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Abstract

Melanoma is the deadliest form of skin cancer, with a high mortality rate every year,
and New Zealand is known to be one of the countries with the highest incidence of
this disease. Overexposure to ultraviolet sun rays causes the upper layers of the skin
to produce a pigment known as melanin, the primary cause of melanoma. An early
diagnosis and prognosis of melanoma can improve survival rates before it becomes
dangerous. There is a high demand for computerized automated skin lesion analysis
techniques at low cost since trained specialists are in limited supply, and manual
diagnosis involves high costs. The increasing use of non-invasive methods in diagnosing
malignant melanoma reduces the need for biopsies.

A primary objective of this thesis is the development of computerized detection
systems for analyzing lesions and distinguishing melanoma from other types of skin
cancer. The thesis focuses mainly on designing novel methods for three major phases of
automatic melanoma diagnosis process: a) Pre-processing deals with removal of noise
artefacts such as hairlines and improving image’s contrast, b) Lesion segmentation to
accurately extract lesion region using deep learning, and ¢) Melanoma classification
using deep learning for a fast and accurate detection.

For the first phase, an algorithm Intensity Adjustment-based Hair Removal (IA-HR)
employing morphological operators is developed to remove the hairlines, which are a
significant problem in skin image samples. Additionally, a Multi-scale Context Aggreg-

ation Convolutional Neural Network (MCACNN) is used to enhance the contrast and
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resolution of images. A cleaned dataset is then generated using these pre-processing
methods. A class imbalance problem is also addressed using data augmentation meth-
ods.

To determine lesion borders and extract lesion information, deep learning networks
are used. Two network designs were constructed; one was based on encoder-decoder
layered patterns (EDNet) and the other on atrous convolutions (DilatedSkinNet). As
DilatedSkinNet shows higher average accuracy, thus it is preferred to EDNet for seg-
mentation tasks.

Finally, in the classification stage, we present the design of a multi-layer deep
convolutional neural network (DCNN) named as LCNet to distinguish melanoma from
benign tumors. The designed classification network is a lightweight network having
a smaller number of learnable parameters. Due to the less complex architecture of
classification network, it takes less inference time. Moreover, the network can also
diagnose diseases efficiently and accurately without pre-processing and segmentation
techniques, unlike traditional machine learning classifiers that rely heavily upon these
initial steps.

The study examined, however, the effects of applying designed pre-processing and
segmentation methods on segmentation and classification performance. The aim of
this effort is to further enhance the performance of the classifier by preparing more
rich and clean data for training. The classification network is fed with hairlines-free,
high-contrast, and segmented images, and its performance is compared to raw images.
Our experiments showed that the classification network efficiently processes raw and
complex data by offering an accuracy (ACC) of 90.92+1.0%. The accuracy performance
of classification model is improved with pre-processed data as 92.47% and with pre-
processed+segmented data as 93.40% indicating the classification model’s performed
higher with pre-processing and segmentation operations to distinguish melanoma vs

benign. Additionally, it is observed that noise-free and cleaned data using IA-HR and
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MCACNN methods improved the performance of the segmentation approach.

In our study, we found that the proposed pre-processing and segmentation methods
could improve the performance of deep learning-based classifiers. Furthermore, there
are many areas of melanoma diagnosis process where the proposed approaches can be
successfully applied. The denoising method can be used to clean skin samples without
causing any discomfort to the patients such as hairlines can be automatically eliminated
from images and contrast can be enhanced. Another use of segmentation model to
extract lesion region and to perform detailed analysis of it. Additionally, segmentation
method can be employed to generate accurate and smooth ground truth labels for new
samples that are currently annotated manually by experts. The classification model
can be used to classify melanoma in less time such as in 1.3 seconds as predicted by
our model. This method may also be used to generate a handcrafted feature extraction
process if a machine learning-based classifier is employed to diagnose skin cancer. The
DCNN classification model also showed more improvement in diagnosing melanoma
when trained on a large, balanced and pre-processed dataset. In its future scope,
embedded systems such as FPGA based system-n-chip and other resource-constrained

implementations can benefit from the designed classification network.
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Chapter 1

Introduction

Skin cancer is an abnormal growth of cells in the outermost layer of the skin, known as
the epidermis. These cancerous cells invade surrounding tissues and form a malignant
tumor. The primary cause of skin cancer is direct exposure to UV radiation, and the
elderly are more prone to developing cancer than other age groups. There are many risk
factors associated with melanoma, including fair skin, overexposure to the sun, sunburn,
genetic predisposition, and weakened immune system [2, 3]. Early detection can reduce
the mortality rate [4] to a great extent. Because it is highly treatable if diagnosed at an
early stage, thus it is significant to aim for a diagnostic system that detects melanoma
on time to reduce mortality, morbidity, and cost involved during the clinical diagnosis

process.

1.1 Study Overview and Motivation

Melanoma is prevailing all over the globe causing 132,000 deaths each year estimated
by WHO [5]. The American cancer research institute reported that melanoma is the
5t" most common cancer form in men and women [6]. There are two major types

of skin cancer: melanoma and non-melanoma. The malignant form of skin cancer
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is melanoma, a severe disease because of a high level of metastasis, thus lethal. On
the other hand, non-melanoma types include various other forms of cancer such as
nevus (NV), dermatofibroma (DF), seborrheic keratosis (SEK), Lentigo maligna (LEM),
actinic keratosis (AK), basal cell carcinoma (BCC), and squamous cell carcinoma
(SCC), where BCC and SCC are the commonly found cancer types. These two forms
are rarely metastasized; thus, they are less lethal.

Several factors motivated this research:

* The first reason is the increasing incidence of skin cancer across the globe,
making it the cause of highest number of deaths each year [7]. The World Health
Organization (WHO) reported that melanoma and non-melanoma skin cancer rank
among the top causes of death, accounting for approximately 10 million deaths
globally in 2020 [8]. In 2017, the American cancer society stated that in the USA,
there were 1,688,780 new cancer cases diagnosed and 600,920 cancer deaths
occurred [9]. There were 1,735,350 new cancer cases diagnosed and 609,640
deaths occurred in 2018 [10], 1,762,450 new cancer cases and 606,880 cancer
deaths in 2019 [11], and 1,806,590 new cancer cases found and 606,520 cancer
deaths happened in 2020 [12]. The next most affected countries are Australia,
and New Zealand, where skin cancer cases keep on escalating yearly [13]. It
was anticipated in 2020 that there be 16221 cases in Australia and 2500 in New
Zealand [14]. Therefore, investing research efforts in generating skin cancer

detection techniques is the primary concern for the research community.

* Another reason is the level of difficulty medical experts face in identifying
melanoma due to its complex nature [15, 16]. Several factors contribute towards
this complexity: (a) irregular border (b) different shapes (c) intensity variations
(d) color illuminations (e) evolution over time. Visual examination of different

skin lesions can be difficult due to similarities between them that can lead to
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incorrect identification. Another major challenge in skin cancer diagnosis is the
similarity between the different types of cancer; for example, NV skin cancer
type is most commonly misunderstood as melanoma because it shares a similar
lesion formation along with color, texture, and diameter. Hence, it is vital to
distinguish several cancer forms from each other, which is an arduous task to

consider by experts manually.

* Furthermore, skin diagnosis is a very labor-intensive and slow process in the
current clinical settings. The trained specialists such as dermatologists com-
monly diagnose melanoma from dermoscopic lesion images based on ABCDE
(Asymmetry, Border, Color, Diameter, and Evolution) metrics. Lesion moles
are asymmetrical as half of the mole does not match the other half, thus giving
asymmetry. Border features represent irregular, ragged, and blurred edges that
are difficult to examine through the naked eye. Color information is also not
evenly distributed over the lesion area, having black, grey, pink, and white shades.
Another feature is diameter which is essential to track for differentiating types of
cancer such as melanoma have diameter above 6mm. Lastly, evolution is another
significant feature that stands for E in the ABCDE rule. Despite the importance of
all factors in the diagnosis process, these may take time from months to years to
become available to the experts. Because lesions take time to evolve by increasing
their size and changing color and shape, the patient has to visit the clinic many
times for regular checkups. Every time manually keeping a record of lesion
information is very labor-intensive. Also, during that time, the effects of skin

cancer may become worse, and it is too late to cure it.

* Another factor is that the current clinical diagnosis process is not very accurate.
To diagnose skin cancer, dermatologists screen the infected skin area and visually

examine skin cells formation using biopsy and histopathology. They also consider
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patients’ clinical information such as age, location site, diameter, evolved, and
bleed. These features help them understand the nature of the lesion; however, it
remains a challenging task. To increase the reliability of the diagnosis process,
they use dermatoscopes, an imaging technique that magnifies the lesion to have a
clear picture of the skin surface and its structures. This procedure can only be used
by trained specialists who are in limited supply. Moreover, an expert can achieve
up to 65% to 75% accuracy using dermoscopy [17]. There are variations in
accuracy depending upon the expert’s visual acuity and knowledge [10] because
the similarity between different types of skin lesions makes the visual examination

process very hard and can lead to wrong identification results.

* Finally, lesion diagnosis is an expensive procedure. It is estimated that the average
cost involved in the USA for skin cancer treatment is approximately $44.9 million
for existing patients and $932.5 million for newly diagnosed patients from all
age groups [18, 19]. As per the New Zealand census, $28.6 million costs are
involved in cancer treatment [20], thus making it prohibitively expensive. There

is no surprise that melanoma has become a critical public health concern.

The reasons listed above support the need for a computer-aided diagnosis (CAD)
system to assist dermatologists in the early detection of melanoma. By monitoring
the disease as efficiently as possible, CAD can help increase the survival rate since
patients have a high chance of recovering. These automated tools are user-friendly
and can be used by non-dermatologists also. The primary application of CAD tools
is in clinical sites to assist medical experts in routine checkups by having a quick
and economic assessment. This research can revolutionize the medical industry by
eliminating or optimizing currently-used manual and time-consuming procedures for
diagnosing melanoma. Furthermore, it is the fastest way to monitor infected skin areas

and their evolution.
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In developing a CAD system, the research community focused on introducing ma-
chine learning and image processing techniques for the classification of melanoma.
Machine learning offers statistical algorithms for classification tasks that rely on two
main steps: training and testing on data. Later in 2016, traditional machine learning
algorithms had workflow consisting of pre-processing, feature extraction, and classi-
fication. Few studies such as [21, 22] presented the use of hand-crafted features and
others also proposed feature calculation based on the 7-point checklist [23, 24] to train
computer vision algorithms like support vector machines (SVM) [25, 26], K-nearest
neighbour (KNN) [27, 28] and artificial neural networks (ANN) [29] for classifying
skin cancer. There were some drawbacks in using these traditional methods; first, these
techniques are not efficient in handling complex and large amounts of data; secondly,
hand-crafted features do not have generalization capability to distinguish the similar
shape of lesion structures [30]. Lastly, the 7-point checklist or ABCDE criteria are
suitable only for pigmented lesions, which means they can not classify BCC or SCC non-
pigmented lesions. Moreover, a required level of expertise is required while segmenting
lesion regions and extracting optimal features. The use of poor segmentation techniques
and wrong selection of features can lead towards lower classification results [31].

Recently introduced deep learning approaches offered numerous advantages towards
automatic and accurate identification. In particular, a convolutional neural network
(CNN) is the preferable choice to apply for the classification task. Therefore, developing
new and efficient approaches can lead towards achieving higher accuracy and fast
melanoma detection. Further, there are rapid advancements in embedded system
applications, which can create portable devices for medical analysis by employing deep

learning-based efficient detection techniques.
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1.2

RQI

RQ2

Research Problems/Questions

Whether to use dermoscopic or clinical images?

For the accurate development of the CAD system, the first step involves the
collection of images. For skin cancer data, there are two choices between types of
images to use. The first is dermoscopic images acquired through a special device
called dermatoscopes. Other types of skin cancer images are clinical images. The
main difference between these two is in screen visualization. Clinical images are
captured using high-resolution cameras under appropriate distance and lighting
conditions. These images show skin lesions on the skin surface very clearly
and naturally, similar to what the dermatologist observes with the naked eye. In
contrast, dermoscopic images are sometimes low resolution and have changed
color. Figure 1.1 shows two types of images that were captured by a standard
camera and dermatoscopes. We used dermoscopic images for this research
because large amounts of data are required to train deep learning networks for
generalization. Thus, dermoscopic images are available from benchmark data

sets, but clinical images are relatively scarce.

Use of Pre-processing Technique: Hair Removal and Contrast Enhance-

ment

RQ2 (a) How to identify efficient pre-processing techniques to remove hairlines
without losing object information in pictures of skin taken to detect
melanoma?

The main issues that occur during the acquisition process are contam-
ination of various noisy elements such as poor illumination, hairlines,

color variations, and ruler marks. Figure 1.2 illustrates some of the
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(d)

Figure 1.1: Clinical images (top) and dermoscopic images (bottom).

challenging cases that are the outcome of the image acquisition pro-
cess achieved through dermatoscopes and cameras. One alternative to
improve the image acquisition process is high-resolution cameras, mag-
nifying lenses, regulating light sources that can enhance visibility while
capturing skin images. However, this technical support contributes only
50% towards achieving accuracy [32]. Alternatively, the development
of suitable image pre-processing techniques to eliminate these arte-
facts to increase the accuracy of the system can be adopted. The given
images from benchmark datasets were collected in uncontrolled condi-
tions and unknown environments; thus, image processing techniques
are considered for pre-processing these images to remove hairlines and

enhance their contrast using deep learning framework.
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(f)

Figure 1.2: Examples of noise artifacts (a) irregular boundaries (b) blood vessels (c)
hairlines (d) color illumination (e) bubbles (f) low contrast.

RQ3 Lesion Segmentation

RQ3 (a) To what extent can lesion segmentation algorithms based on machine
learning and deep learning techniques be effective in terms of accur-
acy?

An automatic segmentation approach is required to assist dermatologists
in understanding the nature and pattern of the lesion. The structural
features such as its shape, area, and diameter are the main distinguishing
point to consider while identifying melanoma. Moreover, this method is
significant for automatically generating the ground truth images which
were previously annotated manually by dermatologists. Dermatologists
commonly diagnose melanoma from dermoscopic lesion images based
on ABCDE (Asymmetry, Border, Color, Diameter, and Evolution) char-
acteristics, which is time-consuming if performed manually. Therefore,

the lesion segmentation method helps to quickly calculate statistical
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values of these metrics to analyze the type of cancer. Implementing
such an automatic segmentation technique aims to determine whether
segmented and cleaned lesion image contributes more towards achiev-
ing higher classification performance. Therefore, for detecting lesion
boundaries through software based approach, two main challenges are
addressed. First is the selection between traditional machine and deep
learning technique to address this task and secondly the development of

a novel method.

RQ4 Melanoma Classification

RQ4 (a) What benefits can a novel deep learning-based classifier provide for
the early detection of melanoma, especially in terms of classification
accuracy, over existing methods?

The early detection of skin cancer disease can limit its progression to
severe levels by providing timely treatment. Design of an efficient clas-
sification approach can assist in diagnosing melanoma with more accur-
acy. Various machine learning and pre-trained deep learning networks
are present to address classification tasks. However, their suitability on
skin cancer data is a significant concern because these techniques are
data-dependent. Therefore, the aim is to propose a novel classification
model to achieve an acceptable high classification accuracy for recog-
nizing cancer at an early stage facing all challenging trade-offs between

high accuracy rate and optimal design of a network.

RQ5 Improved Classification

RQS5 (a) To what extent does pre-processing of the images, such as the removal

of hairlines as in RQ2 and segmentation as in RQ3, improve or affect
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the performance of the classifier developed in response to RQ4?

The standard computer-aided systems have pre-processing, segmenta-
tion, feature extraction, and classification phases as necessary steps to
do classification. The advantage of deep learning approaches is that they
do not require these phases explicitly. The deep learning approaches
efficiently calculate features and train the network to perform the clas-
sification task. However, this research also investigates the impact of
using methods discovered in RQ2 and RQ3 on classification perform-
ance. To achieve this, a classifier is trained with pre-processed and
raw images differently, and their performance is compared based on

statistical metrics.

1.3 Contributions and Research Outcomes

1.3.1 Data preparation

For the given research work, the publicly available dataset consisted of dermoscopic
skin cancer images of different types of cancer is used. The dataset have lesion samples
of various type of cancer collected from more than 2000 patients. The availability
of data was hampered by two major issues. In the first place, the datasets are highly
imbalanced, with different distributions of samples in each class, and this imbalance
affects the performance of the classifier. Therefore, a data oversampling technique is
implemented to address this problem by generating synthetic images and balancing
data distribution. Secondly, there were many duplicate samples present, resulting in
overfitting and bias in the network. A duplicate removal method was applied to solve

this problem.
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1.3.2 Pre-processing algorithm

To handle noisy images, specifically hairy images, the intensity-based illumination
correction algorithm is designed for the removal of thin and light hairlines that obstruct
the accurate extraction of the lesion object. The developed algorithm is a novel method
based on morphological operations to remove hairlines. The contrast and resolution of
images are degraded after hair removal, which is not good for classification as color
and texture are important when diagnosing lesions. Thus, the images were enhanced

using a context aggregation-based deep learning network.

1.3.3 Lesion border detection

Extracting region of interest (ROI), i.e., lesion from images, is a challenging computer
vision problem due to the varying nature of skin cancer images. Two types of method-
ologies were designed known as lesion segmentation techniques; the first is a hybrid
design of soft computing and machine learning, and the second is based on deep learn-
ing. Further, as part of deep learning frameworks, two novel designs were developed
to perform lesion segmentation and compare their performance. The primary aim is to
achieve accurate regions with high performance. These methodologies were designed
from scratch and compared to select the best one for cascading it in the classification

phase.

1.3.4 Classification

After detecting ROI, the next step of CAD is a design of a classifier. A novel DCNN
classifier is designed focusing on the unique design of network’s layers, selection of
suitable hyper-parameters, and use of training algorithm for meeting high accuracy and
low execution time. Additionally, the performance of a classifier is analyzed using raw

and pre-processed images.
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1.4 Thesis Structure

The thesis is organized into seven main chapters following the introduction chapter:

* Chapter 2: presents background information about various computer vision
and image processing techniques proposed related to skin cancer and melanoma.
Specifically, it provides a literature review of several CAD systems including,

pre-processing, segmentation, and classification task.

* Chapter 3: provides details of the proposed system design including the datasets
used for each phase of the system such as pre-processing, segmentation and
classification. It also discussed the data augmentation methods applied to the data

during experimental evaluation.

* Chapter 4: deals with the details of the pre-processing method introduced as the
initial step of the classification system. It also provides a systematic description
of the technique proposed to eliminate hairlines and improve contrast from noisy

images.

* Chapter 5: explains the design of two CNNs proposed for performing lesion
segmentation, including results and discussion. It also describes the results of a

few pre-trained networks used for comparison.

* Chapter 6: deals with the method proposed for melanoma classification. It ex-
plains the detailed design of the deep learning network used to classify melanoma
among other skin cancer types. An explanation of other existing networks that
were experimented on the adopted dataset is given for comparing the system’s
performance based on evaluation metrics. Additionally, we investigated the use
of adding pre-processing and segmentation steps before classification to analyze

their impact on the performance of a classifier. This chapter compares the results
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using pre-processed images (using hair removal algorithm and segmentation) and

raw images (without pre-processing steps).

* Chapter 7: includes overall conclusion and discussion of achieved results includ-

ing future scope.



Chapter 2

Background and Literature Review

2.1 Introduction

This chapter aims to provide an introduction to melanoma and review the computer
vision approaches subject to image pre-processing, lesion segmentation, and melanoma
classification among various skin cancer types. Firstly, a brief introduction about the
problem domain is explained, i.e., structure of the skin, nature of different kinds of
cancer, key points to distinguish them from each other, and currently used clinical
procedures. Secondly, the methodology used for performing literature studies on each
phase of the CAD system is explained. Finally, traditional machine learning and recent
deep learning techniques applied to hair removal, segmentation, and the development of
cancer detection systems are discussed. The advantages and disadvantages of techniques
proposed in the literature for each phase of CAD system are explained followed by the
literature gaps found by our research analysis. Through our research work, the efforts
were made to fill those gaps by proposing novel and efficient techniques for each phase

of melanoma CAD system targeting higher performance and low inference time.

14
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2.2 Background Information on Melanoma

2.2.1 Melanoma’s structure and nature

There are three major layers of skin on the human body (Figure 2.1) [1, 33], epidermis,
dermis, and subcutaneous fatty tissue. The epidermis layer consists of two types of
cells, i.e., squamous and melanocytes cells. The proliferation of melanocytes and the
overgrowth of fibrous tissues in the deeper layers of the skin are the main causes of skin
cancer. The cancerous cells develop in the outermost epidermis skin layer; thus, it is
visible. The melanocytes produce melanin in the body, responsible for producing skin
color. Sometimes these cells cluster to form moles that may develop to malignant later
and become melanoma.

Skin cancer is more likely to occur if the skin is fair, excessive sun exposure,
sunburned, have a weak immune system, and have a family history of the disease [34,
35]. Skin cancer may occur in many different shapes, sizes, and colors, and in many
cases, it is indistinguishable from a normal skin mole. Therefore, it isn’t easy to

recognize it with the naked eye.

2.2.2 Global prevalence

The incidence of melanoma has been increasing across the globe, and the disease
accounts for 15.0% of all deaths in New Zealand, according to statistics calculated in
2018 [36]. According to a recent study conducted by the cancer society, melanoma
is the 19" most commonly found cancer problem worldwide, with New Zealand
having the highest rate [34]. Table 2.1 describes the recent data about melanoma cases
reported in countries such as America, New Zealand and Australia in 2018, 2019 and

2020 [34, 37, 38, 39].
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Figure 2.1: Skin structure [1].

Table 2.1: Number of melanoma cases reported in America, Australia, and New Zealand
in 2018, 2019, 2020 and 2021.

Country No. of cases | No. of cases | No. of cases | No. of cases
2018 2019 2020 2021
USA 609,640 606,880 606,520 608,570
Australia 34,200 145,000 16,221 16,878
New Zealand 2,473 2,727 2,500 —

2.2.3 Types of cancer

There are seven different types of skin cancer [40] as given in Figure 2.2. The first

type is melanoma which is considered malignant whereas, other cancer types fall into
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a benign category. Among the different types of skin cancer, melanomas are more
aggressive and less common. It can spread quickly to other parts of the body, making
it the most dangerous. It appears in brown with dark color speckles. The diameter of
melanoma’s lesion is 6mm and contains irregular borders such as ragged edges, uneven
shapes, and blurry. The second category is benign further having several variations. For
example, melanocytic nevus (NV) contains nevus cells that occur due to the proliferation
of melanocytes cells in the body. These can occur on any part of the body, and its shape
differs depending upon the body site. They appear pink or brown, and their diameter
varies from millimeters to centimeters. Then basal cell carcinomas (BCC), also known
as non-melanoma, are a common type of skin cancer. The younger people are more
prone to it, and the primary emergence sites are the upper trunk and shoulders. It is
difficult to identify due to its irregular shape. Another category is keratosis cancers
such as actinic (AK), squamous cell carcinoma (SCC), and benign keratosis (BKL),
which occurs due to spending long hours in the sun having a weak immune system.
The clinical properties of this type involve a flat or thickened appearance and brown or
white color. These types of cancer can be differentiated from each other based on the
size of the lesion, where AK tends to be smaller than SCC and BK. The final form of
cancer identified in this work is dermatofibroma (DF), formed due to the overgrowth
of fibrous tissues in the deeper layer of the skin. It is not as harmful as others, and its
appearance is similar to other lesion shapes. The primary goal of this research is to

classify melanoma from others.

2.3 Clinical Procedures

To determine whether the suspicious skin lesion is melanoma or not, the doctors take a
sample of tissue from the skin. The procedure is known as biopsy, specifically called

a punch biopsy, in which whole lesion tissue is removed from the skin with a circular
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(e) )

Figure 2.2: Different skin cancer types (a) AK (b) BCC (c) BKL (d) DFF (e) Melanoma
(f) NV (g) SCC.

blade. To assign a stage to melanoma, a few further investigations are done, like finding
the thickness of the mole and whether it spread to lymph nodes. A CT scan, X-ray, and
positron emission tomography (PET) scan may be needed in some cases to perform
the advanced search. However, this procedure is excruciating and uncomfortable for
the patient. Currently, capturing photographs of infected skin areas through cameras or
dermatoscopes is an effective tool in clinical practices and research environments to
analyze skin lesion patterns. According to the review conducted in [41, 42] researchers
concluded that dermatoscopes are very efficient tools in diagnosing cancerous and
non-cancerous skin lesions. It works like a magnifying lens that has the capability
of viewing skin surface ten times larger [43]. The light source helps examiners view
skin clearly in the presence of light variations. Dermatoscopes are considered accurate
tools as compared to the visual examination performed by trained specialists [41];
however, few factors are affecting the accuracy of dermatoscopes. Those factors include

unclean skin, dark skin complexion, and using different dermatoscopes. Thus, automatic
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computer-aided diagnosis is a more robust and accurate method.

2.3.1 Clinical images

Clinical images are close-up images captured from the skin surface using high-grade
camera devices from a suitable distance. The lesion context appears large because
the image is focused only on the region, excluding surrounding anatomic structures.
These images represent the region of interest similar to what is observed by an expert
with a naked eye. Clinical images are also referred to as macroscopic images and
help keep track of lesion changes over time. The most common sites for photography
are faces, ears, palms, toes, and fingers. The advantage of capturing images through
customer-graded cameras is that it causes less anxiety and pain to the patient than other

screening tools.

2.3.2 Dermoscopy images

Dermoscopic images are an output of a dermoscopy procedure in which skin surface is
examined in detail. The device used to perform dermoscopy is dermatoscopes which
are hand-held devices to view the outer layer of skin in detail which is difficult to
observe by the naked eye. This is a non-invasive method for enhancing a doctor’s view
of the skin by using a magnifying lens and a powerful lighting system. A dermoscope
is a lightweight, battery-powered device useful in taking still photography or video.
The captured pigmented lesion is evaluated using dermoscopy in terms of color and

structure.

2.3.3 Clinical metrics to diagnose melanoma

In the early stages of melanoma, it isn’t elementary to detect it. The initial examination

can be done by checking for symptoms. In clinical settings, dermatologists perform a
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visual examination of a skin lesion based on ABCDE criteria or 7-point checklist [44].

The ABCDE examination describes five characteristics and are displayed in Figure 2.3.

* Asymmetry: Cancerous mole is asymmetrical and looks different from each side,

whereas non-cancerous cell seems to be symmetrical.

* Border: Cancer has irregular, ragged, and notched boundaries as compared to

non-malignant, which have smooth borders.

* Color: Melanoma contains different shades of color such as black, brown, pink

tan, or sometimes blue or white pigmentation.

* Diameter: The size of the mole keeps on changing with time; thus, a diameter

above 6mm might be considered melanoma.

* Evolution: The continuous change in the appearance of the lesion over weeks is

a sign of melanoma.

The complex lesion patterns and variations in human interpretations introduce

inaccuracies, thus not accurately analysed.

3 X L
Asymmetry Border Color Diameter>6mm Evolution

Figure 2.3: ABCDE diagnostic metrics of skin cancer.

2.4 Systematic Literature Review

The primary aim of performing literature analysis is to identify the gap and study the

existing approaches to skin cancer detection systems. The literature review is conducted
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on the following key areas of skin cancer detection system by considering relevant
papers:
* pre-processing of images related to hair removal, contrast adjustment, and un-
wanted artefacts.
* identifying accurate region of interest that involves segmentation of lesion.

* melanoma diagnosis that results in the classification of skin lesion.
The search questions designed to refine the literature review process:

1. What are the image processing-based hair removal methods from skin cancer
images?

2. How is the segmentation process performed to extract lesions using machine
learning and deep learning approaches?

3. How are deep learning approaches used to detect skin cancer?

2.4.1 Search strategy

A total of nine databases were referenced including PubMed, Scopus, IEEE Xplore,
Springer, ACM digital library, Elsevier, and Scholar. For the extraction of relevant

information, a web search is conducted based on the following parameters:

 Search keywords based on hair removal, lesion segmentation, and cancer classi-

fication.
* Words related to search keywords.

* Search by combining one or more keywords.

2.4.2 Search keywords

Table 2.2 lists the keywords used to search for information related to each phase of the

CAD system.
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Table 2.2: Search keywords.

Primary keyword Combined set of words

Skin cancer skin cancer types, skin diseases, skin treatment, cancer diseases,
skin cancer types, skin cancer treatment, automatic cancer
diagnosis

Melanoma melanoma + skin + cancer, melanoma cases, melanoma causes,
melanoma symptoms, melanoma treatment

Classification melanoma diagnosis + deep learning, convolutional neural
networks, melanoma classification + machine learning

Segmentation melanoma + lesion extraction, segmentation techniques

Pre-processing hair removal + skin cancer images, image processing, noise
removal, image enhancement

Deep learning melanoma classification + deep learning, lesion segmentation +

deep learning, image enhancement + deep learning

2.4.3 Selection criteria

The research papers considered for review are selected based on specific parameters such
as refereed journal papers, the language of articles preferred English only, the year of
publication considered between 2011 and 2021, and the paper’s topic is focused within
the domain. The final study includes a selection of the most relevant research papers
based on the three stages of the CAD system, namely pre-processing, segmentation, and
classification. Figure 2.4 shows that initially 71,800 records were retrieved from various
databases related to skin cancer. Some records were not related to the keywords and
research questions. Also, some papers were repeated across multiple databases. Thus,
43,900 duplicate records were removed, and 27,900 records remain to be studied. Next,
19,060 records were filtered that were primarily focused on pre-processing, such as hair-
lines removal and enhancement, lesion segmentation, and melanoma classification. In
addition, 18,162 papers published in conferences, book chapters, and symposiums were
removed, leaving 253 papers for study. Final analysis of 148 records was conducted,
consisting of 36 papers on pre-processing, 68 papers on segmentation, and 44 papers on

classification of melanoma. The implication of the appropriate technique is ultimately
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application dependent; thus, the literature review focused on finding the gap to develop

a highly accurate system compared to other state-of-the-art methods.

Records found through databases Duplicate records
(PubMed, Scopus, ACM, IEEE —_— »
Explore, Scholar) N=43,900
N=71,800
v
Records after eliminating
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Classification= 4570 teferred journals
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Records used adopted datasets,
primary keywords
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Records used deep learning
(Pre-processing=36,
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Classification=44)
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Figure 2.4: Selection and screening process.

2.5 Literature Review on Melanoma CAD System

The review is categorized according to different phases of the proposed CAD system as

shown in Figure 2.5 which is mainly concerned with three tasks:
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: Skin cancer Pre-processing ‘:"> Segmentation Classification
image Database

Figure 2.5: CAD system for melanoma skin cancer.

2.5.1 Hairlines removal and contrast enhancement

The pre-processing phase of any classification system facilitates removing the noise
artifacts, unwanted pixels and enhancing the quality of images. The melanoma images
extensively require pre-processing because skin images are poor in illumination, contain
hairs, color variations, and noise. Figure 1.2 illustrated some examples of these cases.
During acquisition, transmission, and mathematical computation, noise greatly affects
image quality. There are a number of reasons why lesion images are prone to high
noise variations, including low lighting conditions, limited resources, and limited ability
to capture lesion images using clinical instruments like dermatoscopes. An accurate
diagnosis of a disease requires that precise information be collected from the lesions.
Pre-processing the lesion area is challenging due to the heterogeneous appearance of
the lesion. Additionally, hairlines introduce noise in the form of edges and poor colour
contrast, resulting in weak feature extraction. Although hairlines may pose limited
difficulties for human inspection, they may pose problems for automated image analysis
steps such as segmentation and classification. There is an increasing need to enhance
images by applying high-quality pre-processing procedures. In designing real-time
CAD tools, automatic pre-processing methods are helpful since they preserve lesion
information at low computational costs and can effectively eliminate irrelevant details.

The inefficiency of hair removal methods leads to over-segmentation and poor
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classification features [45], which results in a poor feature set for classification. Re-
searchers used two phases of image processing to eliminate hairlines; (a) detection
and elimination of hair pixels using any image enhancement methods, and (b) finding
the color and texture of overlapping skin areas and repairing them using inpainting
techniques such as bi-linear interpolation, histogram equalizations, and fast marching.
It has previously been observed that researchers tried to detect and improve skin cancer
image quality by image enhancement techniques to achieve accurate lesions. These
image enhancement methods are divided into four major categories; Histogram equal-
ization spreads the most frequent intensities over the image and increases the image
contrast from low to high. One of the most commonly used histogram-based methods
1s contrast limited adaptive histogram equalization (CLAHE) [46, 47] used for hair
removal from melanoma images. Morphological filters deal with the form and structure
of the image and are quite effective in removing noise from medical images. It is a
collection of non-linear operations to extract shape-related image components such as
boundaries, skeletons, and convex hull [48, 49, 50]. The most common morphological
operations are area closing, opening, and erosion. Gaussian filters perform subtraction
operation on images to reduce noise and preserve edge information [51, 52]. Lastly,
edge detection techniques also proved to be effective in detecting hairlines, edges, and
ruler marks; however, these can not be used alone. Some morphological operations
and image restoration methods are used to achieve the objectives [53, 54]. The use
of these enhancement techniques motivated many other studies for the hair removal
process in melanoma images [55, 56]. For example, an initial attempt was made in
1997 by Tim Lee [57] to propose an approach, a dull razor to occlude hairlines from
melanoma images. In their work, the morphological closing operation is employed
as a hair detector that determines dark hairlines and smoothes out all the black hair.
Then, the bi-linear interpolation operation is used as an inpainting method to replace

corresponding pixels with non-hair pixel values. In 2009, Xie et al. [58] proposed a
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top-hat operator to detect hairlines and segment them based on a statistic threshold
value. Then, occluded hair information in the images is repaired using the PDE-based
inpainting method.

A similar type of study is conducted in [59], given a new algorithm for removing
hairlines from images by employing a bottom-hat operator as a detector. It is applied
on the Y-channel image colour space to find thick hairlines followed by binarization
operation. After that, histogram function and morphological closing operations are
used as an inpainting method to repair images by replacing hair pixels with the highest
intensity value. Another work by Abbas et al. [52] designed three steps; (a) derivative
of gaussian to detect hairs, (b) enhancement using morphological operators, and (c)
repairing is done using fast marching inpainting technique. In a review study [55], a
comparative analysis was conducted for several hair removal methods based on three
classes: linear interpolation, inpainting by partial differential equations and exemplar-
based methods. There is an example of linear interpolation hair removal algorithms
in [57, 60]. Few papers have attempted to implement the concept of applying inpainting
via partial differential equations outlined in [55, 61]. Moreover, little attention is paid
to exemplar-based inpainting methods [62, 63]. The dermoscopic skin cancer images
also suffer from other issues such as blurring, low contrast and resolution, including
hairlines, which need to be addressed to get cleaned images. For instance, Ren S. et
al. [64] presented a multiscale resolution-based residual network to generate images
with precise outline details. Another work given by Zhang J. et al. [45] proposed a
high-resolution multiscale network (HRNet) to produce high-resolution features of the
images. Their network employs multiple branches of parallel convolutional blocks,
which are fully connected to make the flow of information smooth between different
branches.

The primary concern of employing hair removal techniques is to boost the per-

formance of the CAD system and using it in clinical care to clean noisy images. The
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Table 2.3: Summary of studies for hair removal process on melanoma images.

Method References Advantages Disadvantages

Histogram [65] Straight forward It increases the con-

equalization method and increases trast of noise in the
the contrast of an background area.
image.

Morphological [48, 52, 66] More suitable to re- The selection of the

operations duce the high level of correct structuring ele-
noise. Preserve critical  ment is a quite difficult
information. process.

Gaussian filters [51] Fast and effective in Time-consuming and
reducing noise. eliminates important

information from
images.

CLAHE [47] Gives excellent results  Slow, and needs a high
for increasing image number of operations
contrast. per pixel. Not effective

for color images.

Edge operators [53, 54] Simple and easy to Not suitable for very

implement.

noisy images.

benefits and limitations of image enhancement methods are listed in Table 2.3. In
much of the published literature, the focus is on removing thick and dark hairs while
ignoring the detection of light and thin hairlines. It is quite challenging to detect light
and thin hairlines in low contrast images. Another challenging task is to preserve pixel
information such as edges, color, texture, lesion border, and contrast after removing hair
artifacts which is not addressed in the literature studies. Hence, in this research study,

eliminating hairlines and preserving its contextual information is a major concern.

2.5.2 Lesion segmentation

In image analysis, segmentation is a crucial step for distinguishing object descriptions
from background images [56]. Segmenting images is not standardized because the areas
of interest and description of objects vary from application to application. As a result,

the technique to be used depends on the nature of the problem. Melanoma lesions are
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difficult to segment because of their significant variations in color, size, shape, location,
and texture. As shown in Figure 2.6, the approaches applied in lesion segmentation are

categorized into six categories.

Object
Segmentation
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Figure 2.6: Types of segmentation approaches.

* Edge operators-based methods utilize edge operators to collect information
about edges of the object [67, 68]. Some studies employed edge detection
methods on skin cancer images to find discontinuities based on points, lines, and
edges. Out of the all edge operators canny is the most effective in detecting fine
and sharp edge boundaries as utilized in these studies [69, 70].

* Thresholding methods are used to differentiate the lesion from the surrounding
tissue by determining the object’s information based on one or more threshold
values [71, 72, 73, 74]. The authors in [75] applied an adaptive method on skin
data to calculate the optimum value of the threshold for separating the lesion area
from its background. Another example of thresholding techniques are Otsu [76],
and watershed [77] implemented for analyzing the presence of a lesion.

* Clustering is an unsupervised learning approach and aims at dividing similar

kinds of pixels values into groups based on some optimization function. These
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methods form homogeneous clusters by extracting region information by grouping
similar pixels into one cluster and others into different clusters [78, 79]. Among
the various clustering methods in the literature, K-Means and fuzzy C-means are
the most commonly used for image segmentation. We have cited those which
were applied for skin lesion segmentation [80, 46].

* Active contour methods were widely used for skin lesion segmentation [54, 81,
82] to smooth the image shape and to form the closed contour. Contour is a
collection of points that are interpolated as linear, splines, and polynomial curves.
The work presented in [54] proposed a geodesic active contour method for lesion
segmentation, which determines the accurate boundaries of the lesion despite
noise artefacts, color variations, and poor edges.

* Artificial intelligence methods include the use of classifiers such as ANNs, de-
cision trees, SVM [83, 84]. ANN has been widely applied to lesion segmentation
and given better results as compared to other baseline methods [85, 86]. ANN
faces some the challenges, such as local optima problems, high training time,
optimized network structure, suitable weights, number of layers, and unable to
find low-cost functions. Thus, many studies made attempts to improve their
performance using soft-computing algorithms to find an optimal solution such
as evolutionary [87], social group optimization (SGO) algorithm [88], particle
swarm optimization (PSO) [83], and artificial bee colony algorithm. [89].

* Deep learning techniques have been frequently applied in the field of image
segmentation due to their remarkable performance and offered higher accuracy.
Deep neural networks label each pixel with a class of object or non-object region
and are effective in semantic segmentation applications. It was attempted in
2013 to segment X-ray images using the CNN approach [90]. In order to reduce
training time, the researchers applied patch-wise classification on raw images to

identify bone tissues. In 2015, Melinscak et al. [91] proposed a similar approach
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for segmenting blood vessels from fundus images. They achieved an average
accuracy of 94% using a deep convolutional neural network with max-pooling
layers instead of subsampling or downsampling layers.

A fully convolutional neural (FCN) network was proposed by Long et al. [92]
in 2015 as the first end-to-end pixel-wise segmentation technique. To generate
segmentation maps, they utilized AlexNet, VGGNet, and GoogleNet classification
models to replace convolutional layers with fully connected ones. This approach
was faster than the patch classification approach. Hong et al. [93] proposed
deconvolution networks (DeconvNet) as an extension of FCN networks. The
class-oriented feature maps created by this architecture reduce the training and
inferencing time by decoupling classification and segmentation tasks. Pooling
layers was the main problem with FCN, as it increased the field of view and
discarded essential information. In contrast, semantic segmentation requires
precise knowledge of class maps and must preserve where’ information.

In 2017, Badrinarayanan et al. presented a network architecture based on encoder-
decoders called SegNet [94], which is similar to VGG16. With this network,
the encoder reduces spatial dimensionality with pooled layers, and the decoder
gradually regains object information and spatial details. In the decoder section, it
applies the pooling indices computed by the max-pooling layers of the encoder
section. A similar network, U-Net [95], has been successfully applied to segment
medical images using encoder-decoder architecture. In 2018, Chen et al. [96]
introduced deep convolutional nets called DeepLab networks to address the
segmentation task. These networks are based on dilated/atrous convolutions that
explicitly control resolution to preserve feature map information computed in
the deep convolutional layers. It differs from SegNet or U-Net in the ability to
expand the field of view of filters to have a greater context of information without

increasing the number of parameters. The details of these networks can be found
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in review papers [97, 98].

* Deep learning in lesion segmentation The studies that specifically focused on
the segmentation of lesions from skin cancer images applying deep learning
methods include work of Al-Masni et al. [99] that presented an extension of FCN
called fully resolution CNN (FrCN) for lesion segmentation to extracts image
features without using any pre-processing technique. VGG16 layers inspired
the network by removing its subsampling layers to preserve its full resolution of
individual pixels. Their network outperformed FCN, VGG16, SegNet. Another
work given in [100] extended VGG16 architecture to perform lesion segmentation
by eliminating its fully connected layers and resizing the final feature map so
that it matches with the output size. Lei Bi et al. [101] proposed an FCN based
ResNet model that learns the visual features of the lesion corresponding to each
class based on their probability. This network is significantly different from
other networks as it segments images according to their category and learns
more deep features. The work proposed by Yu. et al. [30] presented a very deep
residual network having 50 layers to calculate rich and more significant features
for accurate recognition. Residual learning was applied to prevent overfitting
and degradation problems of the convolutional neural networks. A similar type
of lesion segmentation work can be seen in the studies [99, 102, 103] that have
given different approaches for lesion segmentation either inspired from existing
networks or extended them using transfer learning.

There are other variations considered in using deep learning techniques such as
layer structure of network architecture was changed, applied a transfer learning
approach [104, 105, 106] and used fine-tuned training parameters [107, 102, 108,
30] aiming to reach an optimal solution that reduces computation time, power and
increase network’s accuracy. The benefits and drawbacks of given segmentation

methods are summarized in Table 2.4. Out of these, deep learning proved a
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powerful method capable of extracting features from the raw data and training

the network to predict the output. The use of deep neural networks is rapidly

increasing on the subject of image segmentation and classification.

Table 2.4: Comparison of image segmentation methods.

Method References | Advantages Disadvantages
Edge [68, 70] -Detect finer edges and -Sensitive to noise arti-
detection sharp edge boundaries facts.
as compared to other -Not suitable for image
operators. set containing too many
edges.
Thresholding | [75, 77] -Do not require any ini- -Wrong selection of
tial information about threshold results into un-
images. der or over-segmentation.
Clustering [80, 79, 109] | -Suitable for homo- -Wrong selection of ini-
geneous and large data tial centroid value affects
sets. the performance.
Active [54, 82, 110] | -Enhances contour out- -Slow computation per-
contour line, energies can be formance in case of large
defined manually. size images.
-Not able to segment the
nearest objects efficiently.
Artificial [85] -Better handling of in- -High cost involved.
intelligence formation and able to -High training time re-
solve complex problems. | quired for large and
-Low error rate and uses complex datasets.
learned knowledge to
solve problems.
Deep [111] -Capable of self- -Layer architecture is
learning organization. highly complex.
-Accept raw images -Extremely expensive and
and do not need pre- needs high hardware like
processing and feature GPU machines.
extraction. -It requires a very large
-Perform optimized amount of data to per-
learning. form better.

Recent developments have heightened the need for a melanoma detection system,

and considerable literature has grown up around the theme of lesion segmenta-

tion. It has been analyzed that the most popular network’s choices for semantic
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segmentation are U-Net, FCN, and SegNet, containing sampling and upsampling
layers to maintain the spatial resolution of the output. The major problem in
these networks is that they suffer from a low spatial resolution output due to the
repetitive use of max-pooling and striding at consecutive layers. Moreover, the
optimized, comprehensive, and customized frameworks proposed in the literature
for lesion segmentation tasks still exhibit difficulties, such as low performance or
high execution time due to complex architectures. These networks have not given
satisfactory performance on the adopted dataset. Hence, there is probably room
for further improvement in terms of accuracy by designing a new architecture.
In the research work, we have designed CNN networks based on the concept of
sampling-upsampling layers and atrous convolutions to segment lesions main-
taining high resolution effectively. The networks were designed from scratch
by organizing different layers of the network, fine-tuning hyperparameters, and

using a suitable loss function.

2.5.3 Classification

This section deals with explaining state-of-the-art approaches given based on the classi-
fication phase of the diagnostic system. A computer-aided system dates back to 1998,
and several classification methods were proposed in the literature to recognize melan-
oma and its types. Image-based classification systems are developed by using traditional
machine learning techniques such as K nearest neighbour (KNN), support vector ma-
chines (SVM), artificial neural networks (ANN) [27, 112]. In contrast, the choice
of employing classification techniques has shifted to deep learning approaches [113]
from recent years. Deep learning approaches have shown remarkable performance in
solving classification problems [114, 100]. In deep learning, the CNN is an efficient

method to extract global data consisting of information about edges, curves, shapes to
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generate a complex feature set to perform classification. The CNN network comprises
many layers such as convolutional, normalization, activation, pooling layers, and fully
connected layers. An early adopter Krizhevsky et al. [115] using deep convolutional
neural networks to classify 1.2 million images containing 1000 different classes in the
ImageNet, the first-ever study to do so, published a paper in 2012. Many such types
of CNN networks were proposed for classification tasks, for example, VGG16 & 18,
Inception, GoogleNet, ResNet, and MobileNet but not limited to. These networks were
trained on different image datasets, and their application to any other problem domain
is entirely data-dependent. A recent survey on deep learning architectures used for
melanoma classification can be found in [116, 117] that discussed various types of deep
learning architectures, challenges, and trade-offs between them.

The widely adopted approach is to use pre-trained networks as transfer learning to
classify skin cancer types. With transfer learning, the need for annotation is reduced
by transferring the knowledge of deep learning models. The models are fine-tuned and
applied to solve the problem of a new task. Khalid et al. [118] proposed a transfer
learning approach by replacing the softMax layer of the original architecture with
AlexNet to classify three types of skin cancer based on the PH? dataset. Additionally,
they used data augmentation and fine-tuning parameters to make the network well
suited for the problem. In 2019, Jason et al. [119] proposed a fusion method by
utilizing the ResNet50 network’s learning knowledge and handcrafted features from
the clinical information module. The prediction score of each category from both types
of information modules was combined, and the final prediction score was identified
using logistic regression. More work-related to the transfer learning approach for skin
cancer detection can be seen in [120, 121, 122, 123]. Kassani et al. [124] performed a
comparative study between different types of deep convolutional neural networks such
as Xception, AlexNet, VGGNet16 & 19, and ResNet50 architecture for skin cancer

classification. It was observed that augmentation and pre-processing steps positively
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affect accuracy ratio, and out of given architectures, ResNet50 has better performance.
The problem in utilizing pre-trained networks for new classification tasks using transfer
learning is a mismatch between learned features on natural images and medical images.
Because those networks were trained on ImageNet public dataset, it is an ineffective
practice to apply learned knowledge from different data to medical images.

Some attempts were made to increase the model’s accuracy by combining deep
neural networks and supervised machine learning classifiers. In 2018, Ulzii et al. [125],
proposed a technique that employed a pre-trained AlexNet and the SVM classifier to
classify 3753 skin lesion images. They explained the advantages of AlexNet in terms
of a few training parameters and validity. The work of Mahbod et al. in 2019 [126]
presented three deep learning networks AlexNet, VGG16, and ResNetl8, as feature
generators. They trained the SVM classifier with each feature set of three neural
networks and fused their results to make final predictions to detect three categories
of skin cancer. They concluded in their study that merging multiple features from
various networks leads to a better classification rate. Kassani et al. [124] performed a
comparative analysis between different types of deep convolutional neural networks such
as Xception, AlexNet, VGGNet16/19, and ResNet architecture for medical applications.
It was concluded that out of given architectures, ResNet had given a better performance.
Another study proposed by Gessert et al. [127] given an ensemble model comprising
three networks such as EfficientNets, SENet, and ResNet for addressing classification
tasks of the ISIC 2019 challenge. They applied the loss balancing technique to overcome
the class imbalance problem and added unknown metadata as an additional branch to
the network to increase the classifier’s performance. Another work given by Andre et
al. [128] implemented eight pre-trained models to develop an ensemble model for the
prediction of eight types of cancer categories. They replaced classifiers to adjust the
model according to the dataset keeping all classification layers and obtaining higher

accuracy. The method proposed by To T.D et al. [129] classified different types of
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cancer from clinical and macroscopic images. They applied the divide and conquered
technique to many small binary and 3-ary problems for easy processing. To overcome
the class imbalance problem, they applied an upsampling approach, and two networks
named, EfficientNet and InceptionResNet were trained using focal binary loss function.

Many contributions were made by developing new CNN architectures from scratch,
focusing on skin cancer data. An optimal network design requires extensive experi-
mental study to analyze the impact of layers, parameters, and loss functions to obtain
higher performance. A new architecture of CNN trained ISIC dataset was proposed by
Imran et al. [130] for the classification of eight types of skin cancer with an accuracy of
89.58%. The network was structured into three blocks consisting of 68 convolutional
layers and other layers such as batch normalization and ReLLU layer. Each block has
a varying number of parameters to extract complex lesion information. Another work
presented a new design of a network known as DermaKNet [131] that employed Res-
Net50 layers as a base model. The network consists of modulation blocks, polar pooling
blocks, and asymmetry blocks interconnected to pass lesion features to the last fully
connected layer. The network outperformed other state-of-the-art studies with an AUC
score of 91.7. Similarly, many new ideas were proposed to motivate the design of deep

neural networks, which can be seen in detail in these studies [132, 133, 134, 135].

2.6 Existing Literature Gaps

Recent developments have heightened the need for a melanoma detection system, and
considerable literature has grown up around the theme of removing noise artifacts,
lesion segmentation, and classification. In the context of the pre-processing phase,
investigators given several methodologies based on illumination correction [65, 46],
Gaussian filters [51, 52], and morphological filtering [48, 66]. However, the major diffi-

culty recorded in the pre-processing phase is still required to preserve color resolution,
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Table 2.5: Comparison of image segmentation methods.

Method | References | Advantages Disadvantages
Machine | [27] - Simple to implement, - Selection of initial seed
learning handle noisy data and per- points.
forms well in case of large - Suitable for binary classific-
input data. ation.
- Ability to work with incom- | - Suffers from local minima
plete information and able to | and overfitting.
perform parallel processing. | - Requires high processing
time for large and complex
networks.
Deep [116, 136] - Automatically deduce - Require a very large
learning features and optimally amount of data to process.
tune them according to an - High power computational
expected outcome. hardware required.
- Perform parallel computa-
tion.
- Flexible architecture.

border, and texture information while removing noise artifacts. These characteristics are
significant to differentiate melanoma from a normal mole. Moreover, there are only a
few recent studies that have developed techniques for repairing hairlines in skin images,
according to the literature analysis. Also, those studies mostly focused on the removal
of hairlines and ignored the effects on lesion patterns. The elimination of hair pixels can
result in unwanted blurring, discolored images, and poor textures in melanoma images.
Existing studies have proposed ways to occlude thick and dark hairlines, which are easy
to detect due to a large difference in intensity between hair and lesion pixels. However,
it is much more difficult to detect thin and light hairlines. Furthermore, the literature
studies do not utilize an extensive dataset. Thus, the proposed research study aims for a
robust method of detecting hairlines while simultaneously preserving pixel information
after hair removal process. The development of an effective pre-processing model can
be helpful in cleaning hairs from infected skin lesions without causing discomfort to
patients.

Other significant contributions are found in segmenting lesion objects. Several



Chapter 2. Background and Literature Review 38

attempts have been made to extract accurate lesion areas employing edge detectors,
thresholding, clustering, active contours, artificial neural networks, and deep learning
techniques. Out of the given methodologies, artificial intelligence and deep learning
is the most appropriate choice to extract lesion object. Here, a significant concern
is required to address the gap by proposing a neural network able to extract lesion
information within less execution time and with high accuracy. A considerable amount
of literature has been published on the melanoma classification phase too. Various liter-
ature studies have implemented several standard classifiers such as machine learning,
neural networks, feature extractors, and deep learning. However, to achieve generaliz-
ation, less complex architecture, and low inference time is still an open challenge in
this area. Thus, the design of a lightweight CNN offering high performance needs to
be considered. Furthermore, to the best of our knowledge, there are very few studies
that have conducted experiments on a complex dataset published by ISIC [137] in
2020, consisting of a lot of duplicate samples, which could lead to over-fitting. Also,
the dataset contained samples of dark skin and aged individuals with complex lesion
patterns.

The advantages and disadvantages of various segmentation and classification tech-
niques used for melanoma problem so far are analyzed in Table 2.4 and 2.5. It is
observed that researchers have proposed various optimized, extended, and customized
frameworks in the literature, still exhibit some difficulties such as the need for efficient
hair removal techniques that do not lose important information, segmentation techniques
to extract correct lesion area, and need of accurate classification models.

In the discussed state-of-the-art methods, there is a compromise between achieving
high accuracy in less computational time. As the size of the dataset increases, execution
time also increases. Thus, we aim to propose a novel design of a classification model
that classifies a large dataset in less computational time with limited GPU resources.

Moreover, there are limited studies that analyzed the impact of pre-processed and
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segmented images on classification performance. To make the classification model
more generalized, it is trained for large set of dermoscopic images. As a final point,
it is imperative to mention that to reach a fully automated system, large datasets and

high-power computational hardware are required to achieve better accuracy.

2.7 Conclusion

This chapter has presented an overview of the melanoma structure, its types, and
current clinical approaches used to diagnosis it. In addition, it also highlighted the
advantage of employing an automatic computerized system for early and fast detection.
The CAD system is categorized into three phases: pre-processing, segmentation and
classification. The type of techniques proposed in the literature for each stage of
the CAD system is thoroughly discussed. We reviewed recent works related to these
steps, and a summary of them is illustrated in tables including their advantages and
disadvantages. A comprehensive analysis of literature review is provided in the form of
research gaps to have clear insights about the research question designed in this study.
The next chapter discusses implementation details of the system design and various

datasets used for the experimental evaluation of proposed methods.



Chapter 3

Overall Design Flow and the Selected

Datasets

In this chapter, the overall design of the proposed system is discussed for a better
understanding of the methods designed towards melanoma diagnosis. It is followed
by a discussion of various datasets used in this research for different phases of system
and basic operations for data cleaning. The literature study conducted in the previous
chapter has revealed a high demand for robust, accurate, and cost-efficient automatic
melanoma detection systems to assist clinical experts in the initial assessment. As New
Zealand has a high rate of melanoma, this study can help in the early diagnosis of it.
The focus of our research is the design of the melanoma CAD system, where each
phase is implemented by proposing novel techniques to obtain the best performance as
compared to state-of-the-art methods. The approaches were implemented and executed
on high computing powered GPU hardware machines such as GeForce RTX 2060 and
2080 with computation capacity ‘7.5’ to achieve better performance in low computation

time.

40
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3.1 System Overview

The overall design of the system composed of four phases, starting with basic image
operations, hair removal, segmentation and classification as given in Figure 3.1. The
first phase was to collect skin cancer datasets from various web sources and resize
them into suitable dimensions. Then the images were pre-processed to eliminate any
noisy elements, specifically hairlines, because these can degrade the performance of the
classifier. After pre-processing, lesion information was extracted using segmentation
techniques. At the final stage, a classifier was developed to detect melanoma from
benign cancer. The classifier was trained and evaluated in two stages by feeding
it with two different types of datasets such as with raw images and pre-processed
images to analyze the impact of the pre-processing and segmentation on the classifier’s
performance. The primary aim was to gain high classification accuracy for recognizing
melanoma at an early stage facing all challenging trade-offs between high accuracy rate
and design of optimal network to process a large amount of data, including noise.
Different types of quantitative metrics are used to evaluate the segmentation and
classification approaches. For example, accuracy, precision, recall, specificity, F1-
score, and inference time are used to test classification approach. Additionally Jaccard
score, and dice coefficients are used to evaluate the segmentation approach. System
modelling and simulation is an iterative process that helps in improving performance
based on these measures. The high performance will bridge the research gap raised
after the literature review and enhance the system’s design to achieve the expected
results. The main focus of this chapter is to explain the datasets, discussing challenges
during data preparation such as sorting of data and removal of duplicates, and basic
image processing operations. In the next chapters, the phases of CAD system such as

pre-processing, segmentation and classification will be explained in detail.
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Figure 3.1: Design flow of melanoma detection system.

3.2 Datasets

A number of well-known datasets from open-access dermatology repositories were
used in this study, including the ISIC dermoscopic archive [16, 138], HAM10000 [139],
and PH2 [140]. There are five variations of ISIC dataset from 2016 to 2020, some of
them are the same samples, some of them are new samples. This research focuses
on dermoscopic images that are generated by dermatoscopes. For the segmentation
and classification phases, different datasets were designed. In order to validate the

performance of the segmentation method, the ground truth images were considered
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as reference images. There were various types of skin lesion used for assessing the
performance of the classification method. While preparing data for different phases
of the system, some significant steps were performed on it. This detail is provided in

Table 3.1 and 3.2 for each individual dataset.

« ISIC 2016: The ‘Skin lesion analysis towards melanoma detection’ utilizes
the ISIC repository of dermatologist-annotated skin lesions. The dataset was
categorized into 900 training and 379 test images. Additionally, it consists of
ground truth binary mask annonated by human experts for the consideration of

comparisons.

* ISIC 2017: This dataset consists of 2,000 skin lesions for training purpose, 150
validation, and 366 test images. The ground truth samples are also provided to

compare the segmentation outputs.

 ISIC 2018: This challenge provides separate 2,594 training images to engage for
segmentation and classification task. A validation set of 100 and blind test set of

1,000 samples was given to perform testing of the method.

 ISIC 2019: It contains 25,331 dermoscopic training images distributed among
eight different types of lesion which were broadly classified into benign and
malignant. The test set have 8,239 lesions which need to be classified by the

method.

* ISIC 2020: The dataset have 33,126 image samples which were divided into
training, validation and test sets while the training and testing of the proposed

methods. It consists of many duplicate lesion samples.

* PH?: It is obtained from the Dermatology Service of Hospital Pedro Hispano,
Matosinhos, Portugal. This dataset contained a total of 200 images along with

their ground truths.
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* HAM10000: The dataset named HAM10000 (‘Human Against Machine with
10000 training images’) provided for automated diagnosis of pigmented skin
lesions contains 9,900 dermoscopic lesion samples.

Table 3.1: Distribution of lesion samples in different datasets used for segmentation
task.

Dataset Training Training Validation | Validation | Test Test

ground truth data ground truth ground truth
ISIC 2016 900 900 — — 379 379
ISIC 2017 | 2000 2000 150 150 366 366
ISIC 2018 | 2594 2594 100 100 1000 —
PH? 200 200 — — — —

Table 3.2: Distribution of lesion samples in different datasets used for classification
task.

Datasets Training Validation Test Total
ISIC 9017 1288 2577 12882
HAM10000 6930 990 1980 9900

3.3 Elimination of Duplicate Samples and Sorting of

Data

Originally, the data were not categorized according to cancer types, so they were sorted
into different classes by writing a script code in MATLAB. The image read function
uses the ID from the metadata file to move that image into the corresponding category.
Another major issue with the data was the presence of duplicate samples. There were
the same skin samples but with a different name and similar lesion structures, making
it difficult to distinguish them by naked eye. The method first converts the image to
grayscale and then calculates its histogram. After that, the mean of each image is

determined, and the correlation index of each image is compared with the other. When
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the correlation between two images is greater than a threshold of 0.99, the images
are considered identical, and one copy is discarded. The steps to eliminate duplicate

samples in a dataset is explained in Algorithm 1.

Algorithm 1 Duplicate image elimination method

INPUT: Load set of images
for i:1 to length(image-set) do
Read L;(x,y)
Convert I;(x,y) RGB image into grayscale, I;(x,y)
Calculate histogram of image, I;(X,y) as hl= imhist(I;(X,y))
Calculate mean of image, I;(X,y) as h1’=mean(vec2mat(h1))
for j:1 toido
Read I;(x,y) // Read all images till the count of i and compare with I;(x,y)
Convert I;(x,y) RGB image into grayscale, I;(x,y)
Calculate histogram of image, I';(x,y) as h2= imhist(I(x,y))
Calculate mean of image, I;(x,y) as h2'=mean(vec2mat(h2))
if correlation-index(h1’, h2')> 0.99 then
Image I;(x,y) and I;. (x,y) are same, thus one copy of image is saved.
else
Both images are saved.
end if
end for
end for
OUTPUT: Return image dataset after removing duplicates.

3.4 Resizing

Available data was 8-bit RGB images with different size ranges from 540 x 722 to
4499 x 6748 dimensions. These images cannot be used directly for the network’s
training due to their large size; thus, images were resized into three dimensions such as
300 x 300 x 3 for pre-processing, 192 x 256 x 3 for segmentation, and for classification
128 x 128 x 3 according to the network’s design and reduce computation speed. These
different image sizes for each phase were finalized after tuning the best performance

on the validation sets. Images were resized using the nearest neighbour interpolation
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technique [141]. This method determined the color and intensity of unknown pixel
positions using available information of surrounding pixels. The principle idea used in
this method is to have an original image as a reference image based on which a new
rescaled image is constructed. The resulting image is smaller in size without the loss of
its resolution. When the size of an image decreases, the empty spaces in the original
image are removed and reconstructed with a smaller size. Consider, an original image
have height and width as wy, h; and the resized image have dimensions as w,, hs. For
finding the ratio in vertical (y) and horizontal (x) direction to perform rescaling is given

as:
W1 h;

wa' ' by 3.1)
where wy, hy 0

Once the ratio is determined, the original image is rescaled along three channels (RGB)

to a smaller size by interpolating pixels values, maintaining the horizontal to the vertical

ratio. For example, in Figure 3.2 the original image of size 1024 x 768 x 3 decreased

to 192 x 256 x 3 dimension. In this research work, the images are resized to different

dimensions using this approach to reduce the computational time and to fine-tune the

networks which are developed for different stages of melanoma detection system.

BEFORE INTERPOLATION o AFTER INTERPOLATION
200 200 | .
400 1 400 1
600 - 600 -
0 500 1000 0 500 1000

Figure 3.2: Image resizing using nearest neighbor interpolation method.
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3.5 Data Augmentation

Data augmentation is a popular technique to increase training data manifolds to mitigate
the lack of data. The artificial generation of images resembling original images is
challenging due to unstable information in the skin lesions, such as irregular borders,
diameter, shape, color, and texture. The ISIC datasets are highly skewed among various
types of skin cancer. The data imbalance problem causes the network to get biased
towards classes with many samples compared to those with low samples. Moreover,
the visual similarity between different lesion types is high. Due to the high intraclass
variations, it is challenging to differentiate skin lesions. Data augmentation is one such
method applied over data to balance the data of minority classes. In order to balance the
data distribution among skin cancer classes and avoid overfitting, the augmented images
should look completely different at every epoch and be completely unique. The most
common techniques used to increase the data is transformations [142, 95]. It involves
translations, rotation, scaling and reflection of images to produce different images
from original. Another approach is random oversampling that improves a classifier’s

performance by adding more image samples in the minority class.

3.5.1 Transformations

This method was applied during the network training to increase the number of overall
samples in the dataset. The amount of data is increased in the training set by applying
rotation, reflection, and scaling operations to generate new samples. The transformation
operations such as reflection of [-20°,20°], rotation ranges from [0, 360°] and scaling
in X & Y direction by [-5,5] factors was applied. The effect of transformations is
displayed in the following figures, where Figure 3.3a displays original images, and

Figure 3.3b shows augmented images.
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sl

(a) Original images (b) Synthetic images

Figure 3.3: Augmentation data.

3.5.2 Random oversampling

Oversampling randomly duplicates examples from the minority class and adds them
to the training set. Image samples are selected from the training set randomly with
replacement. The minority class examples can be selected to form a more balanced
dataset from the original and then returned or "replaced" in the original dataset, allowing
them to be selected again. It is an effective method for the datasets where data is highly
skewed among different cancer types. For example, if any majority cancer class has
1000 samples and the minority class has 500 samples, this technique oversamples the
minority class to contain 1000 samples. This procedure is applied to balance the classes
for the classification stage in which number of samples are determined for each class
and more randomized data is added to the class having less number of samples. It is
computationally expensive because it involves generating synthetic samples; therefore,
the random oversampling is performed only for minority classes. The method presented
modified image samples to the learner model on every epoch to prevent overfitting and
bias problem. This technique leads towards improvement in the performance of the

classification model.
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3.6 Conclusion

A large amount of balanced data is needed for deep learning to work well. Consequently,
we applied augmentation techniques to enlarge the training dataset and overcome the
underfitting and overfitting problems. The data in the minority classes was increased
by generating synthetic samples. Data augmentation was applied during the training
process using transformation and random oversampling. This method presents a distinct
batch of image data to the learner model over each epoch. The augmentation methods
proved efficient in achieving better performance than the original datasets. Various
experiments were performed using the discussed augmentation methods and achieved
satisfactory results. The next chapter discusses a novel method for the proposed
system’s pre-processing stage, specifically the hairlines removal process and contrast

improvement, including their experimental results.
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Pre-processing

4.1 Introduction

In this chapter, an introduction to noise problem is provided that immensely affects the
quality of skin images. It is followed by the mathematical and implementation details
of two pre-processing methods proposed to deal with hairlines problem and image
enhancement. Finally, the experimental results illustrate importance of the proposed

method which is published in the following journal articles as given:

* R. Kaur, H. GholamHosseini & R. Sinha, "Skin Lesion Segmentation using an
Improved Framework of Encoder-Decoder Based Convolutional Neural Network",
International Journal of Imaging Systems and Technology, Wiley Online Library,

2022.

e R. Kaur, H. GholamHosseini & R. Sinha, "Hairlines Removal and Low Contrast
Enhancement of Melanoma Skin Images Using Convolutional Neural Network
with Aggregation of Contextual Information", Biomedical Signal Processing and

Control, vol.76, pp.103653, 2022.

50
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A common problem in medical images is the presence of noise artifacts. Noise oc-
curs due to various external and environmental factors. Medical images are significantly
corrupted by noise during acquisition, transmission, and mathematical computation.
The visual quality of digital images could be degraded by noise artifacts which reduces
the precision and accuracy of image examination and interpretation operation. The low
lighting conditions, and limited resources to capture medical images through clinical
instruments lead to high noise variations. The performance of any image analysis
system intensively depends upon the image quality. It is of paramount importance to
perform disease diagnosis by extracting accurate and precise information from medical
images. Thus, it is crucial to apply denoising techniques to cancer images to improve
quality since it removes a barrier for feature extraction, segmentation, and classification.
This research work primarily aims to address two issues related to pre-processing stage.
Firstly, to remove light and thin hairlines from the skin cancer images and secondly, to
regain the contrast and improve the image resolution after the hair occlusion process.
To respond these issues, efficient methods were developed that preserves the lesion
patterns while keeping its computational cost low so that it can be incorporated into
the design of a real-time melanoma CAD system. Two approaches have been designed
to achieve this task: hairlines removal and resolution enhancement. The hair removal
technique deals with the adjustment of intensity values. It repairs light and thin hairlines
so that they do not interfere with the lesion texture and structures. After removing
hairs, the images are passed to the next stage of the system, where the degraded quality
of the images restored using the contextual information preserving CNN model. The
straightforward layout of pre-processing steps is represented in Fig. 4.1.

The primary research contributions made in this phase are listed as follows:

* Design of a hair removal algorithm using morphological operators to eliminate

hairlines.
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Raw skin cancer Hair removal using Multiscale context Output Images
images IA-HR method aggregation
Mean Square
Loss function

Figure 4.1: Systematic model for pre-processing process.

* Implementation of CNN model to acquire rich context and a broad scale of

information from the lesion images.

e Estimation of contextual information, multi-level color features, and contrast to

apply on the processed images for regaining visual equivalence.

* Performance comparison between proposed and other popular denoising methods.

4.2 Intensity Adjustment Hair Removal (IA-HR) Tech-
nique

Skin cancer images contain hairlines, as shown in Figure 4.2 affecting the system’s
performance with a high gradient. Typically, hair detection algorithms assume that hair
pixels have colour slightly darker than lesion or background areas. There have been
a few algorithms proposed to identify hairlines throughout the literature, and most of
them can effectively detect thick hairlines, and only a few of them can find light and
thin lines. In addition to this, the primary challenge is to preserve lesion information,
border contours, and shape after the hair removal process. Therefore, a hair removal
method is presented to address these issues based on morphological, thresholding, and
pixel interpolation operations. This approach is named as Intensity Adjustment Hair

Removal (IA-HR) algorithm as it deals with the adjustment of intensity values. It
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repairs thin and light hairlines that interfere with the lesion texture and structure. The
proposed approach is divided into four systematic steps, as shown in Figure 4.3; (a)
color space transformation, (b) hairlines detection using morphological closing and
subtraction operation, (c) filtration of non-hairy pixels with the use of binarization

process and morphological dilation operation used to repair broken boundaries, and

finally (d) texture restoration performed using interpolation technique.

Figure 4.2: Examples of hairy images from five patients.

Step 1: Color { RGB to CIE L*A*B conversion
space conversion ¥
Step 2: Hairlines - Morphological closing operation

detection

Discard pixels

Step 3: Hair pixels

refinement ] _ v_ _
Morphological dilation operation
v
Remapping of pixels to new image
Step 4: Texture - v
restoration Find lesion centroid and inpainting
v

Enhanced output image

Figure 4.3: Systematic flow diagram of the proposed hair removal method.

Morphological image processing considers the form and structure of the image

and is quite effective in removing noise elements in medical images. This technique
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extracts shape-related image components such as boundary lines, skeletons, and convex
hulls. Using morphological filtering, basic operations such as erosion, dilation, opening,
and closing compare each pixel with its neighbours over a template called structuring
element (SE). The neighbourhood pixels are processed either in a four-connected or
eight-connected manner, the former defines pixel positions horizontally and vertically,
and the latter considers diagonal positions. The SE is positioned at all possible locations
in an image and compared with the adjacent pixels to perform logical operations such

as AND, OR, NOT, and XOR.

4.2.1 Color space transformations

The first step of this method is to convert the RG B colour space to a perceptually
uniform C'IE L + a * b with formula given below for processing on a common platform.
This colour space closely approximates human visual perception, and thus, the use of
this colour space produces a more accurate result. Moreover, morphological operators

are easy to perform on C'/ E L * a * b color space as compared to the RGB.

L =116 f(;) ~16 if ;) > 0.008856 4.1
X, Y

a” =500 [(5~) = (37)] (4.2)
Y.  Z

0" =200 [(37) = ()] (4.3)

The terms used in above equation L* indicates lightness, a*, and b* are chromaticity
coordinates. These color space coordinates are calculated using formula in which X, Y,
Z describe the colour perceived for image pixels and X, Y,, Z, describe a specified

black or white stimulus in an image.
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4.2.2 Hairlines detection

To roughly detect the presence of hairs, first, an image closing operation is applied
using (4.4) to close the irrelevant portions of an image. It also smoothes the object

contours from the outside, eliminates small holes, and fill gaps in the boundaries.

Closeimg = (I(x,y) ® SE) © SE (4.4)

The dilation operation (®) is performed between the original image / and the struc-
turing element S E followed by erosion operation (©). Structuring is a critical part of
morphological dilation and erosion operations because it permits further analysis of
the input image. A SE is a matrix that identifies the pixel in the image being processed
and defines the neighbourhood used in the processing of each pixel. Basically, SE is
a matrix or a template that is used to traverse over an image. The SE is positioned at
every possible location in the image, and it is compared with the pixels connected to it.
A SE is considered Fit when all its pixels cover the pixels of the object. Whenever at
least one of the pixels in the structuring element covers a pixel in the object it is called
a Hit. A miss occurs when no pixels in the structuring element cover the pixels of the
object. A SE may be any shape, typically its size and shape are selected to process
the input image. In 4.4 close operation, 8-pixel connectivity was applied using SE of
shape ‘disk’ and size ‘3’ that moves in all directions to achieve better results, as shown
in Fig. 4.4. The selection of an appropriate value of SE helps to deal with an image’s
structure closely.

The subtraction between Close;,,, and an original image / as given in (4.5) is
performed to detect changes between two images and for leveling uneven parts of an

image. Dif f;, contains the difference of pixels between the two images.

Diffig = Closejmg — 1 4.5
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SE= disk
Size=13

Figure 4.4: Structuring element movement over an image.

4.2.3 Refinement of hair pixels

It is a vital task to refine hair pixels by separating foreground pixels from the background.
It can be achieved through the binarization process by selecting an optimal value of
a threshold (T=25). The comparison is performed to filter the pixels of an image
using (4.6). This comparison sets background pixels to ‘0’ and highlights foreground
pixels, including hair pixels values to ‘1°. It is checked that if any pixel value in Di f f;y,4
is greater than the threshold, then those pixels are saved in Dilation,,,, otherwise
rejected.

Dilation;yg = Diffimg > T (4.6)

Further, dilation operation is applied to the resultant image using (4.7) for bridging
the gaps and repairing the broken boundaries. Weak areas of hair occluded lines are
filled through this operation to connect line pixels in all eight directions. This operation

enlarges brighter regions and shrinks darker areas of an image.

Dilation;y,g = Dilation;y,, ® SE 4.7)
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4.2.4 Restoration of image

In this step, image values are transported to a new image in a coherence direction
utilizing the remapping of structure. Therefore, the interpolation of pixels is carried out
to construct an image called New;,,,. The size of this image is the same as that of the
original image /. Non-hair pixels are copied to New;,,, depending upon (4.8). This
condition iterates through the whole image and copies those pixels of an original image
to Newy,g for which Dilation;,,, is false, i.e., background pixels. Otherwise, it copies
all pixels which belong to the lesion area based on the threshold. If any portion contains
hairs, then it is replaced with the intensity of non-hair pixels. The remapping process is

initiated using a seed point calculated using (4.9).

Newing = {I, if Dilationjmg == 0, pixels based on threshold (4.8)

centroid = (X - C)? + (Y - C)? < C? (4.9)

X and Y are the dimensions of an image and the value of constant C' is fine-tuned equal
to ‘180’. In this manner, the algorithm detects thick and thin hairlines in dermoscopic
images and paint them with the lesion color. The image reconstructed with high contrast
and converted back to its original RGB color space. The most challenging task is the
appropriate value of SF, threshold (T), and finding the lesion’s centroid (C) which is
selected after conducting several experiments. In the end, an image is converted back to

original colour space.

4.3 Multiscale Context Aggregation CNN (MCACNN)

A deep learning-inspired MCACNN [143] is proposed that approximates various image

operators such as tone mapping, the original image’s style, and the dehazing effect in
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medical images. Skin images were intensively affected by hair elimination operation in
the previous step; therefore, MCACNN is efficiently employed to improve the image
contrast. The MCACNN first be trained on a set of images for processing high-frequency
details to achieve greater accuracy. Upon training the network, degraded images can be
processed directly without need for conventional processing. The network aggregates
multiscale information of images and preserves local and global information at the
deeper level of the network. It efficiently extracts information under the different
receptive fields using atrous convolutions in the feature extraction layer. The design of
the network is inspired by a basic CNN. It incorporates residual connections forming a
deep network to preserve the image’s information and enhance the non-linear mapping
function at different levels.

The MCACNN model minimizes noise while preserving edge information degraded
during the hair elimination. The architecture of the MCACNN model is displayed in
Figure 4.5. The network works on image patches of size 256 x 256 extracted from
original medical image data. Patch size is extracted based on the network’s receptive
field that captures all high-level features from the spatial region of an image. The
network consists of multiscale residual aggregation blocks (MRAB) with different
layers. Each layer has a respective function to calculate local and global features to

form improved and high-resolution images.

4.3.1 MCACNN layers detail

The MCACNN have eight context modules named MRBL blocks composed of multiple
layers, including the input, 2D convolutional, batch normalization, leaky activation,
and regression layer. Two more customized layers, adaptive normalization  and A,
are designed to adjust and strengthen the normalization and identity branches. The

context modules boost performance by aggregating multi-scale contextual information.
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Figure 4.5: The proposed MCACNN model’s design.

It receives feature maps as input and generates them to pass on to the next MRBL
module. The description of MRBL how it works is given as follows:

The network receives an image patch I(x,y) of size 256 x 256 x 3, defining the
spatial region to view all high-level features of an image. In the MRBL block, a
convolutional operation applies 32 convolutions of size 3 x 3 over an image patch with
a different dilation rate. Dilation rate for each convolution layer C'onv;, ..., Conuvy,
where N = 8 is set as 2,4,6,8,16,32,64 and 128. It increases with the successive
use of the convolution layer in the network. The network systematically uses dilation
convolutions to aggregate the contextual information without systematically degrading
the image’s resolution. The dilation rate embedded in each convolution layer helps
to receive a wider view of the feature map. Moreover, convolution operations extract
high-level to low-level features by applying different dilation rates and filters. In a
convolution operation, padding is also set to zero to maintain the same size of feature

maps as input images. Padding inserts extra bits to the input image to adjust the size
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imbalance between an input image and a convolutional filter.

Further, adaptive normalization p layers adjust the strength of batch normalization
(BN) branches, and adaptive normalization A adjust the strength of identity branches.
These layers help strengthen the batch normalization and identity normalization by
backpropagating the derivative of the loss function. The output of both ; and A scaling
layers is combined and passed to an activation function, leaky ReLLU. This activation
function filters information computed by the previous layer that propagates in a forward
direction through the network. It performs an element-wise operation on input and
accepts input if it is positive. Otherwise, it changes to a positive value by multiplying it

with positive scalar ‘a’ if negative.

a*x, v<0,
leakyReLU = (4.10)

x, x>0

The value of scalar ‘a’ is set as ‘0.2’ for negative values. Each MRBL block works
in a similar fashion employing this sequence of layers. The last block of the context
aggregation module employs a convolutional layer with filters of size 3 x 3 without
dilation rate. It is cascaded by batch normalization, and adaptive normalization (i, and
A layers. The output from both layers combined using additional layers and passed to
the leaky layer. Finally, a convolutional operation uses 32 filters of size 1 x 1 followed
by a regression layer to reconstruct the output K (z,y). The regression layers utilize
mean square error (MSE) function as loss function to determine the learnability of the
aggregation operation as:

(L - K;)?

R
Loss= ) ——— (4.11)
2R

In this loss function, the mean square error between the target image / and the network’s

predicted image K is computed for R responses.
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4.3.2 Network training and hyperparameter settings

To generalize the learning capability of the MCACNN effectively, it is trained on
skin cancer image samples. Adaptive moment estimation (ADAM) [144] optimizer
algorithm was used to train the network for 20 epochs (fine-tuned) with a mini-batch
size of 16. The network training parameters, weights, and bias are updated using a
momentum gradient descent algorithm to minimize loss values. It calculates an adaptive
learning rate for every network parameter instead of stochastic gradient descent, which
updates all weights at once. In the original gradient descent algorithm, updating the

network in the direction of the negative value of the loss function is given as follows:

91+1 = 91 - aVL(@l) (412)

The learning rate, « > 0 is taken as ‘0.01°, @ is the parameter vector, and L(6) is
the loss function for iterations 7. The stochastic gradient method evaluates the gradient
of the loss function, VL(#) across all training sets. On the other hand, the ADAM
optimiser adds a ‘momentum’ term to the parameter gradients and their squared values,

as well as an element-wise average of them. The above equation can be rewritten as:

ml=ﬁ1mz—1+(1—ﬁl)VL(91) (413)

V; = 521)1‘ -1+ (]_ — BQ)[VL(@Z)]Q (414)

The optimizer used moving average to update the network as:

g, = limomi (4.15)

V; €

The gradient decay factors 3; and (> were set to ‘0.95°, respectively and squared

gradient decay factors set as ‘0.99” while the learning rate o was set at ‘0.03’.
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4.4 Experimental Results

In this section, the quantitative results of the MCACNN model together with the
IA-HR method are presented on the skin cancer dataset. First, detail of the dataset,
evaluation metrics, and results of the IA-HR method are discussed. Then the outcome
of the MCACNN model is explained. The proposed system is compared against other

denoising techniques to analyze its effectiveness.

4.4.1 Datasets

The benchmark skin cancer dataset ISIC 2019 [139, 16, 138] is used in the experimental
evaluation of this method. It contains 25,331 dermoscopic training and 8239 test images
collected from different patients as illustrated in Table 4.1. Several diagnostic categor-
ies of lesions are present in the ISIC 2019 training dataset such as Actinic keratoses
(AKIEC), basal cell carcinoma (BCC), benign keratosis (BKL), dermatofibroma (DF),
melanoma (MEL), melanocytic nevi (NV), and vascular lesions (VASC). The original
images are RGB of size 600 x 450, resized to 300 x 300 using the bilinear interpolation
method. This technique effectively rescues the image’s size maintaining aspect ratio so
that information does not get lost during the reconstruction process. The network train-
ing is performed using training images and then applied on 8239 test images to estimate
the contextual information. The MCACNN model learns contextual representation of
each type of skin lesion sample from training set so that it can effectively estimate it for

each lesion sample present in the test set.

Table 4.1: Distribution of different types of lesion samples in a training set.

Dataset | AK | BCC | BKL | DF | MEL | NV | VASC | Total

Training | 867 | 3323 | 2624 | 239 | 4522 | 12875 | 881 | 25331
Test SN R R U — R — — ) X
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4.4.2 Image quality evaluation metrics

The performance of the proposed methods is measured based on five image quality
metrics, peak signal-to-noise ratio (PSNR), mean square error (MSE), structural simil-
arity (SSIM) index [145], blind image spatial quality evaluator (BRISQUE) [146], and
a natural image quality evaluator (NIQE) [147]. These metrics were commonly used
in the literature [148] to assess the enhancement quality of the images. A PSNR is the
ratio of the maximum power of the image to the peak noise error that affects the fidelity
of the image. Its value should be high to ensure better image quality. In this case, R is

set to 255.
2

PSNR = 1010g10 MSE

(4.16)

The SSIM metric quantifies the quality loss associated with the hair removal during an
image’s processing. It measures three properties of an image, such as structure s(z,y)
comprises of a pattern of pixel intensities, luminance /(z,y), and contrast ¢(x, y) where
X,y are pixels of an image /(x,y) in x-axis and y-axis. This metric closely perceives
structure as humans do, thus, it is significant to measure for lesion images because

structural information is very important to determine lesion type.

SSIM(x,y) = [1(x,y)* c(x,¥)?,s(x,¥)], «,B,7=1 (4.17)

Next is the BRISQUE is a good image quality evaluator to measure different types
of distortions that are present in the different types of lesions. Finally, a NIQE also

measures arbitrary distortions which can be perceived subjectively.

4.4.3 Results of IA-HR method

The visual quality of digital images is harshly degraded by noise artifacts, reducing

the precision and accuracy of image examination and interpretation operation. The
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low lighting conditions, limited resources to capture medical images through clinical
instruments lead to high noise variations in lesion images. The first significant issue
handled is the removal of hairlines using the IA-HR method. It applies morphological
operators to detect hairlines, and a new image is constructed through a remapping
procedure while replacing hair pixels with neighboring pixels’ intensities. Figure 4.6
displays the stepwise output of the IA-HR method that accepts raw images (Figure 4.6a)

containing hairlines and produces cleaned images.

< A
\ [\
v

(a) (b) () (d) (e

Figure 4.6: Results of IA-HR method: (a) Original images (b) CIE L*a*b color space
(c) Dilation, erosion and closing operation (d) Hair mask (e) Output image.

This algorithm firstly converts RGB color space to CIE L * a * b (Figure 4.6b),
then applied dilation and erosion morphological operations on an input image to close
irrelevant portions of the lesion and smooth contours (Figure 4.6¢). After that, subtrac-
tion is performed between the original and output images from the previous step to find
varying intensity levels. Next, a threshold function with value, T= 25 (fine-tuned) is
applied to differentiate the lesion from the background that generates a binary mask
highlighting hairlines (Figure 4.6d). The final step is to fill detected hair pixels with
the intensity of neighboring pixels either belonging to lesion or background skin area
(Figure 4.6e). Additionally, in Figure 4.7, the output of more sample images using the
IA-HR method is shown, which signifies that the proposed noise removal method can

eliminate thin and light hairlines from lesion images.
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Figure 4.7: Some output examples using the IA-HR method.

4.4.4 Results of MCACNN model

The MCACNN model is trained on the output images produced by the IA-HR method.
The model learns by predicting how well it fits the training data through a loss function.
Through the loss function, the prediction error is reduced. The graphs in Fig. 4.8
display the MSE and RMSE loss computed by the MCACNN model during the training
process. Standard deviation of residuals is known as Root Mean Square Error (RMSE).
A residual refers to how far the data points are from the regression line, and a RMSE
refers to how widely spread out the residuals are. As a result, it tells how concentrated
the data is around the line of best fit. Over the number of iterations, the loss decreases
continuously resulting into less error.

Table 4.2 illustrates the statistical calculation and comparison of image quality
metrics for each lesion type using CLAHE, bilateral filtering, and MCACNN. The value
of PSNR and SSIM should be high, BRIS and NIQE should be low for better image
quality. It is seen in Table 4.2 that MCACNN obtain a higher value of PSNR on BCC,
BKL, DF, MEL, NV, and VASC as 45.08, 45.10, 42.49,44.35, 40.33, 40.46, and 44.94,
respectively. In addition to this, BRIS and NIQE are lower in the case of MCACNN as

compared to CLAHE and the bilateral filtering approach.
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Figure 4.8: Loss prediction by MCACNN during training process.
Table 4.2: Statistical performance analysis on each sample of lesion type.

. CLAHE Bilateral Filtering MCACNN
Lesion
Type  5SNR BRIS SSIM NIQE [ PSNR BRIS SSIM NIQE | PSNR BRIS SSIM NIQE
AK 16.34 3124 0.800 5.50 | 45.08 5521 0.995 595 | 3359 2920 0946 547
BCC 21.21 2046 0.742 3.75 | 42.01 4591 0.995 5.01 | 4510 17.50 0.999 3.67
BKL 18.28 20.49 0910 3.78 | 41.79 3427 0.980 4.89 | 4249 1198 0999 3.83
DF 19.86 2571 0942 422 | 2342 48.06 0991 525 | 4435 2322 0972 3.99
MEL 23.52 2340 0.750 4.58 | 3577 52.57 0989 5.61 | 40.33 2140 0.998 4.44
NV 16.30 19.14 0.744 394 | 2945 38.56 0.996 4.64 | 4046 1596 0.998 4.02
VASC | 16.97 4374 0.892 445 | 22.10 60.01 0970 5.54 | 4494 40.84 0987 4.37

The perceptual quality analysis of various lesion types is shown in Figure 4.9.

Contextual information from original images is estimated to improve the contrast of

processed images lost during hair removal. As compared to other contrast enhancement

techniques, such a contrast limited adaptive histogram (CLAHE) [149] and bilateral

filtering [150], the output images produced by MCACNN have higher contrast and

resolution than the original images and IA-HR processed images. It is seen in the

results that the CLAHE contrast enhancement method makes the lesion image brighter

but changes color which is not good because color is a very important component

in distinguishing lesion types. Similarly, bilateral filtering is not an ideal choice for

skin cancer data because it only smoothes the images and does not produce sharp and

high-resolution images.
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Figure 4.9: Perceptual quality analysis on seven types of lesions using: (a) Original (b)

IA-HR (c) Bilateral filtering (d) CLAHE (e) MCACNN methods.

The MCACNN outperformed CLAHE and bilateral method by producing high-

quality images and achieving a good score of quality metrics. These methods are applied

to the output images produced by the IA-HR method to improve color and resolution

which was lost during the hair occlusion process. Another advantage of using MCACNN
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is that it is trained for images to estimate the color and contextual information of each
lesion type and then applied on the test images for their improvement which saves time
in processing each image unlike CLAHE and bilateral.

In addition to this, the average values of four metrics on the test set are as given
in Table 4.3 that illustrates the MCACNN model outperformed other methods. The
SSIM ranges from O to 1, and 1 means perfect match between the processed image
and original image’s contrast, structure, and resolution. In our case, the MCACNN
model achieved average SSIM value ‘0.9976° which is better than bilateral and CLAHE
method. Moreover, the average value of PSNR is higher and BRIS and NIQE are lower

in the case of MCACNN model as compared to CLAHE and the bilateral filtering

approach.
Table 4.3: Statistical performance analysis on test set.
Method PSNR BRIS SSIM NIQE
CLAHE [149] 22.16 34.43 0.6862 4.18
Bilateral filtering [150] 25.22 47.40 0.9529 5.18
MCACNN (proposed) 44.37 34.15 0.9976 4.01

The ANOVA test is performed between MCACNN, CLAHE and bilateral method
based on different image quality metrics in Figure 4.10. In these graphs, the centre red
mark indicates median of all values for the respective parameters on the test set and
notches represents the minimum and maximum range of parameter’s value varies for
each image. The MCACNN model achieved high median value for SSIM and low for
SSIM and BRISQUE as compared to other two methods. It indicates that MCACNN
model is effective in gaining contrast, sharpness, tone reproduction and resolution of

processed images by IA-HR method.
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Figure 4.10: Performance analysis using ANOVA test based on (a) BRISQUE (b) NIQE
and (c) SSIM parameters on test dataset.

4.5 Comparison with Other Methods

To prove the robustness of the proposed method, a comparison is conducted with other
state-of-the-art methods. There are very limited latest studies that worked on the concept
of hair removal from skin cancer images like [151, 152, 153]. These studies considered
a small set of images in the test set, ignoring very dense hairy images, in contrast, a large
dataset with very complex images is adopted in research study. A comparison between

the proposed method and a few more current state-of-the-art methods are illustrated in
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Table 4.4. It is analyzed from the results that the proposed approach obtained a higher
SSIM and PSNR comparatively on different datasets adopted by each study.

Table 4.4: Comparison with few other state-of-the-art studies.

Method Year Mean SSIM Mean PSNR
T. Lee (Dull Razor) [57] 1997 0.890 29.15
Q. Abbas [55] 2011 0.867 26.08
A. Huang [154] 2013 0.851 27.00
M.T.B Toosi [53] 2013 0.864 26.57
F. Xie [58] 2015 0.921 33.09
P. Bibloni [155] 2017 0.885 29.78
L. Talavera [153] 2020 0.926 35.13
M. Attia [151] 2020 0.930 —_—
W. Li [152] 2021 0.599 —_—
Our Method 2022 0.997 44.73

Note: Best performance shown in bold.

Another comparison is conducted on a different dataset named H13Sim-data [156].
The given studies in Table 4.5 are tested on this same dataset. First, to fairly illustrate the
proposed method’s performance, the IA-HR method was applied to eliminate hairs from
the 13 benchmark images, as displayed in Figure 4.11 and 4.12. Then the MCACNN
model was used to increase the resolution and smooth the images. The results in
Table 4.5 show that the MCACNN approach achieved high SSIM and PSNR compared
to other methods, which indicates high-quality images whereas, the MSE of Xie. et
al. [58] is better than our method.

Table 4.5: Comparison with other state-of-the-art methods on H13Sim-data.

Method Mean MSE Mean SSIM Mean PSNR
Xie [58] 16.792 0.975 36.968
Abbas [55] 133.351 0.906 27.619
Lee (Dull Razor) [57] 51.118 0.956 32.486
Huang [154] 44.494 0.951 32.594
Toossi [53] 150.676 0.891 26.943
Hair Removal [156] 61.334 0.917 30.879
Giuliana [157] 59.626 0.838 31.384
Our Method 87.262 0.980 37.864
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Figure 4.11: Original image samples of H13-Sim dataset.
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Figure 4.12: Output images using the proposed method on H13-Sim dataset.

4.6 Conclusion

Skin lesion images are highly noisy and suffer from poor color contrast, low illumin-
ation, and resolution. The primary objective of pre-processing stage was to remove
hairlines artifacts from lesion images and improve their contrast after the hair occlu-
sion process. Thus, the proposed methods organized into two steps; for the hairline’s
elimination process, a novel algorithm called IA-HR was designed to employ morpho-
logical operators to detect hair pixels and fill those regions using an average intensity
interpolation scheme. At the second stage, the MCACNN was utilized to enhance
the color contrast of processed images by extracting rich contextual information and

covering a broader scale of data. The design of both methods is discussed, and results
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were evaluated based on a few image quality metrics such as PSNR, BRISQUE, NIQE,
and SSIM. It is concluded that the IA-HR method is efficient to remove light and thin
hairlines from the lesion images and the context aggregation network was effective in
producing a high contrast and smooth images. The next chapter discusses the lesion

segmentation phase of the proposed system’s design to extract lesion information.



Chapter 5

Lesion Segmentation

5.1 Introduction

The lesion segmentation task is discussed in this chapter to address the research question,
RQ3. The clinical tools used by medical experts in inspecting infected skin areas are
biopsy, histopathological analysis, and dermoscopy. These manual analysis methods
are very subjective, challenging, error-prone, and time-consuming. Thus, the automatic
segmentation process allows a quantitative study of the clinical and structural parameters.
In CAD, segmentation is the most critical step for the detailed analysis of lesion
structure. Due to the heterogeneous appearance of the lesion area having different color,
size, shape, location, and texture, object analysis can be quite difficult. The lesion
characteristics should be analyzed for clear distinction of melanoma since benign moles
are often confused with melanoma moles. A significant challenge in segmentation is
localizing the precise boundary of lesions. As a result, techniques were presented for
automatically segmenting infected areas from skin photographs to help clinicians better
understand lesion patterns.

The choice between methods based on machine and deep learning has always been

challenging for performing lesion segmentation. The goal is to design an efficient

73
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and high-performing technique for segmenting lesion regions. The best approach is
investigated by implementing different techniques. Initially, the experiments were
done by implementing a machine learning-based optimised K-means using the firefly
algorithm (FA) to extract lesion objects. Then few existing semantic segmentation
networks based on deep learning were modified and fine-tuned on lesion data. These
methods are discussed in more detail in Appendix A. It is found in the literature and from
the experimental results of the K-means + FA algorithm that deep learning networks
proved to be more efficient than supervised machine learning techniques. There are few
challenges reported in the literature while using deep learning such as optimal design
of network architecture, enough data for training, noise variations, and complexity of
network. These issues are successfully handled in the proposed work by designing a
new CNN frameworks which are less complex, efficient and process noise free skin
cancer data. Two different novel architectures based on CNNs were developed to
achieve accurate segmentation. The comparison of these networks was performed to
determine the most effective segmentation method for lesion data. This chapter first
discusses method 1 followed by method 2, the results of both networks are presented
and compared. The methods discussed in this chapter are published in different journal

articles as given below:

* R. Kaur, H. GholamHosseini, R. Sinha & M. Lindén, "Automatic Lesion Seg-
mentation Using Dilated Convolutional Deep Neural Networks in Dermoscopic
Skin Cancer Images", BMC Medical Imaging, vol.22,no.1,pp.1-13,2022. [Online].
Available: https://doi.org/10.1186/512880-022-00829-y.

* R. Kaur, H. GholamHosseini & R. Sinha, "Skin Lesion Segmentation using an
Improved Framework of Encoder-Decoder Based Convolutional Neural Network",
International Journal of Imaging Systems and Technology, Wiley Online Library,

2022. [Online]. Available: https://doi.org/10.1002/ima.22699.
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5.2 Method 1: Encoder-Decoder CNN (EDNet)

Convolutional neural networks are capable of producing high-quality object segment-
ation. The major challenge in segmentation networks is the reconstruction of images
from feature maps. Thus, the segmentation task is more complicated than classification
as it involves converting a vector to an image. In EDNet, DarkNet is used as a backbone
unit to create a lightweight network with fewer learning parameters and is trained end-
to-end for lesion segmentation. This network is comprised of two modules, contraction
and expansion, as shown in Figure 5.1. In the contraction layers, input images are
compressed into latent spaces, and the expansion layers reconstruct the output images

from this latent space. It is designed to deal with the diverse characteristics of lesions.

5.2.1 Contraction module

The contraction or encoder module has a depth of four blocks consisting of multiple
convolutional, batch normalization, PReLU and pooling layers in each block. The
network accepts RGB lesion images of size 192 x 256 x 3. A two-dimensional image

represents pixels located in positions [z, y] by a two-dimensional data of size M x N:

[x,v] = [x1y1, Xoy2, oovee XMYN] 5.1

The 2-D feature extraction layer produces a feature vector by performing convolutions
on image data. Two parameters, padding and stride, are manually set as ‘1’ and ‘2’
are applied to each convolutional layer which slides 256 kernels of size 3 x 3 over an
input image. Border pixels are handled differently based on the padding parameter. It is
sometimes necessary to add padding bits to image borders when the filter does not fit
perfectly over an input image while convolving over it. The stride parameter controls

the kernel’s step size while it slides. For the stride of ‘2’, filter moves two pixels at a
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Figure 5.1: Architecture of EDNet Model.

time over an image. The following equation is used to perform a convolution function

involving multiple kernels, padding, and stride:

COHV[X7Y] = Z Z(Ix—i,y—j X Ki,ju nf) (52)

i=1 j=1

In the output feature map Conv|[z, y], pixels with positions [z, y] are represented in the
spatial domain, the input image is /, and the kernel size is s. Feature map Conv[z,y]
with multiple channels 7 is produced from input image I, , with kernel K ;.

A batch normalization layer regulates the learning process by standardizing each
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mini-batches input to avoid overfitting problems. The mini-batch size is a variation of
gradient descent that divides the training dataset into small batches to calculate the error
of the network and update its coefficients. Samples are processed in batches before
updating the network. For stabilizing the learning process and reducing epochs, it is
usually used before the activation function PReLLU. It is a piecewise linear function
applied as the activation function in the network. By using the formula outlined below,
it passes the output element onto the next layer directly if it is positive; otherwise, it

multiplies all negative values by a fixed scalar a and gives it to the next layer:

X X a, x <0

PReLU = (5.3)
X, x>0

Following the convolutional operation, the feature map becomes larger. As a result,
the pooling operation is used to reduce the number of learning parameters as well as
computations. Using the following formula, it calculates the maximum for each region

in the feature map and divides it into pooling regions:

FM[x,y] =1, x Cxy (5.4)

The output feature map is shown by the /"M [x,y] variable, f, is the pooling function,
and the input feature map is shown by the C,, ,, variable. Feature maps F'M [z, y] present
lesion features identified from the layers of the contractions. Segmentation maps have a

low resolution, so spatial information was recovered by using the expansion module.

5.2.2 Expansion module

When successive pooling layers are applied in the encoder section, the down-sampling

layers cause spatial information loss and may affect the localization of lesion boundaries.
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In addition, the loss of the significant features leaves the network unable to distinguish
between lesions and background regions. In order to develop rich feature patterns
with various levels of complexity, the contraction module contains layers with high
connectivity between them, whereas the expansion module comprises deconvolutional
layers and unpooling operations to improve resolution and regain spatial information.
The unpooling layers use the same pooling indices as those in the encoder section
to generate a more sparse and enlarged activation map. In unpooling, activations
are repositioned in original positions to capture image-oriented features. In this way,
they contribute to the reconstruction of image structures. The output from different
deconvolution layers is combined to create a flat feature vector which is converted into
a probability map using the softmax function. Finally, pixel-wise binary classification
determines whether a pixel is a background or a lesion. The layer descriptions for the

contraction and expansion section can be found in Table 5.1.

Table 5.1: Detail of layers of EDNet Model.

Contraction section Expansion section
Block Layer Kernel size, Output Block Layer Kernel size, QOutput
maps size maps size
INPUT Input 192x256x3  192x256x3
LAYER
BLOCK 1 Convl_1 3x3,256 192x256x256 | BLOCK 4 UnPool4 2x2, 256 24x32x256
Convl_2 3x3, 256 192x256x256 Deconv4_5 3x3, 256 24x32x256
Pooll 2x2, 256 96x128x256 Deconv4_4 3x3, 256 24x32x256
Deconv4_3 3x3, 256 24x32x256
Deconv4_2 3x3, 256 24x32x256
Deconv4_1 3x3, 256 24x32x256
BLOCK 2 Conv2_1 3x3, 256 96x128x256 | BLOCK 3 UnPool3 2x2, 256 48x64x256
Conv2_2 3x3, 256 96x128x256 Deconv3_3 3x3, 256 48x64x256
Conv2_3 3x3,256 96x128x256 Deconv3_2 3x3, 256 48x64x256
Pool 2x2, 256 48x64x256 Deconv3_1 3x3, 256 48x64x256
BLOCK 3 Conv3_1 3x3, 256 48x64x256 BLOCK 2 Unpool2 2x2, 256 96x128x256
Conv3_2 3x3,256 48x64x256 Deconv2_3 3x3, 256 96x128x256
Conv3_3 3x3,256 48x64x256 Deconv2_2 3x3, 256 96x128x256
Pool3 2x2, 256 24x32x256 Deconv2_1 3x3, 256 96x128x256
BLOCK4 Conv4_1 3x3,256 24x32x256 BLOCK 1 Unpooll 2x2, 256 192x256x256
Conv4_2 3x3,256 24x32x256 Convl_1 3x3, 256 192x256x256
Conv4_3 3x3,256 24x32x256 Convl_2 1x1, 256 192x256x2
Conv4_4 3x3,256 24x32x256 Softmax 192x256x2
Conv4_5 3x3,256 24x32x256 Pixel_classi Tversky Loss 192x256x2
Pool4 2x2,256 12x16x256
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5.2.3 Loss function

In order to calculate the error between the predicted and expected output, a Tversky
loss function [158] (“T'L.’) is implemented. Based on the segmented image P and the
ground truth image 7', this loss function determines the overlapping ratio between the

two images. The loss between P and T’ can be expressed as follows:
Loss = Z 1-TL, (5.5
c=1

Zgzl PcmTcm
Zgzl PCmTcm + 0425:1 PCmTc‘m + 525:1 PC‘mTcm

TL. = (5.6)

Here, c belongs to the number of classes i.e., c=2 (lesion or background) and ¢ defines
the non lesion. In the formula, F.,, is the probability of pixel n be a lesion and P,
is the probability of pixel to be non-lesion in the predicted image P. Similarly, 7,
defined to ‘1’ if pixels belongs to lesion and ‘0’ if associated with background region
i.e., non-lesion and vice-versa for the 7.,,. /N is the number of elements across the
two dimensions of P. The weighing factors a and /3 (which are set to 0.7 and 0.3,
respectively) determine each class’s contribution to the loss achieved by a false positive
or false negative. For the imbalanced data, this higher value of 5 produced good
performance. In this case, the loss function addressed the class imbalance effectively
when the background region was larger than the lesion. Because it controls loss values
to better scale segmentation outcomes and produce fine edges, it has outperformed other
loss functions such as cross-entropy and dice coefficient. This loss function is employed

in EDNet for cancer images since the lesion occupies less area than the background.

5.2.4 Hyperparameters setting

Deep learning offers better results on large datasets, so the network is trained with

augmented data to increase its performance. Rotation and scaling are used to increase
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the amount of data with data augmentation. By using the early stopping function, the
number of epochs is finalized to ‘30’. If the accuracy performance of a network isn’t
improving, it helps to monitor it. During the stochastic gradient descent (SGD) training
algorithm, the network’s weights and bias values are updated to minimise the loss
function by making small progresses over each iteration in a direction of the negative
gradient given as:

ha=0-av E(‘gl) (5.7)

Here, o represents the initial learning rate, [ indicates the number of iterations, ¢
represents the parameter vector, and F/() represents the Tversky loss function. The
SGD evaluates the gradient and updates the network parameters using a subset of the
training data defined by a mini-batch size taken as ‘16’ at each iteration. The complete
pass of the training algorithm over the whole training data using mini-batches is defined
as one epoch. The training algorithm is stochastic because it updates the parameters
from the entire dataset using mini-batch size.

The issue with the standard SGD is that it oscillates along the path of steepest descent
achieving optimum. This is because, in SGD the exact derivative is not calculated, it
is always an estimated value over a mini-batches. It means the training of networks
do not go in optimal direction always, because derivatives are noisy. Thus, addition of

momentum works best by computing weighed averages to reduce oscillations as given:

b1 =6 —av E0)+~vE(6-61-1) (5.8)

In training parameters, «y finds the gradient value of the last step’s momentum value
set as a step in the training process. The momentum + is added to reduce the oscillations
along the steepest descent path towards optimum. Other hyperparameters, such as

convolutional kernel size, number of kernels at each layer, and training parameters (see
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Table 5.2), were finalised after several experimental trials.

Table 5.2: Optimized hyperparameters for EDNet model.

Parameters Values

Input Image size 192 x 256 x 3

Batch size 16

Learning parameter, « | 1 x 1073

Epochs 30

Momentum, ~y 0.9

Loss function, FE(#) | Tversky loss function
Optimizer SGDM

5.3 Method 2: DilatedSkinNet Deep Neural Network

(DDNN)

The heterogeneous appearance of the lesion area in terms of color, size, shape, location,
and texture makes the segmentation task very challenging. Therefore, there is a need for
an efficient segmentation approach to assist dermatologists in understanding the nature
and pattern of the lesion area. Thus, based on the concept of dilated convolutions, which
was orginally proposed by Chen et al. [159, 96], a second method has been developed
for segmentation tasks, called DilatedSkinNet. A wide field of view was achieved by
using atrous rates in the DNN architecture. Research on the development of dilated
DNN networks continued for different applications, and a high execution time was one
of the significant challenges required to overcome. As shown in Figure 5.2, we designed
a trainable DNN architecture consisting of 16 feature extraction layers with different
dilation factors. The structure of DilatedSkinNet is interpreted in two primary steps:
feature extraction and pixel classification i.e., segmentation. Using multiple scaling
rates, the network used atrous convolutions to enlarge the filter’s view. The pooling

operation used in other semantic networks such as FCN, VGG16, and encoder-decoder
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reduces the dimensional size of output feature vectors and the loss of information.
In contrast, dilated convolutions expand the receptive field’s view to obtain in-depth
information without using pooling operation and are suitable for maintaining the spatial
resolution of the segmented image.

The major contributions in the design of this method are listed as: (a) a new design of
the CNN network organized into five building blocks for extracting low-level features to
high-level features to allow auto segmentation on the whole image rather than processing
a patch or subset, (b) incorporating an atrous dilation rate in each convolution feature
layer to capture lesion and image at different scales, (c) a careful placement of many
leakyReLU activation functions in each block instead of standard ReLU because the
former has a small slope for negative values that makes the network learns faster and is
more balanced. This section discusses the working of network including description
of its various layers such as feature extraction, atrous convolutions, normalization,

activation function, and segmentation.

Block 1 Block 2 Block 3 Block 4 Block 5 Final 2D
rate=1, rate=2,4 rate=4,6,8 rate=8,10,10,12 rate=12,12,14,14,14 convolution  Softmax
kernels=8 kernels=1 kernels=32,16,32  kernels=64,32,64,64 kernels=128,64,128,64,128 |ayer l layer

uonesyisse||axid

convolutions 4 X X
convolutions convolutions

192x256x2 Prediction

feature ma i
1975358 gp feature map feature map ¢ convolutions  feature map scores
XeobX 192x256x16 192x256x32 1‘*;;:;:;:22 192x256x128
192x256x3 Binary Segmented RGB Segmented
Input image image, 192x256x1 image, 192x256x3

Figure 5.2: An overall structure of the DilatedSkinNet.
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5.3.1 Feature extraction

The initial image is divided into multiple sub-blocks based on a specific size, and those
sub-blocks compute features of the input image. The convolutional layer in the network
is responsible for performing the feature calculation process. The feature calculation is
a process where a small matrix called kernel K; ; or filter slides over an image I, ,, and

returns a feature map C' (I, K),, by transforming image pixel’s values as:

mp My Me

C(L K)X,y = Z Z Z Ix+i—1,y+j—1,k * Ki,j,k (3.9

i=1 j=1 k=1

A height, a width, and the number of channels in an input image I, , are given by my,,
M., and m, respectively. The number of channels of a kernel & ; needs to be the same
as the channels of an input image. Stride and padding are two of the other parameters
that need to be set artificially in the convolution layer. Because of the dilation rate set in
each convolutional layer, these values are zero. The output feature maps are generated
by applying multiple filters to each convolutional layer (see Table 5.3). The advantage
of using multiple filters is that they can calculate many different features independently
for each image, resulting in a rich feature map that subsequent layers can use. Two

kernel sizes 3 x 3 and 1 x 1 were used in the convolutional layers.

5.3.2 Atrous or Dilation convolutions

Atrous convolutions with different dilation rates were used at each convolution layer to
extract a rich feature map. The filter can utilize a larger field of view (the space of the
input vector that a layer can see) so that it can assimilate a larger context. Therefore,
it provides an efficient methodology to determine the best trade-off between correct
localization and context absorption without increasing the computational parameters.

With convolutional layers, features are extracted by sliding a filter over an image. We
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used atrous convolutions instead of general convolutions, which are decisive for extract-
ing more contextual information. The standard convolutional operation is described

in (5.10) with the dilation rate ‘1°.
S
C[i] = Y Ifi+sx] * K[s], r=1 (5.10)

whereas, (5.11) describes the atrous convolution operation when the dilation rate is set
more than ‘1.
C[i] = ZS:I[i+s.r] + K[s], r>2 (5.11)
s=1
Rather than using the same dilation rate at every layer, different atrous rate is employed
in each convolutional layers to avoid the ‘gridding effect’ that occurs due to the same
dilation rate. At each successive 2-dimensional convolutional layer, the dilation factor

increased by ‘2’. The Figure 5.3 represents the impact of using dilation rates ‘1’, ‘2’

and ‘4’ on a filter’s view over an input image.

0[0/0[0]0/0]0]0[0] [0/0]00]0 0[O0 0 |Of1]0f0[0]Lo0|[OOTO0
0{ 0] 0] 0/ 0[0]0]0]0 |00 1 0L OfT 0[0] [0f0]0][0]O0]0[O]0]O]O0]O
0] O/ O 1| L} 1; 0] O{ O] | 0] 0] O] O] O] O{ O] 0| O] | O[ O] O] O] O] O] 0] O] O] O] O
0[O/ O 1| L} 1; 0] 0{ O] | 0[O L 01 0f1 00 |0f1]0f0[0] L 0[O0 10
0{ 0] Op [} 1{ 1/ 0{ 0] 0] |0{0]0] 00O 0] 0]0] [0O0]0][0]O0]0[O]0]O0]0]O
0[0[ 0] 0[]0 0]0[0]0 |OOf1f 01 0L 00 |0]00]0[0]00/0]00]O
0[] 00/ 0[]0 0]0[0]0 |00/ 0|0 00 00O |0OLO0]OOf10/0[0[10
(a) (b) (c)

Figure 5.3: Standard convolution (a) rate=1, atrous convolution (b) rate=2 (c) rate=4

5.3.3 Data normalization

The batch normalisation is used to speed up the process of network learning using

internal normalisation values. The term ‘batch’ refers to the group or set of data that
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is processed at a time, whereas a ‘mini-batch’ means splitting the training dataset
into small batches for the purpose of calculating network errors and updating network
coefficients. Each input is normalized according to the mini-batch size in this layer. The
batch normalisation layer performs a series of operations to normalise the data. In the
first step, the standardisation process converts the input data batch so that its mean is 1
and its standard deviation is 0. The mean () is computed using (5.12) by summing
up all inputs (x;) of the batch (B) and divided by the total number of inputs (n). The
resultant vector contains each input sample’s mean value. The variance (0% ) is obtained
by squaring the standard deviation of the input as given in (5.13). It is computed by

taking the square of each input sample (x;) in the current batch (B) subtracted from the

mean (/p).
1 N
mean, (g = N in (5.12)
i=1
1 N
variance, o3 = N > (xi - ps)? (5.13)
i=1

In the following operation (5.14), the mean value of the current batch is subtracted from
each input instance and divided by the square root of addition between variance (c%)
and smoothing term e. This term is set as ‘0.00005’ to avoid division by a zero number

in the calculations.
.~ X UB

Xi_T
\/O'B+€

Finally, the output of the batch normalization process is obtained by re-scaling v and

(5.14)

offsetting [ of the input values using (5.15). These two parameters are learned during

the training of the CNN network and should be optimal to ensure accurate normalization.

BN,Yﬁ(Xi) or yj= ’}/)El + ﬁ (515)
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To stabilise the learning process and reduce epochs, batch normalisation is usually
applied between the convolutional layer and the leakyReLU layer. The batch normalisa-
tion occurs after each convolutional layer in order to reduce the internal covariate shift,

which significantly improves the learning efficiency of the network.

5.3.4 Activation function

The activation function used in this network is leakyReLLU that multiplies all negative
values by a fixed scalar s and applies the threshold function to each element in the input.
If the function outputs a positive value, then it passes that value directly to the next

layer; otherwise, it outputs the multiplied value by s in the following formula:

sxx, x<0,

leakyReLU = (5.16)
x, x>0

In the DilatedSkinNet, the scalar ‘s’ value is set as ‘0.1’. Activation function transforms

the weighted sum of inputs from the node into the node’s activation value.

5.3.5 Segmentation

The feature maps were flattened by using a 1 x 1 convolutional layer rather than fully
connected layers at the end of the network. A SoftMax layer was then used to classify
each image pixel into two defined classes, i.e. lesion and background. By applying
SoftMax, the weighted sum feature values are normalized to probability scores between
0 and 1. As a result of this layer, each pixel was mapped to defined classes according to
its probability. Based on the probability score generated by the SoftMax layer, the pixel
classification layer created a categorical label (background or lesion) for each pixel. A

loss function is also used to calculate the network’s prediction error rate using this layer.
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A network is trained for several iterations in order to minimize the loss. The structural

detail of each layer used in the network with the layer’s name, kernel size, number of

filters, dilation rate and the size of output feature map is explained in Table 5.3.

Table 5.3: Architecture details of the DilatedSkinNet.

Block Layer Kernel size, Atrous Dilation | Output size
Feature Maps Rate
Input Layer | Input 192x256x3 192x256x3
Block 1 Convl 3x3, 8 1 192x256x8
Block 2 Conv_21 3x3, 16 2 192x256x16
Conv_22 3x3, 16 4 192x256x16
Block 3 Conv_31 3x3, 32 4 192x256x32
Conv_32 1x1, 16 6 192x256x16
Conv_33 3x3, 32 8 192x256x32
Block 4 Conv_41 3x3, 64 8 192x256x64
Conv_42 1x1, 32 10 192x256x32
Conv_43 3x3, 64 10 192x256x64
Conv_44 3x3, 64 12 192x256x64
Block 5 Conv_51 3x3, 128 12 192x256x128
Conv_52 1x1, 64 12 192x256x64
Conv_53 3x3, 128 14 192x256x128
Conv_54 1x1, 64 14 192x256x64
Conv_55 3x3, 128 14 192x256x128
FinalConv 1x1,2 — 192x256x2
Softmax — — 192x256x2
OutPutMap | Pixel Classification | Cross entropy loss function 192x256x2

5.3.6 Model training

Loss function measures the difference between the prediction P and the target score

T so that the network can be trained and optimized appropriately. The weighted

cross-entropy loss [160] function was employed to measure the network’s error as:

Loss = % Z

K

i=1 n=1

N
Z w; Ty, log(Py,)

(5.17)
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A vector of weights determined by the network for each class is w, where N is the
number of observations, K is the number of classes. By making small changes in the
direction of optimization, stochastic gradient descent algorithm reduces the loss value

by adjusting the weights and biases of the network.

01 :ei—QVL(Qi) (5.18)

In this equation, ¢ is the number of iterations, o > 0 is the learning parameter (set
as 1 x 1073), € is a parameter vector, and v L(6;) is the gradient of the loss function.
The algorithm evaluates the gradient at each iteration and updates parameters over a
mini-batch set. The larger weight values can cause a network to be stuck into the local
minima; thus, momentum term is added in the gradient descent algorithm to reduce the

oscillations as follows:

Oiii=0i-av L(Qi) + 7(91 - 91+1) (5.19)

The following hyperparameters values as shown in Table 5.4 were set for network’s
training.

Table 5.4: Optimised hyperparameters for DilatedSkinNet.

Parameter Values

Input image size 192 x 256 x 3

Batch size 16

Learning parameter, | 0.01

L2 regularization 0.005

Momentum, y 0.9

Epochs 30

Loss function £(6) weighted cross entropy
Optimiser SGDM
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5.4 Results

The section presents qualitative and quantitative information derived from both methods
of segmentation. The dataset and evaluation metrics are described first, followed by the
experimental outcome of method 1 (EDNet) and method 2 (DilatedSkinNet). Then the
performance of proposed networks is compared with traditional base networks such as
SegNet, U-Net, and FCN. The final step is to compare the performances of each model

with other state-of-the-art methods.

5.4.1 Datasets

These methods were evaluated on three benchmark datasets containing dermoscopic
images of different skin cancer types like BCC, MEL, SCC, and NV including their
ground truths that were used for validation, training, and testing purposes. The datasets
were obtained from open-access dermatology repositories, ISIC archive [16, 139, 161,
162]. The ISIC 2016 dataset includes 900 training images and 379 testing images, the
ISIC 2017 dataset contains 2100 training images, 150 validation images, and 366 testing
images, and the ISIC 2018 dataset contains 2594 training images and 100 validation
images. There were no external validation data available for the ISIC 2016 challenge.
As a result, the ISIC 2016 training set was divided into training (630 images) and
validation sets (270 images) in a 7:3 ratio. Similarly, the ISIC 2018 challenge did not
provide any ground truth for its test data. Hence, 30% percent of ISIC 2018 training
data was used for testing. The details of data available based on three years divided into
different sets is given in Table 5.5.

The proposed approaches target dermoscopic images, which were produced by
dermatoscopes. Available images were 8-bit with size ranges from 540 x 722 to 4499 x
6748 pixels. These images cannot be used directly for the network’s training due to

their large size as it increases computation cost. Thus, images were downsized to



Chapter 5. Lesion Segmentation

90

Table 5.5: Details of the ISIC challenge data.

Dataset name Training Validation Test
ISIC 2016 630 270 379
ISIC 2017 2000 150 366
ISIC 2018 1816 100 780
Total 4446 520 1525

192 x 256 x 3 dimensions using the nearest-neighbour interpolation technique. The
principle idea used in this resizing method was to have an original image as a reference
image. A new rescaled image is constructed, resulting in a smaller size maintaining
aspect ratio and resolution as of the original image. Data augmentation with rotation at
an angle between [15°,20°], scaling and translation with factors [-6, 5] was applied to
enlarge the training dataset and to overcome the problem of underfitting or overfitting

that occurs in neural networks owing to the insufficient availability of data.

5.4.2 Evaluation metrics

A set of performance metrics was used to evaluate the effectiveness of the segmenta-
tion technique. The first metric is accurate classification (ACC), which measures the
percentage of pixels correctly classified out of all pixels. Based on the Dice coefficient
(DICE), we can estimate the matching score between segmented output and ground
truth. The Intersection of Lesion (IoU), also known as the Jaccard Index (JAC), defines
intersection of the output lesion with a ground truth image. The worst to best score of
ACC, DICE, and JAC ranges from O to 1, where their value close to ‘1’ indicates best
and ‘0’ represents worst performance. The higher the value of these parameters, the

better the segmentation.

TP
ACC= TP + TN + FP + FN (5.20)
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2+ | Sa(x) N Sp(x) | 9TP
DICE = 5.7 OR 521
| Sce) |+ Spexy | 9TP + FP + FN (5-21)
| Scx) N Sp(x) TP
ToU or JAC = ] D1 OR 522
o | Sa(xi) Y Spex) | TP +FP + FN ( )

The S¢(z,), Sp(a,) Tepresents segmented results in ground truth and predicted x; image
samples, respectively. Further, all these performance metrics relating to elements of the
confusion matrix are computed from the true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN). When lesion pixels are classified correctly,
they are classified as TP, otherwise they are classified as FN. On the other hand, if
background pixels, which are non-lesion pixels, are correctly segmented as non-lesion

pixels are deemed TN, otherwise FP.

5.4.3 Results of method 1: EDNet

The EDNet model is evaluated across three datasets (ISIC 2016-2018) containing
separate training and testing images (see Table 5.5). Corresponding ground truth
images were used as a reference to assess the model’s performance. The first row in
Figure 5.4(a) displays original dermoscopic images with their corresponding ground
truths as shown in the second row of Figure 5.4(b). In the last row, Figure 5.4(c)
demonstrates the segmented lesions generated by EDNet achieving a similar ROI
corresponding to their ground truths. In Figure 5.5, the boxes shows that the EDNet
achieved more than 90% ACC and 80% IoU index represented by median value on
three sets. Furthermore, Figure 5.6 provides an additional illustration of performance of
the EDNet by computing confusion matrix for the ISIC 2016-2018 test sets. The count
of pixels correctly classified into two classes, i.e. lesion and background, is determined
by the sum of diagonal positions (TP and TN). It indicates that there are fewer false
positives in three datasets than true positives.

While designing EDNet, several key points have been considered to obtain the
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Figure 5.4: Qualitative results of the EDNet model: (a) original (b) ground truth (c)

segmented images.
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Figure 5.5: ANOVA graphs of EDNet for ACC and IoU parameters on ISIC 2016-2018
on test sets.

highest performance. After several experiments, the hyperparameters were finalised, and
performance was affected by the choice of hyperparameters as described in Table 5.2
which were fine-tuned for EDNet. Thus, to show the impact of selecting different

parameter values on the network’s performance, the experiments were conducted on the
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Figure 5.6: Confusion Matrix of EDNet for two classes, Lesion and Background on (a)
ISIC 2016 (b) ISIC 2017 (c) ISIC 2018 test sets.

ISIC 2017 dataset that contains 2000 training, 150 validation, and 366 test images. The

following parameters were selected with different values to observe the variations in

the performance on test set.

* Network depth in terms of blocks of layers such as 2, 3, 4, and 5.
¢ Number of kernels such as 64,128, 256, and 512.

* Optimization algorithms such as SGDM, ADAM, and RMS.
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* Loss functions like Cross entropy, DICE, Tversky loss.

As given in Table 5.6, 5.7, 5.8, 5.9 and Figure 5.7, it is analyzed that the network
using 256 number of kernels, a depth of 4, SGDM optimization algorithm and Tversky
loss function presented a higher performance on ISIC 2017 test set as compared to other

choices.
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Figure 5.7: Accuracy analysis of EDNet on ISIC 2017 test set using different network’s
parameters: (a) Network’s depth (b) Kernel size (c¢) Loss function (d) Optimization
algorithm.
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Table 5.6: Performance of EDNet on ISIC 2017 test set with different network depths.

Network’s Depth in Blocks ACC IoU DICE
3 0.776 0.665 0.566
4 (proposed) 0.874 0.770 0.869
5 0.876 0.791 0.595

Table 5.7: Performance of EDNet on ISIC 2017 test set with different number of kernels.

Number of Kernels ACC IoU DICE
64 0.807 0.737 0.594
128 0.810 0.741 0.612
256 (proposed) 0.874 0.770 0.869
512 0.781 0.709 0.605

Note: The network depth is fixed as 4.

Table 5.8: Performance of EDNet on ISIC 2017 test set with different optimization
algorithms.

Optimization Algorithm ACC IoU DICE
ADAM 0.718 0.633 0.633
RMSE 0.763 0.687 0.600
SGDM (proposed) 0.874 0.770 0.869

Note: The fixed parameters are as 256 number of kernels, and 4 depth.

Table 5.9: Performance of EDNet on ISIC 2017 test set with different loss functions.

Loss Function ACC TIoU DICE
Cross entropy 0.872 0.786 0.622
Dice loss 0.837 0.762 0.634
Focal loss 0.811 0.719 0.513
Tversky loss (proposed) 0.874 0.770 0.869

Note: The fixed parameters are as 256 number of kernels, 4 depth,
and SGDM optimization algorithm.

Comparison with baseline models

The effectiveness of EDNet is demonstrated in Table 5.10 by comparing its performance
with other existing popular networks such as SegNet, U-Net, and FCN. A fair compar-
ison was conducted by fine-tuning these networks under the same parameters settings
and datasets. The networks were trained on limited hardware available resources as

GeForce RTX 2060. EDNet outperformed SegNet, U-Net, and FCN with higher values
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on three test datasets. The primary advantage of the EDNet is that it involves fewer
learnable parameters, making the network lightweight and fast compared to the given
approaches. The ANOVA test based on the IoU index has also been used to analyze the
performance difference between the EDNet and other baseline networks. The boxes
represent the statistical differences between the means of IoU for different approaches.
As seen in Figure 5.8, the EDNet achieved a higher median than others, indicating that

it outperformed other given approaches.

Table 5.10: Performance comparison between EDNet and other existing networks on
ISIC 2016-2018 test sets.

Method ISIC 2016 ISIC 2017 ISIC 2018 P .
ethods  "ACC ToU DICE | ACC ToU DICE | ACC IoU DICE | @ arameters
EDNet 0.941 0.887 0.940 | 0.874 0.770 0.869 | 0.923 0.855 0.922 14 M

FCN [92] 0918 0.817 0.851 | 0.810 0.614 0.693 | 0.870 0.672 0.779 423 M
SegNet [94] | 0.908 0.813 0.907 | 0.822 0.679 0.818 | 0.880 0.730 0.879 29M
U-Net [95] | 0.854 0.798 0.832 | 0.764 0.687 0.696 | 0.842 0.793 0.815 31M
Note: The higher performance is marked in bold.

Comparison with other related studies

The EDNet model was compared with the winning teams of the ISIC challenge and
other recent studies based on ISIC datasets. The performance on ISIC 2016, 2017 and
2018 test sets having 379, 366, and 778 samples, respectively was compared based on
the average IoU index. It can be seen in Tables 5.11, 5.12 and 5.13 that the EDNet
model outperformed the given studies on the ISIC 2016, 2017, and 2018 datasets with
an average loU of 88.7% and 77.0%, and 85.5% respectively which is significantly
higher than the other related studies.

The EDNet model outperformed other recent studies and winners of the ISIC
challenge for the three respective years (2016, 2017 & 2018) with a higher IoU index.
The network’s framework is dense and complex to compute feature set for classifying
image’s pixels into the background or lesion objects. The results showed the capability

of the network in segmenting skin lesions with higher accuracy and IoU index compared
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Figure 5.8: Comparison of the EDNet with other networks using ANOVA test based on
IoU index for: (a) ISIC 2016 (b) ISIC 2017 (c) ISIC 2018 test sets.

Table 5.11: Performance comparison of the EDNet with other state-of-the-art methods

on ISIC 2016 test set.

References Model IoU

Our method EDNet 0.887
M.A.Al-Masni [15] FrCN 0.789
L.Yu [30] CUMED 0.829
U.Sanchez [163] ExB 0.852
M.M.Rahman [164] Adaptive thresholding and Region growing 0.822
L.Huang [165] OSO-FCNs 0.811
F.Xie [166] CNN with HRFB 0.858
M.K.Hassan [167] DSNet 0.859
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Table 5.12: Performance comparison of the EDNet with other state-of-the-art methods
on ISIC 2017 test set.

References Model IoU

Our method EDNet 0.770
Y.Yuan [168] Convolutional-Deconvolutional neural network 0.765
M.Berseth [169] U-Net 0.762
L.Bi [170] MResNet 0.760
A.Manegola [171] RECOD Titans (U-Net) 0.754
K.Zafar [172] Res+U-Net 0.772
B.Lei [173] U-Net-SCDC 0.771
K.Abhishek [174] IIlumination-based Transformations 0.752

Table 5.13: Performance comparison of the EDNet with other state-of-the-art methods
on ISIC 2018 test set.

References Model IoU

Our method EDNet 0.855
B.Lei [173] Generative adversarial network 0.824
C.Qian [175] MaskRCNN?2 + Segmentation 0.802
H.Du [176] ensemble_with_ CRF_v3 0.799
Y.Ji[177] Deep convolutional neural network 0.799
Y.Xue [178] Adversarial Learning 0.798
R.Ali [179] Deep convolutional neural network and SVM 0.735

to other state-of-the-art approaches. It is concluded that network designed in encoder-
decoder fashion with a careful decision of layer ordering, hyperparameters, and cleaned

datasets exhibit higher performance.

5.4.4 Results of method 2: DilatedSkinNet

DilatedSkinNet was also trained on the same datasets, ISIC 2016-2018 training samples,
and evaluated against unseen test sets. The concept of dilation rate was incorporated
into the design of the network. The impact of using atrous convolutions and leakyReLU
activation function on the system’s performance is analyzed by training the network
both with and without them. We demonstrate in Table 5.14 how the DilatedSkinNet with

atrous convolutions and leakyReLU achieves higher ACC, IoU, and DICE indexes with
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low training time than the network without them. Using DilatedSkinNet, the inference
time was shown to be shorter than a network without atrous and leakyReLLU functions.
The visual outputs predicted by the proposed model for a few samples are shown in

Figure 5.9 that closely resembles the expected ground truths.

Table 5.14: Performance comparison of the DilatedSkinNet with its modified architec-
tures on ISIC 2016-2018 test sets.

ISIC 2016 ISIC 2017 ISIC 2018
ACC IoU DICE Time | ACC IoU DICE Time | ACC IoU DICE Time
DilatedSkinNet | 0.950 0.904 0.949 10s | 0.888 0.793 0.884 10s | 0.942 0.891 0.942 14s
Without atrous | 0.853 0.735 0.513  12s | 0.758 0.556 0.460 16s |0.825 0.635 0.510 21s
convolutions
Without 0.935 0.855 0.622 11s |0.874 0.784 0.578 14s |0.863 0.736 0.556 19s
leakyReLLU
Note: Time is in seconds on test sets. The higher values are marked in bold.
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Figure 5.9: Segmentation result of DilatedSkinNet; first row shows original images,
second row are ground truth and the last row are segmented images on exemplary lesion
samples: (a) irregular boundaries (b) blood vessels (c) hairlines (d) color illumination
(e) bubbles (f) low contrast.

(d)

Comparison with baseline models

The DilatedSkinNet segmentation framework performed better than the existing frame-

works. In Table 5.15, the results of the given model are demonstrated in comparison to
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the existing semantic segmentation networks named U-Net, SegNet, and DeepLabv3+.
For a fair comparison, these existing networks were also trained on the same datasets
and fine-tuned by replacing their pixel classification block with new layers for seg-
menting an image into two classes; lesion or background. These baseline networks
were trained end-to-end with the same hyperparameter configuration which is used for

DilatedSkinNet segmentation model.

Table 5.15: Performance comparison of the DilatedSkinNet with U-Net, SegNet, and
DeepLabv3+ on ISIC 2016-2018 test sets.

Methods ISIC 2016 ISIC 2017 ISIC 2018 Test time
ACC IoU DICE Time | ACC IoU DICE Time | ACC IoU DICE Time

SegNet [94] 0.908 0.813 0.907 16s |0.822 0.679 0.818 16s | 0.880 0.730 0.879 33s 0.5s

U-Net [95] 0.854 0.798 0.832 11s | 0.764 0.687 0.696 10s |0.842 0.793 0.815 24s 0.3s

DeepLabv3+ [96] | 0.952 0.892 0.952 16s |0.878 0.730 0.881 19s | 0.939 0.888 0.941 20s 0.7s

DilatedSkinNet | 0.950 0.904 0.949 10s | 0.888 0.793 0.884 10s | 0.942 0.891 0.942 14s 0.1s

Note: Time is in seconds on complete test sets. Test time is on single image in seconds (s). The best values are marked in bold.

The performance of these networks was recorded on the individual test sets of three
years. DilatedSkinNet achieved an average ACC 95.0%, IoU 90.4%, and DICE 94.9%
on ISIC 2016, ACC 88.8%, IoU 79.3%, DICE 88.4% on ISIC 2017, and ACC 94.2%,
JAC 89.1%, DICE 94.2% on ISIC 2018 dataset. In contrast to this, the IoU index
computed by the U-Net was 79.8%, 68.7%, and 79.3%, SegNet computed IoU of 81.3%,
67.9%, 73.0%, and DeepLabv3+ gained IoU of 89.2%, 73.0%, and 88.8% on ISIC
2016, 2017 and 2018 datasets, respectively which is lower than DilatedSkinNet. The
results show that the proposed network generalized well on the test sets compared to the
state-of-the-art semantic segmentation networks. Moreover, the primary advantage of
DilatedSkinNet is that it yields high performance in less inference time comparatively,
as given in Table 5.15. The inference time of DilatedSkinNet on ISIC 2016-2018 sets is
10 seconds, 10 seconds, and 14 seconds respectively. The plots in Figure 5.10 and 5.11
shows higher accuracy achieved by the DilatedSkinNet on ISIC 2016-2018 test and
validation sets, respectively, in comparison to the SegNet, U-Net and DeepLabv3+

networks.
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Figure 5.10: Comparison of the DilatedSkinNet with other networks using ANOVA test
based on accuracy for: (a) ISIC 2016 (b) ISIC 2017 (c¢) ISIC 2018 test sets.

The box plots in Figure 5.12 show that DilatedSkinNet was efficient in extracting
lesion information with a high IoU score as compared to the other models. The
experimental results proved that DilatedSkinNet is a less complex network and efficient
for calculating the expected information rather than designing a heavy network such as

DeepLabv3+.

Comparison with Other Related Studies

To prove the robustness of the network, we compared our model with the top winners of

the ISIC challenge 2016-2018 as given in Table 5.16. The vital parameter used by the
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Figure 5.11: Comparison of DilatedSkinNet based on accuracy over iterations on the
ISIC (a) 2016 (b) 2017 (c) 2018 validation sets.

ISIC challenge to announce the winner was the IoU index for which DilatedSkinNet
achieved the highest value as 90.4% on ISIC 2016, 79.3% on ISIC 2017, and 89.1%
on ISIC 2018 dataset. The comparison of DilatedSkinNet with the recent studies
published in the years 2019-2021 is also given in the last two rows. It is presented that

DilatedSkinNet outperformed all given studies by offering higher IoU scores.

5.5 Conclusion

Automatic segmentation of skin lesions is crucial for the melanoma detection system.

In this chapter, we discussed two novel segmentation methods specifically designed
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Figure 5.12: ANOVA graphs of the DilatedSkinNet with other networks based on
Jaccard index/IoU on: (a) ISIC 2016 (b) ISIC 2017 (c) ISIC 2018 test sets.

Table 5.16: Performance comparison of the DilatedSkinNet with other state-of-the-art
methods on ISIC 2016-2018 test sets.

ISIC 2016 ISIC 2017 ISIC 2018
References ToU References IoU References IoU
DilatedSkinNet 0.904 DilatedSkinNet 0.793 DilatedSkinNet 0.891
L. Yu [30] 0.829 Y.Yuan [168] 0.765 C. Qian [175] 0.802
U. Sanchez [163] 0.843 M. Berseth [169] 0.762 H. Du [176] 0.799
M. Rahman [164] 0.822 L.Bi[170] 0.760 Y. Ji [177] 0.799
L. Huang [165] 0.811 Menegola [171] 0.754 Y. Xue [178] 0.798
F. Xie [166] 0.858 K. Zafar [172] 0.772 R. Ali [179] 0.735
MK. Hassan [167] 0.859 MP. Pour [180] 0.782 B. Lei [173] 0.824

Note: The higher values are marked in bold.
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to extract lesions from dermoscopic skin cancer images. The performance of these
networks was improved using a large dataset and optimal hyperparameters. The EDNet
model was designed based on encoder-decoder architecture, and the DilatedSkinNet
employed atrous convolutions. The EDNet framework consisted of sampling and
up-sampling layers utilizing the max-pooling indices of the encoder into the decoder
section. These indexes helped to maintain the original spatial resolution of the output
map. The DilatedSkinNet model used atrous dilations to expand the receptive field of
the input vector without using pooling layers. Dilation rate allowed each convolution
output to contain a wide range of information without extra computations and without
losing the image’s resolution. This network also achieved higher performance by
minimizing the cross-entropy loss across mini-batches and extracting relevant features
from the different dermoscopic skin cancer images for generating segmented maps. Both
networks successfully segmented the majority of challenging cases such as irregular
boundaries, gel bubbles, low contrast, and color illumination. If the performance of
both networks is compared, it is concluded that the EDNet achieved higher performance
compared to the DilatedSkinNet. On ISIC 2016-2018 test sets, EDNet’s gained average
accuracies as 94.1%, 87.4%, and 92.3%, whereas the DilatedSkinNet achieved average
accuracies of 95.0%, 88.8%, and 94.2% on the same test sets, which is marginally
higher than EDNet’s. Therefore, DilatedSkinNet would be used as a segmentation
step in evaluating the classification model’s performance using segmented data to
distinguish melanoma and non-melanoma. The next chapter will discuss the details of

the classification model designed to address research question RQ4.



Chapter 6

Melanoma Classification

6.1 Introduction

The diagnosis process of melanoma through automatic computer vision techniques is
challenging. However, the use of deep learning as a machine vision tool can solve
some of these challenges. Using deep convolutional neural networks (DCNNs) to
classify melanoma and benign skin cancers, an automated melanoma classifier is
presented in this chapter. DCNN was carefully crafted by arranging many layers in an
orderly fashion to extract low-level and high-level details in the skin images. Following
the preprocessing and segmentation stages, the classification stage was designed to
distinguish melanoma from benign skin cancer. In the following subsections, we discuss
the details of the network’s architecture followed by experimental results to illustrate
how well the designed DCNN can identify melanoma cancer. The complete network

design and results discussed in this chapter are submitted in the following journal:

e R. Kaur, H. GholamHosseini, R. Sinha, & M. Lindén, "Melanoma Classification
Using a Novel Deep Convolutional Neural Network with Dermoscopic Images",
Sensors, vol.22, no.3, pp.1134, 2022.

[Online]. Available: https://doi.org/10.3390/s22031134.
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Every year, millions of people die from skin cancer, a widespread and dangerous
disease. The control over mortality rate due to cancer is challenging; however, early
diagnosis can increase the survival rate. An expert dermatologist performs a series
of steps, starting with a visual inspection of a skin lesion by the naked eye, then
dermoscopy which is a magnifying lens to view lesion pattern in detail, and finally, the
biopsy is performed [181]. These conventional methods are time-consuming, expensive,
and laborious. Achieving accurate diagnosis is entirely subjective depending upon the
expert’s skillset resulting in variations in their predictions. For the diagnosis of a skin
lesion at the earliest stage, comprehensive research solutions are required to identify
a skin lesion considering its data complexity and presenting its diagnosis at an early
stage. According to literature analysis, the traditional machine learning classifiers such
as SVM [27], DT [182], and ANN [183] have been utilized by many studies. However,
these machine learning methods pose disadvantages in computing highly complex skin
data with low contrast, noise, and hairy images. In contrast, these approaches efficiently
work only on noise-free and good-quality image data. To classify skin cancer, a rich set
of features must be considered, including the lesion’s color, texture, and structure. The
poor feature information causes a reduction in the performance because the skin lesions
differ significantly between classes and within classes [25]. Traditional methods that
rely on supervised machine learning are inadequate because each lesion has different
pattern. The application of deep learning techniques to skin classification is, on the
other hand, efficient at allowing dermatologists to diagnose skin lesions with a high
degree of accuracy even when they are complex.

Figure 6.1 shows the three primary types of skin cancer: Basal, Squamous, and
Melanocytes [184]. Abnormal cell growth in the body’s skin called basal cell carcinoma
grows very slowly and does not spread to other parts. This form of cancer often recurs,
so eliminating it from the body is essential. Squamous cells penetrate deeper into

the skin than Basal cells and are more prone to spreading elsewhere on the body. In
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Figure 6.1: Primary lesion types: (a) Basal (b) Squamous (c¢) Melanoma.

the last type, Melanocytes, melanin is produced when the skin is exposed to sunlight,
which gives it its dark brown or tan appearance. Melanin in these cells shields the
skin from sunlight, but if it accumulates in the body, it can cause cancerous moles, a
condition is known as melanoma. Basal and squamous cancers are considered benign,
whereas Melanocytes are considered malignant and can be life-threatening due to their
tendency to cause extensive damage to surrounding tissues. Despite the fact that deep
learning approaches are highly effective for handling complex data, skin dataset remains

a challenging for classification task due to the following reasons:
(a) There is an imbalance in the classes of skin lesions in given datasets.

(b) Several artefacts are present in lesions, including hairlines, gel bubbles, ruler

marks, and low contrast.

(c) As aresult of high intraclass differences and interclass similarities, it is difficult

to distinguish lesion types.
(d) presence of dulpicate lesions causes bias and overfitting.

Designing a melanoma classification network using deep learning techniques came

with a few challenges, including:

* Finding a high prediction rate while dealing with class imbalance problems.
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* Designing a network architecture that is less complex and lighter.
* Obtaining a low inference time.

Transfer learning fails to produce efficient results on skin cancer classification
problems using existing deep neural models because they are trained on different
datasets such as ImageNet. Hence, proposed DCNN model was designed, implemented

and evaluated to classify melanoma using skin cancer data.

6.2 Lesion Classification Network (LCNet)

A deep learning network named lesion classification network (LCNet) is based on
DCNN models and explicitly designed to classify skin lesions, a task that becomes
increasingly difficult for clinicians. The LCNet architecture consists of 11 blocks, as
shown in Figure 6.2. This network is constructed by repeating blocks 4 & 5, 7 & 8,
and 10 & 11 from top to bottom according to rates of 2, 4, and 2, respectively. The
network’s first layer accepts an image whose dimensions are 128 x 128 and has three
channels i.e., RGB. It then follows a convolutional operation which slides 8 kernels of
size 3 x 3 over an image with a stride of 2. Feature calculation is the primary purpose of
this layer; when a kernel is overlapped over an image, the pixel values are transformed

as follows:

Conv[z,y] =YY (Lp-iy-j * Kij, ny) (6.1)
7=0

=05
During convolution, Conv[z, y] represent the output feature map having transformed
pixels in the spatial domain, s represent the size of kernel A which is multiplied with
the pixels of input image I for multiple channels n;. This layer output a feature map
and passes to the next layer, i.e., max-pooling, which transforms the regions of the

feature map by taking the maximum value of the regions. Feature maps are reduced
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Figure 6.2: The design of the LCNet model.

in size through pooling operation. Each block has three main layers: convolutional,
batch normalization (BN), and leakyReLLU. A batch normalization process normalizes
the input feature maps from previous layers. It prevents overfitting by regulating the
learning process of the network. The activation function used is leakyReLLU which has
the advantage of having a slight slope for negative values rather than zero slopes, as

is the case with the standard ReLLU. By multiplying negative values by a scalar value
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s = 0.3, the LeakyReLU function transforms negative values into positive values:

rxs, x<0

leakyRe LU = (6.2)

A convolutional layer, a BN layer, and a leakyReLLU layer are used twice in Block 1.
The first convolutional layer contains 16 kernels with a size of 1 x 1, while the second
layer contains 32 kernels with a size of 3 x 3 with a stride of 1. Generally, a stride
represents the number of steps it takes for the filter map to slide across an image. On the
other hand, block 2 contains three layers as a convolutional layer with 32 filters having
the size of 3 x 3, followed by leakyReLLU and BN layers. A combined feature set is then
obtained by concatenating the feature sets generated by blocks 1 and 2 and the pooling
indices derived from max-pooling, which is then passed on to block 3. Blocks 4, 7, and
10 follow a similar pattern to block 1, except the number of kernels increases from 32,
64, 64, 128, 128, and 256. In the successive convolutional layers, the number of filters
has increased to 64, 128, 256 of size 3 x 3 in blocks 5, 8, and 11. Finally, the number
of filters in blocks 3, 6, and 9 are 36, 32, and 64 of size 1 x 1 followed by a layer of
average pooling. This block used an average pooling operation instead of max-pooling
to calculate the average for each patch of the feature map that overlaps the filter window.
This layer downsamples to an average value in the window with a filter size of 2 x 2.

A deep network of repeating blocks allows for the extraction of lesion information,
including edges, colors, and complex patterns, in the form of a feature map. Using a
global average pooling method and a fully connected layer, a single feature vector for
each class category is generated at the network’s end. The softmax function calculates a
confidence score to interpret the probabilities of falling into a certain class. Compared
to other state-of-the-art networks, the proposed network generates fewer learnable

parameters, making it less complex and lightweight. To illustrate, the number of
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learnable parameters used in the studies [185, 186, 187, 188] were respectively 134.2M,
19M, 4.15M and 138M. LCNet, on the other hand, achieved high performance by
optimizing parameters and kernels as 3.3M and 3.1K, respectively.

Computational costs and memory limitations are common problems with deep
neural networks. In order to resolve this issue, the original images were resized to
smaller dimensions using bi-linear interpolation. The rescaling operation preserves
contextual information about lesions that would otherwise be lost for skin classification.
In addition, augmentation operations and random oversampling are used to deal with
the skewed distribution of lesion samples. To balance the distribution, more instances
are created for underrepresented classes. The presence of noise artifacts and the high
similarity ratio between classes and differences within classes make classification diffi-
cult. Consequently, the proposed network with 31 convolutional layers can efficiently
extract low to high-level information. Backpropagation is used to optimize the network
weights by reducing loss based on gradient values. To achieve this, a stochastic gradient
optimizer (SGDM) [189] updates the weights of the network as well as its biases to

make small changes in the direction of optimization.

Ois1 =0 —a v L(ei) (6.3)

In this case, ¢ represents the number of iterations, « > O represents the learning parameter
(‘0.001%), 6 describes a parameter vector, and v L(6;) represents the gradient of the loss
function. The algorithm evaluates the gradient at each iteration and updates parameters
over a mini-batch set. Due to large weight values, a network may become stuck in
a local minima. The momentum term + is therefore added to the gradient descent

algorithm to reduce oscillations in the following manner:

i1 =0;—av L(0;) +v(6; +6i11) (6.4)
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To measure error between prediction score P and target T, the LCNet uses a cross-
entropy loss function [190]. The weighted cross-entropy loss function calculates the

error as follows:

M=

Loss =

1 N
2 > wiTlog(P,) (6.5)
j=1

I
—_

The number of observations is indicated as N, K is the number of classes, and w is
the weight determined by the network. Table 6.1 described the hyperparameters utilized

by the LCNet for training.

Table 6.1: Hyperparameter used in the training of the LCNet.

Learning | Learning | Mini-batch | Epochs | Activation Data Momentum | Regularization
algorithm rate size function augmentation
SGDM 0.001 32 100 LeakyReLU | Random oversampling, 0.99 0.0005
rotation, translation,
and scaling

6.3 Datasets

The dermoscopic datasets used for the training and evaluation of the LCNet model were
obtained from the ISIC 2020 challenge [191] and HAM10000 [139]. The original ISIC
2020 dataset consists of 33,126 lesion samples collected from 2056 patients. There are
16 samples per patient in this dataset, which are recorded over time to observe changes.
Several of the lesions are very similar and come from the same patient, thus creating
duplicates [137]. In this case, a network may exhibit biases and suffer from overfitting.
Therefore, data normalization was performed to eliminate duplicates and prevent the
network from experiencing these issues. Using the duplicate removal method, the
dataset left 12,882 skin samples made up of 7093 BEN samples and 5789 MEL samples.
Furthermore, the present dataset contains challenging samples, such as lesion samples

with dark skin and samples of older people. Another dataset used was HAM10000 in
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which there were 9900 total samples divided into three classes BEN with 6705 image
samples, 1113 MEL samples, and 2082 were unknown samples referred to as UNK.
The classes in these datasets were highly unbalanced, which negatively affected the
model’s accuracy. For example, MEL samples were fewer than BEN samples in the
ISIC and HAM10000 datasets. The two datasets, ISIC and HAM10000 are divided into
three subsets, training, validation, and test sets (see Table 6.2, & 6.3). The training set
was created from 70% of the total samples, the validation set from 10%, and the test
set from the remaining 20%. To provide enough training to the network, the training
set contains a larger proportion of samples. Validation data is used to hypertune the
parameters of the network based on its performance. A final evaluation is conducted by

using the test data.

6.3.1 Data normalization

It was found that some skin samples had similar lesion structures but different names,
resulting in duplicate data. As a result of data normalization, operations like updating
and deleting anomalies are eliminated. The algorithm 1 explained in chapter 3 is applied
to remove duplicate samples. The primary image /;(z,y) and images in comparison
- , , o .
set are initially converted to grayscale as [/(x,y) and [ ; (z,y), and its histogram is

calculated as h; and ;.

hi = hist(I(x,y)) b, = hist(Ii(z,)) (6.6)

We then calculate the average of each histogram using the average function:

h; = mean(h;) R’ = mean(h;) (6.7)

The correlation index is calculated using 6.8 between primary image and every other



Chapter 6. Melanoma Classification 114

image in the comparison set. An image is deemed identical if its correlation is greater
than equal to 0.99 then one copy of the image is discarded. Following the removal
of redundant data, the final distribution of samples used for experiments is shown in

Tables 6.2 and 6.3.

Zx Zy ([('Tay) - h;)([’(&:,y) N h;)
V(E , U y) - 1)2) (2, T, (I (@,y) - 1)?)

Correlation = (6.8)

Table 6.2: Distribution of ISIC data among training, validation, and test sets.

Classes | Training samples | Augmented Training | Validation samples | Test samples | Total samples
70% samples 10% 20% 100%
MEL 4052 4965 579 1158 5789
BEN 4965 4965 709 1419 7093
Total 9017 9930 1288 2577 12882

Table 6.3: The HAM10000 data distribution among training, validation, and test sets.

Classes | Training samples | Augmented Training | Validation samples | Test samples | Total samples
70% samples 10% 20% 100%
MEL 779 4694 111 223 1113
BEN 4694 4694 670 1341 6705
UNK 1457 4694 209 416 2082
Total 6930 14082 990 1980 9900

6.3.2 Basic pre-processing operations

For the preparation of image samples, standard pre-processing operations were applied.
Within each category, there are varying resolution dimensions ranging from 576 x 768
to 1024 x 1024 with three color channels RGB. Using bilinear interpolation, the images
were resized to 128 x 128 dimensions, preserving their aspect ratio while minimizing
computational costs. In the beginning, no noise removal method was used to remove
hairlines, gel bubbles, ruler marks, or ink stains because the LCNet model’s design is
capable of efficiently processing raw images that are contaminated with noise artifacts.

A discussion of experimental results follows after data has been pre-processed and
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segmented by means of pre-processing and segmentation methods, and LCNet is used

to perform a classification task.

6.3.3 Data augmentation

The adopted datasets were highly skewed among a wide variety of skin cancer types,
as explained above. In data imbalance, the network is biased in favor of classes that
have large samples over those that do not. For example, the MEL samples in ISIC and
HAMT10000 sets are smaller than the BEN samples. For two datasets, Table 6.2 and 6.3
illustrate the distribution of data samples within different classes. Some classes were
extended, such as the 4052 MEL samples in the ISIC and the 779 MEL samples in
the HAM10000, by using the random oversampling method to generate more artificial
samples. Data augmentation techniques were applied more to the underrepresented
classes than oversampled classes to address data undersampling, skewness, and image
sample scarcity. Moreover, online data augmentation was applied during the network
training using three common operations: rotation from —-300 to +300, scaling with
factors 0.8 in X-direction, and 1.0 in Y-direction translation of -5 and +5. These
operations were only applied on the training sets, whereas validation and test sets were
not augmented, and their original data distribution was used during the validation and

testing process. Figure 6.3 shows the augmented samples for the classes MEL and BEN.

6.4 Performance Metrics

Various classification performance metrics such as precision (PRE), recall (REC),
accuracy (ACC), specificity (SPE), F1-Score, and balanced accuracy (Bal ACC) [192,

193] and learnable parameters are considered to evaluate the model. The mathematical



Chapter 6. Melanoma Classification 116

Figure 6.3: Augmented data samples using translation, rotation, and scaling.

formulas used to calculate the values of these metrics are given as:

ACC= 7573 g : gﬁ +FN ©9)
PRE = % (6.10)

REC = % 6.11)

SPE = % (6.12)

F1 - Score = 5TP fgﬁ TN (6.13)
Bal ACC = w (6.14)

TP, FP, TN, and FN represent true positives, false positives, true negatives, and false
negatives in a confusion matrix. TP represents the number of lesion samples correctly
classified as melanoma, TN represents the number of lesion samples correctly classified

as benign, FP represents the ratio of samples incorrectly classified as melanoma, and
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FN represents the images determined to be benign when they are melanoma. An ACC
is defined as the fraction of correctly identified samples and the number of predictions
based on these parameters. PRE and REC are significant metrics to evaluate the model’s
performance as PRE measures all positive predicted rates. In contrast, REC calculates
the actual positive ratio out of all positively identified samples. The model’s ability
to identify the TN of each class is measured by a metric called SPE. Lastly, F1-Score
calculates the harmonic mean of PRE and REC by considering FP and FN. Its value

close to 1 indicates the perfect PRE and REC.

6.5 Results of LCNet

Several experiments for skin lesion classification were conducted on different dermo-
scopic lesion images to evaluate the performance of the LCNet. It was tested on two
different large sets, the ISIC for two classes MEL and BEN and HAM10000 for three
classes MEL, BEN, and UNK. In HAM 10000, the third class UNK stands for unknown
skin cancer type. Several state-of-the-art methods depend highly on the ROI-specific
feature calculation process to achieve a high classification rate. In contrast, the LCNet
does not require extensive feature calculation or post-processing operations. It is trained
end-to-end on dermoscopic images to distinguish melanoma and other lesion types.
Hyperparameters (see Table 6.1) are finalized after monitoring the network’s highest
performance on the validation data by conducting several experiments. The network
training was done on the hardware configuration of ‘GeForce RTX 2080 SUPER’ with
a computation capacity of 7.5. Moreover, the inference time on the ISIC test set with
2577 images was 76 seconds, HAM10000 with 1980 test images was 54.4 seconds.
The scarcity of lesion samples in different classes prevented by using data augment-
ation and oversampling methods to resolve the bias issue. In data extension, firstly,

the training of the LCNet was done on the augmented training set using the fine-tuned
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hyperparameters. The impact of using data oversampling on the network’s performance
is shown in Tables 6.4 and 6.5 that explains there is an increase in the values of metrics
on both test datasets.

Table 6.4: Impact of data oversampling on the performance of LCNet on ISIC test set.

Approach ACC | PRE | REC | SPE | F-Score | Bal ACC
No oversampling | 90.12 | 89.01 | 92.21 | 89.11 91.19 90.66
Oversampling 90.92 | 91.12 | 92.29 | 89.29 | 91.70 90.79

Table 6.5: Impact of data oversampling on the performance of LCNet on HAM 10000
test set.

Approach ACC | PRE | REC | SPE | F-Score | Bal ACC
No oversampling | 87.04 | 72.25 | 65.45 | 85.82 | 67.70 75.64
Oversampling 93.74 | 84.56 | 89.40 | 94.87 | 86.74 92.14

Training progress was monitored on the validation set of the ISIC and HAM 10000
datasets. The validation set contains a different proportion of lesion samples from
all classes, and hyperparameters were tuned on the validation set to improve the per-
formance. Thus, the final values were selected based on the best output offered by the
network on the validation set having the lowest loss and high accuracy. Finally, the
trained model with fine-tuned parameters was used to evaluate the test set unseen by
the network. The graphical view in Figure 6.4 shows behaviour of the LCNet on the
ISIC and HAM10000 validation sets by plotting their performance between loss and
accuracy over the number of epochs. It displays the network’s accuracy progressively
increasing towards higher values over the number of iterations per epoch. The higher
performance is noticed on the ISIC due to the large size of the dataset.

Further, in Figure 6.5a, it is given that the LCNet model achieved TP as 1293, TN as
1050, FN as 108, and FP as 126 on the ISIC tests dataset. Similarly, it is illustrated from
Figure 6.5b that LCNet predicted 191, 1687, 70, and 32 samples as TP, TN, FP, and FN
for MEL class, 1223, 596, 43, 118 samples as TP, TN, FP, FN for BEN class and 380,
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Figure 6.4: Classification accuracy and loss curves of the LCNet with the number of
epochs on the validation set (a) MEL vs BEN lesion classes on ISIC (b) MEL vs BEN
vs UNK lesion classes on HAM 10000 datasets.
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Figure 6.5: Confusion matrix of LCNet on (a) ISIC (b) HAM10000 test sets.

1491, 155 and 36 samples as TP, TN, FP, and FN for UNK class on the HAM10000 test
data. Overall the false prediction rate of LCNet for each class is comparatively low,
resulting in high performance of the model. Similarly, Figure 6.6 demonstrates the true
positive vs. false positive curves [194] illustrating the trade-off between sensitivity and
specificity achieved by the model with the area under the curve (AUC) for MEL class

as ‘0.9642 and ‘0.9060’ on ISIC and HAM10000 test set, respectively.
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Figure 6.6: Sensitivity vs specificity curves for each class on (a) ISIC (b) HAM10000
test set.

6.5.1 Comparison with other related studies

The LCNet surpassed the other state-of-the-art approaches for skin lesion classification
as given in Table 6.6. It shows the comparison between the methods with the best results
highlighted in bold based on metrics such as ACC, PRE, REC, SPE, F1-Score, and
learnable parameters. Only the PRE and REC of [186] on the HAM10000 dataset is
higher than the LCNet model, whereas the ACC, SPE, and F-score of the LCNet is the
highest and a smaller learnable parameters among all given studies on HAM10000 data.
Furthermore, the LCNet model showed higher values for all metrics than other studies
for the ISIC dataset. The related work published between 2020 and 2021 that used
the same datasets with slight variations in sample size were used for the comparison.
The results are also compared using Area under the curve (AUC) in Table 6.7. In the
ISIC 2020 challenge, AUC was the primary metric to determine the winner. There were
many duplicates in the dataset, and to the best of our knowledge, no study has tried to
eliminate them. According to our findings, the LCNet model has the highest AUC score
and the number of learnable parameters is the least, making it a lightweight and simpler

network.
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Table 6.6: Performance comparison of LCNet with other state-of-the-art methods.

Studies Dataset No. of | ACC% | PRE% | REC% | SPE% | F1-Score% | Parameters
images (millions)
H.W. Huang [186] HAM10000 | 10015 | 85.50 | 91.10 | 96.00 | 80.10 —_ 19M
M.A. Khan [187] HAMI10000 | 10000 | 86.50 | 87.01 85.57 — 86.28 4.15M
M.A. Khan [195] HAM10000 | 10000 | 87.02 —_ 86.98 —_ —_ —_
A. Hekler [183] HAMI10000 | 11444 | 82.95 —_ 89.0 81.5 — >23 M
Srivastava et al. [188] | HAM10000 | 10015 | 83.69 84.00 | 84.00 —_ 82.00 138 M
A. Ameri [196] HAMI10000 | 3400 84.00 —_ 81.00 | 88.00 — 623 M
F.Afza [197] HAM10000 | 10015 | 85.80 | 86.28 86.00 — 86.14 —
LCNet Model HAMI10000 | 9900 93.74 | 84.56 | 89.40 | 94.87 86.74 3.32M
S. Nasiri [198] ISIC 1346 75.00 | 77.00 | 73.00 | 78.00 75.00 —
M.R.Hasan [185] ISIC 6594 93.18 —_ —_ —_ — 1342 M
T.J Brinker[199] ISIC 12378 —_— 74.10 | 87.50 | 60.00 — >23 M
Kwasigroch, A. [200] ISIC 13600 | 77.00 —_ —_ —_ R 7.18M
LCNet Model ISIC 12882 | 90.92 | 91.12 | 92.29 | 89.29 91.70 332M

Table 6.7: Performance comparison of LCNet with other related studies based on AUC
score.

Studies Dataset | Dulicate Removed Model AUC
S. Karki [201] 2020 NO Ensemble Nets 94.11
Q. Ha [202] 2020 NO Ensemble Efficient-Net | 94.90
M. O’Brien [203] | 2020 NO DNN 59.1
Proposed 2020 Yes LCNet 96.42

6.5.2 Comparison with baseline CNN models

In Table 6.8, the performance of baseline CNN models such as ResNet18, Inceptionv3,
and AlexNet was displayed. These popular networks were fine-tuned on the adopted
datasets, and then the comparison was performed to evaluate the proposed network’s
performance. It is clear from Table 6.8 that the proposed model outperformed given
networks by achieving the highest values for metrics ACC, PRE, and REC on the
HAM10000 and ISIC test sets. LCNet obtained highest values for all performance met-
rics on both datasets as compared to ResNet18, Inceptionv3, and AlexNet. Additionally,
the number of learnable parameters are extremely low in case of LCNet.

In Figure 6.7 and 6.8, the confusion matrices illustrating TP, TN, FP and FN score
achieved by the ResNet18, Inceptionv3, AlexNet and LCNet model on the HAM10000

and ISIC test set are displayed, respectively. The LCNet model scored the highest TP
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Table 6.8: A comparison between proposed LCNet with baseline CNN models on

HAM10000 and ISIC datasets.

A h HAM10000 ISIC P " Test ti

PProach "ACC [ PRE | REC | SPE | Fi-Score | ACC | PRE | REC | SPE | Fl-Score | = o ometers | festiime
ResNet18 81.62 | 57.58 | 48.89 | 76.27 | 49.46 85.32 | 84.86 | 88.54 | 81.54 86.66 11M 171s
Inceptionv3 | 82.26 | 62.17 | 51.73 | 78.55 | 50.49 |90.50 | 92.82 | 90.52 | 90.48 | 91.66 24M 260s
AlexNet 78.48 | 54.6 | 33.33 | 66.67 | 2692 |49.17 | 13.11 |70.72 | 46.72 | 22.12 62.3M 166s
LCNet 93.74 | 84.56 | 89.40 | 94.87 | 86.74 |90.92 | 91.12 | 92.29 | 89.29 | 91.70 3.32M 76s
Note: Execution time is on test sets in seconds (s).
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Figure 6.7: Confusion matrix on HAM10000 test data using (a) ResNet18 (b) Incep-

tionV3 (c) AlexNet (d) LCNet.

and TN on both datasets compared to other baseline models. The metrics gave a better

insight into the correctly classified and misclassified samples based on the parameters

of the confusion matrix (i.e., TP, TN, FP, and FN).
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Figure 6.8: Confusion matrix on ISIC test data using (a) ResNet18 (b) InceptionV3 (c)
AlexNet (d) LCNet.

The experimental outcomes proved that the LCNet model performs better in classify-
ing melanoma with a balanced and large dataset. The LCNet model obtained ACC, PRE,
and REC of 93.74%, 84.56%, and 89.40%, respectively, for the three-class classification
of MEL vs BEN vs UNK on the HAM10000 dataset. At the same time, the values
for these metrics on the ISIC test set for two-class classification, i.e., MEL vs BEN,
were 90.92%, 91.12%, and 92.29%, consequently. It is observed that the proposed
LCNet model gained a higher ACC, PRE, and REC on both datasets, which is higher

among other popular models comparatively. The validation performance in terms of



Chapter 6. Melanoma Classification 124

accuracy over the iterations is also plotted as shown in Figure 6.9. It demonstrates that
LCNet gained the highest accuracy rate on validation data as compared to ResNet18,

Inceptionv3, and AlexNet.
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Figure 6.9: Comparison of validation accuracy of models over iterations on (a) ISIC (b)
HAM10000.

6.6 Impact of pre-processed data

The performance of segmentation (DilatedSkinNet) and classification (LCNet) models
using pre-processed data is examined in this section. Pre-processed data is data that
has been cleaned by using a hair removal algorithm (IA-HR), and their contrast im-
proved using MCACNN. The statistical results of a segmentation model followed by a

classification model based on performance metrics are presented here.

6.6.1 Results of DilatedSkinNet on pre-processed data

In Chapter 5, a DilatedSkinNet segmentation model was developed to segment lesions
for the ISIC 2016 to 2018 datasets. The model was evaluated using both raw and

pre-processed data (cleaned using the JA+HR and MCACNN models) and results are
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presented here. According to Table 6.9, cleaned data improved model performance
slightly by a difference of 1.38% ACC, 6.6% loU and 1.45% DICE score on ISIC
2016, 0.6% DICE on ISIC 2017 and 1.22% ACC, 2.11% IoU and 1.19% DICE score
on ISIC 2018 data. However, the ACC and IoU is higher on ISIC 2017 raw data as
compared to pre-processed data. Figure 6.10 displays ANOVA test on ISIC 2016-2018
test set indicating higher median IoU score presented with red centre line in the boxes
achieved by DilatedSkinNet on pre-processed data as compared to original data. Thus,
hair removal can be utilized in order to eliminate hairlines from dermoscopic images

prior to the accurate extraction of lesions.

Table 6.9: Performance analysis of DilatedSkinNet on the pre-processed data.

Data ISIC 2016 ISIC 2017 ISIC 2018

ACC IoU DICE Time | ACC IoU DICE Time ACC IoU DICE Time
Raw 93.63 87.86 9354 10.8 | 93.63 93.54 8786 10 |93.06 87.02 93.06 14
Pre-processed | 95.01 90.46 94.99 10.2 |88.88 79.30 88.46 10 |94.28 89.13 9425 14

Note: Time is in seconds on test sets. The higher values are marked in bold.

6.6.2 Results of LCNet on pre-processed data

In this section, the performance of the LCNet is evaluated on the pre-processed and seg-
mented images to respond to the RQS related to observing the impact of pre-processing
and segmentation on classification accuracy of LCNet. A large dataset ISIC (see
Table 6.2) was adopted to conduct the experiments. First, the IA-HR algorithm (ex-
plained in Chapter 4) was applied to this dataset to remove hairlines, and their contrast
was increased using MCACNN (refer to Chapter 4), then the segmentation method,
DilatedSkinNet (refer to Chapter 5), was applied to extract accurate lesion ROI. Finally,
the LCNet was trained, validated, and evaluated with training, validation, and test
samples of the ISIC dataset as defined in Table 6.2. The same hyperparameters, as
explained in the previous sections in Table 6.1 were used while training the LCNet on

pre-processed data. The training progress of LCNet on raw data and pre-processed



Chapter 6. Melanoma Classification 126

1 — ‘ 1 —
_— ! B
0.9 5 0.9
w5 —
| |
0.7 ! | 0.7
x + x :
5 06 1 g 06 ! :
£ z £ | I
205 i 505 I I
- : : : :
0.4 04}
: * T |
0.3 + 0.3 i :
H + 0.2 N 1
0.2 £ g +
0.1 : 0.1 1
Pre-processed Raw data Pre-processed Raw data
(a) (b)
1 n -
0.9
081
|
x 0.7 | |
) I |
T |
£0.6 | :
o | |
o
205 = !
I
0.4+ %
03r %
+
0.2 +
Pre-processed Raw data

()

Figure 6.10: ANOVA test on ISIC 2016-2018 test data based on IoU index using
DilatedSkinNet.

data is displayed in Figure 6.11. The validation accuracy and loss plot is displayed
in Figure 6.12 indicating the highest accuracy and lowest loss values achieved by the
LCNet on the pre-processed+segmented images as compared to raw data. LCNet was
assessed based on ACC, PRE, REC, SPE and F-Score metrics calculated on a test
set for analyzing the performance. Therefore, in Figure 6.13 it is shown that LCNet

predicts the highest number of TP and TN on pre-processed+segmented data, whereas



Chapter 6. Melanoma Classification 127

100 [—

90 Final

Accuracy (%)

1
o I 0 I P L i L |

0 2000 4000 6000 8000 10000 12000
Iteration

Loss

0 2000 4000 6000 8000 10000 12000
Iteration

(a) Training-progress on Raw data

p) Final

Accuracy (%)
3
-

10 20 30
o L L L L L L
0 2000 4000 6000 8000 10000 12000
Heration
.
2
§ 1
05
Final
0 1
0 2000 4000 6000 8000 10000 12000

Iteration

(b) Training-progress on pre-processed data

Figure 6.11: Training progress of LCNet on (a) Raw (b) Pre-processed data.

it is comparatively low on raw data, which is noisy and have poor contrast. The over-

all performance of the LCNet has greatly improved by applying pre-processing and
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segmentation methods.
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Figure 6.12: Performance of LCNet on different types of validation data: (a) accuracy
(b) loss.

Table 6.10: Performance comparison of LCNet on the variations of datasets.

Data ACC | PRE | REC | SPE | F-Score | Execution | Per image
time (s) | test time (s)
Raw 90.92 | 92.11 | 92.29 | 89.29 | 91.70 76 1.8
Pre-processed 9247 | 93.80 | 92.62 | 92.28 | 93.21 19 1.1
Pre-processed + Segmented | 93.40 | 93.45 | 94.51 | 92.08 | 93.98 17 1.3

Note: Execution time is on complete test set. The best values are marked in bold.

From the statistical results presented in Table 6.10, it is observed that the perform-
ance of LCNet is significantly improved using external pre-processing operations, such
as the removal of hairlines, increasing contrast and lesion segmentation. The network
efficiently analyzes very complex lesion patterns from enhanced images by computing
rich features at multiple layers. On raw data, the model gained an ACC of 90.92% but
increased to 92.47% and 93.40% using pre-processed, and pre-processed+segmented
data respectively. In addition, the inference time on raw images is high as 76 seconds,
while processed and segmented images only require 19 and 17 seconds correspondingly

for the same test set of 2577 samples. The reason for low inference time is that networks
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Figure 6.13: Confusion matrix on variations of data (a) Raw (b) Pre-processed (c)
Pre-processed + Segmented.

take less time in computing lesion features from an image having ROI only rather than
processing the whole original image. The test time on single image is quite low using
LCNet for melanoma classification as 1.8 seconds on raw, 1.1 seconds on pre-processed
and 1.3 seconds on pre-processed+segmented image. Finally, in comparison to the
existing CNN models and state-of-the-art studies, LCNet showed improved accuracy
and reduced architectural and computational complexity. In addition, an evaluation of

the LCNet on a large and enhanced dermoscopic dataset revealed that it performed well
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despite irrelevant visual indicators and imaging artifacts.

6.7 Conclusion

Skin cancer is a global health problem, and the development of an automatic melanoma
detection system plays a significant role in its early diagnosis. The LCNet model,
inspired by the deep convolutional neural network for skin cancer classification, was
trained in an end-to-end manner on dermoscopic skin cancer images. Two different
datasets, ISIC and HAM10000, were incorporated to perform the experiments. It was
challenging to establish an automatic framework to classify melanoma lesions due to
high inter-similarities and intra-class variations. With the design of a few pre-processing
steps such as image resizing, oversampling, and augmentation, an accurate model,
was designed for melanoma classification. The experimental results showed that the
proposed model achieved higher performance than the selected studies and pre-trained
classification models. The LCNet model is reliable in predicting the correct lesion
category with a high true positive rate, thus strongly satisfying the use of Al in solving
medical problems as a diagnostic tool. The performance of LCNet is also evaluated
on pre-processed datasets, including denoised and segmented data using the IA-HR
method and DilatedSkinNet model. LCNet’s performance was significantly improved
by the pre-processed data, reflecting the significance of employing pre-processing and
segmentation models on raw data to improve its visual representation. The following

chapter presents the concluding remarks and suggests directions for future work.



Chapter 7

Discussion and Conclusions

A major focus of this thesis was the development of a computer-aided melanoma dia-
gnosis system based on dermoscopic skin cancer images using deep learning techniques.
Furthermore, a variety of pre-processing techniques have been developed to obliterate
hairlines with image processing operations and segment lesion locations using convo-
lutional neural networks. A brief introduction is presented in this chapter, along with
the significance of conducting this research and response to the research questions.
Throughout chapter 2, we discuss the background details and state-of-the-art methods
related to the pre-processing, segmentation, and classification stages. The overall system
design was explained in chapter 3, explaining various steps that were conducted in this
research. In addition, the detail of the benchmark datasets used for the experimental
study were explained. As presented in chapter 4, we implemented a hair elimination
method that effectively removed hairlines from lesion images and improved their color
contrast using MCACNN deep learning. Our approaches outperformed other related
studies when the results were compared based on image quality metrics.

Chapter 5 presented a deep learning-based segmentation network for separating
lesions from background regions. Two deep neural networks with different architectures

were investigated in this phase, one employs encoder-decoder and the other relies on

131
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dilated convolutions. An experimental study led to the identification of the best network
for detecting lesions with high accuracy and Jaccard score. In addition to this, we
implemented a machine learning based optimised K-means method to extract the lesion
region. The most interesting finding was that machine learning based methods were
not able to segment complex skin lesion patterns and were highly dependent upon
noise-free images having high resolution. Deep learning, on the other hand, does not
require any external pre-processing operations. Comparing the two novel deep learning-
based segmentation networks, we achieved high performance with DilatedSkinNet
over EDNet model. In chapter 6, we discussed a novel framework for identifying
melanoma versus benign cancer using LCNet novel framework. This chapter describes

our contributions to the field and explores future possibilities.

7.1 Contributions and OQutcomes

The contributions of this research are as follows:

* Development of efficient hair removal technique
In original skin cancer dataset, images have a lot of hairlines and poor resolution,
which adversely affect subsequent phases of the CAD system. In particular,
hairlines make it difficult to identify precise lesion regions during segmentation,
especially when using machine learning methods. Human inspection of hairlines
in images is not likely to cause problems, but automatic image analysis may be
affected. The explanation of hair removal method (IA-HR) using morphological
operations was presented in chapter 4. The novel method we developed has
been designed especially for skin lesion images that detect hairlines pixels and
paint them with the average intensity of neighbouring pixels. The purpose of
implementing this method was to generate images that are clean and high in

resolution. A further investigation was conducted to determine whether the
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segmentation and classification network would perform better when presented

with clean images.

* Machine vs Deep learning for segmentation
To examine the most effective approach for segmentation tasks, we explored
machine learning and deep learning options. We investigated several approaches
at this point, including optimized K-means, encoder-decoder-based CNNs, and
dilated convolutions. The use of deep learning for automatic lesion segmentation
was demonstrated to be effective. All of these techniques were trained on large
datasets, the network’s performance was monitored on validation data and tested
on unseen data. In the first method, traditional K-means was improved by hybrid-
izing an optimization algorithm called FA by incorporating an average intensity
function. We observed that this method was very dependent upon noise-free,
high contrast data, so we used the IA-HR method to produce clean and non-hairy
images as input. In contrast to deep learning, this method was not able to achieve
high performance. Furthermore, it lacks the ability to learn, so each image in the

dataset must be applied separately.

 Effective lesion segmentation approach
For segmentation using deep learning, two convolutional neural network designs
were explored. The first step consisted of designing an EDNet framework that
added novelty by providing its unique design of encoder and decoder modules.
The advantage of this network was that it produced a high-resolution segmentation
map and did not lose spatial information. In addition to this, it has given a high
performance on raw images which were noisy. The second segmentation model,
DilatedSkinNet incorporates atrous convolutions in the layers of a deep neural
network. The dilation rate helps to obtain a wider spatial view of the feature map.

Our study compared these three approaches and concluded that DilatedSkinNet
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based CNNs performed better than optimized K-means and EDNet. The EDNet
achieved a IoU score of 88.7%, 77.0%, 85.5% on the ISIC 2016, 2017, and
2018 test set. Optimized K-means ranked lower with an average IoU score of
49.8%, 48.17%, and 47.80% on ISIC 2016, 2017 and 2018 test set respectively.
In comparison, DilatedSkinNet gained 90.4%, 79.8%, 89.1% of IoU index on
the ISIC 2016, 2017, and 2018 test sets. There were two main objectives for
implementing this phase. Firstly, the segmentation network can be used to
generate ground truth images that have been manually annotated by experts in the
current practice and is very time consuming. Secondly, this phase’s output can
be used to improve the diagnostic system’s performance during the classification

phase.

* Development of accurate classification approach
The novel development of a deep learning classifier (LCNet) that can distinguish
between melanoma and non-melanoma lesions was discussed in chapter 6. Our
investigation of several different pre-trained networks has included ResNetl8,
AlexNet, and Inceptionv3 to classify melanoma. Experimental results indicated
superior performance of the LCNet network over existing networks. LCNet
is a novel layered design developed specifically for melanoma detection using
dermoscopic images of skin cancer. Training of the network was done with the
augmented dataset. A separate validation dataset was used for monitoring and
tuning hyperparameters, and an unknown dataset was used for evaluating them.
We carefully built the network architecture after a series of trials, adding specific
layers in a particular fashion, deciding the number of kernels at each layer and
the depth of the network. To prove the robustness of the network, we evaluated it
on two large datasets, ISIC and HAM 10000 and achieved an average accuracy

of 90.92 + 1.0% for two-class (MEL vs BEN) and 93.74 + 1.0% for three-class
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(MEL vs BEN vs UNK) respectively.

* Analysis of using pre-processed data
Finally, we evaluated the performance of the DilatedSkinNet using pre-processed
data, and the performance of the LCNet classifier using raw, pre-processed,
and pre-processed+segmented data. According to the experimental findings,
DilatedSkinNet performed slightly better with pre-processed data. Moreover, the
LCNet network has proven effective in classifying pre-processed images with high
accuracy 93.40% as compared to noisy, complicated, and hairy original images.
Apart from that, it does not require any special feature extraction process as LCNet
automatically computes rich feature set through its deep layers to distinguish
melanoma. In general, the pre-processing and segmentation algorithms proposed
in this study can be used as a pre-processing step for increasing performance of
deep learning-based classifier and can also be used in machine learning-based
traditional classifiers since those classifiers rely heavily on high-contrast and

cleaned datasets.

7.2 Concluding Remarks

This research has achieved its objective by developing a method for classifying melan-
oma and benign skin cancers using the deep learning technique. The designed classifier
has been proven successful in performing an initial assessment of malignant skin cancer
from the dermoscopic picture of the lesion without the need for manual pain-inducing
procedures. Moreover, the proposed deep learning-based classification technique does
not require the hand-crafted feature extraction step computation. The network was
trained end-to-end to identify test samples with less inference time and high accuracy.

The deep learning-based classification model is more effective, fast, and accurate than
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traditional machine learning-based supervised classifiers. While designing an efficient
classification model was challenging, the main challenge was building a lightweight
network that could be trained with a large amount of data to make it more robust. To
the best of our knowledge, the proposed classification network has novel architecture
and is less complex than several studies in the literature.

The research has also proposed novel noise removal methods such as removing
hairlines that can obscure critical information when analyzing skin cancers. The
hairlines are usually shaved or removed from the infected skin area through excruciating
procedures that cause discomfort and stress to patients. This software-based method can
replace invasive procedures for removing hairlines from skin images without causing
any pain to the patient.

Furthermore, the novel segmentation method was designed to separate the lesion
objects from their background. An accurate lesion mask is generated using a deep
learning model despite complexities present in the images, such as ruler marks, gel
bubbles, and hairs. For accurate localization of the cancerous region of a skin lesion,
timely detection and delineation of lesion boundaries are fundamental. To assess the
structural characteristics of lesions, experts manually annotate ground truth masks to
understand the primary assessment criteria, which include size, diameter, and asymmetry.
Therefore, the proposed segmentation model can be successfully used to generate a
ground truth mask for skin samples with clear boundaries and whose structure can be
easily assessed.

This study’s potential outcome and benefits include a robust classification model to
diagnose malignant skin cancer in minimum time. Hence, it enables practical usability
for real-time analysis, such as through mobile and embedded platforms, and a safer
and potentially more convenient approach for monitoring health. An accurate and
robust classification model developed through deep learning eliminates the need to

train the model on every new patient or perform calibrations to maintain accuracy.
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Consequently, this methodology is more likely to be utilized in healthcare facilities. As
aresult of the CNN framework’s flexibility to handle highly complex lesion samples, the
proposed model can be efficiently applied to hand-held device applications. Hand-held
devices may be able to use it due to their ability to learn features without calibration or
supervision. The expensive process of feature extraction does not need to be utilized

either.

7.3 Future Work

Each step of the proposed method has demonstrated high potential towards skin cancer
analysis and diagnosis based on experimental results. There are several opportunities to

pursue further research in this area. The following are a few of them:

* Implementation of LCNet on the hardware platform to develop portable mobile

device for easy and fast diagnosis assessment.

* Employing high-computing devices such as GPUs with more power for training

and testing a large amount of data to increase the performance of the LCNet.

* Investigating hand-crafted features and combining them with deep neural features

can be experimented for better performance.

 Use of clinical images for the evaluation of LCNet and comparison of its perform-

ance with the proposed system.

* Utilization of classification network for resource-constrained implementation,

such as embedded systems.
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Appendix A

In this chapter, we describe the other approaches used to address the lesion segmentation
task within our initial experiments. Firstly, optimization of the K-means method and
results are discussed followed by FCNN and SegNet models. These methods are already
existing ones that have been modified a little for use on the skin cancer dataset. Based

on these methods, the following papers have been published:

* R. Kaur, "From Machine Learning to Deep Learning: Experimental Comparison
of Machine Learning and Deep Learning for Skin Cancer Image Segmentation",
AUT Postgraduate Research Symposium, Auckland, New Zealand, 26 November,
2021.

e R. Kaur, H. GholamHosseini & R. Sinha, "Lesion Border Detection of Skin
Cancer Images Using Deep Fully Convolutional Neural Network with Customized
Weights", In 43" Annual International Conference of the IEEE Engineering
in Medicine & Biology Society (EMBC), Mexico, IEEE, pp. 3035-3038, 1-5
November, 2021. [Online]. Available: 10.1109/EMBC46164.2021.9630512.

* R. Kaur, H. GholamHosseini & R. Sinha, "Deep Learning in Medical Applic-
ations: Lesion Segmentation in Skin Cancer Images Using Modified and Im-
proved Encoder-Decoder Architecture", International Symposium on Geometry

and Vision, vol. 1386, pp. 39-52, Springer, Cham, 2021. [Online]. Available:
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https://doi.org/10.1007/978-3-030-72073-5-4.

A.1 Optimized K-means for Segmentation

Our experimentation on segmenting lesions from skin cancer images began with ma-
chine learning techniques. An example of such a method is the K-means method, which
was optimized with the help of a firefly algorithm (FA). K-means clustering approach
is based on the principle of identifying the number of clusters and every pixel point
assigned to the nearest cluster by calculating Euclidean distance. The clustering is also
a kind of an optimization method in which the minimum sum of Euclidean distance
between the centroid of clusters and the objects is determined. The K-means algorithm
first initialized with k£ = 2, the number of clusters having centers ¢y, cs. ... .. , Ck, created
randomly. For every pixel position in an image, it assigns each point into the cluster

having a minimum distance to centroid value, where distance calculated as follows:

K N )
E=Y 31X/ -C;f (A1)

=1 =1

~

The number of clusters are represented by K for N classes, X f is the position vector of
the object ¢ and C its centroid for the cluster j. The K-means divides the data set into
two clusters by using Euclidean distance as the similarity index. This distance should
be minimum for pixel positions inside one same cluster as compared to other pixels
in different clusters. The K-means performs an iterative process until the centroids
do not change. In this study, we observe that the K-means algorithm yielded poor
results as a result of the incorrect selection of the initial centroid value, thus FA is
combined with K-means to improve its performance. The FA [204] optimization was
applied to the K-means segmented outputs to replace any pixels inside the lesion region

that were incorrectly classified by the K-means. The K-means segmentation results
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were improved by incorporating an average function as the fitness function in the FA
algorithm. This function replaces the intensity value in the neighborhood of a pixel

with a mean value calculated from the intensity values in the neighborhood.

Zfi Data(i 1 of pixel’s intensity is less than fi,
fin = 1—(), frit = (A.2)

Featureien 0 otherwise

The number of iterations ¢ performed over the segmented lesion image given by
K-means until the population limit is reached, denoted by pl. The threshold value is
calculated by taking the ratio of an array of lesion pixels, Data(¢) and features length,
Feature;.,. This f;, gives average intensity value of neighboring pixels in the lesion
region. Thus, fitness function, ff; replaces pixel ‘1’ if its intensity value is less than a
threshold computed by fitness function and ‘0’ otherwise. In this manner, FA performs
an iteration process for finding those pixels which are incorrectly identified by the

K-means and replaces them with the average intensity value of the neighboring pixels.

A.1.1 Results of optimized K-means

To conduct the experiments using K-means+FA method, three well-known benchmark
datasets ISIC 2016, ISIC 2017 and ISIC 2018 containing dermoscopic images were
used. The dataset ISIC 2016 contains 379 testing samples, ISIC 2017 contains 2000
testing images, and ISIC 2018 consists of 778 test samples. The evaluation parameters
computed were ACC, DICE, JAC or IoU, SEN, and SPE to analyze the performance.
We kept the same image size of 192 x 256 in this case as we did in Chapter 5 when
discussing proposed segmentation methods. The input skin cancer images first pre-
processed using IA-HR method (See chapter 4) to eliminate hairlines, then optimized
K-means was applied to extract lesion region. The outcome of this method on ISIC

2016 and ISIC 2017 dataset is given in Figure A.1 and Table A.1. From the results, it
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is analysed that K-means is not efficient in separating lesion from its background. It
produced partially segmented lesions which is not good for recognition task. Moreover,
the IoU score and other performance metrics are quite low as compared to deep learning
networks developed in Chapter 5. This method also consumes high execution time
compared to the DilatedSkinNet. Hence, it is clear that deep learning networks performs
better than machine learning based supervised method for skin lesion segmentation
task. This machine learning-based approach is not efficient to process complex lesion

patterns.

(a) (b) (c) (d)

Figure A.1: Segmentation results of optimized K-means: (a) Original images (b)
K-means output (c) Optimized K-means with FA output (d) Final segmented image.

Table A.1: Evaluation of optimized K-means + FA on the ISIC 2016, 2017 and 2018
test sets.

Dataset No. of Images | ACC | DICE | IoU | SEN | SPE | Time (sec)
ISIC 2016 379 85.14 | 58.81 | 49.83 | 55.34 | 94.41 169.82 s
ISIC 2017 366 84.61 | 57.07 | 48.17 | 53.93 | 9420 | 178.94 s
ISIC 2018 778 84.79 | 55.72 | 47.80 | 55.61 | 92.93 1593.7s
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A.2 Other Deep Learning-based Segmentation Meth-
ods

In deep learning, two existing frameworks (FCNN) [92] and SegNet [94] were modified
and implemented to extract lesion region. These two frameworks have shown remark-
able performance on the semantic segmentation task in the literature studies [205]. In
order to fine-tune these networks on the skin cancer datasets, a few modifications were

done in their layers and parameters.

A.2.1 Fully convolutional neural network (FCNN)

As shown in Figure A.2, a FCNN segmentation model was constructed using five
blocks with multiple layers in each block. The network consists of 16 feature extraction
or convolutional layers along normalization, pooling and activation function. It also
have transposed layers, crop layers, and double convolution layers of size 1 x 1 at the
end of the network. It is a multilayer convolutional network to analyze input data by
overlapping many kernels on an input image. Several parameters, including ratio of
kernels, their size, stride, and padding, are artificially set in the convolutional layer. The
numbers of kernels were increasing at double rate in convolutional layer of each block
with uniform size 3 x 3. The padding parameter specifies how the input image will be
handled when it does not fit properly, and the stride parameter specifies how much the
kernel will move over an image. To calculate the weights, a function proposed by He.
et. al. [206] is used in the convolutional layer.

9 2

= —(1 ¥ s?)m where m = kernelsize(i) * kernelsize(j) * numchannels

o
(A.3)

The average value of the normalized distribution was set to zero, the weights are
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initialized, and the variance is calculated with the formula above. The leakyReLLU
layer was scaled by an amount s set as ‘0.3’ after fine-tuning, and m was obtained by
multiplying depth and width of a kernel. The leakyReLLU activation function is then
used to improve the network’s performance without creating an overfitting problem
or adding any additional computational cost. If ‘2’ is positive, leakyReLU passes the
sample to the next layer, while if it is negative, it multiplies the sample by any scalar
value. Between convolution and leakyReL U, a layer of batch normalization is applied
to normalize data based on the size of each mini-batch. A mini-batch size is a variant of
gradient descent that divides the training dataset into small batches, which is used to
calculate network error and update network coefficients. Batch size refers to how many

samples are processed before a network is updated.
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RelU

Input Image

Figure A.2: The design of FCNN.

As the network is designed to obtain deep features, spatial resolution is lost due
to successive pooling layers. These layers reduce the size of the feature map as the
depth of the network increases. The feature map is transformed back to its original
dimensions by inserting two up-sampling layers at the end. The concept of dense
feature maps is achieved by using two convolutional layers of size 1 x 1 instead of a
fully connected layer at the end of the network. To interpret pixels’ probabilities, the

Softmax function [160] is then used to convert feature map coefficients between 0 and
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1. Furthermore, the cross-entropy loss function used to determine whether there was a

difference between the predicted P samples and the target T samples.

A.2.2 Results of FCNN

We compared the performance of the FCNN against the ISIC 2016, ISIC 2017, and ISIC
2018 test datasets. The network performance was evaluated objectively based on ACC,
IoU, and DICE metrics listed in Table A.2. The segmentation results using FCNN model
also presented in Figure A.3 displaying segmented lesion corresponding to original
samples. It is observed that FCNN model was able to extract lesion areas accurately to

some extent, however, the overall performance is lower than DilatedSkinNet.

Table A.2: Lesion segmentation performance of FCNN on different datasets.

Dataset Number of images ACC IoU DICE
ISIC 2016 379 0.9188 0.8174 0.8512
ISIC 2017 366 0.8105 0.6148 0.6934
ISIC 2018 778 0.8700 0.6721 0.7790

Figure A.3: Segmentation output of FCNN model (top row) original (bottom row)
segmented lesions.
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A.2.3 Modified SegNet

Adapted from VGG19 [207] deep neural network, whose layers are being modified
and optimized for designing deep encoder-decoder architecture for lesion segmentation.
Figure A.4 illustrates the CNN architecture that was developed for skin cancer segment-
ation. Originally, encoder-decoder networks were used to segment road scenes using
semantics. We designed the proposed network by changing the layer configuration,
network depth, and hyperparameters. It is composed of two halves - the encoder and de-
coder sections. The encoder section has four layers that include multiple convolutional,
batch normalization, leaky ReLU, and max-pooling layers. On the other hand, the lower
half was composed of the decoder, which had deconvolution layers, batch normalization,
leaky ReLLU layers, and max-unpooling layers according to the encoder layers, followed
by a cross-entropy loss function-based segmentation layer. This network performs
upsampling in the decoder section using the pooling indices calculated by the encoder
section’s max-pooling layers. As a result of removing fully connected layers in previous
networks, the encoder section was made smaller, reducing the number of parameters

that could be learned.

7

Feature Map
300x300x2

Y
w |

Pixel
classification
layer

Input Image

300x300x3 Output Segmented

Image

Encoder Section Decoder Section
4x {Convolutional +PReLU+ BN+ Pooling} 4x {Deconvolutional +PReLU+ BN+Unpooling}

Figure A.4: The proposed architecture of the modified SegNet.
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The encoder section made use of kernels to perform a convolutional operation to
generate feature maps. By applying element-wise leaky rectified linear units (PReLU),
the negative values were set to any fixed positive value and then normalized via batch
normalization layer. Using a 2 x 2 window size, a stride of 2, and padding of 0, a
max-pooling operation was implemented. In order to reduce the size of feature maps
while preserving significant characteristics, max pooling was used. Pooling operation

can be applied using the equation as:

FM[z,y] = f,*x 1y (A.4)

FMT[x,y] shows the output feature map, f,, is the pooling function, I, , is the input
feature map from the previous layer. With maximum pooling, a maximum value
is calculated from the portion overlapped by the kernel. The spatial resolution of
the output feature map is reduced by the repeated use of max-pooling and striding
at successive layers. Convolutional networks that use a ‘transposed convolutional
layer’ consume more memory and time than conventional neural networks. For more
robust classification, several convolutional layers were successively added to achieve
high translation invariance in the original VGG19 network. Nonetheless, there was a
loss in spatial resolution that rendered the segmentation unsuitable. Thus, boundary
information must be preserved after subsampling layers. The spatial resolution was
regained using upsampling that utilized maximum-pooling indices, i.e. the location
of maximum features was stored and used in the decoder section. The probabilities
corresponding to each pixel in the feature map were generated by a softmax and pixel

classification layer.
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A.2.4 Results of Modified SegNet

The evaluation of modified SegNet model is performed on the same datasets ISIC 2016-
2018 having similar distribution of samples in each test set. Presented in Table A.3
are the results produced by this model when applied to the ISIC 2016, ISIC 2017, and
ISIC 2018 test datasets. This model achieved satisfactory values for ACC and DICE
metrics, however, the IoU index is very low on all three datasets. The extracted lesion
regions are shown in Figure A.5 corresponding to each original image. It can be seen

that output lesion produced by SegNet are very rough, partially segmented, and have

inaccurate borders as compared to ground truths.

r

Figure A.5: Segmentation output of SegNet model (a) original (b) ground truth (c)
segmented lesions.
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Table A.3: Lesion segmentation performance of modified SegNet on different test sets.

Dataset Number of images ACC IoU DICE
ISIC 2016 379 0.9082 0.8134 0.9071
ISIC 2017 366 0.8219 0.6790 0.8180
ISIC 2018 778 0.8802 0.7308 0.8794

A.3 Comparison of Implemented Segmentation Mod-
els

Initially, machine learning-based optimized K-means using FA algorithm was imple-
mented for segmentation tasks as discussed above. It is observed from the results
that this method was not very efficient in producing higher performance in terms of
ACC, IoU and DICE on the skin cancer datasets. Moreover, this method required
highly cleaned images and hairlines to be completely occluded, whereas deep learn-
ing approaches can process raw images, and is capable of detecting lesion accurately
and efficiently. Therefore, to explore the advantages of deep learning techniques for
lesion segmentation, few existing segmentation frameworks such as FCNN [92] and
SegNet [94] were implemented as initial experimental analysis. These methods were
evaluated on the ISIC 2016, 2017 and 2018 datasets and their performance is compared

with the proposed novel methods, EDNet and DilatedSkinNet (see Chapter 5).

Table A.4: Performance comparison between segmentation networks implemented on
ISIC 2016-2018 datatsets.

Methods ISIC 2016 ISIC 2017 ISIC 2018 Per image test time
ACC IoU DICE | ACC 1IoU DICE | ACC 1IoU DICE

K-means+FA | 0.851 0.498 0.588 | 0.846 0.481 0.570 | 84.79 47.80 55.72 3.3s

FCNN 0918 0.817 0.851 | 0.810 0.614 0.693 | 0.870 0.672 0.779 0.4

SegNet 0.908 0.813 0.907 | 0.821 0.679 0.818 | 0.880 0.730 0.879 0.6s

EDNet 0941 0.887 0.940 | 0.874 0.770 0.869 | 0.923 0.855 0.922 0.3s

DilatedskinNet | 0.950 0.904 0.949 | 0.888 0.793 0.884 | 0.942 0.891 0.942 0.2s

Note: Test time is on single image. The best values are marked in bold.

Table A.4 shows that DilatedSkinNet outperformed other semantic segmentation

models implemented in this study. It achieved an average pixel accuracy of 95.0%,
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88.8%, and 94.2% on the ISIC 2016-2018 datasets respectively. The effectiveness
of DilatedSkinNet model in segmenting accurate and smooth lesion is illustrated in
Figure A.6. It shows that DilatedSkinNet produced the most accurate and smooth lesion
among the models, while optimized-K-means produced a partially segmented lesion,
FCNN resulted in a rough border, SegNet produced poor segmentation, and EDNet

produced inaccurate and rough borders.

(a) Original (b) Optimized K-means (c) FCNN (d) SegNet

(e) EDNet (f) DilatedSkinNet

Figure A.6: Comparison of segmentation techniques on Lesion sample.
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B.1 Other Classification Networks

In our initial attempt to develop a classification network for melanoma detection, we
developed a small multi-layer CNN model. The work based on this network is published

in the following article:

* R. Kaur, H. GholamHosseini & R. Sinha, "Deep Convolutional Neural Net-
work for Melanoma Detection using Dermoscopy Images", In 42" Annual In-
ternational Conference of the IEEE Engineering in Medicine & Biology Society
(EMBC), Montreal, Canada, IEEE, pp.1524-1527, 20-24 July, 2020.

[Online]. Available: 10.1109/EMBC44109.2020.9175391.

Figure B.1 shows an architecture of CNN designed from scratch having six blocks
composed of multiple layers. The network performs melanoma classification accepting
input image vector and producing probability score for each sample. Each block
contained five main layers and performed different operations, such as convolution,
batch normalization, ReLU, cross normalization and max pooling.

It is a multi-layer CNN that process image’s information by using a set of con-
volutional kernels or filters. In each convolutional layer, multiple filters of fixed size

3 x 3 were employed that slides over an image to compute different set of features.

169
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Dropout layer

3x3x25
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227x227x3 113x113x8  56x56x32 7x7x256  connected Classification
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1x1x2

Convolution->BN->ReLU->CrossNorm->MaxPool

Figure B.1: Classification CNN network architecture.

Various filter sizes such as 11 x 11, 5 x 5, and 3 x 3 were tested during the design of the
network, however, filter size 3 x 3 was found to be more effective. Each layer inputs the
subsequent layer in the network to allow the flow of information.

The specification of the layers used in each block of the the network as given in

Table B.1 are described as follows:

 Input layer (input): The input images of size 227 x 227 x 3 given to the network
through input layer in which the first two parameters denote the height and width
of an image and third value stands for number channels in an image. In this case,

itis ‘3’ representing RGB image with Red, Green and Blue channels.

* Convolutional layers (C'onv, — Convg): In the network, there are total of six
convolutional layers that have different number of kernels as 8, 16, 32, 64, 128,
and 256 increasing at double rate in each block. The size of each kernel used
i1s 3 x 3, padding ‘0’ and stride of ‘1°. This layer is responsible for extracting
features from the input image I, , by sliding multiple filters K, ,. It computes
feature maps F'M using the following formula and pass those maps to the next
layers in the blocks.

FM[:L’,y] = I:):,y x Kz,y (B.1)
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Table B.1: Detail of layers of melanoma classification CNN.
Block Layer Kernel size, maps Output size
INPUT LAYER Input 227 x 227 x 3 227 x 227 x 3
BLOCK 1 Conv_1 3x3,8 227 x 227 x 8
BN_1 — 227 x 227 x 8
Crossnorm_1 —_— 227 x 227 x 8
MaxPool_1 2 x 2,8 113 x 113 x 8
BLOCK 2 Conv_2 3x 3,16 113 x 113 x 16
BN 2 — 113 x 113 x 16
Crossnorm_2 —_— 113 x 113 x 16
MaxPool_2 2x2,8 56 x 56 x 16
BLOCK 3 Conv_3 3x 3,32 56 x 56 x 32
BN_3 —_— 56 x 56 x 32
Crossnorm_3 —_— 56 x 56 x 32
MaxPool_3 2x 2.8 28 x 28 x 32
BLOCK4 Conv_4 3 x 3,64 28 x 28 x 64
BN_4 — 28 x 28 x 64
Crossnorm_4 —_— 28 x 28 x 64
MaxPool_4 2 x 2 14 x 14 x 64
BLOCKS5 Conv_5 3 x 3,128 14 x 14 x 128
BN_5 —_ 14 x 14 x 128
Crossnorm_5 —_— 14 x 14 x 128
MaxPool_5 2x2 Tx7Tx128
BLOCK6 Conv_6 3x 3,128 7 x7x256
BN_6 — 7Tx7x256
Crossnorm_6 —_— 7T x7x256
MaxPool_6 2x2 3x3x256
Final layers Dropout layer  — 3 x 3 x 256
3x FC —_— 1x1x2
Softmax _ 1x1x2

Classification layer

e Batch normalization (BN_1- BN _|

6): This layer in the network normalizes

each input based on the mini-batch size. It is positioned between the convolutional

and ReLU layers to reduce the number of epochs, and stabilize the learning

process.

* ReLU activation(ReLU_1-ReLU_6): By using threshold function, Re LU () =

max(0,x), it sets all negative values to ‘0’ for each element in the input.

* Cross-normalization(Crossnorm_1 — Crossnorm_6): The layer normalizes

local responses channel-by-channel. In this layer, each element is replaced with
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a normalized value obtained from neighboring channels. Using the following

formula, each element of the input vector is normalized:

X' = X (B.2)

(C+ axSS )5’

windowsize

C, a and f3 are the hyperparameters in the normalization process, and S'S is the
sum of the square of the elements in the normalization window. In our network,

the values of the parameters chosen as windowsize = 5, =0.001, 5=0.75, and

C=2.

* Max-pooling (mazpool_1-maxpool_5): Downsampling is performed using this
layer by dividing the input feature map into several regions and then computing
the maximum of each region to form a new feature map. Pool size in max-pooling

layers is 2 x 2, stride is ‘2, and padding is ‘0.

FM[z,y]=fyxILsy (B.3)

* Dropout: A 50% dropout rate is used in this layer to prevent a network from
overfitting by setting the neurons within hidden layers to ‘0’ after each training

phase.

 Fully connected (F'C1 - F'C3): By combining the weights and bias values, the
input is multiplied by the fully connected layer. Based on the backpropagation
network, the weights are used to predict final probabilities for each label, such
as ‘malignant’ or ‘benign’. The network consists of three fully interconnected

layers.

* Softmax and loss function): It is the output activation unit that is used after

fully connected layers. To calculate the accuracy of the classification network, a
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loss function is applied by subtracting the predicted and actual outputs. As a loss
function, the sum of squares function was used in place of the commonly used

cross-entropy loss function.

The ISIC skin cancer dataset with a total of 12,882 images as given in Table B.2
consisting of benign and malignant melanoma samples was used for experimental study.
The distribution of samples into training, validation and test set was done randomly
in the ratio of 70%, 10%, and 20% respectively. A lot of time and patience was spent
to tune the hyperparameters of CNN for the given dataset. It was quite challenging to
figure out which parameters worked best together. Different kernel sizes, filter values,
number of layers, topologies, and training options were used to design the network for

gaining the best performance.

Table B.2: Distribution of benign and melanoma samples in the dataset.

Type of samples Training 70 % Validation 10 % Test 20 %

Melanoma 4052 579 1158

Benign 4965 709 1419

Total 9017 1288 2577
Table B.3: Performance of Classification network.

Method ACC % PRE % REC % SPE % F-score %

CNN 79.69 83.12 79.48 79.48 81.26
Table B.4: Performance of Classification network.

Method ACC % PRE % REC % SPE % F-score %

CNN 79.69 83.12 79.48 79.48 81.26

LCNet 90.92 91.12 92.29 89.29 91.70

The proposed classification network achieved an average ACC of 79.69%, SEN
of 79.48%, and PRE of 83.12%, as shown in Table B.3. These results have demon-

strated that a small CNN is efficient in performing binary classification and identifying



Appendix B. 174

melanoma vs benign; however, its accuracy is still under the expected target i.e., above
90%. Therefore, LCNet (refer to Chapter 6) was designed to achieve high performance.
Table B.4 compares performance of this small CNN with our final classification net-
work, LCNet. We observed that LCNet with a deeper layered design is more efficient in

achieving higher accuracy on the same dataset.
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