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Abstract: This paper presents a personalized skincare recommendation system that integrates deep learning
for skin type classification with machine learning for product recommendation. The system allows users
to upload facial images to identify skin type—categorized as oily, dry, or normal—using a fine-tuned
ResNet50 model. Based on the classification, a recommendation engine suggests skincare products that
align with the user’s skin type, price preferences, and product category. This approach reduces the reliance
on subjective assessments and trial-and-error, enhancing user satisfaction and skincare effectiveness.

Index Terms— Skin type classification, cosmetics recommendation, deep learning, machine learning,

ResNet50, personalized skincare

I. INTRODUCTION

Personalized skincare is gaining prominence as users increasingly seek products tailored to their
individual skin types. However, identifying one’s skin type and selecting suitable cosmetics remains
a challenge for many consumers. Leveraging advances in artificial intelligence (Al) and deep
learning, this paper presents an automated system for skin type classification and cosmetic product
recommendation.

The proposed solution uses a ResNet50-based Convolutional Neural Network (CNN) to classify
facial images into dry, normal, or oily skin types. Based on this classification, a machine learning
model recommends relevant skincare products by considering factors such as category, price range,
and ingredient suitability. The system is deployed as a user-friendly web application using Flask,
offering a practical tool for personalized skincare guidance.
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1. ABBREVIATIONS AND ACRONYMS

Abbreviation/Acronym
Al

ML
DL
CNN
ReLU
GPU
CPU
LBP
CSV
HTML
ul

UXx
API
INR

PIL

10
URL
HTTP
SVM
TF-IDF
PCA
ROC
ResNet
Flask
.pth
sklearn

PDF

Full Form

Artificial Intelligence

Machine Learning

Deep Learning

Convolutional Neural Network
Rectified Linear Unit

Graphics Processing Unit

Central Processing Unit

Local Binary Pattern (if used in any other model version)
Comma-Separated Values
Hypertext Markup Language

User Interface

User Experience

Application Programming Interface

Indian Rupee

Python Imaging Library
Input/Output
Uniform Resource Locator

HyperText Transfer Protocol

Support Vector Machine (if compared during development)

Term Frequency - Inverse Document Frequency
Principal Component Analysis

Receiver Operating Characteristic (if used in evaluation)
Residual Network

A Python Web Framework

PyTorch Model File Extension

Scikit-learn (Python ML library)

Portable Document Format
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This project involves key terms from machine learning and web development. Al (Artificial Intelligence),
ML (Machine Learning), DL (Deep Learning), and CNN (Convolutional Neural Network) are used for skin
type classification. ResNet (Residual Network) forms the backbone of the prediction model. In skincare,
terms like SPF (Sun Protection Factor), AHA (Alpha Hydroxy Acid), and BHA (Beta Hydroxy Acid) are
relevant. The web interface is built using Flask with support from HTML (HyperText Markup Language),
Ul (User Interface), and APl (Application Programming Interface). Data is managed using formats like

CSV and model files such as .pkl and .pth.

111.PROPOSED METHODOLOGY

The proposed system integrates deep learning and machine learning techniques to automate skin type
classification and provide personalized cosmetic product recommendations. The overall methodology
comprises three core modules: image-based skin type prediction, product recommendation, and user
interaction via a web interface.

A. Skin Type Classification

Skin type classification is performed using a fine-tuned ResNet50 Convolutional Neural Network (CNN),
selected for its strong performance in image recognition tasks. Users upload a facial image through the
application interface. The image undergoes preprocessing, which includes resizing to 224x224 pixels,
normalization using ImageNet parameters, and conversion to tensor format. The pre-processed image is then
passed through the ResNet50 model, which outputs a predicted class corresponding to one of the three skin
types: dry, normal, or oily.

B. Cosmetic Recommendation System

Following classification, the system recommends suitable skincare products using a trained machine learning
model. User inputs—such as preferred product category, price range, and number of recommendations—are
used to filter the dataset. Features such as ingredients and pricing are passed to the model to compute
suitability scores. The products are then ranked based on predicted suitability and pre-defined product ratings,
with the top results presented to the user.

C. Web-Based Interface and Deployment

The application is developed using Flask, a lightweight web framework in Python, enabling user-friendly
interaction with the system. The backend integrates PyTorch for executing the deep learning model and scikit-
learn (via Joblib) for handling the recommendation model. Product data is stored in CSV format and
dynamically adjusted for regional currency using a fixed exchange rate. Users interact with the system through
an intuitive interface that allows image upload and input of product preferences.

IV. METHODOLOGY

A. Skin Type Classification

The ResNet50 model, pre-trained on ImageNet and fine-tuned with skin-type datasets, extracts features like

skin texture and oiliness to classify facial images.

IJCRT2508035 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] a281


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 8 August 2025 | ISSN: 2320-2882

-Input: Facial image (224x224 px)
-Output: One of {Oily, Dry, Normal}

-Tools: Pytorch,openCV for preprocessing

B. Product Recommendation

Product data includes ingredients, category, and price (converted to INR). The model uses:
- Content-Based Filtering: Evaluates ingredient suitability.

- Collaborative Filtering: Uses feedback from similar users.

- Hybrid Model: Predicts product suitability score for each skin type.

V.RESULTS AND DISCUSSION

The accuracy of the model is calculated as the percentage of correctly predicted skin types over the total
number of predictions. A higher accuracy value indicates that the model performs well in classifying skin
types from images.

o Dataset Used: The model was trained on a dataset of 5,000 labeled skin type images, representing
various skin types (e.g., Dry, Oily, Normal ).

« Training Data Split: 80% for training, 20% for validation.

Skin Type|Number of Test Samples|/Correctly Classified||Accuracy (%))
| Dry | 500 I 450 | 9% |
| oily | 500 | 460 | 92% |
| Normal | 500 | 480 | 9% |
| Overall | 1500 [ 1390 | 90.8% |

The system was evaluated using metrics such as accuracy, precision, and F1-score. Skin type classification
achieved over 90% accuracy. Product recommendation effectiveness was validated through simulated user
feedback and suitability scores.

s

Figl: Model Performance Insights
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Model Performance Insights:

Generalization: The model performed well on unseen images, maintaining a similar level of accuracy
(around 89%) in cross-validation tests.

Challenges: One challenge encountered during testing was that low-quality images (e.g., low
resolution or poorly lit photos) led to lower classification accuracy. The model’s ability to handle
diverse lighting conditions and skin tones improved after augmenting the training data with variations
in light, angle, and resolution.

V1. CONCLUSION AND FUTURE WORK

This work presents a unified system for skin type classification and personalized cosmetic recommendation
using deep learning and machine learning techniques. The ResNet50-based model accurately classifies facial
images into dry, normal, or oily skin types, while the recommendation engine suggests products tailored to
the user’s skin characteristics and preferences. The system demonstrates strong performance and usability
through its Flask-based web deployment. Future enhancements include expanding the dataset for better
generalization, integrating user-specific data such as allergies or skin concerns, and developing a mobile
application for broader accessibility. These improvements aim to further personalize skincare
recommendations and improve real-world impact.
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