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Abstract

Computer Aided Diagnosis System for Melanoma Lesion Detection

Endalkachew Wolde Bereda
Addis Ababa University, 2017

Detection of skin cancer in the earlier stage is very critical. Nowadays, skin cancer is seen as one
of the most hazardous form of cancers found in humans. The most common types of skin cancers
are Basal Cell Carcinoma (BCC), Squamous Cell Carcinoma (SCC) and Melanoma. Among
these melanoma is the deadliest type of skin cancer. The detection of Melanoma cancer in early
stage can be helpful to cure it. Computer vision plays an important role in medical image
diagnosis and this has been proved by many existing systems. A computer aided skin image
diagnosis system has a significant potential for screening and prognosis. It is utmost important in
countries where unaided visual diagnosis system is the practice and where there is insufficient
number of dermatologists. This thesis presents a computer aided diagnosis system for the
detection of melanoma skin cancer using a novel mathematical scheme. The proposed method
uses a holistic representation of skin color images to extract useful features for use in effective
segmentation of melanoma lesions. The segmentation scheme is preceded by a processing stage
composed of noise filtering color space transformation. Vertex component analysis and
principal component analysis are integrated to form a hybrid approach for unmixing and feature
dimension reduction. An optimized feature selection technique is also used to obtain the best
achievable performance in effectively detecting the lesions. Support vector machine (SVM)
along with geometrical and color feature threshold values are integrated to make effective
detection of melanoma lesions. The effectiveness of the developed scheme to classify lesions
into benign, suspicious and malignant melanoma is found to be promising. The proposed scheme
has been tested on images taken from standard dermoscopy image databases and achieved
96.4% sensitivity, 99.4% specificity, and 97.9% overall accuracy for pixel based classification of
melanomas while it achieved 98% sensitivity, 100% specificity, and 98.6% accuracy for image

based classification justifying it’s great promises.
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Chapter One

1. Introduction

1.1 Background

The skin is the largest organ of the body, with a total area of about 20 square feet. It covers the
entire body and its thickness varies considerably over all parts of the body, and between men and
women and the young and the old. For example the average thickness of the skin on the forearm
is 1.3 mm in male and 1.26 mm in female [1]. The skin provides a protective barrier against
mechanical, thermal, and physical injuries. It protects us from microbes and the elements,
prevents loss of moisture due to the presence of intercellular lipids which trap water molecules in
their hydrophilic region. The skin has the ability to reduce the harmful effects of ultraviolet (UV)
radiation due to the pigment melanin that absorbs UV radiation, thus protecting the cell’s nuclei
from DNA damage. It helps regulate body temperature through changes in blood flow in the
cutaneous vascular system and evaporation of sweat from the surface. The skin also synthesizes
vitamin D3 and permits the sensations of touch, heat, and cold. Skin has three layers called
epidermis, dermis and hypodermis. The epidermis is the outermost layer of skin, provides a
waterproof barrier and creates our skin tone. The dermis, located beneath the epidermis, contains
tough connective tissue, hair follicles, and sweat glands. The deeper subcutaneous tissue is the
hypoderm which is sometimes called fat layer. It is made of fat and connective tissue. The skin’s
color is created by special cells called melanocytes, which are located in the epidermis and
produce the pigment melanin [2, 3]. Classification of the skin based on its reaction to UV
radiation is shown in Table 1.1 below.

Table 1.1 Classification of the skin based on its reaction to ultraviolet radiation [4].

Type Definition Description

I Always burns but never tans Pale skin, red hair, freckles

] Usually burns, sometimes tans Fair skin

Il May burn, usually tans Darker skin

v Rarely burns, always tans Mediterranean

V Moderate constitutional pigmentation Latin American, Middle Eastern
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VI Marked constitutional pigmentation Black

The major causes of skin diseases can be categorized into mechanical, physical, biological and
chemical categories. Friction, pressure or other forms of more forceful trauma are mechanical
categories that induce changes to wide range of skin cases. Heat, cold, electricity, sunlight,
ultraviolet, laser radiation and high energy sources such as x rays, radium and other radioactive
substances are potentially injurious to skin and to the entire body and these are actually the
causes that can be categorized under physical agents. For example milder exposure to heat
supervene bacterial or fungal infection, particularly in overweight and diabetic individuals,
prolonged exposure to cold water or lowered temperatures causes mild to severe injury ranging
from erythema to blistering, ulceration and gangrene and the majority of skin cancers are caused
by exposure to UV radiation in sunlight. Biologically, exposures to bacteria, fungi, viruses or
parasites may cause primary or secondary infections of the skin. Organic and inorganic

chemicals are also the major source of hazards to the skin [5].

1.2 Statement of the problem

Visual assessment of skin images is often very difficult. Not only that visual inspection could be
time consuming, but also it has issues like non-repetitiveness, observer variability, and also
constrained accuracy. Since unaided visual inspection of the skin is often suboptimal for
diagnosis of skin diseases, many different image based skin lesion acquisition methods or
modalities have been developed such as Photography, Dermoscopy, Multispectral imaging,
Laser-based enhanced diagnosis, Ultrasound, Magnetic resonance imaging (MRI) and the likes.
These non-invasive imaging techniques have been developed to aid the skin lesion screening
process. Dermoscopy involves the use of an optical instrument paired with a powerful lighting
system, allowing the examination of skin lesions in a higher magnification and it provides a more
detailed view of the morphological structures and patterns. Though the detection of melanoma
using dermoscopy is higher than unaided observation based detection, the visual interpretation
and examination of dermoscopic images can be time consuming and its accuracy significantly
depends on the experience of the dermatologists. Thus, automatic diagnosis tool is essential for
physicians. In this regard, computer aided diagnostics is helpful to increase the accuracy as well

as the speed. Computers are not intelligent than humans but computers may be able to extract
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some information, like color variation, asymmetry and texture features, that may not be readily
perceived by human eyes. Computer-aided diagnosis systems of skin images have been
developed in different literatures in order to support the clinical decision of dermatologists and
easily trigger the detection of the highly suspicious cases by providing an accurate segmentation
of the lesions. They can also be used as an additional tool by non-experienced clinicians to

perform a preliminary evaluation and to improve the patient follow-up procedure [9, 10].

Most skin images have colors when generated with different modalities. In this regard, there are
many computer aided diagnostic systems that have been applied in the literature to analyze the
color images for use in diagnosis, grading, and other aspects with clinical significance for
melanoma. Some researchers simply used change of different color spaces while others used
other algorithms to extract meaningful features from such skin images including texture, pattern,
and the likes. With the use of dermoscopy and several clinical algorithms such as the ABCD
rule, the 7-point checklist, and the Menzies method, the diagnosis accuracy of melanoma has
been higher than the simple naked-eye examination. However, clinical diagnosis is inherently
subjective and complex, thus the accuracy is highly dependent on experiences of dermatologists,
which is estimated to be about 75 — 85% [11]. The manual procedure is highly subjective and
rarely repetitive. Several automated detection systems have been developed in the literature by
researchers to reduce subjectivity and complexity of clinical diagnosis of melanoma. Most of
these systems treat the skin tissue as a uniform or homogeneous medium. Nevertheless, the skin
tissue is inhomogeneous with multilayered structure, which consists of two primary layers, the

dermis and epidermis, which are, as explained earlier, the bottom and top layers respectively.

The major drawback of most methods which have been suggested in the literature for analyzing
the color skin images is separation of the color channels/bands into monochromes and serial
analysis of the bands. Not only such a scheme is computationally intensive, but also it results in
color artifacts, which basically arises as a result of scalar system analysis. Serial analysis of each
color band results in loss of the intrinsic inter correlation information embedded among the
color bands which are essential in useful image processing applications including texture
analysis, pattern recognition and many more. In this regard, there are other vectorial schemes
proposed in the literature for a more holistic representation and analysis of such color images.

These methods have already shown great potential in different applications of color image
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analysis [12, 13, 14]. In this thesis a novel skin image analysis scheme will be developed based

on the vectorial concept for use in mass screening and diagnosis of melanoma.

Three different skin images are shown in Figurel.l for demonstration: the first one is a

malignant melanoma, the middle is tinea corporis, and the last one is a basal cell carcinoma case.

Figure 1.1: Skin images: malignant melanoma (left), tinea corporis (middle) and basal cell

carcinoma (right) (Courtesy of Jason R. Swanson and Jeffrey L. Melton [15]),

1.3 Objectives
+ General objectives:
v' To develop a computer aided melanoma lesion detection system that helps
physicians as a decision support for melanoma management procedures.
+» Specific objectives:
v' To implement holistic representation of skin color images using vectorial
approaches.
v' To develop an algorithm that can extract useful, robust and non-redundant
textural features.

v" To develop an algorithm that accurately classifies melanoma lesions with high

sensitivity and specificity.
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v To investigate the effect of different color spaces in skin image analysis.
v To evaluate and compare the performance of the proposed method with other

schemes which have already been suggested in the literature.

1.4 Significance of the study

The incidence of melanoma skin cancer has been increasing through time and it became a reason
for the death of many people globally. The usual clinical practice of melanoma diagnosis is a
visual inspection by the dermatologist and then taking a biopsy invasively. However, this
diagnostic technique lacks visualization of morphological features which are not discernible by
examination with the naked eye. In addition, the high cost of examinations and the lack of
specialists prevent many patients from receiving effective treatment. Because of these
challenges, developing image based computer aided melanoma detection system becomes very
important. This helps to examine a large number of images in short time and reduces the cost and
workload of dermatologists. The final decision becomes more objective than observer driven
techniques. This study comprised a robust image analysis algorithm that is potentially useful in
melanoma lesion detection applications aiming to deal with existing issues related to it.

1.5 Literature review

Several automated detection systems have been developed in the literature by researchers to
reduce subjectivity and complexity of clinical diagnosis of melanoma. Some of the approaches

that have been followed by researchers are presented below.

Nadia S. and Souhir B. [16] presented a computer-aided diagnosis system for early melanoma
detection. Their work was based on a combination of region growing segmentation method and
the ABCD rule which is an analytical method to classify the diagnosis as melanoma, suspicious,
and benign for the given dermoscope lesion. In another study, Michal K. et al. [17] presented a
melanoma recognition system on the basis of dermoscopic images. They used color images of
the skin lesions and SVM classifier to distinguish melanoma from other non-melanoma lesions.
They also used different descriptors for the generation of the image diagnostic features, which

are helpful for the final pattern recognition.
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M. Chaithanya K. et al. [18] proposed a computer aided method for detection of melanoma using
different image processing tools. These image analysis tools check the various melanoma
texture, size and shape parameters like asymmetry, border, color, diameter and the like. These
different features were analyzed for use in image segmentation and feature extraction. The
extracted features were used to classify the given skin samples as having melanoma cancer lesion

or not.

Another work by Darshana K. et al. [19] proposed a computer based melanoma detection system
based on various stages of detection which involve collection of dermoscopic images, filtering
for removing noises, segmentation based on Maximum Entropy Thresholding, feature extraction
using Gray Level Co-occurrence Matrix (GLCM), and classification using Artificial Neural
Network (ANN).

Deshpande A. S. et al. [20] proposed a methodology which they claimed to be a simple detection
and diagnosis system that can be used by non-experts/clinicians/doctors. In their method, images
were first pre-processed by using median filter for removing noises and then segmented by using
Fuzzy C-Means (FCM) and statistical texture features were extracted using the GLCM. Finally,

Support Vector Machine (SVM) was applied for detection of skin cancer and skin allergy.

Manousaki A. G. et al. [21] proposed an approach that incorporates parameters of geometry,
color and texture as independent covariates for discriminating melanoma from melanocytic nevi
(benign pigmented moles containing melanocytes). In the work of Ganster H. et al. [22], a
melanoma recognition system that involves image processing, segmentation, feature calculation
and selection, as well as k-NN classification was presented. The work by Alcon J. F. et al. [23]
also presented an automatic image processing system that combines the outcome of image
classification with context knowledge such as skin type, age, gender to add confidence to the
classification. Garnavi R. and Aldeen M. [24] presented an approach that uses border- and
wavelet-based texture features and four different classifiers in diagnosis of melanoma. There
were also other approaches that used decision trees, logistic regression, ANN, SVM, and the like

during classification stages.

What is typical in most of the methods briefly discussed above is that analysis of the skin color

images is performed on either a selected color channel in a given color space or on each
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individual color components separately. The three color channels are essentially correlated with
each other and such inter-correlation information intrinsically embedded in the colors contains
very useful information particularly when we have to perform tasks such as texture analysis,
patter recognition and the like on the color images. This calls for a more holistic approach to be
employed. In this thesis the efficacy of holistic representation of colors in effective identification
and segmentation of melanomas is presented incorporating useful pre-processing, feature
dimension reduction and features selection strategies. The application of selected imaging
features in differentiating benign skin lesions from melanomas is thoroughly investigated.

1.6 Organization of the thesis

The rest of the thesis is organized as follows:

Chapter 2 discusses the general structure of the skin and existing clinical melanoma diagnostic
methods. It presents some of the common benign as well as malignant melanocytic and non-
melanocytic skin lesions. Chapter 3 discusses the basic concepts of Computer Aided Diagnosis
(CAD) systems and the general detection scheme of most CAD systems like preprocessing,
feature extraction, feature selection, and classification of color images. Chapter 4 presents the
proposed melanoma skin lesion detection and classification scheme and the steps followed. The
chapter also includes discussion on performance evaluation strategies employed in this thesis.
Chapter 5 discusses the data sets that have been used in the current study and the results obtained
in all stages of the proposed method. Quantitative analysis is done in this chapter to evaluate the
performance of the proposed method. The last chapter, Chapter 6, is about the conclusion and

future works of the study.
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Chapter Two

2. Skin Biology and the Skin Lesion
2.1 Skin Biology

2.1.1 General structure of the human skin

The human skin is divided into three main layers: the epidermis, dermis and hypodermis. Figure

2.1 shows the anatomy of the human skin.
Epidermis

Epidermis is the outermost layer of the skin. This layer consists of many special skin cells
including keratinocytes and melanocytes. Keratinocytes are cells that make a special fat which
gives skin its waterproof properties. The actual skin color of humans is affected by many
substances, however, the single most important substance determining human skin color is the
pigment melanin, which is produced within the skin in cells called melanocytes. It determines the
color of darker-skinned humans. The color of people with light skin is determined mainly by the
bluish-white connective tissue under the dermis and by the hemoglobin circulating in the veins of
the dermis. This layer is continuously shed and replaced every 15-30 days. The epidermis is sub-
divided into 5 layers. Stratum corneum is the outermost layer of the epidermis and it prevents
invasion from foreign things, such as bugs and bacteria. Stratum lucidum is part of the layer
which contains several clear and flat dead cells. It is a tough layer and is found in thickened skin,
including the palms of the hand and soles of the feet. Stratum granulosum is composed of 3 to 4
layers of cells. Here, keratin is formed, which is a colorless protein important for skin strength.
Stratum spinosum is another layer which contains cells that change shape from columnar to
polygonal. Keratin is also produced here. Stratum basale is the deepest layer of the epidermis, in
which many cells are active and dividing. The stratum basale is separated from the dermis layer

by a basement membrane, which is a layer made of collagen and proteins [25, 26].
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Dermis

The dermis is the second major layer of the skin. It is a thick layer made up of strong connective
tissues. It is further divided into two levels; the upper is made of loose connective tissue, called
the papillary layer, and the lower layer is made of tissue that is more closely packed, called the
reticular layer. The dermis is made up of a matrix of collagen, elastin and network of capillaries
and nerves. The collagen gives the skin its strength, the elastin maintains its elasticity and the
capillary network supplies nutrients to the different layers of the skin. The dermis also contains a
number of specialized cells and structures. These includes: hair follicles, sweat glands, sebaceous
glands (produce sebum which helps lubricate skin & hair) and nails. It also plays a great role in
controlling our skin temperature and acts as a cushion against mechanical injury. When injured
the dermis heals through the formation of granulation tissue (a tissue rich in new blood vessels
and many different cells). This tissue helps pull the edges of a cut or wound back together. It
takes our body from 3 days to 3 weeks to form this tissue [26].

Hypodermis

The hypodermis contains 50% of our body’s fat that helps insulate the body from heat and cold,

provides protective padding, and serves as an energy storage area [25, 26].
Melanocytes

Melanocytes are pigment cells that are found in the basal layer of the epidermis and produce a
protein called melanin, a brown pigment that is responsible for the skin coloration and protection
against the harmful effects of ultraviolet (UV) light by absorbing some potentially dangerous UV
radiation. It also contains DNA repair enzymes that help reverse UV damage, but in some cases a
person which lacks the genes for these enzymes suffer high rates of skin cancer. Melanocytes can
transfer melanin to other skin cells like keratinocytes through dendrites when stimulated by
exposure to UV radiation and these cells help to strengthen the hair, nails, and the skin itself.
When the skin is exposed to the sun, melanin production increases, which produces a tan and this
is the body’s natural defense mechanism against sunburn. However melanocytes do not always
function as they should. For example there is a hereditary skin condition where melanocytes do
not produce melanin and this results in the formation of white and oval shaped patches of skin
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that gradually grow larger. In general, the human body has the same amount of melanocytes but

differ in the amount of melanin produced by melanocytes [27].
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Figure 2.1: Anatomy of the skin (Courtesy of Matthew Hoffman, [3]).

2.2 The Skin Lesion

2.2.1 Benign skin lesion

Benign skin lesions can have melanocytic or non-melanocytic origins. Proliferation of

melanocytes may result in congenital or acquired benign melanocytic naevi. These present as

persisting macules, papules, plagues and nodules. Melanocytic lesion can be cancerous or

noncancerous which are mostly described by the words malignant and benign respectively.

Seborrhoeic keratosis and dermatofinroma are the most common benign non melanocytic lesions

[28]. Figure 2.2 shows some examples of melanocytic and non-melanocytic benign skin lesions.
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Seborrhoeic keratosis

Seborrhoeic keratosis is a benign pigmented tumor composed of epidermal keratinocytes. It
resembles melanoma based on the clinical ABCD features but it is unrelated because this is

benign non-melanocytic lesion.
Dermatofibroma

Dermatofibroma is a common non melanocytic benign fibrous skin lesion and it is caused by a

non-cancerous growth of the dendritic cells. Benign melanocytic lesions are caused due to [31]:

e Anincrease in melanin within the epidermis without increasing melanocytes (ephilides);
e A temporary overproduction of melanin due to exposure to UV radiation (freckles);
e Anincrease in melanocytes along the basement membrane of the epidermis (lentigines); and

e Nests of melanocytes at the epidermal/dermal junction and/or within the dermis (moles).

(c) Seborrhoeic Keratosis (d) Dermatofibroma

Figure 2.2 Examples of benign melanocytic and non-melanocytic lesion. (a) and (b) show
examples of benign melanocytic lesions while (c) and (d) illustrate benign non-melanocytic
lesions. (a) is a digital RGB image, while (b), (c) and (d) are dermoscopic images (Images
courtesy of Maryam Sadeghi, [28]).
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2.2.2 Skin cancer

Skin cancer is the most common type of all cancers, especially in people with light colored skin
who are continuously exposed to the sun. Based on the origin, skin cancer can be categorized
into melanocytic and non-melanocytic. The most common non-melanocytic skin cancers are
basal cell carcinoma (BCC) and squamous cell carcinoma (SCC); melanoma is the most common
malignant melanocytic skin cancer [28]. These skin cancer types are named after the skin cell in
which the cancer develops. Basal cell and squamous cell carcinomas are often grouped together

and called common skin cancers. Figure 2.3 shows typical examples of skin cancer lesion.
Basal cell carcinoma (BCC)

BCC begins in the basal cell layer of the skin and is the most common but least dangerous form
of skin cancer. It is common in fair skinned people. It grows slowly, usually on the head, neck
and upper torso where there is more exposure to sun light and may be red, pale or pearly in color.
Dermatoscopic features like less white structure, blue clods, ulceration, linear serpentine vessels

and indistinct border can describe BCC.
Squamous cell carcinoma (SCC)

SCC begins in squamous cells and it is very common type of cancer in people with dark colored
skin, where it is mostly found in places that are not exposed to the sun such as the legs and feet.
But in the case of people with fair skin it occurs in the head, face, ears, and neck. SCC is not as
dangerous as melanoma but may spread to other parts of the body if not treated and it can be a

thickened, red, scaly spot that may bleed easily, crust or ulcerate [5].
Melanoma

Melanoma can grow very quickly and it can become life-threatening within six weeks.
Melanoma is a malignant melanocytic lesion and it can spread to other parts of the body if
untreated. It causes a large majority of skin cancer deaths because of its metastasis behavior.
Melanoma can appear on skin not normally exposed to the sun and it may be brown, black, blue,
red or grey in color [32]; it is rare in people with dark skin and it is usually found under the
fingernails and toenails, on the palms of the hands, and on the soles of the feet.
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(a) BCC (b) SCC (c) Melanoma

Figure 2.3 Dermoscopy image examples of melanocytic and non-melanocytic cancer lesions: (a)
and (b) are non-melanocytic cancer lesions and (c) is melanocytic cancer lesion (Images taken
from Wikipedia).

Melanoma is less common but aggressive than other non-melanocytic skin cancers like BCC,
SCC and rare soft tissue sarcomas. Too much exposure to solar UV-B radiation is probably the
major cause for the widespread increase in the incidence of melanomas of the skin. Apart from
exposure to solar radiation, no other environmental factors show a consistent association with
melanoma of the skin. It arises from pigment-producing cells of the skin, usually in an existing
naevus. The tumor is usually a few millimeters to several centimeters thick, that has grown in
size, changed color and may bleed or ulcerate [6]. Melanoma can come up in or near to a mole,
but can also appear on skin that looks quite normal. They develop when the skin pigment cells
(melanocytes) become cancerous and multiply in an uncontrolled way. They can then invade the
skin around them and may also spread to other areas such as the lymph nodes, liver and lungs.
The risk of getting the disease is high when another family member has had melanoma and
people with a damaged immune system (e.g. as a result of an HIV infection or taking
immunosuppressive drugs, perhaps after an organ transplant) have also an increased chance of
getting the disease. A melanoma may show one or more features like asymmetry which is
actually the two halves of the area differ in their shape, the border or edges of the area may be
irregular or blurred, and sometimes show notches, different shades of colors may be seen and
most melanomas are at least 6 mm in diameter. Melanoma can appear on any part of the skin but

they are most common in the body of men, and on the legs of women [7].

There are specific patterns/features which may represent melanomas globally or locally. The
global features allow a quick preliminary categorization of a given pigmented skin lesion prior to

more detailed assessment, and they are presented as arrangements of textured patterns covering
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most of the lesion. The local features represent individual or grouped characteristics that appear
in the lesion. Multicomponent pattern is a global feature that is most predictive for the diagnosis
of melanoma, whereas the globular, cobblestone, homogeneous, and starburst patterns are most
predictive for the diagnosis of benign melanocytic lesions. A typical pigmented network,
irregular streaks, and regression structures are local features that show the highest association
with melanoma, followed by irregular dots/globules, irregular blotches, and blue-whitish veil
(See Figure 2.4). On the contrary, typical pigmented network, regular dots/globules, regular
streaks, and regular blotches are mostly associated with benign melanocytic lesions [8]. Table

2.1 presents the general characteristics comparison between benign and malignant lesions.

Figure 2.4: Specific features of melanoma (Image courtesy of Aurora S. et.al, [8]).
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Table 2.1: Characteristics comparison between benign and malignant lesions [29].

Characteristic Benign lesion Malignant Lesion

Growth Not growing Growing-either slowly or rapidly
Bleeding Absent Present

Scabbing No scab Scab or keratin ‘crust’

Number/location Many other similar lesions On a sun exposed area of the

body

Shape Regular shape with smooth | Irregular  outline  with  no

outline or line of symmetry | symmetry

Color Uniform pigmentation Variation in color throughout the
lesion
Occurrence Present for many years New lesion

2.3 Existing clinical melanoma diagnostic methods

Clinically in the past, most physicians checked the skin moles by naked eyes and clinical
experience. These days a magnifying instrument called dermoscope, that uses epiluminescence
microscopy (ELM) images, is used to refine the diagnosis. Biopsy is recommended if something
suspicious is found while diagnosis. Dermoscope could help dermatologists to assess and extract
much more information from the skin lesion. Pattern analysis was the first dermoscopic method
presented for diagnosis of pigmented skin lesions [25] and it has been further modified and
refined by the International Dermoscopy Society (IDS). The other methods are ABCD rule,
Menzies method and the 7-point checklist (7PCL). These methods attempt to simplify the pattern
analysis method by analyzing only a small subset of dermoscopic structures and create a scoring

system and this lowers their accuracy from the full system pattern analysis [28].
Pattern Analysis

Diagnosis based on pattern analysis needs critical assessment of the dermoscopic structures
(features) that are seen in a pigmented skin lesion, since many patterns have dermoscopic

structures. The first thing to do is check if there is a pigmented structure or not.
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Benign and malignant melanoma has their own characteristic features that are discriminated by
the colors, architecture, symmetry and homogeneity. Table 2.2 presents the dermoscopic

differentiations between benign and melanoma lesions using pattern analysis.

Table 2.2: Dermoscopic differentiations between benign and melanoma lesions using pattern
analysis. Add up the score for a total of (2-17). The score of 7 or less is likely benign and the

score of 8 or more is suspicious of melanoma [28].

Low Medium High
Colors: few versus many 1-2 colors 3-4 colors 5-6 colors
light brown, dark brown, black, . . .
red. white, blue (1-2 points) (3-4 points) (5-6 points)
(Score 1 point for each color)
Architecture: order versus None or mild Moderate Marked
disorder (Score 0-2 points) (no points) (1 point) (2 points)

Symmetry versus asymmetry
border, colors and structures

(Score 0-2 points)

Symmetry in 2

axes (no points)

Symmetry in 1
axis (1 point)

No symmetry
(2 points)

Homogeneity versus

heterogeneity pigment

1 structure
(1 point)

2 of structures

(2 points)

3 > structures

(3-7 points)

network, dots/globules, blotches,
regression, streaks, blue-white
veil, polymorphous vessels

(Score 1 point for each structure)

ABCD rule

ABCD rule is a common feature extraction method, which helps dermatologists to recognize
melanoma in its early stages. ABCD describes the clinical features of melanoma using
parameters A (standing for Asymmetry), B (Border irregularity), C (Color) and D (Diameter)
and these are stated as follows [28, 33]:

Asymmetry: If a lesion is symmetric (O value) then it is benign (non-cancerous). For cancerous

cases asymmetry in zero (value 1), or two orthogonal axes (value 2) are considered.
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Border irregularity: The irregularity of a lesion indicates the existence of a cancer. To calculate
the border, the lesion is divided into eight sections and the sharpest pattern will get the score of

1, its value ranges from 0 to 8 for the minimum and the maximum irregular borders respectively.

Colors: cancerous skin lesion’s pigmentation is not uniform. The presence of up to six known
colors could be detected: white, red, light brown, dark brown, slate blue, and black. Its value

ranges 0 to 6, a score of 1 for the presence of each of these colors.

Diameter: The diameter that is greater than 6mm are most likely to be melanoma than the small

ones.

At the end, the Total Dermoscopy Score (TDS) based on the above four parameters, is computed

as follows:
TDS =13xA+01*xB+05«xC+05*D

If the score is less than 4.75, then the lesion is benign, if it is between 4.75 and 5.45, then it’s

suspicious to melanoma and if the TDS is greater than 5.45, then it is melanoma [33].
Menzies method

Menzies method classifies the dermoscopic features of benign melanocytic lesions from
melanoma by two negative and positive feature sets. The negative set includes symmetry of
pigmentation pattern and presence of only a single color and the positive set contains 9 positive
features which are blue-white veil, multiple brown dots, pseudopods, radial streaming, scar like
depigmentation, peripheral black dots/globules, multiple colors (5 or 6), multiple blue/gray dots
and broad pigmentation. So for a lesion to be diagnosed as a melanoma it must have neither of

both negative features and 1 or more of the 9 positive features [25].
7-point Checklist

The 7-point checklist assigns points to specific dermoscopic structures as per the checklist. It
consists of 3 major features: atypical pigment network, gray-blue areas and atypical vascular
pattern as well as 4 minor criteria: streaks, blotches, irregular dots and globules and regression
patterns. When any of the major features is detected in a melanocytic lesion, immediate help

from health professionals is recommended. When there are minor features, it is advised to be
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monitored regularly. The minor criteria are worth 1 point each whereas the major are worth two.
Finally a total score is computed by summing the point value based on the presence of each

criterion and if the score is greater than 3, then the lesion is classified as melanoma [28].
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Chapter Three

3. Computer Aided Diagnosis system

Computer aided diagnosis (CAD) system is basically a clinical decision support system, which
assists doctors in the interpretation of medical images. CAD is used as a tool to provide
additional information to clinicians, who will make the final decision as to the diagnosis of a
patient. Its primary goal is to improve the diagnosis accuracy and consistency of clinicians by
reducing the false negative rate due to observational oversight, inter-observer and intra-observer
variation. Most of the time two types of general approaches are employed in CAD systems. The
first one is to find the location of the lesions and the second is to quantify the image features of

normal and/or abnormal patterns [34].

In general, the CAD system includes three basic components. The first is image processing
which helps to enhance and extract the lesions by picking up the initial candidates of the lesions
and suspicious patterns. The second is the quantification of image features such as the size,
contrast, and shape of the candidates selected in the first step. Here it is important to find unique
features that can distinguish reliably between a lesion and other normal anatomical structures.
The third component is data processing which distinguishes between normal and abnormal
patterns, based on the features obtained in the second step. The methods used in each component

are discussed in the following section [34].

3.1General Detection Scheme of CAD systems

Figure 3.1 shows the general detection scheme used in CAD systems.
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Figure 3.1: General detection scheme of CAD systems.

3.1.1Preprocessing

Image preprocessing is an essential step of detection in order to enhance the quality of original
image by removing unrelated and surplus parts such as noise in the back ground of image. Thus
selection of the best preprocessing techniques can greatly improve the accuracy of the CAD
system. The objective of the pre-processing stage can be achieved through image enhancement

and image restoration [35].
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3.1.1.1 Image Enhancement

Image enhancement is an important procedure to improve the visual appearance of the image and
it can be categorized into image scaling, color space transformation and contrast enhancement.
The image scaling technique is applied when there is lack of same and standard size of images
and this happens when the images are gathered from different sources. Color is the way the
human visual system (HVS) measures a part of the electromagnetic spectrum, which ranges
between 400nm and 700nm. Because of certain properties of the HVS, we are not able to see all
possible combinations of the visible spectrum but we tend to group various spectra into colors
[36].

A color space is a notation by which we can specify, create, and visualize colors, i.e. the human
perception of the visible electromagnetic spectrum. The choice of the color space can be a very
important decision which can dramatically influence the results of the processing. The
knowledge of various color spaces can ease the choice of the appropriate color space. The color
spaces can be classified based on perceptual linearity, intuitiveness and device dependency.
Different color spaces suit for different applications. For example some equipment has limiting
factors that dictate the size and type of color space that can be used. Some color spaces are
perceptually linear, i.e. a 10 unit change in stimulus will produce the same change in perception
wherever it is applied. Many color spaces, particularly in computer graphics, are not linear in this
way. Some of them are intuitive to use, i.e. it is easy for the user to navigate within them and
creating desired colors is relatively easy. Other spaces are confusing for the user with parameters
with abstract relationships to the perceived color. Finally, some color spaces are tied to a specific
piece of equipment (i.e. are device dependent) while others are equally valid on every device
they are used [36, 38, 39].

There are many different color space like RGB, HSV, YCbCr, CMY(K), CIE XYZ, CIELab,
CIELuv and others. Among those, RGB is easy to implement and it is also the most common
being used in virtually every computer system, television and video. It is represented by red (R),
green (G), and blue (B) chromaticity. The final color is defined by the additive combination of
those three primary colors. Some authors argue that in some applications, high correlation

between channels, significant perceptual non-linearity with visual perception, device dependency
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and mixing of chrominance and luminance data may limit the use of the RGB space in color
image processing [39].

Hue Saturation and Value (HSV) is another color space which is a non-linear transform of the
RGB color space. Separation of the intensity (Value) from the chrominance information makes
it advantageous in image processing. Hue describes the position of the color in a 360 spectrum.
Saturation describes the pureness of the color: it measures the difference between the color and a
gray scale value of equal intensity. The third channel is Value, which is the measurement of
brightness. The HSV color space is also extremely intuitive. However, it is nonlinear and device
dependent. It is widely used in the field of color vision. The YCbCr color space is device
dependent, non-linear with human perception and unintuitive. It separates RGB to Luminance
and chrominance information and useful in image compression applications. The CMY (Cyan-
Magenta-Yellow) color space is a subtractive color space and is mainly used in printing
applications. It is quite unintuitive and perceptually non-linear. There is also the CMYK color

space where the fourth component K represents the amount of black ink.

The International Commission on Illumination (CIE) standardized the XYZ values as tristimulus
values that can describe any color that can be percepted by an average human observer. A very
important attribute of the CIE XYZ color space is that it is device independent. Every color
space that has a transformation from the CIE XYZ color space (like CIELab, CIELuv) can also
be regarded as device independent. The CIELab and CEILuv color spaces are both perceptually
uniform systems, this means that the euclidian distance between two colors in the CIELuv/

CIELab color space is strongly correlated with the human visual perception [14, 39].

Contrast enhancement of images is an important step to improve the perception for further
processing. It can sharpen the image border and improve the accuracy by accentuating the
brightness difference between background and foreground. Linear and nonlinear contrast
enhancements are the two common contrast enhancement techniques [37]. Linear contrast
enhancement techniques specifically refer to contrast stretching techniques and nonlinear

contrast enhancement techniques basically deal with histogram equalization.
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3.1.1.2 Image Restoration

Image restoration is a process of recovering a degraded image from a blurred and noisy image.
The image degradation is mainly due to imperfection of imaging system, bad focusing, and
motion. Processing the corrupted image leads to fault detection, thus it is essential to know about
the noise present in the image which helps to select the appropriate de-noising algorithm. The
essential property of a good image de-noising method is to suppress the noise while preserving
the edges. The basic de-noising methods can be classified as spatial filtering and transform
domain filtering [40]. Blur is basically due to imperfect formation process of an image, which is
either by bad focusing or motion between the object and camera. Most noises are filtered by this
process but there are some cases, for example thick hairs in automated detection of skin cancer,
which can be removed by applying other methods such as mathematical morphology methods,

curvilinear structure detection and DullRazor to mention few [34].

3.1.2 Candidate Lesion Segmentation

Image segmentation is defined as the process of partitioning an image into non-overlapping,
constituent regions that are homogeneous with respect to some characteristic like gray level,
color, texture, brightness, contrast and other (statistical) properties. In such a way the image
becomes simple and the representation can be changed into something that is more meaningful
and easier to analyze. In our case, the segmentation procedure separates the lesion from the
background [41]. Generally, in the case of medical imaging, the aims of segmentation include
[42]:

Studying anatomical structures;
« ldentifying regions of interest, i.e. locating tumors, lesions and other abnormalities;

e Measuring tissue volume to measure growth of tumor (also decrease in size of tumor with

treatment); and

« Helping in treatment planning prior to radiation therapy particularly in radiation dose calculation.

Automatic segmentation of medical images is often a difficult task as the images are complex in

nature and rarely have any simple linear feature. Further, according to [42] the output of a
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segmentation algorithm is affected due to partial volume effect, intensity inhomogeneity,

presence of artifacts and closeness in gray level of different soft tissues.

A goal that cannot usually be achieved is to have a “perfect image segmentation”, i.e. each pixel
is assigned to the correct object segment. This is actually impossible because of the way a digital
image is acquired, in which a pixel may straddle the “real” boundary of objects such that it
partially belongs to two (or even more) objects. Most current segmentation methods do only
attempt to assign a pixel to a single segment, which is an approach that is more than adequate for
most applications. “Perfect image segmentation” is also often not reached because of the
occurrence of over or under segmentation. Over segmentation means pixels that belong to the
same object are classified as belonging to different segments. A single object may be represented
by two or more segments. In the case of under segmentation, pixels that belong to different
objects are classified as belonging to the same object; as a result a single segment may contain
several objects [43]. As reviewed in a previous study [35] there are many medical image
segmentation methods or approaches that are stated in the literature including Thresholding,
Region Growing, Clustering, Classifier based, Artificial Neural Network, Deformable Model,
Markov Random Field Model, Atlas-Guided, Support Vector machine, and others.

3.1.3 Feature Extraction

Obiject classification is usually based on the features of the pixels within the segmented regions
of interest (ROIs). Therefore, the extraction of representative features of the ROIs under analysis
is an important step for efficient classification process. Some of the common difficulties of this
step are [44]:

e I|dentification of the features to be used;

e To confirm that the number of selected features are sufficient to describe the classification
problem;

e The number of selected features are too large, which requires high computational resources; and

e There are redundant and/or irrelevant features that should be removed from the feature set.
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However, techniques to reduce the dimensionality of the data may be used to solve these
problems by just applying feature extraction and selection reduction strategies. Feature extraction
IS an important step in the construction of any pattern classification and aims at the extraction of
the relevant information that characterizes each class. In this process relevant features are
extracted from objects to form feature vectors. These feature vectors are then used by classifiers
to recognize the input unit with target output unit. It becomes easier for the classifier to separate
between different classes by looking at these features. Many researches were done by combining
different feature vectors like shape [45], intensity [46], texture [47], and color [48] to give a
better feature extraction result. Various researchers used different feature extraction approaches
such as wavelet packet transform (WPT) [49, 50], grey level co-occurrence matrix (GLCM) [51,
52], Fourier power spectrum [53], Gaussian derivative kernels [54], and decision boundary
feature extraction [55, 56, 57]. The GLCM approach has relatively low computational

complexity and low computational time requirement [46].

3.1.4 Feature Selection

Feature selection is a process of selecting the most relevant features and reduces the
dimensionality of the feature space so that irrelevant and/or redundant features are removed.
However, it is important to make sure that there may not be loss of significant information in
doing so. Sometimes when the number of features is small, it might be difficult to discriminate

well between classes, and still a large number of features might lead to over-fitting.

There are many advantages associated with feature selection; some of them are [58]:

e Reduced feature extraction time and storage requirements;

e Reduced classifier complexity for better generalization behavior;
e Increased prediction accuracy;

¢ Reduced training and testing times; and

e Enhanced data understanding and visualization.

The other basic issue in feature selection is minimizing the dimensionality of pattern

representation which actually results to lower computational time and less memory. The most
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frequently used techniques for data classification and feature dimension reduction are Principal

Component Analysis (PCA) and Linear Discriminant Analysis (LDA).

Sometimes there is also a hybrid approach, i.e. PCA + LDA. PCA is unsupervised linear
method; it finds a set of the most representative projection vectors such that the projected
samples preserve the most information about original samples [46]. The PCA technique basically
analyzes an image’s component values to obtain a new coordinate system, in such a way that the
greatest variance, known as the first principal component (PC1), lies on the first axis; the second
principal component (PC2) is the greatest variance in a direction orthogonal to the first axis; and
the third (PC3) is orthogonal to the first and second axes. Alternatively, the principal components
PC1, PC2, and PC3 can also be estimated by projecting every pixel’s component values onto the

three principal axes to form individual histograms for computing the corresponding variances.

LDA is a supervised linear discriminator, it uses the class information and finds a set of vectors
that maximizes between-class scatter while minimizing within-class scatter. LDA attempts to
express one dependent variable as a linear combination of other features or measurements. LDA
is also closely related to PCA and factor analysis in that they both look for linear combination of
variables which best explain the data. Their main difference is that PCA does more of feature
classification whereas LDA does data classification. And also in PCA, the shape and location of
the original data sets change when transformed to a different space but LDA does not change the
location and it only tries to provide more class separability and draw a decision region between

the given classes [59].

3.1.5 Feature Classification

Classification phase of the diagnostic system is the one in charge of making the inferences about
the extracted information in the previous phases in order to be able to produce a diagnostic result
of the input image. The classification process generally occurs by randomly dividing the
available image samples in training and testing sets. The training step consists of developing a
classification model to be used by one or more classifiers based on the samples of the training
set. Each sample is composed of features extracted from a given image and its corresponding
class value, which are applied as input data to the classifier for the learning process. The testing

step consists of measuring the accuracy of the model learned by the training step over the test set.
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In addition, such a process may present several problems concerning the dataset, such as features
containing different ranges, unbalanced dataset regarding the number of samples, and/or a large
number of features. Therefore, this process may require pre-processing of data, in which several
methods may be applied to overcome these problems [44]. There exist different classifiers
widely used in the literature such as Discriminant Analysis, Artificial Neural Network, K-

Nearest Neighbourhood, Support Vector Machine, Decision Trees and others.
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Chapter Four

4. Proposed Melanoma Lesion Detection Scheme

4.1 Image Acquisition

The melanoma detection scheme proposed in this thesis used images acquired using dermoscopy
for testing and validation. As the name indicates dermoscopy or derm(at)oscopy is an instrument
used to visualize the dermis. It is a non-invasive technique that allows a rapid and magnified in
vivo observation of the skin with the visualization of morphologic features invisible to the naked
eye by using skin surface microscopy [72]. Its main purpose is to evaluate lesions in order to
distinguish malignant skin lesions from benign, especially in the diagnosis of melanoma. It is a
hand held device which is basically composed of a high quality lens with 10 to 14-times
magnification, a lighting system and rechargeable lithium battery powered [73]. This enables
visualization of subsurface structures or patterns and it obviates the need for a skin biopsy for
diagnosis and follow-up. The function of dermoscope is similar with a magnifying lens but it is
advanced with an inbuilt illuminating system, a higher adjustable magnification, the ability to

assess structures as deep as in the reticular dermis, and the ability to record images.

There exist both analog and digital dermoscopes that can give us high resolution images of skin
lesions. Working in a digital platform is easier to save all the information and use it for the next
steps. Figure 4.1 shows the different types of analog and digital dermoscopes that are available
for use on the market. There are also advanced digital dermoscopes that can be attached to
mobile phones with functionalities of sending high resolution images to specialists for expert

assessment [28].
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Figure 4.1: Figures (a), (b), (c), (d), and (e) are analog dermoscopies and all except (a) are
attachable to digital cameras to function as digital dermoscopes. Figures (f), (g), and (h) are

modern digital dermoscopes (Pictures courtesy of Maryam Sadeghi, [28]).

The basic principle of dermoscopy is trans-illumination of a lesion and studying it with a high
magnification to visualize subtle features. Most of the light incident on dry, scaly skin is
reflected, but smooth, oily skin has improved skin translucency by applying linkage fluids and

this allows most of the light to pass through it, reaching the deeper dermis. Thus it is possible to
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visualize subsurface skin structures. The refracted light trans-illuminates the lesion while passing
through it and is perceived as a distinct pattern (see Figure 4.2). There are various linkage fluids
like oils (olive oil, mineral oil), water, an antiseptic solution, glycerin and liquid paraffin, to
name a few. Water or antiseptic solutions evaporate quickly compared to other linkage fluids and
hence are less preferred than oils. Liquid paraffin is actually the perfect candidate because it is
inexpensive, safe and easily available, with good results. The glass plate (made of multi-coated
silicone glass) used in dermoscopies has a refractive index (1.52) comparable to that of skin
(1.55) and hence when placed over oil-applied skin, further enhances trans-illumination of the
lesion. In the illumination system it is possible to use halogen lamps or light emitting diodes
(LED), however, LED provides high intensity white light and consume 70% less power than
halogen lamps. The LEDs are also designed to emit lights of different colors for better
visualization of the skin since light skin penetration is proportional to the wavelength of light
[73, 74].

OBSERVER |

+Light source

i 1 +Contact plate

Linkage fluide———+ ¥ I .
7 rEpidermis
t
e * ~Dermis

Figure 4.2: Optics of dermoscope (Courtesy of K. C. Nischal et al. [74]).

4.2 The Proposed Method

The proposed method represents and analyzes skin color images holistically in the trinion (three)
space and extracts useful skin image features by applying trinion based Fourier transforms. The

scheme is composed of selection of appropriate color space, dimension reduction, higher order
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feature extraction and selection, and classification which are discussed in detail in the subsequent

sections. Figure 4.3 illustrates an overview of the proposed image processing scheme.

Input color dermoscopy - . .
image Preprocessing: Median filter and Color space selection

U

( )
Holistic representation and analysis of the color vector

(Trinion and TFT)

\ J
, < \
Unmixing and feature dimension reduction:
VCA + PCA
\ J

U

Texture feature extraction

U

Feature selection: FSR

T

N

Classifier:

SVM
J
\ 0
Geometry and color based .. .
:>[ Decision fusion
future threshold values

J , JvL

] Lesion Classification
Benign ]C:
. Output

|}

Suspicious

Melanoma

Figure 4.3: Proposed system block diagram.
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4.2.1 Preprocessing

Human hair covers the entire body and has a range of different color, texture and orientation. As
a result, images and lesions can become occluded by these hairs and disrupt the algorithms being
used for lesion detection. Therefore hair can cause major informational corruptions when
working with a skin lesion [65]. Traditionally, hair can be removed by shaving or by putting
creams, but this has a problem when there is ulceration on the lesion. DullRazor is the most
common method for the removal and replacement of hairs, especially the thick one, within the
images [66]. In this thesis minimizing the effect of hair is addressed through the use of a 3x3
median filter on the intensity/value component of the HSV color space. Figure 4.4 presents steps

of the proposed preprocessing method used in the current study.

Conversion of RGB to HSV

color space

J

Apply a 3x3 median filter on

the 3" component i.e. on

the value

4

Return back the resulting
HSV color image to RGB
color Image

Figure 4.4: Steps of the proposed preprocessing method.

4.2.2 Vectorial color image processing in the trinion space

As reviewed in Chapter 2, there are already several methods proposed in the literature for use in
analysis of skin color images. In this regard, the use of integral transforms such as the complex
Fourier transform, the 2D Gabor transform, wavelets and the like have shown great promises in

analyzing such images so that useful information could be traced from the images.
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Traditionally, such methods are applied on the skin color images only after separation of the
color components into monochromes and performing a serial analysis. The serial analysis
follows similar procedures used traditionally to analyze grayscale images. Results from each
color channel can then be combined afterwards and the aggregate information could be used for
further image processing steps. It is not clearly known, however, how the different outputs from
the different channels must be combined. There are also other schemes that use only selected
color channels (in a given color space) for processing.

A major issue with the serial approach of analyzing color images is missing of the inter-
correlation information embedded within the color channels. Such information is often vital in
many image processing applications including texture analysis, patter recognition, spectral
analysis and many more. Analyzing each color component separately could be computationally
intensive at the same time. This calls for the use of a more holistic approach that does not require
color band separation keeping the inter-correlation information intact. In this regard, now-a-days
the use of vectorial approaches have paved a way toward effective analysis of the color images in
different aspects.

One successful approach for holistic and effective representation and analysis of color images is
through use of quaternions and their respective Fourier transforms. Quaternions allow vectorial
representation of color pixels as a whole (as one entity) and their respective Fourier transforms
allow holistic color analysis [12, 78, 79]. Quaternions are defined with one real and three
imaginary components and are often considered extensions from the natural 2D complex space
to a 4D space. Quaternions are used in representation of three channel color images by setting
the real part equal to zero and mapping the three color channels to the three imaginary
components. They have been used in applications including color auto- and cross-correlation,
color edge detection, segmentation and the like.

Most color images, however, have three components, and analysis using quaternions creates
redundancy and involves unnecessary extra computational cost because of the fourth component.
Even though the three color channels are mapped to the three imaginary components of a
quaternion, all four components will be involved during further steps of the image processing. In
order to circumvent such issues with quaternions, an alternative has been suggested in the
literature using trinions which are defined in three space [11]. Since their inception in 2011,

trinions have been used in different applications in the color image processing world [12, 80].
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A trinion is defined with one real and two imaginary components as:

t=a+ib+jc (4.1)

where a, b and c are real numbers, and i, j are operators satisfying the following rules:

.2_... T

i2=j,ij=ji=—1,and j% = —i (4.2)

The three base elements {1, i, j} of trinions form an abelian (commutative) group where 1 is the
unique multiplicative identity element. Trinions are associative as well as distributive with
respect to addition and multiplication; trinions are distinct from quaternions [13] for they are
commutative both under addition and multiplication [13]. Any trinion number t = a + ib + jc

can be expressed as the sum of a real part and a vector part as:

t=S()+ V() (4.3)
where S(t) = a is the real part of t and V(t) = ib + jc is the vector part of t. It can also be

written in the following form:

t= |t |(cos(c1)) + usin(d)) (4.4)

where |t | =+a? + b? + c? isthe amplitude (modules), u = % is the eigen axis, and
V(t

v |
RO

é = arctan , 0 < ¢ < m isthe eigen angle (phase). When |t | = 1, is aunit trinion, and

when a = 0 it becomes a pure trinion. More interesting properties of trinions could be found on
the literature [13]. There are two possible working definitions of the Trinion Fourier Transform
(TFT). Type I TFT is defined as:
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[oelo o]

T1(u,v) = f J. h(x,y)(cos(2m(ux + vy)) — uysin(2m(ux + vy))) dx dy (4.5)

—00 —00

The inverse type | TFT (ITFT) is given by

h(x,y) = f J. T1(u, v)(cos(Zn(ux + vy)) + u,sin(2m(ux + vy))) du dv (4.6)
where h(x,y) is a trinion valued image function, T1(u, v) is type I trinion Fourier transform of
h(x,y), uq is a unit pure trinion and y, is a trinion such that u, 4, = —1. The value of u; and u,
are chosen arbitrarily in such a way that the resulting system u,u, = —1 has a real valued

solution.

Type Il TFT is defined as follows:

0 o

T2(u,v) = f f h(x,y)(cos(2mux) — p;sin(2mux))(cos(2mvy) — u,sin(2mvy)) dx dy 4.7)

—00 —00

While the inverse type Il TFT is given by:

0

h(x,y) = f f T2(u,v)(cos(2mux) — ussin(2mux))(cos(2mvy) — uyssin(2mvy)) du dv (4.8)
where uq, u, are unit, pure trinions and us, u, are trinions satisfying p,u; = —1 = p,u,. Again,
the choice of uq,u,, us, and w, is arbitrary. However, operations such as convolutions,
autocorrelations and the likes are easier using type | TFT than type Il TFT as reported previously
[13], as a result type | TFT has been used in the current study after discretization. Given an

NxM trinion values image function h(x, y), the discrete version of type | TFT is given by:

M-
Ti(w,v) = ML Z

A color image with three components can have different arrangements to be expressed as a

ux vy _ ux vy
h(x, y) (cos(2n(ﬁ + W)) - ylsm(Zn(ﬁ + W))) (4.9)

ﬁMZ

trinion, i.e. any of the color channels (components) can be mapped into any of the real or vector

components of a trinion.
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An RGB color image is often mapped into a trinion as h(x,y) = R + iG + jB. It has already
been shown previously that the order of the mapping of the color channels into a trinion should

not affect the performance of the image analysis.

Before the mapping of the color pixels into a trinion and further processing, one has to first
decide on what color space to use. The original dermoscopy images used in this thesis are in
RGB format. Previous studies have used other color spaces for different applications including
the Hue-Saturation-Value or HSV (and its variants: HSI, HSL, HSB), LUV, Lab and the CIE
XYZ families. It is of interest in this thesis to extract texture features from the dermoscopy color
skin images to accurately segment melanoma lesions. The HSV color space, for example, has
been shown previously to offer good results particularly in texture analysis and synthesis [82].
For that reason, the proposed melanoma segmentation scheme has been tested in both RGB and
HSV color spaces. Conversion from RGB to HSV is executed in this study using the Matlab
built-in function rgb2hsv. A test has also been done in the LUV color space.

Similar to the RGB case, in the case of HSV too, a mapping into the trinion space is carried out
by assuming the H to be the real and S and V to be the two imaginary components of a trinion.
Similar mapping protocol was used in the case of LUV color space. The color image, now in the
trinion space, is transformed from the spatial domain into the spatial frequency domain using the
trinion Fourier transform discussed earlier. As we are looking for local textural variations within
the color images, the application of the trinion Fourier transform was done locally over a
translating window of size 3 by 3. Local texture features are computed accordingly preceded by
other steps mentioned in the next sub sections.

4.2.3 Unmixing and feature dimension reduction

Many imaging systems have limited resolution, which causes each pixel to be a mixture of
several data. So we need a mechanism to unmix the data in each pixels. Generally two models of

mixing are assumed: Linear and Nonlinear mixing models.

Linear mixing model holds approximately when the mixing scale is macroscopic and there is
negligible interaction among distinct endmembers. This model can be described mathematically

as follows:
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p=Axx (4.10)

where p represents a pixel observed by the sensor, A is a matrix of material reflectance
signatures (each signature is a column of the matrix), and x is the proportion of material present
in the observed pixel. This type of model is also referred to as a simplex. With x satisfying the

following two constraints:
» Abundance Non negativity Constraint (ANC) - each element of x is positive.

» Abundance Sum-to-one Constraint (ASC) - the elements of x must sum to one.

Nonlinear mixing model holds when mixing scale is microscopic (or intimate mixtures), which

results from multiple scattering often due to non-flat surfaces.

There are many unmixing (endmember detection) algorithms to unmix spectral data. Algorithms
like Vertex Component Analysis (VCA), N-FINDR and Pixel Purity Index (PPI) assume that
pure pixels (pixels which contain only one material) are present in a scene. Among these VCA
has the lowest computational complexity and this actually makes VCA an effective tool to unmix
spectral data [61].

Unmixing using Vertex Component Analysis

VCA is used to unmix linear mixtures of endmember spectra based on spectral dissimilarity. It is
unsupervised and is based on two facts: the first is the endmembers are the vertices of a simplex
and the second is the affine transformation of a simplex is also a simplex. These concepts,
simplex and affine transform, are widely discussed in the literature and there is no intent in this

thesis to go into depth explanation about the principles.

In VCA, each spectrum is first represented as a vector in N-dimensional space, where N is the
number of color elements in each vector. If a spectrum is recorded at two frequencies, or
channels, v; and v,, then each spectrum can be represented as a two-dimensional vector in v, and
v, space. If two spectra are identical, they will have two identical vectors; two spectra having the
same composition/features but different intensities will have parallel vectors. For spectra
composed of three channels/bands, in the current study for example, a quiver of vectors is

obtained whose endpoints pass through a triangle; for four-dimensions the endpoints of the
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vectors lie within a tetrahedron. In general, the progression from point to line, triangle and
tetrahedron etc. is known in geometry as a simplex. A simplex describes a p — dimensional hull,

or polytop, that possesses p+1 corners [61].

In VCA, it is assumed that the most extreme vectors in the original representation are pure
component spectra, or endmembers. VCA proceeds from the original dimensionality and reduces
the dimensionality step-by-step by a process known as orthogonal subspace projection. In each
of these steps, the problem is reduced from a p-simplex to a (p —1)-simplex. After identifying the
simplex, the VCA algorithm iteratively projects data onto a direction orthogonal to the subspace
spanned by the endmembers already determined until the number of endmembers is exhausted
[62].

Feature dimension reduction using Principal Component Analysis

Most of the time it’s desirable to reduce the dimension of a d-dimensional dataset by projecting it
onto a k dimensional subspace, where k < d, in order to increase the computational efficiency
while maintaining most of the information. One way of doing that (and which has been adopted
in the current study) is using Principal Component Analysis (PCA). The main goal of a PCA
analysis is to identify patterns in data by detecting the correlation between variables. PCA vyields
the directions (principal components) that maximize the variance of the data i.e. it finds the
directions of maximum variance in high-dimensional data and project it onto a smaller

dimensional subspace while retaining most of the information.

Roughly speaking, given a dataset X, in PCA what we do first is obtain the Eigenvectors and
Eigenvalues from the covariance matrix or correlation matrix, sort eigenvalues in descending
order and choose the k eigenvectors that correspond to the k largest eigenvalues where k is the
number of dimensions of the new feature subspace k < d then we construct the projection matrix
W from the selected k eigenvectors and finally transforming the original dataset X via W to

obtain a k-dimensional feature subspace Y [77].

4.2.4 Feature Extraction

Texture feature analysis is frequently considered for skin image analysis. It is selected because of

its assisting ability in differentiating benign from malignant lesions by measuring the roughness
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of their structure. Texture descriptors with statistical, model and filter based approaches have
been used for texture quantification of skin lesions [63]. It is important to extract features that are
reproducible and diagnostically significant to have better diagnosis accuracy. Among the various
statistical-based texture descriptors applied in the literature, the grey-level co-occurrence matrix
(GLCM) proposed by Haralick et al. have been used in many literatures [64]. The GLCM
calculates the co-occurrence probability matrix p(i,j) of each image by computing how often a
pixel with certain intensity i occurs in relation with another pixel j at a certain distance d and

orientation O.

Several measures can be computed based on the GLCM, such as variance, entropy, dissimilarity,
correlation, contrast, energy, maximum probability, inverse difference, angular second moment
(ASM), mean, standard deviation, homogeneity and etc. The formulae used to compute some of
these statistical features are given below [20, 67, 68].

L / L
contrast = Z n? |\Z p(i,j)/| (4.11)

n=0 i Jj=0
|l—j |=n
Variance = 0.5 * [(—wW?p, ) +(G—w?pGN] (4.12)
L L
Energy = Z 2:@0’,]))2 (4.13)
i=0 j=0
Entropy = Z Z p(i,j) *logp(i,j) (4.14)
i=0 j=0
)
Homogeneity = Z;l (=) (4.15)

%:O Zfzo(l' *]) * p(I; ]) - uny
00y

Correlation = (4.16)
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L L
Cluster Prominence = Z(i +Jj = =) * (. ))

i=0 j=0

Ngls

L
Cluster Shade = z (+7—me—y)?pQG))

i=0

0

-
I

Sum Mean = 0.5 * ZZ l(p(l ])) +J(P(l ]))

i=0 j=0
where in our case L = 3 and

p(i, j) is the normalized spectral value

L L
1
= 52 Z (i,j) is the mean of matrix,
L L
= Z Z ip(i,j) is the sum of row mean,
j=0

L L
wy, = Z Z:jp(i,j) is the sum of column mean,
7=0i=0

= z(i — Uy)? Z p(i,j) is the sum of row variance, and

j=0

j=0

= Z(j — 1y)? Z p(i,j) is the sum of column variance

(4.17)

(4.18)

(4.19)
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The values of the probability of co-occureneces, p(i,j), are normally computed based on the
GLCM matrix.

The GLCM approach is primarily used to analyze grayscale images. Some researchers have
extended the same concept to analyze color images [81]. In this thesis work, however, a different
approach was devised. The justification was that the GLCM approach mainly relies on intensity
information. Colors contain more important information other than intensity only. As the intent
is a more holistic approach for analyzing the colors, a different approach has been followed.
Accordingly, without the need for computing the GLCM matrix, the probability values p(i,j)
were computed locally for each trinion valued 3 x 3 images after the application of the trinion
Fourier transform. After the trinion Fourier transform is computed, VCA was applied followed
by PCA on each 3 x 3 output. When the resulting matrix is normalized between 0 and 1, it
computes the p(i,j) values and these new p(i,j) values were the ones used to compute color
textures using the same formulae used by Haralick to compute the GLCM features. When the
step is repeated for each color pixel over the translating window (of size 3 x 3), we receive a
texture map. Accordingly, the best feature that does its purpose in accurately detecting the
melanomas based on the texture map results is considered during the next classification and

segmentation steps.

4.2.5 Feature Selection

In this thesis work, best features were selected based on their efficacy in accurately classifying
the dermoscopic skin color images. There are many strategies available for such feature selection
[58, 69]. However due to its fast and high level of accuracy in selecting the right feature to obtain
the best achievable performance in classification, Fisher score ranking technique has been used
in the current study to quantify the classification accuracy. The Fisher score ranking technique
calculates the difference, described in terms of mean and standard deviation, between melanoma
and non-melanoma (benign) classes relative to a certain feature. The Fisher score ranking index

is given by:

Rx _ ‘Hx,mel_ux,non—mel | (4.20)

B | O0x,meltO0xnon-mel |
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where, Ry is the rank of feature x, the higher the Ry the higher the difference between the values
of melanoma and non-melanoma classes relative to feature x; which intern implies the two
classes are highly separated. The values pix mer and px non-met @re the mean values of melanoma and

non-melanoma classes respectively.

N
1 ,
Hxmet = Nz X;nel (4.21)
i=1
1 i
Wx non—met = MZ Xnon—mel (4.22)
i=1

Xmet and Xnon-mel are the training sets for melanoma and non-melanoma classes respectively while
N and M are the total number of Xmeand Xnon-mel that are present in the training set respectively.
oxmel and oxnon-mel are the standard deviations of melanoma and non-melanoma classes

respectively given by the following formulae:

N N
Ox,mel = Z(l - p—x,mel)z Z p(i:j) (4-23)
i=0 =0
M M
Oxnon-mel — Z(l - |~1x,non—mel)2 Z p(i'j) (4-24)
i=0 =0

4.2.6 Classification

In the current study the task of skin lesion detection can be formulated as a typical binary
classification problem, where there are two classes for skin lesions (i.e. malignant melanoma or
benign) and our aim is to assign an appropriate class label to each skin lesion of the given
dermoscopic images. Among the various supervised learning classification algorithms, Support
Vector Machines (SVM) classifier is used in the current study due to its outstanding
generalization capability and reputation of being a highly accurate paradigm [70]. By applying a
binary SVM classifier, the training samples from the two different classes are separated by a

hyperplane. For a given training set, while there may exist many hyperplanes that separate the
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two classes, however, the SVM classifier is based on the hyperplane that maximizes the
separating margin between the two classes by mapping the input pattern into a higher
dimensional space through a nonlinear mapping function. And this hyper plane can be found by a
method that is based on the structural risk minimization, which minimizes the upper bound on

the generalization error, this actually results to avoid over fitting.

The binary SVM classifier decision function is given by the following equation [14, 71]:

f(x) =sign(WTd(x) + b) = z a;yik(x;,x)+b (4.25)

i€s

where, (WTd(x) + b) = 0 is the hyperplane that separate training samples in to two classes and

itis linear in terms of the transformed data ¢(x),

a; are Lagrange multipliers,

X is the feature vector to be classified,

¢(x) is a nonlinear operator which map the input pattern x into a higher dimensional space,
i is indexes of the training sample,

s is a set of indices for which x; is a support vector for non-zero a;,

b is the bias,

k is the kernel function and

yiis the label of the training sample i, i.e.
fGx) =20 fory; =+1 (4.26)

fxi) <0 fory; =-1 (4.27)
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Among the various kernel functions, a linear kernel function is used due to its less classification
complexities. a; and b are automatically fit to the data by the SVM training procedure to

maximize the margin.

Decision fusion

Geometrical properties of the shape and color of a lesion have a paramount diagnostic
importance in the detection of melanoma. The geometrical properties considered in this study are
asymmetry, border irregularity, and diameter of a lesion. The outputs of the SVM classifier along
with the geometrical and color feature threshold values are integrated to make detection of
melanoma in its early stage possible. Thus the output of the lesion classification can be benign,
suspicious or malignant. The geometrical feature threshold value can be computed using the
approach stated in section 2.3. Accordingly, when the computed index values get larger and
larger the lesion resembles to be malignant.

4.3 Performance Evaluation

The two criteria mostly used for assessing the quality of a classification are discrimination and
calibration. Discrimination is defined as a measure to know the well separation of two classes in
the data set and calibration is defined as a measure to know the closeness probability of predicted
and real model based on expert knowledge. And if a system is good in discrimination, calibration
can be fixed. Some of the general measures that are commonly used to analyze the
discriminatory power in different methods are Accuracy, Sensitivity, Specificity, Positive
predictive value, and Negative predictive value [34]. There are terms used in defining
performance evaluators like:

o True Positive (TP): a positive label or result is detected as positive.

o False Negative (FN): a positive label is detected as negative.

o False Positive (FP): a negative label is detected as positive.

o True Negative (TN): a negative label is detected as negative.

These performance evaluators can be defined as follows [34, 60]:

» Accuracy: is the total number of correctly classified segments divided by the total

number of test segments. It is defined as:
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TP+TN
TP+ FP+TN+FN

Accuracy = (4.28)

Sensitivity: is referred to as the true positive rate or producer’s accuracy, i.e. the

proportion of actual positives, which are classified as positives. It is stated as:

TP

Sensitivity = TP+—F1V

(4.29)

Specificity: is referred to as true negative rate or user’s accuracy, is the proportion of

actual negatives, which are classified as negatives. It is mathematically described as:

TN

Specificity = m

(4.30)
Positive predictive value (PPV): measures the probability of actual positives which are
predicted positive. It is defined as:

PPV = i 4.31
TP+ FP (4.31)

Negative predictive value (NPV): measures the probability of actual negatives which are

predicted negative. It is stated as:

NPV = N 4.32
" TN+ FN (4.32)
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Chapter 5

5. Results and Discussion

5.1 Dataset

Three data sets were obtained in order to evaluate the performance of the proposed melanoma
segmentation scheme developed in this thesis. These were taken from three databases namely

PH?, DermNet NZ and Dermoscopy Images database.

PH? is composed of 200 dermoscopic images, 160 are benign (which include 80 common nevi
and 80 atypical nevi) and 40 melanoma lesions with their respective annotations from experts.
The PH? database was built up through a joint research collaboration between the University of
do Porto and the Dermatology service of Pedro Hispano Hospital in Portugal. The dermoscopic
images were obtained under the same conditions through Tuebinger Mole Analyzer system using
a magnification of 20x. The raw data images are actually given in (.bmp) file type format and
they are 8-bit RGB color images with a resolution of 768 x 560 pixels. The experts used a
customized software tool called DerMAT for manual segmentation and annotation of the
dermoscopic images, which are gold standards used during performance evaluation of the
proposed method. All the dermoscopic images are either from the skin type Il or 11l according to
the Fitzpatrick skin type classification scale [75]. Therefore, the skin colors represented in the
PH? database may vary from white to cream white. The images of the database were carefully
selected taking into account their quality, resolution and dermoscopic features. The database
includes medical annotation of the images namely medical segmentation of the lesion, clinical
diagnosis and dermoscopic criteria (asymmetry, colors and the presence of typical and atypical
differential structures) [76]. Figure 5.1 shows typical dermoscopy image taken from the database

and its medical annotation.

The second database, DermNet NZ, contains A-Z skin conditions with 135 melanoma skin lesion
cases and all in RGB (.jpg) format each with dimension of 640 x 480 pixels. The third database,
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the Dermoscopy Image dataset, consists of RGB images of (.jpg) format with dimension of 240 x

320 pixels each.

Figure 5.1: Typical dermoscopy image from the PH? database (left) and its medical annotation
(right) (Images courtesy of Teresa et al. [76]).

5.2 Experimental results and discussion

The entire melanoma segmentation algorithm developed in this thesis has been implemented in
Matlab version R2012b. The automatic classification results have been compared with the

available ground truth to evaluate the performance of the proposed scheme.

5.2.1 Feature (texture) map selection for automatic melanoma detection
Best features were selected based on the generated texture feature maps (signature maps) by
performing a qualitative comparison against the available gold standard provided by experts.
Accordingly, four features namely: variance, contrast, sum mean and homogeneity computed in
the RGB color space outperformed the rest of the features and those are the features used for
final classification of the skin images. In order to quantitatively compare the classification
accuracy of the different texture features computed in a given color space (in our case RGB,
HSV or LUV) in terms of separating pixels of benign, suspicious or melanoma skins, F-score
values were computed. Table 5.1 shows the F-score values computed with and without applying
PCA for variance, contrast, sum mean and homogeneity features computed in RGB, HSV, and
LUV color spaces. As shown in the table, the class separability with the application of PCA was

significantly higher than without and variance feature computed over the RGB color space
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resulted in the highest F-score values thus it was used for the final classification of the skin

lesions. Also it could be shown from the table that features computed in the LUV color space

performed much better than the same features computed in the HSV color space even though the

RGB features outperformed both.

Table 5.1: Quantitative comparison of the various texture features computed in different color

Color space Texture descriptor | F-score With PCA F-score without PCA
2.28
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D
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RGB Variance

RGB Contrast
RGB Sum mean
RGB Homogeneity
HSV Variance
Contrast
Sum mean

Homogeneity
Variance
Contrast

Sum mean

Homogeneity

5.2.2 Signature map results
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1.84
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1.89

20.12

1.91

5.96

2.40

The signature maps (feature maps) were generated by using the variance feature computed in the

RGB color space. The maps were able to robustly detect melanoma regions (pixels) uniquely as

dark slate gray color different from the background which appeared in cyan color. Figure 5.2

presents selected signature map outputs computed using the variance feature computed in the
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RGB color space. The gold standards, which are contours from an expert, were also overlaid on
the signature maps. There are regions inside the contour by the expert detected as normal (non
melanoma) using the proposed method. There are also visible regions detected by the proposed
algorithm to be melanomas but excluded by the expert. Such mismatches are expected when
comparing manual assessments (which are subjective) to automatic approaches. But generally,
we could say there is a good match between the expert contour and the melanoma signatures

identified by the proposed algorithm.

Figure 5.2: Original images (1’st column) and respective signature maps generated using the
proposed scheme (2°nd column). Red lines are the ground truth annotations of melanoma.
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Signature maps for benign lesions with different illumination are presented in Figure 5.3; when
qualitatively analyzed, the lesions identified on the signature maps were distinct from the
background skin and at the same time they were not identical in color with melanoma signature

maps.

Figure 5.3: Original images (1’st column) and signature maps generated using the proposed
scheme (2’nd column) for benign lesions.

5.2.3 Classification results

Figure 5.4 presents classification results applied on four typical melanoma cases. Accordingly

all melanoma pixels/regions are detected as blue color on each of the respective results.
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It is interesting to see such compact melanoma lesion signatures explaining the effectiveness of
the proposed classification scheme. Classification results for suspicious and benign skin lesion
cases are presented in Figure 5.5 and Figure 5.6 respectively. Accordingly, yellow signatures
dictate suspicious pixels/regions while the benign skin cases show no distinct signatures at all

and are filled with the background normal skin color signature. Note that normal skin is used as a

control subject in this study.

Figure 5.4: Melanoma classification results: Original lesion images (1’°st column) and results
after classification of melanoma pixels (2’nd column).
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Figure 5.5: Suspicious lesion classification results: Original lesion images (1’st column) and
results after classification of suspicious pixels (2’nd column).
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Figure 5.6: Benign lesion classification results: Original benign lesion images (1’st column) and results
after classification of benign pixels (2’nd column).

Figure 5.7 presents classification results for benign lesion cases with visible hair contained in the
respective skin images. As mentioned in the previous chapter, hair is considered as an artifact with a
potential to affect the classification process. A median filter of size 3 x 3 was applied on the VV component
of the RGB skin images after conversion to HSV color space in order to smooth out the hair artifacts.
Once the median filter is applied, the skin images were transformed back to the RGB space.
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Even though the median filter was unable to completely avoid the hair artifacts, it is visible on the
classification results that their presence did not actually affect the performance of the proposed
classification scheme. Hair was uniquely detected as a dark signature after classification and with overlap

neither with the benign lesion nor with the background normal skin region.

Figure 5.7: Benign lesion with hair classification results: Original benign lesion images with visible hair
(2’st column) and results after classification (2’nd column).

5.2.4 System performance evaluation results

The experimental results that we have seen at different steps clearly show that the proposed
method showed a great promise in automatic detection of melanoma lesions. Based on the
mechanism that was stated in section 4.8, image and pixel based quantitative analysis have been
done to evaluate the performance of the proposed system.
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For image based classification analysis, 20 benign and 50 melanoma lesion images were taken.
The proposed algorithm classified all the benign lesion images correctly, while it failed to detect
only 1 melanoma lesion image resulting in an overall classification accuracy of 98.6% with 98%
sensitivity, 100% specificity, 100% positive predictive value and 95.2% negative predictive
value. For the pixel based criteria, a total of 83,888 pixels were taken from 10 skin lesion
images. Table 5.2 summarizes different performance matrices computed for quantifying the pixel
based classification accuracies of features computed using the proposed method with and without
the application of PCA and VCA. In all cases SVM was used as a classifier. Accordingly,
features computed using the proposed method after the application of both PCA and VCA
outperformed the rest with 96.4% sensitivity, 99.4% specificity, 99.3% positive predictive value,

97% negative predictive value and 97.9% overall accuracy.

Table 5.2: Comparison of pixel based classification accuracies.

T Gl

1.Featuer with PCA & VCA 97.9% 96.4% 99.4% 99.3% 97%
2.Featuer with PCA only 89.1% 78.3% 100% 100%  98.6%
3.Feature with VCA only 83.4% 80.2% 86.6% 85.7% 84.9%
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Chapter Six

6. Conclusion and recommendations

6.1 Conclusions

A great deal of work has been done in the literature to develop a CAD system to automatically
detect melanoma, but most of these approaches analyze the color intensities of pigmented skin
lesion images monochromatically. This thesis proposed a more holistic approach to overcome
the limitations of monochromatic analysis and developed an efficient and effective melanoma
lesion detection scheme. Using the proposed scheme, color skin images are represented
holistically as one entity and Fourier transformed using a vectorial integral transform in three
spaces making use of the trinion ‘algebra’. Robust texture features were computed after the
application of the trinion based Fourier transform of pre-processed color skin dermoscopic
images represented in different color spaces. A hybrid approach for unmixing and feature
dimension reduction (using VCA and PCA) as well as a way to extract robust higher order
features were also included in the method. Several higher order texture features were computed
at the end and checked for their efficacy to correctly differentiate between malignant melanomas,
benign lesions as well as suspects by comparing the outputs against available ground truth
information (annotations by experts). Detection of suspected lesions is meant to dictate early
detection of melanomas which is badly needed in most cases. Even though different classifiers
could be used, SVM was chosen for its outstanding generalization capability and reputation of

being a highly accurate paradigm. Feature selection also passed through Fisher score ranking.

Based on the assessment, variance feature computed in the RGB color space was found to
perform superior to the rest of the features. For both image based as well as pixel based
classification criterions, the performance of the proposed method was commendable. The
proposed algorithm achieved sensitivity of 96.4%, specificity of 99.4%, overall accuracy of
97.9%, positive predictive value of 99.3% and negative predictive value of 97% for pixel based
classification of melanomas while for image based classification, it achieved sensitivity of 98%,
specificity of 100%, overall accuracy of 98.6%, positive predictive value of 100% and negative

predictive value of 95.2%. This is a commendable result when compared to other results already
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reported in the literature. The results clearly demonstrated why holistic analysis of colors is more
important than their serial equivalents. Conversion of colors into monochromes could be a
simpler approach but comes with serious costs particularly when analyzing images generated in
the medical world; the images are too sensitive and the inter-correlation information embedded

within the color channels is of paramount importance, as demonstrated in the current study.

6.2 Recommendations

There might still be rooms to improve the performance of the proposed algorithm in this thesis.
A Detter pre-processing tool to avoid artifacts such as thick hairs might be incorporated to
improve the performance of the proposed scheme. The effect of illumination during image
acquisition on the performance of the proposed algorithm should be rigorously checked.
Important dermoscopy structures like pigment network, which are crucial for melanoma
diagnosis, could be incorporated to provide the CAD system for clinical practice. Testing of the
proposed melanoma detection scheme with large number of data could further confirm and
validate its robustness. Translation and actual clinical evaluation of the proposed scheme might
need further investigation. The proposed scheme should contribute a great deal to tele-
dermatology to aid in the prevention and diagnosis of melanoma and non-melanoma skin lesions.
For example, an app could be developed incorporating the proposed tool as a feature. However,

such and other issues are subject to much further investigations.
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