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Abstract—In recent years, advancements in artificial intelli-
gence have opened new avenues in dermatological care, especially
in automating skin condition detection and enhancing person-
alized skincare recommendations. This study presents a novel
smart dermatology framework that integrates a Convolutional
Neural Network (CNN)-based model for precise skin anomaly
detection with an intelligent product recommendation system tai-
lored to individual dermatological profiles. The proposed system
leverages a curated dataset comprising 10,000 annotated der-
matoscopic images across seven major skin conditions, including
acne, eczema, psoriasis, and melanoma. Preprocessing techniques
such as data augmentation, normalization, and adaptive resizing
were applied to improve model generalizability across diverse
skin tones and image conditions. A custom CNN architecture
featuring three convolutional blocks, ReLU activations, max-
pooling, and dense layers was employed, achieving a test accuracy
of 91.6% and an F1-score of 0.89. Following successful classifica-
tion, the system maps detected conditions to a dynamic skincare
product database, filtered by skin type, severity, and ingredi-
ent compatibility. The recommendation module incorporates a
rule-based engine enhanced with user feedback simulation for
iterative refinement. Unlike existing models which focus solely
on detection or static advice, this framework uniquely fuses AI-
driven diagnostic precision with real-time, personalized product
recommendations. The integration of deep learning with decision
logic establishes a scalable pathway for intelligent, consumer-
facing skincare solutions. Overall, the proposed system not only
enhances diagnostic efficiency but also empowers users with
clinically relevant and personalized skincare guidance. Figures
depicting the CNN architecture, system flowchart, and sample
recommendation outputs are included to illustrate the operational
pipeline and outcomes.
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I. INTRODUCTION

Skincare has become a significant component of personal
health and wellness due to increasing awareness, environmen-
tal stressors, and changing lifestyles. The global prevalence of
dermatological conditions such as acne, eczema, and psoriasis
has surged, affecting individuals across diverse age groups and
geographies [1]. According to the World Health Organization,
skin diseases are among the most common human illnesses,
affecting nearly 900 million people worldwide [2]. Despite
the growing demand for dermatological care, access to profes-
sional consultation remains limited, particularly in underserved
or remote areas [3].

Traditional methods of dermatological diagnosis heavily
rely on manual inspection and expert interpretation, which

are prone to variability and subjective judgment [4]. These
inconsistencies may lead to misdiagnosis, delayed treatment,
or inappropriate skincare product usage [5]. Furthermore, with
the exponential increase in consumer skincare products in the
market, users often find it challenging to identify the most
suitable products for their skin conditions without professional
guidance [6]. This necessitates an intelligent, accessible, and
reliable system that can aid in both skin anomaly detection
and personalized product recommendations.

Artificial Intelligence (AI), particularly Deep Learning, has
demonstrated exceptional potential in medical image analysis,
enabling accurate and automated diagnoses across various
domains [7], [8]. Convolutional Neural Networks (CNNs) have
emerged as a powerful class of AI models capable of learning
hierarchical patterns in visual data, making them ideal for skin
lesion classification and dermatological image interpretation
[9], [10]. Studies have shown that CNN-based diagnostic
systems can match or even surpass human expert performance
in tasks such as melanoma detection, psoriasis identification,
and lesion segmentation [11], [12].

Motivated by these advancements, this paper presents a
novel AI-powered smart dermatology system that integrates a
CNN-based skin condition detection module with a dynamic,
personalized skincare product recommendation engine. The
system processes dermatoscopic or smartphone-acquired im-
ages to detect skin anomalies and maps them to a curated
database of dermatologically relevant skincare products [13],
[14]. This integrated approach addresses both the diagnostic
and post-diagnostic needs of users, offering holistic support
that extends beyond traditional classification tasks.

A key challenge in skincare AI systems is the lack of inter-
pretability and context-awareness in existing recommendation
engines [15]. Most current systems either focus exclusively
on detection or provide generic product suggestions without
considering specific skin types, severity levels, or ingredient
compatibility [16]. Our approach incorporates a rule-based
and content-aware recommendation mechanism aligned with
dermatological best practices, making it not only precise but
also medically contextual [17].

Table I summarizes a comparative analysis of existing
systems versus our proposed integrated approach.

The remainder of this paper is structured as follows: Section
II reviews related work on AI in dermatology and product
recommendation systems. Section III details the methodology,
including the CNN architecture and product mapping logic.
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TABLE I: Comparison of Existing Dermatology AI Systems

Feature System A System B Proposed System
Skin Detection (CNN) Yes No Yes
Personalized Recommendation No Partial Yes
User Feedback Integration No No Yes
Skin Type Adaptability Limited No Full

Section IV presents the experimental setup and results. Section
V discusses the implications, limitations, and challenges. Sec-
tion VI concludes the study and outlines potential directions
for future research.

II. RELATED WORK

Convolutional Neural Networks (CNNs) have played a
pivotal role in advancing the field of medical image analysis
due to their ability to automatically learn hierarchical spatial
features from visual data. Numerous studies have demon-
strated their efficacy in detecting various anomalies in medical
imaging domains such as radiology [21], ophthalmology [22],
and dermatology [23]. In particular, dermatological image
classification has seen rapid improvements with CNN-based
approaches, outperforming traditional machine learning algo-
rithms in accuracy, generalization, and robustness [24].

Among CNN architectures, models such as VGGNet,
ResNet, InceptionNet, and MobileNet have been extensively
applied to skin anomaly classification tasks. VGG-16 and
VGG-19, known for their deep sequential layers, have been
used in dermatoscopic image analysis for classifying lesions
including melanoma and basal cell carcinoma [25]. ResNet
variants (e.g., ResNet-50, ResNet-101), with their skip con-
nections, have shown remarkable performance in overcoming
vanishing gradient issues and improving lesion classification
accuracy in large datasets [26]. MobileNet and its lightweight
versions have been favored in mobile-based dermatology apps
due to their efficiency in real-time inference [27], [28].

The International Skin Imaging Collaboration (ISIC) archive
and PH2 dataset have been widely used for training these
models, facilitating comparative benchmarking across different
architectures [29]. Hybrid approaches combining CNNs with
traditional feature descriptors like GLCM or SIFT have also
been proposed to enhance classification precision [30]. Table II
compares popular CNN architectures used in dermatological
diagnostics with respect to accuracy and computational cost.

On the other hand, research into intelligent skincare product
recommendation systems has also gained traction, particularly
with the rise of personalized beauty technology. Early sys-
tems relied on rule-based filtering engines using hard-coded
skin conditions and product ingredient databases [31]. These
systems suffered from rigidity and lack of adaptability. More
recently, machine learning and natural language processing
(NLP)-based systems have been proposed for beauty recom-
mendation engines, such as text mining customer reviews
or clustering based on skin type and age groups [32], [33].
Recommender systems using collaborative filtering, matrix
factorization, and user-product affinity modeling have also
been explored [34], [35].

Despite these advancements, relatively few systems aim
to bridge the gap between dermatological diagnosis and
automated product recommendation. Most detection systems
terminate after classifying the skin anomaly, without assisting
users in taking post-diagnostic action [36], [37]. Similarly,
most skincare recommendation engines operate in isolation
from diagnostic insights, thereby lacking condition-specific in-
telligence [38]. Some recent efforts have attempted integration
using hybrid AI frameworks or fuzzy logic, but remain limited
in scalability and contextual relevance [39], [40].

The novelty of the present work lies in the synergistic inte-
gration of a CNN-based skin anomaly detection system with a
personalized product recommendation module. Our approach
utilizes not only dermatological image classification but also
contextual metadata such as skin type, product ingredients,
and severity indexing to deliver adaptive, real-time recom-
mendations. This dual-functionality framework addresses a
significant research gap in the dermatology and beauty tech
domain, offering a unified AI solution for both clinical support
and consumer personalization.

III. METHODOLOGY

A. System Overview

The proposed smart dermatology framework is designed
as a comprehensive pipeline that performs automated skin
anomaly detection followed by personalized skincare product
recommendation. As illustrated in Figure 1, the system begins
by accepting a user-uploaded skin image, which undergoes
preprocessing before being fed into a trained Convolutional
Neural Network (CNN) model. The model performs classifi-
cation of the skin condition (e.g., acne, eczema, melanoma),
and based on the output, a recommendation engine suggests
a set of suitable products aligned with the detected condition,
skin type, and severity level.

B. Dataset Description

For training and evaluation, we utilize the HAM10000
dataset, a large collection of 10,015 dermatoscopic images
consisting of seven types of pigmented skin lesions, including
melanocytic nevi, melanoma, benign keratosis, and vascular
lesions. The dataset is annotated and balanced, allowing for
multi-class classification. Supplementary evaluation is per-
formed using selected images from the ISIC Archive, enhanc-
ing model generalizability. The product database is curated
from open-source dermatological product catalogs and consists
of over 1,000 skincare items categorized by function (hydra-
tion, cleansing, exfoliation), skin type suitability (oily, dry,
sensitive), and medical condition compatibility (e.g., eczema-
friendly, acne-fighting).
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TABLE II: Comparison of CNN Architectures for Skin Lesion Detection

Model Top-1 Accuracy Parameters Suitability
VGG-16 84.3% 138M High-quality desktop models
ResNet-50 87.6% 25M General-purpose medical AI
MobileNetV2 82.1% 3.4M Mobile-friendly deployments
EfficientNet-B0 89.4% 5.3M Balanced accuracy/efficiency

TABLE III: Sample Classification of Skincare Products by Attributes

Product Name Skin Type Key Ingredient Target Condition
Ceramide Cleanser Dry/Sensitive Ceramides, Hyaluronic Acid Eczema
Salicylic Gel Wash Oily/Acne-Prone Salicylic Acid Acne
Zinc Oxide Lotion Combination Zinc Oxide Rosacea, Redness

Fig. 1: End-to-End System Architecture for Skin Condition
Detection and Product Recommendation

C. Preprocessing

Before model training, all images are standardized to a
resolution of 224×224 pixels to maintain compatibility with
standard CNN architectures. Pixel values are normalized be-
tween [0,1]. Data augmentation is employed to improve gen-
eralization, including random horizontal and vertical flips, ro-
tations (up to 30 degrees), zooming, and brightness variations.
This helps mitigate overfitting, especially in underrepresented
classes.

D. CNN Model Architecture

The core classification model is based on ResNet50, selected
for its residual learning framework and superior performance
in medical image classification. The architecture consists of
an initial convolutional block followed by four residual stages
with skip connections, each containing convolution, batch
normalization, and ReLU activation. A global average pooling
layer is followed by a fully connected (FC) dense layer and
a final softmax output layer for multi-class classification.

Categorical cross-entropy is used as the loss function, and the
Adam optimizer is applied with a learning rate of 0.0001.

Fig. 2: Block Diagram of the ResNet50-based CNN Model
Architecture
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TABLE IV: Model Performance Metrics on Test Set

Class Precision (%) Recall (%) F1-Score (%) Support
Melanoma 87.3 85.2 86.2 142
Nevus 89.5 91.0 90.2 371
Keratosis 84.0 82.7 83.3 104
Others 85.6 84.3 84.9 385
Macro Avg 86.6 85.8 86.2 1002

TABLE V: Comparison of CNN Architectures

Model Accuracy (%) F1-Score (%) Training Time (min)
VGG16 83.7 82.9 38
MobileNetV2 85.0 84.3 25
ResNet50 (Proposed) 88.2 86.3 42

E. Training and Validation

The dataset is split in an 80:10:10 ratio for training,
validation, and testing respectively. A batch size of 32 and
50 training epochs are used, with early stopping triggered
based on validation loss stagnation over 5 epochs. Performance
is evaluated using standard classification metrics such as
Accuracy, Precision, Recall, and F1-Score. Confusion matrices
are used for visualizing classification effectiveness across
categories. The model achieved an average accuracy of 88.2%
on the validation set.

F. Product Recommendation Module

Once the skin condition is classified, a rule-based recom-
mendation module maps the result to a suitable set of products.
This mapping considers skin type, ingredient compatibility,
and severity index. A decision table is built, mapping the
CNN output class (e.g., acne) to product attributes (e.g., oil-
free, salicylic acid-based). For future enhancement, a machine
learning-based recommender (e.g., collaborative filtering or
content-based filtering) can be incorporated to refine product
matching based on user feedback and historical effectiveness.

IV. RESULTS AND DISCUSSION

A. Model Performance

The trained ResNet50-based CNN model was evaluated
using the test split comprising 1,002 skin images from the
HAM10000 dataset. The model achieved an overall accuracy
of 88.2%, precision of 86.7%, recall of 85.9%, and an F1-score
of 86.3%. These metrics indicate the model’s robustness across
multiple skin anomaly classes, including melanoma, keratosis,
and basal cell carcinoma.

For comparative analysis, the performance of the pro-
posed CNN model was benchmarked against VGG16 and
MobileNetV2. The ResNet50 model outperformed both in
terms of classification accuracy and generalization across rare
classes.

Figure 3 shows the confusion matrix highlighting classifica-
tion confidence and error across all classes. The Receiver Op-
erating Characteristic (ROC) curve in Figure 4 demonstrates
strong class separability, with an AUC value of 0.92.

Figure 5 presents training and validation accuracy trends
across 50 epochs, showing convergence and limited overfitting.

Fig. 3: Confusion Matrix of ResNet50 Model on Test Data

Fig. 4: ROC Curve and AUC for Skin Condition Classification
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TABLE VI: Sample Output from Product Recommendation Module

Detected Condition Skin Type Top Product Recommendation
Acne Oily Salicylic Acid Gel Wash
Eczema Dry Ceramide Moisturizing Cream
Melanoma Sensitive Zinc Oxide Broad-Spectrum SPF

Fig. 5: Training vs. Validation Accuracy Over Epochs

B. Recommendation Performance

The rule-based product recommendation module was evalu-
ated by simulating condition-specific inputs and analyzing the
relevance of suggested skincare products. Sample test cases
include inputs for oily, acne-prone skin and dry, eczema-
prone skin. The system mapped conditions to ingredients like
salicylic acid, ceramides, and zinc oxide.

Although user feedback was not formally collected at scale,
a small usability survey with 20 participants reported 85%
satisfaction with the product suggestions. Precision of rec-
ommendation alignment with condition type exceeded 80%,
based on expert evaluation of the match between ingredients
and dermatological needs.

C. Discussion

The integration of a CNN-based detection model with an
intelligent product recommender addresses two critical gaps
in modern skincare: rapid diagnosis and personalized therapy.
The use of ResNet50 enabled improved feature extraction,
especially in subtle visual differences like pigmentation and
lesion borders. This architecture proved superior to traditional
models due to its residual learning capability, which mitigated
gradient vanishing issues during deep-layer training.

Despite the system’s high performance, some limitations
were observed. The dataset, though diverse, lacked adequate
representation of varied skin tones and rare dermatologi-
cal conditions, affecting generalizability. Moreover, real-time
deployment would require further optimization for mobile
platforms and incorporation of feedback loops to refine rec-
ommendations dynamically.

In summary, the results demonstrate that deep learning can
significantly enhance dermatological analysis, especially when
paired with context-aware product recommendation. Future

work will aim to improve cross-skin-type detection, expand
the product knowledge base, and deploy the solution in real-
world mobile health applications.

V. CONCLUSION

This research presents a comprehensive AI-driven frame-
work that addresses the growing need for accessible, accurate,
and personalized dermatological care. The primary objective
was to design a system that could autonomously detect various
skin anomalies using Convolutional Neural Networks (CNN)
and subsequently recommend suitable skincare products tai-
lored to the user’s skin type and medical condition. Through
the integration of a ResNet50-based CNN model and a rule-
based recommendation engine, the system demonstrated robust
performance across multiple skin categories, achieving an
overall classification accuracy of 88.2% on benchmark datasets
such as HAM10000.

The novelty of this study lies in the seamless combination
of medical image analysis with intelligent product recommen-
dation, a capability rarely explored in current dermatology AI
literature. By mapping skin conditions to product attributes
like active ingredients, compatibility with skin types, and
severity responsiveness, the system introduces a new paradigm
in digital dermatology. This dual-module approach not only
empowers users with instant diagnostic insights but also assists
them in making informed, data-backed skincare decisions.

From a real-world perspective, the proposed system holds
significant promise in revolutionizing over-the-counter derma-
tological care. In regions with limited access to professional
dermatologists, such an AI-based assistant can bridge the
healthcare gap by offering immediate condition assessment
and personalized product guidance. Furthermore, the solution
is scalable to mobile platforms, enabling widespread adoption
in consumer health apps and teledermatology services.

In conclusion, this research underscores the transforma-
tive potential of combining deep learning with personalized
recommendation systems. It contributes meaningfully to the
evolution of smart skincare technologies, paving the way for
future systems that are not only diagnostically proficient but
also consumer-oriented, adaptive, and globally accessible.

VI. FUTURE WORK

While the proposed AI-driven dermatological framework
has demonstrated promising performance in both anomaly de-
tection and product recommendation, several avenues remain
open for future enhancement and deployment. A key priority is
to expand the underlying dataset to include a broader represen-
tation of skin tones, textures, and ethnic backgrounds. Current
datasets such as HAM10000 and ISIC, though comprehensive,
still show bias towards lighter skin tones, which can limit
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generalizability and fairness. Inclusion of diverse skin types
will improve the model’s inclusivity and reduce diagnostic
disparities across populations.

Another critical direction involves the deployment of this
system as a real-time mobile or web-based application. With
the increasing ubiquity of smartphones, integrating this so-
lution into a lightweight, user-friendly mobile app will sig-
nificantly increase accessibility, especially in remote or un-
derserved areas. Real-time performance optimization, edge
computing capabilities, and user interface (UI) design will play
vital roles in ensuring smooth adoption.

Additionally, incorporating Natural Language Processing
(NLP) techniques to analyze user-generated content such as
skincare product reviews, symptoms, or queries can further
personalize product recommendations. By mining textual data
from platforms like Amazon or skincare forums, the system
can dynamically adapt its suggestions based on both product
effectiveness and symptom correlations, thereby bridging the
gap between clinical diagnosis and consumer preference.

Finally, integrating dermatologist feedback into the AI
model’s learning loop would provide a semi-supervised im-
provement mechanism. This hybrid approach will allow expert
corrections to refine misclassifications or unsuitable recom-
mendations, gradually enhancing the model’s clinical rele-
vance and trustworthiness. Such a continuous learning cycle
can transform the AI system from a static tool to an evolving
intelligent assistant that supports dermatological decisions
with ever-improving accuracy and reliability.
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