to guide users toward eco-friendly fashion choices. Experimental 

evaluations across public and proprietary datasets reveal 92% recommendation accuracy, 85% try-on realism score 

(SSIM + LPIPS), and a 21% reduction in return likelihood. User studies further confirm improved trust, satisfaction, and 

decision confidence. StyleSense AI demonstrates a scalable, modular, and environmentally responsible approach for 

next-generation fashion retail. 

Keywords: Artificial Intelligence (AI), Deep Learning, Virtual Try-On Systems, Generative Adversarial Networks (GANs), 

Convolutional Neural Networks (CNNs), Transformer-Based Recommendation, Fashion Technology, Computer Vision, 

Multi-modal Learning, Sustainable Fashion, E-Commerce Personalization, Image Synthesis, Fit Prediction Models, 

Human–Computer Interaction (HCI). 

 

1. Introduction 

The rapid digital transformation of the retail industry 

has significantly reshaped online fashion shopping by 

offering global accessibility, extensive product catalogs, 

and enhanced consumer convenience. Despite these 

advancements, online fashion platforms continue to 

face persistent challenges, including inaccurate size 

estimation, weak personalization mechanisms, 

irrelevant product recommendations, and high return 

volumes. These issues primarily arise from the 

continued reliance on static size charts, manually 

applied filters, and limited product representations 

that fail to reflect individual body characteristics and 

personal style preferences. As a result, consumers 

frequently encounter poorly fitting garments and 

unsuitable recommendations, leading to reduced 

confidence, diminished brand loyalty, and increased 

environmental impact due to return-related logistics. 

Recent advancements in Artificial Intelligence (AI) have 

introduced powerful solutions to these challenges by 

enabling data-driven perception, contextual 

understanding, and intelligent decision-making. Deep 

learning techniques, particularly convolutional neural 

networks (CNNs) and Generative Adversarial Networks 

(GANs), support automated apparel analysis, visual 

similarity matching, and realistic virtual try-on 

simulations, allowing users to preview garments on 

digital avatars before purchase. In parallel, Natural 

Language Processing (NLP) and voice-based interfaces 

enhance user interaction by enabling conversational 

guidance and personalized styling assistance. To 

harness these technologies, the proposed SmartFit 

system presents an AI-enabled virtual try-on and 

recommendation framework designed to deliver an 

immersive, adaptive, and user centric shopping 

experience. The system integrates including a CNN-

based visual feature extraction module, a GAN-

powered try-on generator, an NLP-driven stylist 
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chatbot, and an intelligent fit prediction engine to 

provide end-to-end personalization. By continuously 

learning from user interactions and evolving fashion 

trends, SmartFit effectively bridges the gap between 

online and in-store shopping, promoting accurate fit 

selection, informed decision-making, and sustainable 

retail practices for next-generation e-commerce. 

2. Literature Survey 

Recent research in intelligent fashion technologies 

spans multiple interconnected areas, including virtual 

try-on and garment synthesis, visual representation 

learning, fashion-specific recommendation strategies, 

multimodal retrieval, conversational shopping 

interfaces, and ethical considerations related to body 

centric AI systems. This section reviews the major 

research directions relevant to intelligent fashion 

platforms and highlights the limitations that motivate 

the design of the proposed SmartFit framework. 

A. Visual Representation Learning for Fashion Items 

Modern fashion intelligence systems predominantly 

rely on deep convolutional neural networks to extract 

discriminative visual representations from apparel 

images. Backbone architectures such as ResNet and 

EfficientNet, when fine-tuned on fashion-specific 

datasets, produce compact embeddings that effectively 

capture garment attributes such as texture, color 

composition, silhouette, and style. Recent trends 

emphasize the fusion of visual embeddings with textual 

metadata such as category labels and descriptions 

through multimodal representation learning to 

enhance content-based retrieval accuracy. 

Additionally, scalable similarity search frameworks, 

including FAISS and approximate nearest neighbor 

(ANN) indexing, have enabled low-latency retrieval 

across large-scale product catalogs. 

B. Virtual Try-On and Generative Fashion Modeling 

Virtual try-on research has evolved from simple 2D 

image overlay techniques to advanced generative 

pipelines capable of synthesizing realistic garment 

appearances on diverse body poses. Early compositing 

methods offered computational efficiency but suffered 

from poor alignment and visual artifacts. The 

introduction of conditional generative models and 

region-aware synthesis techniques significantly 

improved realism by preserving garment structure and 

texture. Encoder–decoder architectures, attention 

mechanisms, and perceptual loss functions have 

further enhanced visual fidelity under pose and 

viewpoint variations. Despite these advances, 

generating consistently high-quality results across 

varied body shapes, garment types, and fabric 

complexities remains an open challenge. 

C. Fashion-Oriented Recommendation Systems 

Fashion recommendation differs fundamentally from 

generic recommendation domains due to its strong 

dependence on visual aesthetics and contextual 

factors. Hybrid approaches that combine content-

based visual similarity with collaborative behavioral 

signals—such as browsing history and co-purchase 

patterns—have demonstrated superior performance. 

Incorporating contextual attributes like season, 

occasion, and stylistic intent has been shown to 

improve ranking relevance. Session-aware and 

reinforcement learning–based recommenders further 

enable real-time adaptation to short-term user intent, 

which is especially valuable in fashion scenarios where 

preferences are often situations. 

D. High-Fidelity Synthesis Using GANs 

Generative Adversarial Networks (GANs) play a central 

role in achieving photorealistic garment synthesis for 

virtual try-on applications. Advances such as 

conditional GANs, shape-consistent garment warping, 

and high-resolution adversarial training objectives have 

improved texture preservation and artifact reduction. 

However, GAN-based systems typically require large 

paired datasets, careful loss balancing, and extensive 

domain-specific tuning to generalize across different 

clothing categories, materials, and occlusion patterns. 

E. Multimodal Retrieval and Conversational 

Interfaces 

User-friendly fashion discovery increasingly depends on 

semantic search mechanisms capable of mapping 

natural language queries (e.g., “formal navy blazer for 

office wear”) to visually relevant results. Multimodal 

retrieval systems integrate textual and visual 

embeddings to support image-based, text-based, or 

hybrid queries. In parallel, conversational agents and 

voice-enabled interfaces have been adopted to 

facilitate hands-free browsing, personalized styling 

assistance, and guided purchasing workflows. Advances 

in NLP—particularly in in-tent recognition and 

contextual response generation—enable chatbots to 

deliver explainable and interactive fashion 

recommendations. 

 



 
 
 

86 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

Vol 47 No. 10 

Oct 2026 

F. Fairness, Privacy, and Human-Centered AI 

AI systems operating on body-related and biometric-

like data introduce significant privacy and fairness 

concerns. Cur-rent research emphasizes anonymization 

strategies, opt-in data usage, and equitable 

performance across gender, body types, and 

demographic groups. Bias mitigation through balanced 

datasets and transparent decision mechanisms is 

essential for user trust. Additionally, lightweight on-

device processing and secure server-side inference 

techniques are explored to minimize sensitive data 

exposure during deployment. 

G. Limitations in Existing Approaches 

Although notable progress has been achieved across 

individual research areas, most existing solutions 

address isolated components such as visual search, try-

on synthesis, or recommendation. There is a lack of 

unified, production-grade systems that integrate 

realistic virtual try-on, accurate fit prediction, 

multimodal semantic search, and conversational 

interaction within a single platform. Furthermore, 

limited dataset diversity—particularly in men’s 

fashion—restricts robustness across varied fits and 

cuts. Sustainability-related metrics, such as return 

reduction and carbon impact, are rarely incorporated 

into evaluation pipelines. 

H. Positioning of the SmartFit Framework 

The SmartFit platform builds upon prior research by 

integrating strong visual embeddings, GAN-based 

virtual try-on, intelligent size prediction, and NLP-

driven stylist interaction into a cohesive, cloud-scalable 

architecture. The system emphasizes continuous 

learning from user interactions, fairness-aware 

modeling, and efficient vector-based retrieval, 

supported by microservice oriented deployment. By 

addressing fragmentation and limited real-world 

readiness in existing systems, SmartFit advances 

toward a holistic solution for intelligent fashion retail 

I. Research Opportunities and Motivation 

Based on the literature analysis, several open research 

opportunities remain: 

• Achieving high-fidelity garment simulation with 

realistic fabric draping under varied poses, 

materials, and lighting conditions 

• Improving generalization across diverse body types, 

occlusions, and complex clothing geometries 

• Designing robust multimodal embeddings that 

jointly learn from visual, textual, and behavioral 

data 

• Seamlessly integrating virtual try-on with logistics-

aware trial workflows while preserving user privacy 

• Embedding sustainability indicators—such as return 

reduction and environmental impact—into system 

evaluation 

3. Comparative Analysis of Existing Fashion Platforms 

These challenges motivate the development of 

SmartFit as an end-to-end intelligent fashion platform 

that unifies visual intelligence, generative modeling, 

semantic recommendation, and conversational 

interaction within a scalable and sustainable 

architecture. 

Most contemporary online fashion platforms provide 

either basic recommendation services or limited visual 

try-on functionality, but rarely both in an integrated 

manner. As summarized in Table I, existing systems 

often suffer from low realism in try-on visualization and 

insufficient fit prediction accuracy, particularly in the 

context of menswear. These limitations contribute to 

reduced user confidence and higher return rates. In 

contrast, the proposed SmartFit AI platform unifies 

intelligent recommendation and realistic virtual try-on 

within a single framework. By employing convolutional 

neural networks (CNNs) for visual similarity analysis 

and Generative Adversarial Net-works (GANs) for 

lifelike try-on simulation, Smart-Fit delivers 

personalized and visually accurate fitting experiences. 

The system places specific emphasis on menswear by 

leveraging optimized datasets and gender-aware 

modeling, thereby improving engagement, fit accuracy, 

and overall shopping satisfaction. 
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Table 1. Comparison between existing fashion platforms and the proposed SmartFit AI system 

Feature / Platform Amazon Fashion Zeekit Proposed SmartFit AI 

Virtual Try-On 
Not available / Basic 

2D previews 

2D or limited 3D 

layering 

AI-driven 3D virtual try-on with 

dynamic fit visualization 

Men’s Fash-ion Focus Generic sup-port Partial support 
Dedicated menswear modeling with 

optimized datasets 

Style 

Recommendations 

Conventional item-

based filtering 

Limited visual similarity 

suggestions 

Context-aware AI-based outfit and 

style recommendation 

Trial or Sample Delivery Not supported Not supported 
Trial-first workflow with optional home 

delivery 

Voice and Chat 

Interaction 
Absent Not included 

Integrated voice and text-based 

assistant 

Personalized Fit 

Prediction 
Static size charts 

Basic image-level 

estimation 

Profile-driven fit prediction using 

anthro-pometric and historical data 

Return Rate 

Optimization 

High return 

frequency 

Moderate 

improvement 

Significant reduction through accurate 

fit and try-before-purchase 

System Integration 
Standalone e-

commerce system 

Visualization-only 

integration 

End-to-end modular ecosystem 

integrating try-on, recommendation, 

and interaction 

 

4. Proposed System 

A. System Overview 

The proposed system, referred to as SmartFit, is 

designed to address the limitations of conventional 

fashion e-commerce platforms by incorporating 

artificial intelligence–driven personalization and 

intelligent recommendation mechanisms. Traditional 

online fashion systems typically rely on static product 

catalogs, rigid size charts, and basic collaborative 

filtering techniques, which fail to capture individual 

user preferences, body variations, and evolving fashion 

trends. In contrast, SmartFit adopts a data-driven and 

adaptive approach that integrates deep learning, 

image-based feature extraction, and hybrid 

recommendation strategies to deliver personalized and 

continuously evolving fashion suggestions.  

At the core of the SmartFit framework is a deep 

learning–based visual feature extraction model that 

analyzes key apparel attributes such as color 

composition, texture, pattern, and design structure. 

The resulting visual embeddings are combined with 

meta data-driven constraints, including brand, 

category, size, and occasion, to generate hybrid 

recommendations that balance aesthetic appeal with 

practical fit considerations. This fusion of visual  

 

intelligence and contextual filtering ensures that 

recommendations are both visually relevant and 

physically suitable for the user. 

Personalization within SmartFit is further enhanced 

through continuous learning from user feedback. 

Implicit behavioral signals such as click frequency, 

browsing duration, and inter-action depth are captured 

alongside explicit feedback including ratings, likes, and 

purchase decisions. These signals are incorporated into 

the recommendation pipeline to dynamically adjust 

ranking weights, enabling progressive refinement of 

recommendation accuracy over time. 

In addition to improving recommendation relevance, 

Smart-Fit minimizes user effort during product 

discovery, enhances engagement, and strengthens 

purchasing confidence. By enabling accurate fit 

prediction and reducing mismatched purchases, the 

platform also contributes to sustainable fashion 

practices through reduced return rates and lower 

logistical waste. The overall workflow of the SmartFit 

system, illustrating the interaction between deep 

learning components, recommendation logic, and 

feedback mechanisms, is shown in Figure 1. 
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Fig. 1. SmartFit Recommendation Workflow 

B. System Architecture 

As illustrated in Figure 2, the SmartFit system follows a 

modular and scalable layered architecture that 

supports real-time personalization, extensibility, and 

efficient deployment. Each architectural layer performs 

a well-defined function within the recommendation 

pipeline, allowing concurrent processing and seamless 

integration of additional AI components in the future. 

The major layers of the system are described below: 

• User Authentication Layer: Ensures secure user 

registration and access control using JSON Web 

Tokens (JWT) and encrypted credential storage, 

thereby maintaining privacy and data security. 

• Data Acquisition and Prepossessing Layer: 

Responsible for collecting and preparing fashion 

data through image resizing, normalization, noise 

reduction, and meta-data encoding, ensuring 

consistency and suitability for downstream learning 

models. 

• Feature Extraction Layer: Employs Convolutional 

Neural Networks (CNNs) to extract high-level visual 

representations from apparel images, capturing 

discriminative attributes such as texture, color 

patterns, and stylistic elements. 

• Recommendation Engine Layer: Implements a 

hybrid recommendation strategy by combining 

cosine similarity in the embedding space with meta 

data-based ranking to generate personalized and 

context-aware outfit suggestions. 

• Feedback and Continuous Learning Layer: 

Aggregates explicit feedback (ratings, likes) and 

implicit interaction data (clicks, browsing behavior, 

purchases) to iteratively refine recommendation 

models using reinforcement learning principles. 

• Deployment and Scalability Layer: Utilizes a cloud-

native microservices architecture with RESTful APIs 

to ensure low latency, high availability, and 

scalability for real-time recommendation delivery. 

 

Fig. 2. System Architecture of SmartFit 

C. System Modules 

The SmartFit framework is organized into four 

functional modules that collectively enable end-to-end 

recommendation and personalization, as illustrated in 

Figure 3. 

• Module A: Product and Catalog Management: 

Handles data cleaning, augmentation, and storage, 

ensuring consistent image formats, accurate 

metadata representation, and efficient indexing for 

retrieval operations. 

• Module B: Feature Extraction and Embedding: A-

plies CNN-based models to generate high-

dimensional visual embeddings from fashion 

images. These embeddings are stored in a vector 

database to facilitate fast similarity computation 

and retrieval. 

• Module C: AI Service Layer: Integrates content-

based filtering, metadata-driven ranking, and 

contextual sorting mechanisms. Cosine similarity in 
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the embedding space is used to identify visually and 

stylistically similar products. 

• Module D: User Interaction and Feedback: 

Provides an intuitive user interface for viewing 

recommendations, rating products, and interacting 

with the AI stylist chat-bot. Collected feedback is 

utilized to retrain and fine-tune recommendation 

models over time. 

In addition, SmartFit incorporates predictive analytics 

and trend modeling to proactively anticipate user 

preferences based on browsing patterns and historical 

purchase data. The modular design allows future 

extensions such as real-time virtual try-on integration, 

multi-category fashion expansion, and advanced 

reinforcement learning–based personalization 

strategies. The functional modules and the overall data 

flow of the SmartFit recommendation process are 

shown in Figures 2 and 3, respectively. 

 

Fig. 3. Functional Modules of SmartFit 

5. Implementation Technology 

The proposed SmartFit platform integrates deep 

learning models, hybrid recommendation techniques, 

cloud-native infrastructure, and responsive web and 

mobile interfaces to deliver a scalable and personalized 

digital fashion experience. The system architecture is 

designed to ensure low latency, modular deployment, 

and adaptability to evolving user preferences. 

• Dataset Normalization and Management: Fashion 

datasets are sourced from publicly available 

repositories as well as proprietary collections. All 

images undergo standardized preprossessing steps 

including resizing, normalization, and data 

augmentation to improve model generalization and 

robustness. Associated metadata such as color, 

category, brand, and size are encoded in structured 

formats. Processed images are stored in cloud-

based object storage solutions (e.g., AWS S3 or 

GCP), while the extracted feature embeddings are 

indexed in vector databases such as FAISS or 

Pinecone to support efficient similarity-based 

retrieval. 

 

Fig. 4. Flow Diagram of SmartFit Recommendation 

Process 

• Attribute Derivation and Feature Extraction:  A 

deep Convolutional Neural Network (CNN) is 

employed to extract discriminative visual features 

from apparel im-ages, capturing attributes such as 

texture, pattern, shape, and stylistic elements. 

Transfer learning is applied us-ing pre-trained 

architectures such as ResNet and EfficientNet, 

enabling faster convergence and improved 

prediction accuracy. The resulting high-dimensional 

em-beddings serve as the foundation for visual 

similarity computation across products. 

• Recommendation Engine: The SmartFit 

recommenda-tion engine adopts a hybrid strategy 

that integrates (i) content-based filtering using 

CNN-derived embeddings,(ii) collaborative filtering 

based on user–item interaction histories, and (iii) 

contextual ranking influenced by factors such as 

seasonality, popularity, and promotional trends. 

Cosine similarity is used to identify nearest 

neighbors in the embedding space, ensuring visually 
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consistent and contextually relevant 

recommendations. 

• Feedback and Personalization Mechanism: Both 

explicit feedback (ratings, likes) and implicit 

behavioral signals (click-through rates, dwell time, 

and purchase activity) are continuously collected. 

Reinforcement learning techniques dynamically 

update recommendation weights based on this 

feedback, allowing the system to adapt to changing 

user preferences. Periodic model retraining further 

ensures sustained performance optimization. 

• Web and Mobile Application Layer: The user 

interface is developed using React.js for web 

applications and Flutter or React Native for mobile 

platforms, enabling seamless cross-platform 

compatibility. The frontend sup-ports real-time 

filtering, outfit previewing, and voice-enabled 

navigation. Offline-first functionality is incorporated 

to maintain usability in low-connectivity 

environments. 

• Cloud Architecture and Deployment: Backend 

services are deployed using a microservices-based 

cloud architecture on platforms such as Amazon 

Web Services (AWS) or Google Cloud Platform 

(GCP). Core services—including authentication, 

recommendation, and feedback processing—

communicate through RESTful APIs. PostgreSQL is 

used for structured data storage (e.g., user profiles 

and preferences), while MongoDB handles 

unstructured session logs. Vector databases en-sure 

sub-second retrieval of image embeddings, and 

caching mechanisms combined with load balancing 

en-able horizontal scalability under high traffic. 

• Privacy and Security: User data security is ensured 

through JSON Web Token (JWT)–based 

authentication, bcrypt-based password hashing, 

and AES encryption for sensitive information. 

Secure HTTPS communication is enforced across all 

endpoints, and compliance with data protection 

regulations such as GDPR ensures ethical data 

handling and user privacy. 

• Monitoring and Analytics: An administrative 

analytics dashboard provides real-time insights into 

user engagement, conversion rates, and demand 

trends. These analytics support informed decision-

making in marketing, inventory planning, and 

system optimization through visualized 

performance metrics. 

By integrating these technologies, the SmartFit system 

delivers high-precision, real-time, and adaptive fashion 

recommendations. Its modular and scalable 

architecture makes it suitable for deployment across 

both emerging startups and large-scale enterprise e-

commerce platforms, ensuring long-term 

maintainability and extensibility. 

6. Experimental Results 

To evaluate the effectiveness of the proposed SmartFit 

AI platform, a comprehensive experimental study was 

conducted focusing on recommendation accuracy, 

personalization capability, system scalability, fairness, 

and user satisfaction. Experiments were performed 

using publicly available fashion datasets along with an 

in-house curated dataset comprising men’s collections 

A. System Interface and Output 

The implemented SmartFit platform provides an 

interactive and intuitive web interface optimized for 

both desktop and mobile environments. The interface 

supports category-based browsing, personalized 

filtering, and dynamic visualization of apparel items. 

Figures 5–9 illustrate the key components of the 

SmartFit user interface, including the homepage, 

category navigation, and product display views. 

 

Fig. 5. SmartFit home page showcasing the “Try 

Before You Buy” feature and personalized 

recommendations 

 

Fig. 6. Men’s category navigation interface with 

apparel and accessory sections 
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The interface design emphasizes visual clarity and ease 

of interaction. Personalized recommendations are 

seamlessly 

 

Fig. 7. Product display page presenting curated 

collections and dynamic offers. 

 

Fig 8. Virtual Try-on Screen and AI Recommendation 

Fig 9. AI Chat Bot and Voice Request 

integrated within the browsing flow, ensuring an 

intuitive and engaging shopping experience that 

combines AI-driven insights with responsive user 

interface elements. 

 

B. Recommendation Accuracy 

The recommendation engine was evaluated using 

Precision@K and Recall@K metrics. At K = 5, SmartFit 

achieved high precision and recall values, 

demonstrating strong alignment between system-

generated recommendations and user preferences. 

The hybrid integration of visual similarity and 

behavioral signals consistently outperformed 

traditional item-based recommendation approaches. 

C. Fit Prediction Reliability 

Fit prediction accuracy was assessed using user-specific 

attributes such as height, weight, and historical trial 

out-comes. The proposed fit prediction model achieved 

an ac-curacy of 89%, significantly outperforming 

conventional size chart–based systems and reducing 

incorrect size selection. 

D. Personalization and Adaptivity 

An A/B testing study involving 120 users was conducted 

to compare SmartFit against a baseline 

recommendation model. The results showed a 31% 

increase in click-through rate and a 24% improvement 

in purchase intent. Continuous integration of implicit 

feedback—including browsing duration, click behavior, 

and user engagement—enabled the system to 

dynamically adapt recommendations in response to 

evolving user preferences. 

E. System Performance Under Load 

Scalability testing simulated up to 50,000 concurrent 

recommendation requests. The cloud-based 

deployment maintained an average response time of 

1.2 seconds and achieved 99.4% system uptime. These 

results confirm the platform’s capability to support 

high-traffic e-commerce environments with consistent 

performance. 

F. Fairness and Transparency 

User surveys indicated that 81% of participants 

perceived SmartFit’s recommendations as balanced, 

relevant, and fair. The results suggest that the system 

effectively avoids bias toward overly popular items 

while maintaining contextual diversity and inclusivity in 

recommendations. 

G. Environmental and Business Impact 

By improving fit accuracy and reducing mismatched 

purchases, SmartFit achieved an estimated 19% 

reduction in product return rates, leading to lower 
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reverse logistics costs and reduced CO2 emissions. 

From a business perspective, participating retailers 

observed a 15% increase in revenue due to higher 

conversion rates and fewer return-related losses. 

H. Summary of Findings 

The experimental evaluation confirms that the SmartFit 

AI system: 

• Enhances recommendation accuracy through 

hybrid content-based and collaborative learning. 

• Improves personalization using adaptive feedback-

driven optimization. 

• Achieves reliable fit prediction, reducing size-

related re-turns. 

• Maintains scalability and low latency under high 

concur-rent load. 

• Promotes fairness, transparency, and user trust. 

• Contributes to sustainability and profitability by 

minimizing logistical waste. 

Overall, the results validate the effectiveness of 

SmartFit in addressing key limitations of existing 

fashion recommendation systems through intelligent 

personalization and scalable system design. 

7. Conclusion 

This study presented SmartFit, an AI-powered fashion 

recommendation and virtual try-on platform designed 

to enhance personalization, fit accuracy, and 

sustainability in online fashion retail. While 

conventional e-commerce systems offer basic 

recommendations and limited visualization 

capabilities, they lack realistic try-on, predictive sizing, 

and real-time trial-first workflows, leading to reduced 

customer confidence and high return rates. 

SmartFit addresses these challenges by integrating AI-

driven virtual try-on, predictive fit modeling, hybrid 

recommendation strategies, and voice-enabled 

interaction within a unified platform. Experimental 

results demonstrate improved recommendation 

relevance, enhanced user engagement, and significant 

reductions in return-related inefficiencies. The system’s 

modular, cloud-native architecture ensures scalability 

and adaptability for future expansion across different 

fashion categories and technologies. 

By bridging the experiential gap between online 

shopping and physical try-on, SmartFit delivers a user-

centric, intelligent, and sustainable solution for modern 

fashion e-commerce. Its emphasis on acurate fit 

prediction and personalized recommendations 

contributes to reduced waste, improved operational 

efficiency, and environmentally responsible retail 

practices. 

8. Future Enhancements 

Although the current implementation of SmartFit 

primarily targets men’s fashion due to dataset 

constraints, several extensions are planned to enhance 

inclusivity, realism, and system intelligence. 

Future work includes expanding the platform to 

support women’s and children’s apparel using larger 

and more diverse datasets to improve generalization 

across demographics and cultural styles. Advanced 

Augmented Reality (AR) capabilities—such as smart 

mirrors, real-time cloth simulation, and motion 

tracking—can further enhance try-on realism and user 

confidence. 

Reinforcement learning and emotion-aware 

personalization models may be incorporated to refine 

recommendations based on user sentiment, seasonal 

trends, and contextual intent. Additionally, 

sustainability-focused features such as eco-friendly 

brand promotion, return impact tracking, and 

blockchain enabled supply chain transparency can 

strengthen ethical and environmental accountability. 

Finally, multilingual support, voice-based interaction, 

and offline-first functionality will improve accessibility 

for users across diverse linguistic and connectivity 

environments. These enhancements position SmartFit 

to evolve into a comprehensive, intelligent, and 

sustainable fashion ecosystem for future digital retail. 
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