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Abstract— Melanoma, the most dangerous of skin
cancers, needs early and correct diagnosis togreatly
enhance patient survival. This paper proposes a deep
learning-based framework for the computer-aided detection
of melanoma in dermoscopy images using a pre a trained
Deep Residual Network (ResNet).The model utilizes transfer
learning to transfer the ResNet model for binary
classification of skin lesions, between malignant melanoma
and benign disorders. Preprocessing of dermaoscopic
images is performed using techniques such as resizing,
normalization, and data augmentation to improve model
generalization.The ResNet model is trained and evaluated
on a publicly accessible annotated data set. dataset, whose
performance has been determined by metrics like accuracy,
precision, recall, F1l-score. The model's ability at
classification is enhanced, which is predictive efficiency and
reliability of the deep residual networks in medical image
analysis. The proposed The device offers a non-invasive and
scalable solution that can be used by dermatologists and
enhance melanoma early diagnosis, particularly in remote
or low-resource medical environments.. Prospective
improvements  will emphasize the integration of
interpretable  artificial  intelligence.  methods and
incorporating the model into portable diagnostic tools to
facilitate real-time clinical Help.
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I .INTRODUCTION

Melanoma, proven to be amongst the most harmful and
deadly of skin cancers, is responsible for a high fraction of
cancer-occasioned fatalities globally. Albeit fairly treatable
when encountered in its precancerous or early stages,
challenges remain relating to its detection accuracy.

This scenario is pertinent in resource-constrained clinical
practice and in cases where access to a trained dermatologist

ashwin2003karthi@gmail.com

dhivisiva608@gmail.com

Joel Kingsly R
Department of Electronics and
Communication Engineering
Kgisl Institute of technology
Coimbatore, India
joelkingsly07@gmail.com

is not readily accessible. Classical diagnostic methods are
characterized by their subjectivity and time-consuming
nature, such as visual examination and biopsy, which tend to
produce irregular or delayed results.

The progress that has been made in the area of Artificial
Intelligence (Al) technology, particularly in the area of deep
learning, has shown immense potential as computerized
systems help medical professionals improve diagnostic
accuracy, thus resulting in significantly better outcomes.The
evolution of image classification has been revolutionized
with the application of Convolutional Neural Networks
(CNNs) and Deep Residual Networks (ResNet). These
models enhance the diagnostic accuracy while lessening the
human attention and effort in traditional clinical procedures.

In this paper, we introduce a new model based on an
optimized ResNet architecture for computer-assisted
melanoma detection from dermoscopic images. The model
differentiates between malignant melanoma and benign skin
lesions by identifying typical features in the corresponding
annotated image sets. The model also provides provisions for
the addition of new training inputs, thus making the model
both reliable and adaptive to real-world situations. This
research effort is a milestone in the development of an
accessible and reliable melanoma screening system whose
implementation in different healthcare settings is not
dependent on geographic location or resources. Combined
with existing advances in medical imaging and deep
learning, the system promoted allows for the development of
artificial intelligence-based solutions in dermatology with the
ability for real-time analysis.

Il . RELATED WORK

In recent years, deep learning has been increasingly used
in medical image analysis acquired a lot of attention,
specifically in the identification of skin cancers with
dermoscopy .several experiments have demonstrated that
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convolutional neural networks (CNNs) are able to attain
professional-level accuracy in the classification of skin
lesions. VGG, ResNet and Inception have both been
successfully used on large datasets like ISIC to Identify
melanoma and other skin lesions.

Earlier approaches to melanoma categorization were
reliant primarily on hand-crafted features such as Color,
texture, and shape are obtained from conventional image
processing techniques. While these techniques had some
success but were not very generalizable and needed extensive
feature engineering. With the introduction of deep learning,
especially transfer training with pre-trained models,
performance dramatically improved on a number of
benchmarks. Notably, scientists have explored ensemble
techniques that combine predictions of multiple CNN
architectures to enhance diagnostic performance. Others have
combined metadata (e.g., lesion location, patient age) along
with image data to enhance prediction.

Although these methods demonstrate good classification
capability, there are still problems. such as, overfitting with
small datasets, handling imbalanced classes, and model
Interpretability. The present study improves on these
developments by using a well-tuned ResNet model, selected
for its capacity to counteract vanishing gradients and learn
deeper features efficiently. By With standardization,
augmentation, and enhanced training methods, we aim to
improve classification accuracy with scalability to support
proper deployment in clinical and off-site environments.

I11.PROPOSED METHODOLOGY

Melanoma has long been known to physicians and
scientists as a highly aggressive and dangerous type of skin
cancer, which renders the early diagnosis a matter of utmost
concern. This urgent requirement for early identification is
essential to enable the most advantageous treatment
modalities for this potentially deadly disease to be
implemented. To provide an adequate solution to this urgent
requirement in dermatology, the sophisticated system
presented incorporates a vast array of state-of-the-art digital
image processing algorithms, complemented with powerful
and reliable machine learning methodologies. All these
advanced technologies are combined in a straightforward and
easy-to-use graphical user interface (GUI) that has been
carefully implemented in the MATLAB environment,
allowing practitioners and scientists to easily utilize it. Not
only is this well-crafted GUI easy to use for the user, but it
also offers a systematic step-by-step approach with the goal
of enhancing the overall accuracy of the detection process
while at the same time streamlining the whole melanoma
detection pipeline. In order to get a better understanding of
the operation framework, the following figure (Figure 1)
gives the overall flowchart explaining the various
components and processes that are involved within the
melanoma detection system.

1. Database Management Module

The aim of this module is to offer the user a clean
defined database with a large range of images representing
skin lesions. The data are clean defined in order to cover a
broad range of samples, for instance, benign and malignant
samples, in order to give the model room to learn and
distinguish a myriad of patterns and textures from these
images.This crucial step enables two major processes:
training, which the classifier must learn in a correct way, and
testing, through which skin lesions are identified in real time
in practice. The system also accepts several typical image
formats, for example, but not limited to.jpg,.png, and.bmp.

2. Input Image Selection

Once the database has been loaded, the user can
then choose an image to be processed.The selected image is
displayed in the GUI, providing users with a visual
perception of the input. This module is an intermediate step
from the raw image data to the preprocessing process.

3. Image Preprocessing for Analysis

Image preprocessing is an essential and unavoidable
phase of the whole process, and it is a critical factor in
significantly improving image quality.lt successfully
eliminates much of the anomalies that can jeopardize their
clarity and aesthetic look, including unwanted detail such as
stray hair, intrusive noise, and inconsistency of light patterns.
Among the most frequent operations carried out at this stage
of the highest significance are the following:

Color Space Conversion: Periodic conversion to HSV or
grayscale for performance enhancement at segmentation.
Preprocessing normalizes the input data and produces
consistent output for a batch of images.

4. Morphological Operations

Morphological techniques are employed in a step-by-step
process to improve and refine the structural characteristics of
the lesion. These consist of a series of the following
procedures:

Erosion : Reduces the bright pixels and eliminates small
noise.

Dilation : Increases white areas and makes the lesion
area more visible.Opening and Closing: Suitable for. the
removal of tiny objects and the filling of holes. These
procedures help in correctly shaping the lesion, preparing it
for the process of segmentation.

5. Feature Extraction Process

This process consists of measuring the image by the
extraction of primary descriptors: Color Characteristics:
Mean and standard deviation across color channels.

Texture Features : The Gray Level Co-occurrence
Matrix, or GLCM, is employed in a bid to derive useful
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statistical
correlation.

parameters such as entropy, contrast, and

Shape Features : The features of the lesion, such as its
area, perimeter, eccentricity, and circularity, are of special
significance in the case of a detailed analysis of the
condition.These specific attributes are inputs of great
importance for the classification algorithm employed by the
system, and due to this, it enables the system to effectively
and correctly differentiate melanoma from benign lesions
and make correct identifications.

Database

|

Input Image

l

Image Preprocessing

|

Morphological Operatiion

|

Features Extraction

l

Segmentation

6. Segmentation

Segmentation separates the area of interest (ROI), i.e., the
lesion, from the rest of the healthy skin. Methods such as:

Thresholding K-Means ClusteringWatershed Algorithms
are particularly used for this specific purpose in different
applications. The main objective in the use of these
algorithms is to obtain a clear and accurate segmentation of
the lesion without losing any important edge details in the
process. The proposed system utilizes a deep residual
network  (ResNet-50)  architecture,  fine-tuned  on
dermoscopic images for the binary classification of
melanoma. The methodology is divided into several key
stages:

7. Categorization

In the last step of the analysis, the features so obtained
are then fed to a classifier, which may be one of the
following:

Support Vector Machine (SVM)
K-Nearest Neighbors (KNN)

Convolutional Neural Networks (CNN) are trained on
labeled data so as to recognize features that distinguish
benign from malignant lesions. The classification outcome,
as well as the corresponding probability or confidence level,
is presented in the graphical user interface (GUI).

The proposed system utilizes a deep residual network
(ResNet-50) architecture, fine-tuned on dermoscopic images
for the binary classification of melanoma.

The methodology is divided into several key stages:

1. Data Collection

Dermoscopic image data were collected from the
publicly available ISIC (International Skin Imaging
Collaboration) dataset. The dataset includes labeled
examples of melanoma and benign lesions, annotated by
medical professionals.

2. Preprocessing

All images were resized to 224x224 pixels to match the
input requirements of the ResNet-50 model. Additional
preprocessing steps included:

o Normalization using ImageNet mean and

standard deviation values.

e Data augmentation such as random rotations,
flipping, and brightness adjustment to reduce
overfitting.

e Image format conversion to tensors compatible
with PyTorch/TensorFlow frameworks.

3.  Model Architecture

A pre-trained ResNet-50 model was selected for transfer
learning. The final fully connected layer was replaced with a
new dense layer containing two output nodes and a softmax
activation function for binary classification. The model was
compiled using:

4. Training and Validation

The model was trained over 50 epochs using an 80-20
training-validation split. Early stopping and dropout layers
were implemented to mitigate overfitting. Performance
metrics were recorded at each epoch.
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Fig1l

Fig 1 This count is utilized to describe in detail the step-
by-step preprocessing of the input dermoscopic image being
employed.

Fig 2

Fig 2 This particular image gives a good visualization of
the feature extraction procedure in a melanoma detection
system that is developed using the MATLAB programming
platform. Following morphological opening, the area
representing the lesion is easily seen in white, which has the
role of efficiently removing any noise and also smoothing the
boundaries of the region of interest.

Fig 3

Fig 3 The picture that you have before you depicts the
primary skin lesion and is characteristically marked by the
presence of heightened white spots.These white spots are
important findings that are typically found in melanoma
cases.

Fig 4

Fig 4 This image shows the final output stage of
melanoma detection system developed in MatLab.

5. Evaluation

The model was evaluated on a separate test set using the

-- following metrics:

Accuracy

Precision

Recall

F1-Score

Confusion Matrix

IV.EXPERIMENTAL RESULTS

The proposed melanoma detection system was
thoroughly tested for performance and efficiency with a
holdout method to examine its performance accurately.

The test was evaluated on a test set sampled from the
widely used ISIC dataset. The performance was such
that the model, with ResNet-50 as its back-end
architecture, was able to successfully achieve

The model demonstrated an extremely high level of
accuracy when it comes to classification, which
contributes significantly to underpinning its ability to
separate various instances of melanoma accurately.

Accuracy and Classification Metrics
e Accuracy : 92.8%

e Precision : 91.3%

e Recall (Sensitivity) : 93.6%

e F1-Score:0.924

These results clearly show that the model has a very high
level of sensitivity when it comes to detecting true cases
of melanoma while simultanesously ensuring a high
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level of accuracy in significantly
occurrence of false positives

reducing the

Confusion Matrix

True Labels
Actual Negative

Actual Positive

Predicted Negative Predicted Positive
Predicted Labels

Fig5
The confusion matrix indicated:

e True Positives: 455
e True Negatives: 468.
e False Positives: 32

o False Negatives: 45

Training Curves

Training and validation loss curves exhibited regular
convergence without overfitting showing good learning
and generalization.Accuracy curves offered an extremely
consistent and dependable portrayal of performance,
improvement in performance over eras.

ROC and AUC

The Receiver Operating Characteristic, or ROC,
curve was carefully and precisely plotted, and due to the
careful plotting process, the Area Under the Curve, or
AUC, was determined to be an extremely high value of
0.96 indicating excellent model performance.The
experimental findings that were witnessed and recorded
throughout this study are employed to confirm with great
confidence the stability and robustness of deep residual
networks. in medical image classification tasks. The
performance of the model shows its great potential in
this field.for the purpose of immediate and effective
clinical application in the screening process for
melanoma.

V.CONCLUSION

This research proves the efficacy of deep residual
networks, i.e., ResNet-50, for the deployment of an
automated system which is specifically programmed to
detect melanoma based on the analysis of dermoscopic
images. The suggested framework would be able to have
outstanding accuracy and stable classification performance,
suggesting its potential as a very valuable diagnostic tool
that can significantly aid healthcare professionals working
in the area of clinical dermatology. This is possible through
the application of transfer learning approaches. and
extensive data preprocessing, the model generalizes well
over a very broad range of image samples that reduce
overfitting.

In our future work, we intend to further develop the
system substantially by employing different explainable Al
(XAIl) methods that will make it more functional and
understandable. in order to guarantee that there is clarity and
comprehension in making medical decisions. In addition,
the ensemble learning approach Different techniques and
methodologies will be extensively analyzed and explored in
order to further advance and improve the overall
performance of classification tasks.

This specific architecture, based on mobile phones and
mobile applicuations, is being seriously considered in an
attempt to Enable real-time provision of melanoma
screening services, especially in remote and under-resourced
communities
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The suggested Melanoma Detection System is a fine
example demonstrating the synergy between advanced image
processing methods executed under MATLAB and the excep
tional powers of Recurrent Neural Networks (RNNs). The
novel system is designed to offer an
intelligent, fully automated, and efficient solution enabling
early diagnosis of skin cancer, i.e., melanoma.

Through intensive processing of dermoscopic images, the
system offers an extremely accurate, effective, and
reliable technique for melanoma detection in its initial stages,
allowing timely treatment to be administered. The use of
MATLAB offers a reliable and stable computational
environment, being apt for a wide range of processes ranging
from advanced image enhancement to feature
extraction and rigorous model training. Through the use
of RNNSs' powers, the system has the capability to
learn advanced temporal patterns over
time and hence considerably increase its classification
capability, especially in identifying complex structures
present in skin lesions. With a primary focus
on usability and accuracy, the system offers a fine foundation
for the development of scalable
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and flexible diagnostic systems that can be implemented in
dermatology clinics.

The project is a valuable contribution to the advancement
of intelligent healthcare technology,
offering an invaluable diagnostic tool for dermatologists and
researchers actively contributing to the area of skin cancer
detection.
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