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Abstract

Since the last two decades, melanoma skin cancer incidence rates have
increased. Therefore, melanoma skin cancer has one of the highest rates of healing
when caught early, quickly, and effectively. Additionally, early-stage therapy is
quite simple and only requires removing the lesion from the skin. Additionally, the
cost of treating melanoma skin cancer early on is fairly affordable, but as the
disease progresses, it becomes more expensive due to the terrible side effects that
the cancerous tumor has created. To assist physicians and patients in the diagnosis
of early malignant melanoma by delivering better and more reliable results, This
thesis has prasanted the method for developing a system for the detection and
classification of melanoma skin cancer images in the early stage by using
Convolutional Neural Networks.

In this study, the authors propose a deep-learning approach for classifying
melanoma skin cancer. They introduce a convolution neural network (CNN) model
that consists of 27 layers, they are skillfully created to identify characteristics in
photos of skin lesions and divide them into melanoma and non-melanoma
classifications. The proposed CNN model comprises multiple convolution layers
that use filters to extract details like edges, forms, and patterns from the supplied
image. Batch normalization layers that normalize the output of the convolution
layers to accelerate the learning process and prevent overfitting follow these
convolution layers. The performance of the proposed CNN model was evaluated
on a publicly available dataset of skin lesion images, as well as the results
demonstrated that it performed better than numerous cutting-edge approaches for
classifying melanoma. The writers also carried out tests on ablation to analyze each

layer’s contribution to the model’s overall performance. Dermatologists may be

Vil




helped by the suggested deep learning method in the early identification of
melanoma skin cancer, which can lead to treatment that is more effective and
Improves patient outcomes. Additionally, it shows how well deep learning methods
work for analyzing medical images and emphasizes the significance of properly
building and improving CNN models for high performance. The accuracy of the
proposed system is 99.9%.

The experimental results show that the suggested CNN model works better
than current state-of-the-art methods. In summary, the proposed deep learning
approach using a CNN model with 27 layers can potentially improve the accuracy
and efficiency of skin lesion classification. It can be applied in clinical settings to

assist dermatologists in early melanoma skin cancer detection.
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Chapter One

General Introduction
1.1 Introduction

The skin, the body's biggest organ, is critical in protecting the body from
external threats such as diseases, sunburn, and wounds. The dermis, or inner
layer, and the epidermis, or outer layer, are the two basic layers of skin (see
Figure 1.1). [1]

Basal cells are rounded cells, whereas squamous cells are flat cells
makeup epidermis. Melanocytes, pigment cells that create melanin and give
the skin its natural color, are found in the lower layer of the epidermis. When

sun exposure, melanocytes produce more pigment, causing the skin to darken.
[1].

Important elements like lymphatic vessels, blood vessels, hair follicles,
and sweat and sebum glands can be found in the dermis. The sebaceous glands
keep the skin from drying out while the sweat glands assist in controlling body
temperature. These glands penetrate the skin's surface through microscopic

holes known na spores [1].
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Figure (1.1): Skin Layers [1].
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Skin cancer detection is a crucial area of research in computer
science that involves developing algorithms and models that can accurately
detect skin cancer from images of skin lesions . Traditional techniques for skin
cancer detection involve manual inspection and analysis by dermatologists,

which can be time-consuming and subjective.[2]

With the advancements in deep learning techniques, there has been a
significant shift towards developing deep learning-based models for skin
cancer detection . These models use convolutional neural networks (CNNSs) to
automatically learn features from the input images and make predictions about

the presence of skin cancer.[3]

In recent years, several studies have compared the performance of
traditional and deep learning-based techniques for skin cancer detection .
These studies have shown that deep learning-based models outperform

traditional techniques regarding accuracy and speed.[4]

However, some challenges are still associated with using deep learning-
based models for skin cancer detection [5]. One major challenge is the need for
large amounts of high-quality labeled data for training the models. Another
challenge is the need for interpretability and explainability of the models to

gain the trust of dermatologists and patients.

Generally, skin cancer detection is an important area of research in
computer science that has the potential to improve the early detection and
treatment of skin cancer significantly. Developing accurate and reliable skin
cancer detection models will require continued research and collaboration

between computer scientists and dermatologists

It is possible to see that the skin has two primary layers when dissecting:

the epidermis, the outermost and most visible layer, and the dermis, which is




the innermost and least visible layer. The epidermis has two major parts:
squamous (flat) and basal cells (round). Mesodermal melanocytes, pigment
cells that create melanin, make up the lowest fraction of the epidermis.
Melanin is the pigment responsible for skin color. In direct sunlight,
melanocytes produce more pigment, deepening the skin's melanin and color.
This layer of the skin contains lymphatic veins, blood flow, hairs, and glands.
The glands in the dermis are separated into two types: those that create sweat
to assist the body in regulating temperature and those that produce sebum to
help prevent the skin from getting out. These glands reach the outer layer of

the skin through pores, which are very small openings on the skin's surface.

Skin cancer is among the most frequent cancers. It is the main cause of
death worldwide [6]. Changes in the environmental conditions we live in today
have caused cancer .[7] For example, ultraviolet (UV) rays are a primary risk
factor for skin cancer. In 1975, Fitzpatrick proposed a scale e from | to VI.
According to the skin type and its interaction with ultraviolet (UV) rays, the
first type is very light skin and is more likely to develop some skin cancer. The
sixth type is dark brown, strongly pigmented skin, and less effective. herefore,
this type of cancer is more common in countries with light skin. In recent
decades, skin cancer incidence has climbed dramatically in the US, Europe,
and Australia. Skin cancer affects one million Americans yearly, up over half

of all cancers.




1.2 Related Works

The diagnosis of melanoma skin cancer is a critical aspect of early
treatment and can potentially save lives. However, the current method of
diagnosis, performed by trained dermatologists through visual inspection, can
be subjective and prone to error. Several studies have been conducted using
machine learning techniques such as Convolutional Neural Networks (CNNSs)

to address this issue to classify skin lesions as benign or malignant.

In 2020, Rezaoana et al. [8] .This paper suggest an automated techinic
for skin cancer classification. The classification of 9 types of skin cancer has
been done in this study.Also the performance and ability of deep convolutional
neural networks (CNN) is observed..The dataset contains nine clinical types
skin cancer ,such as -actinic keratosis,basal cell carcinoma, benign keratosis,
dermatofibroma, melanoma, nevus, seborrheic keratosis, squamous cell
carcinoma, vascular lesions. The objective is to establish a model that
diagnoses skin cancer as well as classifies it into various classes through the
Convolution Neural Network. The diagnosing methodology uses concept of
image processing and deep learning.Through using different tactics of image
augmentation, the number of images has also been enriched.Finally, the
transfer learning approach is used to further improve the accuracy of the
classification tasks.Approximately 0.76 weighted average precision, 0.78
weighted average recall , 0.76 weighted average fl-score, and 79.45 percent

accuracy are shown by the proposed CNN method.

In 2021 , Junayed et al. [9] propose deep learning-based model for skin
cancer detection and classification using the concept of a deep convolutional
neural network (CNN). Initially, the researchers collected a dataset that
included four melanoma image data before applying them in augmentation
techniques to increase the size of the accumulated dataset. Next, they designed
a deep CNN maodel to train their dataset. In the test data, their model obtained

5




an accuracy of 95.98%, which is better than the pre-training models,
GoogleNet at 1.76% and MobileNet at 1.12%, respectively.

In 2021, Garg et al. [10] paper aims to use MNIST HAM-10,000 dataset
containing dermoscopy images. The objective is to propose a system that
detects skin cancer and classifies it in different classes by using the
convolution neural network. The diagnosing methodology uses image
processing and deep learning model. The dermoscopy image of skin cancer
undergone various techniques to remove the noise and picture resolution. The
Image count is also increased by using various image augmentation techniques.
In the end, the transfer learning method is used to increase the classification
accuracy of the images further. this CNN model gave a weighted average
precision of 0.88, a weighted recall average of 0.74, and a weighted F1 score
of 0.77. The transfer learning approach applied using ResNet model yielded an

accuracy of 90.51%.

In 2022, Aljohani et al. [11] .In this study, considered the detection of
melanoma through deep learning based on cutaneous image processing. For
this purpose, tested several convolutional neural network (CNN) architectures,
including DenseNet201, MobileNetV2, ResNet50V2, ResNet152V2, Xception,
VGG16, VGG19, and GoogleNet, and evaluated the associated deep learning
models on graphical processing units (GPUs). A dataset consisting of 7146
images was processed using these models, and compared the obtained results.
The experimental results showed that GoogleNet can obtain the highest
performance accuracy on both the training and test sets (74.91% and 76.08%,

respectively).

In 2022, Ali et al. [12]. in this study a developed a preprocessing image
pipeline for this work. removed hairs from the images, augmented the dataset,
and resized the imageries to meet the requirements of each model. By

performing transfer learning on pre-trained ImageNet weights and fine-tuning
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the Convolutional Neural Networks, we trained the EfficientNets BO-B7 on the
HAM10000 dataset. they evaluated the performance of all EfficientNet
variants on this imbalanced multiclass classification task using metrics such as
Precision, Recall, Accuracy, F1 Score, and Confusion Matrices to determine
the effect of transfer learning with fine-tuning. This article presents the
classification scores for each class as Confusion Matrices for all eight models.
best model, the EfficientNet B4, achieved an F1 Score of 87 percent and a

Top-1 Accuracy of 87.91 percent.

In 2022, Fraiwan et al. [13] In this research, the deep learning method
convolution neural network (CNN) was used to detect the two primary types of
tumors, malignant and benign, ¢ tumors. Using ESRGAN, the photos were first
retouched and improved. The photos were augmented, normalized, and resized
during the preprocessing step.Skin lesion photos could be classified using a
CNN method based on an aggregate of results obtained after many repetitions.
Then, multiple transfer learning models, such as Resnet50, InceptionV3, and
Inception Resnet, were used for fine-tuning. In addition to experimenting with
several models (the designed CNN, Resnet50, InceptionV3, and Inception
Resnet), this study’s innovation and contribution are the use of ESRGAN as a
preprocessing step. designed model showed results comparable to the
pretrained model. An 83.2% accuracy rate was achieved by the CNN, in
comparison to the Resnet50 (83.7%), InceptionV3 (85.8%), and Inception
Resnet (84%) models.

In 2023, Tahir et al. [14] they proposed a deep learning-based skin
cancer classification network (DSCC_Net) that is based on a convolutional
neural network (CNN), and evaluated it on three publicly available benchmark
datasets . For the skin cancer diagnosis, the classification performance of the
proposed DSCC_Net model is compared with six baseline deep networks,
including ResNet-152, Vgg-16, Vgg-19, Inception-V3, EfficientNet-B0O, and

7




MobileNet. In addition, used SMOTE Tomek to handle the minority classes
Issue that exists in this dataset. The proposed DSCC_Net obtained a 99.43%
AUC, along with a 94.17%, accuracy, a recall of 93.76%, a precision of
94.28%, and an F1-score of 93.93% in categorizing the four distinct types of
skin cancer diseases. The rates of accuracy for ResNet-152, Vgg-19,
MobileNet, VVgg-16, EfficientNet-B0, and Inception-V3 are 89.32%, 91.68%,
92.51%, 91.12%, 89.46% and 91.82%, respectively.

In 2023, Keerthana et al. [15] This article presents two novel hybrid
CNN models with an SVM classifier at the output layer for classifying
dermoscopy images into either benign or melanoma lesions. The features
extracted by the first CNN and second CNN models are concatenated and fed
to the SVM classifier for classification. The labels obtained from an expert
dermatologist are used as a reference to evaluate the performance of the
proposed model. The proposed models displayed better results over the state-
of-the-art CNN models on the publicly available ISBI 2016 dataset. The
proposed models achieved 88.02% and 87.43% accuracy, which remain higher
than the traditional CNN models.




Table (1.1) Summary of the Literature Review.

References

N. Rezaoana et al. In
2020, [8]

M.S. Junayed et al.
In 2021, [9]

R. Gargetal. In

2021, [10]

K. Aljohani etal. In
2022, [11]

K. Ali et al. In 2022,

[12]

M. Fraiwan et al. In

2022, [13]

M. Tahir etal. In
2023, [14]
D. Keerthanaetal. In
2023, [15]

Dataset
International Skin
Imaging Collaboration
(ISIC)
International Skin
Imaging Collaboration
(ISIC)

MNIST HAM-10,000
ISIC 2018

HAM-10,000

DermNet NZ dataset

ISIC 2018

ISBI 2016

Model
VGG16
CNN
VGG16
ResNetb0V?2
VGG19
EfficientNet

Resnet50

CNN

CNN

Accuracy%o

79.45%

95.98%

90.51%
74.91%,76.08%

87.91%

83.2%

99.43%

88.02%

In conclusion, various studies have shown that machine learning

techniques, particularly CNNs, can improve the accuracy of melanoma skin

cancer diagnosis.




1.3 Problem Stentmat

Melanoma skin cancer is dangerous and potentially life-threatening, and
early detection is critical for effective treatment. Currently, the diagnosis of
melanoma is primarily performed by trained dermatologists through visual

inspection.

To address this challenge, there is a need for a more objective and reliable
method for diagnosing melanoma skin cancer. One promising approach is
using deep learning algorithms, which can analyze images of skin lesions and

distinguish between benign and malignant cases based on features.

1.4 Thesis Objective

This thesis aims to develop a deep learning-based system for
automatically classifying melanoma skin cancer using a lightweight and
efficient Convolutional Neural Network (CNN). This system should be able to
accurately distinguish between benign and malignant skin lesions and provide
a probability score for each class.

This thesis involves collecting and annotating a large dataset of skin
images, fine-tuning a pre-trained CNN network, and evaluating the network's

performance on a validation set of images.
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1.4 Outline of Thesis

The following five chapters make up this thesis:

Chapter 1 The research work's thesis topic is introduced in Chapter 1, along

with other pertinent information.

Chapter 2 briefly overviews the theoretical background techniques used to
detect early melanoma skin cancer.
Chapter 3 discusses the steps used in the melanoma skin cancer detection

system.

Chapter 4 gives the performance evaluation and experimental results.
Chapter 5 concludes the whole thesis with a short discussion, stating the
problems with the tested algorithms and some suggestions for future research

directions.
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Chapter Two
Theoretical Background
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Chapter Two

Theoretical Background

2.1 Introduction

The theoretical underpinning for using CNN is presented in this chapter. a
lightweight deep neural network architecture, to classify melanoma skin cancer.
Mobilenet was designed to address the limitations of traditional deep neural
networks, such as high computational requirements, and has shown promising
results in image classification tasks. The chapter will overview deep learning and
convolutional neural networks and its key features. The potential benefits and
limitations of using CNN for automated melanoma detection and diagnosis will

also be discussed.
2.2 Skin Cancer

skin cancer is the most frequent kind of cancer, and its prevalence has
recently increased in the United States, Europe, and Australia. With over one
million diagnoses in the United States each year, it accounts for more than over 50
percent of all cancers found and one-fourth of all newly discovered malignancies.
Those with lighter skin are particularly susceptible to skin cancer, characterized by
the uncontrolled growth of skin cells that can invade and multiply in other parts of
the body, resulting in a lesion. [16]

Skin cancer, like many other cancers, can be fatal if it is not identified and
treated when it is still in the early stages [17]. Skin cancer often starts as
precancerous lesions, which are not cancerous initially but can develop into
malignancies over time. Thus, monitoring and treating any suspicious skin changes

IS crucial to prevnt skin cancer progression.
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Non-Melanoma Skin Cancer (NMSC) and Melanoma Skin Cancer (MSC) are
the two basic categories into which skin malignancies can be divided. About 2-3
million people are affected each year by NMSC, the most prevalent type of skin
cancer. Basal Cell Carcinoma (BCC), which accounts for around 75% of all
NMSC cases, and Squamous Cell Carcinoma (SCC), which accounts for roughly
24% of all NMSC cases, are the three main kinds. Additionally, roughly 1% of all

cases of NMSC are sebaceous carcinoma (SC). [18].

MSC, on the other hand, is less typical than NMSC but is also more severe
and aggressive. There are benign and malignant varieties of it. Commonly referred
to as moles, benign melanoma develops on the skin as a brown, black, or tan patch.
It often has a diameter of less than 6 millimeters and can be circular, oval,
elevated, or flat. On the other hand, malignant melanoma is the most lethal variety
of skin cancer and is a cancerous growth in a pigmented, bleedable skin lesion. “It
consists of Nodular Melanoma, which accounts for approximately 75% of all
MSC, Superficial Spreading Melanoma (representing about 15% of all MSC),
Lentigo Melanoma (comprising about 10% of all MSC), and Acral Melanoma
(constituting about 5% of all MSC)” [19].

It is worth mentioning that both MSC and NMSC are rare in children [18].
(see Figure 1.2).

Early diagnosis is crucial to reducing the death rate from malignant skin
cancer. The treatment plan is tailored to the type of cancer, the patient's age,
location, and whether it is a first occurrence or a recurrence. Effective and prompt

treatment is essential for the best possible outcome and improved survival rates.
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Figure (2.1): Skin Cancer Types.[18]
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2.2.1 Benign Melanoma Skin Cancer

Benign melanomas develop from various skin cells, and most individuals have
several moles or nevi [20]. While most moles are harmless, having multiple moles
can increase the risk of developing malignant melanoma from benign properties.
Benign melanomas can be identified by their small diameter (less than 6 mm),
symmetrical shape (the shape on one side is similar to the other side), and regular

border (round). Some common types of benign skin lesions include:

1. A Spitz nevus is a mole resembling malignant melanoma but is generally
benign and non-invasive. This type is commonly seen in children, teenagers,

and sometimes adults.

2. Hemangiomas are the growth of blood vessels, sometimes called port wine

stains, strawberry spots, or cherry. This type of lesion is generally benign.
3. Seborrheic keratoses are brown or black spots with a waxy texture.

4. Warts are raised growths on the skin caused by a viral infection. They have

a rough texture and can appear anywhere on the body.
5. Lipomas are soft growths that consist of fat cells.

The majority of these lesions scarcely turn into malignant melanoma cancers.
There are many other types of benign skin lesions, but most are not widespread.

Figure (1.3) shows an example of a benign melanoma skin lesion.
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Figure (2.2): Benign Skin Lesions.[20]

2.2.2 Malignant Melanoma Skin Cancer

Malignant melanoma is a serious and aggressive form of skin cancer that
begins in the melanocytes and can spread to bones and organs. Skin cancer is most
prevalent in Australia. Though less prevalent, this type of skin cancer is more fatal
than other skin cancer types. Melanoma lesions are commonly brown or black, but
some cells stop producing melanin and appear pink, tan, or white. It is commonly
found on women's legs, men's backs and chests, and women's faces, necks, mouths,
eyes, and genitalia. Signs of malignant melanoma include large pigmented moles
with a diameter greater than 6mm, asymmetric lesion shape, irregular borders,

coloration, itching, and bleeding [21][22].
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Figure (2.3): Melanoma Skin Cancer [23].

Malignant Melanoma Types : Malignant melanoma or called cutaneous melanoma
contains four kinds which are classified by their histologic features and are listed

according to their frequency of occurrence[24]:

2.2.2.1 Superficial Spreading Malignant Melanoma

Superficial spreading melanoma (SSMM) is a common type of malignant
melanoma affecting people of all ages. It usually presents on women's legs, and
men's trunks are larger than 0.5cm in diameter, elevated, and spread horizontally.
SSMM appears asymmetrical with color variations and irregular borders and grows
over months to years (radial growth), allowing for early detection when thin.
Figure (1.6) shows an example of SSMM with irregular borders and variable

pigmentation [24].
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Figure (2.4): Superficial Spreading Malignant Melanoma.[24]

2.2.2.2 Nodular Malignant Melanoma

Nodular malignant melanoma (NMM) is a less common but more aggressive
form of skin cancer, appearing as a dark brown or black, dome-shaped lump that
bleeds and ulcerates. NMM is often thicker at diagnosis due to rapid, vertical
growth from the outset, leading to a higher mortality rate. The lesion may have an
irregular outline and color but often has a well-defined border and symmetry.

Figure (1.7) provides an example of NMM [25].

Figure (2.5): Nodular Malignant Melanoma.[25]




2.2.2.3 Lentigo Malignant Melanoma

Lentigo Malignant Melanoma (LMM) is a type of malignant melanoma that
develops in sun-exposed areas, particularly on the face of the elderly, with a
mixture of pink, gray, blue, and white pigmentation. The borders are often
irregular and notched. It can grow from 1.0 to 20.0 cm or larger and thickens over
time, forming nodules. LMM starts as a tan macule and gradually darkens to a
palpable papule, nodule, or plague. Figure (1.8) shows an example of LMM [26].

Figure (2.6): Lentigo Malignant Melanoma.[26]
2.2.2.4 Acral Malignant Melanoma

Acral and nail melanoma is a rare malignancy on acral areas or mucous
membranes. It starts as a flat, irregular lesion that becomes raised and nodular. It
has limited color variations but may have irregular, notched borders and range in
size from 0.9 to 12cm or more. Advanced cases show raised, blue, black, or
amelanotic papules or nodules that may ulcerate. Nail melanoma affects the great
toe and produces a pigmented streak in the nail plate. An example is seen in Figure
(2.7) [25].
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Figure (2.7): Acral Lentiginous Malignant Melanoma.

2.2.3 Non-Melanoma Skin Cancer

The most prevalent form of skin cancer is non-melanoma skin cancer
(NMSC), which occurs more frequently than all other cancers combined. NMSC
has poor spreadability and skin cell origins, making early detection challenging.
The three subtypes of NMSC are sebaceous carcinoma (SC), squamous cell

carcinoma (SCC), and basal cell carcinoma (BCC) [27].
2.2.3.1 Basal Cell Carcinoma (BCC)

A kind of skin cancer that develops from basal cells is called basal cell
carcinoma (BCC) keratinocytes. the epidermis's thickest layer. Sun exposure is the
cause of radiation therapy and develops slowly without spreading to other body
parts. It commonly appears as a pearly white bump with translucent edges, a raised
pink color, also tiny, discernible blood vessels. BCC can sometimes take the form
of a mole with a pearly border. Another type has a waxy look and is flat and crusty
and has an unclear boundary. Figure (1.4a) shows an example of BCC [1].
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2.2.3.2 Squamous Cell Carcinoma (SCC)

Skin cancer called squamous cell carcinoma develops in the keratinocytes of
the epidermis. It is caused by factors such as sun exposure, x-ray exposure,
chemical damage, or skin that has been burned. It is commonly found in areas of
chronic inflammation on the lips and mucous membranes. Although SCC rarely
spreads, it is more likely to do so than BCC. An example of SCC is shown in
(Figure 1.4b) [16].

2.2.3.3 Sebaceous Gland Carcinoma (SGC)

A sebaceous Gland carcinoma is a rare form of non-melanoma skin cancer
that grows in areas of the body with sebaceous glands, such as the eyes, neck, face,
leg, torso, arm, ear, mouth, genitals, and big toe [27]. It can be seen in Figure
(2.8c).

(@) (b) (©)

Figure (2.8): Types of non-melanoma skin cancer [1] (a) Basal cell

carcinoma (b) Squamous cell carcinoma (c) Sebaceous gland carcinoma
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2.3 Digital Image

Digital images are a fundamental component of modern healthcare, providing
clinicians with detailed visual information to assist in diagnosing, treating, and
monitoring patients. Medical digital images can be broadly categorized into 2D
and 3D. 2D images are static images that capture organs, tissues, and other
structures in the body. In contrast, 3D images provide a more comprehensive view
of the anatomical structures, enabling a detailed visualization of the spatial

relationships between structures [28].

Medical digital images are represented in different formats, each with
advantages and limitations. The most common formats used in medical imaging
are raster and vector graphics [29]. Raster images, or bitmap images, are
represented as a grid of pixels. Each pixel contains a numerical value that
represents the brightness or color of that pixel. Raster images are suitable for
capturing detailed images with complex color or texture information, but they can

be vulnerable to image degradation and loss of detail when scaled or manipulated.

In contrast, vector graphics are represented using mathematical equations to
describe the shape and geometry of the image. Vector images are infinitely
scalable and can be resized without losing detail, making them ideal for medical
imaging applications requiring high Precision and accuracy. However, vector
images are less suited for capturing complex color and texture information and

may require specialized software to view and manipulate [30].

In medical imaging, the choice of image format is often dictated by the
Imaging modality used, such as X-ray, computed tomography (CT), magnetic
resonance imaging (MRI), or ultrasound. Each imaging modality has its strengths
and limitations, and the choice of modality depends on the specific diagnostic

question and patient characteristics. For example, X-ray imaging is commonly
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used to assess bone fractures and joint abnormalities. At the same time, CT is well
suited for identifying abnormalities in soft tissue structures such as the brain, chest,
and abdomen. MRI is often used to evaluate the brain, spine, and joints, while
ultrasound is commonly used to image the fetus and other soft tissue structures
[31]]32].

Moreover, deep learning and other machine learning techniques have shown
promise in improving the accuracy and efficiency of medical image analysis. For
example, Convolutional Neural Networks have been used to classify skin lesions in
dermoscopy images, detect lung nodules in CT images, and identify breast cancer

In mammography images [33].

2.3.1 Digital Image Representation

Digital images can be represented in various ways, depending on the
application and requirements [28]. The most common representations include the
following [29][30]:

1. Binary Images: Binary images are black-and-white images where each pixel
is either black (represented by a 0) or white (represented by a 1). These
images are commonly used in image segmentation and object recognition.

2. Gray-scale Images: Gray-scale images are composed of shades of gray,
ranging from black to white. A single value represents each pixel in a gray-
scale image, typically ranging from 0 (black) to 255 (white).

3. Color Images: Color images comprise three or more color channels, typically
red, green, and blue (RGB). Each pixel in a color image is represented by a
combination of values for each color channel. In this proposed system, these
images are used to diagnose skin cancer and can provide detailed information

on the cancerous cells' size, depth, and invasion.
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2.3.2 Image Preprocessing Steps

Image preprocessing is an essential step in medical image analysis, as it can

significantly improve the accuracy and reliability of the analysis. The following are

some of the commonly used image-preprocessing steps in medical imaging:

1. Convert RGB to Grayscale image: In certain applications, it is necessary to

2.

convert a color image to a grayscale representation, and most of the display
and image-capture technology currently on the market can only handle 8-bit
images. Grayscale photographs are also more versatile and easier to process
than color images, which eliminates the need to employ them for many
activities. [32]. To transform a picture from RGB mode to greyscale, an

equation is necessary (2.1).

GRAY =030R+059G +0.11B .. (2.1)
Where: R(Red Color),G(Green Color),B(Blue Color)

Image resizing is a common image preprocessing step in medical image
analysis that involves changing the size or resolution of the image. Resizing
can be useful in various scenarios, such as reducing the computational cost of
subsequent analysis steps or standardizing the size of images from different
sources [34]. In skin cancer diagnosis, image resizing can be particularly useful
for analyzing dermoscopic images, which can have a wide range of sizes and
resolutions depending on the imaging device used. Resizing these images to a
standardized size or resolution can help to improve the accuracy and
consistency of subsequent analysis steps, such as segmentation or feature
extraction.

Image normalization is particularly important in skin cancer diagnosis as it

can help to reduce the impact of lighting and contrast variations on the
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appearance of the lesion [35]. Normalization can be particularly useful when
analyzing dermoscopic images, which can be affected by factors such as the
angle of illumination and the patient's skin tone. Normalizing the pixel values
to a standardized scale can minimize these variations, allowing for more
accurate and consistent image analysis.

4. Image filtering removes noise and artifacts from the image, which can
interfere with the analysis and interpretation of the image. Filtering techniques
such as median or Gaussian filtering can smooth the image and reduce the
impact of random pixel-vision variations. Filtering can help improve the
image's quality and make it easier to identify important features or structures

within the image, as shown in Equation (2.2) [33].

1 _ :2—],-2
Glx,y) = > 2n?
() 2m0? ..(2.2)

2.3.3 Digital Image Enhancement

Image enhancement is the processing of an image to enhance certain features
of an image. Image enhancement improves the capacity of information in images
to be interpreted or perceived by human viewers, as well as better input for other
automated image processing approaches. The main goal of image enhancement is
to change an image's characteristics so that they are better suited to a certain
purpose and viewer. One or more picture characteristics are changed throughout
this operation. A provided task determines the attributes to be used and how they
are updated. The following scenarios involve the use of image enhancement:
removing the image's noise The dark image is improved, and the edges of the
objects are highlighted, giving the image a smoother appearance. The outcome is

better suited to particular uses than the original image [34].
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Enhancing images is a crucial process in various fields, involving using T to
transform an image f into an image g, with r and s representing pixel values.There
are various methods to enhance images, but the problem is poorly defined due to
the lack of a quantifiable benchmark for image quality. Grey-level slicing, the
spatial domain equivalent of band-pass filtering, can highlight certain intensities
while underplaying others or highlight certain grey levels while ignoring others.

Histograms normalize images using histogram processing technique,
enhancing them by reducing pixel count. It is a discrete function for a digital
Image's histogram to have intensity levels between [0, L-1]. To increase the
intensity of photographs, the histogram enhancement approach is performed [35].

The resulting image's histogram is systematically flattened and stretched using
the spatial domain technique known as histogram equalization. It generates an
image with a consistent distribution of pixel intensity as the result. This
straightforward, effective method is commonly used for image-enhancing
paradigms [36].

Histogram equalization enhances contrast in various applications, such as
radar signal processing and medical picture processing, due to its simplicity and
effectiveness. The brightness of a picture can fluctuate after histogram
equalization, primarily because of the histogram equalization's flattening property.
This is one disadvantage of histogram equalization. This technique generally
expanded the overall contrast of multi-images, particularly when an adjacent
contrast value illustrates the applicable data of the image.

The modification achieves that the intensities distribution could be finer on
the histogram, It makes it acceptable for locations with poor local contrast to have

a good contrast. Histogram equalization is accomplished by effectively dilating the
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most frequent intensity values [37]. According to Equation (2.3), the histogram

cumulative distribution function is crucial for computing histogram equalization.
Cdf (X) =X, h(D) ...(2.3)

The gray value is represented by X, and the histogram of the image is shown
by h.

Tlpixel] = round ((*£ f;‘)_‘cgg)’zfi’:”) *(L-1) ..(Q4

cdf (X)min - The cumulative distribution function's minimal value.
E * F:- Number of picture rows and columns

L:- 256 gray levels were employed.

2.4 Feature Extraction Approaches

Feature extraction is a method used in pattern recognition and image
processing to extract crucial information from original data and represent it in
lower-dimensional space. This technique is used when input data is too large and
redundant, transforming it into a reduced representation set of features, also known
as a features vector. This dimensionality reduction helps in the easier classification
of patterns.

Feature extraction transforms input data into a set of features that extract
information for tasks using condensed representations. Pattern recognition is a
relatively new area of image processing research that is utilized in a variety of
applications including data input, character recognition, document verification,
bank deposit slips, checks, credit card applications, check sorting, face and script

recognition, and postal address reading [38].
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Feature extraction is done after the preprocessing phase in the system. An
effective feature set comprises discriminating data that sets one thing apart from
another. Features can be divided into two categories, and they must be as resilient
as possible to prevent producing different feature codes for objects belonging to
the same class [39] :

1. Local aspects, such as concave and convex sections, the number of
endpoints, branches, joints, etc., are often geometric.

2. Global features are typically topological or statistical (invariant moments,
etc.), including connectedness, projection profiles, and the number of holes.

Focusing on the feature extraction stage is crucial since it affects the

detection system's effectiveness measurably.

2.4.1 Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is a popular supervised scheme
commonly employed in computer vision to reduce dimensionality. This classical
statistical method decreases dimensionality while preserving class-specific
information. It is a strong yet straightforward methodology suitable for various
applications. LDA computes the feature space by determining the
eigendecomposition of a suitable matrix, assuming data is provided in advance.
However, in cases where data is provided sequentially, gradual updating of LDA

characteristics is necessary through observation of incoming samples [40].

For the LDA approach to be used as intended, all samples must be submitted in
advance. The data input is, however, sometimes seen as a stream when the whole

data set is unavailable. Without repeating the process on the whole set of data,
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LDA feature extraction in this scenario ought to be able to update the computed
LDA features by watching the new samples.

LDA techniques are used in various research areas, such as bioinformatics,
text recognition, and facial recognition. They compress high-dimensional feature
vectors into lower-dimensional spaces, allowing easy separation of one class's

vectors from others [41].

2.4.2 Local Binary Pattern (LBP)

A potent technique for texture description is the original Local Binary
Pattern (LBP) operator, which was first presented by Ojala et al. [42]. By
thresholding each pixel's 3x3 neighborhood with its center value and treating the

result as a binary number, the operator identifies the pixels in a picture [43].

Two expansions were developed for the original operator, acquiring strong
features in circular neighborhoods. Bi-linear interpolation recognizes pixel
numbers and radius, resulting in a representation of geographically separated P

sample points on a circle.

The proposed characterizing image textures using 2p subsets and the LBP
operator for local binary patterns. The uniform local binary pattern [44] is the
name of this pattern's smaller subset. The number of bitwise shifts from 1 to O or
vice versa makes up the pattern. If the LBP's uniformity measure is at most 2, it is

considered uniform.
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2.4.3 Principle Component Analysis

Technical statistic known as the principle component analysis (PCA)
transforms a set of observations of potentially correlated variables into values of
linearly uncorrelated variables via an orthogonal transformation. PCA is an
effective feature extraction method in this field [45]. The goal is to describe
patterns with fewer features and reduce feature space dimensionality without
losing crucial detection information.

Principal Component Analysis (PCA), also known as Karhunen-Loeve
expansion, is a classical technique for feature extraction and data representation in
computer vision, focusing on essential features [46] [47],

The unsupervised algorithm uses a linear transformation method that finds
the largest variance in the data to create new features. When analyzing a large
dataset, PCA reduces the number of possible dimensions by projecting the data onto
a smaller number of orthogonal axes. The variance of the first PC is greatest during
the transformation, while the variances of the succeeding PCs are progressively
smaller. PCA method first constructs the Eigenvalues of the covariance matrix,

which are then transferred onto the feature space [48].

The basic idea behind principal components can be given by equations [49]:
- Compute the mean feature vector:

1 op
= — _ x s
M= L=k 25

Where x, pattern (k = 1 to p), p = pattern number, x feature matrix
- To get data centration, will subtract the mean from each data point.

- Compute the covariance matrix of the extracted features:
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1
Cov = ;Zi:l{xk — u} o — 3"

..2.6
Where T matrix transposition.
- Compute Eigenvalues A; and Eigenvectors v; of the covariance matrix:
Cov(v;) =A;.v; 227
Where (i = 1,2,3,...q9),q = feature number
- Estimating high-valued eigenvectors and arranging all the
Eigenvalues in descending order.
- A few features with high Eigenvalues will be fitting for further analysis:
-1
(Bhaki) ( 0?31/111) 20 L
Where s = n is the number of highly valued A; selected
- As a result, the feature matrix is simplified to a low dimension feature
vector (principal components):
P=VvVT. x 2.9

Where V is the matrix of principal components and x the feature matrix.

Figure (2.9) shows an example of 3D distribution as the original data
points are scattered, the new ones are more compact, and noisy, and

redundancy is reduced.
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Figure (2.9): The PCA technique for dimensionality reduction [50].

This system chooses Principle Component Analysis to extract the features

from the collected dataset.

2.5 Machine Learning
Recently, machine learning (ML) has become a more widely used technology.

The internet, which generated several petabytes of data, completely changed how
we live and conduct business in the 1990s and 2000s. Once the data has been
transformed into predictions that can be used, machine learning and predictive

analytics are once again changing our civilization. [51] .

Machine learning studies automatic techniques for learning to make accurate
predictions based on past observations, and It is typically understood to include
logical or binary operations-based autonomous computing methods that figure out
how to do a task by studying a set of instances. The goal of machine learning is to
provide classification expressions that are understandable to people. They must
closely resemble human reasoning to offer an understanding of the decision-

making process. Machine Learning can be defined as a process of building
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computer systems that automatically improve with experience and implement a

learning process [52].

The most significant application of machine learning is in data mining. People
are frequently prone to making mistakes when conducting studies or even when
seeking to uncover correlations between diverse variables. Because of this, they
struggle to come up with solutions. These issues are frequently successfully
addressed through machine learning, increasing system effectiveness and machine
design as well as it can automatically extracting a piece Building effective
probabilistic models that are excellent for fields with a lot the lack of a
comprehensive theory of data can help extract relevant information from a body of
data. The same characteristics are utilized in each instance in every dataset that
machine learning techniques are applied to be represented. The traits could be

continuous, categorical, or binary [53].

2.5.1 Machine Learning Algorithms
The machine learning algorithms can be divided into three primary groups:

supervised, unsupervised, and semi-supervised, according to how they handle the

collection of provided features and cases.

A function is taught from training data using supervised learning, a machine
learning technique. Pairs of desired output and input items (often vectors) make up
the training data. The function's output can either be a continuous value (referred to
as regression) or a classification prediction for the input item. After viewing
numerous training instances, the supervised learner's objective is to forecast the
function's value for each valid input item. In classification and regression,
supervised learning makes use of labeled instances (X and Y) to forecast their
connection [54]. All training samples must be labeled in supervised learning to

produce the correct outputs.
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Machine learning techniques known as '‘unsupervised learning"” do not
utilize operator input labeling. It differs from supervised learning approaches,
which teach computers how to carry out tasks like utilizing a set of examples for
classification or regression that humans have provided. Unsupervised learning
entails that we just receive the Xs and a minimal amount of performance feedback.
For tasks like clustering, compression, feature extraction, etc., the unsupervised is
more difficult because cases are left unlabeled so that researchers can learn more
about their distribution. Unsupervised learning has many benefits, including
objectivity since the samples do not need to be categorized by specialists or data
analysts. Even in the absence of prior knowledge, it can still perform effectively
[55].

Recentty, semi-supervised learning has gained popularity. It is assumed that
training samples with and without labels are both accessible. It is a development of
labeled- and unlabeled-data-working supervised and unsupervised learning
approaches. The great majority of the data, which is unlabeled, is utilized. Labeled
data optimize the margin between classes, while unlabeled data determines space's
geometrical structure. Semi-supervised learning is a machine learning approach
that combines labeled and unlabeled data, offering advantages in various
applications. It trains models using both labeled and unlabeled data, making it a
valuable tool in machine learning [56]. It is possible and frequently advantageous

to use information from unlabeled data to influence learning.
2.5.2 Support Vector Classifier

A supervised machine learning approach for classification tasks is called the
Support Vector Classifier (SVC). SVC separates the data into two classes by
mapping data points to a high-dimensional space and determining the best

hyperplane [54].
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SVC can be used for a linearly separable two-class learning task. It finds a
hyperplane that can separate two classes of a given sample with a maximum
margin, which is why it is often known as a maximal margin classifier. This
margin is capable of providing the best generalization ability. Generalization refers
to the fact that a classifier has a good classification performance (e.g., accuracy)
and guarantees high predation [57]. Figure (2.10) depicts the optimum SVC

hyperplane for a linear case.
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Figure (2.10): The Support Vector Machine Algorithm [57].

SVM was primarily developed to address binary classification issues, but due

to its robustness, it has since been expanded to encompass regression analysis.

The SVM classifier builds hyperplanes iteratively to determine a decision
boundary to divide data points into several groups. The hyperplanes are selected to
maximize the distance between the decision boundary and the support vectors and

to increase the proportion of training set points that are properly classified.

If a hyperplane can perfectly segregate the data, then an endless number of

hyperplanes might accomplish the same thing.
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2.5.3 Naive Bayes (NB)

The naive Bayes (NB) supervised classifier is a probabilistic model that uses the
joint probabilities of terms and categories to estimate the probabilities of
categories. The naive Bayes learner combines Bayesian reasoning with the
assumption of independence among the measurable features. It uses standard
probability distribution methods to learn relative frequencies of different classes
and feature values in the training data to estimate the class probability and the
conditional probability distribution of a class given the feature values [58]. The
beauty of the naive Bayes approach is that the estimation of one feature
distribution is completely decoupled from the estimation of others[59].Bayesian
classifiers assign the most likely class to a given example described by its feature
vector and has proven it efficiency in many practical applications, including text
classification, medical diagnosis, and systems performance management. The
Naive Bayesian operates as follows: Given C , classes and each one of these
classes has its own probability P (C ) evaluated from the training dataset and show
the prior probability of classifying an attribute V; into C , For attribute value, Vj, so
the classification utilized is to find this probability is illustrated in the equation
bellow:

P(v1 AV, V| |cn)P(cn)
PV AV,.....v;)
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2.5.4 Random Forest Classifier

Random Forests (RF) are a ML classification approach and development of
a decision tree that works by constructing numerous decision trees while training
the model. It is a kind of additive model that produces predictions based on a
mixture of base model decisions. Decision trees have a great deal of depth and
have a tendency to overfit findings. To average out the findings, RF employs
numerous decision trees. A portion of the training data is used to generate a set of
decision trees using the random forests classifier. It aggregates the results from
different decision trees and then decides the final classification of the test data. The
subsets of data used in the decision trees may overlap [60]. Figure (2.3), is an
example of the process of creating multiple trees. The classification results are
provided for each tree. The final categorization is based on the number of classes

formed by these trees (majority class).
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Figure (2.11): Random Forest [60]
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2.5.5 Logistic Regression

It is a categorization model which is linear .It demonstrates a likelihood of a
group Y set a feature-vector X. This is done via utilizing a logistic methods to
discover a relation between the class and the feature-vector. It supposes the
distribution P (Y|X), here Y is the class and X is the feature-vector, is on a
borderline shape and after that demonstrates it from the training data. The
likelihood P (Y|X) of X belongs to class Y is set by the sigmoidal function [61]

.This will be explained in equation 5 and 6.

2(Y,X) = Yo wifi (V,X) L (210)

1
1+exp(—z(Y X))

p(Y|X) = .12)

Where:

P is the likelihood of (Y|X)

Y is the class

X is the feature-vector

w is the weight of the word

I is randomly chosen

exp is the exception and f is the frequency.

P (Y|X) is demonstrated via linearly linking the characteristics X multiplied
with some weight w; and performing a function f; (Y, X) on the relationships.f; is
a function that set a link between a characteristic of a class and a characteristic in a
feature-vector in the shape of true or false on the base of the likelihood being over
a certain threshold. Many characteristics are further significant than others, so the

weight w; indicates the "strength™ of the characteristic [61].
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LR classifier utilizes a distinctive model which implies that it can count P
(A|B) immediately, with no necessity to count the probability of P (B|A) firstly.
According to these distinctive features, it can be purposed that it has comparatively
weak asymptotic fault in contrast to the generative manner with request more

groups of training data to perform it [61].

A multi-class example of LR is the One-vs-Rest method, the classifier is
trained for every group or class. It is predicted that if there is any observation to the
group or class or not. After that, in order to categorize further scanning or
observations, you can choose the group or class that has classifier maximizes the
likelihood of the scanning or observations relating to it [62]. In figures (a), (b), and
(c) of Figure (2.12) the data from every solitary group or class is suitable for their

own classifiers.
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Figure (2.12) example on Logistic Regression
(a) Feature-vectors | (b) Classifier for diamonds

(c) Classifier for circles | (d) Classifier for triangles [62]
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The other multi-class example of LR is to put the logistic function in equation 6

with the SoftMax function which we show in equation 5 and 7 [62].

_ __exp(.X)
POIX)YeY = 5 ) ..(2.13)

Where:

p is the likelihood

X is the feature vector

Y is the set

y is the class

¥ 1s the class that is produced
exp is the exception.

According to explanation in equation 7 which can be seen Y,cy P(y|X) =1

, that results a classifier to a feature-vector X that produces the class y* when the

class of the feature-vector is necessary only and not the likelihood itself [61].

y = argmax,cy P(y|X) .. (2.14)
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2.6 Deep Learning
Deep learning is a machine learning technique using hierarchical layers for

non-linear information processing, enabling models to learn complex

representations and patterns from input data [63].

In the 1990s, the neural network community found training multi-layered
networks with backpropagation and gradient-following algorithms impossible.
Deeper neural networks with random initialization performed inferior to those with
hidden layers [64]. Multi-layer networks have a high saddle point-local minima
ratio, causing weights to grow unrestrainedly or contract to zero. The term "stacked
neural networks" refers to networks with multiple layers, which is the primary
distinction between the original neural network and the one used in deep learning
as shown in Figure (2.13). Deep learning methodologies enable powerful tools for
big data analysis, handling unlabeled data. Conventional neural networks are

crucial, but other types are also utilized.

Deep Neural Network

input layer hidden layer 1 hidden layer2  hidden layer 3

BT 7SN
o\
£ SN

<\

Figure(2.13): Layers of Deep Neural Networks [64]
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2.6.1 Convolutional Neural Network
A subtype of the discriminative deep architecture, convolutional neural

networks (CNNs) have demonstrated adequate processing efficiency for two-

dimensional data having grid-like topologies, such as pictures and movies [65].

Deep 2D Convolutional Neural Networks (CNNs) are powerful tools for
various technical applications involving 2D signals, such as images and video
frames. Inspired by the visual cortex in the human brain, CNNs mimic the process
of detecting light in distinct subregions of the visual field. By leveraging labeled
data, CNNs can recognize complex visual patterns, making them suitable for tasks
like image classification, object detection, and image segmentation. They
automatically learn relevant features from the data, making them versatile and

widely applicable.

Deep 2D CNNs have demonstrated impressive performance in various
computer vision tasks, from recognizing objects in images to analyzing video
frames. Research and advancements in deep learning, particularly in computer
vision, continue to unlock new possibilities and applications for 2D signal

processing using CNNs.

2.6.2 Architecture of CNN
The input image will pass through layers of convolution with (Kernals) filters,

pooling, and categorizing using fully connected layers (FC) objects having
probabilistic values ranging from 0 to 1. CNNs operate identically With one, two,
or three dimensions. The input data structure and filtering, such as convolution

kernels or feature detectors, significantly impact the CNN layers in this thesis.

The 1D parameters are described and demonstrated [66]:
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1. 1D convolution layer : 1D Convolutional Neural Networks (1D CNNs) are
a modified form of 2D CNNs that require minimal computer power. With
straightforward configurations and real-time implementation, 1D CNNs are
affordable and feasible. They produce outputs by passing a convolution
kernel across a single spatial dimension.

2. MaxPooling: A pooling layer is added after a convolutional layer applies
nonlinearity, such as ReL U, to feature map output. The Max-Pooling method
obtains the maximum output, increasing spatial abstractness and feature
abstractness. This operation calculates the maximum value for each patch of
the feature map and downsamples the input representation for 1D temporal
data by taking the maximum value over the pool-size window. Strides shift
the window. The resulting output, when using the "valid" padding option,
has a shape of output_shape = (input_shape - pool_size + 1) / strides).

3. Dense Layer: The dense layer is the standard layer in a strongly linked
neural network, performing a process on input and returning the result. The
number of neurons/units in the dense layer affects the output shape. The
process is carried out by Dense under Equation (2.15).

output = activation (dot(input, kernel) plus bias) ... (2.15)

Bias is a bias vector created by the layer, a kernel is a weights matrix,

and activation is an element-wise activation function provided as input.

4. Activation Function: Activation functions are crucial components in neural
networks that introduce non-linearity and help regulate the output of
neurons, contributing to the model's ability to learn and make accurate
predictions on complex datasets. ReLU is a commonly used activation
function that has proven effective in deep learning architectures.. This

function can be represented as shown in Equation (2.16).
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x, x>0

0,x<0 - (2.16)

f()=max(0, x) =f(x) = {

The ReLu function, with a 1 derivative for positive input, accelerates
deep neural network training by enabling quick computation of error terms. It
does not cause vanishing gradient issues when layers increase, and there are

no asymptotic upper and lower bounds for this function.

5. Softmax Function: The softmax function is a mathematical function that
transforms a K-dimensional vector of real values into a K-dimensional
vector of probabilities, representing a categorical distribution. It is
commonly applied to the output of the final layer in neural networks,
particularly in multi-class classification tasks. This conversion converts the
raw numerical values assigned to each class into a probability distribution,
indicating the likelihood of each class being the correct prediction. The
highest probability class is considered the model's final prediction. The
probabilities obtained from the softmax output can be used as input for
decision-making algorithms and ensemble models, enabling integration with
complex pipelines for various applications. Equation (2.17) is used to

calculate the softmax function.

N exp(xi)
FOD = T coen . (2.17)

And its derivative is expressed in Equation (2.18):
fxi) = f(xi)(A- f(xi)) ... (2.18)

Where(xi) is input vector, K is some classes in a multi-class classifier.

6. Stride: Stride is a step parameter in convolutional neural networks, used to

compress image and video data. It changes the amount of movement in an
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image or video. If set to 1, stride moves one pixel or unit at a time. Stride is
often adjusted to a whole integer, as it affects the encoded output volume.

7. Padding: Padding in convolutional neural networks refers to adding extra
pixels to the edges of an image to allow for more accurate analysis. The
amount of padding can be adjusted; the most common type is zero padding.
This process extends the area where a CNN processes an image and enables
more precise feature detection.

8. Flatten: the output of the preceding layers into a single vector that can serve
as an input for the following layer.

Moreover, in feature extraction, CNNs are dependent on prior knowledge and
human interference [66]. CNNs are used in many applications, such as Recognition
of objects, voice, handwriting, faces, computer vision, handwriting analysis,
behavior, and picture categorization are a few examples. Figure (2.14) depicts

CNN's straightforward architecture.

convolution
w/ReLu  pooling fully-connected
| | /J_\
[ N
E E : |
9
input

output

fully-connected
w/ ReLu

Figure (2.14): A Basic Diagram of CNN's Architecture [67].
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2.6.3 MobileNet CNN
MobileNet is a TensorFlow model designed for mobile computer vision

applications. It introduces depth-wise separable convolutions, reducing the number
of parameters compared to traditional convolutions. This results in lightweight
deep neural networks, which achieve a balance between accuracy and efficiency
[68].

Google open-sourced MobileNet, which is an excellent starting point for
training compact and fast classifiers, focuses on optimizing Multiply-Accumulates
(MACs) to maximize accuracy while considering limited resources for on-device
or embedded applications [69]. MobileNets are resource-constrained, meaning they
are small in size, have low latency, and consume low power. They can be tailored
to various use cases, such as image segmentation, feature embedding, object

detection, and image classification.

MobileNet represents a significant advancement in creating efficient neural
networks for mobile applications, enabling computer vision tasks on resource-
constrained devices without compromising accuracy and performance. It is
versatility and compact design has made it widely adopted in real-world

applications where computational efficiency is crucial.[69]
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2.7 Performance Measures

It is crucial to evaluate the machine learning model's quality to keep
enhancing it until it performs as effectively as it can. Numerous real-world
applications, including email spam identification, fraud detection, target marketing,
and medical diagnostics, use these measures [70]. Confusion matrix, accuracy,
error rate, sensitivity, specificity, etc. are all included in the evaluation of model

performance.

The following parameters are used for evaluating the classifier's performance
[71]:

O True positive (TP) is the accurate classification of the positive class. For
example, if a model correctly isolates the cancer component of an image,
including malignant cells, the resulting classification determines the

existence of cancer.

QO True negative (TN) is the correct categorization of the negative class; for
example, the model after classification claims that no cancer is present, even

if none is evident in the image.

U False positives (FP) are erroneous positive predictions; for example, the
model may categorize a picture as not having cancer while it includes

harmful cells.

QO False negatives (FN) are inaccurate predictions; for example, a model may

predict an image is malignant even when it contains no malignancy.
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2.7.1 Confusion Matrix
The classification model's performance can be seen in a two-dimensional

matrix called the confusion matrix, also known as the error matrix. The confusion
matrix is built for binary class categorization by default. It can, however, be
expanded to classify numerous classes. Table (2.1) illustrates a confusion matrix

for binary class classification.

Table (2.1): Confusion Matrix Illustration for Binary-class Classification.

Actual Class
Confusion Matrix
Positive (p) Negative (N)
Predicted Positive (p) True Positive (TP) False Positive (FP)
Class Negative (N) False Negative (FN) True Negative (TN)

The predictions made by the model are denoted by the row labels Positive and
Negative. The ground-truth labels for the data set are referenced by the column

labels Positive and Negative.

2.7.2 Accuracy
The proportion of correctly identified samples to all samples is known as the

model accuracy. Equation (2.19) serves as a mathematical notation for it.

TP+TN
TP+TN+FP+FN

Accuracy = ... (2.19)

Where:

TN: is the number of true negatives.
TP: is the number of true positives.
FN: is the number of false negatives.

FP: is the number of false positives
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2.7.3 Recall

A recall is the proportion of accurately predicted cases to all observed positive
instances in the ground data. It displays the categorization effectiveness of
occurrences with positive labels. Sensitivity or true positive rate (TPR) are other

names for it. Equation (2. 20) serves as a mathematical notation for it.

TP

Recall = —— ... (2.20)
TP+FN

Where:

TN: is the number of true negatives.
TP: is the number of true positives.
FN: is the number of false negatives.

FP: is the number of false positives

2.7.4 Precision

The ratio of correctly anticipated, actually positive events to all instances
categorized as positive is known as precision. Equation (2.21) serves as a
mathematical notation for it.

.. TP
Precision= ——— ... (2.22)
TP+FP

Where:

TN: is the number of true negatives.
TP: is the number of true positives.
FN: is the number of false negatives.

FP: is the number of false positives
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2.7.5 Fl-score
Increasing one at the expense of lowering the other is a common inverse

relationship between recall and precision. So, we need a statistic that strikes a
balance between the two. The F1 score was developed for this purpose. The
harmonic mean of recall and precision is the name of this measure. Equation (2.22)

serves as a mathematical notation for it.

Fl-score = 2 X Precisionx Recall (2.22)

Precision+Recall
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Chapter Three
Proposed System Design
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Chapter Three
Proposed System Design

3.1 Introduction
This chapter explains how the research was conducted in the thesis. It

includes the algorithms and illustrations used. The methodology consists of
organized steps, from collecting data to evaluating it. The main goal is to solve
research problems and achieve the best results for the thesis objectives. The
methods and steps proposed contribute to addressing the research problem and

ensuring the best possible outcomes.

3.2 Research Methodology
In this thesis, two proposals have been put forward for analyzing skin cancer

images. The first proposal suggests using traditional machine learning algorithms
for feature extraction and classification. This involves applying established
algorithms to extract relevant features from the skin cancer images and then using
classification techniques to classify the images into different categories based on
these extracted features.

The second proposal, on the other hand, involves utilizing deep learning

algorithms, using Convolutional Neural Networks

It is important to note that both proposals incorporate a preprocessing stage.
This preprocessing stage is a crucial step in the overall image analysis process and
involves a series of steps before the images' actual processing. The proposed

algorithm's block diagram is displayed in Figure (3.1).
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Figure(3.1): Diagram of the Proposed System in Blocks.
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3.3 The dataset
ImageNet is a collection of over 15 million high-resolution photos online
that have been identified and organized into around 22,000 categories. The images
were gathered from the internet and tagged by human laborers using Amazon's
Mechanical Turk crowd-sourcing tool, which was made possible by the generosity
of Amazon. Because of the widespread use of dermatoscopy [72][73], most skin
cancer research focuses on dermoscopy images of skin cancer. For example, the
HAMZ10000 data set [74] is a vast collection of multi-sources dermoscopy images
of typical skin images assembled from many sources. Each of the seven forms of
skin cancer represented in the data set has 10015 multiple dermoscopy images:
basal cell carcinoma, malignant melanoma, non-melanoma melanoma, malignant
melanoma, and melanoma. When evaluating the model's performance, it is
necessary to use distinct images for the training and test or validation sets.
This dataset contains a balanced dataset of images of benign and malignant
skin moles. The data consists of two folders with 1800 pictures (224x244) of the
two types of moles. Where we divided this database into two groups, the first 70%

of the data is used in training, and the other 30% is used in the testing process.
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Figure( 3.2) A selection of skin cancer images from the dataset
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3.4 Preprocessing
Preprocessing phase needs to be improved and refined to accommodate the

necessary modifications of the inputted images. The preprocessing stage on the
skin images must be carried out using several multi-step processes and algorithms
before skin cancer detection and feature extraction. This guarantees that the

Iinputted images are appropriately edited and ready for further analysis.

3.4.1 Skin Image Conversion to Grayscale

The reason behind this conversion is the reduction in data used to depict the
picture. Unlike images in the RGB color space, which need three channels,
grayscale images simply have one channel (Red, Green, and Blue) to be saved and
represented as digital images. Grayscale conversion of color photos accelerates
processing. Grayscale images provide 256 shades of gray, ranging from white to
black, and express intensity as an 8-bit integer. In the image preprocessing stage,
each pixel in the inputted skin image, which originally had 24 bits, is transformed
into grayscale pixels with only 8 bits. This transformation is achieved using a
weighted technique described in Equation (2.1) of Chapter Two.

Algorithm (3.1) illustrates the steps of the Grayscale Conversion.

Algorithm (3.1): The Grayscale Conversion

Input: Colored Skin Image.
Output: Gray Scale skin Image.

Begin
Step 1 : With every pixel in the colored skin picture:
1.1: Obtain the Red, Green, and Blue values for this pixel.
1.2: Averages Red, Green, and Blue values as Equation (2.1) defines.
Step 2: Replace the original red, green, and blue values with the gray value
producing a Gray skin image.
END
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3.4.2 Gaussian Blur
Gaussian blur enhances skin image classification by reducing noise and
unwanted details by averaging pixel values, smoothing out images, and reducing

high-frequency components. Algorithm (3.2) illustrates the Gaussian Blur steps.

Algorithm (3.2): The Gaussian Blur

Input: Gray-scale skin image.
Output: blurred image of the same size and type as(input image).

Begin
Step 1: Check if sigmaY is provided. If not, set sigmaY equal to sigmaX.
Step 2: Create an empty outputimage with the same size and type as the inputimage.
Step 3: Check if ksize.width and ksize.height are zero. If true, compute the kernel size
based on sigmaX and sigmay.
Step 4: Create a Gaussian kernel with size ksize and standard deviations sigmaX and
sigmay.
Step 5: lterate over each pixel in the inputimage.
Step 6: Apply the Gaussian blur operation to the current pixel and its neighboring pixels
using the Gaussian kernel.
Step 7: Store the blurred pixel value in the corresponding position of the outputimage.
Step 8: Repeat steps 5-7 for all pixels in the inputimage.
Step 9: Return the outputimage, which is the blurred image.
END
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3.4.3 Histogram Equalization

The gray image's contrast is improved by applying the cumulative histogram
equalization technique, known for its effective performance in histogram
equalization. This image preprocessing stage follows the steps outlined in
Algorithm (3.3).

Algorithm (3.3): Histogram Equalization

Input : Grayscale image
Output : Image with enhanced contrast using histogram equalization

Begin

Step 1: Create an empty histogram matrix of size 256 to store The frequency of each
Gray -level intensity.

Step 2: Create an empty cumulative histogram array of size 256.

Step 3: Create an empty mapping array of size 256 to store the mapping of original gray-
level intensities to new values.

Step 4: Calculate the histogram of the inputimage by iterating over each pixel: - Increment
the frequency count in the histogram array at the corresponding gray-level intensity.

Step 5: Calculate the cumulative histogram by summing the frequencies in the histogram
array.

Step 6: Calculate the mapping array by normalizing the cumulative histogram values: -
Iterate over each intensity from 0 to 255.

Step 7: Create an empty outputimage with the same size and type as the inputimage.

Step 8: Apply histogram equalization to each pixel in the inputimage: - Get the original
intensity value of the pixel. - Look up the corresponding mapping value from the
mapping array. - Set the pixel value in the outputimage to the mapped intensity
value.

Step 9: Return the outputimage

END
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3.4.4 Image Resizing
Image resizing involves altering image dimensions by changing rows and
columns. The resized image retains content but has altered dimensions for better

presentation, compatibility, and analysis. Algorithm (3.4) gives detailed
Instructions.

Algorithm (3.4): Resize the Image

Input : Gray-scale Image .
Output: Resized Image

Begin
Step 1: Input the image and the desired dimensions (newWidth and newHeight) for
resizing.
Step 2: Calculate the scaling factors for width and height:
e Calculate the width scaling factor by dividing the newWidth by the original
image width.
e Calculate the height scaling factor by dividing the newHeight by the original
image height.
Step 3: Create a new empty image with the desired dimensions (newWidth and
newHeight).
Step 4: Iterate over each pixel in the new image:
e Calculate the corresponding position in the original image by dividing the
current pixel coordinates by the scaling factors.
e Use interpolation or other techniques to determine the new image's pixel value
based on the original image's calculated position.
e Assign the calculated pixel value to the corresponding pixel in the new image.
Step 5: Repeat step 4 for all pixels in the new image.
Step 6: Return the resized image as the output.
END
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3.5 Feature Extraction Phase of skin cancer Images

Feature extraction involves reducing the amount of resources required to
describe a large amount of data. Feature extraction from given data is a critical
problem for the successful application of machine learning. Generally, skin cancer
recognition is a high-dimensional data set classification problem, it needs to
perform data dimension reduction task. These features are used to classify the skin
cancer. The is global or “holistic” approaches, which takes a holistic view of the
recognition problem, and holistic feature extraction of skin cancer images.

PCA is a common statistical method using a holistic approach to find
patterns in high dimensional data. The purpose of PCA is derived from the
information theory approach, which break down skin cancer images into small sets
of characteristic feature images called Eigenskincancer which used to represent
both existing and new skin cancer. The statistical information published in the area
of skin cancer recognition technology utilizing the PCA method reveals the
significance of using this method for identifying and verifying skin cancer features.
The purpose of PCA is derived from the information theory approach, which break
down facial images into small sets of characteristic feature images called Eigen
skin cancer which used to represent both existing and new skin cancer. In PCA
method, the 2-Dimensional skin cancer image matrices must be transformed into a
1-Dimensional vector. The 1-Dimensional vector can be either row or column
vector. Algorithm (3.5), illustrate the PCA feature extraction for skin cancer image

steps.
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Algorithm (3.5): PCA Algorithm

Input: Resized image
Output : Feature Vectors

Begin
Step 1: read Skin cancer image .
Step 2: Standardize the data\\ This step ensures all features have a similar scale.
e Standardize the dataset by subtracting the mean from each feature and
dividing it by the standard deviation .
Step 3: Calculate the covariance matrix.
e demonstrates how to do the covariance matrix calculation. for the uniform
data.
Step 4: The eigenvalues and eigenvectors ought to be determined.:
e To determine eigenvectors and eigenvalues of the covariance matrix,
perform an eigendecomposition .
Step 5: Choose the essential elements:
e Arrange the eigenvectors in descending order according to the respective
eigenvalues .
e Pick the top k eigenvectors that effectively capture the data’s greatest
variation .
e The primary components are these eigenvectors .
Step 6: Project the data onto the principal components:
e Transform the original data onto the new feature space formed by the
selected principal components.

e This is done by taking the dot product between the standardized data and the
eigenvectors.

End

3.6 Machine Learning Classification Algorithms

3.6.1 Support Vector Classifier

Potent Machine Learning technique ideally suited for binary classification
applications is the Support Vector Classifier (SVC). It operates by locating an ideal
hyperplane that maximally divides the data points from several classes.

Training the SVC model on the extracted features can effectively classify

new skin cancer images into cancerous or non-cancerous categories.This proposal's
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combination of PCA and SVC enables effective feature extraction and
classification for skin cancer analysis. PCA helps reduce the dataset's
dimensionality, while SVC leverages the extracted features to classify skin cancer
Images accurately. By leveraging the strengths of these techniques, the proposal
aims to improve the accuracy and efficiency of skin cancer detection, ultimately
contributing to early diagnosis and improved treatment outcomes. Algorithm (3.6)

illustrates the demonstration of applying the classifier SVC to the features of PCA.

Algorithm (3.6): SVC Algorithm

Input: Feature Vectors
Output: Classification

Begin
Step 1: Read Skin cancer images.
Step 2: # Creating training and test split
e K _train, K_test, j_train, j_ test = train_ test_ split( K, j, test_ size=0.3,
randomly state =1, stratify=j)

Step 3: # Feature Scaling
e ss= Standard Scaler ()

e ss. fit(K_train)
e K _train_ std = ss. transform(K _ train)
e K_ test std=ss. transform(K _ test)

Step 4: # Training an SVM classifier using the SVC class
e SVM = SVC( kernel="linear', randomly_ state=1, C=0.1)

e SVM. fit (K _ train_std, j_train )
Step 5: # Mode performance
e j_pred=svm. predict(K_ test_ std)
e print (‘Accuracy: %.3f' % accuracyy_ score(j_ test, j_pred))
END
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3.6.2 NB algorithm

The NB algorithm has been a simple probabilistic classifier that calculates a set
of probabilities by counting the frequency and combinations of values in a given
data set. It used Bayes Theorem to predict the probability that a given feature set

belongs to a particular label as shown in algorithm

Algorithm (3.7): NB Algorithm

Input: Feature Vectors
Output: classified with NB classifier

Begin
For each class in dataset do # compute

p(c) P(c) =Nc/N
Nc Represent the total count of particular class ing dataset
N Represent the total count of classed in dataset.
For each word in class #compute p(w/c)
Where P (d/c):- con. Pro / likelihood where w is word attribute and c is class.
+1 represents the Laplace smoothing
Count (w,c) represents the total count of the word attributes that occur in a class.
Count(c) represents the total count of the word attributes, in specific class
occurring in a training dataset.
p(w|c) = count(w,c)+1/ count(c)+|v|
|v| represents the vocabulary, the total count of various word attributes in the
training
For each class compute bays theorem #P(C/W)
Calculate P(POS/W)=P(pos)*P(W1/class pos)* P(W2/class pos)...
*P(Wn/class pos)
Calculate P(INEG/W)=P(neg)*P(W1/class neg)* P(W2/class neg)...
*P(Wn/class neg )
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Assign document to class which is of a higher possibility
End for
End for
End for
END

3.6.3 Random Forests (RF)

Algorithm (3.8): RF Algorithm

Input: Feature Vectors
Output: Classification

Begin
1: Load train data from the directory to model

2: Load test data from the directory to model
3: Input image shape (300,300,1), batch size = 32 Feature Map Process
(Feature Extraction stage)
4. Add Conv2D with random kernel = 4, kernel size = (5*5)
5: Add batch normalization layer
6: Add ReLU; (It neglects negative values and maintains only positive ones)
7: Add Conv2D with random kernel = 8, kernel size = (5*5)
8: Add batch normalization layer
9: Add ReLU
10: Apply MaxPool2D with size = 2,2; st =2
11: Add Conv2D with random kernel = 10, kernel size = (5*5)
12: Add batch normalization layer
13: Add ReLU
14: Add Conv2D with random kernel = 16, kernel size = (3*3)
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15: Add batch normalization layer

16: Add ReLU

17: Apply MaxPool2D with size = 2,2; st = 2

18: Add Conv2D with random kernel = 32, kernel size = (3*3)
19: Add batch normalization layer

20: Add ReLU 21: Apply MaxPool2D with size =2,2; st=2

22:
23:
24:
25:
26:
27:
28:
29:

Add Conv2D with random kernel = 64, kernel size = (3*3)

Add batch normalization layer

Add ReLU

Apply MaxPool2D with size = 2,2; st = 2 Classification stage

Add RF classifier

Computing loss between the output and the true class Iterations

Repeat steps from 1 to 27

Apply Adam with a learning rate (0.001) to update weights at steps and

update kernel at steps

30:
31:
32:

For each 32-batch size Do
Test model on the test dataset and compute test loss; test accuracy

Save model weight in file directory depending on test accuracy

improvement

33: batch size ++, epochs ++

34:

END

Until epochs = 25
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3.6.4 Logistic Regression algorithm (LR)
LR has been used to determine the output or result when there were one or

more than one independent variables. The output value might be in form of 0 or 1

I.e. in binary form as shown in algorithm.

Algorithm (3.9): Logistic Regression Algorithm

Input: Feature Vectors.
Output: classified with LR classifier.

Begin
Foe each training instance:
1)Calculate a prediction using the current values of the coefficients

prediction=1/(1+ e~ (—(b0 + b1 * x1 + b2 * x2)))

2)Calculate new coefficient values based on the error in the prediction

b=>b + alpha * (y — prediction) » prediction
* (1 — prediction) * x

Where b is the coefficient it has been updating

Prediction is the output of making a prediction using the model.

Alpha is parameter that you must specify at the beginning of the training run
(might be in the range 0.1 to 0.3).
End for End

END
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3.7 Deep Learning Proposal
The 27 layers that make up the proposed CNN model will be defined in

Figure (3.2), which will give a detailed introduction to it :
e Eight convolutional layers for type 1D feature extraction.

e Eight LeakyReLU 1D layers .

Seven 1D layers with Maxpooling
Three The (Dense) layer represents a fully connected layer .

e One flat layer.
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I
Figure (3.3): The Proposed CNN Model.
Algorithm (3.10) provides a more detailed explanation of the layers that are
incorporated into the proposed deep learning algorithm. This simple representation

of our algorithm was developed to yield high accuracy and superior results.
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Algorithm (3.10): Deep Learning Algorithm

Input: Feature Vectors
Output: Classification

Begin
Step 1:
Step 20
Step 3:
Step 4:
Step 5:
Step 6:
Step 7:
Step 8:
Step 9:

Step 10:
Step 11:
Step 12:
Step 13:
Step 14:
Step 15:
Step 16:
Step 17:
Step 18:
Step 19:
Step 20:
Step 21:
Step 22:
Step 23:
Step 24:
Step 25:
Step 26:
Step 27:
Step 28 :
Step 29:

END

load data train from the directory of model

:load data test from the directory of model

add Conv1D filters=16 , kernel size=3, input shape=(400,1)
add LeakyReLU alpha=0.3

add MaxPoolinglD pool size =1, strides=1

add ConvlD filters =32, kernel size =3, strides =1
add LeakyRelLU alpha=0.3

add MaxPoolinglD pool size =1, strides=1

add ConvlD filters=32, kernel size =3, strides =1
add LeakyReLU alpha=0.3

add MaxPoolinglD pool size =1, strides=1

add ConvlD filters =128 , kernel size =3, strides =1
add LeakyRelLU alpha=0.3

add LeakyReLU alpha=0.3

add MaxPoolinglD pool size=1, strides=1

add Dense (128, activation = "linear")

add ConvlD filter = 256 , kernel size=3, strides=1

add LeakyReLU alpha=0.3

add MaxPoolinglD pool size=1, strides=1

add Conv1D filter =512 , kernel size =3 , strides =1
add LeakyRelLU alpha=0.3

add MaxPoolinglD pool size=1, strides=1

add ConvlD filter = 1024 , kernel size =3 ,strider =1
add LeakyReLU alpha=0.3

add MaxPoolinglD pool size=1, strides=1

add Dense (1024 activation = "linear" )

add Conv1lD filter =50 , kernel size =3 , strides=1 , activation="linear’
add Flatten()

add Dense ( 2, activation = "softmax™ ).

Learning rate = 0.0001.
Epochs = 100: number of iterations.

Batch size =

64: a batch of the image sample
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Chapter Four
Results and Discussion

4.1 Introduction

The experimental findings from the suggested system of skin cancer images
are covered in this chapter. The methods and practices for implementing skin
cancer image results were previously discussed in chapter three. First, the
environment where the system is implemented is described, together with all the
platforms and programming languages that are employed. The suggested system's
success will then be demonstrated through the presentation and discussion of the

findings from each phase.

metrics can be used to describe how well a neural network classifier performs
in the detection of melanoma skin cancer. Sensitivity and specificity are crucial
criteria for medical image diagnosis. They will affect this thesis' performance

assessments in addition to accuracy.

The experimental findings and the most popular methods for diagnosing

melanoma of the skin are introduced in this chapter.

4.2 Environment Description

The implementation environment description is significant in evaluating the
proposed system's behavior and performance and how it works. The charts for the
proposed system's implementation will be shown in this section. The programming
languages used to accomplish the proposed system function are Python
programming language and visual studio programming language, the hardware
specifications were satisfied by the Intel (R) Core(TM) i7 CPU, 320GB Hard
Drive, and 8GB of random access memory (RAM).
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4.3 Implementation Results

The proposed detection system of melanoma skin cancer has been tested on
3300 images to diagnose melanoma, whether benign or malignant. A set will be
discussed and implemented, and each stage of the system will be fully explained
taking users through preprocessing, using PCD algorithms for feature extraction,
transforming input data into informative representations, and a deep CNN for
classification. An illustration of a skin image, Figure (4.1) displays the data that

has been entered into the proposed system.

Figure (4 . 1): Examples of Skin
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4. 4 Results of the Preprocessing Phase
The preprocessing of the skin images is the first phase in the proposed system.
The classification phase consists of the following four processes, which are part of

the preprocessing, to provide accurate skin images to work with:

4.4.1 Greyscale Converting

the first step in the preprocessing is to convert the image from the colored
Image into greyscale image. The conversion process will make the image takes less
storage and less channels in representation and this is very important in the

classification procedure due.

The proposed system uses grey scale color space for skin images, as shown in
Figure (4.2).

__  a

Figure (4.2): Converted Skin Images to Greyscale.
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4.4.2. Gaussian Blur
This method of blurring creates a smooth blur that simulates the appearance of
a translucent screen when applied to an image. Figure (4.3) illustrates a skin image

sample after the effective Gaussian Blur.

P
-

Figure (4.3): Gaussian Blur o}‘ Skin Images

4.4.3. Histogram Equalization

The histogram equalization is applied to the skin images after converting them
to grey color and Gaussian blur to improve their differences to Clarify the image's
details, It will aid in the phase of detection. Figure (4.4) shows an example of

results from skin images after applying histogram equalization.
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C D

Figures (4.4): provide an example of a benign melanoma image after preprocessing. A) The original
image. B) Convert to grayscale. C) using a Gaussian blur. D) Applying Equalization of the
histogram.
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4.4.4. Resize Skin Cancer Image
The next step the resizing process in which the digital skin grey image will
attain anew dimensional value in which it smaller. All images were reshaped with

20*20 distances. Figure (4.5) illustrate the skin image after resizing process.

i

A B

Figure (4.5): Resulted in Skin Images after Resizing. (A) Original Images
(B) Resized Images.

4.5. Feature Extraction Phase

Feature extraction is the next phase in this thesis. The approaches and
algorithm are applied to perform the extraction of features, which is PCA. The
results obtained from applying the feature extraction algorithm will be described

and shown in the next figures and tables mentioned in Figure (4.6).
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Figure (4.6): Samples of Resulted Features Extracted using PCA
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4.6 Classification Phase using (NB ,LR,RF and SVC)

The classification is a significant point of the presented system in this thesis,
five machine learning algorithms were utilized for training the features and testing
them to compare the obtained results to the results attained using the CNN deep
learning algorithm. In this part of thesis, a description is obtained about the results
of applying both of NB,LR,RF and SVC machine learning algorithms for classify
the features obtained from the previous described feature extraction algorithms
which include PCA. Table (4.1-4), will describe the result of implemented
NB,LR,SVC and RF, with PCA respectively.

Table (4.1): The experimental results of implemented NB algorithm

Classes Precision Recall F1-score Accuracy
0 (Benign) 0.68 0.66 0.67
1 (Malignant) 0.54 0.56 0.55
All class 0.62
0.8
o7
06 A
05 A
Ho
0.4 A
[
0.3 4 all class
0.2 A
01 A
o
Precision Recall Accuracy

Figure (4.7). Results of implemented NB algorithm
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Table (4.2): The experimental results of implemented LR algorithm

Classes

Precision

Recall

F1-score

Accuracy

0 (Benign)

0.75

0.73

0.74

1 (Malignant)

0.63

0.66

0.64

All class

0.70

o076
0.74 A
072 A
0.7
0.68
0.66
0.64
0.62 A
06

0.58

0.56 -

Precision Recall

Fl-score

Accuracy

mo
]

mall class

Figure (4.8). Results of implemented LR algorithm
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Table (4.3): The experimental results of implemented RF algorithm

Classes

Precision

Recall

F1-score

Accuracy

0 (Benign)

0.75

0.73

0.74

1 (Malignant)

0.64

0.66

0.65

All class

0.70

076

0.74 A

072 A

0.68

066

0.64

0.62

06

0.58 -

Precision Recall

Fl-score

Accuracy

)
i

Wzl class

Figure (4.9). Results of implemented RF algorithm
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Table (4.4): The Experimental Results of Implemented SVC Algorithm

Classes Precision Recall F1-score Accuracy

0 (Benign) 0.75 0.76 0.75

1 (Malignant) 0.69 0.68 0.68

All class 0.72

078

076

0.74

072 4 [ [n]

]

0.7 -
all class
068 - —_

0.6 —

064 - T T 1
Precision Recall Fl-score Accuracy

Figure (4.10): Results of Implemented SVC Algorithm

4.7 Classification using CNN

To compare the resulting findings to those produced using the CNN deep
learning method, machine learning algorithms were used to train the features and
test them. The results of applying both MobileNet and Deep learning methods for
categorizing the characteristics derived from the previously stated feature
extraction algorithms, including PCA, are given in this section of the thesis. Table

(4.2), and Figure (4.8) show MobileNet-CNN implementation outcomes.
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Table(4.5): The Experimental Results of Applicated Proposed Deep Learning,

Classes Precision Recall F1l-score Accuracy
0 (Benign) 99.9 99.9 99.9
1 (Malignant) 99.9 99.9 99.9
All class 99.9%
120%
100%
80% - -
O
60% - -
i
0% all class
20% - -
0% |
Precision Recall Fl-score Accuracy

Figure (4.11): Results of Implemented Proposed Deep Learning

4.8 Discussion

This thesis aimed to develop a system to identify skin cancer early,
specifically targeting malignant melanoma, to enable early diagnosis and assist
doctors in providing timely and accurate diagnoses. The goal was to improve the
reliability of diagnostic results while saving time for patients and medical
professionals. Timely and accurate diagnoses can lead to more -effective

interventions and preventive measures, ultimately reducing skin cancer cases.
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We first trained more than one of the machine learning algorithms, which

gave unsatisfactory results, as the accuracy does not exceed 72%.

072 A

0.7 7

0.68
066 - B Precision

W Recall
064 -

M Fl-score
062 -
W accuracy

06 7

0.58 1

G.EE T T T T
NB LR RF SVC

Figure (4.12). Results of implemented Machine Learning algorithm

So, a deep learning system has been proposed. This system gave us a
perfect accuracy of 99.9%.

This accuracy has not been reached in previous work classifying melanoma
skin cancer.Figure (4.13) displays a chart showing the comparison between the
algorithms trained in the system, depending on the accuracy obtained from each

algorithm.
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Accuracy

1.2

1
0.8
0.6

M Accuracy

o4
0.2

D T T T T

MEB A LR A RF A SWC A Preposed
lgorithm lgorithm lgorithm lgorithm Deep

Figure (4.13): Results of Implemented

Based on the provided Table(4.5) and Fig.(4.11), it appears that the model
achieved perfect precision, recall, and F1-score for both classes (melanoma and
non-melanoma), indicating that it performed very well on the test datasets. The
accuracy is also perfect. Meaning the model correctly classified all the test
samples. We will make a comparison between the Related Works that we
mentioned at the beginning of the paper and refer to its sources with the system
that we proposed in this research paper, as shown in the following Table,
depending on the only evaluation measure is the percentage of performance as

shown:
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Table (4.6). Comparison between the related works and the proposed system.

Reference Accuracy %

Rezaoana et al. [14] 79.45%

Junayed et al. [15] 95.98%

Garg et al. [16] 90.51%

Aljohani etal. [17] 74.91% training and 76.08% test
Ali et al. [18] 87.91%

Fraiwan et al. [19] 83.2%

Tahir et al. [20] 99.43%

Keerthana et al. [21] 88.02% and 87.43%

Proposed system 99.9%

From the preceding, it became clear that the proposed system in this research
paper has outperformed all previous works in the classification of skin cancer, as it
classified the disease with a very high accuracy that no system had previously

accessed, as it classified body cancer with a very high and ideal accuracy.

The deep learning system showed immense promise and was meticulously
constructed and trained to optimize performance. It achieved an unprecedented
accuracy level of 99.9%, surpassing previous studies and setting a new benchmark

for melanoma skin cancer classification.

The results demonstrate the tremendous potential of deep learning systems
in medical diagnosis, revolutionizing how skin cancer is diagnosed and treated.

The system's perfect accuracy instills confidence in doctors and patients, providing
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reliable results and the opportunity for timely intervention. This breakthrough has
the potential to significantly impact the medical field, improving patient outcomes

and potentially saving lives through early detection and intervention.
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Chapter Five
Conclusions and Future Works.
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Chapter Five

Conclusions and Future Works

5.1 Conclusions

The strategies for developing a system for the early detection and
categorization of melanoma skin cancer have been examined in this thesis. The
general purpose for building such a system was to make an early diagnosis of
malignant melanoma, to ease the doctor's role in the diagnosis of early malignant
melanoma by providing better and more reliable results, to provide less time in the
diagnosis so that more patients can be correctly diagnosed and help them to
prevent the melanoma in early stage.

In conclusion, the proposed deep learning approach for classifying
melanoma skin cancer using a CNN model with 27 layers shows promising results.
The CNN model is carefully designed to identify features in skin lesion
photographs and classify them into melanoma and non-melanoma classes. The use
of multiple layers with convolutions methods are helpful to the accuracy and
generalization of the model. On publicly accessible benchmark datasets for skin
lesion classification, the experimental findings reveal that The proposed CNN
model performs better than current cutting-edge techniques. in summary, the
proposed Deep learning approach using the CNN model with 27 layers can
potentially improve the accuracy and efficiency of skin lesion classification. It can
be applied in clinical settings to assist dermatologists in early melanoma skin
cancer detection. The strategies for developing a system for the early detection and
categorization of melanoma skin cancer were examined in this thesis.

The overarching goal of developing such a system was to make an early
diagnosis of malignant melanoma, to ease the doctor's role in the diagnosis of early

malignant melanoma by providing better and more reliable results, to allow for less
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time in the diagnosis so that more patients can be correctly diagnosed, and to assist

them in preventing the melanoma in its early stages.

5.2 Future Work Suggestions
It is hoped that this work may lead to the development of more clinical

decision support systems aimed at helping patients detect malignant melanoma
cancer in the early stage. Consequently, several areas of future work that would
benefit research on skin cancer detection have been identified.
Several suggestions could be performed and may be applied, and in this
section, some suggestions are put forward:
1- Use other Skin images with lower qualities and more than different
environmental conditions.
2- The proposed system can be developed to be used in the classification of
malignant melanoma into one of the four types.
3- The proposed melanoma skin cancer classification system will be used to

build a mobile application connected to the cloud.
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