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Abstract

Malignant melanoma, an extremely fatal form of skin cancer, is becoming
more common, particularly among individuals with fair skin who are exposed
to sunlight. Melanoma may be efficiently treated in its early stages, therefore
early detection is crucial for increasing survival chances. Dermatologists play
an important role in melanoma detection by examining dermoscopic clinical
characteristics such as lesion boundaries and pigment networks, which are
essential indications of the illness. However, this approach can be difficult
and time-consuming due to differences in lesion size and color, low contrast,
and the presence of components such as hair, lubricants, and air bubbles that
can interfere with an accurate diagnosis, even for experts.
To address these challenges, this thesis develops reliable and efficient auto-
mated dermoscopy image analysis methods that can aid in the early detection
of malignant melanoma. In particular, this thesis provides a proposed frame-
work for automatically segmenting and classifying skin lesions from an input
image. The proposed framework aims to improve the accuracy and efficiency
of identifying and classifying skin lesions, particularly melanoma, using deep
learning methods. The framework involves several stages: preprocessing, skin
lesion segmentation, and lesion classification. In the preprocessing stage, a
Gaussian filter is applied to enhance the image quality by reducing arti-
facts such as fog, hairs, marks, and stains. Also, the region of interest is
extracted, and unnecessary portions of the image are removed through au-
tomatic cropping. For skin lesion segmentation, two deep learning methods,
W-net, and ψ-net are proposed. W-net is a dual encoder-decoder architec-
ture that uses a ResNet encoder-decoder, a ConvNet encoder-decoder, and
a Feature Pyramid network to create a robust CNN architecture for image
segmentation. On the other hand, ψ-net is a deep learning architecture that
incorporates many changes to the baseline Unet network to increase its seg-
mentation performance. For lesion classification, the proposed framework
uses the Inception-Resnet network, a particular form of convolutional neural
network that performs feature extraction on its own. This network consists
of convolutional and pooling layers, as well as Inception-ResNet blocks. The
key component responsible for classification is the Inception-ResNet block,
which combines the Inception module with a residual neural network, giv-
ing the network the flexibility to learn features at various scales. The sug-
gested models are evaluated on four publicly available datasets: ISIC 2016,
ISIC 2017, ISIC 2018, and PH2. W-net and ψ-net models achieved high
accuracy levels (over 97%) on all databases, outperforming existing methods
and offering better sensitivity, specificity, Jaccard index, and dice similarity.
In contrast, the Inception ResNet network’s performance for classification



varies depending on the dataset and evaluation metrics. The results were
then compared to current approaches in the literature, demonstrating that
our suggested strategy is accurate, and efficient in both the segmentation
and classification of skin lesions. .
Key words: Skin cancer, melanoma, Deep learning, encoder-decoder, seg-
mentation, convolutional neural network, classification.



Résumé

Le mélanome malin, une forme extrêmement mortelle de cancer de la
peau, devient de plus en plus courant, en particulier chez les personnes à la
peau claire exposées au soleil. Le mélanome peut être efficacement traité à
ces stades précoces, donc une détection précoce est cruciale pour augmenter
les chances de survie. Les dermatologues jouent un rôle important dans la
détection du mélanome en examinant les caractéristiques cliniques dermosco-
piques telles que les limites des lésions et les la nature de pigmentations, qui
sont des indicateurs essentiels de la maladie. Cependant, cette approche peut
être difficile et chronophage en raison des différences de taille et de couleur
de la lésion, d’un faible contraste et de la présence de composants tels que
des cheveux, des lubrifiants et des bulles d’air qui peuvent interférer avec un
diagnostic précis, même pour un expert.

Pour relever ces défis, cette thèse propose des méthodes fiables et effi-
caces pour l’analyse d’images de dermoscopie automatisée afin d’aider à la
détection précoce du mélanome malin. En particulier, cette thèse propose un
systéme pour segmenter et classifier automatiquement les lésions cutanées à
partir d’une image d’entrée. Le cadre proposé vise à améliorer l’exactitude
et l’efficacité de l’identification et de la classification des lésions cutanées, en
particulier le mélanome, en utilisant des méthodes d’apprentissage profond.

Le systéme comprend plusieurs étapes : le prétraitement, la segmenta-
tion des lésions et la classification des lésions cutanées. Dans l’étape de
prétraitement, un filtre gaussien est appliqué pour améliorer la qualité de
l’image en réduisant les artefacts tels que le brouillard, les cheveux, les
marques et les taches. De plus, la région d’intérêt est extraite et les par-
ties inutiles de l’image sont supprimées grâce à un recadrage automatique.
Pour la segmentation des lésions cutanées, deux méthodes d’apprentissage
, W-net et ψ-net, sont proposées. W-net est une architecture d’encodeur-
décodeur double qui utilise un encodeur-décodeur ResNet, un encodeur-
décodeur ConvNet et un réseau Feature Pyramid afin de créer une architec-
ture CNN robuste pour la segmentation d’image. D’autre part, ψ-net est une
architecture d’apprentissage en profondeur qui intègre de nombreux change-
ments au réseau de base Unet pour augmenter la performance de segmen-
tation. Pour la classification des lésions, le cadre proposé utilise le réseau
Inception-Resnet, une forme particulière de réseau de neurones convolutifs
qui effectue l’extraction de caractéristiques de manière autonome. Ce réseau
se compose de couches de convolution et de regroupements, ainsi que de
blocs Inception-ResNet. Le composant clé responsable de la classification est
le bloc Inception-ResNet, qui combine le module Inception avec un réseau
de neurones résiduels, donnant au réseau la flexibilité d’apprentissage des



caractéristiques à différentes échelles.

Les modèles proposés sont évalués sur quatre ensembles de données pu-
blic : ISIC 2016, ISIC 2017, ISIC 2018 et PH2. Les modèles W-net et ψ-net
ont atteint des niveaux de précision élevés (plus de 97%) sur toutes les bases
de données, surpassant les méthodes existantes et offrant une meilleure sen-
sibilité, spécificité, indice de Jaccard et similarité de Dice. En revanche, la
performance du réseau Inception ResNet pour la classification varie en fonc-
tion de l’ensemble de données et des métriques d’évaluation. Les résultats
ont été comparés aux approches récentes dans la littérature. La comparaison
de nos résultats avec ceux d’approche récente dans la littérature a démontré
que les méthodes proposées sont plus précises, efficaces, soit pour la segmen-
tation, soit pour la classification des lésions cutanées.
Mots clés : Cancer de la peau, mélanome, Deep learning, encodeur-décodeur,
segmentation, réseau de neurones convolutifs, classification.
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Chapter 1

INTRODUCTION

1.1 Motivation

Malignant melanoma is a type of skin cancer that originates from melanocytes, which are

responsible for producing pigments in the skin. Compared to other types of skin cancers,

melanoma is more likely to spread and metastasize to other organs, making it the dead-

liest form of skin cancer. In recent years, there has been an increase in the incidence and

mortality rates of malignant melanoma in countries such as Algeria, Canada, the UK, and

the USA. Early diagnosis is crucial, and computer-aided diagnostic methods could play a

vital role in reducing mortality rates and associated medical costs. Early detection of skin

cancer, particularly malignant melanoma, is possible for two reasons (Saurat, 2004): First,

skin cancer is readily visible on the skin. Second, the prognosis of melanoma is closely

related to its thickness, and it can be successfully treated if detected early when the thick-

ness is less than 1 mm. However, diagnosis is still subjective and dependent on the visual

perception and clinical experience of dermatologists (Braun et al., 2005) (Maglogiannis

and Doukas, 2009) (Hoshyar, 2015).

Considerable efforts have been made to develop methods for detecting skin cancers and

various imaging techniques such as dermoscopy are used for this proposes(Argenziano

et al., 2003). These methods have been shown to improve the diagnosis rate of melanoma

compared to visual inspection alone by increasing detection accuracy to 75-85% (Argen-

ziano et al., 2003). Thus, we still need an automatic detection system for melanoma that

can reduce false detections and provide higher accuracy. This thesis aims to advance the

field of skin cancer detection by developing novel and effective deep learning models for

the segmentation and classification of skin lesions.
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Such research could have practical applications in accurately diagnosing and treating skin

cancer, ultimately leading to improved patient outcomes.

1.2 Research Objectives

In recent years, there has been a growing interest in utilizing computer-based methods for

the detection of skin cancer. These systems aim to provide a second opinion on diagnoses

with higher accuracy and reliability than what a human expert could achieve. Various

studies have been conducted on automated detection of melanoma, highlighting the po-

tential benefits that can be derived from these systems. However, there are still several

challenges involved, and new contributions in this field are highly valued. It is widely

acknowledged that more dependable and trustworthy detection systems require higher

accuracy. Typically, an automated skin cancer diagnosis involves various components,

such as preprocessing, segmentation, feature extraction and selection, and classification.

This thesis aims to develop and evaluate a comprehensive skin lesion detection system

with a particular focus on improving the accuracy of automated skin cancer segmentation

and classification. The research will involve investigating and experimenting with dif-

ferent techniques and algorithms for each step of the detection process.A new segmenta-

tion algorithms will be proposed to differentiate skin lesions from background tissue and

other lesion types. An algorithm for lesion classification will be developed to determine

whether a detected lesion is benign or malignant.

The overall the objectif of this thesis is to contribute to the development of a reliable

and automated skin cancer detection system that can improve the accuracy of diagnoses

and assist clinicians in making treatment decisions more quickly and effectively. This is

a crucial area of research since skin cancer is a common and potentially life-threatening

disease, and early detection is essential for successful treatment.

1.3 Research Contributions

The contribution of this thesis is focused on the development of an automatic diagno-

sis system that utilizes machine learning algorithms to automatically classify skin cancer

tumors as either benign or malignant with greater accuracy and efficiency than human

experts. To achieve this objective, the following steps will be taken:
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• implementation, and evaluation of multiple solutions for skin lesion segmentation

using encoder-decoder models: W-net and ψ-net to develop effective and accurate

methods for delineating the borders of skin lesions in images.

• Analysis and comparison of the proposed segmentation architectures with other ar-

chitectures mentioned in this thesis using different evaluation metrics.

• Investigation of the effects of segmentation on skin lesion classification

• Implementation of an approach to skin lesion classification using a novel CNN model

involves developing a new CNN architecture specifically designed for skin lesion

classification called the Inception Resnet model. Then, training the proposed CNN

model using skin lesion image datasets and evaluated its accuracy and generaliza-

tion performance on a separate validation dataset.

• Analysis and comparison of proposed classification architecture with other methods

mentioned in this thesis using different evaluation metrics.

1.4 Thesis Outline

This section describes the structure of this thesis, which is divided into seven chapters,

including the introduction and conclusion. The organization of the main chapters is de-

picted in Figure 1.1. The body of the thesis is structured as follows:

Chapter 2 provides a general overview of skin cancer and its basic concepts, without

delving too deeply into the subject. It serves as a foundation to better understand the topic

for applying technical knowledge in addressing skin cancer-related challenges

Chapter 3 gives a technical overview of deep learning concepts, particularly convo-

lutional neural networks, by describing the building elements that comprise a CNN and

different CNN architectures applied for segmentation and classification tasks.

Chapter 4 provides a comprehensive overview of the state-of-the-art techniques and

methodologies for skin image segmentation and classification. It includes a detailed anal-

ysis of recent research studies and their performance evaluations.

Chapter5 discusses the implementation details of the improved proposed approach

for medical image segmentation. It includes information on the architecture choices made

for the segmentation task, such as the proposed deep learning network used, the training
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data, and the hyperparameters tuned during training. The chapter also presents the re-

sults of the segmentation task and a detailed analysis of the performance of the proposed

approach.

Chapter 6 introduces two innovative image segmentation algorithms: W-net and ψ-

net. These algorithms are designed to address challenges in image segmentation tasks

and offer novel solutions to enhance segmentation performance. W-net and ψ-net likely

employ unique techniques and architectures to improve the accuracy and robustness of

object segmentation in images.

Chapter 7 presents the Inception-ResNet model for image identification, presenting

a detailed explanation of its architecture that combines Inception modules with residual

connections. The algorithm’s techniques are elaborated upon, underscoring their rele-

vance and potential advancements within the domain of deep learning and computer

vision.

Chapter 8 introduces the results of the proposed methodology for skin image segmen-

tation and classification. It compares the performance of the proposed approach with

existing methods and algorithms.

Chapter 9 provides a conclusion to the thesis work by summarizing the research method-

ology, results, and findings and highlighting prospective research directions that are presently

being investigated.
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_ KHOULOUD, Sahib, AHLEM, Melouah, FADEL, Toure, SLIM Amel. Improved
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Figure 1.1: An illustration of the chapter structure.
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Part I

DEEP LEARNING APPROACHES FOR

SKIN CANCER DETECTION:

BACKGROUND AND OVERVIEW
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Skin cancer is a significant global health concern, and its early and accurate detection

is crucial for improving patient outcomes. Recent advancements in artificial intelligence

(AI) and deep learning have shown great promise in medical image analysis, particularly

in skin cancer detection. Part One of this thesis serves as a fundamental introduction to the

application of deep learning in this context, equipping readers with essential background

knowledge and technical insights. The chapter provides a comprehensive overview of

skin cancer, including valuable information on human skin, skin cancer types, and diag-

nostic techniques. Additionally, it introduces deep neural networks, with a specific focus

on convolutional neural networks (CNNs), known for their proficiency in image segmen-

tation and classification tasks. Part One also includes a comprehensive review of state-

of-the-art techniques for skin image segmentation and classification, underscoring their

significance in improving the diagnostic process and patient care. By laying this ground-

work, Part One aims to pave the way for further exploration of deep learning-based skin

cancer detection in subsequent sections of the thesis, ultimately contributing to enhanced

skin cancer diagnosis and better patient outcomes through advanced AI technologies.
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Chapter 2

HUMAN SKIN CANCER

2.1 Introduction

Skin cancer is one of the main causes of mortality and a global hazard to humans. This

cancer can be cured if it is diagnosed at an early stage. In recent years, non-invasive

imaging technologies like dermoscopy have evolved and developed These technologies

help in screening and improving diagnostic accuracy. Dermoscopy provides a greater

magnification for the inspection of skin lesions, allowing for a more detailed analysis of

morphological features. This technique can improve the vision of various clinical aspects

of a pigmented skin lesion that are otherwise undetectable to the naked eye.

Several medical diagnosis approaches are used to help dermatologists identify melanoma

skin cancer, including the 3-point checklist (Soyer et al., 2004a), the ABCDE rule (Nachbar

et al., 1994), the 7-point checklist (Argenziano et al., 1998), and pattern analysis (Masood,

2016). In general, the collected clinical characteristics must be evaluated by specialist doc-

tors utilizing a variety of dermoscopic criteria, such as asymmetry, border, colors, and

differential structures, to provide the final clinical diagnosis.

The chapter is divided into three sections: the first section describes the structure of hu-

man skin and different types of skin cancer; the second part focuses on skin cancer imag-

ing techniques; and the third section discusses diagnosing techniques in detail.
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2.2 Human Skin

The skin is the largest organ of the human body and serves as a vital protective barrier.

It has several important functions, including absorbing sensory inputs from the external

environment and regulating body temperature. In addition, the skin stores water,fat, and

plays a role in vitamin D synthesis. Human skin is made up of multiple layers includ-

ing the epidermis, dermis, and hypodermis (Melissa Conrad Stöppler, 2021). Figure 2.1

presents the layers and cells of Human skin.

• The epidermis: is primarily made up of squamous, flat, scale-like cells. Basal cells

are round cells that sit underneath the squamous cells. Melanocytes generate melanin,

which gives the skin its color. They are also located in the deepest layer of the epi-

dermis.(Encyclopaedia Britannica, 2021)

• The dermis (inner layer of skin): is positioned beneath the epidermis, serving

as the underlying layer of the skin. It serves several important functions in the

body’s overall protection and support system. Composed of connective tissue, the

dermis contains a variety of complex structures that contribute to its diverse func-

tions.(Encyclopaedia Britannica, 2015)

• The subcutis: works as the interface of the skin with the rest of the body. Even if it

is part of the skin, the subcutis (hypodermis) is not usually regarded as a skin layer.

It is located underneath the dermis and links the skin to the bones and muscles. It

serves as a conduit for large blood and lymphatic vessels. Binding and fat (adipose)

tissue are present inside the hypodermis.(Brandi Jones, 2022)

2.3 Skin Cancer

The human body consists of living cells that undergo development, division, and natural

cell death. Cancer occurs when cell division becomes aberrant and uncontrolled, leading

to the growth of abnormal cells (What Is Cancer? 2014). Skin cancer begins in the skin as

the most prevalent cancer in humans. According to the World Health Organisation skin

cancer is one of the most prevalent and greatest causes of human death(Cancer Facts & Fig-

ures 2022). In Algeria, skin cancer accounted for 0.38% of total deaths, with 711 recorded

cases in the latest WHO report from 2020 (ALGERIA: SKIN CANCERS 2020). Although

not always fatal, early diagnosis is crucial for effective treatment.
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Figure 2.1: The epidermis and dermis layers in human skin with squamous cells, basal

cells and melanocyte.(Joy McElroy, 2022)

Therefore, studying human skin and different types of skin cells plays a vital role in the

early detection and diagnosis of skin cancer. This section will be divided into two sub-

sections: the first will explore the causes of skin cancer, and the second will discuss the

various forms of skin malignancies.

2.3.1 Causes of Skin Cancer

The primary cause of skin cancer is the uncontrolled growth of cells within the body. In

the case of skin cancer, this uncontrolled growth occurs when one of the three cell types

that make up the skin undergoes abnormal reproduction. These cancerous cells have the
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potential to metastasize, meaning they can spread through the lymph system to other

parts of the body. As a result, cancer can develop in various regions of the body and

subsequently spread to other areas (American cancer society 2013).

Another significant cause of skin cancer is the unregulated development of abnormal

skin cells. This typically happens when the DNA in skin cells becomes irreparably dam-

aged, often due to exposure to ultraviolet (UV) light. Ultraviolet rays from the sun or

tanning beds can cause DNA damage when the skin is not adequately protected (Skin

Cancer Fundation 2022). When DNA is altered, it disrupts the normal control mechanisms

of skin cell growth. This leads to changes in genes and an accelerated multiplication of

skin cells, ultimately resulting in the development of malignant tumors.

2.3.2 Type of Skin Cancer

Skin cancers are generally divided into two types: malignant melanoma and non-melanoma

skin cancer (NMSC). Non-melanoma skin cancer comprises basal cell carcinoma (BCC)

and squamous cell carcinoma (SCC) as its two main types.

2.3.2.1 Melanoma

Melanoma is one of the world’s deadliest and fastest-growing cancer forms. It is a malig-

nant type of melanocytic lesion. Melanocytes are skin cells that are situated in the skin’s

outer epidermis and can be seen by the human eye. This lesion develops quicker and

has a greater ability to invade tissues and spread to other organs. Melanomas are typi-

cally black or brown, although they can also be skin-colored. Melanoma can be treated

by excision surgery if detected early. The primary challenge for early treatments is the

high prevalence of false-negative malignant melanoma (Walter et al., 2013). In addition,

melanoma is nearly usually curable if treated early, but if not, cancer can progress and

spread to other regions of the body, where it becomes difficult to cure and can be deadly.

Thus, early detection and treatment are important for avoiding damage. Figure 2.2 shows

the sample image of malignant melanoma. The many kinds of malignant melanomas are

as follows (Owen and Telfer, 2005):

• Nodular melanoma: Nodular melanomas occur in all areas of the body, notably

the male trunk. It accounts for around 15% of all melanomas, and shortly after, it

appears invasive. It usually appears similar to the development of the blood vessel.

The lesions are frequently asymmetrical, having irregular borders.
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• Superficial spreading melanoma: is the most prevalent form of melanoma, consti-

tuting around 70% of all cases. Superficially streami melanomas are brown lesions

that are flat or slightly raised and have irregular asymmetric margins. It has irregu-

lar asymmetric boundaries and is generally larger than 6 mm in diameter..

• Lentigo maligna melanoma: accounts for around 5% of all melanomas. The precur-

sor lesion is usually larger than 3 cm in diameter and acquires a dark brown-to-black

hue or a raised blue-black nodule when it becomes invasive..

• Amelanotic melanoma: is uncommon, frequently difficult to identify, and usually

has a false prognosis. It is not very common, comprising only about 8% of all

melanoma cases. Amelanotic melanoma can be confused with other skin disorders.

• Desmoplastic melanoma: is uncommon and represents around 1.7% of the total.

Locally aggressive and hard to identify. Most of these cancers arise in old and 1/2 a

melanocytic people’s heads and necks.

Figure 2.2: Malignant melanoma.(Melanoma 2022)
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2.3.2.2 Basal-Cell Carcinoma (BCC)

Basal cell carcinom is the most commonly occurring type of skin cancer and is also the

most frequently diagnosed form of cancer in general. It starts in the basal cells, which are

a kind of skin cell that produces new skin cells when the old ones die. Basal cell carcinoma

is a slow-growing skin cancer that might take years to appear after prolonged or strong

sun exposure. If you’re exposed to a lot of sun or use tanning beds, you can acquire it at

an early age (Basal cell carcinoma 2022). Almost all basal cell carcinomas may be effectively

removed without problems if detected and treated early. Figure 2.3 is a sample of basal

cell carcinoma. Basal cell carcinoma has four major clinical forms (Basal Cell Carcinoma

2022):

• Nodular Basal Cell Carcinoma: Nodular basal cell carcinoma is characterized by

its clinical appearance as a translucent nodule with prominent telangiectatic vessels.

It typically presents as a small, pearly nodule that is translucent and often exhibits

surface telangiectasia. Nodular basal cell carcinomas are commonly found on the

face, particularly along embryonal fusion planes. However, they can also develop

anywhere on the body that has experienced intermittent intense sun exposure.

• Superficial Spreading Basal Cell Carcinoma: Superficial spreading basal cell carci-

noma is most commonly found on the upper back. It manifests as shallow plaques

that are pink to almost skin-colored and have a slow growth rate. These lesions tend

to be fragile and can easily bleed with minimal pressure, such as running a fingernail

over the affected area, resulting in multiple tiny bleeding spots.

• Sclerosing (morphoeic) basal cell carcinoma: It is a scar-like plaque with a poorly

defined edge. It is a whitish lesion that is steadily growing. Basal cell carcinoma

nodules may not be visible until the late stages, but the area of sclerotic scarring can

expand significantly before becoming clinically detectable as skin cancer. It is most

frequent on the face and, due to its size at the time of diagnosis, can cause substantial

morbidity.

• Pigmented Basal Cell Carcinoma: In dark-skinned individuals, especially Asians,

pigmented basal cell carcinoma occurs. The distinguishing aspect is that pigment

flecks around the base of the nodule are not present in melanoma when fully pig-

mented.
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Figure 2.3: Basal cell carcinoma .(Basal cell carcinoma 2022)

2.3.2.3 Squamous-Cell Carcinoma (SCC)

The second-most prevalent form of skin cancer is squamous cell carcinoma. Scaly red

patches, open sores, raised growths with a central depression, or warts are common symp-

toms. Along with UV exposure, immunosuppression is a major risk factor for SCC. Squa-

mous cell carcinoma usually begins as a small lump, expands over time, and turns into an

ulcer. Compared to BCCs, squamous-cell carcinomas have more irregular shapes with a

crusted surface, and they are more likely to spread to other organs. (Cakir, Adamson, and

Cingi, 2012). Figure 2.4 is a sample of Squamous Cell Carcinoma.

Figure 2.4: Squamous Cell Carcinoma .(Cakir, Adamson, and Cingi, 2012)
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2.4 Skin Cancer Imaging Techniques

In the early stages, skin cancer has a 90% cure rate, whereas in the late stages, the cure rate

drops to 50% (DiChiara, 2010). To enhance the accuracy of diagnosing skin malignancies

or lesions, non-invasive and high-resolution imaging methods have been developed (Hi-

bler, Qi, and Rossi, 2016). Improved diagnostic specificity through high-resolution imag-

ing techniques has the potential to reduce unnecessary excisions, associated costs, and im-

prove treatment outcomes, especially for melanoma, which often poses challenges in di-

agnosis. Currently, the most commonly used imaging techniques for skin cancer diagnosis

include reflectance confocal microscopy, optical coherence tomography,Dermoscopy, and

ultrasound (Dhawan et al., 2009)(Stockfleth, Rosen, and Schumaak, 2010):

• Dermoscopy : Dermoscopy, also known as epiluminescence microscopy (ELM) or

skin surface microscopy, is a non-invasive imaging method used for identifying skin

malignancies. It involves illuminating the skin using surface reflectance-dominating

lighting techniques. By reducing surface reflections through the use of cross-polarized

light and an immersion solution like immersion oil or alcohol, dermoscopy enables

the visualization of color and subsurface features such as blood vessels or pigment,

aiding in the early detection of skin cancer. Research has shown that incorporating

dermoscopy into diagnostic practices can enhance accuracy by 5% to 30%, depend-

ing on the type of skin lesion being evaluated (Binder et al., 1995)(Kittler et al., 2002).

• Ultrasound: Ultrasound is a common non-invasive technique since it is flexible,

painless, and has minimal risk. The ultrasonic waves that rebound from the tis-

sue can be used to visualize the skin morphology during this operation. Although

this method can penetrate the skin deeply to measure tumor thickness and evaluate

lymph nodes, the practical use is limited due to the low resolution, which makes it

difficult to distinguish between skin lesions histomorphological.

• Optical Coherence Tomography (OCT):The OCT approach is based on interferome-

try and is non-invasive. It creates two-dimensional and cross-sectional images. OCT

can scan microscopic structures (a few microns) in real-time and identify healthy

from malignant tissue. Although OCT scans may distinguish micromorphology,

blood vessels, and adnexial structures. Furthermore, the OCT cannot properly iden-

tify the diagnosis of melanoma without histological confirmation. As a result, the

OCT is not a useful tool for melanoma diagnosis and is unable to consistently iden-

tify tumor invasion at an early stage.
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• Reflectance confocal microscopy (RCM): RCM is the most expensive of the skin

imaging methods. This approach is non-invasive and painless, and it can observe the

cellular intricacies of the skin in real-time using a laser focused on a single location

on the skin. Water, hemoglobin, and melanin are among the skin chromophores that

RCM can detect using refraction indices. RCM can readily distinguish reflected light

from the skin because biological structures (cells, melanin, hemoglobin, etc.) have

distinct refraction indices. A point light source irradiates a tiny area of tissue, which

is then reflected and sent to the detector.

2.5 Diagnosis Methods of Skin Cancer

Skin lesions cannot be accurately distinguished as malignant or benign melanoma solely

through imaging techniques. To address this issue and improve diagnostic accuracy, re-

searchers are working on developing automated evaluation methods that can surpass hu-

man capabilities in terms of precision. Inexperienced dermatologists are more likely to

make incorrect diagnoses, leading to defects, increased costs, and potential patient mor-

bidity. To combat these challenges, there are four established and consistent diagnostic

approaches for skin cancer, with a primary focus on melanoma: the ABCD-E rule (Nach-

bar et al., 1994), the 3-point checklist (Soyer et al., 2004b), the 7-point checklist (Argenziano

et al., 1998) , and the Menzies’ method (Menzies, 2012), which involves pattern analysis.

These methods aim to enhance understanding and aid in differentiating between various

types of skin cancer.

• ABCD-E Rule: (Nachbar et al., 1994) introduced this approach in 1994 . ABCDE is

an acronym that stands for asymmetry, border, color, diameter, and changing over

time, and it refers to five dermoscopic criteria for the semi-quantitative assessment

of skin lesions. Figure 2.5 illustrates the five rules of ABCD/ABCDE rule. Each

case’s meaning is described and illustrated below (Skin Cancer Fundation 2022)(Ad-

jed, 2017):

– Asymmetry: A pigment is called asymmetric if drawing one vertical or hori-

zontal line does not result in the two parts of the mole being identical.

– Border: It can be considered that a case is malignant if the pigment boundary

is not smooth.

16



– Color: The majority of benign pigments are only one color (often brown color).

Melanoma comes in a range of hues, including black, red, blue, and/or white.

– Diameter: Benign pigments are often smaller in diameter than malignant pig-

ments. Melanoma is often more than 6 mm in diameter; however, it can be

smaller.

– Evolving: Benign pigment takes on the same appearance throughout time. Ma-

lignant melanoma, on the other hand, develops or changes in size, form, color,

and/or elevation.

Figure 2.5: ABCDE of Skin Cancer.(ABCDE of Skin Cancer 2019)

• The 3-Point Checklist: involves the examination of three specific criteria: asymme-

try, atypical pigment networks, and blue-white structures. Any of these signs or

symptoms point to the potential existence of melanoma (Soyer et al., 2004a).

• The 7-Point Checklist: is a score diagnostic analysis that takes into account just

seven conventional ELM criteria, which include (Argenziano et al., 1998) (Maglo-

giannis and Doukas, 2009)(Adjed, 2017):

– Atypical pigment network: thicker and irregular line segments in the lesion

that are black, brown, or gray.

– A blue-whitish veil: irregular, confluent, gray-blue to whitish-blue diffuse pig-

mentation that can be linked to changes in the pigment network.
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– An atypical vascular pattern: in the regression area, there are no linear-irregular

and/or dotted red vessels.

– Irregular streaks: pseudopods or radial streaming abnormalities near the le-

sion’s perimeter.

– Irregular dots/globules: areas of uneven form and/or distribution in black,

brown, or gray.

– Irregular pigmentation: regions without features that are black, brown, or gray

and have an uneven form or distribution.

– Regression structures: regions that seem like white scars and/or blue peppers

(gray-blue areas and/or several blue-gray dots).

• The Menzies method : is an effective approach used to distinguish between benign

tumors and melanoma in melanocytic lesions. It employs a set of two negative fea-

tures, namely symmetry and single color, as well as a positive set consisting of nine

features. The positive features include numerous brown dots, pseudopods, radial

streaming, scar-like depigmentation, peripheral black dots, multiple hues, multi-

ple blue/gray dots, and a large pigment network. In order to classify a lesion as

melanoma, it must exhibit at least one of the positive features while simultaneously

lacking both symmetry and a single color. This method assists dermatologists in

making accurate diagnoses based on these distinctive features(Menzies, 2012)(Men-

zies Method 2022).

• Pattern Analysis : is a useful technique for identifying distinct patterns in skin le-

sions, which can aid in the diagnosis of melanocytic lesions and differentiate be-

tween benign and malignant lesions. Global and local patterns can be analyzed, in-

cluding the reticular, globular, cobblestone, homogenous, starburst, parallel, multi-

component, and nonspecific patterns, which are commonly associated with benign

melanocytic lesions. Additionally, other patterns, such as the reticular pattern char-

acterized by a network-like appearance, and the globular pattern, with rounded

shapes, are also observed in different types of melanocytic lesions (Masood, 2016).

2.6 Conclusion

Skin cancer is a growing concern globally, and early detection is crucial for improving

patient survival rates. This chapter has highlighted the significance of early detection as

18



a promising strategy to reduce the mortality rate associated with skin cancer. By inves-

tigating the attributes of human skin and employing diagnostic methodologies, a greater

comprehension of skin cancer can be achieved, leading to the development of efficient

detection techniques.The chapter has provided valuable information on human skin, skin

cancer, and diagnostic techniques. With continued advancements in knowledge and tech-

nology, early detection of skin cancer can be improved, leading to better outcomes for

patients.
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Chapter 3

DEEP LEARNING CONCEPTS AND

ARCHITECTURES

3.1 Introduction

Deep learning and neural networks are buzzwords in today’s technological landscape.

These approaches have already demonstrated their efficacy in solving complex issues that

were previously considered unachievable by computers. Deep learning, in particular, is a

machine learning approach that has high adaptability and generalizability. It has become

one of the primary techniques for image processing, and convolutional neural networks

(CNNs) are the go-to deep learning models for this task. Unlike traditional machine learn-

ing techniques, CNNs do not require a clear explanation of the task-solving process. In-

stead, it is sufficient to specify the expected behavior of the solver. However, processing

images in challenging modalities is still an active research area, and there is much to be

learned in this regard.

This chapter provides a technical overview of deep learning concepts, particularly con-

volutional neural networks, that are essential for understanding the rest of the thesis. We

will outline the key building blocks of a CNN, including its different layers and concepts

related to training. Furthermore, we will briefly explain the CNN architecture used for

segmentation and classification tasks. By the end of this chapter, readers will have a solid

understanding of the fundamental concepts and techniques used in deep learning models

for image processing.
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3.2 Artificial Neural Network

3.2.1 Neural Network Architecture

Neural networks are computational systems that draw inspiration from the human brain

and replicate the signaling process between biological neurons. They are composed of

interconnected neurons organized in layers (Figure 3.1). Specifically, feed-forward neural

networks are employed, where the output of one layer serves as the input to the next layer.

These networks exhibit a unidirectional flow of information, with no loops, ensuring that

input is continuously forwarded. Consequently, neurons within a layer do not have direct

connections to each other. Hidden layers refer to the layers situated between the input

and output layers. While the initial layer makes simple decisions based on the input, sub-

sequent layers make complex decisions based on the decisions made in preceding layers

(Snuverink, 2017).Optimizing neural networks for diverse tasks involves configuring the

weights, which can be a challenging task due to the potential interdependence of millions

of factors. To evaluate the performance of the network, a loss function is utilized to com-

pare the layer representations from the network output with the predicted output. The

resulting score from this assessment acts as a feedback signal for the optimizer. Using a

technique called backpropagation, the optimizer adjusts the weights of the network lay-

ers based on the feedback signal. Backpropagation starts with the final loss value and

propagates the contribution of each parameter down the layers. This technique enables

the calculation of modifications necessary to minimize the loss and optimize the model

(Chollet, 2021) (Goodfellow, Bengio, and Courville, 2016) (Yi, 2020).

Figure 3.1: Neural Netrwork structure.
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3.2.2 Activation Function

The activation function plays a crucial role in deciding whether a neuron should be acti-

vated or not. It accomplishes this by computing a weighted sum and subsequently adding

a bias to it. The primary purpose of the activation function is to introduce non-linearity to

the output of a neuron. The activation function is sometimes referred to as a "transfer func-

tion".If the activation function’s output range is restricted, it is referred to as a "squashing

function." Many activation functions are nonlinear, which is referred to as "nonlinearity"

in layer or network design. The choice of activation function has a substantial influence

on the neural network’s capabilities and performance, and various activation functions

may be utilized in different regions of the model. Although networks are designed to em-

ploy the same activation function for all nodes in a layer, the activation function is applied

within or after the internal processing of each node in the network. Activation functions

are generally crafted to be differentiable, which permits the calculation of the first deriva-

tive for a specified input value.This characteristic is essential as neural networks typically

rely on the backpropagation of error algorithm for training, necessitating the existence of

the prediction error derivative to adjust the model’s weights. Various activation functions

are utilized in neural networks, although only a select few are expected to be applied in

practical scenarios for the hidden and output layers.(Brownlee, 2021).

Sigmoid Function

The sigmoid function (Figure 3.2) is the most frequent form of activation function

which is defined as:

σ(x) =
1

1 + e−x (3.1)
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Figure 3.2: Sigmoid Activation Function.
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Hyperbolic Tangent

Despite the sigmoid’s popularity, practically and theoretically, a sigmoidal activation

function in the form of a hyperbolic tangent is occasionally chosen for neural network. The

logistic sigmoid is also linearly transformed onto the interval [-1,1] using the hyperbolic

tangent tanh(x) (Figure 3.3). As the input approaches a big positive or negative integer,

both activation functions saturate (Farhadi, 2017). This signal saturation is responsible for

the well-known vanishing gradient problem when training deep neural networks, as we

will discover later (Charmchi, 2018). The former function of the rescaling logistic sigmoid

is:

tanh(x) =
ex − e−x

ex + e−x =
1 − e−2x

1 + e−2x (3.2)
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Figure 3.3: Tanh Activation Function.

Rectified Linear Unit(ReLu)

The rectified linear activation function ( Figure 3.4) has been popular in recent years since

it provides both the requisite non-linearity and a rapid computation when compared to

sigmoid or hyperbolic tangent which is defined as (Krizhevsky, Sutskever, and Hinton,

2017):

Relu(x) = max(0, x) (3.3)

23



−6 −5 −4 −3 −2 −1 1 2 3 4 5 6

2

4

x

yReLu

Figure 3.4: ReLu Activation Function.

3.2.3 Backpropagation

The core of neural network training is backpropagation. Backpropagation, which is an

abbreviation for "backward propagation of errors," is a widely used technique for training

artificial neural networks. It’s a technique for fine-tuning the weights of a neural network

depending on the previous epoch’s error rate (i.e., iteration). Fine-tuning the weights

can lead to a reduction in error rates and an improvement in the model’s generalization,

thereby increasing its reliability. Backpropagation is helpful in calculating the gradient

of a loss function with respect to all of the network’s weights.(Al-Masri, 2019). Target

classes are required for error computation in supervised learning. After then, the fault is

transmitted to all nodes in previous tiers. This error er (Equation 3.5) is calculated as a

gradient of the loss function L with respect to the weights Wmj of each layer, given the

node x and activation function σ (Uličnỳ, 2015).

pj = σ(
n

∑
m=1

Wmjxm) (3.4)

er =
∂L

∂Wmj
=

∂L
∂pj

∂pj

∂Wmj
(3.5)

In order to compute the partial derivative of the loss function L with respect to a given

weight W_mj, the chain rule must be applied. An optimization technique, such as gradient

descent, updates weights based on the error (Uličnỳ, 2015).
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3.3 Deep learning paradigm

Deep learning, a subfield of artificial intelligence, strives to accurately emulate the intri-

cate workings of the human brain (Casey, 2020). With the rapid advancement of computer

power and the vast availability of data, deep learning has emerged as the predominant

approach in machine learning (LeCun, Bengio, Hinton, et al., 2015). It possesses the capa-

bility to discern significantly more intricate patterns than conventional machine learning

methods. Consequently, deep learning has become a powerful tool in fostering the de-

velopment of artificial intelligence (AI) in recent years. Convolutional neural networks

(CNNs) are a key component in all deep learning methodologies and have played a piv-

otal role in improving state-of-the-art image processing techniques. CNNs have played a

vital role in significantly advancing the accuracy and efficiency of diagnosis in computer-

aided diagnosis (CAD) systems. Deep learning techniques, facilitated by CNNs, have

revolutionized CAD systems by enabling more precise and efficient diagnoses. This has

paved the way for improved healthcare outcomes and enhanced decision-making capa-

bilities in clinical settings. (Singh et al., 2020).

3.4 Basics of convolutional neural networks

In recent years, there has been significant progress in the development of convolutional

neural networks (CNNs), a type of deep neural networks. CNNs have gained prominence

due to their ability to exploit the inherent characteristics of images, where nearby pixels

hold more correlation than distant ones. This property enables CNNs to efficiently process

image data compared to fully connected feedforward networks (LeCun et al., 1998). The

key components of the CNNs algorithm are: convolution, pooling, and fully-connected

layers. These operations have the advantage of being able to be applied to either the input

images or the output of the hidden layers.

3.4.1 Convolutional Layer

The convolution layer is a fundamental operation in convolutional neural networks (CNNs)

where input neurons and model weights are combined linearly. In CNNs, this layer is

commonly used on 3-dimensional input blobs to produce 2-dimensional output blobs

when applied to images (Simonyan and Zisserman, 2014) (Krizhevsky, Sutskever, and

Hinton, 2017). Convolutional layers are essential in generating feature maps from input
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images or lower-level feature maps. They consist of kernels or filters with smaller dimen-

sions than the input image. These kernels slide over the image, performing element-wise

multiplication with the input to generate a feature map (Snuverink, 2017). The convolu-

tion operation involves multiplying the filter elements with the input elements element-

wise. Starting from the leftmost component, the filter slides over the input image with a

specified stride. The results are then summed, along with a bias term, to produce an out-

put unit. This process continues until the filter has traversed all input locations and com-

puted all output units. Each filter is assigned different weights to specialize in detecting

specific features in the input. Adjusting the depth, stride, and zero-padding parameters

allows for control over the size and number of feature maps. The number of filters used

affects the depth of the output, while the stride determines the displacement of the kernel

across the input image. Zero-padding involves adding zeros around the matrix’s border

to manage the output feature map’s size (Naceur, 2020). The process of convolution is

visualized in Figure 3.5.

Figure 3.5: Convolution process.

3.4.2 Pooling Layer

Pooling is applied to a limited number of input neurons, and a maximum, total, or average

is often computed over that region. Pooling introduces translation invariance, allowing

for the reduction of feature space dimensions, and lowers computational costs.Downsampling

layers are another name for pooling layers. Maxpooling is a common pooling approach.

The down sampled output is created by taking the greatest input value within the kernel,

resulting in a reduced output. A pooling layer has a kernel and a stride of comparable
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length. Pooling layers have two key advantages: they reduce the amount of weights and

the likelihood of overfitting the training data (Snuverink, 2017).

3.4.3 Fully connected layer

The output of the pooling layer undergoes a crucial step before entering the Fully Con-

nected (FC) layers. It is flattened to form a vector of features, which serves as the input

layer for the FC network. The FC layers, resembling a Multi-Layer Perceptron (MLP),

consist of three distinct layer types: input, hidden, and output. The primary function of

the hidden layers within the FC network is to transform non-linear space representations

into a more concise and discriminative feature space. Lower-level features like lines and

edges are extracted by the initial hidden layers, while higher-level representative features

are progressively extracted by subsequent hidden layers. At the output layer, a classi-

fier is employed to facilitate classification tasks. This classifier categorizes the extracted

input features into predefined classes. Examples of common classifiers include Softmax,

Sigmoid, or other standard machine learning classifiers."(Naceur, 2020).

3.5 Deep learning Architectures for Image Classification

In the past decade, there have been significant advancements in CNN architectures (Shrestha

and Mahmood, 2019)(Khan et al., 2020a). The design of the model architecture plays a

crucial role in improving the performance of various applications. Over the years, CNN

architectures have undergone several modifications, including structural reformulation,

regularization techniques, parameter optimizations, and more. These changes have been

introduced from 1989 to the present, contributing to the evolution of CNN architecture.

Notably, the remarkable improvement in CNN performance can be attributed to two

key factors: the restructuring of processing units and the development of novel build-

ing blocks (Alzubaidi et al., 2021). These advancements have had a significant impact on

the capabilities and efficiency of CNN models. To explore different approaches to classi-

fication, let’s consider some notable CNN architectures: Inception, ResNet, SqueezeNet,

MobileNet, DenseNet, and EfficientNet. Each of these architectures has its unique charac-

teristics and has demonstrated impressive performance in various computer vision tasks.
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3.5.1 Inception

(Szegedy et al., 2015) presented the Inception Module with the GoogLeNet architecture in

their work "Going deeper with convolutions". While simply adding layers and using large

filter numbers to enhance the depth of a network is a fairly straightforward approach to

attempting to improve network performance, the disadvantages are a risk of overfitting

and a higher computing cost. (Szegedy et al., 2015) developed a method to overcome this

problem with the introduction of the Inception Module. The main concept is to combine

the advantages of sparse and dense computing. Figure 3.6 shows a graphical illustration

of the Inception Module.

Figure 3.6: Inception Module.

Convolutional neural networks (CNNs) using Inception Modules are used to cut down

on computational costs. Neural networks must be constructed effectively since they deal

with a large number of images with a wide range of highlighted image content, also

known as salient parts. Convolution is performed on input with not one, but three distinct

sizes of filters in the most basic version of an inception module (1x1, 3x3, 5x5). In addition,

maximum pooling is used. Rather of having one convolutional layer or one pooling layer,

convolutional and pooling layers function in parallel. The authors reduced the dimen-

sionality of the feature maps by inserting 1x1 convolutional layers before the 3x3 and 5x5

layers because this would result in too many outputs. Besides, A ReLU unit is placed after

these 1x1 layers. convolutions 3x3 and 5x5 can cover larger spread-out clusters, but 1x1

convolutions can only cover extremely small clusters. This is why smaller convolutions

are employed in the early layers of the CNN, but 3x3 and 5x5 are more prevalent in the
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later layers, when high-level reasoning takes place. The outputs are then concatenated

and forwarded to the next layer. The network develops progressively broader, not deeper,

by configuring the CNN to complete its convolutions on the same level.

3.5.2 Deep Residual Networks (ResNet)

The ResNet, introduced by Microsoft Research Asia, is a deep neural network that ad-

dresses the challenge of degradation in performance when stacking more convolutional

layers (He et al., 2016). While increasing network depth initially improves accuracy, there

comes a point where the performance starts to degrade. To overcome this issue, the au-

thors proposed a residual learning framework. The residual learning framework enables

the training of deep neural networks by incorporating shortcut connections between lay-

ers, allowing for improved network depth without increasing parameters or complex-

ity (Chen et al., 2020). Residual networks, often referred to as ResNets, have gained

widespread popularity in the literature and have demonstrated significant success in var-

ious deep learning applications (Liu et al., 2019). In the literature, different variants of

ResNet are distinguished based on the number of convolutional layers they possess. For

instance, ResNet-101 consists of 101 convolutional layers, while ResNet-34 has 34 convo-

lutional layers. A building block of ResNet is illustrated in Figure 3.7.

Figure 3.7: A building block for residual learning.
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As is typical, the input x is passed into a stacking of convolutional layers. A shortcut

is also implemented in addition to this. Shortcut connections are connections between

layers that skip one or more layers. This shortcut connection is an identity function in

residual networks. As a result, the output of this shortcut equals its input (Kölbl, 2017).

The identity function’s output (x) is then added to F(x), which is the output of the weight

layers:

F(x) + x. (3.6)

3.5.3 SqueezeNet

SqueezeNet was developed by (Iandola et al., 2016) with the goal of reducing the number

of parameters required to adjust the network while maintaining accuracy comparable to

other well-known models. The essential features of this network are the reduction in the

number of input channels for each convolutional layer, as well as the downsampling late

in the network, resulting in a large activation map for the convolutional layers (Abreu

Dias, 2019). In the SqueezeNet paper, the author outlines three main strategies: First, they

employed 1×1 filters instead of 3×3 filters to minimize network parameters. Because 1×1

kernels have 9 fewer parameters than 3×3 kernels, it seems to be more efficient. Second,

they Reduced the number of input channels to 3×3 kernels. To reduce the depth of the

model and the computation for the following 3 ×3 kernels, they employed the 1×1 kernels

as a bottleneck layer called a squeeze layer. Finally, downsampling later in the network

to preserve the feature maps while keeping the huge activation maps. The theory is that

the larger activation map is preserved because the network’s downsampling is delayed,

resulting in improved classification accuracy (Gaikwad, 2018). To implement the above

strategy (Iandola et al., 2016) employed the fire module in the SqueezeNet architecture,

which has two types of layers: a squeeze layer and an expanded layer. A SqueezeNet is a

network that consists of a number of fire modules and a few pooling layers. The feature

map size is kept the same by the squeeze and expand layers, but the former reduces the

depth while the latter increases it. In neural networks, squeezing (bottleneck layer) and

expansion behavior is common. To obtain a high-level abstract, another common pattern

is to increase depth while lowering feature map size. Figure 3.8 shows the Fire layer of

SqueezeNet Architecture.

30



Figure 3.8: Fire layer of SqueezeNet Architecture.

3.5.4 MobileNet

Researchers worked to develop CNN architectures that were specifically designed to work

on mobile and embedded devices. In this aspect, MobileNets are currently the most com-

mon network family. In comparison to other CNN architectures like ResNets or VGGNets,

they provide a favorable trade-off between computational costs and network accuracy. So

far, three versions of MobileNets have been released, each of which builds on the preced-

ing version while also introducing new concepts.

In 2017, a Google team presented MobileNetV1 (Howard et al., 2017). It is made up of

VGG-style building blocks that significantly decrease the model’s parameters and MACs

by replacing traditional convolutional layers with depthwise separable convolutions and

pointwise convolutions. After every convolutional layer, a batch normalization layer

and a ReLU layer are applied consecutively. By replacing standard convolutions with

depthwise-separable convolutions, the number of parameters is drastically decreased. As

a result, it appears that the model will lose its descriptiveness. The concrete structure of a

MobileNetV1 is defined by two hyperparameters: width and resolution multiplier.
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MobileNetV2 (Sandler et al., 2018) was created with mobile platforms in considera-

tion, with low computational complexity and great performance. It splits convolutions

into two layers using depth-wise separable convolutions instead of the traditional con-

volutional layer. A depth-wise separable convolution is applied before a point-wise con-

volution in depth-wise separable convolutions. In contrast, to complete convolutional

operators, which apply convolutions to all channels, depth-wise convolutions apply con-

volutions to a single input channel at a time. Following the depth-wise convolutions, the

point wise convolution computes linear combinations of the input channels to generate

new features. Depth-wise separable convolutions are made up of these layers, which may

be used to substitute regular convolutional layers at a reduced computational cost. The

depth-wise convolutions in the MobileNetV2 architecture 35 leverage linear bottleneck

shortcut connections to produce inverted residual blocks. To ensure that less informa-

tion is lost, MobileNet v2 35 employs linear bottlenecks to extend channel dimensions in

low dimensions. Inverted residual blocks are formed when linear bottlenecks and depth-

wise separable convolution are combined. Levels with a minimal number of channels are

connected, and no non-linear activation function is utilized in these layers. The inverted

residual blocks minimize computing complexity while maximizing feature extraction ef-

ficiency.

MobileNet V3 (Howard et al., 2019) is the most recent version of a series of MobileNets

that are meant to increase accuracy while keeping resource limits in mind. A network-

aware platform architecture search was combined with a net adapt method to create it.

In terms of accuracy and latency, it has outperformed previous MobileNets. The authors

added again some concepts, including squeeze-and-excitation models and more modern

activation functions. Squeeze-and-excitation (SE) modules are generic additions to any

CNN architecture(Howard et al., 2019). The idea behind them is to give the model the abil-

ity to weigh certain channels or regions of a feature map more for a certain input. A global

pooling operation at the First layer of the module makes the module cheap to compute

since all the following layers act on a spatial resolution of 1x1. Besides the usual ReLU,

MobileNetV3 investigates the effect of applying different activation functions. Thus, in-

verted residual bottlenecks, squeeze and excite blocks made up MobileNet V3. Figure 3.9

shows a building block of MobileNet V3.
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Figure 3.9: Building block of MobileNet V3 .(Howard et al., 2019)

3.5.5 DenseNet

A densely connected convolutional network (DenseNet) is a network presented by(Huang

et al., 2017) in 2017. It is made up of densely connected CNN layers. The outputs of each

layer in a dense block are connected. When CNNs get deeper and deeper, information

about the input or gradient that passes through several layers tends to vanish by the time

it reaches the network’s end (or beginning). DenseNet tackles this problem with a simple

connectivity pattern called dense connectivity. It provides full information flow across

levels in the network by directly connecting all layers using feature maps of the same

size. Each layer takes data from all previous levels as input and then sends its own fea-

ture maps to all subsequent layers (Gu, 2017). The authors argue in (Huang et al., 2017)

that the network required fewer parameters than standard convolutional networks since

it did not need to relearn redundant feature maps. DenseNet architecture differs from

ResNet 28 in that it uses a concatenation of the previous input with the output of the

current layer rather than adding several levels. DenseNet uses a composite function in-

corporating batch normalization and ReLU After a 3 ×3 convolution layer. the composite

function’s result is concatenated with the input before being passed to the next composite

function. A bottleneck 1×1 convolution layer with 128 filters is used to start the compos-

ite function. This is done to lower the size of the input feature maps and increase the

efficiency of the larger convolution. Following that, batch normalization and ReLU ac-

tivation are performed with the 3×3 convolution layers, which have just 32 filters. Each

composite function only needs to perform a little piece because of the filter concatenation

throughout the network. The network executes a set number of composite functions in a

dense block of 40 before compressing it using a transition layer. This compression begins

with a 1×1 convolution to reduce filter dimensionality, followed by a 2×2 average pool

with a stride of two to half the output size (Berhold, 2019). The DenseNet architecture is
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a powerful approach to improve the efficiency of each layer in a CNN and to apply it to

the following convolutional layers and the dense classification layer. Figure 3.10 shows a

graphical architecture of DenseNet.

Figure 3.10: The Structure of DenseNet Architecture (Huang et al., 2017).

3.5.6 EfficientNet

(Tan and Le, 2019) was the first to present EfficientNet in their article "EfficientNet: Re-

thinking Model Scaling for Convolutional Neural Networks" in 2019. The purpose of this

article was to address the issue of scaling neural network architectures to improve ac-

curacy. The availability of processing resources generally restricts model complexity in

many convolutional neural network applications. EfficientNet allows for effective scaling

of model complexity, allowing models to be better adaptable to computing resource con-

straints. EfficientNet also allows for efficient model scaling in cases when more resources

are available. Scaling in three dimensions allows EfficientNet to be more flexible. Depth

scaling, width scaling, and resolution scaling are the three scaling dimensions. Deeper

networks may capture richer and more complicated information, but broader networks

are quicker to train and can capture finer-grained features (Tan and Le, 2019). The term

"resolution scaling" refers to the process of changing the resolution of input images. More

fine-grained patterns are caught when higher-dimensional input images are used (Tan

and Le, 2019). The various scaling dimensions are interdependent, and a "compound

coefficient" is developed in (Tan and Le, 2019)to successfully scale networks at many di-

mensions. Eight possible designs were proposed with varying complexities, ranging from

EfficientNet-B0 to EfficientNet-B7, with B0 having the lowest complexity and B7 having

the most. Figure 3.11 shows the network scaling dimensions in EfficientNet20.
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Figure 3.11: EfficientNet dimension scaling.(Tan and Le, 2019)

3.6 Deep learning Architectures for Image Segmentation

Image classification is a common application of CNNs, but directly using them for image

segmentation is not feasible. To make CNNs suitable for segmentation tasks, several tech-

niques have been developed. Successful approaches include the sliding window method,

fully convolutional networks (FCNs), U-Net, SegNet, and DeepLab v3. These techniques

involve modifying the network architecture to enable accurate and effective image seg-

mentation alongside classification.

3.6.1 Sliding Window

The sliding window technique was among the methods employed to perform image seg-

mentation using CNNs. It involves analyzing a small cropped region surrounding each

pixel to determine its classification (Torralba, Murphy, and Freeman, 2004). However,

accurately determining the optimal size of the cropped region poses a challenge, as it re-

quires striking a balance between computational demands and the amount of contextual

information considered. If the cropped area is too large, the computational cost increases

significantly, while a too-small region may lack sufficient information for accurate seg-

mentation. Compared to more contemporary approaches, the sliding window method is

computationally intensive and relatively inefficient (Lux, 2018).
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3.6.2 Fully Convolutional Networks

One of the significant advancements in image segmentation is attributed to the Fully Con-

volutional Network (FCN), a variant of the Convolutional Neural Network (CNN) intro-

duced by (Long, Shelhamer, and Darrell, 2015) in 2015. Unlike traditional CNNs, the FCN

eliminates fully connected layers and replaces them with convolution layers, enabling

analysis of images of varying sizes. By employing convolution layers, the FCN computes

nonlinear filters for each layer’s output vectors, resulting in a network capable of pro-

cessing inputs of any size and generating outputs with corresponding spatial dimensions.

The FCN also retains spatial information from the input, which is crucial for semantic

segmentation, a task involving both localization and classification. Figure 3.12 provides

an example of this transformation. Although the FCN accommodates inputs of arbitrary

sizes, the output resolution is reduced through convolutions without padding. This de-

sign choice minimizes the size of filters and computational requirements, resulting in a

coarse output that is downscaled by a factor equal to the pixel stride of the output units’

receptive fields (Long, Shelhamer, and Darrell, 2015)(Yi, 2020).

In the Fully Convolutional Network article by(Long, Shelhamer, and Darrell, 2015), it

is noted that the final fully connected layer can be viewed as a 1x1 convolution that covers

the entire region. When dense layers are employed, the input size is fixed, necessitating

scaling when different input sizes are desired. However, by replacing dense layers with

convolutions, this constraint is eliminated. When a larger input image size is provided,

the output not only includes class predictions, as in the case of typical input-sized images,

but also a feature map. Moreover, the observed behavior of the final feature map corre-

sponds to the heatmap of the desired class, making it valuable information for segmenta-

tion tasks. Since the feature map obtained at the output layer is downsampled due to the

performed convolutions, it is beneficial to upsample it using an interpolation approach. In

the network architecture, the encoder handles downsampling, while the decoder handles

upsampling—a common pattern in various architectures that involves reducing size with

the encoder and then increasing the sample rate with the decoder (Posada Moyano, 2021).

3.6.3 SegNet

SegNet is an end-to-end architecture introduced by Badrinarayanan et al. (2017) (Badri-

narayanan, Kendall, and Cipolla, 2017) as a more computationally efficient and general-

izable alternative to Fully Convolutional Networks (FCNs). One of its key features is the
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Figure 3.12: Fully convolutional networks may effectively train to produce dense predic-

tions for per-pixel tasks as semantic segmentation.(Long, Shelhamer, and Darrell, 2015)

utilization of an up-sampling layer, which allows for the expansion of feature maps with-

out introducing learnable parameters. The overall structure of SegNet resembles that of an

autoencoder, comprising an encoder and a decoder. In SegNet, the encoder network con-

sists of 13 convolutional layers, mirroring the architecture of the VGG16 network. These

convolutional layers are responsible for generating a set of feature maps through convo-

lution operations with a filter bank. Batch normalization is applied to the feature maps,

followed by the rectified linear unit (ReLU) activation function. Subsequently, the feature

maps undergo sub-sampling using max-pooling with a window size of 2x2 and a stride

of 2, providing translation invariance over small spatial shifts in the input image. The

decoder network in SegNet has a symmetric structure to the encoder, with 13 layers cor-

responding to each layer in the encoder. To create sparse feature maps, the decoder uses

the memorized max-pooling indices from the corresponding encoder feature map to up-

sample its input. On the other hand, dense feature maps are generated by convolving the

feature maps with a trainable decoder filter bank. Batch normalization is applied to each

of these feature maps, and the resulting high-dimensional feature representation is passed

through a trainable softmax classifier, which performs pixel-wise classification. At each

pixel, the predicted segmentation corresponds to the class with the highest probability.
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Figure 3.13: An example of upsampling applying max-pooling indices in SegNet.

3.6.4 Unet

The U-Net architecture is a variant of Fully Convolutional Networks (FCNs) that is widely

used for semantic segmentation tasks. Its name "U-Net" originates from its U-shaped

network structure. Although there are similarities between U-Net and SegNet (Badri-

narayanan, Kendall, and Cipolla, 2017) architectures, they were developed for different

segmentation purposes. In 2015, Ronneberger et al. (Ronneberger, Fischer, and Brox, 2015)

introduced the U-Net architecture specifically for biomedical image segmentation and lo-

calization. The network architecture of U-Net is depicted in Figure 3.14. One of the notable

advantages of U-Net over traditional CNNs is its ability to provide both classification and

localization information in its output. Localization refers to the labeling of individual pix-

els in an image with class-specific information. U-Net surpasses FCNs by achieving more

accurate segmentations even with limited training images. This is achieved by employing

upsampling layers with a higher number of feature channels, allowing the propagation of

contextual information to higher resolution layers.

The U-Net architecture is composed of two main paths: the contracting path (left) and
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Figure 3.14: A schematic of the U-Net architecture.(Ronneberger, Fischer, and Brox, 2015)

the expanding path (right), connected by skip connections. This configuration follows the

common encoder-decoder architecture notation. The contracting path functions as a con-

volutional network, where successive 3x3 convolutions are applied, followed by ReLU

activation and 2x2 max pooling with a stride of 2. The number of channels is doubled

at each downsampling stage.The expanding path initiates by performing upsampling on

the feature map, which is followed by a 2x2 convolution operation (referred to as up-

convolution) that reduces the number of channels by half. The upsampled feature map

is then concatenated with the corresponding feature map from the contracting path. Two

3x3 convolutions with ReLU activation are subsequently applied (Ronneberger, Fischer,

and Brox, 2015). The skip connections enable the transfer of pattern information from the

encoder to the decoder, facilitating the retrieval of fine-grained features during predic-

tions (Minaee et al., 2021).Compared to the original Fully Convolutional Network (FCN),

U-Net is designed to capture and exploit contextual information more effectively. While

FCN may not efficiently consider global contextual information, U-Net addresses this lim-

itation by leveraging contextual information more efficiently (Minaee et al., 2021). The

U-Net architecture was initially employed for biomedical image segmentation tasks with

limited training data. To augment the training data, data augmentation techniques were
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utilized. The results demonstrated that U-Net achieved remarkable segmentation perfor-

mance in the field of medical image analysis (Ronneberger, Fischer, and Brox, 2015)(Borg-

ersen, 2021).

3.6.5 Deep Lab

DeepLab is a segmentation model created and open-sourced by Google. DeepLab’s ar-

chitecture has evolved over the years, from DeepLabV1 in 2014 to DeepLabV3+ in 2019.

Each of the improved versions introduces new concepts and dramatically increases per-

formance. DeepLab, unlike the previous architectures, employs a method called Atrous

Convolution to downsample the feature maps instead of max-pooling. Atrous convo-

lution efficiently increases the field of vision of filters without increasing the number of

parameters or processing.

DeepLabV1’s (Chen et al., 2014) success in semantic segmentation is owing to various

improvements. Due to DCNN invariance, the advances address diminishing feature res-

olution and reducing localization accuracy. The spatial resolution is significantly reduced

as a result of successive pooling operations. DeepLabV1 removes the down-sampling op-

erator from the final few layers of DCNN and instead up-samples the filters in succeeding

convolutional layers, resulting in higher sampling rate feature maps. DeepLabV1 also

employs a fully connected Conditional Random Field to capture small details (CRF).

DeepLabV2 (Chen et al., 2017a) addresses the issue of object existence at multiple

scales to boost the effectiveness of DeepLabV1 architecture. Atrous Spatial Pyramid Pool-

ing (ASPP) is the recommended solution .The objective is to fuse numerous atrous convo-

lutions with various rates to the input feature map. Since objects of the same class might

have varying scales in the image, ASPP considers the different scales, which improves

accuracy.

The Deep Lab v3 (Chen et al., 2017b) semantic segmentation system departs from

the Encoder-Decoder design by restricting the amount of downsampling operations uti-

lized in the encoding path. Using atrous convolutions with increasing dilation factors, it

achieves a field of view comparable to models with a higher number of max-pooling lay-

ers (Hernandez, 2019). DeepLabV3 (Chen et al., 2017b) was designed to capture sharper

object boundaries by gradually recovering spatial information. DeepLabV3’s design is
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based on a unique encoder-decoder architecture with atrous separable convolution. Many

computer vision tasks, including object detection, human position estimation, and seman-

tic segmentation, have effectively used the basic encoder-decoder structure. DeepLabV3

employs depthwise separable convolution in addition to the encoder-decoder network to

improve computational efficiency. The basic convolution is factored into a depthwise con-

volution, which is then followed by a pointwise convolution. The depthwise convolution,

in particular, executes a spatial convolution independently for each input channel. The

pointwise convolution is used to combine the depthwise convolution output and to mod-

ify the number of channels.

DeepLabV3+ (Chen et al., 2018) is the improved version of DeepLabV3 by including a

basic yet effective decoder module to recover the object boundaries, as illustrated in Figure

3.15 The encoder part employs Modified Aligned Xception(Dai et al., 2017) as its primary

feature extractor. Depthwise separable convolution with striding replaces all max-pooling

procedures. The encoder works by decreasing the resolution of the input by a factor of

16. Instead of simply upsampling the features by 16, the decoder first upsamples them

by a factor of 4 and concatenates them with the matching low-level features. Following

concatenation, 3×3 convolutions are applied, and the feature map is upsampled by a factor

of 4 to do the prediction.

Figure 3.15: The proposed model DeepLabv3+ which employs the spatial pyramid pool-

ing module (a), with the encoder-decoder structure (b).(Chen et al., 2017b)
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3.7 Conclusion

In this chapter we have provided an introduction to deep neural networks, with a focus on

convolutional neural networks (CNNs). We have explored the essential building blocks of

CNNs, including convolution, non-linear activation functions, pooling, upsampling, and

fully-connected layers. These operations play a crucial role in the CNN algorithm, allow-

ing for effective feature extraction and representation. Additionally, we have discussed

the application of deep convolutional architectures for image segmentation and classifi-

cation tasks. CNNs have demonstrated remarkable success in these domains, achieving

state-of-the-art results on various datasets. By leveraging the hierarchical nature of CNNs

and their ability to learn meaningful features, we can tackle complex computer vision

tasks with improved accuracy and efficiency. The knowledge gained from this chapter

provides a solid foundation for understanding and implementing CNNs in practical ap-

plications.
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Chapter 4

SKIN CANCER PROCESS AND

LITERATURE REVIEW

4.1 Introduction

Skin cancer is a prevalent and potentially fatal disease that affects a significant number of

people worldwide (Ashraf et al., 2020). It is divided into two main types: melanoma and

non-melanoma (Elgamal, 2013). Melanoma is a dangerous and uncommon form of skin

cancer that arises when melanocytes, the cells responsible for producing skin pigment, un-

dergo uncontrolled growth. Early detection is crucial for effective treatment, as advanced

melanoma can metastasize and lead to severe consequences (Dildar et al., 2021). In con-

trast, non-melanoma skin cancers are generally easier to treat. Therefore, timely detection

plays a vital role in successful skin cancer therapy (What’s the difference between melanoma

and non-melanoma skin cancer? 2016).

The conventional method for diagnosing skin cancer is through a biopsy, in which a sam-

ple of a suspicious skin lesion is taken and examined to determine malignancy. However,

this approach is often is difficult and expensive (Dildar et al., 2021). Consequently, there is

a growing need for alternative approaches that can rapidly and cost-effectively diagnose

skin cancer using computer technology. This has prompted researchers to explore liter-

ature review approaches to investigate skin cancer symptoms and distinguish between

melanoma and non-melanoma cases.

Deep learning, a field inspired by the human nervous system, has made significant strides

in various scientific and industrial domains. Its rapid advancement in processing biomed-

ical data, including medical images and records, has enabled researchers to extract more
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precise and reliable information. Deep learning has demonstrated impressive results in a

wide range of medical image processing tasks, primarily due to the increasing availability

of biomedical data (Weber, Mandl, and Kohane, 2014) (Filimon and Albu, 2014)(Serener

and Serte, 2020)(Zhang et al., 2021).

In recent years, a variety of deep learning algorithms have been employed in computer-

based skin cancer detection. This section aims to present a comprehensive literature re-

view that examines both classical techniques and current approaches utilizing deep learn-

ing methodologies for the analysis of skin lesion images. By harnessing the power of

deep learning and capitalizing on the abundance of biomedical data, researchers strive to

develop more accurate and efficient systems for the early detection of skin cancer.

This section is subdivided into four main sections. Section 4.2 describes steps for skin

cancer detection. The skin image pre-processing step is presented in Section 4.4. Section

4.5, and 4.6 summarize different related works for skin image segmentation and classifi-

cation.

4.2 Skin cancer detection steps

Automated detection of skin lesions is a critical step in computerized melanoma diagnosis

systems (Celebi et al., 2009)(Ganster et al., 2001)(Celebi et al., 2015). Accurate segmenta-

tion of skin lesions from surrounding tissues is necessary to identify distinct features for

melanoma classification (Ganster et al., 2001) (Schaefer et al., 2014). However, segmen-

tation is challenging due to variations in color, texture, shape, size, and lesion location

within the image frame. Additionally, lesion imaging poses complexities such as varia-

tions in skin tone and the presence of artifacts like hair, blood vessels, ruler marks, air

bubbles, ebony frames, and color illumination. These intricate visual features of skin le-

sions are illustrated in Figure 4.1 and are described below (Al-Masni et al., 2018)(Adegun

and Viriri, 2021): .

• Size and shape variations: the accurate identification of skin lesions is hindered by

several factors. First, size and shape variations among skin lesions contribute to the

complexity of analyzing these images. Lesions can vary greatly in their location,

size, and overall form. As a result, image analysis approaches often involve image

pre-processing as a necessary step to ensure accurate analysis.

• Artifacts presence: the presence of artifacts further affects the ability to identify skin

lesions in images. These artifacts, such as hair, bubbles, and blood vessels, introduce
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compromising signals that can interfere with manual interpretation and computer-

aided segmentation procedures.

• Low contrast: the poor contrast between the lesion region and the surrounding skin

presents challenges in precisely segmenting the lesions.

• Irregular fuzzy boundaries: Irregular and fuzzy boundaries in skin lesion images

create difficulties for algorithms attempting to refine contours and locate lesion bound-

aries. Obtaining precise images of lesion boundaries during the preprocessing stage,

particularly for simple asymmetry prediction, can be challenging.

• Color illumination : The illumination of the dermoscopic images can be affected by

the color, texture, light rays, and reflections of the skin lesion image, producing the

images multiresolution.

Figure 4.1: Examples of challenging skin lesions cases (a) irregular fuzzy boundaries, (b)

low contrast, (c) blood vessels, (d) color illumination, (e) bubbles, (f) ruler mark artifact,

(g) hair artifact, and (h) frame artifact.(Al-Masni et al., 2018)

Broadly, the entire pipeline for detecting and diagnosing melanoma cancer has been

divided into key processing stages, encompassing tasks such as image pre-processing,

image segmentation, feature extraction, and the classification of lesion images (Koundal

and Sharma, 2019) (Ünver and Ayan, 2019), illustrated in Figure 4.2.
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Pre-processing stage

Segmentation stage

Feature extraction stage

Classification stage

(Melanoma/non Melanoma)

Figure 4.2: Pipeline process of melanoma cancer diagnosis.

4.3 Database discription

In this study, we utilized four publicly available datasets of skin lesions to train and eval-

uate the proposed skin cancer detection framework. The datasets used are as follows:

The PH2 dataset (Mendonça et al., 2015) was obtained from Hospital Pedro Hispano in

Matosinhos, Portugal, and the University of Porto. It comprises 200 dermoscopic images,

consisting of 80 common nevi, 80 atypical nevi, and 40 melanomas. The images in the

PH2 dataset vary in size, ranging from 553 x 763 to 577 x 769 pixels.

The ISIC 2016 skin lesion challenge database (Gutman et al., 2016) provides skin lesion

images categorized as malignant or benign. It consists of 900 training images, with 173

images classified as melanoma and 727 as non-melanoma. Additionally, there are 379

testing images, including 75 melanoma and 304 non-melanoma images. The images in

the ISIC 2016 dataset have varying sizes, ranging from 566 x 679 to 2848 x 4228 pixels.

The ISIC 2017 (Codella et al., 2018) skin lesion challenge contains a total of 2750 images,

with 2000 RGB images in the training set, 600 images in the testing set, and 150 images in

the validation set. The images’ sizes in the ISIC 2017 dataset range from 453 x 679 to 4499

x 6748 pixels.

The ISIC 2018 (Codella et al., 2019)includes 1000 test images from the HAM10000 dataset

Tschandl, Rosendahl, and Kittler, 2018 and 2594 RGB dermoscopic training images, and

2594 RGB dermoscopic training images. The images in the ISIC 2018 dataset have spatial

resolutions ranging from 540 x 722 to 4499 x 6748 pixels.
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4.4 Skin image preprocessing

Preprocessing is primarily used to prepare images for more efficient processing and ac-

curate feature recognition. Preprocessing an image can minimize irrelevant information,

increase the intensity of relevant information, simplify the data, and enhance dependabil-

ity. This procedure included data augmentation, image enhancement, image resizing, and

normalization. Image preprocessing procedures are described below (Zhang et al., 2021):

Normalization: is a common technique used in machine learning and image processing

to rescale data to a common range, typically [0, 1] or [-1, 1]. Its purpose is to ensure that

different features or variables have similar scales, preventing any one feature from domi-

nating the learning process due to its larger magnitude. By rescaling the data, normaliza-

tion can help improve model performance, convergence, and optimization efficiency. It is

not a guaranteed solution to data alteration or failure, but it can prevent biases caused by

varying scales and facilitate better comparison and interpretation of feature importance.

Resize: Skin lesions are often small compared to the overall size of skin images (Gomez

et al., 2007) (Kaymak, Esmaili, and Serener, 2018). To process these images efficiently for

deep learning tasks, preprocessing is necessary due to the high resolution of the original

lesion images, which can result in a high computation cost (Harangi, 2018). To maintain

the integrity of the lesion contour, a common approach is to first crop the images to the

center and then resize them as needed. Scaling and clipping (Mahbod et al., 2020) tech-

niques are commonly employed to adjust the images to the appropriate size, considering

both computational requirements and information density.

Data augmentation: is a technique used to address the limited data problem in skin dis-

ease identification. It involves applying transformations like rotation, random cropping,

and noise addition to the existing dataset. These transformations create new samples that

expand the dataset and improve the model’s ability to generalize. By simulating different

perspectives and variations, data augmentation enhances the model’s learning capacity

and reduces the risk of overfitting.

Figure 4.3 depicts different image processing approaches that may be used to expand

the image database (Howard, 2013).
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Figure 4.3: Examples of data argumentation (a) Original image; (b) Flip; (c) Random crop;

(d) Rotation; (e) Shift; (f) Color jittering; (g) Noise; (h) Standardization; and (i) Paste

.(Zhang et al., 2021)

4.5 Related work for skin lesion Segmentation

Skin lesion segmentation methods have been extensively researched, employing tradi-

tional computer vision, machine learning, and deep learning techniques. While traditional

computer vision approaches have been used, they often yield inadequate results on low-

contrast skin images. In contrast, deep learning techniques have emerged as a promising

solution for biomedical image segmentation, including skin lesion segmentation. These

methods leverage neural networks, such as convolutional neural networks (CNNs), and

specialized architectures like fully convolutional networks (FCNs) and U-Net. Deep learn-

ing approaches have shown superior performance in automatically segmenting skin le-

sions, surpassing the capabilities of traditional methods. This section presents traditional

and current approaches for skin lesion segmentation.
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4.5.1 Performanace Evaluation

Six widely used metrics Recall (Sensitivity (SENS)), Accuracy (ACC), Precision, F1_Score,

Jaccard index, and Specificity (SPEC)—were utilized to evaluate the performance of the

proposed system. These are the metrics’ definitions:

Accuracy =
(TP + TN)

(TP + TN + FP + FN)
(4.1)

Sensitivity =
TP

(TP + FN)
(4.2)

Speci f icity =
TN

(TN + FP)
(4.3)

DiceCoe f f icient =
(TP × 2)

(2TP + FP + FN)
(4.4)

Precision =
TP

(TP + FP)
(4.5)

F1Score =
2 ∗ (Recall ∗ Precision)

Recall + Precision
(4.6)

Jaccardindex =
TP

(TP + FP + FN)
(4.7)

4.5.2 Previous Related Works to Lesion Segmentation

The segmentation and identification of lesions in dermoscopic images are widely recog-

nized as highly challenging tasks due to the presence of numerous abnormalities. Con-

sequently, extensive research has been conducted to explore various algorithms and ap-

proaches for effectively extracting the affected lesion regions from skin cancer imaging.

(Emre Celebi et al., 2008) described a rapid and unsupervised method for recognizing

boundaries in dermoscopy images of pigmented skin lesions. They introduced the sta-

tistical region merging technique as the basis of their approach. This technique involves

merging neighboring regions iteratively based on statistical similarity measures. By ap-

plying this technique to dermoscopy images, they aimed to automatically identify and
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delineate the boundaries of pigmented skin lesions without the need for manual interven-

tion or supervision. The proposed method offered a time-efficient and automated solu-

tion for boundary recognition in dermoscopy images, which has important implications

for dermatology and the analysis of skin lesions. (Yueksel and Borlu, 2009) introduced a

method for precise segmentation of pigmented skin lesion boundaries from healthy skin.

They employed the type-2 fuzzy logic technique to determine an automated threshold

value. This technique is advantageous as it allows for uncertainty modeling, making it

more robust in handling variations in the boundaries of skin lesions. By utilizing the type-

2 fuzzy logic technique, they aimed to develop an effective and automated thresholding

approach that could accurately differentiate between pigmented lesions and healthy skin.

Their method provided a significant contribution to the field of dermatology by improv-

ing the accuracy of boundary segmentation in the analysis of pigmented skin lesions.

(Celebi et al., 2010) introduced a fusion-based approach for accurately segmenting lesion

borders in dermoscopic images. They utilized a combination of thresholding methods, in-

cluding Otsu’s algorithm, Kapur’s algorithm, Huang’s algorithm, and Kittler’s algorithm.

By combining the outputs of these thresholding methods, the authors aimed to enhance

the accuracy and robustness of lesion border segmentation. This fusion-based approach

was designed to overcome the challenges associated with the variability in dermoscopic

images. The fusion of multiple thresholding methods allowed for improved adaptation

to different image characteristics, resulting in more precise segmentation results. The pro-

posed approach provided a comprehensive and effective solution for accurately delineat-

ing lesion borders in dermoscopic images, contributing significantly to the field of der-

matology and the analysis of skin lesions. (Garnavi et al., 2010) introduced an automated

segmentation technique for skin lesions. They analyzed different color channels using

color space analysis and clustering with histogram thresholding. The optimal color chan-

nel was chosen for lesion segmentation, and Otsu’s thresholding method was used to ac-

curately separate the lesions from the background. This approach enabled automated and

reliable skin lesion segmentation. (Zhou et al., 2011) combined the mean shift algorithm

with gradient vector flow (GVF) for image segmentation. The mean shift operation is inte-

grated into the GVF cost function to guide the segmentation process in the right direction.

This integration allows for improved accuracy and effectiveness of image segmentation by

leveraging the local structure information provided by mean shift and the global contour

evolution capability of GVF. (Abbas, Fondón, and Rashid, 2011) presented an unsuper-

vised method for segmenting multiple lesions using modified Region-based Active Con-
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tours (RACs). Their approach utilized iterative thresholding to automatically establish

the level set and imposed maximum smoothing limits on the Courant–Friedreichs–Lewy

(CFL) function to ensure curve stability during the segmentation process. The goal was to

improve segmentation accuracy while reducing artifacts in the results. (Nowak, Ogorza-

lek, and Pawlowski, 2012) created an adaptive filter influenced by Swarm Intelligence (SI)

optimization techniques for recognizing pigment network architectures. Their approach

involved applying filters (agents) randomly to different areas of the image and allow-

ing each filter to adapt its output based on information from neighboring filters. This

collaborative behavior among the filters enhanced the accuracy of recognizing pigment

network architectures by collectively analyzing and adapting their outputs. (Castillejos et

al., 2012) developed a technique for segmenting and detecting the boundary of a skin le-

sion using clustering techniques based on the wavelet transform. The approach involved

grouping homogeneous pixels into clusters using algorithms such as K-Means, Fuzzy C-

Means, and Cluster Preselection Fuzzy C-Means. By leveraging the wavelet transform

and clustering algorithms, the technique facilitated accurate segmentation and boundary

detection of skin lesions. (Lee and Chen, 2014) suggested a technique for distinguish-

ing malignant borders from skin imaging using the fuzzy c-mean approach (FCM) and

the type-2 fuzzy set algorithm. Their method aimed to find an optimal threshold value

to effectively differentiate malignant borders. By leveraging the FCM algorithm and the

type-2 fuzzy set algorithm, their technique accurately identified malignant borders while

managing uncertainty and imprecision. (Jaworek-Korjakowska and Tadeusiewicz, 2014)

presented a technique for detecting and classifying border irregularity, which is an impor-

tant parameter in the widely used dermoscopy diagnostic algorithm called the ABCD rule.

Their approach utilized image processing and pattern recognition techniques to automat-

ically identify and classify irregular borders in dermoscopy images, contributing to the

assessment of lesion malignancy. (Glaister, Wong, and Clausi, 2014) presented a texture-

based skin lesion segmentation method for accurately segmenting skin lesions based on

their unique texture characteristics. Their approach involved utilizing an illumination-

corrected image to learn a collection of typical texture distributions and calculating a tex-

ture distinctiveness measure for each distribution. By analyzing the distinctiveness of the

texture patterns, their method aimed to achieve precise segmentation of skin lesions. (Bi

et al., 2016) introduced an automated melanoma identification approach for dermoscopy

images. Their method utilized multi-scale lesion-biased representation (MLR) and com-

bined reverse classification (JRC). The MLR representation allowed for the description of
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skin lesions using closely related histograms generated from various rotations and scales.

By incorporating information from multiple scales and orientations, the MLR represen-

tation provided a comprehensive understanding of the lesion’s characteristics. The inte-

gration of MLR with JRC further improved the accuracy of melanoma identification in

dermoscopy images. (Pennisi et al., 2016) proposed an approach for segmenting lesions.

Their technique began by employing the closing technique to eliminate unwanted ele-

ments such as hair and outlier pixels. Subsequently, two segmentation algorithms were

simultaneously applied, producing two separate images. One image represented the skin

region, while the other was generated through edge detection using Delaunay Triangula-

tion. The researchers then combined these two images, leveraging their complementary

information, to obtain the final segmentation of the lesion. This method aimed to enhance

the precision of lesion segmentation by integrating multiple segmentation algorithms and

edge detection techniques.

4.5.3 Current Technologies Related to Skin Lesion Segmentation.

In the realm of skin lesion segmentation, various research studies have explored the uti-

lization of different deep learning architectures, including Fully Convolutional Networks

(FCN), U-Net, SegNet, and DeepLab. Several studies have explored and developed effec-

tive models using these architectures. Here are some discussions on these notable archi-

tectures:

• Fully Convolutional Networks (FCN) : (Bi et al., 2017) developed a multi-stage fully

convolutional network (FCN) approach for skin lesion segmentation. They addressed

the limitations of existing methods, which often struggled with fuzzy boundaries,

low contrast, inhomogeneous textures, and artifacts in skin lesions. The proposed

method utilized FCNs to combine low-level appearance information with high-level

semantic information. Multiple FCNs were trained at different stages to capture

complementary visual characteristics of skin lesions. They introduced a parallel

integration method to combine the outputs of these stages, resulting in improved

segmentation accuracy with well-defined lesion boundaries. The performance of

the approach was evaluated on the ISBI 2016 Skin Lesion Challenge dataset and the

PH2 dataset, where it outperformed other state-of-the-art methods. (Yuan, 2017)

presented fully convolutional network that leveraged 19-layer deep convolutional

neural networks (CNNs) trained end-to-end, without relying on prior knowledge

of the data. They proposed strategies to address the challenges of limited training
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data and introduced a novel loss function based on Jaccard distance to handle the

pixel imbalance issue. The effectiveness, efficiency, and generalization capabilities

of the proposed framework were evaluated on two publicly available databases: the

ISBI 2016 dataset and the PH2 database. Experimental results demonstrated that the

method outperformed state-of-the-art algorithms on these databases. (Al-Masni et

al., 2018) created a segmentation method called Full Resolution Convolutional Net-

works (FrCN) for skin lesion segmentation. FrCN directly learned the full resolution

features of each pixel in the input data, eliminating the need for preprocessing or

post-processing operations. The method was evaluated on the ISBI 2017 Challenge

dataset and the PH2 dataset, comparing it with other deep learning segmentation

approaches. FrCN achieved high segmentation performance. It outperformed other

methods, including FCN, U-Net, and SegNet, in terms of the Jaccard index and seg-

mentation accuracy. The authors concluded that utilizing the full spatial resolutions

of the input image improved the segmentation performance by capturing specific

and prominent features . (Huang, Zhao, and Yang, 2019) have developed a segmen-

tation technique called Object Scale-Oriented Fully Convolutional Networks (OSO-

FCNs) for skin lesion segmentation, with a specific focus on melanoma detection.

Their approach involves adapting the VGG-16 network into FCNs and introducing

a training strategy called OSO training, which takes into account the scale of lesions.

The training dataset is divided into subsets based on the object occupation ratio,

and three scale-oriented FCNs are trained. The proposed method is evaluated on

the ISIC2016 dataset, and the experimental results demonstrate that the OSO-FCNs

achieve high segmentation accuracy, outperforming or performing closely to other

state-of-the-art algorithms. The study highlights the potential of the OSO-FCN tech-

nique for accurate and robust skin lesion segmentation, particularly in the context of

melanoma detection. (Shan et al., 2020) suggested a segmentation approach called

FC-DPN for automatic skin lesion segmentation in dermoscopy images. The method

combines the advantages of fully convolutional networks (FCN) and dual path net-

works (DPN) to tackle challenges such as diverse lesion characteristics, low contrast,

and image artifacts. FC-DPN incorporates sub-DPN blocks to enhance feature re-

usage and re-exploitation, resulting in improved feature representation and discrim-

ination. Experimental results on the modified ISBI 2017 Skin Lesion Challenge test

dataset and the PH2 dataset showcased the superior performance of FC-DPN com-

pared to FC-DenseNets and other existing segmentation algorithms. (Kaymak, Kay-
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mak, and Ucar, 2020) developed an automatic skin lesion segmentation technique to

aid in the diagnosis of melanoma. They employed modified Convolutional Neural

Network (CNN) architectures to create Fully Convolutional Network (FCN) archi-

tectures for this task. Four different FCN architectures, including FCN-AlexNet,

FCN-8s, FCN-16s, and FCN-32s, were utilized for semantic segmentation of skin le-

sions. The study was conducted on the ISIC 2017 dataset, and the performance of

these architectures was evaluated for the first time on this dataset. The FCNs were

trained separately after preprocessing the dataset images, and their accuracies and

Dice coefficients were calculated on a validation dataset. The experimental results

showed that the proposed FCN architectures were effective in accurately segment-

ing skin lesions. (Öztürk and Özkaya, 2020) introduced an enhanced FCN (iFCN)

architecture for automatic skin lesion segmentation. The proposed iFCN addresses

challenges related to undesirable residues, unclear boundaries, and color variations

in skin lesion images. By incorporating spatial information and a residual struc-

ture, the iFCN achieves precise segmentation without the need for preprocessing or

post-processing steps. The performance of the iFCN was evaluated on the ISBI 2017

Challenge and PH2 datasets, demonstrating its effectiveness in accurately segment-

ing skin lesions.

• U-net Architecture : (Vesal, Ravikumar, and Maier, 2018) introduced SkinNet, a mod-

ified version of the U-Net architecture, to address the challenges of skin lesion seg-

mentation. The goal was to develop an accurate and automated approach for the

early detection and segmentation of skin lesions, which is crucial for improving pa-

tient survival rates in cases of skin cancer. SkinNet incorporated dilated and densely

block convolutions, enabling the integration of multi-scale and global context infor-

mation during the training process.The performance of SkinNet was evaluated us-

ing the ISBI 2017 challenge dataset, and comparisons were made with other state-of-

the-art techniques. SkinNet demonstrated superior performance in terms of metrics

such as the Dice coefficient, Jaccard index, and sensitivity. The results highlight the

effectiveness of SkinNet in accurately segmenting skin lesions and emphasize its po-

tential for advancing the early diagnosis and treatment of skin cancer. (Nguyen et

al., 2020) proposed an enhanced version of the U-Net architecture for skin lesion seg-

mentation. Their approach incorporates EfficientNetB4 in the encoder and utilizes

residual blocks from the ResNet architecture in the decoder. The proposed method

aims to address challenges such as artifacts, blurred boundaries, and irregular edges
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in dermoscopic images. Evaluation on the ISIC 2017 and 2018 datasets demonstrates

improved performance, measured by metrics such as the Dice coefficient and Jaccard

index. This work contributes to the advancement of automated melanoma diagno-

sis by improving the accuracy and efficiency of skin lesion segmentation. (Zafar

et al., 2020) proposed an approach called Res-Unet for automating the segmenta-

tion of skin lesion boundaries. The primary objective of their work was to improve

the accuracy and efficiency of skin lesion analysis in the context of diagnosing and

treating skin cancer. The Res-Unet model was developed by combining the U-Net

and ResNet architectures, leveraging their respective strengths in image segmenta-

tion and feature extraction. The researchers trained the model using the ISIC 2017

dataset and evaluated its performance on both the ISIC 2017 test set and the PH2

dataset. Notably, they also incorporated image inpainting techniques to remove un-

wanted hair artifacts, further enhancing the segmentation results. The findings of

their study demonstrated promising outcomes, showcasing the potential of the Res-

Unet approach in accurately delineating skin lesion boundaries. (Phan et al., 2021)

developed a deep learning method based on the U-Net architecture to address the

challenges of accurately delineating skin lesions. Their approach incorporates lesion

segmentation, boundary distance map regression, and contour detection tasks. By

including these auxiliary tasks, the model improves object localization and pixel-

wise classification in the transition region between lesion and healthy tissues. Ad-

ditionally, the selective kernel modules help handle variations in lesion sizes. The

proposed method was evaluated on ISBI2016, ISBI 2017, and PH2 datasets, demon-

strating its effectiveness in skin lesion segmentation. (Vesal, Ravikumar, and Maier,

2018) introduced SkinNet, a modified version of the U-Net architecture, to address

the challenges of skin lesion segmentation. The goal was to develop an accurate and

automated approach for the early detection and segmentation of skin lesions, which

is crucial for improving patient survival rates in cases of skin cancer. SkinNet incor-

porated dilated and densely block convolutions, enabling the integration of multi-

scale and global context information during the training process.The performance of

SkinNet was evaluated using the ISBI 2017 challenge dataset, and comparisons were

made with other state-of-the-art techniques. SkinNet demonstrated superior perfor-

mance in terms of metrics such as the Dice coefficient, Jaccard index, and sensitivity.

The results highlight the effectiveness of SkinNet in accurately segmenting skin le-

sions and emphasize its potential for advancing the early diagnosis and treatment of
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skin cancer. (Nguyen et al., 2020) proposed an enhanced version of the U-Net archi-

tecture for skin lesion segmentation. Their approach incorporates EfficientNetB4 in

the encoder and utilizes residual blocks from the ResNet architecture in the decoder.

The proposed method aims to address challenges such as artifacts, blurred bound-

aries, and irregular edges in dermoscopic images. Evaluation on the ISIC 2017 and

2018 datasets demonstrates improved performance, measured by metrics such as

the Dice coefficient and Jaccard index. This work contributes to the advancement

of automated melanoma diagnosis by improving the accuracy and efficiency of skin

lesion segmentation. (Zafar et al., 2020) proposed an approach called Res-Unet for

automating the segmentation of skin lesion boundaries. The primary objective of

their work was to improve the accuracy and efficiency of skin lesion analysis in

the context of diagnosing and treating skin cancer. The Res-Unet model was devel-

oped by combining the U-Net and ResNet architectures, leveraging their respective

strengths in image segmentation and feature extraction. The researchers trained the

model using the ISIC 2017 dataset and evaluated its performance on both the ISIC

2017 test set and the PH2 dataset. Notably, they also incorporated image inpainting

techniques to remove unwanted hair artifacts, further enhancing the segmentation

results. The findings of their study demonstrated promising outcomes, showcasing

the potential of the Res-Unet approach in accurately delineating skin lesion bound-

aries. (Phan et al., 2021) developed a deep learning method based on the U-Net

architecture to address the challenges of accurately delineating skin lesions. Their

approach incorporates lesion segmentation, boundary distance map regression, and

contour detection tasks. By including these auxiliary tasks, the model improves ob-

ject localization and pixel-wise classification in the transition region between lesion

and healthy tissues. Additionally, the selective kernel modules help handle varia-

tions in lesion sizes. The proposed method was evaluated on ISBI2016, ISBI 2017,

and PH2 datasets, demonstrating its effectiveness in skin lesion segmentation.

• SegNet Architecture: (Ninh et al., 2019) developed a modified version of the Seg-

Net architecture for skin lesion segmentation in dermoscopic images. Their ap-

proach aimed to enhance computational efficiency by reducing the downsampling

and upsampling layers, while still achieving accurate segmentation results. The ef-

fectiveness of the proposed method was evaluated on the ISIC 2017 dataset, showing

promising outcomes without specifying specific numerical values.
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• DeepLab Architecture: (Azad et al., 2020) introduced Attention Deeplabv3+, an en-

hanced version of the Deeplabv3+ model for skin lesion segmentation. The pro-

posed approach incorporated attention mechanisms in two stages to improve the

segmentation performance. By assigning weights to channels and integrating differ-

ent layers of the atrous convolution, the model focused on relevant information and

achieved state-of-the-art performance on the ISIC 2017, ISIC 2018, and PH2 datasets.

Table 4.1 summarizes current skin lesion segmentation methods.

These current technologies demonstrate the ongoing advancements in skin lesion seg-

mentation using deep learning approaches, contributing to improved accuracy and per-

formance in this field.
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Table 4.1: Summary of current skin lesion segmentation methods.

Study Year Dataset Preprocessing Data augmentation Input Size Architecture Measures

Acc SE Jacc

(Yuan, 2017) 2017 ISBI2017 ! X 192 × 256 FCN 78.4%

(Bi et al., 2017) 2017 ISBI2016 X X 768×560 FCN 94.70% 94.34% 85.84%

PH2 94.24% 94.89 % 83.99 %

(Al-Masni et al., 2018) 2018 ISBI 2017 ! ! 192 × 256 FCN 96.69% 85.40 % -

(Huang, Zhao, and Yang, 2019) 2019 ISIC2016 X X height of 256 pixel FCN 95.8% 92.5% -

(Shan et al., 2020) 2020 ISBI2017 ! ! 128 × 192 95.14% 84.56% 80.02%

PH2 93.63% 94.77% 83.51%

(Kaymak, Kaymak, and Ucar, 2020) 2020 ISBI2017 X X 250 ×250 FCN 93.7% 70.3%

(Öztürk and Özkaya, 2020) 2020 ISBI2017 X X - FCN 95.30% 85.44% 78.34%

PH2 96.92% 96.88% 87.1%

(Bissoto et al., 2018) 2018 ISIC2018 ! ! 256×256 U-net

(Vesal, Ravikumar, and Maier, 2018) 2018 ISBI 2017 X X 512 × 512 93.2% 93% 76.67%

(Zafar et al., 2020) 2020 ISIC 2017 ! X 256×256 U-net - - 77.2%

PH2 - - 85.4%

(Phan et al., 2021) 2021 ISIC2016 X X 192 × 288 U-net 96.48% 87.08%

ISIC 2017 94.5% - 79.95 %

PH2 96.01% - 89.22 %

(Ninh et al., 2019) 2019 ISIC 2017 ! X 144×192 SegNet - - 77.1%

2020 ISIC 2017 X X Deeplab 96.98% 88.51% 96.98%
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4.6 Related work for Skin image classification

4.6.1 Performanace Evaluation

After training a model and saving the best parameters, the test set was evaluated using

the previously stored parameters. The ground truth targets given by the dataset were then

used to compare the resulting predicted labels. The output of classifiers is assessed using

a set of performance criteria in order to determine how closely the prediction resembles

the truth. As a consequence, four sets are directly obtained after outcomes attribution

computation:

• True Positives: The True Positives set comprises all of the malignancies identified as

malignant by the classifier applied, and they are marked by TP.

• False positives: The set of false positives comprises all of the benign that were falsely

identified by the classifier and marked as FP.

• True Negatives: The True Negatives collection comprises all of the benign l that were

categorized as benign by the classifier employed and were noticed by TN.

• False negatives: The set of false negatives comprises all of the malignant that were

mistakenly identified by the classifier employed, and they are labeled FN.

The goal is to get the FP and FN to zero. False positives need additional biopsies for

doctors and analysts. False negatives, on the other hand, are more harmful due to the lack

of medical care for these false negatives (unhealthy persons).

Since various papers use different databases, it is ideal to establish a percentage of detec-

tion or accuracy for comparison. Many performance equations are proposed and used in

classification [. The following are the most often used performance measures in image

detection:

Recall or Sensitivity (SENS): the percentage of true positives successfully detected

This is the percentage of cancerous areas that are accurately detected.

Recall(sensitivity) =
True_positive

True_positive + False_negati f
(4.8)

Accuracy (ACC): the percentage of correct predictions to total predictions. The number

of regions accurately detected based on their ground truth is divided by the total number

of predicted test regions.
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Accuracy =
True_positive + True_positive

allcases
(4.9)

Specificity(SPEC): The ratio of correctly detected negatives, also known as the True

Negative Rate, is the percentage of negatives that are correctly identified.

Speci f icity =
True_negati f

True_negati f + False_positive
(4.10)

Precision: widely used in information retrieval, expresses the proportion of positives

(malignant regions) that are, in fact, positive (malignant regions).

Precision =
True_positi f

True_positi f + False_positive
(4.11)

4.6.2 Previous Related Works to Lesion Classification

Skin lesion classification is a crucial task in dermatology, particularly when distinguishing

between melanoma and non-melanoma lesions. Over the years, numerous studies have

been conducted to develop effective techniques for accurately identifying and differenti-

ating these lesions. In this section, we will explore some of the previous related works

that have contributed to the field of skin lesion classification.

(Stanley, Stoecker, and Moss, 2007) investigated the use of relative color histogram analy-

sis to distinguish pigmented skin lesions. The research focused on analyzing color features

in different regions of skin lesions in dermoscopy images. The goal was to improve the

discrimination capability between malignant melanoma and benign lesions. The study

utilized features such as percent melanoma color and color clustering ratio to quantify

the presence of melanoma-colored pixels within the lesions. The researchers observed

promising results, demonstrating the potential of the relative color histogram analysis

technique for effective skin lesion discrimination. (Situ et al., 2008) utilized a Bag-of-

Features technique for detecting malignant melanoma. They represented skin lesions

using histograms of codewords or clusters derived from a training dataset. The study

employed Naive Bayes and Support Vector Machines as classifiers. The authors focused

on optimizing the model selection scheme to minimize false negative errors, which are

more critical in melanoma screening. (Iyatomi et al., 2008) proposed an Internet-based

melanoma screening system. The system aimed to differentiate between different types

of skin lesions by computing and utilizing 428 features related to objective characteris-

tics. These features were used as input to a neural network classifier, which employed

the ABCD rule and differential architectures of the lesions for classification purposes. The

60



system achieved promising results in terms of sensitivity and specificity, although spe-

cific values were not provided. The authors highlighted the accessibility and accuracy of

their system in providing melanoma diagnosis remotely via an online platform. (Di Leo

et al., 2008) conducted a study centered around the detection of the atypical pigmented

network, an important dermatological structure. Their proposal focused on determining

the malignancy of skin lesions by utilizing decision-tree classification techniques in com-

bination with image processing algorithms. The researchers aimed to estimate chromatic

and structural characteristics associated with the atypical pigmented network, thereby en-

hancing the accuracy of lesion malignancy determination. (Sadeghi et al., 2011) presented

a method for the detection and visualization of pigment network patterns in dermoscopic

images. Their approach involved multiple steps. Initially, a Laplacian of Gaussian (LoG)

filter was utilized to locate cyclic structures or meshes in the images. The filtered im-

ages were then transformed into a series of graphs using an 8-connected components

analysis. A search was conducted to identify loops or cyclic graphs. The measurement

of the distance between the holes facilitated the construction of a new graph, which al-

lowed for the detection of the pigment network. (Sheha, Mabrouk, Sharawy, et al., 2012)

proposed an automated technique for melanoma diagnosis. They utilized the gray-level

Co-occurrence matrix (GLCM) to retrieve various variables that captured important tex-

tural information from dermoscopic images. These variables were then used as input for

a multilayer perceptron classifier (MLP) to differentiate between Melanocytic Nevi and

Malignant Melanoma. By leveraging the MLP, the authors were able to effectively classify

the skin lesions and provide an automated approach for melanoma diagnosis. (Marques,

Barata, and Mendonça, 2012) focused on the identification of melanoma lesions in der-

moscopy images. While previous research has explored the use of various texture, color,

and shape characteristics in melanoma detection, the specific roles and discriminative ca-

pabilities of these features remain unclear. The objective of their study was to provide

a deeper understanding of the function of texture and color characteristics in melanoma

identification. By analyzing a dataset of dermoscopy images, they aimed to shed light on

the distinct contributions of texture and color features and their potential for improving

the accuracy of melanoma detection. (Riaz et al., 2014) proposed an approach for classify-

ing dermoscopy images by combining texture and color features. They utilized a texture

feature known as a local binary pattern (LBP), which captures scale-adaptable patterns

at each pixel based on the strength of LBPs. The extracted texture features were used to

construct a histogram representation. In addition, they employed HSV (Hue, Saturation,
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Value) histograms to extract color features from the images. These texture and color char-

acteristics were then concatenated to create a feature vector for each image. Support vector

machines (SVM) were chosen as the classification algorithm to categorize the dermoscopy

images. (Celebi and Zornberg, 2014) proposed a machine-learning technique for quantify-

ing clinically important colors in dermoscopy images. They employed the K-means clus-

tering method to group the images, with the number of clusters (K value) determined indi-

vidually for each image using five commonly used cluster validity criteria. This approach

aimed to analyze and quantify the various color components present in the dermoscopy

images. By automatically clustering the images based on color, the authors provided a

method for objectively quantifying and assessing the clinically relevant colors in skin le-

sions. (Alfed et al., 2015) introduced a novel technique for melanoma diagnosis. They

devised a method to separate pigment networks from dermoscopy images using a bank

of direction filters. By employing these filters, they were able to isolate and extract the spe-

cific features and patterns associated with pigment networks. From the segmented image,

a set of attributes was extracted, capturing key characteristics relevant to melanoma di-

agnosis. These attributes were then utilized as input for an Artificial Neural Network

(ANN) classifier. The ANN effectively distinguished between melanocytic nevi and ma-

lignant melanoma based on the extracted attributes. (Rastgoo et al., 2015) presented an

automated method for melanoma diagnosis focusing on dysplastic nevi. The proposed

framework not only considered color and shape characteristics but also emphasized the

analysis of texture features based on the "ABCD" clinical rule. By leveraging a combina-

tion and comparison of various texture features, the aim was to capture discriminative

information for differentiating between benign and malignant lesions. The performance

of the proposed method was evaluated using different classification approaches, includ-

ing support vector machines (SVM), gradient boosting, and random forest algorithms.

These techniques were utilized to classify the lesions based on the extracted features, en-

abling automated and accurate melanoma diagnosis from dysplastic nevi. (Oliveira et al.,

2018) presented a computational technique for analyzing skin lesions and determining

their characteristics. The proposed method involved the extraction of information related

to asymmetry, border properties, color distribution, and texture analysis from skin lesion

images. To improve the quality of the images and reduce noise, the authors applied an

anisotropic diffusion filter. They then employed an active contour model without edges

to segment the lesion boundaries. For the classification step, a support vector machine

(SVM) was used to classify the lesions based on the extracted features. The goal of this ap-
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proach was to enhance the accuracy of lesion analysis and classification by incorporating

various image analysis techniques and machine learning algorithms.

4.6.3 Current technologies Related to Skin lesion classification.

In recent years, the field of skin cancer classification has witnessed significant advance-

ments, particularly with the advent of deep learning techniques. Researchers have exten-

sively investigated the potential of deep learning algorithms for accurately and automati-

cally classifying skin lesions. In this section, we will discuss several notable deep learning-

based approaches for skin lesion classification. (Kalouche, Ng, and Duchi, 2016) proposed

a deep learning-based approach for the detection and classification of skin lesions, specif-

ically focusing on melanoma. The goal was to develop an accessible and cost-effective

computer-vision tool that could accurately track and classify suspicious skin lesions as

either benign or malignant using images captured by a standard camera. The researchers

trained a fine-tuned VGG-16 Convolutional Neural Network (CNN) on a dataset con-

sisting of healthy skin images and skin lesion images. The proposed system showed

promising results in accurately categorizing the input images into normal skin and le-

sion classes. (Nasr-Esfahani et al., 2016) focused on the detection of melanoma lesions

using a pre-trained convolutional neural network (CNN). The experimental results re-

vealed that their CNN-based method exhibited superior diagnostic accuracy compared

to other existing techniques. This highlights the potential of their deep-learning system

to aid dermatologists in the early detection of melanoma, potentially enhancing the accu-

racy of skin cancer diagnosis. (Mandache et al., 2018) explored the application of full field

optical coherence tomography (FFOCT) for optical biopsy in skin excisions resulting from

Mohs surgery. They aimed to develop a computer-aided diagnosis (CAD) tool using deep

learning techniques, particularly convolutional neural networks (CNNs). The researchers

trained a CNN-based feature extractor to identify characteristic properties in FFOCT data

and a classifier to generalize the data distribution. The results showed promising per-

formance, demonstrating the potential of CNNs in accurately detecting tumoral areas in

FFOCT data for skin cancer diagnosis. (Sarkar, Chatterjee, and Hazra, 2019) present a

study on melanoma classification in dermoscopic skin lesion images. They propose a deep

depthwise separable residual convolutional algorithm and employ preprocessing tech-

niques for noise removal and image enhancement. The model uses multi-channel image

matrices and incorporates visualizations for lesion detection and classification evaluation.

The results indicate high accuracy on various datasets, demonstrating the potential of the
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proposed algorithm for accurate melanoma classification. (Walker et al., 2019) utilized a

convolutional neural network (CNN) architecture based on the Inception V2 network to

classify dermoscopic pictures as either malignant or benign. The CNN achieved a high

sensitivity in accurately identifying malignant cases and demonstrated a strong discrim-

inatory performance as measured by the AUC score. Additionally, the study explored

the generation of a feature representation for potential use in sonification applications.

(Mahbod et al., 2019) developed an automatic computerized method for classifying skin

lesions using optimized deep features from popular CNNs such as AlexNet, VGG16, and

ResNet-18. Support vector machine classifiers were trained on these features, and the

outputs were combined to obtain the final classification. The proposed method showed

promising results for melanoma and seborrheic keratosis classification on the ISIC 2017

dataset. (Alqudah, Alquraan, and Qasmieh, 2019)presented a novel approach for classi-

fying skin lesions using transfer learning and optimization techniques with GoogleNet

and AlexNet models. Their study focused on accurately categorizing images from the

ISIC database into three main classes: benign, melanoma, and seborrheic keratosis. The

proposed method demonstrated promising results in achieving high classification accu-

racy for both segmented and non-segmented datasets. (Khan et al., 2020b) introduced a

novel approach for localizing and recognizing skin cancer. The researchers combined deep

learning with an iteration-controlled Newton-Raphson (IcNR) feature selection technique.

The framework involved localizing lesions using a faster region-based convolutional neu-

ral network (RCNN), extracting deep features using the pre-trained DenseNet201 model,

and selecting the most discriminant features using IcNR. The selected features were then

utilized for classification using multilayered feed-forward neural networks. The proposed

approach demonstrated superior performance compared to existing methods, showcas-

ing improved accuracy and efficiency. (Jayapriya and Jacob, 2020) developed a hybrid

approach for lesion classification. Their method utilized a combination of a deep resid-

ual network and a hand-crafted feature to extract features from segmented lesions. These

features were then fed into a support vector machine (SVM) for classification. The per-

formance analysis of their framework yielded promising results in terms of specificity for

the ISBI 2016 and ISIC 2017 datasets. (Ratul et al., 2020) proposed a computer-aided skin

lesion classification system using transfer learning and dilated convolution. The study

aimed to improve the accuracy of skin lesion prognosis by addressing challenges such as

low contrast, visual resemblance, and blurred lesion borders. Four popular pre-trained

architectures (VGG16, VGG19, MobileNet, and InceptionV3) were employed with dilated
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convolution on the HAM10000 dataset. The results showed promising performance, with

the highest achieved accuracy obtained using dilated InceptionV3. The study demon-

strates the potential of dilated convolution in improving classification accuracy. (Akram

et al., 2020) focused on the problem of discriminant feature selection for skin lesion clas-

sification. They employed three deep learning models, namely DenseNet 201, Inception-

ResNet-v2, and Inception-V3, to extract and classify features from the dermoscopic im-

ages. Their proposed system’s effectiveness was assessed by evaluating its performance

on four distinct dermoscopic datasets, namely PH2, ISIC MSK, ISIC UDA, and ISBI-2017.

The results showed promising accuracy rates in classifying skin lesions on these datasets.

(Rahman et al., 2021) conducted research on the categorization of different skin lesions

using ensemble learning methods. They employed a grid search strategy and trained five

baseline CNN models, including ResNeXt, SeResNeXt, ResNet, Xception, and DenseNet.

The performance of these models was evaluated using macro-average recall scores. Two

ensemble learning algorithms, namely the average ensemble and the weighted ensemble,

were used to determine the best model. The results indicated that DenseNet achieved

the highest macro-average recall score, followed by ResNeXt, SeResNeXt, Xception, and

ResNet.

Table 4.2 summarizes current skin lesion classification methods. These studies highlight

the effectiveness of employing deep learning techniques for the classification of skin le-

sions. By leveraging advanced algorithms and models like Convolutional Neural Net-

works (CNNs), researchers have achieved promising outcomes in accurately categorizing

skin lesions as either benign or malignant, with a particular emphasis on melanoma de-

tection. The use of deep learning has improved the accuracy and efficiency of skin lesion

classification, providing potential benefits in the early detection and diagnosis of skin

cancer. This technological advancement holds promise for enhancing patient outcomes

by enabling timely interventions and treatments.

65



Table 4.2: Summary of current skin lesion classification methods.

Study Year Dataset Classifier and Training Algorithm Measures

Accuracy Sensitivity Precision

(Kalouche, Ng, and Duchi, 2016) 2016 ISIC data VGG-16 and CNN 78% - -

(Nasr-Esfahani et al., 2016) 2016 MED-NODE Database CNN 81% _ -

(Mandache et al., 2018) 2018 40 FF-OCT images CNN 95.93 % 95.2% -

(Mahbod et al., 2019) 2019 ISIC 2017 SVM classification with features extracted and VGG16 - - -

deep models AlexNet, ResNet-18, and VGG16 - - -

(Sarkar, Chatterjee, and Hazra, 2019) 2019 ISIC Deep depthwise separable residual convolutional 99.5% - -

PH2 96.7% - -

DermIS 94.44% - -

(Alqudah, Alquraan, and Qasmieh, 2019) 2019 ISIC data GoogleNet and AlexNet 92.2% 87.7% 89.6%

(Walker et al., 2019) 2019 ISIC-2017 Inception-v2 - 86% -

(Khan et al., 2020b) 2020 ISIC 2016 DenseNet201 94.2% 94.2% -

(Khan et al., 2020b) 2020 ISIC 2017 93.4% 93% -

(Jayapriya and Jacob, 2020) 2020 ISIC 2016 A deep residual network , a hand-crafted feature and SVM 88.92 % 69.33% -

ISIC 2017 85.3% 81.28% -

(Akram et al., 2020) 2020 PH2 DenseNet 201, Inception-ResNet-v2 and Inception-V3 98.8% - -

ISIC MSK 99.2% - -

(Rahman et al., 2021) 2021 HAM10000ata ResNeXt, SeResNeXt, ResNet, .88% 94% 87%

Xception, and DenseNet -
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4.7 Conclusion

This chapter provides an extensive review of the current state-of-the-art methods that en-

compass both traditional approaches and recent advancements in the field of skin lesion

analysis, specifically focusing on the segmentation and classification aspects. Regarding

segmentation, the chapter covers established techniques such as thresholding, and re-

gion growing which have been widely used for segmenting skin lesions. Additionally,

it discusses recent advancements in segmentation methods, particularly deep learning-

based approaches like U-Net and FCN. These methods leverage the power of convolu-

tional neural networks to accurately segment skin lesions from surrounding tissue. In

terms of classification, the chapter explores traditional machine learning algorithms such

as support vector machines and K-means that have been employed for skin lesion classifi-

cation. It also delves into the advancements made with deep learning models, specifically

convolutional neural networks (CNNs) such as Inception, ResNet, and DenseNet. These

CNN-based architectures have demonstrated exceptional performance in accurately clas-

sifying different types of skin lesions. By covering both traditional and recent approaches

in segmentation and classification, the chapter offers a comprehensive understanding of

the progress in these areas of skin lesion analysis. It serves as a valuable resource for

researchers and practitioners, providing insights into the effectiveness of different tech-

niques and paving the way for further research and development to improve the segmen-

tation and classification accuracy of skin lesion analysis methods.
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Part II

CONTRIBUTION
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In recent years, deep learning has emerged as a transformative and highly promising

approach in the domain of medical image analysis, specifically in tasks related to segmen-

tation and classification. This revolutionary paradigm, driven by Convolutional Neural

Networks (CNNs) and advanced architectures like U-Net and DeepLab, has significantly

impacted computer vision, revolutionizing the way medical images are processed and

analyzed. Image segmentation, a critical task in medical diagnostics, involves accurately

delineating specific structures or diseased tissues within the images. Deep learning mod-

els, with their ability to automatically learn intricate features and hierarchies from data,

have demonstrated impressive results in achieving precise segmentation, providing valu-

able insights for enhanced diagnosis, treatment planning, and disease monitoring. Fur-

thermore, deep learning’s supremacy in image classification tasks has greatly improved

the accuracy of medical image categorization, empowering healthcare professionals to

make well-informed decisions based on the automatic recognition of various pathologies.

As the field of medical image analysis continues to evolve, the versatility and potential

of deep learning remain at the forefront of cutting-edge research, promising to reshape

healthcare and pave the way for exciting advancements in medical research.

In this part of the thesis, our primary focus is on advancing skin lesion detection. We

introduce two encoder-decoder models, W-net and ψ-net, designed to enhance skin le-

sion segmentation and improve border delineation in medical images. Additionally, we

present the Inception Resnet model for the classification of skin lesions, with the goal

of providing a comprehensive approach to dermatology image detection. This research

holds the promise of substantial benefits for dermatology, potentially leading to enhanced

diagnostic accuracy and improved patient care.
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Chapter 5

IMPROVED CNN ARCHITECTURES

FOR MEDICAL IMAGES

SEGMENTATION

5.1 Introduction

In the domain of medical image analysis, image segmentation remains a challenging and

vital research area. Medical images often exhibit complex structures and high variability,

making accurate segmentation crucial for identifying and characterizing diseased tissues.

Automated segmentation of medical images plays a crucial role in improving diagnosis,

treatment planning, and disease monitoring, ultimately leading to better patient care and

outcomes.

The motivation behind this research is to develop an advanced Computer-Aided Detec-

tion (CAD) system based on cutting-edge deep learning approaches for automatically de-

tecting and segmenting medical images with high precision, sensitivity, and specificity

rates. By addressing the need for precise and efficient segmentation in medical imaging,

this study aims to contribute to the field of image segmentation and advance the overall

progress of medical image analysis.

In this chapter, we present the contributions of the thesis in the field of image segmenta-

tion, with a specific focus on medical image analysis. We delve into the proposed method-

ology, highlighting the specific techniques and approaches employed. Furthermore, we

showcase the experimental results, demonstrating the advancements and contributions

made in the field of medical image segmentation. The outcomes of this research are ex-
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pected to have significant implications for the development of automated CAD systems

and enhance medical image analysis practices

5.2 Improved Unet Model

5.2.1 Segmentation pipeline

The process of creating image region segmentation maps involves a well-defined pipeline,

as depicted in Figure 5.1. This pipeline consists of multiple steps aimed at achieving ac-

curate segmentation results.

Figure 5.1: Framework of medical image segmentation system.

The initial stage of the pipeline involves preprocessing the medical images to enhance

their quality and clarity, which in turn improves the performance of the segmentation

process. One crucial aspect of this preprocessing step is the removal of digitization noise,

which can adversely affect the images. To address this, a two-dimensional median filter

is applied. The median filter functions by substituting each pixel in the image with the

median value derived from the neighboring pixel. By doing so, it effectively reduces the
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noise while preserving important features and edges within the image. This step helps

to create cleaner and more reliable images, which are crucial for accurate segmentation.

Additionally, to ensure consistency across different neural networks, the size of both the

images and masks is reduced to 180 × 180 pixels. This resizing process has multiple ben-

efits. Firstly, it facilitates a uniform input size for the deep learning models, enabling

easier integration and comparison. Secondly, it can help reduce computational complex-

ity and memory requirements, making it more feasible to train and deploy the models. an

example showcasing the preprocessing step is typically provided in Figure 5.2. The pre-

processed images appear cleaner, with reduced digitization noise, and have been resized

to a consistent size.

Figure 5.2: Image preprocessing stage.

5.2.2 Architecture of the improved Unet.

The enhanced U-Net architecture presented in this study is a modification of the origi-

nal U-Net architecture, which has proven effective for medical image segmentation (Ron-

neberger, Fischer, and Brox, 2015). The U-Net architecture consists of two main pathways:

an analysis path and a synthesis path. The analysis path follows a convolutional neural

network (CNN) structure, while the synthesis path, also known as the expansion phase,

includes an up-sampling layer and a deconvolution layer.
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In the proposed improved U-Net architecture (Khouloud, Ahlem, and Amel, 2020),

several changes have been introduced in both the encoder (left side) and decoder (right

side) pathways. In the encoder, the training data is downsampled, and feature maps are

extracted using a CNN architecture. Each down-sampling module in the encoder includes

two convolutional layers (3×3, no padding) and a maximum pooling layer (2×2, stride=2)

with the Exponential Linear Unit (ELU) activation function. The number of convolution

kernels ranges from 12 to 192 across these modules.

In the decoder, each up-sampling module comprises a deconvolutional layer (2×2) fol-

lowed by two convolutional layers (3×3, no padding) with decreasing numbers of convo-

lution kernels (96, 48, 24, and 12). Batch normalization and dropout layers are inserted

after each convolutional and deconvolutional layer. The final output is obtained through

a 1×1 convolutional layer with Rectified Linear Unit (ReLU) activation. Notably, the in-

clusion of batch normalization and dropout layers between the convolutions and ReLU

activation functions is a distinctive aspect of the proposed U-Net architecture, aiming

to facilitate faster convergence during training. For a visual representation of the en-

hanced U-Net architecture during the training phase,refer to Figure 5.3. Additionally,

a comprehensive description of the proposed UNet architecture can be found in Figure

5.4 (Khouloud, Ahlem, and Amel, 2020).

Figure 5.3: Summary of the trained model.
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Figure 5.4: systematic view of the proposed UNet architecture.
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5.2.3 Tests and Results

Hyper-parameters are critical in machine learning models, especially for deep neural net-

works, as they significantly impact performance. There are two primary methods for

tuning hyper-parameters: manual and automatic. In this study, we focused on man-

ual hyper-parameter tuning, involving a careful comparison of different combinations

to identify the optimal configuration. The network architecture in this study utilized the

BCE Dice loss function, a combination of Binary Cross Entropy (BCE) and Dice Loss. This

loss function is commonly used in image segmentation tasks to optimize pixel-level accu-

racy and spatial coherence. During training, a batch size of 20 was used, indicating that

the model processed 20 samples in each iteration. The batch size is chosen to balance com-

putational efficiency and model convergence. The Adam optimizer was employed with

an initial learning rate of 0.0001. Adam is an optimization algorithm that adapts the learn-

ing rate for each parameter based on gradient moment estimates. To address overfitting, a

dropout layer with a dropout probability of 0.5 was incorporated into the model. Dropout

randomly deactivates a fraction of input units during training to improve generalization.

In terms of data allocation, 15% of the volumes were reserved for validation. Table 5.1 is

a detailed list of the experimental training parameters.

Table 5.1: Settings for training parameters

Parameter value

Optimizer Adam optimization

Loss bce_dice_loss

Learning rate 0.0001

Batch size 20

Number of iterations (Epoch) 120

Validation Split 15%

Table 5.2 illustrates the impact of different optimizers on the model’s performance

when utilizing the Binary Cross Entropy and Dice Loss function on the Skin lesion seg-

mentation dataset (PH2). The results indicate that the Adam optimizer achieves the best

overall performance across all metrics. Specifically, the Adam optimizer obtained a Dice

similarity of 83%, precision of 93.4%, and mIoU of 98.2%.
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Table 5.2: Overall performance: Precision,mIoU, and DIC for various Optimizer settings.

Optimizer Loss Measures

Precision mIoU DIC

SGD Binary Cross Entropy and Dice Loss 0.922 0.973 0.81

RMSprop 0.924 0.975 0.82

Adam 0.934 0.982 0.83

The proposed U-net model for skin lesion segmentation on the PH2 dataset demon-

strated convergence during training and testing, as illustrated in Figure 5.5. The loss curve

stabilized close to zero, indicating accurate predictions of skin lesion segmentation. The

accuracy curve initially started at 0.2 but eventually reached a rate above 96%, indicating

successful segmentation of the data.

Figure 5.5: Loss and Accuracy curves of the suggested U-net model for training and test-

ing.

In Figure 5.6, the dice coefficient loss and dice coefficient performance curves demon-

strate the model’s ability to accurately segment the skin lesions in the PH2 dataset. The

decreasing loss values below 0.25 and the rising dice coefficient values above 0.8 indicate

improved segmentation accuracy as the number of training epochs increases.
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Figure 5.6: The dice loss and dice coefficient curves of the suggested U-net model for

training and testing

Figure5.7 depicts the performance of the proposed U-net model in terms of recall and

specificity on the PH2 dataset. The increasing recall curve, reaching over 96% for training

and over 94% for testing, indicates the model’s ability to identify a high percentage of

true positive cases in skin lesion segmentation. The specificity curve, on the other hand,

increases to over 95% for training and over 96% for testing, signifying the model’s capa-

bility to accurately identify true negative cases.

Figure 5.7: The recall and specificity curves of the suggested U-net model for training and

testing.
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Figure 5.8 and Figure 5.9 showcase the segmentation results obtained from our pro-

posed model on 8 image examples, encompassing skin lesion images, COVID-19 CT im-

ages, and lung segmentation. The results of our approach demonstrate promising effec-

tiveness as they closely resemble the ground truth. However, there are certain limitations

observed during the segmentation process. In image 3 of Figure 5.8, a skin lesion image,

the U-net model accurately captures the zone but struggles to precisely delineate the con-

tour of the region. This leads to difficulties in accurately defining the exact borders of

these regions. Similarly, the image 3 in Figure 5.9, a COVID-19 CT image, the U-net model

successfully extracts the infected zone but encounters challenges in correctly identifying

the different image labeling. These observations shed light on the limitations of our ap-

proach when it comes to accurately delineating contours and identifying specific image

labeling in certain cases.

Figure 5.8: Qualitative evaluation of the proposed U-net model performance on skin le-

sion images.
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Figure 5.9: Qualitative evaluation of the proposed U-net model performance on COVID-

19 CT images.

5.2.4 Comparison and Discussions

To assess the feasibility and effectiveness of our proposed enhanced approach, we con-

ducted experiments using a selection of random samples from COVID-19 and skin lesion

datasets to compare the segmentation performance of our proposed U-net model with

the standard U-net model. The segmentation results obtained from our proposed U-net

79



model are shown in Figure 5.10.

The analysis of these results indicates that the proposed U-net model outperforms the

standard U-net model in terms of segmentation accuracy. Our model demonstrates a

closer alignment with the ground truth, accurately identifying and delineating lesions

in both COVID-19 and skin lesion images. However, it is important to acknowledge that

there may be certain instances where our model faces challenges in accurately identify-

ing different image labels, particularly in CT COVID-19 images. Despite these challenges,

the overall performance of our proposed approach highlights its effectiveness in improv-

ing segmentation performance when compared to the standard U-net model. Our U-net

model consistently achieves a closer alignment with the ground truth, accurately delin-

eating and identifying lesions in both COVID-19 and skin lesion images. These results

underscore the efficacy of our approach in enhancing segmentation performance.

Figure 5.10: The visualization results of the Proposed model and u-net.

Table 5.3 presents a comprehensive comparison between the proposed U-net model

and the U-net model for lung segmentation, lung infection segmentation, and skin le-

sion segmentation. The table highlights the performance metrics used to evaluate both

models. Upon analyzing the metrics, it becomes evident that the proposed U-net model
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consistently outperforms the U-net model in all aspects.

In terms of lung infection segmentation, the proposed U-net model achieves an accuracy

of 97.47%, surpassing the U-net model’s accuracy of 96.07%. The sensitivity of the pro-

posed model is also higher at 94.07% compared to the U-net model’s sensitivity of 92.47%.

Additionally, the specificity of the proposed U-net model reaches 98.3%, outperforming

the U-net model’s specificity of 98%.

For lung segmentation, the proposed U-net model achieves an accuracy of 96.76%, which

exceeds the U-net model’s accuracy of 96.17%. Similarly, the sensitivity of the proposed

model is higher at 93.07% compared to the U-net model’s sensitivity of 91.47%. The

specificity of the proposed U-net model is also improved at 97.7% compared to the U-

net model’s specificity of 97.1%.

Moreover, in the task of skin lesion segmentation, the proposed U-net model demonstrates

an accuracy of 96.4%, slightly surpassing the U-net model’s accuracy of 96.2%. The sensi-

tivity of the proposed model is 93%, while the U-net model achieves a sensitivity of 91.3%.

Additionally, the specificity of the proposed U-net model is 97.2%, higher than the U-net

model’s specificity of 97%.

In summary, the comparison indicates that the proposed U-net model consistently outper-

forms the U-net model in terms of accuracy, sensitivity, and specificity for lung segmen-

tation, lung infection segmentation, and skin lesion segmentation. These results indicate

that the proposed U-net model is more effective in accurately identifying and segmenting

lung infections, lung structures, and skin lesions compared to the original U-net model.

Table 5.3: Analysis quantitative of the suggested U-net against U-net.

Metrics Infection segmentation Lung segmentation Skin lesion segmentation

Unet Proposed Unet Unet Proposed Unet Unet Proposed Unet

Accuracy 96.07 % 97.47% 96.17% 96.76% 96.2% 96.4%

Sensitivity 92.47 % 94.07% 91.47% 93.07 % 91.3% 93 %

Specificity 98% 98.3% 97.1% 97.7% 97% 97.2 %
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Table 5.4 presents a comparison between the suggested U-net technique and existing

methods in the literature for lung infection segmentation. The table reveals that the pro-

posed technique achieves a higher sensitivity of 94% compared to the other methods. This

indicates that the suggested U-net model is more successful in accurately identifying lung

infections. These findings suggest that the proposed technique holds promise for effective

and reliable lung infection segmentation.

Table 5.4: Comparison of the proposed U-net with current literature methods for lung

infection segmentation.

Authors Dice score Sensitivity

(Jin et al., 2020) - 97.4%

(Zhou, Canu, and Ruan, 2021) 83.1% 86.7%

(Wang et al., 2020) 80.7% -

Proposed unet 82% 94.07%

Discussion

The suggested model, an enhanced version of the U-Net model, has demonstrated

promising results in infection lung segmentation, lung segmentation, and skin lesion seg-

mentation tasks. Through the incorporation of additional layers and adjustments to pa-

rameter settings, the suggested model has significantly improved its overall efficiency and

performance compared to the traditional U-Net model. In the infection lung segmenta-

tion task, the suggested model has shown accurate recognition of infections and closely

aligned segmentation results with the real ground truth, as depicted in Figures 5.8,5.9 and

5.10. This indicates the model’s effectiveness in accurately identifying and segmenting in-

fected areas. Furthermore, the suggested model outperforms the baseline U-Net approach

in terms of dice similarity and recall metrics, as evidenced by the comparison in Table 5.4.

Moreover, the suggested model has also demonstrated superior performance in lung seg-

mentation and skin lesion segmentation tasks. It has achieved higher accuracy, recall,

precision, and specificity compared to the standard U-Net model, as presented in Table

5.3. The model’s ability to accurately identify lung structures and segment skin lesions

showcases its robustness and efficacy in these specific tasks.
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Based on these findings, it can be concluded that the suggested strategy has demon-

strated significant advancements compared to the basic Unet. However, it’s essential to

recognize that there is still untapped potential for improvement, especially as segmenta-

tion results are far from the ground truth. This underscores the ongoing need for refine-

ments and improvements to achieve superior results.

5.3 Improved ResUnet Model

5.3.1 Segmentation Pipeline

In this section, we present an improved method for the segmentation of medical images.

Figure 5.11 illustrates the steps involved in this process. We will describe each step in

detail in the following subsections.

Figure 5.11: Framework of the proposed medical image segmentation System.
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In the proposed method for medical image segmentation, a series of preprocessing

steps are applied. Firstly, a 2D median filter is employed to eliminate digitizing noise

present in the input images. To facilitate the segmentation process and optimize mem-

ory usage, the images and masks are cropped and resized to a standardized size of 224

x 224 pixels. To overcome the challenge of limited training data, image augmentation

techniques are implemented. Specifically, the medical images are augmented by rotating

them at angles of 90°, 180°, and 220°. These preprocessing steps enhance the quality of the

images, reduce noise, focus the segmentation process, and diversify the training dataset,

ultimately improving the accuracy and robustness of the segmentation algorithm. Two

such examples of preprocessing are depicted in Figure 5.12.

Figure 5.12: Different steps in Preprocessing of medical images.
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5.3.2 Architecture of the improved Res-Unet.

The Res-Unet architecture, proposed in this study (Khouloud et al., 2022a), is an improved

version of the Deep Residual U-Net (Diakogiannis et al., 2020). It combines the strengths

of two powerful models: U-Net (Ronneberger, Fischer, and Brox, 2015) and deep residual

learning (He et al., 2016). This combination offers several advantages in medical image

segmentation.

One of the key advantages is the incorporation of residual units and skipped connections

within the architecture. These components play a crucial role in network formation and fa-

cilitate the propagation of information without degradation. The residual units enable the

smooth flow of information layer by layer, enabling the construction of a more complex

neural network that can effectively address the degradation problem commonly encoun-

tered in deep networks. This not only improves the architecture’s overall performance but

also helps reduce computational costs.

The proposed Res-Unet architecture consists of four encoder blocks, a bridge, and four

decoder blocks, as depicted in Figure 5.13. The residual unit, a fundamental component,

comprises convolutional layers, batch normalization, ReLU activation, and an identity

mapping that connects the input and output of the unit. In the encoder block, a strided

convolution layer is used to downsample the feature maps by reducing the spatial dimen-

sions. Similarly, residual units are employed in the decoding path to capture fine details

and reconstruct the segmented image. The feature maps are projected onto the segmented

image using a (3×3) convolutional layer followed by a sigmoid activation function. A

summary of the enhanced ResUnet architecture during the training phase is shown in

Figure 5.14. For a comprehensive understanding of the Res-Unet architecture, refer to Fig-

ure 5.15, which provides a detailed overview of the architecture’s components and their

connections. The proposed Res-Unet architecture offers an advanced approach to medi-

cal image segmentation by leveraging residual units and skipped connections to enhance

network performance and information propagation. It delivers accurate segmentation re-

sults while considering computational efficiency.
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Figure 5.13: The improved Res-Unet architecture

Figure 5.14: Summary of Resunet model.
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Figure 5.15: systematic view of the proposed ResUnet architecture.
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5.3.3 Tests and Results

In this section, we present the findings of our study and provide an analysis of both quan-

titative and qualitative results obtained from the improved ResUnet model. To determine

the optimal configuration, we conducted an extensive exploration of various hyperpa-

rameter combinations. The improved model incorporates the binary cross-entropy loss

function and utilizes the Dice coefficient as the evaluation metric. For optimization, we

employed the Adam optimizer with an initial learning rate set to 0.0001. A batch size of 25

was selected for training, and 20% of the volumes were set aside for validation purposes.

The specific details of the experimental training settings can be found in Table 5.5.

Table 5.5: Settings for training parameters of ResUnet

Type Setting

Optimizer Adam

Loss binary crossentropy

Learning rate 0.0001

Batch size 25

Number of iterations (Epoch) 100

Table 5.6 presents the results of evaluating different optimizers using the Binary Cross

Entropy loss function on the skin lesion dataset. The findings indicate that the ADAM op-

timizer demonstrates the best overall performance across all evaluation metrics. Specif-

ically, the ADAM optimizer achieved a Dice similarity coefficient of 83.2%, precision of

93.7%, and mean Intersection over Union (mIoU) of 98.6%. These results indicate that

the ADAM optimizer effectively enhances the model’s ability to accurately segment skin

lesions in medical images.

Table 5.6: Overall performance: Precision,mIoU, and DIC for various Optimizer settings.

Optimizer Loss Measures

Precision mIoU DIC

SGD Binary Cross Entropy 0.928 0.977 0.818

RMSprop 0.931 0.98 0.822

Adam 0.937 0.986 0.832
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Figure 5.16 depicts the convergence impact of the improved ResUnet model on the

PH2 dataset for skin lesion segmentation. The figure displays the training loss and accu-

racy curves. The training loss curve indicates that the model has achieved near-zero loss,

indicating successful learning from the training data. Regarding accuracy, the model ini-

tially exhibits a low accuracy of 0.2 during testing. However, as the training progresses,

the accuracy improves significantly, reaching a segmentation rate exceeding 98%. This

demonstrates the enhanced convergence of the improved ResUnet model. The figure

clearly demonstrates the improved model’s ability to converge effectively and accurately

segment skin lesions in the PH2 dataset.

Figure 5.16: Loss and Accuracy curves of the suggested ResUnet model for training and

testing.

Figure 5.17 illustrates the performance of the proposed ResUnet model on the PH2

skin lesion segmentation task. The dice coefficient loss values steadily decrease below 0.2,

indicating effective segmentation. The dice coefficient values consistently rise above 0.82,

indicating accurate skin lesion identification and delineation. These results demonstrate

the model’s effectiveness in accurately segmenting skin lesions in the PH2 dataset.

Figure 5.18 illustrates the performance curves of the ResUnet model in terms of re-

call and specificity for skin lesion segmentation on the PH2 dataset. As the number of

iterations increases, the recall curve shows significant improvement, exceeding 96% for

training and over 95% for testing.
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Figure 5.17: The dice loss and dice coefficient curves of the suggested ResUnet model for

training and testing

Similarly, the specificity curve demonstrates an upward trend, surpassing 95% for both

training and testing. These findings highlight the ResUnet model’s effectiveness in cor-

rectly identifying positive cases (recall) and accurately excluding negative cases (speci-

ficity) in skin lesion segmentation on the PH2 dataset.

Figure 5.18: The recall and specificity curves of the suggested ResUnet model for training

and testing.
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Our suggested model’s segmentation outcomes on five different image samples (skin

lesion, COVID-19 CT, and lung segmentation) are presented in Figure 5.19. The improved

results demonstrate higher accuracy and proximity to expert annotations, validating the

effectiveness of our approach. However, the improved Res-Unet struggles to precisely

extract the shape of the targeted zone. Further refinements or alternative techniques are

required to address this limitation

Figure 5.19: Qualitative evaluation of the proposed ResUnet model performance.

92



5.3.4 Comparison and Discussion

The effectiveness of the proposed ResUnet model in dataset segmentation was assessed

using random samples of COVID-19 and skin lesion images. The segmentation results

of the proposed model were compared to those of ResUnet (Figure 5.20). Although the

enhanced model faces challenges in accurately detecting small lesions in COVID-19 im-

ages, both ResUnet and the proposed model demonstrate a similar ability to identify most

skin lesion locations, to the expert’s annotations. Notably, the suggested ResUnet model

exhibits superior performance compared to ResUnet in segmenting COVID-19 and skin

lesion images, showing improved accuracy in detecting lesion locations.

Figure 5.20: Random Samples Segmentation Results on COVID-19 and Skin Lesion

Dataset.

Table 5.7 provides a comprehensive comparison between the proposed ResUnet model

and ResUnet in terms of performance measures for lung segmentation, lung infection seg-

mentation, and skin lesion segmentation. The proposed ResUnet model consistently out-

performs ResUnet across all metrics.
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Specifically, the proposed model achieves higher accuracy, sensitivity, and specificity in

each segmentation task. These results indicate that the proposed ResUnet model is more

effective in accurately segmenting lung infections, lung structures, and skin lesions com-

pared to the original ResUnet model.

Table 5.7: Analysis quantitative of the suggested Resunet against Resunet.

Metrics Infection segmentation Lung segmentation Skin lesion segmentation

ResUnet Proposed ResUnet ResUnet Proposed ResUnet ResUnet Proposed ResUnet

Accuracy 97 % 97.56% 96.7% 97.2% 96.5% 96.8%

Sensitivity 94.47 % 95.01% 92.7% 93.65 % 92% 93.7 %

Specificity 98.4% 98.6% 97.9% 98.12% 97.1% 97.6 %

Table 5.8 presents a comparison of the proposed ResUnet strategy with existing meth-

ods in the COVID-19 literature. The performance of the proposed model surpasses other

approaches in terms of sensitivity and dice score. It achieves a sensitivity of 95.01% and a

dice score of 83.2%. In comparison, (Jin et al., 2020) achieved a sensitivity of 97.4% with-

out reporting the dice score. (Zhou, Canu, and Ruan, 2021) achieved a dice score of 83.1%

and a sensitivity of 86.7%. (Wang et al., 2020) reported a dice score of 80.7% but did not

provide sensitivity information. These findings demonstrate that the proposed ResUnet

strategy outperforms the average results found in the literature and and even surpasses

the improved Unet, underscoring its advancements in lung infection segmentation.

Table 5.8: Comparison of the proposed ResUnet with current literature methods for lung

infection segmentation.

Authors Dice score Sensitivity

(Jin et al., 2020) - 97.4%

(Zhou, Canu, and Ruan, 2021) 83.1% 86.7%

(Wang et al., 2020) 80.7% -

The improved Unet 82% 94.07%

Proposed Resunet 83.2% 95.01%
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Discussion

Our study introduces a proposed ResUnet model that addresses the segmentation chal-

lenges of skin lesions and COVID-19 regions. By incorporating crucial parameters and

refining the model architecture, we have achieved significant improvements in segmen-

tation accuracy and performance measures. Table 5.7 provides a comprehensive compar-

ison between the proposed ResUnet model and the traditional ResUnet approach. The

results clearly demonstrate the superiority of our model across various metrics, including

accuracy, recall, and specificity. The proposed ResUnet consistently outperforms the tradi-

tional ResUnet, yielding gains of 97.56%, 95.01%, and 98.6% in these respective measures

for covid-19 segmentation task. To showcase the effectiveness of our approach, we present

visual examples in Figures 5.19, and 5.20. These examples highlight the model’s ability

to accurately recognize infections and produce segmentation outcomes that closely align

with the ground truth. The proposed ResUnet model demonstrates its capability in accu-

rately segmenting skin lesions and COVID-19 regions, enabling efficient identification and

diagnosis. Furthermore, we conducted a comparative analysis of our model against other

state-of-the-art techniques, as outlined in Table 5.8, with a specific focus on dice similarity

and recall. The results of this comparison clearly indicate that our approach outperforms

not only the improved Unet method but also other techniques. These findings lead us

to the conclusion that our proposed strategy has indeed made significant advancements

when compared to the enhanced Unet. However, it’s important to note that there is still

room for improvement, particularly in achieving a more consistent alignment between

segmentation results and ground truth data. This recognition underscores the ongoing

need for continuous enhancements aimed at achieving superior results.

5.4 Conclusion

this chapter focused on the application of deep learning techniques, specifically Unet and

Res-Unet, for the segmentation of medical image regions. Through various modifications

and experiments, we aimed to improve the performance and accuracy of these models

in the context of medical image analysis. The proposed models, including the enhanced

Res-Unet and improved Unet, showed promising results in segmenting medical image

regions, particularly in the case of skin lesions and COVID-19 CT scans.
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The enhanced Res-Unet achieved a dice score of 83.2% and a sensitivity of 95.01%,

while the improved Unet achieved a dice score of 82% and a sensitivity of 94%. These

findings demonstrate the effectiveness of the proposed models in accurately identifying

and delineating medical image regions. Comparative analysis with existing methods has

demonstrated promising results in accurately identifying and delineating medical image

regions, particularly in the case of skin lesions and COVID-19 CT scans. However, it’s

essential to note that the journey towards perfecting these models is far from over. The

obtained results, while good, still exhibit some deviation from the ground truth. This

serves as a clear indication that there remains ample room for refinement and enhance-

ment. As we transition into the next chapter, we will delve deeper into the ongoing work

and explore additional avenues for improving the accuracy, robustness, and practicality

of these models in the critical domain of medical image region segmentation.
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Chapter 6

PROPOSED DEEP LEARNING MODEL

FOR MEDICAL IMAGE

SEGMENTATION

6.1 Introduction

In this chapter, we delve into the realm of image segmentation, a vital aspect of computer

vision that has witnessed remarkable advancements through deep learning techniques.

The focus of our exploration lies in the introduction of two innovative segmentation algo-

rithms: W-net and ψ-net. These architectures have been meticulously crafted to overcome

the challenges inherent in image segmentation tasks, offering novel insights and solutions

to enhance segmentation performance.

The architecture known as W-net represents a fusion of established methodologies,

combining the strengths of a ResNet encoder-decoder, a ConvNet encoder-decoder, and

a Feature Pyramid network. The primary objective of the W-net is to provide a robust

and accurate solution tailored to the complexities of image segmentation challenges. By

integrating dual encoder-decoder frameworks, the W-net excels in identifying and high-

lighting regions of interest, resulting in enhanced segmentation outcomes. The strategic

integration of a Feature Pyramid network within the W-net architecture addresses the

concern of memory saturation, contributing to its overall effectiveness.

The second contribution, the ψ-net architecture, aims to elevate the capabilities of the

baseline U-Net network. The architecture introduces several enhancements meticulously

designed to amplify its segmentation performance. A pivotal advancement involves the
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incorporation of a secondary convolutional encoder, fostering collaborative feature ex-

traction between the two encoders to capture more comprehensive and informative fea-

tures. Further augmenting the architecture are the innovative Fire-ResNet and Dense-

Fire-ResNet blocks, designed to capture intricate image characteristics pivotal for accurate

segmentation. Attention modules have been seamlessly infused into the ψ-net architec-

ture, enabling refined focus during the segmentation process.

The chapter embarks on an in-depth exploration of these pioneering deep-learning archi-

tectures, revealing the intricate design principles and unique components of each. The

discussion covers the W-net architecture in subsection 6.3 and introduces the ψ-net archi-

tecture in subsection 6.4. Subsequent sections offer a detailed exploration of each archi-

tectural element.

6.2 The proposed W-net model

The W-net architecture is a novel dual encoder-decoder architecture designed to address

segmentation problems (Khouloud et al., 2022b). It aims to predict segmentation masks

while simultaneously training on input images. The architecture consists of two main

paths: the analysis path and the synthesis path. Each path incorporates two types of

blocks: the ResNet block and the convolutional block. The analysis path, implemented as

a ResNet encoder, includes multiple downsampling blocks that progressively reduce the

spatial dimensions of the input image. On the other hand, the synthesis path, known as

the ResNet decoder, utilizes upsampling blocks to reconstruct the spatial dimensions and

refine the segmentation predictions. To compensate for feature loss caused by downsam-

pling in the encoder stages, the W-net architecture incorporates a convolutional encoder-

decoder network. This network comprises downsampling blocks in the encoder and cor-

responding upsampling blocks in the decoder.

The features extracted from the ResNet decoder and the convolutional encoder are

combined using concatenation. This fusion of features at different levels enhances the

model’s robustness and strengthens its performance. Additionally, attention mechanisms

are incorporated within the ResNet encoder-decoder to improve the network’s perfor-

mance. These attention mechanisms selectively highlight relevant features, further en-

hancing the segmentation accuracy. To optimize memory usage, an efficient feature pyra-

mid is employed in the W-net architecture. This feature pyramid efficiently handles multi-

scale information, aiding in the segmentation task while reducing memory consumption.
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The schematic of the proposed method is shown in Figure 6.1.

Figure 6.1: The Architecture of the W-Net: A dual encoder-decoder approach for segmen-

tation tasks.

6.2.1 ResNet Encoder-Decoder

In the ResNet encoder component of the W-Net architecture, as described in (Khouloud

et al., 2022b), the input training data is down-sampled and deep features are extracted.

The ResNet encoder consists of five blocks, where the first four blocks are downsampling

blocks, and the last block is a non-downsampling block. Each downsampling block con-

sists of a residual unit and a downsampling layer.
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The residual unit addresses the issue of deep gradient degradation by combining a

residual map and an identity map, with the output obtained through the equation y =

F(x) + x. Within each residual unit, there are two convolutional layers with a kernel size of

3 and a stride of 1. The number of convolutional kernels progressively increases from the

first to the fourth downsampling block, with the values of 16, 32, 64, and 128, respectively.

Batch normalization layers are incorporated after each convolutional layer to mitigate the

vanishing gradient problem. Rectified Linear Unit (ReLU) activation is applied to the

features following batch normalization. The last block in the ResNet encoder is the non-

downsampling block, which does not include a pooling layer. Instead, it preserves the

spatial dimensions of the data without further reduction. In contrast, the downsampling

blocks reduce the width and height of the data by half in each block. The implementa-

tion details of the ResNet encoder in the W-Net architecture, as described above, can be

visualized in Figure 6.2.

Figure 6.2: The implementation of ResNet encoder in W-net.
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The ResNet decoder consists of four up-sampling blocks. Each block includes an up-

sampling layer, a concatenate layer, and a ResNet block. The purpose of the up-sampling

layer is to increase the spatial resolution of the features. The concatenate layer connects

the features from the encoder with the up-sampled features from the decoder, preserv-

ing the information from the corresponding scales. The convolutional layers within the

ResNet block have a kernel size of 3. After each convolutional layer, a batch normalization

layer and a ReLU activation layer are applied. The number of convolutional kernels used

in each up-sampling block is asymmetric, with the numbers being 128, 64, 32, and 16 for

the first to fourth up-sampling blocks, respectively. This asymmetry helps improve the

feature resolution of the decoder. To address the imprecise spatial information during up-

sampling, the encoder-decoder model utilizes skip connections. These connections merge

the spatial information from the down-sampling path (encoder) with the up-sampling

path (decoder). However, since the earliest layers in the encoder may have poor feature

representation, this can lead to duplicate low-level feature extractions.

To increase network efficiency and reduce non-task-related feature activation, an atten-

tion mechanism inspired by the work of (Oktay et al., 2018) is introduced. The attention

gate module takes two inputs: vectors k and a. The vector a is obtained from the net-

work’s next-lowest layer. The vector x is passed through a strided convolution, while the

vector g is processed by a 1x1 convolution. The two resulting vectors are element-wise

added, promoting aligned weights and reducing unaligned weights. The combined vec-

tor goes through a ReLU activation layer and a 1x1 convolution. A sigmoid layer scales

the vector between 0 and 1. The attention coefficients are up-sampled to match the orig-

inal dimensions of the x vector using trilinear interpolation. These attention coefficients

are then multiplied element-wise with the original x vector, scaling the vector based on its

significance. The resulting vector is passed through the skip connection and further pro-

cessed.The structure of the AG module is shown in Figure 6.3. The attention coefficients

are computed based on Equations 6.1 and 6.2.

O = σ2
{

Wy [(σ1 (Wk × k + (Wa × a + bak))] + by
}

(6.1)

σ2 (x) =
1

1 + e−x (6.2)

Here, O represents the calculated attention coefficients. k and a are the feature maps given

to the AG module’s inputs from the decoder and encoder. Wa, Wy, Wk indicate the convo-

lution kernels. σ2 denote the sigmoid activation function and σ1 is the ReLU function. The

constructive features are output by the AG module by elementwise multiplying with the
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relevant encoder layer output, The constructive features are generated by element-wise

multiplying the relevant encoder layer output as shown in Equations 6.3 where out is the

output of the AG module. The implementation of the Resnet decoder is shown in Figure

6.4.

aout = O × a (6.3)

Figure 6.3: Schematic diagram of the Attention Gate (AG).

Figure 6.4: The implementation of ResNet decoder in W-net.

102



6.2.2 ConvNet Encoder-Decoder

The convolutional encoder component of the model consists of five downsampling blocks.

Each block includes a convolutional block, a downsampling layer, and a concatenate layer.

Downsampling is achieved by using convolutional layers with a stride of two and a kernel

size of three. The number of convolutional kernels varies for each downsampling block,

starting from 16 and doubling with each subsequent block, reaching 256 in the final block.

Batch normalization and ReLU activation layers are applied after each convolutional layer.

The concatenate layer plays a crucial role by connecting the features from the ResNet de-

coder with the corresponding features in the convolutional encoder. This accounts for

the lost features during the downsampling process in the ResNet encoder due to max-

pooling layers. By combining the ResNet decoder with ConvNet encoder features, the

model focuses its coding process on the regions of interest, leading to improved segmen-

tation accuracy. The concatenation operation enhances the network’s feature extraction,

representation abilities, and overall segmentation performance, resulting in a more robust

model. During training, the data is processed through a total of four convolutional blocks.

As a result, four features are obtained, each with dimensions equal to 1/1, 1/2, 1/4, and

1/8 of the original scale. The specific implementation details are shown in Figure 6.5 , and

the calculation process is as follows:

C(xi) = C(xi+1)⊕ B(xi) (6.4)

where C(xi) is the output of the ith downsampling block in the convolutional encoder. C(xi+1) is the output of the (i + 1) th

downsampling block in the convolutional encoder. B(xi) is the output of the ith downsampling block in the Resnet decoder.

The convolutional decoder in the model consists of four upsampling blocks, each compris-

ing an upsampling layer, a concatenate layer, and a convolutional block. The upsampling

layer utilizes interpolation techniques to increase the size of the features. The concatenate

layer connects features of the same scale from the convolutional encoder with the features

in the convolutional decoder after the upsampling layer. The convolutional layers within

the decoder have a kernel size of three. The number of convolutional kernels decreases

in an asymmetric manner from the first to the fourth upsampling block, with 128, 64, 32,

and 16 kernels, respectively. This asymmetry is designed to enhance the feature reso-

lution of the decoder. Batch normalization and ReLU activation layers are applied after

each convolutional layer to improve the performance of the network. During the upsam-

pling process, the width and height of the features are doubled, and the final upsampling

block produces an output channel number of 16. The output of the convolutional decoder
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maintains the same width and height as the original scale. The features extracted from

each block are preserved as the outputs of the convolutional decoder, denoted as D1, D2,

D3, and D4. Figure 6.6 shows this implementation.

Figure 6.5: Convolutional Encoder Implementation in W-net Architecture.
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Figure 6.6: The implementation of the decoder in W-net.
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6.2.3 Feature Pyramid

In our network, we implement a feature pyramid (FP) architecture inspired by the work

of (Lin et al., 2021) on an efficient feature pyramid (EFP). The FP architecture allows us

to create semantic feature maps at multiple scales, capturing information at different res-

olutions (multi-scale feature maps), which is crucial for handling objects of varying sizes

effectively.

At the beginning of our implementation, we extract the output features from different

layers of the convolutional decoders (D1, D2, D3, and D4). These features are then com-

pressed using a 1x1 convolutional layer with a stride of 1, followed by batch normal-

ization and the ReLU activation layer. The purpose of this compression is to reduce the

channel number to the smallest value, which is set as 16. Subsequently, we upsample the

compressed features to restore them to their original scale. However, to optimize storage

space utilization, we further compress the channel number of the upsampled features.

This step is necessary because feature maps with higher channel dimensions in the Fea-

ture Pyramid require more storage after upsampling. The compressed and upsampled

features from different layers are combined by addition, allowing us to integrate informa-

tion from multiple scales. Finally, the resulting feature map is processed through a 1x1

convolutional layer with the sigmoid activation function to obtain the final segmentation

result.

The implementation is shown in Figure 6.7, and the calculation process is as follows:

F(x) = Sigmoid [E(x)] (6.5)

F(x) = Sigmoid[
i=0

∑
n

D(xi)] (6.6)

F(x) = Sigmoid[
i=0

∑
n
[D(xi+1)⊕ c(xi)]] (6.7)

where E(x) is the output of an efficient feature pyramid. F (x) is the output of the W-net model.
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Figure 6.7: The Feature Pyramid Structure in W-net.

6.3 The proposed ψ-net model

In this thesis, an other architecture named ψ-net is presented for robust semantic seg-

mentation. The design of ψ-net is influenced by several existing networks including

SqueezeNet, DenseNet, ResNet, and U-Net. The workflow of the proposed network is

depicted in Figure 6.8. It consists of three main parts: a multi-scale convolutional encoder,

a DENSE-Fire U-Net encoder, and a DENSE-Fire U-Net decoder.

The DENSE-Fire U-Net architecture is introduced as a modification of the traditional U-

Net, where the standard convolutional layers are replaced with Fire-ResNet modules that

employ different convolutional kernel sizes. This modification aims to create a broader

network without the problem of gradient disintegration. Additionally, a Dense-Fire-ResNet

block is integrated into the center of the U-Net network to increase its depth. This block

generates feature maps of different scales, which are then downsampled using strided

convolution to extract more detailed feature representations in subsequent layers of the

network. The DENSE-Fire U-Net encoder contains three Fire-ResNet downsampling blocks,

while the decoder has the same number of channels as the encoder.

To further enhance the feature extraction capability of the network, a parallel encoder

called the multi-scale convolutional encoder is added. This encoder consists of five down-

sampling blocks that use convolutional and pooling layers to extract important features

from the original image.
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To address the limitations of the encoder-decoder model, two types of attention modules

are employed: spatial gate attention and channel attention modules. The spatial gate at-

tention (SAG) module focuses on the spatial structure of significant regions, strengthening

feature maps in the region of interest while suppressing background or unnecessary com-

ponents. On the other hand, the channel attention module calibrates the concatenation of

low- and high-level features to incorporate more contextual information into the low-level

encoder features.

In the proposed model, different output levels of feature maps from the expansive de-

coder path are aggregated and concatenated to improve mask prediction and facilitate

joint optimization.

Figure 6.8: systematic view of the proposed ψ-Net architecture.

6.3.1 Multi-scale Convolutional encoder

The MSC encoding (Multi-scale Convolutional) module is composed of five convolutional

blocks. Each block consists of a repeated application of two convolution layers with a fixed

kernel size. The number of kernels in each block progressively increases from 16 to 32, 64,

and 128, respectively. To mitigate the issue of vanishing gradients, a batch normalization

layer is applied after each convolutional layer. The rectified linear unit (ReLU) activation

function is then used to activate the features. Following the activation, a convolutional

layer with a stride size of 2 is employed for downsampling, similar to the max-pooling

108



layer in the U-Net architecture.

As illustrated in Figure 6.9, the convolutional blocks in the MSC encoding module contin-

uously extract semantic information from the input while simultaneously downsampling

the feature maps into four different levels. This downsampling operation reduces the

width and height of the feature maps by half compared to their original size.

To improve the network’s feature extraction and representation capabilities, the acquired

feature maps, denoted as A(A1), A(A2), A(A3), and A(A4), are concatenated with the

feature maps from the corresponding encoder’s blocks at different scales. This fusion of

feature maps from different scales allows the network to capture and utilize information

from various levels of detail, thereby enhancing its performance in semantic segmentation

tasks.

Figure 6.9: The implementation of MSC encoder in ψ-Net architecture.
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6.3.2 Dense-Fire U-Net

The encoding module of the Dense-Fire U-Net consists of five downsampling blocks. The

first four blocks are Fire-ResNet (FR) downsampling blocks, and the final block is a Dense-

Fire-ResNet non-downsampling block. The key component of the Dense-Fire U-Net en-

coder is the Fire-ResNet module.

The Fire-ResNet module starts with a squeeze convolution layer, followed by parallel 1×1

filters that provide a combination of parallel 3×3 and 5×5 convolution filters in the expand

layer. To reduce dimensions, an additional 1×1 convolution layer is added before each

layer. Batch normalization (BN) layers are incorporated after each convolutional expand

layer to normalize the activations and prevent the issue of vanishing gradients. Further-

more, an identity mapping convolution layer of size 1×1 connects the input and output

of the module. The main objective of the Fire-ResNet module is to integrate feature maps

from different branches with different kernel sizes. This allows the network to expand and

learn a broader range of features while simultaneously being able to recognize objects of

varying sizes. The inclusion of residual connections is beneficial for learning, as it enables

the module to learn a function with respect to the input feature maps, facilitating opti-

mization and improving the overall performance of the network. Figure 6.10 provides a

schematic representation of the Fire-ResNet module. The Fire-ResNet unit’s computation

procedure is as follows:

Mi+1= K1×1(Mi + [Bn ( K1×1(K1×1(Mi)) ⊕ Bn(K3×3(K1×1(K1×1(Mi ))))

⊕ Bn(K5×5(K1×1(K1×1 (Mi))))]

Where Kn×n present the kernel size of convolutional layer and Fb denotes the BN layer. ⊕ present the

concatenation function and Mi is the identity mapping of the i th layer.

The Fire-ResNet module is integrated into the dense connection block, which is in-

serted in the network’s bridge. Specifically, the dense connection block consists of 12

Fire-ResNet modules. The main objective of incorporating the Fire-ResNet module into

dense connections is to create a deeper and larger network while addressing the issues

of gradient vanishing and redundant processing. By integrating the Fire-ResNet module

into dense connections, the network benefits from increased depth and a wider capacity

to learn and extract features. The dense connection block facilitates direct and efficient

information flow between layers, ensuring that all layers have access to the collective

knowledge of previous layers.

110



Figure 6.10: Structure of The Fire-ResNet block.

This allows for the preservation and utilization of valuable information throughout

the network. The structure and functionality of the Dense-Fire-ResNet block can be vi-

sualized in Figure 6.11, providing an illustration of how the Fire-ResNet modules are or-

ganized within the dense connection block. The Dense- Fire-ResNet block’s i + 1 th layer

calculation procedure output is as follows:

Mi+1 = fFR = ([M0 , M1 , ..., Mi ]) (6.8)

fFR indicates the Bottleneck layer’s function, followed by the suggested Fire-ResNet module. Where

M0 , M1 , ..., Mi relates to the feature maps in layers 0 to ith.

Figure 6.11: The structure of Dense Fire-ResNet block .
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In the Dense Fire-ResNet encoder, each Fire-ResNet (FR) block is composed of a con-

catenate layer and a downsampling layer. The downsampling process is achieved using a

convolutional layer with a stride of two, effectively reducing the spatial dimensions of the

feature maps.The concatenate layer plays a critical role in connecting features of the same

scale within the Dense-Fire U-Net encoder to the features in the MSC encoder (Multi-scale

Convolutional).

This connection is established to enhance the network’s feature extraction capabilities. By

merging features from different scales, the network is empowered to capture and exploit

features at various levels, resulting in improved segmentation performance.

Figure 6.12 illustrates the Dense-Fire-ResNet block, providing a visual representation of

how the concatenate layer and downsampling layer are integrated within the block.

Figure 6.12: The Implementation of Dense-Fire Unet Encoder.

The Dense-Fire U-Net decoder consists of four Fire-ResNet blocks, each responsible

for doubling the width and height of the features through upsampling. The number of

convolution kernels used in these blocks is 128, 64, 32, and 16, respectively, as the features

progress through each block. While the Dense-Fire U-Net architecture follows a basic

encoder-decoder mechanism with multi-scale skip connections, it can suffer from infor-

mation and computational resource wastage. The low-level characteristics of the encoder

contain valuable spatial information. However, during the fusion process, where signif-
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icant regions are emphasized, the network may lose important contextual information

from the encoder features. As a result, the encoder-decoder model still has limitations

and requires further investigation to enhance its performance. To address these limita-

tions, the proposed architecture introduces the spatial-channel attention gate mechanism.

This mechanism incorporates four spatial gate attention modules and three channel atten-

tion modules into the Dense-Fire U-Net decoder. These attention modules learn attention

maps at multiple resolution levels to guide the network’s focus.

The spatial gate attention module is an improvement over existing spatial attention mod-

ules, such as CBAM (Woo et al., 2018), and AG (Oktay et al., 2018), with the goal of en-

hancing regions of interest and suppressing irrelevant parts. The spatial gate attention

map is created by combining both encoder and decoder features, incorporating spatial in-

formation. Figure 6.13 provides a visualization of this process.

The spatial attention map is generated by performing average and max pooling operations

over the channel dimension of the feature maps in both the encoder and decoder. The re-

sulting features are concatenated and further processed through several layers, including

ReLU activation, 1x1 convolution, and sigmoid activation, to produce the final attention

map. This attention mechanism allows the network to focus on the most relevant regions

for improved segmentation results. Our spatial gate attention module produces the fol-

lowing output:

Se (i) = Conv7×7 ([AvgP (i)⊕ MaxP (i)]) (6.9)

Sd (i) = Conv7×7 ([AvgP (i)⊕ MaxP (i)]) (6.10)

Ss (i) = σ (Conv1×1 (Relu (Se (i)⊕ SAd (i)))) (6.11)

Where i is the original input feature, AvgP (i) is an average pooling, MaxP (i) present max pooling and

Conv1×1 is 1× 1 convolution.Se (i),Sd (i) denote the generated spatial attention maps of the encoder and

decoder features.Ss (i) is The ReLU’s feature map sent into another 1×1 convolution with one output chan-

nel, followed by a Sigmoid function, to produce a pixelwise attention coefficient.

The Channel attention module in the proposed architecture combines the spatial at-

tention from the encoder with higher-level features from the decoder by assigning higher

coefficients to important channels. The channel attention map is created by utilizing aver-

age and max pooling operations, along with a shared multi-layer perceptron that includes

a single hidden layer. The output of the Sigmoid layer is then multiplied element-wise

with the original input feature, resulting in the final output of the channel attention mod-

ule. This process is visually depicted in Figure 6.14.
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Figure 6.13: Implementation of the Spatial Gate Attention module.

The channel attention module’s output is as follows:

Sch (i) = σ [(MLP (AvgP (i)))⊕ (MLP (MaxP (i)))] (6.12)

SchA (i) = Sch (i)⊗ i (6.13)

MLP represent multi-layer perceptron, ⊗ represents element-wise multiplication and, SchA is the Channel

Attention output

Figure 6.14: Implementation of the Channel Attention Module.
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Figure 6.15: Implementation of the Dense-Fire U-Net Decoder.
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6.3.3 Feature Pyramid

The feature pyramid (FP) is a crucial technique utilized in the ψ-net architecture to en-

hance mask prediction. It achieves this by combining the output features from the decoder

at different scales. The features obtained from multiple scales are concatenated together

in a pixel-wise manner and then processed through a convolutional layer. The resulting

feature representation is activated using the softmax function to obtain the final segmen-

tation output. Figure 6.16 provides a visual representation of the structure of the feature

pyramid in ψ-net.

Figure 6.16: The Structure of the Feature Pyramid in ψ-net.

6.4 Conclusion

In this chapter, we have covered the essential background and theoretical foundations of

the methods utilized in this thesis. The chapter is divided into two main sections.

The first part introduced the W-net model, our proposed image segmentation architec-

ture. It utilizes a dual encoder-decoder structure, incorporating elements like a ResNet

encoder-decoder, a ConvNet encoder-decoder, and a Feature Pyramid network. Addi-

tionally, we presented the ψ-net another architecture in the second section. The ψ-net

draws inspiration from established networks like SqueezeNet, DenseNet, ResNet, and U-

Net, aiming for robust semantic segmentation. By outlining the key components of the
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ψ-net, we’ve provided a clear understanding of its design principles and its role in our

image segmentation approach.

With this groundwork, the following chapters will explore experimental results, anal-

ysis, and discussions on the performance of both the W-net and ψ-net models. This eval-

uation will offer insights into their effectiveness and potential implications for image seg-

mentation applications.

117



Chapter 7

PROPOSED DEEP LEARNING MODEL

FOR MEDICAL IMAGE

CLASSIFICATION

7.1 Introduction

The realm of pattern recognition has been significantly reshaped by the emergence of ma-

chine learning, enabling computers to autonomously uncover significant patterns within

data without requiring human intervention. In this chapter, we introduce the Inception-

Resnet model, a technique designed for image identification. Rooted in the convolutional

neural network framework, this model comprises essential elements such as convolu-

tional layers, pooling layers, and Inception-Resnet blocks. The key contribution of our

work lies in the Inception-Resnet block, which combines the strengths of the Inception

architecture and the Residual Neural Network (ResNet). Through this integration, the

Inception-Resnet model achieves heightened accuracy in tasks related to image classifi-

cation. Our exploration takes us into the intricate design details of the Inception-Resnet

block in subsection 7.3, followed by the presentation of the specific model architecture in

subsection 7.4.
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7.2 The proposed Inception Resnet block

The proposed Inception Resnet block merges the Inception network with ResNet to take

advantage of their respective strengths in image classification. It introduces the concept

of the residual inception block, which allows for accurate predictions across multiple lay-

ers, surpassing the performance of a simple inception block. This network component

is inspired by the Inception concept and serves as a crucial element in the classification

network proposed in the thesis. The Inception Resnet block consists of several layers,

including a (1x1) convolutional layer, two residual blocks, and a max-pooling layer fol-

lowed by a (1x1) convolutional layer. The residual unit within the block comprises two

convolutional blocks. The first block combines (1x1) and (3x3) convolutions, while the

second block combines (1x1) and (5x5) convolutions. The parallel processing of different

spatial sizes, ranging from precise details (1x1) to larger sizes (5x5), is a key aspect of this

block. To address the computational complexity associated with deep neural networks, an

additional (1x1) convolutional layer is introduced before the (3x3) and (5x5) convolutions.

This layer helps reduce the number of input channels, thereby improving computational

efficiency. Each convolutional block consists of a batch normalization (BN) layer, a ReLU

activation layer, and an identity mapping that connects the input and output through a

(1x1) convolutional layer.

An overview of the Inception-ResNet block is depicted in Figure 7.1, illustrating its

architecture and connections. The proposed Inception Resnet block is further detailed in

Algorithm 1, describing the step of the computation process. The calculation process of

the inception-ResNet unit is as follows:

Mi+1 = K1×1 (Mi)⊕ [K1×1 (Mi) + (K5×5 (Bn (K1×1 (Bn (Mi)))))] (7.1)

⊕ [K1×1 (Mi) + (K3×3 (Bn (K1×1 (Mi))))]⊕ K1×1 (Maxpool (Mi)) (7.2)

Where Kn×n present the kernel size of convolutional layer and Bn denotes the BN layer.

⊕ present the concatenation function and Mi is the identity mapping of the i th layer maxp

present Maxpooling layer.
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Algorithm 1: The proposed Inception Resnet block.
Data: input

Result: features

Stage 1: ;

/* S1=Maxpooling(input) */

/* S1= Conv 1x1(S1) */

Stage 2:;

/* S2= Conv 1x1 (input) */

/* S2= Bn(S) */

/* S2= ReLu(S2) */

/* S2= Conv 3x3(S2) */

/* S2= Concat(input,S2) */

Stage 3:;

/* S3= Bn(input) */

/* S3= ReLu(S3) */

/* S3= Conv 1x1(S3) */

/* S3= Bn(S3) */

/* S3= ReLu(S3) */

/* S3= Conv 5x5(S3) */

/* S3= Concat(input,S3) */

Stage 4: ;

/* S4= Conv 1x1(input) */

output ;

/* output= Concat (S1,S2,S3,S4) */

7.3 The proposed Inception-Resnet network

The proposed Inception-Resnet network is a deep learning approach for image classifica-

tion, specifically utilizing convolutional neural networks (CNNs). CNNs are well-known

for their ability to directly learn features from raw image data, eliminating the need for

manual feature extraction. The network architecture consists of input and output layers,

with several hidden layers in between, including convolutional, max-pooling, and fully

connected layers.
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Figure 7.1: The proposed Inception Resnet block structure.

Our proposed method shares similarities with the GoogleNet network, but it intro-

duces a unique integration of the inception ResNet module inspired by the Google LeNet

inception module. The inception layer aims to capture a wide context while preserving

fine details in images. Additionally, the Deep Residual component addresses the chal-

lenge of performance degradation in deeper networks by utilizing residual mappings in-

stead of requiring layers to learn the complete underlying mappings. This helps improve

model performance.

The Inception-Resnet network is designed to be a deep CNN with a smaller parameter

count compared to networks such as AlexNet and GoogleNet. This architectural choice

makes the model faster and more accurate. The input size to the network is 118x118x3,

and the feature extraction phase involves three convolutional layers with different sizes

and kernel numbers. The layers include batch normalization and dropout regularization.

The network also incorporates five pooling layers, consisting of four max-pooling layers

with a kernel size of 3x3 and one average pooling layer with a size of 7x7. Furthermore,

the network includes four proposed Inception-Resnet blocks.
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The classification phase of the network utilizes fully connected layers, followed by a

softmax layer to calculate the probabilities for the best-matched class. The model archi-

tecture is depicted in Figure 7.2, and Table 7.1 provides details about the various parame-

ters of the proposed model. The algorithm outlining the implementation of the Inception

Resnet model is presented in Algorithm 2.

Algorithm 2: The proposed Inception Resnet Model for Image classification.
Data: Image im, size 224×224 RGB

Result: q Probability Value of the image classification.

Input im to the three convolutional layers, and receive the output C ;

Input C to the four Inception Resnet blocks, and receive the output I_R ;

Input I_R to the AvgPool2D layer to obtain the feature vector Avg;

Input Avg to the final FC layer, which has n neurons, and use a sigmoid activation

function to generate the classification probability value q ;

return q ;
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Table 7.1: The parameters of the proposed Inception-Resnet model.

Type N Filter Kernel size Stride Padding Conv (1×1) Conv (5×5) Conv (3×3) Conv (1×1)

Convolution 64 7×7 2 same - - - -

Maxpooling - 3×3 2 same - - - -

Convolution 64 1×1 1 same - - - -

Convolution 192 1×1 1 same - - - -

Maxpooling - 3×3 2 same - - - -

InceptionResnet block - - - same 64 96 128 16

InceptionResnet block - - - same 128 128 192 32

Maxpooling - 3×3 2 same - - - -

InceptionResnet block - - - same 192 96 96 16

Maxpooling - 3×3 2 same - - - -

InceptionResnet block - - - same 256 160 320 32

Average Pooling - 7×7 1 same - - - -
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Figure 7.2: The proposed Inception Resnet model structure.
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7.4 Conclusion

In this chapter, we have introduced a classification model that combines features from

both the Inception and ResNet architectures by incorporating the Inception-ResNet block.

The primary objective is to improve the classification model’s performance by leverag-

ing the strengths of both architectures. Through the integration of the Inception-ResNet

block, the model gains the capacity to capture a broader context while preserving intricate

details, resulting in enhanced accuracy in image classification tasks.

The proposed Inception-ResNet classification model presents a promising avenue for ad-

vancing image classification. By merging Inception and ResNet architectures and provid-

ing detailed insights into the implementation process, our aim is to highlight the model’s

potential effectiveness. In the upcoming chapter, we intend to apply the model to skin

lesion datasets, exploring its capabilities in the specific domain of skin cancer. This step is

essential to validate the model’s performance and broaden its applicability in real-world

scenarios.
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Chapter 8

SKIN LESION DETECTION

APPROACH

8.1 Introduction

Skin cancer is a significant global health concern, and its early detection is of utmost im-

portance for improving patient outcomes. Dermoscopy, a non-invasive diagnostic method,

has become a widely utilized technique by dermatologists for the early detection of ma-

lignant melanoma (Wighton et al., 2011). This method enables the visualization of imper-

ceptible pigmented structures such as streaks, dots, pigment networks, and blue-white

patches, which are not visible to the naked eye (Zhou et al., 2008). Despite the advantages

of dermoscopy, the automated detection of melanoma from dermoscopy images remains

a challenging task due to various obstacles.

The primary challenges in automated melanoma detection include the difficulty in

precisely segmenting lesions due to the poor contrast between skin lesions and normal

skin. Additionally, distinguishing between melanoma and non-melanoma lesions poses

a significant challenge, as they often exhibit a high degree of visual resemblance (Erol,

2018). To tackle these challenges, researchers have turned to computer-aided diagnostic

(CAD) methods, seeking to bridge the gap between medical expertise and engineering

capabilities.

CAD systems aim to emulate dermatologists’ performance in analyzing skin lesion re-

gions, thereby assisting in the rapid and efficient differentiation between melanoma and

benign tumors (Silveira et al., 2009) (Barata, Marques, and Mendonça, 2013). Dermoscopy

image analysis involves enhancing images and segmenting the regions of interest (ROI)
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containing the lesions. Subsequently, various characteristics are extracted and used to

train a classifier to predict the lesion’s label, i.e., whether it is melanoma or non-melanoma.

The success of each step in this process relies on the effectiveness of the preceding ones,

underscoring the significance of an integrated and effective approach (Eltayef, 2017). This

chapter presents an innovative approach to automatic skin cancer detection using medi-

cal image processing. The primary emphasis is on the development and evaluation of so-

phisticated medical expert systems capable of accurately segmenting and classifying skin

cancer tumors. The proposed algorithm integrates image quality enhancement, tumor

segmentation, and melanoma classification. Throughout the chapter, we explore prepro-

cessing techniques, segmentation methods, and the utilization of a classifier. The ultimate

goal of this research is to support medical specialists in achieving prompt and precise tu-

mor detection, leading to advancements in skin cancer diagnosis and improved patient

outcomes.

8.2 Methodology

The main objective of this study is to develop an automated skin cancer diagnosis system

to improve early detection of skin melanomas. The methodology involves a systematic

approach to accurately classify skin cancer tumors as either benign or malignant.

The first step in the methodology is to preprocess the skin cancer images. This involves

applying various image enhancement techniques such as noise reduction, contrast en-

hancement, and normalization to improve the overall image quality and ensure consis-

tency in subsequent analyses.

Following image preprocessing, the next crucial step is skin lesion segmentation. This

is achieved by utilizing advanced deep learning methods, specifically W-net and ψ-net,

which are designed to effectively delineate the tumor regions from the surrounding healthy

skin tissue. Accurate segmentation is essential for precise classification.

Once the skin lesions are successfully segmented, the final step involves skin lesion clas-

sification. For this purpose, the study employs the Inception-Resnet convolutional neural

network (CNN). The Inception-Resnet CNN has demonstrated remarkable performance

in various image classification tasks, making it a suitable choice for classifying the seg-

mented skin lesions as either melanoma or non-melanoma.

The proposed framework aims to create a robust and efficient automated system capable

of assisting medical professionals in diagnosing skin cancer accurately and at an early
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stage. By achieving this, the study endeavors to contribute to the improvement of skin

cancer diagnostics, potentially reducing diagnostic errors and enhancing patient outcomes.

Figure 8.1 depicts the melanoma detection strategy.

Figure 8.1: Overview of the proposed approach for skin lesions Segmentation and classi-

fication.

8.3 Implementation details and Hardware specifications.

For our project, we utilized Python as the primary programming language. The chosen

deep learning framework was the Keras interface on top of TensorFlow. To support our

development, we incorporated several notable libraries, including Scikit-learn for general-

purpose machine learning tasks and PIL for image processing. To train and test our net-

works, we leveraged Kaggle Notebooks, an online service that offers cloud-based com-

puting. During each session, Kaggle Notebooks reserved a GPU for our use, allowing us

to take advantage of accelerated computations. All model run-time testing was conducted

within a single session. The hardware specifications we utilized during our project are as

follows:
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• CPU: Intel(R) Xeon(R) CPU @ 2.30GHz.

• RAM: 12 GB.

• GPU: NVIDIA TESLA P100 GPUs.

These hardware resources provided the necessary computational power for our deep

learning tasks and contributed to efficient model training and evaluation.

8.4 Dermoscopy Image Preprocessing

The clarity of skin lesion images can be degraded by optical lenses used in digital cameras,

making visual inspection challenging for identifying malignancies due to the complexity

of digital images. Therefore, to assist clinicians in correctly diagnosing skin lesions, effec-

tive image-processing techniques are required. Image pre-processing is a crucial step in

the detection process as it aims to remove noise and enhance the quality of the original

image. This step is essential to minimize the impact of irregularities in the image back-

ground that could affect the final diagnosis. The main goal of this pre-processing stage is

to improve the quality of melanoma images by eliminating irrelevant and surplus compo-

nents from the image’s background, facilitating further analysis.

Dermoscopic images often contain various types of noise, such as hairs and reflection ar-

tifacts, which can cover a significant portion of the lesion regions. The presence of these

artifacts can lead to incorrect segmentation of pigmented lesions and compromise the ac-

curacy of the diagnosis. Thus, using appropriate pre-processing techniques is crucial to

improve the system’s accuracy.

In this study, a Gaussian filter is employed to reduce artifacts from the images, such as

fog, hairs, marks, and stains, thereby enhancing image quality. Additionally, an auto-

matic image cropping process is used to extract the region of interest (skin lesion) from

each picture and remove unnecessary or redundant portions. The image cropping process

is performed in four stages. Firstly, a binary image is computed using the thresholding ap-

proach. Secondly, the Canny method is utilized to reduce data in the image and filter out

unnecessary information while preserving structural elements. Subsequently, a bounding

rectangle is defined using the points acquired through the Canny method, and the orig-

inal image is cropped accordingly. Furthermore, the image scaling technique is applied

to resize the images to a standardized width and height. This step is essential because

skin cancer images may come from various sources and have different sizes. Resizing
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the images serves two purposes: to improve the performance of the model and to reduce

computation time by minimizing the number of pixels to be analyzed.

These pre-processing phases play a critical role in enhancing image quality, facilitating ac-

curate skin lesion segmentation, and ultimately improving the accuracy of the skin cancer

diagnosis system. Figure 8.2 shows an example of a preprocessing task.

Figure 8.2: Example of a preprocessing task.

8.5 Skin Lesion Segmentation

Image segmentation is a widely used technique in various image processing applications,

including object identification, border estimation, image compression, editing, and data

visualization. In the context of skin lesion analysis, the main objective of image segmen-

tation is to accurately differentiate the homogenous lesions from the surrounding healthy

skin.The segmentation process is critical for effectively analyzing dermoscopy images as it

significantly influences the accuracy of subsequent analysis and classification. However,

achieving precise segmentation in dermoscopy images is challenging due to the consider-

able variations in size, shape, and color of the lesions. Additionally, there is often a lack

of contrast between the lesions and the surrounding healthy skin.

To address these challenges, automatic segmentation approaches were implemented in
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this study to extract the entire lesion area. The ultimate goal is to segment the enhanced

skin image and separate the tumor from the background (healthy skin). Various tech-

niques for segmentation exist, and for this research, two segmentation algorithms, namely

W-net and ψ-net (as mentioned in the previous chapter), were adopted to enhance skin

lesion segmentation.The proposed segmentation framework for melanoma entails using

these advanced algorithms to accurately delineate the melanoma regions from the sur-

rounding healthy skin. Figure 8.3 provides an illustration of the proposed segmentation

process for melanoma lesions.

Figure 8.3: A segmentation framework of melanoma.

8.5.1 The W-net Hyper-parameters

The only hyperparameters modified from the original U-Net were batch normalization,

the optimizer, and the loss function. For training of the W-Net segmentation deep learn-

ing model, the learning rate is set to 0.0001, the epoch number of 60 is adjusted accordingly

to make the training steps approximately the same, the batch size is set to 8, and the Adam

is used for the optimization of the network. All of the models were also trained using bi-

nary cross-entropy as a loss function to determine whether performance is truly enhanced

with a loss function.Table 8.1 is a detailed list of the experimental training parameters. A

summary of the W-Net architecture during the training phase is shown in Figure 8.4.
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Figure 8.4: The Summary of W-net.
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Table 8.1: Settings for training parameters

Type Setting

Optimizer Adam optimization

Loss binary cross-entropy

Learning rate 0.0001

Batch size 8

Number of iterations (Epoch) 60

Activation function ReLU, Sigmoid

8.5.2 The ψ-net Hyper-parameters

During the training of the ψ-net segmentation deep learning model, several settings are

adjusted for optimal performance. The learning rate is set to 0.0001, the batch size is con-

figured as 10, and the number of epochs is modified to ensure balanced training stages.

The Adam optimization algorithm is employed to optimize the network’s parameters.

To evaluate the impact of the loss function on performance, all models are trained using

binary cross-entropy as the loss function. A detailed description of the experimental train-

ing settings can be found in Table 8.2. Figure 8.5 visually summarizes the architecture of

the ψ-net during the training phase, illustrating the evolution and modifications made to

the model throughout the training process.

Table 8.2: Settings for training parameters

Type Setting

Optimizer Adam optimization

Loss binary cross-entropy

Learning rate 0.0001

Batch size 10

Number of iterations (Epoch) 120

Bias init 0

Activation function ReLU, Sigmoid
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Figure 8.5: The summary of ψ-net.
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8.5.3 Tests comparison and discussion using W-net model

8.5.3.1 Tests comparison on ISIC-2016 Dataset

The W-net model has been successfully trained and achieved a high level of accuracy in

segmenting data, as demonstrated in Figure 8.6. The model effectively minimized the

loss, stabilized close to zero, and demonstrated significant improvement in accuracy from

82% to over 98%. The results indicate the model’s effectiveness in accurately segmenting

data while avoiding overfitting, showcasing its ability to learn patterns in the data.

Figure 8.6: On ISIC 2016, the suggested W-net Segmentation model’s accuracy and loss

performance curves.

Figure 8.7 presents the results of the training process for the W-net network. The graph

shows three curves representing the dice coefficient, specificity, and recall performance,

which are commonly used metrics for evaluating image segmentation algorithms. As the

number of training epochs increases, the values of these metrics decrease and approach

more than 95%. This indicates that the network is learning and improving its performance

over time, demonstrating its effectiveness in accurately segmenting the skin lesion data.

The high values achieved by the metrics signify the model’s proficiency in the segmenta-

tion task.
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Figure 8.7: On ISIC2016, Dice coefficient, specificity and Recall performance curves of the

proposed W-net Segmentation model.

The segmentation results of our W-net proposed model on four image samples are

shown in Figure 8.8. The proposed strategy produces improved segmentation results that

are closer to the truth, proving the effectiveness of the suggested approach.

Figure 8.8: The segmentation results of W_net architecture. (1) Skin image (2) Ground

truth images and (3) W-net results.
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Figure 8.9 displays the segmentation results of the W-Net network. The input images

are shown in the first row, the ground truth labels in the second row, and the segmented

outputs of W-Net and ResUnet in the third and fourth rows, respectively. W-Net demon-

strates satisfactory segmentation performance, even in challenging situations. The com-

parison between W-Net and ResUnet’s segmentation results against the ground truth re-

veals that W-Net achieves more accurate segmentations. The region borders extracted by

W-Net closely match the ground truth, indicating its superior performance compared to

ResUnet. The dual encoder-decoder architecture of W-Net is considered more robust for

segmentation compared to the single encoder-decoder model of ResUnet. The effective-

ness of W-Net is highlighted by its ability to outperform ResUnet in accurately segmenting

skin lesions.

Figure 8.9: The segmentation results of W_net architecture. (1) Skin image (2) Ground

truth images and (3) W-net results (4) ResUnet.
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Based on the comparison provided in Table 8.3, the proposed network, W-net, out-

performs the state-of-the-art techniques on the ISIC 2016 dataset. W-net achieved higher

accuracy (97.5%), dice coefficient (93.7%), specificity (98.3%), and Jaccard index (88.3%)

compared to other methods. However, (Huang, Zhao, and Yang, 2019) achieved a higher

sensitivity than the proposed method.

Table 8.3: On the ISIC2016 dataset, a performance comparison of the suggested network

and other approaches.

Method Accuracy Recall Specificity Dice similarity Jaccard index

(Huang, Zhao, and Yang, 2019) 95.8% 96.4% 92.5 % 91.1% 84.5%

(Khan et al., 2021) 95.38% - - - -

(Phan et al., 2021) 96.48% _ _ 92.61% 87.08%

(Tong et al., 2021) 95.4% 92.7% 96.1% - 84.5%

Proposed method 97.5% 96 % 98.30 % 93.7 % 88.3%

8.5.3.2 Tests comparison on ISIC-2017 Dataset

Figure 8.10 shows the results of training a W-net model for a segmentation task on ISIC-

2017. The figure indicates that the model effectively minimized the loss, stabilizing close

to zero, and achieved a high accuracy of over 99%. These results demonstrate the ef-

fectiveness of the proposed W-net model for accurate segmentation without overfitting,

making it a reliable solution for the task.

Figure 8.10: On ISIC2017, the suggested W-net Segmentation model’s accuracy and loss

performance curves.
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Figure 8.11 displays the training results of a W-net network for an image segmentation

task. The graph shows three curves representing the Dice coefficient, specificity, and recall

metrics, which are commonly used for evaluating image segmentation algorithms. As the

number of training epochs increases, the values of these metrics decrease and approach

more than 95%. This indicates that the network is learning and improving its performance

over time. The results demonstrate the effectiveness of the W-net network in accurately

segmenting images, making it a promising approach for the image segmentation task.

Figure 8.11: Specificity, Dice coefficient and Recall performance curves of the suggested

W-net Segmentation model on ISIC2017.

Figure 8.12 displays the results of the W-net proposed model for an image segmenta-

tion task on four image samples. The comparison between the segmentation results and

the ground truth reveals that the proposed model produces improved segmentation ac-

curacy, with the segmented regions closely resembling the ground truth. These results

provide strong evidence of the effectiveness of the W-net proposed model in accurately

performing the image segmentation task.
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Figure 8.12: The segmentation results of W_net architecture on ISIC-2017. (1) Skin image

(2) Ground truth images and (3) W-net results.

The evaluation in Figure 8.13 shows that the W-Net model performs better than the Re-

sUnet model for lesion segmentation. It achieves more accurate segmentations that closely

match the ground truth borders. The use of a dual encoder-decoder model in W-Net ap-

pears to be more robust compared to ResUnet’s single encoder-decoder model, resulting

in superior performance in lesion segmentation, even in challenging scenarios. Overall,

the study provides strong evidence of the effectiveness of the W-Net model for accurate

and reliable lesion segmentation.
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Figure 8.13: The segmentation results of W_net architecture. (1) Skin image (2) Ground

truth images (3) ResUnet and (4) W-net results.

Based on the findings presented in Table 8.4, the proposed W-net architecture outper-

forms previous state-of-the-art strategies in several key metrics, including Accuracy, sen-

sitivity, specificity, Dice similarity, and Jaccard index. Notably, the suggested approach

achieved high values of accuracy (97.9%), sensitivity (95%), specificity (98.9%), Dice sim-

ilarity coefficient (93.43%), and Jaccard index (86.86%). These results strongly indicate

that the suggested method is a promising solution for medical image segmentation tasks,

offering high usability and consistent performance.
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Table 8.4: On the ISIC2017 dataset, a performance comparison of the proposed W-net

network and other techniques.

Method Accuracy sensitivity Specificity Dice similarity Jaccard index

(Al-Masni et al., 2018) 94.03% 85.40 % 96.69% 87.08% 77.11%

(Öztürk and Özkaya, 2020) 95.30% 85.44 % 98.08% 88.64% 78.34%

(Phan et al., 2021) 94.55% - - 87.61% 79.95%

(Khan et al., 2021) 95.79% - - - -

(Tong et al., 2021) 92.6% 82.5% 96.5% - 74.2%

Proposed method 97.9 % 95% 98.9 % 93.4 % 86.86%

8.5.3.3 Tests comparison on the ISIC-2018 Dataset

Figure 8.14 shows the outcome of training a W-net model on the ISIC-2018 dataset for a

segmentation challenge. The graph depicts the loss curve, which has stabilized at zero,

and the accuracy curve, which has grown from a low of 75% to well above 95%.

This shows that the W-net model learnt the patterns in the data and reached a high level

of accuracy in segmenting the data. The findings show that the suggested W-net model

is a good match for the segmentation challenge and avoids overfitting, which is a typical

problem in machine learning models. The graphic shows the W-net model’s performance

on the dataset and its efficacy in executing the image segmentation task.

Figure 8.14: Accuracy and loss performance curves of the proposed W-net Segmentation

model on ISIC-2018 Dataset.
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The outcome of training a W-net network for an image segmentation task on ISIC-2018

is shown in Figure 8.15 . The graph depicts the model’s performance using three regu-

larly used metrics: Dice coefficient, Specificity, and Recall. The values of these measures

rise and approach 95% as the number of training epochs grows, demonstrating that the

network is learning from the training data and increasing its performance.

The graph shows that the W-net network is learning and increasing its performance from

the training data, which is an important feature of a successful machine learning model.

The graphic shows the W-net model’s performance during the training process and its

potential to improve over time.

Figure 8.15: Dice coefficient, specificity and Recall performance curves of the proposed

W-net Segmentation model on ISIC-2018.

Figure 8.16 shows the performance of the W-net suggested model on four image sam-

ples for an image segmentation challenge. The suggested model’s findings are compared

to the ground truth to demonstrate the improvement in segmentation outcomes. Accord-

ing to the Figure, the suggested W-net model is successful in delivering accurate segmen-

tation results, since the results are closer to the ground truth. This demonstrates that the

W-net suggested model is an effective solution for the image segmentation issue.
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Figure 8.16: The segmentation results of W_net architecture on PH2. (1) Skin image (2)

Ground truth images and (3) W-net results.
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Based on the assessment and comparison provided in Figure 8.17, it is feasible to con-

clude that the W-Net model outperforms the ResUnet model for lesion segmentation. We

demonstrate this by comparing the segmentation outputs of both models to the ground

truth labels and discovering that the W-Net model produces more accurate segmentations

with more closely matched region boundaries. Furthermore, we argue that employing a

dual encoder-decoder model for segmentation is more robust than using a single encoder-

decoder model, using W-outperformance Net’s of ResUnet as evidence. W-Net segmenta-

tion results are satisfactory in all challenging settings, demonstrating the model’s efficacy

for lesion segmentation.

Figure 8.17: The segmentation results of W_net architecture. (1) Skin image (2) Ground

truth images (3) W-net and (3) ResUnet results.
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Based on the comparison provided in Table 8.5, it can be inferred that the proposed W-

net model has achieved superior performance in terms of accuracy, dice coefficient, and

Jaccard index, compared to the other state-of-the-art techniques. These metrics indicate

the ability of the model to segment the skin lesions accurately and effectively. However, it

is also worth noting that (Qamar, Ahmad, and Shen, 2021) and (Azad et al., 2020) have

outperformed the proposed model in terms of sensitivity and specificity, respectively.

Sensitivity refers to the ability of the model to accurately identify positive cases, while

specificity refers to the ability of the model to accurately identify negative cases. There-

fore, although our proposed approach has better overall segmentation performance, other

techniques may have certain advantages in specific aspects of segmentation. Thus, the

comparison presented in Table 8.5 suggests that the proposed W-net model is a highly

competitive and effective approach for skin lesion segmentation.

Table 8.5: Performance comparison between the proposed network and other methods on

the ISIC2018 dataset.

Method Accuracy Recall Specificity Dice similarity Jaccard index

(Azad et al., 2020) 96.4% 87.5% 98.8 % 91.2% _

(Dong et al., 2021) 96.41% 89.92 % 98.16% 91.19 83.99 %

(Khan et al., 2021) 92.69 - - - -

(Qamar, Ahmad, and Shen, 2021) 96.95% 96.50% 97.00% 90.00% 83.30%

Proposed method 97.5% 95.7 % 98.5% 94.8% 89.9%

8.5.3.4 Tests comparison on the PH2 Dataset

Figure 8.18 is the result of training a W-net model for a segmentation task on the PH2

dataset. The figure shows the loss curve, which has stabilized close to zero, and the accu-

racy curve, which has increased from a low value of 82% to above 97%. This indicates that

the W-net model has effectively learned the patterns in the data and has achieved a high

level of accuracy in segmenting the data. The results demonstrate that the proposed W-

net model is an effective solution for the segmentation task, and it has avoided overfitting,

which is a common issue in machine learning models. The figure provides evidence of the

performance of the W-net model on the PH2 dataset and its effectiveness in performing

the image segmentation task.
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Figure 8.18: Accuracy and loss performance curves of the proposed W-net Segmentation

model on PH2.

Figure 8.19 is the result of training a W-net network for an image segmentation task

on PH2. The figure displays the performance of the model using three commonly used

metrics: dice coefficient, specificity, and recall. As the number of training epochs increases,

the values of these metrics decrease and approach more than 95%, indicating that the

network is learning from the training data and improving its performance. The graph

demonstrates that the W-net network is effectively learning from the training data and

improving its performance, which is a crucial aspect of a successful machine learning

model. The figure provides evidence of the performance of the W-net model during the

training process and its ability to improve over time.

Figure 8.19: Dice coefficient, specificity and Recall performance curves of the proposed

W-net Segmentation model on PH2.
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Figure 8.20 demonstrates the performance of the W-net proposed model for an im-

age segmentation task on four image samples. The results of the proposed model are

compared with the ground truth to show the improvement in segmentation results. The

figure indicates that the proposed W-net model is effective in producing accurate segmen-

tation results, as the results are closer to the ground truth. This provides evidence that the

W-Net proposed model is a good solution for the image segmentation task.

Figure 8.20: The segmentation results of W_net architecture on PH2. (1) Skin image (2)

Ground truth images and (3) W-net results.
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Based on the evaluation and comparison shown in the Figure 8.21, it is possible to

deduce that the W-Net model is more successful for lesion segmentation than the Re-

sUnet model. We show this by comparing the segmentation outputs of both models to the

ground truth labels and finding that the W-Net model delivers more accurate segmenta-

tions with area borders that are more closely aligned with the ground truth. Additionally,

we contend that utilizing a dual encoder-decoder model for segmentation is more resilient

than using a single encoder-decoder model, citing W-outperformance Net’s of ResUnet.

W-Net segmentation results are adequate in all tough conditions, indicating the model’s

efficiency for lesion segmentation.

Figure 8.21: The segmentation results of W_net architecture. (1) Skin image (2) Ground

truth images (3) ResUnet and (4) W-net results.
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Table 8.6 presents the segmentation performance of the proposed method and com-

pares it with state-of-the-art methods. The proposed method has been outperforming the

other methods in terms of various performance metrics. The overall accuracy of the pro-

posed method is 98.11%, which indicates that it is able to correctly classify 98.11% of the

skin lesion pixels. The dice similarity coefficient, which is a measure of the overlap be-

tween the predicted and ground truth masks, is reported to be 94.84%. This indicates that

the predicted masks are highly similar to the ground truth masks. The specificity of the

proposed method is 98.92%, which indicates that it is able to correctly identify 98.92% of

the pixels that do not belong to the skin lesion. The Jaccard index, which is a measure of

the similarity between the predicted and ground truth masks, is reported to be 89.59%.

This indicates that the predicted masks have a high degree of overlap with the ground

truth masks. The sensitivity of the proposed method is 96.56%, which indicates that it is

able to correctly identify 96.56% of the skin lesion pixels. This is a crucial performance

metric, as it determines the ability of the method to accurately detect the skin lesion areas.

Table 8.6: Performance comparison between the proposed network and other methods on

the PH2 dataset

Method Accuracy Recall Specificity Dice similarity Jaccard index

(Shan et al., 2020) 93.63% 94.77 % 96.28% 90.26 % 83.51

(Xie et al., 2020) 94.2% 96.3 % 94.2% 91.9 % 85.7%

(Öztürk and Özkaya, 2020) 96.92% 96.88% 95.31% 93.02 % 87.1%

Proposed method 98.11% 96.56 % 98.92% 94.84% 89.59%

8.5.3.5 Discussion

The proposed W-net architecture for skin lesion segmentation is a significant contribution

to the field of medical image analysis. The dual encoder-decoder approach of W-net is a

novel idea, as it allows for more accurate lesion extraction by extracting both the global

shape of the lesion and sharpening its limits. This approach is more effective than us-

ing a single encoder-decoder network, as it can provide more precise skin lesion borders,

which are crucial for further treatments. The evaluation of W-net on four publicly avail-

able datasets confirms its effectiveness, with an accuracy of over 97% for all databases,

outperforming all existing methods. W-net also outperforms existing approaches in terms
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of sensitivity, specificity, and dice similarity.

The comparative results show that W-net is one of the best ways for skin lesion segmenta-

tion, as it effectively challenged state-of-the-art methods for skin lesion segmentation on

the four datasets.

Thus, the proposed W-net architecture provides an effective solution to the problem of

skin lesion segmentation and can potentially lead to improved diagnosis and treatment

of skin lesions. Further research can investigate the application of W-net to other medical

image analysis tasks and explore potential modifications to improve its performance even

further.

8.5.4 Tests comparison and discussion ψ-net model

8.5.4.1 Tests comparison on ISIC-2016 Dataset

As shown in Figure 8.22, the ψ-net model was effectively trained and obtained a high level

of accuracy in segmenting data. The figure indicates that the model effectively decreased

the loss since it stabilized near zero. The accuracy curve demonstrates the model’s ability

since it begins with a low value of 85 percent and rises to above 98 percent. The results

shown in Figure 8.22 show how successful the suggested W-net model is at segmenting

data. The model obtained a high degree of accuracy while avoiding overfitting, indicating

that it learned the patterns in the data successfully.

Figure 8.22: On ISIC2016, the proposed ψ-net Segmentation model’s accuracy and loss

performance curves.
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Figure 8.23 depicts the outcomes of a ψ-net network training procedure. Three curves

are depicted in the graph: one for the dice coefficient, one for specificity, and one for re-

call ability. The Dice coefficient, specificity, and recall are three measures typically used to

assess the effectiveness of image segmentation algorithms. It is clear that as the number

of training epochs rises, the metrics values increase and approach 95%. This suggests that

the network is adapting and improving over time.

Figure 8.23: Specificity,Dice coefficient, and Recall performance curves of the proposed

ψ_net Segmentation model on ISIC2016.

Figure 8.24 depicts the segmentation results of our ψ-net suggested model on four im-

age samples. The proposed procedure yields enhanced segmentation results that are more

accurate, demonstrating the effectiveness of the suggested approach.

The effectiveness of the suggested network ψ-net for lesion segmentation was evaluated

using Figure 8.25. The input images are displayed in the first row, ground truth labels in

the second row, and segmented outputs of ψ-net and Dense-Fire Unet are presented in the

third and fourth rows, respectively.
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Figure 8.24: The segmentation results of ψ_net architecture. (1) Skin image (2) Ground

truth images and (3) ψ-net results.
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The suggested lesion network performed well in difficult situations, producing satis-

factory segmentation outcomes. To confirm the effectiveness of ψ-net, segmentation re-

sults of Dense-Fire Unet and ψ-net were compared to ground truth labels. The results

showed that the segmentation of ψ-net was more accurate than that of Dense-Fire Unet.

The region borders extracted by ψ-net closely matched the region borders of the ground

truth compared to those obtained by Dense-Fire Unet. The combination of an attention

mechanism (spatial gate attention + channel attention) with a multi-scale convolution en-

coder improved the network performance, bringing the prediction region closer to the

ground truth boundary.

This demonstrated the efficacy and accuracy of the proposed model. Overall, the find-

ings suggest that the suggested network with attention mechanisms and a convolution

encoder is an effective approach for lesion segmentation, producing more accurate results

compared to Dense-Fire Unet. These findings could have important implications for im-

proving lesion segmentation accuracy and aiding in the diagnosis and treatment of skin

diseases.

Figure 8.25: The segmentation results of ψ-net architecture. (1) Skin image (2) Ground

truth images (3) Dense-Fire Unet and (4)ψ-net results .
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Table 8.7 presents a comparison between the proposed network, called ψ-net, and other

state-of-the-art techniques on the ISIC 2016 dataset. According to the table, the ψ-net

outperforms other techniques in terms of recall, dice coefficient, and Jaccard index, with

values of 96.3%, 93.81 %, and 88.5% respectively. However, it is worth noting that the

proposed W-net demonstrates higher accuracy and specificity compared to the ψ-net. This

suggests that while the ψ-net excels in certain areas, the W-net might have an edge in

accurately identifying true positive cases.

Table 8.7: On the ISIC2016 dataset, a performance comparison of the suggested network

and other approaches.

Method Accuracy Recall Specificity Dice similarity Jacc

(Xie et al., 2020) 93.8% 87.0 % 96.4% 91.8% 85.8%

(Khan et al., 2021) 95.38% - - - -

(Phan et al., 2021) 96.48% _ _ 92.61% 87.08%

(Tong et al., 2021) 95.4% 92.7% 96.1% - 84.5%

Proposed W-net 97.5% 96 % 98.30 % 93.7 % 88.3%

Proposed ψ-net 96.7% 96.3 % 97.69 % 93.81 % 88.5%

8.5.4.2 Results on the ISIC-2017 Dataset

The ψ-net model was effectively trained and achieved a high degree of accuracy in seg-

menting data, as demonstrated in Figure 8.26. The graph shows that the model effectively

reduced the loss when it stabilized at zero. The accuracy curve indicates the model’s ca-

pability because it starts low at 84 percent and grows to above 98 percent. The findings

in Figure 8.26 demonstrate how effective the proposed model is at segmenting data. The

model achieved a high degree of accuracy while avoiding overfitting, showing that it suc-

cessfully understood the patterns in the data.

Figure 8.27 shows the results of a ψ-net network training operation. The graph shows

three curves: one for the dice coefficient, one for specificity, and one for memory ability.

The Dice coefficient, specificity, and recall are three commonly used metrics for evaluating

the efficacy of picture segmentation algorithms. It is evident that as the number of train-

ing epochs increases, so do the metrics values, which reach 95%. This indicates that the

network adapts and improves over time.
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Figure 8.26: Accuracy and loss performance curves of the proposed ψ-net Segmentation

model on ISIC-2017.

Figure 8.27: Specificity,Dice coefficient, and Recall performance curves of the proposed

ψ_net Segmentation model on ISIC2017.

Figure 8.28 depicts the performance of the ψ-net suggested model on four picture sam-

ples for an image segmentation challenge. The suggested model’s findings are compared

to the ground truth to demonstrate the improvement in segmentation outcomes. Accord-

ing to Figure 8.28, the suggested ψ-net model is successful in providing accurate segmen-

tation results since the conclusions are closer to the ground truth. This suggests that the

ψ-net model is an effective solution to the image segmentation problem.
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Figure 8.28: The segmentation results of ψ_net architecture. (1) Skin image (2) Ground

truth images and (3) ψ-net results.
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Figure 8.29 shows that the proposed skin lesion segmentation network utilizing the

ISIC-2017 dataset outperformed the DENSE-Fire U-net design. The fact that the projected

region is closer to the boundary of the ground truth indicates that the suggested network is

more accurate in recognizing the limits of the skin lesion. The attention mechanism, which

includes spatial gate attention and channel attention, as well as the convolutional encoder

combination, appear to have contributed to the network’s improved performance.

Figure 8.29: The segmentation results of ψ-net architecture. (1) Skin image (2) Ground

truth images (3) ψ-net results and (4) Dense-Fire Unet.
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Table 8.8 compares the proposed ψ-net segmentation method with established tech-

niques, highlighting its superior performance in multiple metrics. A dice similarity co-

efficient of 94.4% indicates substantial agreement between predicted and actual masks,

emphasizing accurate shape capture. The Jaccard index of 89.3% showcases strong struc-

tural similarity, affirming reliable segmentation. A sensitivity of 95.8% demonstrates the

method’s proficiency in detecting skin lesion pixels. However, W-net methods outperform

ψ-net in accuracy and specificity, indicating better true positive identification.

Table 8.8: On the ISIC2017 dataset, a performance comparison of the proposed ψ_net

network and other techniques.

Method Accuracy sensitivity Specificity Dice similarity Jaccard index

(Al-Masni et al., 2018) 94.03% 85.40 % 96.69% 87.08% 77.11%

(Öztürk and Özkaya, 2020) 95.30% 85.44 % 98.08% 88.64% 78.34%

(Phan et al., 2021) 94.55% - - 87.61% 79.95%

(Khan et al., 2021) 95.79% - - - -

(Tong et al., 2021) 92.6% 82.5% 96.5% - 74.2%

The Proposed W-net 97.9 % 95% 98.9 % 93.4 % 86.86%

Proposed method 97.3% 95.8 % 98.2% 94.4% 89.3%

8.5.4.3 Tests comparison on the PH2 Dataset

The figure 8.30 shows the results of training a ψ_net model on the PH2 dataset for a seg-

mentation challenge. The graph depicts the loss curve, which has stabilized at zero, and

the accuracy curve, which has grown from a low of 82% to well above 97%. This shows

that the ψ_net model learnt the patterns in the data and reached a high level of accuracy in

segmenting the data. The findings show that the suggested ψ-net model is a good match

for the segmentation challenge and avoids overfitting, which is a typical problem in ma-

chine learning models. The graphic shows the ψ_net model’s performance on the PH2

dataset and its efficacy in conducting image segmentation.

The outcome of training a ψ_net network for an image segmentation task on PH2 is

shown in Figure 8.31. The graph depicts the model’s performance using three regularly

used metrics: Dice coefficient, Specificity, and Recall. The values of these measures grow

and approach 95% as the number of training epochs increases, demonstrating that the net-

work is learning from the training data and increasing its performance.
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Figure 8.30: The suggested ψ_net Segmentation model’s accuracy and loss performance

curves on PH2.

The graph shows that the ψ_net network is learning and increasing its performance

from the training data, which is an important feature of a successful machine learning

model. The graphic shows the ψ_net model’s performance during the training process

and its potential to improve over time.

Figure 8.31: Specificity,Dice coefficient, and Recall performance curves of the proposed

ψ_net Segmentation model on PH2.
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Figure 8.32 shows the performance of the ψ_net suggested model on four image sam-

ples for an image segmentation challenge. The suggested model’s findings are compared

to the ground truth to demonstrate the improvement in segmentation outcomes. Accord-

ing to the Figure, the suggested ψ_net model is successful in delivering accurate segmen-

tation results, since the results are closer to the ground truth. This demonstrates that the

ψ_net suggested model is an effective solution for the image segmentation problem.

Figure 8.32: The segmentation results of ψ_net architecture. (1) Skin image (2) Ground

truth images and (3) ψ_net results.
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Figure 8.33 shows that the proposed skin lesion segmentation network using the PH2

dataset has achieved better results than the DENSE-Fire U-net architecture. The fact that

the predicted area is closer to the ground truth’s edge suggests that the proposed net-

work has better precision in identifying the boundaries of the skin lesion. The attention

mechanism, consisting of spatial gate attention and channel attention, and the convolu-

tional encoder combination, appear to have contributed to the improved performance of

the network. Overall, these results indicate that the proposed network is effective and

accurate in segmenting skin lesions in the PH2 dataset.

Figure 8.33: The segmentation results of ψ-net architecture. (1) Skin image (2) Ground

truth images (3) ψ-net results and (4) Dense-Fire Unet.
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Table 8.9 outlines the performance comparison between the proposed ψ-net segmen-

tation approach and established techniques. Notably, the ψ-net showcases superiority

across diverse benchmarks, achieving a 98.2% accuracy, an 89.6% Jaccard index similarity,

and a 96.8% sensitivity for meticulous lesion identification. In essence, the ψ-net demon-

strates exceptional proficiency in precisely segmenting skin lesions, surpassing prevailing

methods. Nevertheless, it’s noteworthy that "w-net" exhibits better results in dice similar-

ity and specificity.

Table 8.9: Performance comparison between the proposed network and other methods on

the PH2 dataset

Method Accuracy Recall Specificity Dice similarity Jaccard index

(Tang et al., 2019) 96.69% 96.51% 95.26% 94.13% 89.40%

(Shan et al., 2020) 93.63% 94.77 % 96.28% 90.26 % 83.51

(Öztürk and Özkaya, 2020) 96.92% 96.88% 95.31% 93.02 % 87.1%

(Qiu et al., 2020) 96.20% - - 94.14% 89.20%

(Xie et al., 2020) 94.2% 96.3 % 94.2% 91.9 % 85.7%

The Proposed W-net 98.11% 96.7 % 98.92% 94.84% 89.59%

Proposed method 98.2% 96.8 % 98.6% 94.4% 89.6%

8.5.4.4 Discussion

the proposed network architecture called ψ-net, which is an extension of the U-Net and

incorporates elements from Dense-Net, Squeeze-Net, and ResNet to improve feature ex-

traction and segmentation performance for skin lesion segmentation in medical images.

The ψ-net uses a multi-scale convolutional encoder and dual encoders to extract both the

lesion’s global shape and its boundaries. Additionally, we introduced a two-attention

method, incorporating both spatial attention and channel attention, to enhance the model’s

ability to capture important information in images. The proposed framework was evalu-

ated on four publicly available datasets: ISIC 2016, ISIC 2017, ISIC 2018, and PH2, and the

results showed that the ψ-net outperformed state-of-the-art methods in terms of precision,

F1-score, and Matthew Correlation Coefficient. The segmentation mask produced by the

ψ-net was also visually closer to the ground truth and performed better at capturing the

shape of information. However, it’s crucial to note that "W-net" surpasses ψ-net in certain
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metrics.

The experimental results supported the efficacy of the dual encoders, Fire-Resnet block,

and attention processes for skin lesion segmentation, and we believe that the proposed

architectural design has the potential to be successful. It’s worth noting that the ψ-net

achieved good segmentation results without pre-and post-processing, which is a signifi-

cant advantage in medical imaging applications.

8.6 Skin Lesion Classification

Skin lesion image classification is a crucial task in detecting melanoma cancer and other

forms of skin cancer. The process of image classification involves using machine learn-

ing algorithms to analyze the features of an image and categorize it into different classes.

The accuracy of the classification is dependent on several factors, including the choice of

feature descriptors, the strength of the classifier, and the size and diversity of the dataset

used for training the model. In this work, an automatic Classification approach was im-

plemented to classify the lesion into different classes. There are several techniques for

classification. As part of this thesis, an algorithm (inception Resnet model as mentioned

in the previous chapter) is adopted to greatly improve the accuracy and efficiency of skin

lesion classification. This model leverages the segmentation results from the W-net, which

has demonstrated effectiveness. Figure 8.34 draws the proposed classification framework

of melanoma.

Figure 8.34: A classification framework of melanoma.

165



8.6.1 Hyper-parameters of inception Resnet model

Finding the optimal hyperparameters in deep neural networks poses a significant chal-

lenge, and it is crucial to automate the process of discovering these values. The ultimate

goal is to improve the performance of the deep learning (DL) model by identifying the best

hyperparameter configurations. In the case of training the inception ResNet DL model for

classification, specific hyperparameter values are utilized. This includes setting the learn-

ing rate to 0.0001, the batch size to 8, the number of epochs to 80, the dropout rate to 0.3,

and employing the Adam optimization algorithm. The model is trained using a binary

cross-entropy loss function. Table 8.10 outlines the range of hyperparameters and their

corresponding ideal values chosen for the inception ResNet model. It provides a com-

prehensive overview of the hyperparameter settings used in the training process. Fur-

thermore, Figure 8.35 illustrates the architecture of the model during the training phase,

giving a visual representation of its components and connections.

Table 8.10: Settings for training parameters

Type Range Optimal Setting

Optimizer [SGD , Adam, RMSprop] Adam optimization

Loss - binary cross-entropy

Learning rate [0.1, 0.01, 0.001] 0.0001

Batch size [8, 10, 16, 20, 25] 8

Number of iterations (Epoch) [60, 80, 100, 120] 80

dropout rate [0.2, 0.3, 0.5] 0.3

Activation function - ReLU, Sigmoid
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Figure 8.35: The summary of Inception Resnet model.
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8.6.2 Tests comparison of classification results of Inception Resnet model

8.6.2.1 Tests comparison on the ISIC-2016 Dataset

Figure 8.36 is displaying the Inception-Resnet training loss and accuracy curve on the

ISIC2016 dataset. The the loss value decreases below 0.1 as the number of iterations in-

creases, indicating that the model is improving in its ability to make accurate predictions.

Additionally, the Inception-Resnet accuracy training curves for the ISIC2016 dataset also

show performance values growing as the number of epochs increases until they exceed

0.98. This suggests that the model is becoming more accurate with increasing amounts of

training.

Figure 8.36: Classification accuracy and loss performance curves of the proposed incep-

tion resnet model on ISIC-2016.

Figure 8.37 displays the performance of the model during the training process over

epochs. The graph depicts three commonly used metrics to evaluate the performance of

image classification models: Dice coefficient, Specificity, and Recall. The increasing of

these metrics over the training indicates that the model is learning from the training data

and improving its performance. Specifically, the values of these metrics rise to more than

95% as the number of epochs increases, which is a good sign that the model is converg-

ing towards a successful outcome. In summary, the graph demonstrates that the Inception

ResNet model is effectively learning from the training data and improving its performance

on the image classification task.
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Figure 8.37: Specificity, dice coefficient and Recall performance curves of the inception

resnet model Classification on ISIC2016.

Table 8.11 shows that Inception-Resnet outperforms the other methods on ISIC2016 in

terms of sensitivity, specificity, accuracy, and precision, with 98% in all terms.

Table 8.11: Performance evaluation (%)of the proposed classification model on ISIC2016.

Method Sensitivity % Specificity % Accuracy Precision %

(Khan et al., 2022) 92.0 % 90.0% 92.1% 92.5%

(Khan et al., 2020b) 94,2 - 94,2 94,4

(Jayapriya and Jacob, 2020) 69.33 % 93.75% 88.92% -

Our method 98% 98% 98% 98%

8.6.2.2 Tests comparison on the ISIC-2017 Dataset

The Inception-Resnet training loss and accuracy curve on the ISIC2017 dataset is depicted

in Figure 8.38. As the number of iterations grows, the loss value decreases below 0.1. Fur-

thermore, the Inception-Resnet accuracy training curves for the ISIC2017 dataset show

performance values increasing with the number of epochs until they exceed 0.98. This

shows that as the model is trained more, it becomes more accurate.
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Figure 8.38: on ISIC-2017, accuracy and loss performance curves of inception resnet Clas-

sification model.

Figure 8.39 depicts the model’s performance over epochs during the training process.

The graph displays three generally used measures for evaluating the performance of an

image classification model: dice coefficient, specificity, and recall. These metrics’ growth

over training suggests that the model is learning from the training data and improving

its performance. Particularly, as the number of epochs increases, the values of these mea-

sures rise to more than 95%, indicating that the model is converging toward a favorable

end. the graph shows that the Inception ResNet model is learning from training data and

improving its performance on the image classification problem.

Figure 8.39: on ISIC2017, Specificity,Dice coefficient and Recall performance curves of the

inception resnet model.
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Inception-Resnet achieved the highest specificity (97%) and accuracy (97.1%) among

the methods tested on the ISIC 2017 dataset, but at the expense of lower sensitivity and

precision as shown in Table 8.12. .

Table 8.12: Performance evaluation of the proposed classification model on ISIC2017.

Method Sensitivity % Specificity % Accuracy % Precision %

(Khan et al., 2022) 96.5% 97.0% 96.5% 96.5%

(Khan et al., 2020b) 93% - 93.4% 93.2%

(Jayapriya and Jacob, 2020) 81.28% 86.22% 85.3% -

(Akram et al., 2020) - - 95.9% -

Our method 95% 97.1% 97% 95%

8.6.2.3 Tests comparison on the PH2 Dataset

The Figure 8.40 depicts the Inception-Resnet training loss and accuracy curve on the

ISIC2017 dataset. The loss value falls below 0.1 as the number of epochs increases. Fur-

thermore, the PH2 dataset’s Inception-Resnet accuracy training curves reveal that perfor-

mance values increase with the number of epochs until they exceed 0.98. This demon-

strates that the model grows more accurate as it is taught more.

Figure 8.40: on PH2, accuracy and loss performance curves of inception resnet Classifica-

tion model.
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The Figure 8.41 depicts the model’s performance during the training process on the

ph2 dataset over epochs. The graph displays three generally used measures for evaluating

the performance of an image classification model: dice coefficient, specificity, and recall.

These metrics’ growth over training suggests that the model is learning from the training

data and improving its performance. Particularly, as the number of epochs increases, the

values of these measures rise to more than 98%, showing that the Inception ResNet model

is learning from training data and improving its performance on the image classification

challenge.

Figure 8.41: on PH2: Specificity, Dice coefficient, and Recall performance curves of incep-

tion resnet model Classification.

For the PH2 dataset, Inception-Resnet outperforms others techniques in terms of speci-

ficity (99.1%), Sensitivity (98.3% ) and precision (97.3%). However, as shown in Table 8.13,

it performs lower than other methods in terms of accuracy.

Table 8.13: Performance evaluation of the proposed classification model on PH2 dataset.

Method Sensitivity % Specificity % Acc % Precision %

(Sarkar, Chatterjee, and Hazra, 2019) - - 96.7% 90%

(Gulati and Bhogal, 2019) 100% 96.87 97.5 -

(Akram et al., 2020) - - 98.8% -

Our method 98.3% 99.1% 98.40% 97.3%
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8.6.2.4 Discussion

The Inception-ResNet network represents a robust deep-learning architecture that excels

in various image classification tasks. It consists of convolutional and pooling layers, as

well as Inception-ResNet blocks that merge inception with residual neural networks, cre-

ating a powerful combination of techniques. Notably, the Inception-ResNet block plays

a key role in enhancing feature extraction, leading to improved differentiation between

different types of skin lesions. While its performance on the commonly used ISIC 2016

dataset is noteworthy, its relative success compared to existing methods can vary depend-

ing on the specific evaluation criteria employed. One inherent limitation is its reliance on

the amount of training data available; expanding this dataset has the potential to enhance

accuracy, which could be especially beneficial for experts engaged in the challenging task

of melanoma detection and diagnosis.

8.7 Study Limitations

Even though the thesis has great findings in the area of skin cancer detection, it has some

limitations that can be improved upon in future research. It is important to acknowledge

these limitations as they provide a pathway for further improvement and refinement of

the proposed system. Using only digital camera skin images and not including other

types of images such as pathologist images is a limitation that can be addressed in future

research. Incorporating a wider range of images for analysis, such as histopathological

images, can enhance the accuracy and reliability of the proposed system.

Considering the depth of the melanoma is another limitation that can be improved

upon in future research. Implementing 3D imaging techniques, such as optical coherence

tomography or confocal microscopy, can provide a more comprehensive understanding

of the melanoma’s depth and improve the accuracy of detection and diagnosis.

Furthermore, implementing continuous capturing of images for improved accuracy

and timeliness in diagnosis can also be a potential area for improvement. This can include

using a series of images over time to track changes in the skin lesion and provide a more

accurate diagnosis.

The proposed system is a valuable contribution to the field of skin cancer detection

and can be modified and improved for use in other similar systems. Addressing the lim-

itations can enhance the accuracy and reliability of the proposed system and improve its

effectiveness in detecting and diagnosing skin cancer.
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8.8 Conclusion

The chapter presents the experimental results of the proposed algorithms for a skin can-

cer detection system, which includes three main steps: pre-processing, W-net-based seg-

mentation, ψ-net-based segmentation, and Inception Resnet model-based lesion classifica-

tion. The proposed W-net model consists of a powerful CNN built using a dual encoder-

decoder architecture, which addresses skin lesion segmentation problems. The suggested

ψ-net architecture, which handles skin lesion segmentation issues, is inspired by vari-

ous networks (U-net, SqueezeNet, ResNet, and Dense-Net). Additionally, a block-based

Inception Resnet model was suggested to distinguish between different kinds of skin le-

sions. The proposed deep learning frameworks were tested on freely accessible databases,

including the ISIC 2016, 2017, 2018, and PH2 datasets, to demonstrate the reliability of the

approach. Overall, the chapter provides valuable insights into the development of deep

learning-based skin cancer detection systems.
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Chapter 9

CONCLUSIONS AND FUTURE WORK

The escalation in the incidence of malignant melanoma, the deadliest form of skin cancer,

over recent decades underscores the imperative of early detection for effective interven-

tion. Timely identification allows for more successful treatment, consequently mitigating

mortality rates. Despite advancements in imaging technologies such as dermoscopy, the

subjectivity in the initial assessment by physicians, particularly at the primary gateway of

patients in the dermatology community, poses a considerable challenge. Advanced train-

ing for dermatologists becomes essential as distinguishing early-stage melanoma from

benign tumors proves to be a complex task. To address this, computer-based diagnostic

systems emerge as promising aids for less experienced practitioners.

In the scope of this thesis, pioneering and efficient algorithms are proposed to enhance

the efficacy of computer-aided diagnostic systems dedicated to melanoma identification.

This chapter furnishes a comprehensive overview of the thesis, encompassing system

components, suggested algorithms, contributions, and experimental achievements. The

discourse extends to potential avenues for further research in the field, culminating in a

coherent conclusion.

The procedural steps of an automated melanoma detection system involve image seg-

mentation and classification. Two algorithms, W-net, and ψ-net, are suggested for skin

image segmentation. W-net, characterized by dual encoder-decoder architectures com-

prising a ResNet Encoder-Decoder, a ConvNet Encoder-Decoder, and a Feature Pyramid

network, presents a robust CNN architecture addressing challenges in skin lesion seg-

mentation. Conversely, ψ-net, an extension of U-Net drawing inspiration from Dense-Net,

Squeeze-Net, and ResNeT, introduces innovative modifications. These include the inte-

gration of a Fire-ResNet module, placement of DenseFire-ResNet at the network’s center,

addition of a multi-scale convolutional encoder, and incorporation of a spatial-channel
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attention gate to enhance feature extraction.

Evaluation on four publicly available datasets—ISIC 2016, ISIC 2017, ISIC 2018, and

PH2—demonstrates the commendable performance of W-net and ψ-net models. Notably,

these models exhibit high accuracy and specificity levels across all databases, surpassing

existing methods and offering superior sensitivity, Jaccard index, and dice similarity.

Following the segmentation stage, the focus shifts to the classification stage, employ-

ing Inception-ResNet convolutional neural networks (CNNs). Inception-ResNet, amalga-

mating the Inception module and ResNet architecture, proves effective for categorizing

segmented skin regions into different findings. Trained CNNs hold the potential to au-

tomate the classification of new segmented skin regions, thereby contributing to the di-

agnosis and treatment of diverse skin conditions. The proposed deep learning methods,

if implemented, harbor the potential to elevate the accuracy and efficiency of skin cancer

diagnosis, ultimately saving lives through enabling early detection and intervention.

9.1 Future work

This study offered fresh perspectives and methods for dealing with the essential elements

of a computer-based melanoma detection system. Today, several potential routes for the

development of this work have been identified. It is necessary to thoroughly test the sys-

tem on a huge number of images taken under various circumstances, such as thousands

of lesions from human beings, in order to establish a reliable computer-based system for

the detection of skin cancer in the real world. This would require a well-plannedplanned

division of the many medical institutes. This system must satisfy the demands of both ex-

pert and non-expert gainers, such as dermatologists who need a second opinion on their

clinical diagnosis of a certain lesion and general practitioners who need to improve the

accuracy of their diagnosis in order to feel more confident. This system may be created

with medical students in mind as a training aid. The ultimate goal is to empower indi-

viduals to do basic skin analyses and seek medical guidance and therapy depending on

the results obtained. This will result in time, money savings, and an earlier diagnosis.It

might be advantageous to offer a large dataset with various images of the same lesion.

To consider the various aspects of the lesion, these similar images can be obtained using

a variety of imaging modalities, such as dermoscopy, ultrasound, and others. This may

appeal to several details about the same tumor, such as the depth or surface of the lesion

and other standards. As a result, the information gathered would be helpful to estimate
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and predict with more accuracy. Yet, in some circumstances, taking a series of images

over time might be a useful alternative for detection. Additional study on the topic of this

thesis it is possible to research and enhance the newly proposed classification approach.

Moreover, it may be fed with feature extraction approaches to boost accuracy.
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