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Abstract: The intersection of deep learning and dermatology has revolutionized skincare by enabling highly accurate, data-driven
analysis of skin health and cosmetic needs. Recent advancements from 2022 to 2025 have demonstrated the efficacy of convolutional
neural networks (CNNs), attention mechanisms, and novel architectures in detecting skin diseases such as melanoma, eczema, and
psoriasis with performance often surpassing traditional dermatological assessments. Simultaneously, the integration of contrastive
learning and cost-sensitive approaches has significantly reduced biases related to skin tone diversity and class imbalance, enhancing
diagnostic fairness. Beyond deep learning models for disease detection have beenleveraged to assess facial skin conditions, simulate
short-term outcomes of cosmetic product use, and recommend personalized skincare regimens based on facial imagery and
ingredient analysis. Surveys of existing models highlight a shift toward lightweight, explainable, and multimodal Al systems capable
of processing visual, textual, and clinical data concurrently. Despite significant advancements, difficulties still exist in generalization
across diverse skin types, regulatory compliance, and achieving consumer-grade interpretability. This paper synthesizes recent
innovations and outlines the emerging paradigm where deep learning empowers personalized, ethical, and scientifically rigorous
skincare solutions, launching a new phase of data-driven beauty.
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I INTRODUCTION

Skin health plays a vital role in an individual's overall well-being, appearance, and confidence. Traditionally, diagnosing skin
conditions and suggesting suitable cosmetic treatments required dermatological expertise, visual assessments, and physical
consultations. But these methods are frequently constrained by subjectivity, restricted availability of specialists, and the growing
demand for personalized skincare. The field of dermatology has seen a paradigm shift toward automation, precision, and scalability
as a result of the development of computer vision and artificial intelligence (Al), particularly deep learning.

Neural networks that can extract intricate patterns from massive datasets are used in deep learning, a branch of machine learning.
Dermatological analysis is a perfect fit for Convolutional Neural Networks (CNNs), which have shown remarkable performance in
image-based classification tasks. These models can identify, segment, and categorize a variety of skin abnormalities, including
wrinkles, moles, psoriasis, acne, eczema, and even malignant skin cancers, fromby examining facial or dermoscopic pictures.
Furthermore, the skincare industry has embraced deep learning to deliver hyper-personalized product recommendations. Now, users
can record live facial images via smartphone or webcam, receive real-time skin assessments, and obtain suggestions for appropriate
cosmetic products. These systems consider skin types (e.g., dry, oily, combination), visible issues, and sometimes even product
ingredient compatibility. As demand grows for smart skincare tools that combine convenience and accuracy, research in this domain
has accelerated dramatically.

Deep learning for skin disease detection and analysis and Al-based personalized skincare product recommendation systems are
the two intertwined themes of this review paper, which examines the research landscape from 2022 to 2025. Synthesizing recent
contributions, highlighting prominent trends, identifying shared difficulties, and outlining future directions are the main objectives.

Numerous deep learning architectures, such as CNNs, residual networks, attention mechanisms, transformer-based models, and
hybrid systems, have been investigated in various studies. Large dermatological datasets like 1SIC, HAM10000, and proprietary
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clinical collections are used to train and validate these architectures. Accuracy, precision, recall, F1-score, dice coefficient, and
intersection over union (loU) for segmentation are common evaluation metrics.

Beyond technical advances, several ethical and operational challenges emerge, particularly concerning fairness, model
explainability, real-world deployment, and data privacy. For instance, bias in training data often leads to inaccurate predictions for
underrepresented skin tones, while black-box model behavior raises concerns about clinical trustworthiness.

New business models and opportunities are also brought about by the incorporation of Al into consumer skincare platforms.
Companies can offer dynamic product suggestions, predictive maintenance for skincare routines, and even simulation-based
feedback (e.g., how a product may affect pores over time). As users interact with these platforms, Power Bl and other data analytics
tools can be integrated to monitor key metrics such as user demographics, frequently detected skin conditions, and most
recommended products—bringing a new level of intelligence to both user experience and product design.

Il. METHODOLOGY

The methodology section of this review is designed to provide a structured framework for analyzing, comparing, and
synthesizing findings from 20 research papers published between 2022 and 2025. The selection spans peer-reviewed journals,
preprints, and conference proceedings focusing on deep learning models utilized in skincare diagnostics and cosmetic
recommendation systems. The study was carried out in five stages: paper selection, categorization, model analysis, metric
evaluation, and thematic synthesis.

A. Paper Selection Criteria

The literature was sourced from open-access repositories such as arXiv, MDPI, Elsevier, Wiley Online Library, and
ScienceDirect using keywords including "deep learning skincare," "skin disease detection,” "Al skin analysis," and "product
recommendation dermatology." The criteria for inclusion were:

* Publication date between 2022 and 2025

* Use of deep learning or hybrid Al approaches

« Focus on skincare diagnostics or personalized recommendations
« Inclusion of experimentation with image datasets

+ Availability of performance metrics or real-world evaluation

Studies focusing solely on traditional deep learning-free machine learningframeworks were excluded. filtering techniques such
as Gaussian blurring and median filtering were employed to remove background noise caused by real-field conditions. The health
states of the leaves—Healthy, Moderate, and Severe—were encoded using one-hot encoding for classification purposes.

B.Categorization of Selected Research

The selected works were grouped into two primary categories:

1. Skin Disease Detection and Classification:

Models for identifying dermatological conditions such as acne, eczema, psoriasis, rosacea, or skin cancer.
Techniques for segmentation, lesion localization, and classification using CNNs, attention models, or hybrid networks.

0

0

2. Personalized Product Recommendation:

0  Systems that analyze facial images and recommend skincare products based on skin type, condition, or simulation.
0  Use of ingredient databases, user profiling, and reinforcement learning for personalized suggestions.

C. Deep Learning Architectures Used

Numerous deep learning models, each suited to a distinct subtask, were reported in both categories. Among the most typical
are:

» CNNs: Utilized for feature extraction and classification of dermatological images. Variants include VGGNet, ResNet, and
Inception.

» U-Net & Attention U-Net: Applied to segmentation tasks, particularly for isolating lesion regions or pore detection.

- Transformers: Emerging models used for learning long-range dependencies in image features, especially in high-resolution
medical imaging.

« Attention Mechanisms: Employed to focus on relevant parts of the image, improving classification precision.
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» Autoencoders & GANSs: Occasionally used for skin texture enhancement, data augmentation, or simulation-based
recommendation.
D. Dataset Overview
The quality and accessibility of datasets is a critical component of deep learning performance. The review discovered that:

« ISIC (International Skin Imaging Collaboration): A large public dataset with dermoscopic images labeled by
dermatologists.

+ HAMZ10000: Contains over 10,000 dermatoscopic images covering common pigmented skin lesions.
- Private Datasets: Many studies used clinical or self-collected datasets with annotated images of acne, pores, dryness, and
cosmetic outcomes.
E. Metrics for Evaluation
Each model was assessed using standard metrics, varying slightly depending on the task: .
Classification Tasks: Accuracy, Precision, Recall, F1-Score
» Segmentation Tasks: Dice Coefficient, Jaccard Index (loU), Hausdorff Distance
» Recommendation Systems: Hit Rate, NDCG (Normalized Discounted Cumulative Gain), User Feedback Scores
« Efficiency Metrics: Inference time (for mobile use), Model size (MB), Latency
F. Thematic Synthesis
After analyzing architectures, datasets, and performance outcomes, the final step was to extract themes that unify or differentiate
the approaches. This included:
« Emphasis on fairness across skin tones
« Real-time usability on edge devices
« Integration with user experience systems (e.g., web interfaces, APIs)
* Use of interpretability frameworks like Grad-CAM
« Feedback loops for improving recommendation accuracy

The review provides a clear and thorough understanding of the current state of research in Al-based skincare by adhering to this
methodical structure.

I1l. RESULTS AND DISCUSSION

The synthesized findings reveal several insights and trends shaping the development of Al-driven skincare solutions.

A. Diagnostic Models Performance

Deep learning models have succeeded in significant accuracy in skin disease detection. CNN-based classifiers consistently reached
over 85% accuracy in binary tasks (e.g., benign vs malignant) and slightly lower (70-80%) in multi-class setups involving 5-7 skin
conditions. Attention mechanisms enhanced precision by focusing model attention on lesion boundaries, reducing misclassification
caused by background noise.

Segmentation models such as U-Net variants reported Dice scores above 0.85, validating their ability to delineate skin regions.
Transformer-based models, though computationally intensive, showed promise in high-resolution analysis, especially for complex
skin patterns.

B. Product Recommendation Systems

Al-powered recommendation systems demonstrated effective personalization by analyzing both facial features and cosmetic
ingredient databases. These systems considered user-reported allergies, skin condition history, and environmental context
(humidity, UV exposure) to suggest suitable products. In some studies, simulated projections of skin improvements (e.g., reduced
pore size) enhanced user trust and engagement.

User-centric interfaces with real-time feedback loops improved adoption. Integrating feedback into model retraining cycles

increased product match accuracy over time by up to 12%.
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C. Bias, Fairness, and Generalization

A significant concern was model bias. Studies revealed a drop of up to 30% in classification accuracy for underrepresented skin
tones when models were trained on unbalanced datasets. Recent approaches using fairness-aware architectures showed improvement
by enforcing skin-type invariance in the latent space.

Although cross-validation across various datasets increased generalizability, it also made clear that dermatological Al requires
common benchmarks and standardized evaluation procedures.

D. Deployment and Practical Considerations

Models optimized for mobile deployment (e.g., compressed CNNs with pruning or quantization) achieved near real-time
performance (under 1s latency). However, few studies addressed long-term usability or integration with user data analytics systems
like Power BI. Such integrations can track metrics like user retention, most frequent skin issues, and product popularity, closing the

loop between research and business intelligence.
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