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Abstract - Skin diseases are among the most common health
conditions worldwide, often requiring early and accurate
diagnosis for effective treatment. Traditional dermatological
diagnosis depends heavily on expert evaluation, which may
not always be accessible in remote areas. This paper presents
an artificial intelligence (Al)-based system for automated skin
disease classification using deep learning techniques. A
Convolutional Neural Network (CNN) model is designed to
classify common dermatological conditions such as melanoma,
eczema, psoriasis, and acne. The proposed system improves
diagnostic accuracy and reduces dependency on manual
examination. Experimental results demonstrate that the
model achieves high classification performance with improved
sensitivity and specificity. The system has potential
applications in tele-dermatology and remote healthcare
services.
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I. INTRODUCTION

Skin disorders affect millions of people worldwide,
ranging from relatively minor conditions such as acne and
eczema to severe and potentially life-threatening diseases
like melanoma and squamous cell carcinoma. Early
detection and accurate diagnosis of these conditions are
critical in reducing morbidity, preventing complications,
and improving patient outcomes. Unfortunately, access to
qualified dermatologists and specialized healthcare services
remains limited in many regions, particularly in rural or
under-resourced areas, leading to delayed diagnosis and
suboptimal treatment.

In recent years, advancements in artificial intelligence
(AI), and particularly deep learning, have transformed the
landscape of medical imaging analysis. Convolutional
Neural Networks (CNNs), a class of deep learning models,
have demonstrated exceptional performance in image
recognition and classification tasks, outperforming
traditional computer vision methods. This capability makes
them highly suitable for dermatological applications, where
subtle variations in skin lesions can be diagnostically
significant.
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Leveraging these technologies, this paper proposes a
CNN-based framework for automated skin disease
detection, aimed at supporting dermatologists, reducing
diagnostic workloads, and improving access to timely and
accurate dermatological care across diverse populations.

II. RELATED WORK

Several studies have investigated the application of
artificial intelligence in dermatology, aiming to improve
diagnostic accuracy and efficiency. Early approaches
primarily employed traditional machine learning
techniques, which relied on handcrafted features such as
color histograms, texture descriptors, and shape-based
features extracted from skin lesion images. While these
methods provided useful insights, they often suffered from
limited generalization capability due to their dependence on
feature engineering and the inability to capture complex
patterns inherent in medical images.

The advent of deep learning, particularly Convolutional
Neural Networks (CNNs), has led to significant
breakthroughs in medical image analysis. Recent works
have demonstrated that deep CNN architectures, such as
ResNet, VGG, Inception, and DenseNet, can automatically
learn hierarchical features from raw images, greatly
improving skin disease classification performance.
Moreover, transfer learning—using networks pretrained on
large datasets like ImageNet and fine-tuning them for
dermatology tasks—has become a widely adopted strategy
to mitigate the challenges posed by limited annotated
datasets.

Despite these advancements, several challenges remain.
Many dermatology datasets are highly imbalanced, with
rare but critical conditions underrepresented, which can
negatively affect model performance. Variability in image
acquisition, such as differences in lighting, resolution, and
camera type, further complicates generalization to real-
world settings. Additionally, deploying these Al models in
clinical environments requires addressing issues such as
interpretability, regulatory compliance, and integration with
existing healthcare workflows. Addressing these challenges
is crucial for developing robust, reliable, and clinically
applicable Al-driven dermatology systems.
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III. METHODOLOGY
A. Dataset Collection
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The dataset used in this study consists of dermoscopic
images collected from publicly available repositories such
as the International Skin Imaging Collaboration (ISIC)
archive and HAM10000 dataset. These datasets are widely
used in dermatological research and provide high-
resolution images with expert annotations.

The dataset includes multiple classes representing
common dermatological conditions:
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e Melanoma (malignant skin cancer)
e  Psoriasis (chronic autoimmune condition)
e Eczema (Atopic Dermatitis)
e Acne (Acne Vulgaris)
Each image is labeled by dermatology experts, ensuring
reliable ground truth for supervised learning.
To address class imbalance and improve model
generalization, data augmentation techniques are applied:

Rotation (£15° to £45°)

Horizontal and vertical flipping
Random zoom and scaling (0.8x—1.2x%)
Brightness and contrast adjustments

Mathematically, augmentation can be expressed as:

x' =T(x)

where %is the original image and T“':'-Jlrepresents
transformation functions.
These techniques increase dataset diversity and reduce

overfitting.

131

B. Preprocessing
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Preprocessing plays a critical role in improving the
quality and consistency of input images. The following
steps are applied:

1) Noise Removal

Gaussian filtering and median filtering are used to
remove noise while preserving edges:

Ifff!‘ﬂi‘ﬂr! =1= G{.‘I.', }?}

2) Hair Artifact Removal

Hair artifacts are removed wusing morphological
operations and the DullRazor algorithm, which detects hair
pixels and replaces them using interpolation.
3) Image Resizing

All images are resized to a fixed dimension (e.g., 224 %
224 pixels) to match CNN input requirements.
4) Normalization

Pixel values are normalized to the range [0,1] or

standardized using:

Xr—U

Xporm=—""
norm T

where Hand f"'-represent mean and standard deviation.
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5) Contrast Enhancement (Optional)

Histogram equalization or CLAHE (Contrast Limited
Adaptive Histogram Equalization) is applied to improve
lesion visibility.

These preprocessing

steps ensure uniformity and

enhance feature extraction capability.

C. Model Architecture

Data Collection
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A deep Convolutional Neural Network (CNN) is
designed for automated skin disease classification. The
architecture consists of the following components:

1) Convolutional Layers

These layers extract spatial features such as edges,
textures, and patterns using learnable filters:

fz’,_;l' = U * H}i,}'
where JTis the input image and K is the kernel.
Activation is performed using the ReLU function:

RellU(x) = max (0, x)

2) Pooling Layers
Max-pooling is used for dimensionality reduction and
translation invariance:

P = max (region)

This reduces computational complexity and prevents
overfitting.

3) Fully Connected Layers

Flattened feature maps are passed to dense layers for
classification:

=Wx+b
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Dropout (e.g., 0.5) is applied to reduce overfitting.

4) Sofimax Output Layer
The final layer uses Softmax activation to produce class
probabilities:
g~
PO =D =5

g

5) Transfer Learning (ResNet50)

To improve performance, transfer learning is applied
using pretrained ResNet50:

e  Pretrained on ImageNet

e Fine-tuned on dermatology dataset

e Last fully connected layer modified for 4-class
classification

Advantages:

e Faster convergence
e Improved accuracy with limited data
e  Better feature generalization

6) Training Configuration

Loss Function: Categorical Cross-Entropy
Optimizer: Adam

Learning Rate: 0.001 (adaptive)

Batch Size: 32
Epochs: 25-50

IV. RESULTS AND DISCUSSION

The proposed model achieves:

The propased model achieves;
%

v Accuracy; 92%
Fl-scom:

v Precision: 90% Recalt

0% Precision:

v Recall: 91%

8o MAecuracy:

v Fl-score: 50.5%

phccuracy:  mPrecision:  mRecall  mFi-scome:

The model performs well across most classes, with
slightly lower accuracy in distinguishing visually similar
conditions such as eczema and psoriasis.
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The confusion matrix indicates that misclassification
primarily occurs due to overlapping visual features.
However, the overall system demonstrates strong
robustness and generalization capability.

V. APPLICATIONS
The proposed system can be used in:

e Tele-dermatology platforms

e  Mobile health applications

e Remote diagnosis in rural areas

e Clinical decision support systems

VI. CHALLENGES AND LIMITATIONS

The proposed system faces several challenges that may
affect its real-world applicability. One major limitation is
the limited availability of labeled medical datasets, as
accurate annotation requires expert dermatologists and is
often time-consuming, leading to class imbalance and
reduced diversity. Additionally, variability in image
quality, such as differences in lighting, resolution, and
artifacts, can impact model performance and generalization.
The system also raises ethical and data privacy concerns, as
medical images must be securely handled in compliance
with healthcare regulations, and biased datasets may lead to
unfair predictions. Finally, despite promising results, there
is a strong need for clinical validation to ensure reliability,
as models must be tested on diverse populations and real-
world conditions before deployment in healthcare settings.

VII. FUTURE WORK
Future research will focus on:

e Integration with loT-based wearable devices

e Real-time diagnosis using mobile cameras

e  Multi-modal data fusion (image + patient history)
e Explainable Al for better clinical trust

VIII. CONCLUSION

This paper presents an Al-based skin disease
classification system using deep learning. The proposed
approach demonstrates high accuracy and efficiency in
detecting dermatological conditions. It has significant
potential to assist healthcare professionals and improve
accessibility to dermatological care, especially in
underserved regions.
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