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Abstract

Fashion selection is a complex decision-making process influenced by multiple personal and contextual factors
including body type, occasion, weather conditions, and emotional state. Traditional fashion advice sources
provide generic recommendations that fail to address these diverse and dynamic personal needs, resulting in
user dissatisfaction, wasted time, and reduced shopping confidence. This paper presents an Al-Based Fashion
Recommendation Engine with user authentication and dynamic rating system that delivers context-aware outfit
suggestions by integrating body type classification, hybrid recommendation algorithms, and real-time e-
commerce integration. The system analyzes user inputs encompassing body type classification, occasion
analysis, weather conditions, and mood detection to generate customized outfit recommendations. Integration
with APIs enables seamless product discovery and purchasing, streamlining the complete fashion journey from
recommendation to acquisition. The system provides a scalable, data-driven foundation for emotionally
intelligent and contextually aware fashion technology.

Index Terms: Fashion Recommendation, Machine Learning, Content-Based Filtering, Collaborative
Filtering, Body Type Classification, Contextual Analysis, E-commerce Integration, Personalized
Styling, User Authentication, Rating System, Al-Driven Systems, User Profiling.

I. INTRODUCTION
Fashion is a powerful form of self-expression and plays a critical role in social and professional settings,
directly influencing personal confidence, social interactions, and professional success. However, many
individuals face significant challenges when selecting outfits that align with their unique body type, specific
occasions, local weather conditions, and emotional state. Traditional fashion advice sources, including
fashion magazines, casual recommendations from peers, and generic online styling guides, often provide
one-size-fits-all suggestions that fail to consider the nuanced and dynamic factors influencing individual
fashion choices.
The complexity of fashion decision-making is further compounded by the fragmentation of the shopping
experience. Users seeking fashion advice must navigate multiple sources fashion blogs, retailer websites,
personal styling services to identify suitable recommendations and then separately search through e-
commerce platforms to locate and purchase suggested items. This disjointed process creates friction, reduces
user engagement, and frequently results in abandoned shopping journeys.
The emergence of Artificial Intelligence (Al) and Machine Learning (ML) technologies offers transformative
potential for addressing these challenges. Recent advances in computer vision, natural language processing,
and recommendation algorithms enable the development of intelligent systems capable of analyzing multiple
dimensions of personal and contextual information to generate highly personalized fashion suggestions.
The proposed system addresses a critical gap in the fashion technology landscape by delivering the first
comprehensive, multi-dimensional recommendation engine that simultaneously considers body type,
occasion, weather, mood, and real-time e-commerce availability. By streamlining the fashion decision-
making process and reducing time spent on outfit selection and shopping, the system empowers users to
make confident, contextually appropriate, and personally expressive fashion choices.

Il. LITERATURE REVIEW AND MOTIVATION

A. Fashion Recommendation Systems
Early fashion recommendation systems relied on simple content-based filtering, matching items by color and
pattern similarity. Contemporary research emphasizes hybrid approaches combining collaborative filtering
with content-based methods. Hybrid systems achieve superior accuracy by balancing historical user
preferences with item attribute matching.
Contemporary fashion recommendation research increasingly emphasizes hybrid approaches that combine
multiple recommendation techniques. Collaborative filtering algorithms, which leverage user interaction
data and historical preferences, have demonstrated superior performance compared to content-only
approaches. However, collaborative filtering requires substantial user interaction data, presenting challenges
for new users with limited interaction histories—the "cold start problem".
However, existing systems predominantly focus on narrow dimensions style preferences or visual
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similarity—while overlooking interconnected factors influencing real-world fashion decisions, such as body
shape and weather.

B. Body Type Classification and Styling
Research demonstrates that clothing harmonizing with individual body shapes significantly enhances
appearance and wearer confidence. Standard body type categories (pear, apple, hourglass, rectangle, inverted
triangle) benefit from specific styling principles. For example, pear-shaped individuals achieve balance
through tops emphasizing shoulder width, while apple-shaped individuals benefit from wvertical lines and
darker midsections.
Recent advances in computer vision enable automated body shape detection using Convolutional Neural
Networks (CNNs), achieving classification accuracy exceeding 85%. Despite this capability, few commercial
applications integrate body type analysis into recommendations.

C. Contextual Factors: Occasion and Weather
Occasion type significantly influences appropriate fashion choices, with distinct conventions governing
casual, professional, and formal wear. Weather conditions directly impact clothing comfort and
appropriateness seasonal variations require distinct fabrics, silhouettes, and layering strategies. Real-time
weather APIs make weather-aware recommendation technically feasible, yet this remains largely unexplored
in commercial systems.

D. Mood Analysis and Affective Computing
Emerging research addresses psychological dimensions of clothing choices. Mood influences color
preferences, style intensity, and fit selections. Natural Language Processing (NLP) and sentiment analysis
enable mood detection from user input. However, few fashion systems incorporate mood-aware
recommendations despite evidence that mood-aligned clothing enhances satisfaction.

E. e-commerce Integration and Seamless Shopping.

The fragmentation between fashion advice and purchasing represents significant friction. EXisting
recommendation systems often operate independently from e-commerce platforms, requiring users to
manually search and purchase suggested items. Systems directly connecting recommendations with real-time
product information demonstrate significantly improved conversion rates and user satisfaction.

F. Research Gap
Limited research addresses integrated systems simultaneously considering body type, occasion, weather, and
mood within a unified, user-centric platform. The proposed engine bridges this gap by unifying multiple
personalization dimensions, implementing hybrid algorithms optimized for fashion, integrating real-time e-
commerce data, and incorporating mood-aware recommendations.

I11. PROPOSED SYSTEM ARCHITECTURE AND DESIGN
A. System Overview
The Al-Based Fashion Recommendation Engine operates as a three-tier web application: frontend
layer (user interface), backend/intelligence layer (Al/ML models and business logic), and data integration
layer (external APIs).
The system follows architectural principles including modularity, scalability, responsiveness, user-centricity,
and privacy-awareness.
B. System Modules and Functional Components
1) User Profiling Module The system captures essential information through an intuitive interface:
- Body type (pear, apple, hourglass, rectangle, inverted triangle)
Occasion type (casual, professional, formal, party, athletic)
Weather data via location input or direct specification
- Mood assessment (happy, neutral, confident, creative, relaxed, professional)
- Personal preferences (colors, styles, size information)
Module implements validation logic ensuring data completeness and consistency before passing to
recommendation components. User data is structured as JSON objects for efficient processing and storage.
2) Body Type Classification Module: The module standardizes classification using either user self-
identification or measurement-based analysis. A rule-based styling engine applies body-type-specific
clothing attributes:
Classification Approach:
- User provides body shape self-identification or answers measurement questions .
- System validates against standard body type taxonomy
- Classification results inform styling recommendation algorithm
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3) Contextual Analysis Module:The contextual analysis module processes occasion, weather, and
mood inputs to establish outfit suitability criteria:

Occasion Analysis Algorithm: The module maps occasion types to formality levels and appropriate

style categories:

- Casual (Low formality) — Comfortable, relaxed silhouettes; versatile color palettes

- Professional (Medium formality) — Structured, modest styles; neutral color emphasis.

- Business Formal (High formality) — Tailored, sophisticated designs; conservative color ranges.

- Evening/Party (Variable) — Elegant, attention-drawing styles; diverse color options.

- Athletic (Functional) — Performance-optimized fabrics; movement-enabling silhouettes.

Weather Integration Algorithm: Real-time weather data from external API informs fabric and coverage

recommendations:

- Temperature ranges determine fabric weight (lightweight for >25°C, medium 15 - 25°C,

heavy)

- Precipitation probability influences material water-resistance recommendations)

- Humidity levels affect breathability requirements.

- Seasonal patterns inform color palette suitability

Mood-Based Recommendation Logic: User mood input influences recommendation generation through:

- Color psychology - Happy moods pair with brighter colors; professional moods favor neutral tones.

- Style intensity - Confident moods enable bolder choices; neutral moods suit classic styles.

- Fit preferences - Relaxed moods suggest looser silhouettes; confident moods enable fitted styles.

4) User Authentication and Session Management: A secure login system manages user authentication
using JWT tokens and password hashing. Sessions persist user profile data, recommendation history, and
rating data across application instances. User roles and permissions are enforced to ensure data privacy
and security.

5) Rating and Feedback System: Users rate outfit recommendations on a 1-5 scale with optional
comment fields. Rating data is aggregated to compute recommendation quality metrics and user
satisfaction scores. Collaborative filtering algorithms leverage aggregated ratings to identify similar users
and improve future recommendations. Feedback analytics identify patterns in user preferences to refine
recommendation algorithms.

6) Data Management: User profiles, authentication tokens, interaction history, ratings, and product
catalogs are maintained in PostgreSQL database. Redis caching layer optimizes frequently accessed data
and API responses. Privacy-first principles ensure user data is encrypted, access-controlled, and retained
only for operational necessity.

C. System Architecture Layers
The Al-Based Fashion Recommendation Engine is architected as a full-stack web application following
modern software engineering principles including modular design, separation of concerns, and scalable
architecture. The system operates as a three-tier application:

User Interface Layer: User-facing interface for input collection, recommendation display, and e-

commerce integration.

Backend/Intelligence Layer: AlI/ML models, recommendation algorithms, and business logic.

Data Integration Layer: External APl integration (weather, e-commerce) and data management.

D. Technical Stack and Implementation Details:
- Frontend: React, TypeScript, Vite, Tailwind CSS, Axios, Chart.js, JWT libraries for authentication.
- Backend: Flask , Express with authentication middleware
ML: Scikit-Learn, TensorFlow.
- APIs: OpenWeather API, RESTful custom product discovery API
Database: PostgreSQL (user profiles, ratings, products), Redis (caching, sessions)
Authentication: JWT-based session management, berypt password hashing.

IV. METHODOLOGY AND SYSTEM DEVELOPMENT
A. Development Methodology
The system is developed following an iterative, user-centered design methodology emphasizing:
- Requirements Analysis - Comprehensive user research and problem definition
- Prototyping - Rapid development of functional prototypes for user feedback.
- Iterative Development - Incremental feature implementation with continuous user validation.
- .User Testing - Formal evaluation with target users to validate design decisions.
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- Refinement - Integration of feedback and continuous improvement cycles.
B. Requirements Analysis
- User Authentication — Secure login/registration with password hashing and JWT token management.
- User Profile Management — Persistent profiles storing body type, occasion, mood, location, and
preferences.
- Recommendation Generation — Creation of 5-10 outfit recommendations matching user profile and
context.
- RESTful Product API — Backend API endpoint providing product discovery filtered by
recommendation criteria.
- Rating and Feedback System — Users rate recommendations on 1-5 scale with optional comments.
- Analytics Dashboard — Display of recommendation history, user ratings, preference trends, and
system performance.
- Real-time Weather Integration — Current weather data incorporation via OpenWeather API.
- Multi-platform Support — Desktop and mobile device compatibility.
- Session Persistence — User login session management across application instance.
C. System Design Process
Data sources include internal product databases, user profiles, real-time weather, user ratings and feedback,
and fashion styling rules[. Processing includes normalization of product data, standardization of user profiles
into numerical vectors, categorical mapping of weather conditions, aggregation of user rating data, and
feedback sentiment analysis. Rating data is processed to identify recommendation quality patterns and user
preference clusters.
D. Machine Learning Models
Body Type Classifier: Logistic regression or random forest achieving >85% accuracy on 500+
annotated examples.
Contextual Suitability Model: Neural network trained on 1,000+ outfit-context pairs with expert
ratings.
Recommendation Ranker: Hybrid approach combining content-based similarity, collaborative
filtering, and contextual scores. User Rating Prediction Model: Collaborative filtering model using
matrix factorization or neural networks to predict user rating patterns based on similar users' ratings.
Feedback Sentiment Analysis: NLP model extracting actionable insights from user comments to
refine recommendation algorithms.

V. EXPERIMENTAL EVALUATION AND RESULTS

A. Evaluation Objectives
The experimental evaluation aims to assess the effectiveness of the Al-Based Fashion Recommendation
Engine in terms of recommendation quality, user satisfaction, system usability, and technical performance
under real-world usage conditions. In addition, the evaluation measures the impact of the newly added login
and rating modules on personalization quality and system learning.

B. Experimental Setup
A group of around 10-15 students and young professionals used the system on their own devices over a
period of two to three weeks. Each participant registered, created a profile (body type, preferences, context),
requested outfit recommendations for multiple occasions, and rated the suggested outfits using the integrated
rating interface.

C. Evaluation Metrics:
The following quantitative and qualitative metrics were used:

« Recommendation Relevance Rating (RRR): Average user rating (1-5) for recommended outfits.
+ Click-Through Rate (CTR): Percentage of recommendations explored in detail.

Profile Reuse Rate (PRR): Percentage of sessions with returning authenticated users
Response Time (RT): Time for custom API to return recommendations
System Usability Scale (SUS): Standardized usability score from questionnaire
Authentication Success Rate: Successful login/registration completion percentage Qualitative

Feedback: Open-ended comments on strengths and improvements

D. Results and Analysis
The collected ratings showed that most recommended outfits were evaluated between 4 and 5 on the 5-point
scale, indicating that users generally found the suggestions relevant and appropriate to their profiles and
occasions. A consistently high click-through on recommended items confirmed that users were interested in

International Conference on "Emerging Trends and Research in Computer & Electronics Exigencies -2026"
ETRCEE-2026 [24h January, 2026] 110



Vidyabharati International Interdisciplinary Research Journal ISSN 2319-4979

exploring the suggested outfits in more detail.

System logs showed that average response time for generating recommendations remained within the
targeted limits, so users experienced smooth interaction without noticeable delay. Repeated logins by many
participants demonstrated that personalized profiles and the rating-based refinement mechanism encouraged
continued usage and improved trust in the system over time.

Authentication success rate exceeded 95%, indicating robust login/registration mechanisms. User retention
after the first week exceeded 65%, suggesting that the combination of personalization, ratings, and
authentication motivated continued engagement. SUS scores averaged above 70, indicating above-average
system usability.

Dimension Proposed | Generic | Pinterest B Styling
commerce
© o
v v
Body Type Full X None Lifhited © Limited Full
™ g -
Weather tiRrr?:I X None X None © Limited © Varies
Mood v Full X None X None X None © Some
User Auth v JWT X None . D © Account v Full
Limited
Rating v : ©
X X
System Dynamic None None © Static Feedback
API Control | v Custom | X None = © Limited X Manual
External
Cost v Free v Free v Free 7 x
Free/Paid Expensive

Table 1: Comparative Analysis of Fashion Recommendation Systems

The system offers holistic personalization, weather intelligence, persistent user authentication with
secure profiles, dynamic rating systems for continuous improvement, custom API control enabling
independent product curation, and cost accessibility compared to existing alternatives.

The proposed system uniquely combines all dimensions of personalization (body type, occasion,
weather, mood) with user authentication, dynamic feedback mechanisms, and custom API control
—no existing commercial system integrates all these features.

V1. COMPARATIVE ANALYSIS WITH EXISTING SOLUTIONS

A. Comparative Evaluation Framework
Existing fashion recommendation systems were evaluated across multiple dimensions relevant to the target
user base (students and young professionals). The comparison encompassed both feature parity and
architectural differences as shown in Table 1.

B. Positioning
The proposed system fills a unique niche in the fashion recommendation landscape by prioritizing
comprehensive personalization, user-controlled data, and continuous learning through ratings while
maintaining complete architectural independence through custom APIs.
This positioning offers significant advantages:

« Complete personalization coverage across all critical dimensions simultaneously .

- Privacy-preserving architecture with minimal data collection and no third -party
dependencies.
Learning capability through user ratings enabling continuous improvement .
+ Cost accessibility versus personal styling services ($200+/session).
Technical control through custom APIs versus external platform dependency .

VII. TECHNICAL IMPLEMENTATION DETAILS
A. Task Management Algorithm
The task management module implements a multi-criteria dynamic prioritization algorithm that orders
study tasks based on deadline proximity, user-assigned priority, estimated duration, and subject
importance:
 Task Ingestion: Parse new tasks with metadata (title, deadline, priority, duration, subject)
+ Feature Normalization: Compute urgency scores and normalize attributes
» Composite Scoring: Apply weighted sum to generate priority scores.
» Dynamic Reordering: Sort tasks by descending priority score.
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+ Visual Feedback: Color-code tasks (red=immediate, orange=soon, green=later).
This algorithm ensures optimal task sequencing while adapting to changing deadlines and user priorities in
real-time.
B. Productivity Analytics Computation
The productivity analytics module computes key performance metrics and visualizations using time-series
aggregation of user data.
« Data Aggregation: Rollup daily task completion, focus time, and session data.
« Metric Computation: Calculate DCR, FE, CS for current day and rolling windows.
« Trend Detection: Compute 7-day moving averages and directionality.
* Visualization Generation: Create charts using cached computed values.
« Threshold Alerts: Flag productivity drops below user-defined baselines.
C. State Management
The application maintains application state through a singleton state object containing:
« Current user profile and authentication status
« Active recommendation session data
« User preferences (body type, colors, sizes, budget)
« Recommendation history and rating accumulator objects.
State modifications trigger both Ul updates and database persistence, ensuring eventual consistency between
memory state and persistent storage through RESTful APl synchronization.

VIII. LIMITATIONS AND CONSIDERATIONS
A. System Limitations
« Cold Start Problem — New users lack rating history; collaborative filtering less effective initially.
+ Rating Sparsity — Limited user ratings reduce collaborative filtering accuracy.
+ Trend Awareness — Current implementation emphasizes classic styling principles.
+ Image Dependency — Advanced body type detection requires high-quality images.
« Mood Subjectivity — Self-reported mood signals may lack accuracy.
+ Data Bias — Recommendation models may reflect biases in training data if not carefully monitored.
B. Privacy and Security Considerations
User profile information including body type measurements and preferences are sensitive personal data
requiring secure storage.[1] The system implements:
« User authentication requiring strong passwords and JWT token expiration
« Encrypted storage of user profiles and rating data
« Access control limiting data visibility to authenticated users
« Secure API endpoints requiring authentication headers
« Compliance with data protection regulations (GDPR, India's Digital Personal Data Protection Act)
Users retain control over profile data with deletion capabilities, and system does not share user data with
third parties without explicit consent.

IX. FUTURE ENHANCEMENTS AND EXTENSIONS

A. Planned Enhancements
Image-based body shape detection leveraging deep learning for automated body type recognition from user
photos, broader e-commerce platform support including Flipkart and Myntra alongside Amazon integration;
trend forecasting using time-series analysis of fashion data; natural language processing for advanced mood
detection and preference understanding; data export functionality supporting wardrobe planning and style
analysis.

B. Platform Extensions
The system can be extended as a Progressive Web Application (PWA) enabling home screen installation and
offline recommendation caching on all modern browsers. Service Worker implementation supports
background synchronization of ratings and profile updates. Web Assembly (WASM) integration accelerates
computationally intensive recommendation
algorithms. Cross-browser optimization ensures consistent performance across Chrome, Firefox, Safari
,and Edge while maintaining web-first deployment strategy.

C. Integration Possibilities
Future versions could integrate with Google Calendar for automatic occasion detection from scheduled events;
weather widgets for seamless location-based updates; social sharing for outfit recommendations with friends.
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Image-based body detection, advanced analytics dashboard with rating insights, social sharing of
recommendations, mobile applications, push notifications for new product recommendations, improved
feedback sentiment analysis.

X. CONCLUSION
This paper presented an Al-Based Fashion Recommendation Engine addressing critical gaps in existing
systems through integrated personalization across body type, occasion, weather, and mood. The system
combines machine learning classification, hybrid recommendation algorithms, secure user authentication,
and dynamic rating systems to improve user confidence and shopping efficiency.
The incorporation of user authentication and dynamic rating systems represents a significant advancement in
fashion recommendation technology, enabling personalized learning from user feedback and continuous
improvement of recommendation quality over time. The modular architecture supports future enhancements
including advanced image recognition, collaborative filtering refinement through accumulated ratings,
sentiment analysis of user feedback, and conversational Al interfaces.
Experimental evaluation is expected to demonstrate significant improvements in recommendation relevance,
user satisfaction, and system personalization through accumulated user feedback. Early user retention
metrics and rating distribution patterns are anticipated to validate the effectiveness of the authentication and
feedback mechanisms.
Beyond commercial applications, this research contributes to broader understanding of hybrid
recommendation systems with user-centric feedback loops, contextual Al application, and emotionally
intelligent technology design. By combining academic rigor with practical viability, the system demonstrates
how artificial intelligence can enhance everyday consumer experiences while empowering users to make
confident, contextually appropriate, and personally expressive fashion choices.
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