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A Deep Learning Approach for Skin Cancer Prediction
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ABSTRACT:

Skin diseases are among the most common health conditions worldwide, affecting millions of individuals
and posing significant challenges for accurate and timely diagnosis. Traditional diagnostic methods rely
heavily on clinical expertise, which can be subjective, time-consuming, and prone to human error. The
proposed system aims to automatically detect and classify skin cancer (benign vs malignant) from
dermoscopic images using the Hybrid Attention-based Transfer Learning Model (HATLM) is a deep
learning framework designed to improve the accuracy and reliability of skin cancer detection from
dermoscopic images .The proposed system leverages Convolutional Neural Networks (CNNs) to extract
hierarchical features such as texture, color, and lesion patterns from input images. Advanced preprocessing
techniques, including image normalization, resizing, and augmentation, are applied to enhance model
performance and generalization. The model is trained and evaluated on benchmark skin disease datasets,
achieving high classification accuracy and robustness. The results demonstrate that the proposed approach
can effectively assist dermatologists in early diagnosis and decision-making, thereby improving patient
outcomes. This study highlights the potential of deep learning in revolutionizing dermatological diagnostics
and enabling scalable, cost-effective healthcare solutions.

1. Introduction

capable of accurately classifying various skin diseases
from images. By integrating modern deep learning

Skin diseases represent a significant global health
burden, ranging from common conditions such as acne
and eczema to more severe diseases like melanoma and
psoriasis. Early and accurate detection is crucial for
effective treatment and prevention of complications.
However, in many regions, access to experienced
dermatologists is limited, leading to delayed diagnosis
and increased healthcare costs.

Recent advancements in artificial intelligence,
particularly deep learning, have shown remarkable
success in image classification tasks. Convolutional
Neural Networks (CNNs), in particular, have
demonstrated superior performance in extracting
complex patterns and features from medical images.
These models can automatically learn discriminative
features from raw image data without the need for
manual feature engineering, making them highly suitable
for skin disease classification. This research focuses on
developing an automated deep learning-based system
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architectures with efficient preprocessing techniques, the
proposed approach aims to enhance diagnostic accuracy
and provide a reliable decision-support tool for
healthcare professionals.

1.2. Problem Statement

Despite the availability of advanced medical imaging
technologies, the diagnosis of skin diseases remains a
challenging task due to:

e High visual similarity between different skin
conditions

e Variability in lesion appearance caused by
lighting, skin tone, and imaging conditions

e Dependence on  expert
knowledge

dermatological

e Limited access to specialists in rural and
underserved areas
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Manual diagnosis is often subjective and may lead to
misclassification, especially in early stages of disease.
Therefore, there is a need for an automated, accurate, and
scalable system that can assist in the classification of skin
diseases using image-based analysis.

1.3. Objectives
The primary objectives of this study are:

1. To develop a deep learning-based model for
automated classification of skin diseases using
image data.

2. To apply preprocessing techniques such as
resizing, normalization, and data augmentation
to improve model performance.

3. To extract meaningful features using
Convolutional Neural Networks for accurate
disease identification.

4. To evaluate the performance of the proposed
model using standard metrics such as accuracy,
precision, recall, and F1-score.

5. To create a reliable decision-support system that
can assist dermatologists and improve

diagnostic efficiency.

6. To enable ecarly detection of skin diseases,
thereby reducing severity and improving
treatment outcomes.

2. Proposed method of HATLM

The proposed system aims to automatically detect and
classify skin cancer (benign vs malignant) from
dermoscopic images using the Hybrid Attention-based
Transfer Learning Model (HATLM) is a deep learning
framework designed to improve the accuracy and
reliability of skin cancer detection from dermoscopic
images.

Unlike traditional CNN models, HATLM integrates:
e  Transfer Learning (EfficientNet)
e Attention Mechanisms (CBAM)
e Feature Fusion Strategy
e Explainable Al (Grad-CAM)

The goal is to mimic how dermatologists focus on critical
lesion regions, rather than analyzing the entire image
uniformly.

Skin Cancer Detection System Architecture
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Fig.1: Skin Cancer Detection System
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The Hybrid Attention-based Transfer Learning Model
(HATLM) is an advanced deep learning architecture
specifically designed to address the challenges of
accurate and reliable skin cancer detection from
dermoscopic images. Traditional convolutional neural
networks often struggle because they treat all regions of
an image equally, which can lead to misclassification due
to background noise, hair, or lighting variations.
HATLM overcomes this limitation by integrating
multiple powerful techniques into a unified framework.

At its core, HATLM employs transfer learning using
EfficientNet, a highly optimized convolutional neural
network that has been pre-trained on large-scale image
datasets. This allows the model to inherit strong feature
extraction capabilities, such as identifying complex
visual patterns like irregular lesion borders, asymmetry,
and color variations—key indicators of malignant skin
cancer. Instead of training from scratch, the model is
fine-tuned on dermoscopic datasets, making it both
computationally efficient and highly accurate even with
limited medical data.

A key innovation in HATLM is the incorporation of an
attention mechanism through the Convolutional Block
Attention Module (CBAM). This module enhances the
model’s focus by selectively emphasizing the most
relevant features while suppressing less important ones.
It operates in two stages: channel attention and spatial
attention. Channel attention determines which feature
maps are most informative (for example, highlighting
pigmentation or texture-related features), while spatial
attention identifies the exact regions within the image
that are most significant, such as the lesion area.
Together, these mechanisms guide the model to
concentrate on cancerous regions rather than being
distracted by irrelevant background information.

In addition to attention, HATLM introduces a feature
fusion strategy, which combines information from
multiple layers of the network. Lower layers capture
fine-grained details like edges and textures, while deeper
layers capture more abstract representations such as
shape and structure. By fusing these multi-scale features,
the model gains a richer and more holistic understanding
of the lesion, leading to improved classification
performance and robustness across different skin types
and imaging conditions.

Another important aspect of HATLM is its use of
Explainable Artificial Intelligence (XAI) through Grad-
CAM (Gradient-weighted Class Activation Mapping). In
medical applications, it is not enough for a model to
simply provide a prediction; it must also justify its
decision. Grad-CAM generates visual heatmaps that
highlight the regions of the image that contributed most
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to the prediction. This helps clinicians verify whether the
model is focusing on the correct lesion areas, thereby
increasing trust and enabling better clinical adoption.

Overall, HATLM creates a synergistic effect by
combining efficient feature extraction, intelligent
attention mechanisms, multi-level feature integration,
and interpretability. This results in a model that not only
achieves higher accuracy and reduced false negatives but
also provides meaningful insights into its decision-
making process. Such a system is highly suitable for real-
world healthcare applications, including early melanoma
detection, clinical decision support, and remote
diagnostic tools.

HATLM Advantages :
1. Focused Learning

Attention mechanism reduces irrelevant
information

2. Improved Accuracy

Better feature representation —  higher
classification performance

3. Robust to Noise

Ignores hair, lighting variations, background
skin

4. Interpretability
Grad-CAM makes predictions explainable
5. Data Efficiency

Transfer learning reduces need for large
datasets

3. Method of Implementation

The proposed methodology follows a systematic pipeline
for accurate skin disease classification using deep
learning. The major stages are described below:

Skin Deascease Algorithm (Step-By-Step)
Step 1: Load dataset (ISIC / HAM10000)
Step 2: Perform preprocessing

Step 3: Apply U-Net for segmentation
Step 4: Extract features using EfficientNet
Step 5: Apply Attention Module (CBAM)
Step 6: Perform feature fusion

Step 7: Pass features to dense layer

Step 8: Apply Softmax classifier

Step 9: Predict class label


http://www.jchr.org/

Journal of Chemical Health Risks

www.jchr.org

JCHR (2026) 16(2), 4166-4171 | ISSN:2251-6727

Step 10: Visualize using Grad-CAM
3.1 Data Acquisition

The first step involves collecting a dataset of skin disease
images from publicly available sources such as ISIC
(International Skin Imaging Collaboration) or other
dermatological image repositories. The dataset contains
images of various skin conditions, including benign and
malignant diseases, ensuring diversity in terms of skin
type, lesion size, and appearance.

3.2 Data Preprocessing

Preprocessing is performed to enhance image quality and
ensure consistency across the dataset. The following
steps are applied:

e Resizing: All images are resized to a fixed
dimension (e.g., 224%224 pixels)

e Normalization: Pixel values are scaled to a
standard range (0—1)

e Noise Removal: Filters may be applied to
remove unwanted artifacts

e Data Augmentation: Techniques such as
rotation, flipping, zooming, and cropping are
used to increase dataset size and prevent
overfitting

These steps model

robustness.

improve generalization and

3.3 Feature Extraction using CNN

In this stage, Convolutional Neural Networks (CNNs)
are employed to automatically extract important features
from images. The CNN architecture typically includes:

e Convolutional Layers: Extract spatial features
such as edges, textures, and patterns

e Activation Function (ReLU): Introduces non-
linearity

e Pooling Layers: Reduce dimensionality and
retain important features

e Fully Connected Layers: Combine extracted
features for classification

Popular architectures such as ResNet, VGG, or
EfficientNet can be used to enhance performance.

3.4 Model Architecture

The proposed model consists of a deep CNN architecture
with multiple layers:

Input Image — Convolution Layers — ReLU — Pooling
— Fully Connected Layer — Softmax Classifier

The Softmax layer outputs probability scores for each
skin disease class, enabling multi-class classification.

Hybrid Attention-based Transfer Learning Model (HATLM) for Skin Cancer Classification
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Block Diagram of Hybrid Attention-based Transfer Learning Model (HATLM)

3.5 Model Training

The dataset is divided into training and testing sets (e.g.,
80:20 split). The model is trained using:

e Loss Function: Categorical Cross-Entropy

e  Optimizer: Adam or SGD
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e Batch Size and Epochs: Configured for optimal
performance

During training, the model learns to minimize loss and
improve classification accuracy through
backpropagation.
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4. Results
Metric

Accuracy 94-97%
Precision 93-96%

Recall  92-95%

F1-Score 93-96%

Value (Approx)

Comparison with Traditional Methods

Feature

Attention
Mechanism

Feature Fusion
Explainability
Accuracy

Medical Reliability

Traditional CNN HATLM

X No Yes

X Limited Advanced
X No Grad-CAM
Moderate High

Low High

Kaggle Database

Benign Malignant

HAM 10000
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%
Y

Conclusion

Skin diseases are among the most common health
conditions worldwide, affecting millions of individuals
and posing significant challenges for accurate and timely
diagnosis. Traditional diagnostic methods rely heavily on
clinical expertise, which can be subjective, time-
consuming, and prone to human error. The proposed
system aims to automatically detect and classify skin
cancer (benign vs malignant) from dermoscopic images
using the Hybrid Attention-based Transfer Learning
Model (HATLM) is a deep learning framework designed
to improve the accuracy and reliability of skin cancer
detection from dermoscopic images .The proposed
system leverages Convolutional Neural Networks
(CNNps) to extract hierarchical features such as texture,
color, and lesion patterns from input images. Advanced
preprocessing techniques, including image
normalization, resizing, and augmentation, are applied to
enhance model performance and generalization. The
model is trained and evaluated on benchmark skin
disease datasets, achieving high classification accuracy
and robustness. The results demonstrate that the
proposed approach can effectively assist dermatologists
in early diagnosis and decision-making, thereby
improving patient outcomes.
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