ﬂ ISSN 2277-2685

WESR o IJESR/Octf)ber-December 2024./ VoI%Jme-14/l.ssue-4/307-315
, G. Tejaswini et. al., / International Journal of Engineering & Science Research
ADVANCED IMAGE PROCESSING AND DEEP LEARNING
FOR SKIN CANCER SCREENING

1G. Tejaswini, 2 K. Gayathri, * I. Dharani, * G. Lokesh
! Assistant Professor, Tejaswini22karnati@gmail.com

2 kallurigayathri30@gmail.com, 2 idharani225@gmail.com, * gilakathula.lokesh@gmail.com

Abstract: Due to the limited availability of resources, skin cancer is one of the most quickly spreading diseases
in the globe. Identification of skin cancer through an accurate diagnosis is essential for a preventative approach
in general. Dermatologists struggle to detect skin cancer at an early stage, and in recent years, both supervised
and unsupervised learning tasks have made extensive use of deep learning. One of these models, Convolutional
Neural Networks (CNN), has surpassed all others in object detection and classification tests. The dataset is
screened from MNIST: HAM10000 which consists of seven different types of skin lesions with the sample size of
10015 is used for the experimentation. The data pre-processing techniques like sampling, dull razor and
segmentation using autoencoder and decoder is employed. Utilizing the HAM10000 dataset and an optimized
CNN, the study identify seven types of skin cancer. Two optimization functions (Adam and RMSprop) and three
activation functions (Relu, Swish, and Tanh) were used to train the model. In addition, an XAl-based skin lesion
classification system with Grad-CAM and Grad-CAM++ was developed to explain the model's decisions. This
system can assist physicians in making accurate early skin cancer diagnoses in their early stages.The future
extension of this study includes increasing forecast accuracy through parameter tuning.

Index Terms: Skin Cancer Screening, Disease Detection, CNN, HAM10000 dataset, Adam RMSprop, XAl, Image

Processing, Deep Learning.

INTRODUCTION

Skin cancer poses a significant and growing threat to public health globally, with its incidence rising steadily over
the past decade. According to the World Health Organization (WHO), skin cancer now accounts for approximately
one-third of all cancer cases worldwide [1]. This alarming trend is particularly pronounced in nations such as the
United States, Australia, and Canada, where incidence rates have surged [2]. Tragically, skin cancer claims the
lives of over 15,000 individuals annually [2], with specific types, such as melanoma, exhibiting particularly high
mortality rates.

The increase in skin cancer incidence can be attributed to various factors, including environmental changes and
lifestyle habits. The depletion of the ozone layer has led to a rise in hazardous ultraviolet (UV) radiation reaching
the Earth's surface [4]. UV radiation is a well-established carcinogen, capable of damaging skin cells and
increasing the risk of malignant transformation [4]. Furthermore, lifestyle factors such as smoking, alcohol
consumption, certain medical conditions, infections, and environmental exposures contribute to the development
of malignant cells [5].

Skin cancer encompasses a diverse range of malignancies, classified into two main categories: malignant and non-
malignant tumors [5]. Malignant tumors exhibit various characteristics and can arise from different cell types,
including squamous cells, basal cells, melanocytes, and others [5]. Among these, malignant melanoma stands out
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as particularly concerning due to its potential to metastasize, leading to widespread dissemination and reduced
survival rates [11].

Despite advances in medical technology, diagnosing skin cancer remains challenging. Clinical evaluation, while
essential, is fraught with limitations such as subjectivity and long waiting times [12]. In response, researchers
have turned to computer-assisted diagnostic approaches to augment dermatologists' capabilities and improve
diagnostic accuracy, efficiency, and objectivity [12]-[17]. These technologies leverage machine learning and deep
learning algorithms to analyze skin lesions and aid in the identification of cancerous growths.

In this paper, we explore the rising incidence of skin cancer, its contributing factors, and the challenges associated
with its diagnosis. We delve into the various types of skin cancer, focusing on their characteristics and implications
for patient outcomes. Additionally, we review the environmental and lifestyle factors that influence skin cancer
development. Furthermore, we discuss the limitations of current diagnostic methods and the potential of computer-
assisted diagnostic approaches to address these challenges.

Through this comprehensive review, we aim to provide a thorough understanding of the skin cancer landscape,
highlighting the urgent need for improved diagnostic strategies. By harnessing the power of technology,
particularly machine learning and deep learning algorithms, we envision a future where early and accurate
detection of skin cancer is achievable, ultimately leading to improved patient outcomes and reduced mortality

rates.

1. LITERATURE SURVEY
Skin cancer is a significant global health concern, and researchers worldwide have been investigating various
aspects of its epidemiology, diagnosis, and treatment. In this literature survey, we review key studies that provide
insights into the incidence, classification, and diagnostic methodologies associated with skin cancer.
AlSalman et al. [1] conducted a single-center study in Saudi Arabia to investigate the prevalence and
characteristics of nonmelanoma skin cancer (NMSC). Their findings shed light on the epidemiology of NMSC in
the region, highlighting the importance of localized studies to understand regional variations in skin cancer
incidence.
Nehal and Bichakjian [2] provided an update on Kkeratinocyte carcinomas, a group of skin cancers that include
basal cell carcinoma (BCC) and squamous cell carcinoma (SCC). Their review synthesized recent advancements
in the understanding of these common skin cancers, including risk factors, molecular pathways, and treatment
options.
The American Cancer Society (ACS) publishes key statistics on melanoma skin cancer, providing valuable
insights into the prevalence, mortality, and survival rates associated with this aggressive form of skin cancer [3].
Such statistics are essential for informing public health policies and guiding research priorities in the field of skin
cancer.
Albahar [4] proposed a novel approach for skin lesion classification using convolutional neural networks (CNNs).
Their study demonstrated the potential of deep learning algorithms in accurately classifying skin lesions, thereby
aiding in early detection and diagnosis of skin cancer.
Hasan et al. [5] conducted a comparative analysis of skin cancer detection using CNNs, focusing on the

classification of benign and malignant lesions. Their study highlighted the utility of deep learning techniques in
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distinguishing between different types of skin lesions, contributing to the development of automated diagnostic
systems for skin cancer.

Siegel [6] provided comprehensive statistics on colorectal cancer, underscoring the importance of cancer
surveillance and early detection efforts in reducing cancer-related morbidity and mortality. While not directly
related to skin cancer, such epidemiological data emphasize the broader context of cancer research and public
health initiatives.

Ajagbe et al. [7] explored the application of deep convolutional neural networks (DCNNs) for the multi-
classification of Alzheimer's disease using magnetic resonance images (MRI). While Alzheimer's disease differs
from skin cancer, their study exemplifies the versatility of deep learning algorithms in medical image analysis and
disease diagnosis.

Barata et al. [8] proposed a deep attention model for the hierarchical diagnosis of skin lesions, leveraging the
power of attention mechanisms in deep learning architectures. Their approach demonstrated promising results in
accurately diagnosing skin lesions, offering potential advancements in computer-aided diagnosis of skin cancer.
Overall, the literature survey highlights the multidisciplinary nature of skin cancer research, encompassing
epidemiology, molecular biology, imaging, and computational methodologies. Studies investigating novel
diagnostic approaches, such as deep learning algorithms, hold promise for improving the early detection and

management of skin cancer, ultimately contributing to better patient outcomes and reduced mortality rates.

2. METHODLOGY

a) Proposed work:
The proposed work aims to enhance skin cancer diagnosis through the integration of advanced deep learning
techniques, specifically an optimized Convolutional Neural Network (CNN) trained on the HAM10000 dataset.
This system will accurately classify skin lesions into various categories of skin cancer, potentially leading to
earlier detection and treatment. Additionally, DenseNet and Xception architectures will be incorporated, with
Xception achieving an impressive accuracy of 96%. The deployment of Xception will bolster the system's efficacy
in skin cancer classification. Furthermore, a user-friendly front-end interface will be developed using the Flask
framework, allowing for easy access and testing. To ensure security, user authentication features will be
implemented, providing an added layer of protection to the skin cancer classification process.

b) System Architecture:
The proposed system architecture begins with the input of skin lesion images from the dataset. These images
undergo preprocessing and image processing techniques to enhance their quality and extract relevant features.
The processed images are then fed into the model building phase, where Convolutional Neural Networks (CNNs)
are employed to construct predictive models for skin cancer classification.
The CNNs are trained on the dataset to learn the patterns and characteristics associated with different types of
skin lesions. Performance evaluation metrics are utilized to assess the accuracy and effectiveness of the models
in classifying skin cancer. This includes measures such as precision, recall, and F1-score.
The final system architecture integrates the trained models, particularly leveraging advanced architectures like

DenseNet and Xception, to achieve superior performance. The system facilitates skin cancer classification by
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accurately categorizing skin lesions into respective cancer types, thereby aiding in early diagnosis and treatment

planning.

[ 1mage Processing |

# Dataset Input

Fig 1 Proposed Architecture

c) Dataset collection:
The Skin Cancer HAM10000 dataset is a curated collection of dermatoscopic images, containing a diverse array
of skin lesions, including various types of benign and malignant skin cancers. The dataset was meticulously
assembled from different sources, including academic institutions and clinical settings, to provide a
comprehensive representation of skin lesions encountered in real-world scenarios.
Each image in the dataset is accompanied by detailed metadata, including information on the lesion type, patient
demographics, and clinical annotations. This rich metadata enables researchers to conduct in-depth analyses and
develop robust machine learning models for skin cancer classification.
The data collection process adhered to rigorous quality control standards to ensure the accuracy and reliability of
the dataset. Additionally, efforts were made to maintain patient privacy and confidentiality throughout the data
collection and curation process.
Overall, the Skin Cancer HAM10000 dataset serves as a valuable resource for researchers and practitioners in the

field of dermatology, facilitating advancements in skin cancer diagnosis and treatment.
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Fig 2 data set
d) Image processing:
Image processing using ImageDataGenerator involves a series of transformations aimed at augmenting the dataset
and improving the robustness of the model. Firstly, images are rescaled to ensure uniformity in pixel values. Shear
transformations introduce geometric deformations, mimicking variations in lesion orientation. Zooming adjusts
the image scale, simulating varying distances from the camera. Horizontal flips horizontally mirror images,
diversifying the dataset further. Reshaping standardizes image dimensions, facilitating compatibility with the

model architecture.
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These transformations collectively enhance the dataset's diversity, enabling the model to generalize better to
unseen data and reducing overfitting. By incorporating variations commonly encountered in real-world scenarios,
such as changes in lesion orientation or camera distances, the augmented dataset better reflects the complexities
of skin lesion imaging. Consequently, the model trained on such augmented data exhibits improved performance
and robustness in skin cancer classification tasks.

e) Algorithms:
DCNN - Adam-Relu:
This configuration employs the Adam optimizer with the Rectified Linear Unit (ReLU) activation function in a
Deep Convolutional Neural Network (DCNN). Adam is an adaptive learning rate optimization algorithm, while
ReLU is a popular activation function that introduces non-linearity into the network.
In the project, this setup is utilized to train the DCNN model for skin cancer classification. Adam optimizes the
model's weights during training, while ReLU introduces non-linearity, enabling the model to learn complex
patterns in the data efficiently.
DCNN - Adam-Swish:
This configuration uses the Adam optimizer with the Swish activation function in a Deep Convolutional Neural
Network (DCNN). Swish is a recently proposed activation function known for its smoother gradients compared
to ReLU, potentially enhancing training stability.
In the project, this configuration is employed for training the DCNN model. Adam optimizes the model
parameters, while Swish introduces non-linearity, contributing to improved learning dynamics and potentially
enhancing the model's performance in skin cancer classification tasks.
DCNN - Adam-Tanh:
This setup utilizes the Adam optimizer with the Hyperbolic Tangent (Tanh) activation function in a Deep
Convolutional Neural Network (DCNN). Tanh is another activation function capable of introducing non-linearity
into the network.
In the project, this configuration is applied for training the DCNN model. Adam optimizes the model's weights,
while Tanh provides non-linear transformations to the network's outputs, aiding in capturing complex patterns in
the data.

DCNN - RMSprop-Relu:

This configuration employs the RMSprop optimizer with the Rectified Linear Unit (ReLU) activation function in
a Deep Convolutional Neural Network (DCNN). RMSprop is an adaptive learning rate optimization algorithm,
while ReLU introduces non-linearity into the network.

In the project, this setup is utilized for training the DCNN model. RMSprop adjusts the learning rates adaptively,
while ReLU introduces non-linearity, enabling the model to learn complex patterns efficiently.

DCNN - RMSprop-Swish:

This setup uses the RMSprop optimizer with the Swish activation function in a Deep Convolutional Neural
Network (DCNN). Swish is known for its smoother gradients compared to ReL U, potentially enhancing training

stability.
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In the project, this configuration is employed for training the DCNN model. RMSprop optimizes the model's
parameters, while Swish introduces non-linearity, contributing to improved learning dynamics and potentially
enhancing the model's performance.

DCNN - RMSprop-Tanh:

This configuration utilizes the RMSprop optimizer with the Hyperbolic Tangent (Tanh) activation function in a
Deep Convolutional Neural Network (DCNN). Tanh is capable of introducing non-linearity into the network's
outputs.

In the project, this setup is applied for training the DCNN model. RMSprop optimizes the model's weights, while
Tanh provides non-linear transformations to the network's outputs, aiding in capturing complex patterns in the

data.

DenseNet201:

DenseNet201 is a deep convolutional neural network architecture characterized by dense connections between
layers, facilitating feature reuse and enhancing model performance.

In the project, DenseNet201 is employed as one of the deep learning architectures for skin cancer classification.
Its dense connectivity allows for effective feature propagation through the network, enabling the model to capture
intricate patterns in skin lesion images and achieve high classification accuracy.

Xception:

Xception is a convolutional neural network architecture known for its depth-wise separable convolutions, which
reduce the number of parameters and computational complexity while maintaining model effectiveness.

In the project, Xception is utilized as a deep learning architecture for skin cancer classification. Its efficient design
enables the model to extract relevant features from skin lesion images effectively, leading to accurate classification
results. Additionally, Xception's reduced computational requirements make it suitable for deployment in resource-

constrained environments.

3. EXPERIMENTAL RESULTS
Accuracy: The accuracy of a test is its ability to differentiate the patient and healthy cases correctly. To estimate
the accuracy of a test, we should calculate the proportion of true positive and true negative in all evaluated cases.
Mathematically, this can be stated as:
Accuracy = TP+ TN TP+ TN + FP + FN.

Classification Performance

¥ception

DenseNet201

DCNM - RMSprop-Tanh
DCNN - RMSprop-Swish

T P + TN DCNN - RMSprop-Relu

DCNN - Adam-Tanh

Accuracy =
TP + TN + FP + FN DCHNN - Adam-Relu

0.0 0.z 0.4 0.6 0.8 10
Accuracy Score

Fig 3 ACCURACY COMPARISON GRAPH
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Precision: Precision evaluates the fraction of correctly classified instances or samples among the ones classified
as positives. Thus, the formula to calculate the precision is given by:
Precision = True positives/ (True positives + False positives) = TP/(TP + FP)

Classification Performance

Xception

DenseMet201

DCHNN - RMSprop-Tanh
DCNN - RMSprop-Swish
DCHN - RMSprop-Relu

DCNM - Adam-Tanh

yoi True Positive DENN - Adam-Siish
Precision = Se—— — DCNN - Adam-Relu
True Positive+False Positive

oo 02 04 06 08 1a
Precision Score

Fig 4 PRECISSION COMPARISON GRAPH
Recall: Recall is a metric in machine learning that measures the ability of a model to identify all relevant instances
of a particular class. It is the ratio of correctly predicted positive observations to the total actual positives,
providing insights into a model's completeness in capturing instances of a given class.

Classification Performance

Hception
DenseMet201
DCNN - RMSprop-Tanh
DCHN - RMSprop-Swish
DCHN - RMSprop-Relu
DCNN - Adam-Tanh
TP DCNN - Adam-Swish
—
Recall f— DCHN - Adam-Relu
TP + F N 0.0 DIZ D.I4 D.IG DIS ]ICI

Recall Score

Fig 5 RECALL COMPARISON GRAPH

F1-Score: F1 score is a machine learning evaluation metric that measures a model's accuracy. It combines the
precision and recall scores of a model. The accuracy metric computes how many times a model made a correct
prediction across the entire dataset.

F1 Score = 2
1 1
(Precision * Recall)
F1 Score - 2 X Precision X Recall

Precision + Recall
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Classification Performance
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Fig 6 F1 COMPARISON GRAPH
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Fig 7 PERFORMANCE EVALUATION

4. CONCLUSION
In Conclusion, the project successfully developed advanced deep learning models for skin cancer classification,
achieving high accuracy while addressing class imbalance issues. Optimized CNN architectures significantly
enhanced diagnostic speed and precision, enabling early detection and treatment of skin cancer. The integration
of Xception and DenseNet models further improved performance, with Xception achieving a remarkable 96%
accuracy. Additionally, the implementation of an end-to-end smart healthcare system, accessible via an Android
application, provides a practical and efficient tool for early-stage diagnosis, empowering doctors with informed
decision-making capabilities. A user-friendly Flask interface with secure authentication ensured seamless
usability during testing, enhancing the overall user experience. This project demonstrates the transformative
potential of deep learning and smart healthcare technologies in revolutionizing the early diagnosis and treatment

of skin cancer, ultimately improving patient outcomes and advancing healthcare delivery systems.

5. FUTURE SCOPE

The feature scope of the proposed "Interpretable Skin Cancer Classification Using Optimized Convolutional
Neural Network for a Smart Healthcare System™ encompasses several key aspects aimed at enhancing the
interpretability and effectiveness of skin cancer classification.

Firstly, the system will incorporate explainable Al techniques to provide insights into the decision-making process
of the Convolutional Neural Network (CNN), enabling clinicians to understand the reasoning behind each
classification.

Secondly, it will offer real-time feedback on model predictions, allowing healthcare professionals to interactively

explore and validate the model's outputs.
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Additionally, the system will include features for data visualization, such as heatmaps highlighting regions of
interest within skin lesions, aiding in the identification of diagnostic indicators.

Furthermore, the scope extends to integrating patient-specific data, including medical history and risk factors, to
enhance the precision and personalized nature of skin cancer diagnosis.

Overall, the feature scope emphasizes interpretability, real-time feedback, data visualization, and personalized
diagnosis, ensuring a comprehensive and effective skin cancer classification system within a smart healthcare

framework.
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