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ABSTRACT:

Skin cancer is a prevalent and potentially life-threatening condition, emphasizing the need for accurate and timely diagnosis. Leveraging advancements in deep
learning, particularly convolutional neural networks (CNNs), this study presents an automated approach for the diagnosis of skin lesions to aid in early detection.
A diverse dataset comprising various skin lesion types, encompassing different skin tones and image qualities, is collected and preprocessed. Transfer learning from
pre-trained models is employed to leverage feature representations learned on large- scale datasets. The model is fine-tuned on the skin lesion dataset, and
hyperparameter tuning is performed to optimize performance. Validation and testing on separate datasets confirm the model’s generalization capability. Post-
processing techniques and interpretability measures enhance the reliability of model predictions. The developed system demonstrates promising results, providing
a valuable tool for dermatologists in clinical settings. The study emphasizes the importance of continuous collaboration with medical professionals, ethical
considerations, and adherence to regulatory standards in the deployment of deep learning-based diagnostic tools in healthcare.
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INTRODUCTION

Skin cancer is one of the most prevalent forms of cancer worldwide, with early detection playing a crucial role in improving survival rates. Traditional
methods of diagnosing skin lesions rely on dermatological examinations and biopsies, which can be time-consuming, expensive, and subject to human
error. With advancements in artificial intelligence (Al), deep learning-based techniques have emerged as a powerful tool for automated skin lesion
detection and classification.

Deep learning, a subset of machine learning, utilizes convolutional neural networks (CNNs) and other architectures to analyze medical images and
differentiate between benign and malignant lesions. These models are trained on large datasets of dermo scope images, enabling them to learn complex
patterns and features that might be imperceptible to the human eye. Automated skin lesion detection and classification systems aim to assist dermatologists
by improving diagnostic accuracy, reducing workload, and ensuring timely medical intervention.

This paper explores deep learning-based approaches for skin lesion detection, highlighting key methodologies, datasets, and challenges in developing
robust and reliable Al-driven diagnostic tools. By leveraging Al, the healthcare industry can significantly enhance early detection and treatment of skin
cancer, ultimately improving patient outcomes.

LITERATURE SURVEY

Deep learning-based automated skin lesion detection and classification has emerged as a transformative approach in medical diagnostics, significantly
improving accuracy and efficiency. Various studies have explored CNN architectures such as VGG19, Reset, and Efficient Net, demonstrating their
ability to extract deep features and classify skin lesions into categories like melanoma, basal cell carcinoma, and benign keratosis. Researchers have
emphasized the importance of preprocessing techniques, including segmentation and contrast enhancement, to refine image quality before classification.
Additionally, challenges such as data diversity, interpretability, and explainability remain central to ensuring reliable predictions. Recent advancements
have integrated explainable Al (XAl) methods to enhance transparency, allowing clinicians to understand and validate model decisions. Overall, deep
learning continues to evolve as an indispensable tool in dermatological assessment, improving early detection rates and supporting clinical decision-
making.


http://www.ijrpr.com/
mailto:@gmail.com,
mailto:vaishnavighogare721@gmail.com
mailto:%20chhayahadawale1@gmail.com
mailto:akshayhande2503@gmail.com

International Journal of Research Publication and Reviews, Vol (6), Issue (6), June (2025), Page — 3827-3832 3828

PROBLEM STATEMENT

The current challenge in skin cancer diagnosis lies in the need for robust, interpretable, and clinically applicable automated systems that can effectively
distinguish diverse skin lesions, and ethical considerations.

METHODOLOGY
A. Dataset

International Skin Imaging Collaboration (ISIC) created the ISIC Archive, a global library of dermoscopic pictures, with the dual goals of
assisting clinical training and advancing technological research that would ultimately result in automated algorithmic analysis. The ISIC expands its
collection every year and challenges participants to use automated skin cancer detection. There are 25,331 dermo copy photos for ISIC 2019 that may be
used for training in 8 distinct categories. The new systems must be able to recognize an extra outlier class that is not represented in the training data in
the test dataset, which is made up of 8,239 photos. The majority of the photographs in the collection also include information in addition to the actual
images. The patient's age, sex, and the area in which the skin lesion is present are all included in the meta- data. The BCN 20000 (Department of
Dermatology, Hospital Clinic de Barcelona) (7), HAM10000 (VI DIR Group, Department of Dermatology, Medical University of Vienna) (8), and an
unidentified resource are where all of these data were obtained (9). Some examples of skin conditions from the ISIC 2019 dataset are displayed.

Preprocessing

The collectionis publicly available, and the information is disseminated in a way that makes it possible to create enough textual input to enable
comparisons to each picture. All files are shrunk to 224 x 224 pixels since scaling is one of the key steps in data preparation.
Training using CNN and Vgg19 algorithm

The proposed system uses CNN and Vgg19 algorithm for classification of skin lesion image into four different classes. Each algorithm is
explained below.
CNN

CNN is a very effective algorithm for classification strategies. It is a feed-forward neural network including convolutional, pooling, flattening, and

dense layers. The filter and kernels are used to process the image. Before beginning the training process, it is necessary to learn the fundamentals of CNN,
which are shown in Fig.3. CNNs are a type of Neural Network that is exceptionally effective at image recognition and categorization CNNs, or large-layer
feed-forward neural networks, are one type of large-layer feed-forward neural network.
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Fig 2. CNN Diagram

»  Convolutional Layer
A Convolutional Network's core component is the CL. CL's primary goal is to extract characteristics from the data it receives. Convolution
preserves the spatial relationship between pixels by learning information from the input image's small kernel. A group of learnable neurons is
used to hide the input image.

» ReLU Layer
ReLU stands for rectified Linear units in a non-linear process. All non-positive feature map values are replaced with zero a pixel-by-pixel
way. To understand how the ReLU works, we'll assume the neuron input is X, and the rectifier is given(x) = max (0, X) (2)

»  Pooling Layer
The pooling layer keeps the most relevant information while reducing the complexity of each activation A sequence on overlapping rectangles
is created from the supplied images. A non-linear technique, such as average or maximum, is used to down sample each region. This layer,
frequently placed between CLs, improves generalization and convergence speed while also being resistant to translation and distortion.

»  Flattening Layer
High-resolution data is efficiently resolved into representations of objects using a convolutional neural network. Therefore, it is possible to
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see the fully connected layer as adding a conventional classifier to the network's information-rich output to "understand" the findings and
ultimately provide a classification result. Linking this fully connected layer to the network requires flattening the convolutional neural network
dimensions output.

Fully Connected Layer

Using these attributes, the FCL is used to divide the input image into several groups depending on the training dataset. The final pooling
layer, or FCL, provides characteristics to the SoftMax activation function classifier. The FCL's output probabilities add up to 1. Using
SoftMax as the activation function ensures this. With the help of the SoftMax function, every real-valued score may be reduced to a vector of
summable values between zero and one.

Vgg19

The 16 convolutional layers, 3 fully connected layers, 5 max-pooling layers, and 1 SoftMax layer make up the 19 layers that make up VVgg19.
There are 19.6 billion FLOPs in VGG19. The training of CNN VGG-19 used the many images in ImageNet. Simply defined, VGG 19 deep

CNN that is used to categorize pictures.

PROPOSED SYSTEM

The image represents a flowchart of a deep learning-based skin lesion classification system. It outlines key steps: dataset preparation, preprocessing,
training using CNN and Vgg19, and final classification. The classification stage differentiates lesions into four categories—Melanoma, Melanocytic
nevus, Basal cell carcinoma, and Benign keratosis. This structured approach aids automated medical diagnostics by enhancing accuracy through advanced

feature extraction and deep learning.
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Dataset Preprocessing Classification
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Fig. Proposed System
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SYSTEM ARCHITECTURE

Architecture Description: -

Input Acquisition
- Meatoscopic images are collected from medical databases or real-time imaging devices.

Preprocessing Module
- Image enhancement techniques (contrast adjustment, noise reduction) are applied.
- Segmentation isolates the lesion from surrounding skin.
- Feature extraction identifies key characteristics (texture, shape, colour).

Deep Learning Model
= A CNN-based classifier processes the image.
- Pretrained models like VGG19 or Reset extract deep features.
= The model predicts lesion type (e.g., melanoma, basal cell carcinoma, benign keratosis).

Decision Module
= The classification result is analysed.
- Confidence scores are generated.
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- If necessary, the system requests additional validation.

Output & Recommendation
- The final diagnosis is presented to the user.
- The system may suggest further medical consultation if risk is detected.

DEEP LEARNING-BASED AUTOMATED SKIN
LESION DETECTION AND CLASSIFICATION
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Fig. System Architecture

RESULT

The system classifies skin lesions into categories such as melanoma, basal cell carcinoma, and benign keratosis using CNN-based deep learning models.
It generates confidence scores and refines predictions to improve diagnostic accuracy. The final results provide an automated assessment, assisting
clinicians in early detection and medical decision-making.

Fig User Interface
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CONCLUSION

The study highlights the effectiveness of CNNSs, particularly Exception and Densenet201, in improving skin cancer detection and classification using the
ISIC 2019 dataset. It demonstrates how architectural choices impact model performance, with Densenet201 showing strong potential due to its dense
connectivity. The research contributes to advancing diagnostic tools in dermatology, supporting early detection and better patient outcomes, and
emphasizes the need for continued innovation in medical image analysis.

FUTURE SCOPE

Development of Custom CNN Architectures: Future research can focus on creating novel CNN models specifically designed for skin cancer classification,
utilizing domain-specific features for improved accuracy.



International Journal of Research Publication and Reviews, Vol (6), Issue (6), June (2025), Page — 3827-3832 3832

Performance Enhancement Beyond Existing Models: While Exceptions and Densenet201 performed well, there is scope to surpass their capabilities with
architectures tailored for dermatological image analysis.

Utilization of Diverse and Larger Datasets: Incorporating images from varied populations, ethnic groups, and clinical environments (beyond the ISIC
2019 dataset) can increase model robustness and reduce bias.

Integration of Multi-Modal Data: Combining clinical metadata, histopathological images, and patient demographics can provide more comprehensive
insights for better diagnosis.
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