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ABSTRACT

Skin cancer is one of the ten most common cancer
types worldwide, primarily caused by abnormal skin cell
growth due to DNA mutations from sun exposure. Early
detection of melanoma, the most dangerous type of skin
cancer, is crucial to prevent mortality and financial burdens.
This study introduces a deep learning-based methodology for
diagnosing skin cancer by analyzing dermatologic spot
images. The proposed system utilizes Convolutional Neural
Networks (CNNs) to automatically extract lesion
characteristics such as color, area, perimeter, diameter,
texture, and shape, classifying them as melanoma or non-
melanoma. Various training techniques, including data
augmentation and transfer learning, are implemented to
improve model generalization and performance.

Additionally, ensemble learning techniques such as Max
Voting (Majority Voting) are applied to increase the
reliability of the classification process. The system is
designed to efficiently analyze skin lesion images, ensuring
accurate and early diagnosis. It reduces dependency on
traditional diagnostic methods while enhancing medical
decision-making. Based on experimental evaluations, deep
learning models, particularly CNN-based architectures,
demonstrated superior accuracy in distinguishing melanoma
from non-melanoma cases. By leveraging deep learning and
advanced image processing techniques, this system aims to
contribute to the medical field by providing a reliable and
accessible solution for skin cancer detection.
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LINTRODUCTION

In the current generation, healthcare advancements are
increasingly integrating artificial intelligence and deep
learning to enhance diagnostic accuracy and efficiency. Skin
cancer, one of the most prevalent diseases globally, poses a
significant healthcare challenge due to its rising incidence,
high treatment costs, and potential mortality risks. Early
detection plays a crucial role in improving survival rates and
treatment outcomes.

Deep learning has emerged as a powerful tool in medical
image analysis, particularly for detecting and classifying skin
Various deep learning algorithms, such as
Convolutional Neural Networks (CNNs), have
remarkable success in analyzing dermatologic images and
distinguishing between benign and malignant lesions. This

cancer.
shown

project focuses on developing an automated system for skin
cancer detection using deep learning methodologies,
incorporating advanced image processing techniques to
enhance accuracy and reliability.

The dataset used for training and testing the model comprises
dermatologic spot images, ensuring robust performance based
on specific criteria such as lesion shape, texture, and color
variations. The trained model is evaluated on its accuracy and
precision to determine its effectiveness in real-world
applications. Skin cancer misdiagnosis and delayed detection
can have severe consequences, leading to ineffective treatment
and disease progression. Traditional diagnostic methods often
rely on manual assessments, which are time-consuming and
prone to errors. The proposed system leverages deep learning
techniques to minimize these challenges, providing a non-
invasive and efficient diagnostic approach.

Page 1


https://ijsrem.com/
mailto:hod.cse@mec.edu.in
mailto:harippriyasiva@gmail.com
mailto:lakshanar029@gmail.com

A TN
i o
IJSREM

<« 87 [nternational Journal of Scientific Research in Engineering and Management (I[JSREM)

w Volume: 09 Issue: 11 | Nov - 2025

SJIF Rating: 8.586 ISSN: 2582-3930

The model classifies different skin lesions into categories
such as benign, malignant[9], and precancerous conditions,
assisting dermatologists in making informed decisions.The
primary objective of this project is to develop a highly
accurate deep learning-based skin cancer detection system.
Unlike traditional methods that require extensive manual
examination, this approach automates the identification of
skin lesions, reducing diagnostic time and improving
reliability.[1] The system employs CNNs and other machine
learning techniques to analyze lesion characteristics and
differentiate between normal and abnormal patterns
effectively[7]. False diagnoses and misclassification of skin
lesions pose significant risks, including unnecessary
treatments, financial burdens and emotional distress for
patients. This project aims to address these concerns by
implementing a model capable of high-precision detection.
Additionally, it considers various environmental and genetic
factors that contribute to skin cancer, such as prolonged UV
exposure and genetic mutations.
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FIGURE 1: WORKFLOW

Deep learning-based diagnostic tools have the potential to
revolutionize healthcare by making cancer detection more
accessible and cost-effective. This project highlights the
importance of integrating Al in dermatology, offering a
scalable and adaptive solution for early skin cancer detection.
By leveraging spectral analysis and deep learning models, this
system provides an innovative approach to improving patient
outcomes and advancing medical research in skin cancer
diagnosis.

II. LITERATURE SURVEY

Early detection of skin cancer is essential for proper
treatment and better survival rates. Dermatologists
conventionally depend on visual inspection, which may be
subjective and vulnerable to human mistakes. Computational
systems for skin cancer detection have come into view with
the widespread availability of dermatological image
databases[2]. Despite this, there remain challenges in proper
classification of skin lesions based on varying skin color,
illumination, and appearance of the lesions.

Between 2019 and 2022, a number of research studies
advocated for deep learning-based methods to improve skin
cancer detection. Convolutional Neural Networks (CNNs)

have shown exemplary success in classification and feature
extraction. Other studies integrated CNNs with high-level
image processing methods like Local Binary Patterns (LBP) to
extend classification accuracy. In spite of such enhancements,
data imbalance, overfitting and the requirement for large
annotated datasets are still major concerns.

Current studies investigated hybrid frameworks that
incorporate various deep architectures, including CNNs, in
order to achieve better accuracy and generalizability.
Transfer learning has been leveraged to manage data
sparsity and ensemble learning techniques have been used
for the purpose of improving prediction certainty[5].
Attention and explainable Al methods have become
increasingly popular with model predictions, making them
interpretable for their use in a clinical setting. A recent study
explored a microwave reflectometry-based system for non-
invasive, in- vivo detection of skin cancer. The method is
cost-efficient and portable compared to conventional biopsy-
based diagnostics. Since the study was conducted with a
small sample size, its clinical utility in real-world practice
cannot be ascertained. Larger population testing and an
enlarged dataset could further establish this method.

Although progress was achieved between 2019 and 2022,
difficulties still exist in obtaining model stability, lowering
computational expense, and enhancing user- friendly
interfaces for clinical implementation. Refining deep learning
models for precise, efficient, and accessible skin cancer
detection to aid early diagnosis and treatment should be the
focus of future studies.

Several research studies have explored deep learning
techniques for skin cancer detection, primarily leveraging
Convolutional Neural Networks (CNNs) due to their high
efficiency in feature extraction and classification. CNN-based
models have demonstrated superior accuracy compared to
traditional machine learning approaches in distinguishing
malignant[1] and benign skin lesions. Researchers have also
integrated methods like Local Binary Patterns (LBP) and
hybrid deep learning models to further enhance classification
performance.

However, challenges such as data imbalance, overfitting, and
the requirement for large annotated datasets persist. To
address these issues, transfer learning has been widely
adopted, allowing pre-trained models to adapt to medical
image analysis with limited data. Additionally, ensemble
learning techniques have been utilized to improve prediction
accuracy by combining multiple models[6]. Recent
advancements have introduced attention mechanisms and
explainable Al techniques, making model decisions more
interpretable for clinical applications. Despite these
improvements,  real-world  implementation  remains
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challenging. Further research is needed to enhance model
stability, reduce computational costs, and develop user-
friendly interfaces that can be effectively integrated into
clinical workflows.

METHODOLOGY :

For this skin cancer detection model, images of skin
lesions are taken as input. These images undergo pre-
processing to enhance quality, normalize size and remove
noise before being analyzed by the deep learning model.

A Convolutional Neural Network (CNN) is used to extract
key features such as texture, shape and color variations. The
extracted features are then stored in a structured dataset for
training and evaluation. The model is trained on a labeled
dataset where each image is classified as benign or
malignant[9]. This computational power allows continuous
model training for up to 12 hours, improving the detection
accuracy of skin cancer.

The trained model is tested on new images to determine
whether a skin lesion is cancerous or non- cancerous. By
leveraging deep learning, the system aims to improve early
detection, assisting dermatologists in accurate diagnosis.

Dataset Collection

Pre-Processing and
Model Deployment

!
CNN
¥

Segmentation

FIGURE 2: METHODLOGY

DATASET COLLECTION :

The dataset for Skin Cancer Detection using Deep
Learning consists of dermatoscopic images labeled as
benign or malignant[1], sourced from datasets like ISIC.
These images help train deep learning models to classify
skin cancer based on color, texture, shape and size.
Variations in resolution, lighting, and quality make the
dataset realistic and challenging[14]. Pre-processing steps
like image standardization, noise removal and feature
enhancement improve model accuracy. Additionally, data
augmentation techniques such as rotation, flipping, and
scaling help the model generalize better across different
skin conditions.
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PRE-PROCESSING AND MODEL DEPLOYMENT :

Before training, the dataset undergoes pre-processing
to enhance image quality and standardize input formats. This
includes resizing images, noise reduction, normalization and
data augmentation techniques like rotation and flipping to
improve model generalization[3]. Missing values are handled
by replacing them with zeros or interpolated data.

After pre-processing, the deep learning model, primarily a
CNN, is trained and tested using Google Colab for efficient
GPU utilization. The trained model is then deployed,
enabling automated skin cancer detection by analyzing new
dermatoscopic images and classifying them as benign or
malignant with high accuracy[10].

Image Resizing & Normalization — Standardizin image size
and scaling pixel values for better model performance.

Noise Removal — Enhancing image clarity using filters to
remove artifacts.

Data Augmentation — Applying rotation, flipping and
zooming to improve model generalization.

Model Deployment — Hosting on cloud platforms for real-time
accessibility.

User Interface — Developing a web or mobile app for easy
image uploads and instant analysis.

CONVOLUTIONAL NEURAL NETWORKS :

Convolutional Neural Networks (CNNs) are widely
used in skin cancer detection due to their ability to
automatically extract and learn hierarchical features from
dermatoscopic images[4]. CNNs efficiently analyze skin
lesions, identifying patterns related to malignancy, such as
texture, shape and color variations.

Convolutional Layers — These layers detect essential features
like edges and textures by applying filters across the image,
forming feature maps that highlight crucial lesion
characteristics.

Activation Function — The Rectified Linear Unit (ReLU)
introduces non-linearity, helping the network recognize
complex lesion patterns.

Pooling Layers — Max-pooling is commonly used to reduce
the dimensionality of feature maps, improving computational
efficiency and reducing overfitting.

Fully Connected Layers — After multiple convolutional and
pooling layers, these layers analyze high-level features and
make predictions on whether the lesion is benign or
malignant.

Softmax Activation — In multi-class classification, softmax
assigns probabilities to different cancer types like melanoma,
basal cell carcinoma and squamous cell carcinoma.

Training — CNNs are trained using backpropagation and loss
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optimization techniques like cross- entropy, allowing the
model to refine its feature detection capabilities and
improve classification accuracy[12].

ADVANTAGES :

Higher Accuracy — By combining multiple models, the
system reduces individual model errors.

Robust Performance — The final classification is less
affected by a single weak model.

Better Generalization — Works well across different

types of fake profiles.

Training Testing Validation
T
SEGMENTATIONS :

Segmentation in the context of skin cancer detection
using deep learning is a crucial step that involves isolating
the region of interest (ROI) in this case, the skin lesion from
the rest of the image[7]. The goal of segmentation is to
ensure that the model focuses on the relevant portion of the
image (the lesion) while minimizing the influence of
irrelevant background information. This allows for more
accurate feature extraction, which is essential for
distinguishing between benign and malignant lesions.

accuracy
080
——— frain
test
L ‘ [ e~
A A ,,f/—\—/
070 /;_,H’ W/
5
[
[l
é 065 /
/
o /\ /\/
| > 4
060 "
055
0 S5 1 15 2 25 30 33 40
epoch

FIGURE 3 : ACCURACY OF TRAIN AND TEST
SEGMENTS

CNN TERMINOLOGIES :

Filters/Kernels : Small matrices that slide over the input
image to detect features at different levels, such as color
variations and lesion boundaries in skin cancer detection.

Feature Map : The output produced after applying a filter to
an image, representing the detected patterns and features.

Stride : The number of pixels by which the filter moves
across the image, affecting feature extraction resolution and
computational load.

Padding : Adding extra pixels (usually zeros) around the
image to ensure proper convolution operations and maintain

| https://ijsrem.com

spatial dimensions.

Backpropagation : The optimization algorithm that adjusts
CNN weights by minimizing classification errors during
training.

Dropout : A regularization technique that randomly removes
some neurons during training to prevent overfitting.

Batch Normalization : A process that normalizes inputs to
each layer, stabilizing training and improving convergence
speed.

FORMULA :
Feature Map Calculation:

Feature Map = (Input « Filter| + Bias

These terminologies form the backbone of CNNs, enabling
effective image classification in skin cancer detection and
other medical imaging applications[7].
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FIGURE 4 : SKIN CANCER DETECTION

Traditional diagnostic methods involve
dermatological analysis, but with advancements in artificial
intelligence (Al), deep learning techniques have become a
reliable tool for automated skin cancer classification. The
skin cancer detection process begins with features are then
fed into a deep the collection of skin lesion images[4], which
are then subjected to preprocessing to enhance image quality
and remove noise. Feature extraction is performed to identify
key characteristics such as texture, color, classifies the lesion
as either benign or malignant with high accuracy.A critical
step in enhancing the performance of deep learning models is
the selection of the most relevant features, which is achieved
through Attribute Selection Measures (ASM). ASM helps in
identifying the most informative attributes for model training,

leading to improved accuracy and efficiency.

Attribute Selection Measures (ASM) in CNNSs :

While CNNs excel in feature extraction, integrating
Attribute Selection Measures (ASM) can further enhance
performance by selecting the most relevant features for
classification. Two commonly used ASM techniques are:

DOI: 10.55041/IJSREM54416 | Page 4


https://ijsrem.com/

g 2
¢ IJISREM 3|

w Volume: 09 Issue: 11 | Nov - 2025

<« 87 [nternational Journal of Scientific Research in Engineering and Management (I[JSREM)

SJIF Rating: 8.586 ISSN: 2582-3930

1. Information Gain : Measures the entropy reduction
when the dataset is split based on a specific feature,
ensuring that the CNN focuses on the most informative
attributes.

2. Gini Index : Used in decision trees and deep learning-
based feature selection, the Gini Index helps measure
dataset impurity and optimizes CNN model performance.

III. ARCHITECTURE
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FIGURE 5 : ARCHITECTURE

The image represents a Convolutional Neural Network
(CNN) architecture used for classifying skin lesions into
seven categories. The process begins with an input layer that
receives an image from the acquisition dataset, which likely
contains skin lesion images. The image is then processed
through a convolutional layer, where filters extractessential
features such as edges, textures and patterns. This is followed
by a max pooling layer that reduces the spatial dimensions
while retaining significant features, improving computational
efficiency and reducing overfitting[2][9]. The extracted
features are then passed through a fully connected layer,
which acts as a classifier. The final output consists of seven
classes: Actinic Keratoses, Basal Cell Carcinoma, Benign
Keratosis-like  Lesions, Dermatofibroma, = Melanoma,
Melanocytic Nevi and Vascular conditions. This CNN model
automates skin lesion classification, aiding in early diagnosis
and treatment recommendations.

OUTCOMES OF THE EXPERIMENT :

So here's what we're looking at: for the "CNN-based
skin lesion classification," we've got techniques like
Convolutional and Max Pooling layers, along with Fully
Connected Networks and other deep learning strategies. Plus,
there are these cool charts showing accuracy, loss against
epochs and comparisons between different lesion types. Then,
we analyze how well the model performs, discuss the key
findings and explore potential improvements for better
classification accuracy.

IV.DISCUSSION

Melanoma detection using Convolutional Neural
Networks (CNNs) in deep learning has shown significant
advancements in accurately classifying skin lesions. CNNs
are highly effective in extracting essential features such as
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texture, shape and color patterns, which are crucial for
distinguishing melanoma from benign lesions. In this study,
multiple CNN architectures were evaluated to determine the
most efficient model for melanoma classification. The results
showed that deep learning-based approaches outperformed
traditional machine learning techniques due to their ability to
learn complex spatial hierarchies[11]. The model's performance
was assessed using accuracy, precision, recall and Fl-score,
with CNN achieving a classification accuracy of 94.9%,
surpassing other models like XGBoost, which achieved 94.6%.
Additionally, the study explored techniques such as data
augmentation and transfer learning to improve model
generalization and reduce overfitting. The findings highlight the
potential of CNNs in assisting dermatologists with early
melanoma detection, leading to timely diagnosis and treatment.
However, challenges such as dataset quality, class imbalance,
and the risk of misclassification due to similar lesion

characteristics remain areas for further research and
improvement.
CONFUSION MATRIX :

A confusion matrix facilitates the visual
representation of results in a skin cancer classification problem
by organizing all prediction outcomes in a tabular format. It
provides a clear overview of the model’s performance by
displaying the number of correctly and incorrectly classified
cases. In the case of skin cancer detection, the confusion matrix
helps to distinguish between cancerous and non- cancerous
lesions, showcasing true positives, false positives, true
negatives and false negatives[10]. This matrix is essential in
evaluating the reliability of the classification model,
highlighting areas where misclassifications occur. By analyzing
the confusion matrix, improvements can be made to enhance
the accuracy of detecting melanoma and reducing errors in
diagnosis. Deep learning models, especially Convolutional
Neural Networks (CNNs)[4] like VGG16, rely on the confusion
matrix to fine-tune their performance by reducing errors in
classification. The insights gained from this matrix help in
adjusting hyperparameters, improving feature extraction and

balancing datasets to enhance accuracy.

V. CONCLUSION

A PC-supported conclusion framework for melanoma
skin illness has been presented[8]. It tends to be finished up
from the outcomes that the proposed framework can be viably
utilized by patients and doctors to analyze the skin malignant
growth all the more precisely. This instrument is more helpful
for the country regions where specialists in the clinical field
may not be accessible. Since the apparatus is made easier to
understand and vigorous for pictures obtained in any
conditions, it can fill the need for programmed diagnostics of
Skin Cancer. The system utilizes advanced image processing
and machine learning techniques to achieve high accuracy in
distinguishing between malignant[9] and benign lesions, which
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is crucial for early diagnosis and effective treatment planning.
The use of deep learning models such as Convolutional
Neural Networks (CNN) ensures that the system can handle
the complexity and variability of skin lesion images, leading
to improved reliability. In each progression, the procedures
and techniques which are helpful in the process were
referenced. The robotized skin disease framework can be very
much planned as a substitute for the clinician in melanoma
analysis, allowing for faster, more accessible screenings,
particularly in remote or underserved areas. Additionally, this
automated approach can be continually improved as more
data becomes available, making it a scalable solution for skin
cancer diagnosis.

The integration of this system into medical practices could
revolutionize early detection, potentially reducing the
mortality rate associated with melanoma and improving
overall patient outcomes.
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