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Abstract: Melanoma is one of the deadliest forms of skin cancer, and early diagnosis is critical for improving patient
survival rates. This paper presents a deep learning-based melanoma detection system that classifies dermoscopic skin
images into benign and malignant categories. The proposed system employs a Convolutional Neural Network (CNN)
with EfficientNet architecture for accurate feature extraction and classification. A Flask-based web application is
developed to enable users to upload images and receive real-time predictions. The experimental results demonstrate that
the proposed approach achieves reliable accuracy and can assist dermatologists in clinical decision-making The
proposed system employs a Convolutional Neural Network (CNN) using EfficientNet architecture to classify
dermoscopic skin lesion images into benign and malignant categories. Image preprocessing techniques including
resizing, normalization, and data augmentation are applied to enhance model robustness and reduce overfitting. The
trained model is integrated into a web-based application using the Flask framework, enabling users to upload skin
lesion images and receive real-time prediction results.
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I.  INTRODUCTION

Skin cancer is among the most commonly diagnosed cancers worldwide, with melanoma being the most aggressive
variant. Traditional diagnostic methods depend on expert visual inspection and biopsy, which can be subjective and
time-consuming. Recent advancements in artificial intelligence and deep learning have enabled automated analysis of
medical images with high accuracy. This research focuses on developing an automated melanoma detection system
using deep learning techniques.

Conventional methods for melanoma diagnosis involve clinical examination, dermoscopic analysis, and biopsy. These
methods require expert knowledge and are often time-consuming and costly. In many regions, especially in rural or
underdeveloped areas, access to trained dermatologists is limited, which may result in delayed diagnosis. Additionally,
manual diagnosis can be subjective and may vary between medical professionals, leading to inconsistencies in clinical
decisions.

With the rapid advancement of artificial intelligence, deep learning techniques have shown great potential in medical
image analysis. Convolutional Neural Networks (CNNSs) are particularly effective in image classification tasks because
of their ability to automatically learn relevant features such as color, texture, and shape from images. In recent studies,
CNN-based models have achieved performance comparable to experienced dermatologists in detecting skin cancer
from dermoscopic images.

The objective of this work is to develop a reliable and user-friendly system that assists healthcare professionals in the
early detection of melanoma. By combining deep learning with a web-based platform, the proposed system aims to
support clinical decision-making and improve accessibility to diagnostic tools.

Il. BACKGROUND AND MOTIVATION

(a) Background of Skin Cancer Diagnosis

Skin cancer diagnosis traditionally depends on clinical examination, dermoscopic analysis, and biopsy procedures
performed by experienced dermatologists. While these methods are reliable, they are time-consuming, costly, and
require specialized medical expertise. The increasing incidence of melanoma has created a growing demand for faster
and more efficient diagnostic approaches. In many regions, limited access to dermatological specialists leads to delayed
diagnosis, which can significantly reduce patient survival rates.
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(b) Limitations of Existing Approaches

Earlier computer-aided diagnosis systems relied on conventional machine learning techniques using handcrafted
features such as color, texture, and shape. These approaches required manual feature extraction and careful tuning,
which limited their robustness and generalization capability. Moreover, traditional methods often struggle with
variations in lighting conditions, image quality, and lesion appearance. Although deep learning-based models provide
improved accuracy, many existing solutions suffer from high computational complexity and lack of practical
deployment mechanisms.

(c) Motivation for the Proposed System

The primary motivation of this research is to develop an efficient and reliable melanoma detection system that
combines high accuracy with practical usability. By utilizing an EfficientNet-based Convolutional Neural Network, the
proposed system aims to achieve strong classification performance with reduced computational cost. Integrating the
model into a web-based platform further enhances accessibility and usability for real-world applications. The system is
intended to assist healthcare professionals in early melanoma detection and to serve as a supportive diagnostic tool,
particularly in resource-constrained environments.

1. LITERATURE REVIEW

In recent years, extensive research has been conducted on automated skin cancer detection using machine learning and
deep learning techniques. The primary objective of these studies is to improve diagnostic accuracy, reduce human
dependency, and enable early detection of melanoma. Researchers have explored various approaches ranging from
traditional image processing methods to advanced deep learning architectures. This section reviews existing literature
related to skin lesion analysis, deep learning-based classification models, and system deployment strategies.

(a) Traditional Machine Learning Approaches

Early research in skin cancer detection focused on traditional machine learning methods. These approaches involved
manual extraction of features such as color distribution, texture patterns, and shape characteristics from dermoscopic
images. Classifiers such as Support Vector Machines (SVM), k-Nearest Neighbors (KNN), and Random Forest were
commonly used for classification. Although these methods achieved moderate accuracy, their performance was highly
dependent on the quality of handcrafted features and was sensitive to variations in image conditions.

(b) Deep Learning and Convolutional Neural Networks

With the advancement of deep learning, Convolutional Neural Networks (CNNs) have become the dominant approach
for skin lesion classification. CNNs automatically learn hierarchical features directly from raw images, eliminating the
need for manual feature extraction. Several studies have utilized popular CNN architectures such as VGGNet, ResNet,
Inception, and DenseNet for melanoma detection. These models demonstrated significant improvements in accuracy
and robustness compared to traditional machine learning techniques.

(c) EfficientNet-Based Models

EfficientNet architecture was introduced to address the limitations of deep CNN models related to computational
complexity. EfficientNet uses a compound scaling method to balance network depth, width, and resolution, resulting in
improved performance with fewer parameters. Recent studies have shown that EfficientNet-based models achieve high
accuracy in skin lesion classification while requiring less computational power. This makes them suitable for real-time
applications and deployment in web-based and mobile platforms.

(d) Research Gaps and Limitations

Despite the progress in melanoma detection research, several challenges remain. Many studies suffer from dataset
imbalance, which can lead to biased predictions. Additionally, most existing works focus solely on model accuracy
without addressing real-world deployment and usability. The lack of user-friendly interfaces and real-time prediction
systems limits the practical adoption of these solutions. These gaps highlight the need for an efficient, deployable, and
accessible melanoma detection system, which the proposed work aims to address.

V. METHODOLOGY
The methodology of the proposed melanoma detection system describes the step-by-step process followed to design,

train, and deploy the deep learning model. The overall workflow includes data collection, image preprocessing, model
training using EfficientNet architecture, and system deployment through a web-based application.
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(a) Dataset Collection

The dataset used in this study consists of dermoscopic skin lesion images collected from publicly available medical
image repositories. The dataset includes images labeled as benign and malignant (melanoma). To ensure effective
learning, the dataset is divided into training, validation, and testing subsets. Class balance is maintained as much as
possible to reduce bias in prediction.

(b) Image Preprocessing

Before training, the input images undergo several preprocessing steps to enhance image quality and standardize the
input format. All images are resized to a fixed resolution compatible with the EfficientNet model. Pixel values are
normalized to improve training stability. Data augmentation techniques such as rotation, flipping, zooming, and
brightness adjustment are applied to increase dataset diversity and reduce overfitting.

(c) Model Architecture

The proposed system utilizes an EfficientNet-based Convolutional Neural Network for feature extraction and
classification. EfficientNet is selected due to its compound scaling strategy, which balances network depth, width, and
resolution. The pre-trained EfficientNet model is fine-tuned on the skin lesion dataset by adding custom fully connected
layers and a Softmax output layer for binary classification.

(d) Model Training

The model is trained using the Adam optimizer with categorical cross-entropy as the loss function. Training is
performed for multiple epochs with batch-wise learning to optimize model parameters. Validation data is used to
monitor model performance and prevent overfitting. Performance metrics such as accuracy and loss are recorded during
training.

(e) Model Evaluation

After training, the model is evaluated using the test dataset to measure its generalization capability. Evaluation metrics
include accuracy, precision, recall, and F1-score. These metrics provide a comprehensive assessment of the model’s
classification performance for both benign and malignant classes.

() System Deployment

The trained model is integrated into a web-based application using the Flask framework. The frontend allows users to
upload skin lesion images, while the backend handles image preprocessing and model inference. The prediction result is
displayed to the user in real time, making the system suitable for preliminary screening and decision support.

r

Input mage

Datasct
Pre-Processing to remove the
unwanted Hair
Convolational Neural
Networks
Bemign Mabkgnant
h 4

Fig. 1, Flowchart of working process
V. IMPLEMENTATION
The implementation of the proposed melanoma detection system involves integrating the trained deep learning model
with a web-based application to enable real-time image classification. The system is implemented using Python

programming language along with deep learning and web development frameworks. The implementation is divided into
model development, backend processing, and frontend interaction.
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(a) Model Implementation

The deep learning model is implemented using TensorFlow and Keras libraries. An EfficientNet pre-trained model is
used as the base network for feature extraction. Custom fully connected layers are added on top of the base model to
perform binary classification between benign and malignant skin lesions. The model weights are fine-tuned using the
training dataset to improve classification accuracy.

(b) Backend Implementation

The backend of the system is developed using the Flask web framework. Flask handles HTTP requests, manages image
uploads, and performs model inference. When a user uploads an image, the backend preprocesses the image by resizing
and normalizing it before passing it to the trained EfficientNet model. The prediction output is then processed and sent
back to the frontend for display.

(c) Frontend Implementation

The frontend interface is developed using HTML and CSS to provide a simple and user-friendly interaction. The
interface allows users to upload skin lesion images and view prediction results. The classification output is clearly
displayed as benign or malignant, along with a confidence score, enabling easy interpretation of results.

(d) Integration and Testing

The trained model is loaded into the Flask application during server initialization to ensure efficient inference. The
integration between frontend and backend is tested using multiple skin lesion images to validate functionality and
accuracy. Testing confirms that the system correctly processes user inputs and provides real-time classification results
without significant delay.

(e) Tools and Technologies Used

The implementation utilizes Python for model development, TensorFlow and Keras for deep learning, Flask for
backend processing, and HTML/CSS for frontend design. The system is executed on a standard computing environment
without requiring specialized hardware, making it suitable for practical deployment.

VI.  ANALYSIS AND DISCUSSION

This section analyzes the performance of the proposed melanoma detection system and discusses its effectiveness in
comparison with traditional approaches. The evaluation focuses on classification accuracy, system efficiency, and
practical usability. The discussion also highlights how the adopted deep learning architecture contributes to improved
diagnostic performance.

(a) Performance Analysis of the Proposed System

The proposed system utilizes an EfficientNet-based Convolutional Neural Network to classify skin lesion images into
benign and malignant categories. After training and validation, the model achieved an accuracy of approximately
91.05%, indicating reliable classification capability. The use of data preprocessing and augmentation techniques
improved the model’s generalization and reduced overfitting. Compared to traditional machine learning approaches, the
deep learning-based model demonstrated superior performance due to its ability to automatically extract.
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Fig. 1 Performance comparison of traditional machine learning and deep learning models
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(b) Impact of EfficientNet Architecture

EfficientNet architecture plays a crucial role in achieving high accuracy with reduced computational cost. Unlike
conventional CNN models that scale only depth or width, EfficientNet uses compound scaling to balance network
depth, width, and image resolution. This results in efficient feature learning without excessive resource consumption.
The lightweight nature of EfficientNet makes the system suitable for real-time prediction and web-based deployment.
This architectural advantage enables faster inference while maintaining high classification accuracy.

(c) System Deployment and Usability Discussion

The integration of the trained model with a Flask-based web application enhances system usability and accessibility.
Users can upload skin lesion images through a simple interface and receive prediction results in real time. This
deployment bridges the gap between research and practical application, making the system suitable for preliminary
screening and decision support.

The web-based approach allows the system to be used in remote and resource-limited environments, where access to
dermatologists may be limited. However, the system is intended to support clinical diagnosis and not to replace
professional medical judgment.

(d) Recognition and Classification Results

The recognition capability of the proposed system is evaluated by analyzing the classification outputs generated for test
skin lesion images. The system successfully distinguishes between benign and malignant (melanoma) lesions based on
visual characteristics such as color variation, irregular borders, and texture patterns.

Prediction:
BENIGN

Melanoma Probability: 0.2
Benign Probability: 0.8

Heatmap Visualization

Try Another Image

Fig. 1 Sample recognition results showing benign and malignant melanoma predictions

(e) Mathematical Model and CNN Formulation

The proposed system is based on a Convolutional Neural Network, where feature extraction and classification are
achieved through successive convolutional, pooling, and fully connected layers.

The convolution operation applied to the input image can be mathematically represented as:

F(i,j)=Ym} nl(i+m,j+n)-K(m,n)

where:

o | represents the input image

e Krepresents the convolution kernel

e Fisthe resulting feature map

After convolution, a non-linear activation function is applied. The Rectified Linear Unit (ReLU) is used, defined as:

ReLU (x)=max(0,x)
Pooling layers reduce spatial dimensions and improve computational efficiency. The max-pooling operation is defined
> P:max[ﬁ(Fregion)
The final classification is performed using a Softmax function, which converts model outputs into probability values as:
Softmax(zi)= e?/ YN e?

where N is the number of output classes (Benign and Malignant).
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VII.  CONCLUSION

This paper presented a deep learning-based melanoma detection system with a web-based implementation. The system
demonstrates promising accuracy and usability, making it a valuable support tool for early melanoma diagnosis.

The integration of the trained deep learning model with a web-based application enhances the practicality and
accessibility of the system. The Flask-based deployment allows users to upload skin lesion images and obtain real-time
predictions, thereby bridging the gap between research-oriented solutions and real-world clinical applications. This
approach can support dermatologists and healthcare professionals as a decision-support tool, particularly in preliminary
screening scenarios.

Although the system demonstrates promising results, it is not intended to replace professional medical diagnosis.
Instead, it serves as an assistive tool to enhance diagnostic efficiency and support early detection efforts. Overall, this
work highlights the potential of deep learning-based solutions in healthcare and contributes to the advancement of Al-
assisted medical image analysis systems.
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