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Sistema de Autovigilância para Deteção de
Alterações de Lesões Cutâneas Pigmentadas
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Computadores e Telemática, realizada sob a orientação cientı́fica do Doutor
Filipe Miguel Teixeira Pereira da Silva, Professor Auxiliar do Departamento
de Eletrónica, Telecomunicações e Informática da Universidade de Aveiro,
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Resumo

Melanoma é um dos tipos de pele cancro mais comum. Cinco por cento
de todos os casos de cancro anuais são identificados como melanoma e em
muitos casos, o paciente morre devido a um diagnóstico tardio. Ademais, o
número de casos de melanoma tem vindo a aumentar nos últimos 30 anos.
Felizmente, melanoma tem uma taxa de cura extremamente alta se detetado antecipadamente. Portanto, para ajudar a mitigar este problema, a
criação de aplicações capazes de ajudar o utilizador a detetar mudanças em
lesões cutâneas, e consequentemente procurar uma opinião profissional, são
extremamente úteis. Esta tese tem como objetivo o desenvolvimento de um
sistema automático de auto-vigilância focado na deteção de mudanças em
lesões cutâneas ao longo do tempo. Análise quantitativa com base na regra
ABCD é aplicada de forma a detetar mudanças entre uma imagem base e
uma imagem mais recente em termos de forma, cor e tamanho. Medidas de
similaridade entre imagens para a comparação de pares de imagens também
foram consideradas, dispondo informação acerca de novos atributos, como
cor, padrões e textura. Finalmente, os algoritmos desenvolvidos foram implementados numa aplicação móvel de maneira a avaliar a sua viabilidade
num dispositivo móvel. A aplicação foi desenhada de maneira a examinar,
localizar e monitorizar uma lesão cutânea pigmantada, podendo assim o
utilizador comparar images ao longo do tempo.

Keywords

Skin lesions, computer-assisted dermatology, medical imaging, mobile applications, self-surveillance.

Abstract

Melanoma is one of the most common skin cancers. Five per cent of all
cancer cases that occur in a year are cases of melanoma, and many people
die each year by melanoma because of overdue recognition. Moreover, the
number of new cases of melanoma has been increasing in the last 30 years.
Fortunately, melanoma is highly curable if detected yearly. To help mitigate
this problem, the creation of applications capable of helping the user detect changes in skin moles and seek professional opinions, are instrumental.
This dissertation aims at the development of an automated self-surveillance
system focused on detecting changes in pigmented skin lesions over time.
Quantitative analysis based on the ABCD-rule is applied to detect changes
between a baseline and a follow-up image in terms of shape, colour and size.
Image similarity measures for comparative evaluation of pair-images are also
considered, providing information about new attributes such as colours patterns and texture. Finally, the feasibility of integrating these complementary
criteria into a mobile application is evaluated. The application is designed
to help scan, track and monitor pigmented skin lesions, allowing the user
to compare images taken over time.
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Chapter 1

Introduction
The skin is the largest organ in the human body, and it is of extreme importance since
it protects from external threats and aggression. It protects the body from infections, water
loss and ultraviolet radiation. However, after several years of hard work protecting us, if not
taken care of, it can turn on his owner developing deadly cancer. Fortunately, nowadays,
there is vast knowledge in the area of Dermatology, and it is possible to identify signs that
the skin usually exhibits when undergoing mutation. These signs may differ according to the
type of malignancy and sometimes are hard to perceive. In order to overcome this problem,
several tools and applications have been developed to facilitate the detection of these changes,
since that the early they are detected and treated, the lower the chance of them developing
into any form of cancer.
One of the solutions used to try and solve the issue is the development of applications
capable of obtaining skin lesions dermoscopy images from a user and storing them for later
comparison with an image of the same skin lesion. This comparison can be made using a
few different techniques and criteria, all revolving around image processing algorithms. The
results obtained can give the user an idea if a certain skin lesion suffers any change and its
percentage, incentivizing them to visit a dermatologist and ask for an expert opinion. In this
chapter, there will be a brief introduction into the main dermatological concepts related to
melanoma of the skin.

1.1

Motivation

Recent statistics show that there are over 150 million patients worldwide who have skin
cancer identified and many more that need to be screened. Further, it is estimated that 2
to 3 million people, on a global scale, develop skin cancer every year [1]. The increasing
incidence of skin cancer (Bray et al., 2018 [2]; Cancer Facts & Figures 2018; Rogers et al.,
2015 [3]; Stratigos et al., 2012 [4]) is largely due to excessive sun exposure and weak skin
cancer knowledge (Duarte et al., 2017 [5]). Among all skin cancers, malignant melanoma is
the most dangerous and deadly, developing through degeneration of the pigment-producing
skin cells (melanocytes). Further, melanoma is the 19th most commonly occurring cancer
with nearly 300,000 new cases in 2018. Due to its often black or dark-brown colour, it is
usually termed as black skin cancer. The two most common non-melanoma tumours are
basal cell carcinoma and squamous cell carcinoma. Non-melanoma skin cancer is the 5th
most commonly occurring cancer with over 1 million diagnosed worldwide in 2018.
1

A particular characteristic of skin cancer is that, in no small extent, it develops on visible
areas of the skin and very rarely on internal organs, which is why it is known as the cancer we can see. Research activities have emphasized innovative imaging modalities [6] for
analysis of skin lesions and computer-aided diagnosis (CAD) systems that can support the
dermatologist decision [7]. The development of web-based platforms, such as DermEngine
(https://www.dermengine.com), aims to promote the online connection between patients and
dermatologist while offering the latest tools in AI to support clinical decisions. At the same
time, the importance of skin self-surveillance is well-recognized since it can contribute to the
early detection of any suspicious lesions that turn out to be melanomas (Avilés et al., 2016 [8]).
Consequently, several mobile applications have been designed for the general public whose
functionalities range from informative/educational (e.g., sunscreen/UV recommendation) to
risk assessment and diagnosis [9].
The variety of user-friendly and specialized apps demonstrates the potential to expand
the practice to skin self-examination. On the one hand, many mobile apps offer the function
automatic follow-up examination, but this is usually limited to a side-to-side display of images
taken at different moments in time. Although this facilitates the visual assessment of changes,
there is no quantitative information that might be useful for lesion diagnosis and discovering
new patterns of colour and morphology. On the other hand, while most advanced applications
seek to provide a mole diagnosis or a risk assessment, the development of automated system
for tracking gradual changes in mole appearance over time have received less attention. Dermatologists often recommend the use of the ABCDE rule to improve patient self-screening
examinations. The last letter of the ABCDE mnemonic, which stands for Evolving, addresses
the importance of the lesion’s evolution over time in identifying worrisome skin lesions. In
line with this, the study conducted by Menzies et al. [10] demonstrates that change of a lesion
in size, shape or colour can be a reliable sign of a developing melanoma.
Some technological developments also deserve to be mentioned as a source of motivation
for this work. First, the introduction of high-quality smartphones and tablets with built-in
digital cameras allow acquisition of images, associate a label with the body location and
storing them for regular self-examinations. Second, advances in dermatoscopy, a non-invasive
imaging technique also known as dermoscopy or epiluminescence microscopy, have given rise
to compact and less expensive instruments to be used by the general public.

1.2

Objectives

Self-examination is considered one of the primary measures that can lead to early detection of skin disorders, an essential factor for an effective treatment. The main goal of this
dissertation is to take the first steps towards the development of a self-surveillance system
focused on the automatic detection of changes in pigmented skin lesions over time. More
concretely, change detection aims to analyze a pair of images of the same skin lesion acquired
at different times to detect eventual changes occurred in shape, colour, structure and texture.
In this context, the objectives outlined for this work are threefold:
• To perform an exhaustive review of computer-aided methods and algorithms for automatic detection of skin diseases. The literature review focuses on mobile applications,
computer-aided diagnosis (CAD) systems and the research efforts performed in the context of change detection of pigmented skin lesions.
2

• To select and/or adapt (to the context of change detection) the set of algorithms, lowlevel features descriptors, and metrics to be implemented in the self-surveillance system.
The criteria used in this selection relate to aspects such as the existing knowledge about
the validation of the methods and about the most important features for determining
the risk of skin cancer. In this context, algorithms based on the ABCD rule assume
particular importance, as well as image similarity measures.
• To evaluate how far it is feasible to integrate the image processing algorithms on a
smartphone itself or, on the contrary, how useful could be shifting all computations
related to image analysis to a personal computer. From the viewpoint of a surveillance
system, both solutions are possible, although the option for a mobile application seems
more appealing from the user’s perspective (mainly whether the graphical interface is
intuitive and easy to use).

1.3

Document Structure

The remaining part of this dissertation is organized as follows:
• Chapter 2 provides a brief introduction to skin biology and imaging technologies used
in clinical diagnosis. This is followed by a review of the literature about computer-aided
diagnosis (CAD) systems and skin self-surveillance mobile applications.
• Chapter 3 begins with the presentation of the overall procedures adopted in this
study and the main assumptions. This is followed by a description of the dataset
of dermatoscopic images used throughout the work. Finally, the software development
tools, the graphical user interfaces and the design of the mobile application are detailed.
• Chapter 4 describes the image processing methods implemented in order to detect
changes over time based on the ABCD-rule. The focus is placed on the skin lesion
segmentation, on the quantitative feature descriptors, as well as on the computational
cost assessment of the implemented algorithms on both the personal computer and the
smartphone.
• Chapter 5 describes the methods to detect and analyse changes in pair-images taken
at different moments in time, focusing on similarity measures which were considered
important in the diagnosis of skin diseases.
• Chapter 6 discusses the main accomplishments and contributions of this dissertation
before summarising the perspectives of future work.
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Chapter 2

State-of-the-Art
This chapter begins with a brief overview of skin biology and the introduction of standard
imaging technologies and clinical diagnosis methods. It is also dedicated to a literature
review related to computer-aided diagnosis (CAD) systems and skin self-surveillance mobile
applications.

2.1

Skin Biology

The skin provides an essential barrier against aggressions of the environment, such as
infections and ultraviolet radiation (UV). It consists of three main layers (Fig. 2.1) epidermis,
dermis and subcutaneous layer each one performing a specific task. The epidermis is the thin,
outer layer of the skin. The outermost portion of the epidermis, known as stratum corneum,
prevents most bacteria, viruses, and other substances from entering the body. In areas such
as the palms of the hands and the soles of the feet, the stratum corneum is much thicker to
provide greater protection from injury. The dermis is the skin’s next layer: a thick layer of
fibrous and elastic tissues that give the skin its flexibility and strength. It provides energy to
the epidermis, playing an essential role in maintaining body temperature within certain limits
and in the sense of touch. Among others, the dermis contains hair follicles, blood vessels, and
nerve endings. Below the dermis lies the subcutaneous layer (also called fat layer) that works
as an energy storage area, helping insulate the body from heat and cold.
Anything that interferes with the skin function or causes changes in appearance can have
significant consequences for physical health. Namely, the skin can become a source of cancer.
However, the skin usually exhibits signs which can help detect a disorder that can spread
through the entire body. The key indicators may differ according to the type of malignancy,
and they can be hard to perceive. Fig. 2.2 depicts a tree-structured taxonomy of skin
diseases, according to Esteva and colleagues (Esteva et al., 2017 [11]). This sub-set of skin
diseases includes relevant types of benign and malignant conditions. Although cancer can
develop in almost any cell in the body, keratinocyte and melanocyte cells in the epidermis
are more prone than others. Keratinocyte represents the majority (95%) of cells in the
epidermis, being the driving force for skin renewal. Most skin cancers develop from nonpigmented basal and squamous cells and their transformation results in the two most common
non-melanoma tumours: basal cell carcinoma (BCC) and squamous cell carcinoma (SCC),
respectively. These two types of skin cancers start in the top layer of skin (the epidermis)
and are often related to sun exposure. Basal cell carcinoma is the most common skin cancer,
5

Figure 2.1: Illustration of the human skin anatomy with the three layers: epidermis, dermis,
and subcutaneous tissue. (Source: Don Bliss / National Cancer Institute)

Figure 2.2: A schematic representation of a subset of skin diseases that includes the most
relevant types of benign and malignant lesions (adapted from Esteva et al., 2017 [11]): red
indicates malignant, green indicates benign, orange indicates conditions that can be either
and black indicates melanoma.
often located in areas of skin subjected to chronic sun exposure such as head and neck. BCC
can look differently from small, raised, firm and shiny moles, showing visible blood vessels to
thick, pearly white outer border moles (see the example in Fig. 2.3 on the left). Squamous
cell carcinoma is the second most common cancer of the skin with a tendency to local relapse
and with frequent metastases. At first, the tumour is red, thick, irregular in shape and scaly.
However, if not timely treated, the tumour can become raised, firm, and wart-like an open
sore (see an example in Fig. 2.3 on the right).
Melanocytes cells are scattered throughout the deepest layer of the epidermis (the basal
layer), using their dendrites to distribute the produced melanin to the surrounding cells (as
6

Figure 2.3: Basal cell carcinoma on the face, seen as a pigmented nodular lesion with rolledup margins (left) and invasive squamous cell carcinoma arising from a neglected, chronic
nonhealing ulcer (right). (source: ISIC archive).
illustrated in Fig. 2.1). The pigment melanin, one of the main contributors to skin colour,
protects the subcutaneous tissue from being damaged by UV radiation. Melanocyte cells start
producing more melanin whenever the levels of UV radiation increase, giving rise to tanning
reaction to sun exposure. When these cells grow in clusters alongside healthy cells, pigmented
skin lesions (PSLs) or melanocytic nevi appear on the surface of the skin as a regular part of
it. The most common benign dermatological conditions are freckle or ephelis, common nevus,
congenital nevus, atypical or dysplastic nevus, blue nevus and pigmented spitz nevus [12].
However, what should be highlighted in relation to the activities of these cells is the potential
of malignant transformation. Melanocytes that undergo a malignant transformation produce
a less common, but a more deadly and aggressive cancer: malignant melanoma. Melanoma
usually begins on healthy skin as a new, small, pigmented tumour, but also develops in preexisting moles (about one in three). Warning signs of possible melanoma result from changes
in pre-existing moles, such as enlargement (especially with an irregular border), darkening,
irregular colour changes, bleeding, itching and pain. Malignant melanoma is curable skin
cancer, but early detection is the key to reducing the mortality rate. However, melanomas can
vary in appearance from flat, irregular brown patches containing small black spots to raised
brown patches with red, white, black, or blue spots. Furthermore, sometimes seborrheic
keratosis, a common benign skin tumour derived from keratinocytes, may be misdiagnosed
as melanoma, which can increase the number of false positives. Fig. 2.4 shows an example of
malignant melanoma with irregular shapes and borders.

Figure 2.4: Malignant melanoma as an elevated pigmented lesion with irregular shape and
borders (source: ISIC archive).
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2.2

Imaging Modalities and Clinical Diagnosis

Dermatology is a medical field that is forced to rely heavily on visual information. Numerous non-invasive imaging modalities are available to aid in the diagnosis of skin cancer, each
with its resolution depth, image clarity, and clinical applicability. While some imaging tools
are useful for studying the microscopic anatomy of the skin (e.g., dermoscopy and optical
coherence tomography), other tools promise to become the gold standard (e.g., reflectance
confocal microscopy and tape stripping mRNA). A complete evaluation of these imaging
modalities can be found elsewhere (Wassef and Rao, 2013 [13]), including their benefits,
weaknesses, conditions for use, and clinical applicability.
Given the purpose of this work, the study is confined to dermoscopic images of skin
lesions. Although initially restricted to the evaluation of pigmented melanocytic lesions,
today, it is consensual the benefit of using dermoscopy in the everyday clinical practice [14],
such that the dermatoscope is gradually acquiring a role similar to the stethoscope of general
practitioners. A dermatoscope is a handheld image capture device composed of a light source
and a magnifying optic (from 6 to 100-fold magnification). The arrival at the market of
inexpensive dermoscopic attachments for smartphones (Fig. 2.5) creates the opportunity for
self-surveillance mobile applications. For example, all dermatoscopes from 3Gen’s DermLite
and Canfield’s VEOS series may be used with iPhone 5 (and newer models) and 3Gen’s
DermLite and MoleScope products can be used with Samsung Galaxy S3 (and newer models).

Figure 2.5: Examples of dermatoscopes accessories for smartphones: DermLite HUD, MoleScope II, DermLite Foto X (From left to right).
Risk assessment and diagnosis of malignant lesions are based on the presence of certain
features extracted from the dermoscopy images. Dermatoscopes analyze mainly horizontal
patterns, even if the depth of the visualized structures depends on the mode of dermoscopy.
While a non-polarized dermatoscope (NPD) provides information about structures in the
superficial skin layers (e.g., superficial epidermis down to the dermo-epidermal junction), a
polarized one (PD) provides visualization of deeper skin structures (e.g., dermo-epidermal
junction and superficial dermis). For example, on the one hand, Milia-like cysts and bluewhite veil are caused by superficial changes in the epidermis, and they are, therefore, better
visualized with NPD (see Fig. 2.6). On the other hand, Shiny white structures (chrysalis/crystalline, blotches, and strands, rosettes) are better visualized with PD since they are
associated with increased collagen at the superficial dermis (refer to Fig. 2.7). Since polar8

ized dermoscopy does not require direct skin contact, blood vessels and pink colour (vascular
blush) are more evident under PD due to lack of pressure effect. In addition, blood vessels
are located in the dermis that is better visualized with PD.

Figure 2.6: Two examples that are better visualized under non-polarized light: Milia-like
cysts (top) and blue-white veil (bottom) (Source: dermoscopedia).

Figure 2.7: An example of shiny white lines/streaks, which are better visualized with polarized
light. (Source: dermoscopedia)
Prior research has shown that dermoscopy in clinical settings is a valuable tool in the
detection of suspicious lesions, improving diagnostic accuracy in comparison to standard
photography. However, the level of experience of the user could be an initial barrier since it
plays a vital role in the reliability of a dermoscopic assessment.
The differences between PD and NPD may impact the diagnostic accuracy and diagnostic
confidence level. For example, PD can increase sensitivity for detecting amelanotic melanomas
or structure-poor melanomas and basal cell carcinomas, because PD highlights the presence
of blood vessels, vascular blush, and/or shiny white lines (chrysalis/crystalline). In contrast,
NPD can increase specificity by allowing to correctly identify Milia-like cysts and comedo
like openings in seborrheic keratoses. Most modern dermatoscopes allow the user to toggle
between the two modes (hybrid dermatoscopes), which provide complementary information.
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These devices should always be in direct contact with the skin and used with a liquid interface
dermoscopic structures will only be visualized in PD mode.

2.3

Skin Self-Surveillance Apps

This section provides an overview of the literature related to dermatology applications that
provide self-surveillance of skin moles. These applications allow the patient the ability to
evaluate the evolution of skin lesions using images captured by a smartphone. The growing
availability of smartphone attachments capable of turning these devices into functional and
compact dermascopes allows for the increase in the popularity of these types of applications.

2.3.1

Overview of technological solutions

This overview presents a chronological view from different sources, including literature
from Brewer et al. (2013) [15], Kassianos et al. 2015 [16] and Zaidan et al. (2018) [17] that
organized their research as a map of concepts present in relevant literature.
Brewer et al. (2013) [15], in May of 2013, identified and categorized several mobile applications available in dermatology, for both patients and medical professionals. There were
identified a total of 229 dermatology apps divided into 13 categories, the most important being the following: (i ) general dermatology reference: 61 apps whose contents range from
common skin conditions for the general public to a comprehensive reference guide for medical professionals; (ii ) self-surveillance/diagnosis: 41 apps that allow users to document
lesions, upload/receive medical or algorithm-based feedback about the potential risk of malignant lesions, log personal treatment regimens and record symptoms; (iii ) sunscreen/UV
recommendations: 19 apps that provide sunscreen recommendations based on skin type
and weather conditions; (iv ) teledermatology: 8 apps provide mobile consultation services;
(v ) dermoscopy: 2 apps require the use of a proprietary dermatoscope smartphone attachment. In Table 2.1 are listed the most reviewed mobile apps at the time.
Table 2.1: Most reviewed mobile applications in May 2013 (Brewer et al., 2013 [15]).
Category
UV recommendation

Reference

Self-surveillance/ diagnosis

Application
Ultraviolet ∼ UV Index provides sun protection recommendations
based on one’s location as determined by global positioning system
SPF is another app that provides sun safety recommendations
VisualDx is a diagnostic reference and differential diagnosis builder
for professionals
iSore is a dermatology reference intended to be used by the general
public
Pocket Derm provides a basic reference intended to assist non-dermatology
providers in properly diagnosing dermatologic conditions
SpotMole analyzes photos of moles for signs of melanoma using image
processing and pattern-recognition techniques
Skin Scan allows patients to photograph moles and uses an algorithm
to classify moles as high risk, medium risk, or low risk (name changed
to Skin Vision in 2013)
Doctor Mole is a self-surveillance app that provides risk assessment of
each mole, allowing users to compare change over time
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In a later paper, Kassianos et al. (2015) [16] reviewed smartphone applications that detected melanoma targeted at the general public, patients and medics. They reported 39
applications, in July of 2014, divided into information, education, classification, risk
assessment and monitoring change. It was also reported that more than half of them
provided information, advice or education about melanoma, ultraviolet radiation exposure
and skin self-examination based on the ABCDE method (A, Asymmetry; B, Border; C,
Colour; D, Diameter; E, Evolving). These apps also stored images of skins lesions either for
review by a dermatologist or for self-monitoring changes. They also sent reminders to the
users in order to help them monitor their skin lesions. Four apps provided a risk assessment,
informing the user about the probability of the lesion being malignant or benign. None of
the apps appeared to have a lot of research input in their design, and none of them appeared
to be validated in terms of accuracy.
In a recent paper by Zaidan et al. (2018) [17], articles on applications for skin cancer
diagnosis between 2011 and 2016 were reviewed and a total of 89 were found and divided into
4 categories: development and design, aalytical, evaluation and comparative and
review and survey studies. Of these 89 articles, 43 talks about the development of AI
algorithms used for assisting in the prevention and early detection of melanoma. 20 articles
involve analytical studies on skin cancer, classification of malignant and benign cancer and
methods of prevention and diagnosis. 15 articles consist of studies ranging from evaluation or
comparison of mobile apps to the exploration of features for skin cancer detection. Finally, 11
articles specify reviews and surveys referring to existing apps or an overview of the technology.
Later, Jaworek-Korjakowska and Kleczek (2018) [18] wrote about the existence of about
45 apps related to skin lesion diagnosis available on Apple’s App Store in March of 2017.
Most of then provided only educational information on melanoma and almost half allowed
the user to take photos of their lesions and track changes through visual comparison. Only 4 of
the apps performed melanoma risk assessment or lesion classification through image analysis.
These 4 apps are DermaCompare (risk assessment through image comparison), Lubax
(mole diagnosis through content-based image retrieval), MySkinApp (risk assessment) and
SkinVision (risk assessment through fractal analysis). Of these four, two were certified by
authorities: SkinVision received the European ”CE” Marking and DermaCompare was
approved by the US Food and Drug Administration. The authors of SkinVision, Lubax
and eSkin release to the public the results of clinical evaluation of melanoma risk assessment
algorithms (Table 2.2).
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Table 2.2: Clinical evaluation of melanoma risk algorithms.
Application

Results of clinical evaluation

SkinVision

The SkinVision application evaluates lesions to one of the three risk
classes: high, medium, or low (Jaworek-Korjakowska and Kleczek, 2016 [19]).
SkinVision was tested on a set of melanocytic lesions images taken using
iPhone 4S mobile device equipped with an 8-megapixel auto-focus camera.
The risk assessment algorithm is based on the analysis of a gray-scale image
of a lesion and its associated fractal map. The fractal map is generated
based on the weighted local fractal dimension (WLFD) proposed in Udrea,
Tanase and Popescu (2012) [20] for computer tomography image enhancement.
To segment the lesion and thus extract the lesion contour, thresholds were
obtained by applying Otsu’s threshold. It achieved the overall sensitivity
of 73%, specificity of 83%, and an accuracy of 81%. The positive and
negative predictive values were 49% and 83%, respectively.

Lubax

The skin-lesion classification system used by Lubax consists of a
proprietary database of nearly 12,000 images of diagnosed lesions and a
computer algorithm based on the principles of content-based image
retrieval. Each lesion image in the database was reviewed and diagnosed by
at least one of three board-certified dermatologists using standard clinical
criteria. The ground truth classification was not biopsy-proven but
based on the agreement between the reviewing dermatologists. Only 302
images of melanoma borrowed from the DermNet NZ database
were previously confirmed by histopathology.
The algorithm compares the characteristics of new images with images in
the database to identify the nearest-match diagnosis (Chen et al., 2016 [21]).
The lesion images were taken using Celestron (Torrance, CA) hand-held
digital microscopes equipped with 2-megapixel cameras with a macro lens
surrounded by a ring of white light-emitting diode lights. It uses
orientation- and artifact-independent image information on lesion size,
colour, shape, and texture to create a single high dimensional signature for
each image. Lubax was evaluated on a set of 337 images queried from the
database, out of which 208 were melanomas. It scored sensitivity of 90.4%,
specificity of 91.5%, and accuracy of 90.8%.Te positive and negative
predictive values were 94.5% and 85.5%, respectively.
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Application

Results of clinical evaluation

eSkin

The eSkin application was implemented on an iOS smartphone using Swift
in the Xcode development environment dedicated for macOS (contains a
suite of software development tools for macOS, iOS, watchOS and tvOS).
Basic functionalities have been implemented, including taking a medical
photo and assessing the skin mole as well as medical data archiving.
The eSkin application uses a scientifically proven algorithm to detect
and analyze the dermoscopy images for visible signs of skin cancer. The
first two steps, including image preprocessing and segmentation, are
performed for each of the analyzed medical pictures (JaworekKorjakowska, 2018 [18]; Jaworek-Korjakowska and Tadeusiewicz, 2013 [22]).
After the first two steps, the segmented skin mole is ordered to one of the two
classification algorithms: micro-melanomas (skin moles with a diameter less
than 5 mm) pass to the Micro Melanoma algorithm and advanced skin
moles (the remaining ones) pass to the Specifc Melanocytic Lesion
algorithm (the algorithms have been described in detail in JaworekKorjakowska and Kleczek (2016) [19] and Jaworek-Korjakowska (2016) [23].
The diameter of the lesion is provided by the user as it is not possible to
assess it only based on the medical image.
To measure the diagnostic performance, the authors calculated sensitivity,
specificity and the area under that plot curve (AUC). For statistical
analysis, SkinVision classified histologically proven nevi as low or medium
risk and melanoma as high-risk lesion. The statistics included 144 lesions
(with a minimum of 3 images per lesion) with the following histological
diagnosis: 84 benign nevi (58%), 34 dysplastic nevi (24%), and
26 melanomas (18%). The sensitivity of the SkinVision melanoma detection
algorithm compared to the histological result was 73%, the specificity 83%,
and the accuracy 81%.

2.3.2

Challenges and opportunities

The wide variety of mobile apps show great potential for the increase in skin self-examination. Seeing that the cost of a missed cancer is much granter than the miss-classification of
benign skin moles, these applications should reduce the number of false negatives at the cost
of false positives, in other words, a balance between high sensitivity and reasonable specificity.
With this said, it is worth wandering how effective are smartphone applications in aid
of early detection of skin cancer?
A study published in JAMA Dermatology, Wolf et al. (2013) [24] analyzed four smartphones applications that claimed to detect skin cancer. The study concluded that the most
accurate application had a miss rate of almost 30% for melanomas, being diagnosed as lowrisk lesions. there is also a large range in the sensitivity and specificity in these applications
for melanoma detection and have a high false-negative rate that can delay the diagnosis of
melanoma and harm users. Another study, published in the Journal of the European Academy
of Dermatology and Venerology by Maier et al. (2015) [25] tested the accuracy of the SkinVision application through the analysis of 195 images of skin lesions. The application was
81% accurate in detecting melanoma with 73% sensitivity and 83% specificity, compared to
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clinical diagnosis through dermatologists with 88% sensitivity and 97% specificity. Despite
the potential that applications have, researchers noted that 81% accuracy is not enough to
detected melanoma with the required confidence. Finally, the Federal Trade Commission, in
the United States of America, brought cases against several skin mole evaluation applications
for false advertising of their capabilities to detect skin cancers (CancerCommons, 2015).
After all the raised concerns, self-surveillance applications will continue to improve their
accuracy and properly evaluated. A recent review published in Journal of the American
Academy of Dermatology (Pampena et al., 2017) [26] indicates the importance of detecting now growths in order to detect melanoma. After the revision of 38 published studies,
researches found that less than one-third of melanomas (29%) arose from an existing mole,
compared to the majority (71%) of melanoma cases appeared from new skin moles. Moreover,
those melanomas that appeared from existing skin moles were thinner than other melanomas,
indicating that the patients with this type of melanoma have a better prognosis than others.
These last results could indicate that patients should monitor their existing skin moles
for suspicious changes, as well as look for any new skin moles that may appear. Considering
all of this, the importance of self-surveillance applications that are capable of: (i) detecting
changes in size, colour and structure of a skin mole, (ii) detect the appearance of new skin
moles, and (iii) spread of pigmentation outside the border of a skin mole. These applications
do not have the need to detect and inform the users if they have melanoma in order to be
useful in dermatology care. On the contrary, an application that automatic detects changes
and then informs the user about suspicious conditions that should be checked by dermatology
experts in order to assess the risk of skin cancer. Adding to this, recent technology solutions
in the branch of dermascopes allowed the distribution of compact and less expensive devices
for the general public to perform skin self-exams. For example, all dermascopes from 3Gen’s
DermaLite, Canfeld’s VEOS series and MoleScope products.

2.4

Computer Vision for the Diagnosis of Skin Lesions

This section provides an overview of research in computer-aided systems for skin lesions
diagnosis, and the algorithms typically used to analyze images and extract features. it is
based on recent state of the art surveys (Okur and Turkan, 2018 [27]; Pathan, Prabhu and
Siddalingaswamy, 2018 [28]; Mishra and Celebi, 2016 [29]; Masood and Al-Jumaily, 2013
[30]; Korotkov and Garcia, 2012 [31]; Maglogiannins and Doukas, 2009 [32]) and books
(Celebi, Mendonça and Marques, 2015 [33]; Scharcanski and Celebi, 2013 [34]) that show
the progresses in the field over the last years.
The next two subsections refer to the extraction of features of single skin mole images
and the problem of multiple skin lesion analyses, respectively. The first one will review
the computer-based technics used to obtained skin mole features like segmentation from the
background, colour and structure from, mainly, dermoscopic images. The second one will
present all the problems with multiple image analyzes of skin lesions.
The last subsection will have an overview of the main challenges and opportunities.

2.4.1

Lesion Segmentation

A skin lesion dermoscopy image is characterized by a single bounded region that is often
different from the normal skin surrounding it thanks to different properties, like colour, intensity and texture. Lesion segmentation is the process of separating the lesion area from the
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normal skin area. The goal of performing segmentation is to provide only the area of interest
to be later processed (e.g., obtain global morphological features specific to the lesion).
The edge of the segmented region, called border or boundary, also provides features that
can be used in the analysis of the lesion (Friedman, Rigel and Kopf, 1985) [35]. The correct
identification of the non-lesion area provides a region of normal skin for calculating relative
colours and other useful features (Cheng et al., 2008 [36]; Stanley, Stoecker and Moss, 2005
[37]).
There are several reasons why lesion segmentation is a challenging problem. First, dermoscopy images come with various artifacts, including hairs, ink, bubbles, ruler markers,
data calibration charts, etc. Second, low contrast between the bounded region and the normal surrounding occurs in many cases due to capturing devices, non-uniform lighting and
variation in skin tones. Third, the lesion itself shows variations in terms of colour, texture,
shape, size and location. Due to all these variables, it is crucial to design and build robust
lesion segmentation algorithms (Bogo et al., 2015 [38]; Celebi et al., 2015 [39]). The general
workflow for accurate lesion segmentation involves additional procedures before and after the
image segmentation stage.
The influence of most of the above variables can be minimized by basic pre-processing
steps or proper combination of them. The most common techniques includes the elimination
of variable lighting effects (Glaister et al., 2013 [40]; Quintana, Garcia and Neumann, 2011
[41]; Grana, Pellacani and Seidenari, 2005 [42]), the conversion of colour spaces (Gonzalez and
Woods, 2008 [43]; Garnavi et al., 2011 [44]; Schaefer et al., 2011 [45]), contrast enhancement
(Abbas et al., 2013 [46], Celebi, Iyatomi and Schaefer, 2009 [47]) and artifacts removal, most
commonly hairs (Xie et al., 2016 [48]; Abbas et al., 2013[49]; Abbas, Celebi and Garcı́a,
2011 [50]; Xie et al., 2009 [51]). In the field of image segmentation, several algorithms have
been developed, including methods based on histograms thresholding (Celebi et al., 2013 [52];
Garnavi et al., 2011 [44]; Gómez et al., 2008 [53]), clustering (Mete, Kockara and Aydin, 2011
[54]; Zhou et al., 2008 [55]; Melli, Grana and Cucchiara, 2006 [56]), active contours (Zhou et
al., 2013 [57]; Erkol et al., 2005 [58]), edge detection (Abbas et al., 2011 [59]; Rajab, Woolfson
and Morgan, 2004 [60]), graph theory (Yuan, Situ and Zouridakis, 2009 [61]) and probabilistic
modelling (Wong, Scharcanski and Fieguth, 2011 [62]; Celebi et al., 2008 [63]). These methods
can be combined to achieve maximum accuracy (Celebi et al., 2015 [64]; Celebi et al., 2009
[65]; Silveira et al., 2009 [66]). Post-processing may be essential for improving the accuracy
of the segmented image through region merging (Wong, Scharcanski and Fieguth, 2011 [62];
Celebi et al., 2008 [39]) and peninsula detection and removal (Kasmi et al., 2015 [67]).

2.4.2

Feature Extraction

Feature extraction is an active area of research in computer vision, as well as one of the
most studied topics in the context of computer-aided diagnosis of skin lesions. The concept of
feature extraction refers to the process of identifying points in an image (interest points) that
can be used to describe the image contents. Features like colour, texture, shape, structure,
relative size and location are the most used for feature extraction (Barata et al., 2014 [68]).
Unlike lesion segmentation, feature extraction in most cases will result in multiple segments
around the lesion area. A given feature may span the lesion area (global), may be present in
a small area (local) or may be present at multiple spots in the lesion. Moreover, there may
be multiple clinical features that indicate whether the lesion is benign or malignant.
There is a considerable number of commonly employed features in predicting melanoma,
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such as pigment network (Sadeghi et al., 2011 [69]), atypical and typical networks, streaks
(Sadeghi et al., 2013 [70]; Sadeghi et al., 2012 [71]; Mirzaalian, Lee and Hamarneh, 2012 [72]),
regression structures (Leo et al., 2009 [73]), starburst pattern, dots and globules (Yoshino et
al., 2004 [74]), blotches (Stoecker et al., 2005 [37]), blue-white veil (Arroyo, Zapirain and
Zorrilla, 2011 [75]; Celebi et al., 2008 [76]), pink shades (Kaur et al., 2015 [77]), white areas
(Dalal et al., 2011 [78]), milia-like cysts and vascular structures (Argenziano et al., 2004 [79]).
In addition to their presence, the distribution of a feature in the lesion area provides further
diagnostic information. Most of these feature structures can also be broadly categorized as
having different patterns such as reticular, globular, cobblestone, homogeneous, starburst,
parallel, multi-component, lacunar and unspecific (Saez, Serrano and Acha, 2015 [80]; Arroyo
and Zapirain, 2015 [81]; Serrano and Acha, 2009 [82]). Other authors also emphasize the
importance of integrating benign dermoscopic features that would aid in building more robust
CAD systems (Stefani et al., 2014 [83]). Fig. 2.8 illustrates a distribution of feature categories,
according to the study of Pathan, Prabhu and Siddalingaswamy (2018) [28].

Figure 2.8: Distribution of the feature categories in dermoscopic studies according to the
review paper of Pathan, Prabhu and Siddalingaswamy (2018) [28].
Lesion-related morphological features such as estimated diameter (estimated because the
images acquired can have different scales), symmetry, irregularity, eccentricity etc. can be
calculated from the lesion border. Colour and texture features related to the lesion can also
be calculated from the lesion area; these can be referred to as global features. In order to
generate a clinical feature, specific attributes are very commonly used in this case as well. In
addition, morphological attributes of such segments such as shape, size, location in the lesion
etc. may also be used.
Many dermoscopic structure have been identified to help determine whether a given skin
lesion is melanocytic/nonmelanocytic and benign/malignant (Carrera et al., 2016 [84]; Argenziano et al., 2007 [85]; Argenziano et al., 2003 [86]). As a result of several studies, different
competing dermoscopic algorithm have been introduced with a variable definition of specific
attributes, including the following:
• Pattern Analysis (Pehamberger and Steiner, 2016 [87]; Barzegari et al., 2005 [88])
identifies melanocytic lesions using local and global patterns. Local patterns include
pigment system, dabs and globules, streaks, blue whitish shroud, relapse structures,
hypopigmentation and vascular structures. Global patterns include reticular, globular,
cobblestone, homogeneous, stardust, parallel, multicomponent, lacunar and unspecific
patterns.
• ABCD-rule (Nachbar et al., 1994 [89]) evaluates melanoma diagnosis using four criteria
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which include asymmetry, border irregularity, colour and diameter. Each criterion is
multiplied by a weight factor to establish a Total Dermoscopic Score (TDS) such as
a lesion is considered benign for a TDS score lesser than 4.75, an intermediate TDS
value of 4.755.45 it is regarded as possible melanoma, and a score above 5.45 indicates
probable melanoma.
• Menzies method (Robert, 2002 [90]) is based on a set of negative and positive features.
Negative features include patterns that are a point of axial asymmetric and presence
of a solitary shading (grey, ebony, blue-red, tan and dark brown). The nine positive
features include blue-white veil, multiple brown dots, pseudopods, radial streaming,
depigmentation, peripheral ebony dots/globules, multiple hues, numerous blue/dark
spots and expanded network. For a lesion to be classified as melanoma at least one
positive feature must be found.
• 7-point checklist (Unlu, Akay and Erdem, 2014 [91]; Walter et al., 2013 [92]) assigns
a score based on three major (atypical pigment network, blue-white veil and atypical
vascular pattern) and four minor criteria (irregular streaks, irregular pigmentation,
irregular dots/globules and regression structures). To score a lesion, the proximity of a
major criterion is given 2 points and that of a minor model is given 1 point. The lesion
is named as melanoma when the aggregate score is more prominent than or equivalent
to 3.
• CASH algorithm (Henning et al., 2007 [93]) is designed as a simplified form of pattern
analysis in which lesions are evaluated according to the colour, architecture, symmetry
and homogeneity.
A comparison of these algorithms reveals two diverging approaches to simplified melanoma
detection. The ABCD rule and CASH mainly quantify the overall organization of a lesion
by accessing features such as symmetry, architectural disorder, border sharpness and heterogeneity in colours and structures. The 7-point checklist relies on the identification of atypical
appearances of dermoscopic structures (e.g., atypical network) in distinction from otherwise
normal counterparts or on identifying unique structures strongly associated with melanoma.
The Menzies method includes elements of both approaches. Although each algorithm has
unique criteria, there is significant overlap in their concepts, which may explain the attempt
to create a unified dermoscopy algorithm (UDA) based on those features that are most reproducible and diagnostically significant, as well as to include newly identified dermoscopic
features with high specificity for melanoma, such as negative network or white shiny structures
(Pizzichetta et al., 2013 [94]; Balagula et al., 2013 [95]).

2.4.3

Disease Classification

Lesion segmentation and feature extraction are the preliminary steps before the classification process. Actually, features or attributes that characterize the image samples are
required to solve the classification problem. At the final stage, these image features are used
to train a classifier that should be able to distinguish melanomas from benign lesions. Among
the most used classifiers are the artificial neural networks (ANNs) (Binder et al., 1998 [96];
Husemann et al., 1997 [97]; Binder et al., 1994 [98]; Ercal et al., 1994 [99]), support vector
machines (SVMs) (Celebi et al., 2007 [100]), decision trees (Kahofer, Hofmann-Wellenhof and
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Smolle, 2002 [101]), ensemble learners (Abedini et al., 2015 [102]; Schaefer et al., 2014 [103]),
k-nearest neighbours (kNN) (Ballerini et al., 2013 [104]) and Bayesian networks (Serrano and
Acha, 2009 [82]). Fig. 2.9 displays the percentage of dermoscopic studies found in the literature for each of these classification methods, according to the study in Pathan, Prabhu and
Siddalingaswamy (2018) [28].

Figure 2.9: Contribution of each classification method to the total number of dermoscopic
studies according the review paper of Pathan, Prabhu and Siddalingaswamy (2018) [28].

2.4.4

Challenges and opportunities

Computer-aided diagnosis (CAD) systems have been extensively developed since the early
1990s as potential aids in the evaluation of melanocytic lesions (Menzies et al., 2005 [105];
Rubegni et al., 2005 [106]; Blum et al., 2004 [107]; Hoffmann et al., 2003 [108]; Piccolo et
al., 2002 [109]; Rubegni et al., 2002 [110]; Elbaum et al., 2001 [111]; Binder et al., 2000
[112]; Binder et al., 1998 [96]; Green et al., 1994 [113]; Green et al., 1991 [114]). Some
of them reached a degree of sensitivity and specificity that approximates that of an expert
dermatologist (Menzies et al., 2005 [105]; Rubegni et al., 2005 [106]; Rubegni et al., 2002 [115];
Binder et al., 2000 [112]). Since then, several software systems for the automated detection
of melanoma in macroscopic and dermoscopic images appeared on market. Table 2.3 presents
some of these software tools with a brief description of key features.
At the current stage of development, CAD-systems are used to provide a second opinion
to expert clinicians and/or to give advanced training to new clinicians. Most computer-based
diagnosis systems begin with algorithms for lesion segmentation to determine the boundaries
between the lesion and the surrounding skin. The lesion is then analyzed for various diagnostic features such as colour, hue, texture, asymmetry, border irregularity and
dimensions. Some systems provide quantification of such features for physician assessment,
whereas others analyze the full constellation of features and provide a provisional diagnosis.
Some have achieved a degree of sensitivity and specificity approaching expert dermoscopists.
Based on these encouraging results, scientists are working to develop fully automated diagnosis systems.
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Table 2.3: Software tools for automated detection of melanoma in dermoscopic images.
Software tool

Proprietary information

MoleMax

Derma Medical Systems (Austria)

DBDermoMips/DDAX

Biomips (Italy)

Fotofinder

FotoFinder Systems (Germany)

DermaGraphixMirror

Canfield Imaging Systems (USA)

Dermoscopix

Dermoscopix (Germany)

MoleExpert

DatInf GmbH (Germany)

MoleScope/
Derm Engine

MetaOptima (Canada)

Melanoscan

Melanoscan (USA)
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Key features
Analyses macroscopic and dermoscopic
images; diagnosis is taken using the
ABCD-rule and the 7-Point Checklist.
Performs real-time analysis of dermoscopic
images; uses, as diagnosis support, the
ABCD rule (although it analyses
other indicators).
Works with dermoscopic images;
offers an advanced capture software
for the body map;
diagnostic supported by the ABCD-rule
Works with dermoscopic images;
diagnosis carried out by monitoring the
evolution of the lesions and the ABCD-rule.
Supports macroscopic and dermoscopic images;
diagnosis is taken using the Menzies method.
Supports macroscopic and dermoscopic images,
allowing to monitor the evolution over time;
diagnosis is taken using the ABCD-rule.
Web-based solution integrating mobile
dermoscopy (for patients) with advanced
software for imaging and diagnosis of skin
conditions (for medical professionals).
Screening program aimed at the patients;
for the diagnosis, it uses the ABCD-rule.

A comparative study of diagnostic accuracy for three commercially available systems for
diagnostic accuracy was presented by Perrinaud et al. (2007) [116]. Authors found that each
one tended to over-diagnose suspicious melanocytic lesions as melanoma, leading them to
question whether computer applications were ready to be used in clinical practice. Hopefully,
the evaluation of commercially available systems from a decade ago does not reflect the
performance of today’s state-of-the-art automated systems that tend to match, if not exceed,
clinical diagnostic accuracy. From the surveyed papers, there are three aspects that should
be emphasized: First, computer-aided diagnosis systems already achieved their most valuable
functionality: the description of lesion characteristics. Second, dermoscopy images seem to be
those that have the greatest potential for applications either at home or clinic setting. Third,
a recurring challenge is to find a database and atlas that can be used as ground truth in
various image analysis tasks, including pre-processing, border detection, feature extraction,
and classification.
At this point, some opportunities associated with the development of computer vision
algorithms for analysis of pigmented skin lesions can be mentioned, such as:
• Automatic change detection. There is a lack of reported material on automating
change detection (i.e., detection of new and changing lesions). Most computerized systems aim to provide an accurate diagnosis of skin cancer (mostly melanoma). However,
it has been observed that only a few studies reported the use of computer vision algorithms for detecting the appearance of new lesions and the rapid change in lesion
morphology and size over time. These are two signs of an early-stage melanoma with
importance for a self-examination system.Total body photography (TBP) [117] and sequential digital dermatoscopic imaging (SDDI) [118] are two state-of-the-art methods
for monitoring the evolution of pigmented skin lesions over time, both with a limited
number of studies on automated analysis.
• Feature selection. Although promising results were obtained from the perspective
of dermoscopic feature extraction, there is still a need for further developments. The
study by Carrera et al. (2016) [84] has shown that dermoscopic criteria used to detect
melanoma have modest levels of accuracy and lacked inter-observer agreement. In
addition to the need for further improvements in criteria and algorithms, there is also
a lack of attention on how to identify the set of features that are the most reproducible
and diagnostically significant for a reliable detection of new and changing lesions.
• Benchmark dataset. An important step to improve the output accuracy and unite
the efforts of different research groups is to provide a publicly available benchmark
dataset for the algorithms being developed. The public image archive created in the
ISIC Melanoma Project allows analysis and comparison of the areas within a lesion
that users select as having unique dermoscopic structures. However, there is no public
dataset of smartphone images or a comparative study evaluating the impact of using
the smartphone instead clinical images.

2.5

Final Remarks

This chapter provided a review of CAD systems and mobile apps for skin lesion analysis
and diagnosis. At the current stage of development, CAD-systems are used to provide a
second opinion to expert clinicians and/or to give advanced training to new clinicians. Most
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systems begin with algorithms for lesion segmentation to determine the boundaries between
the lesion and the surrounding skin. The lesion is then analyzed for various diagnostic features
such as colour, hue, texture, asymmetry, border irregularity, and dimensions. Some systems
provide quantification of such features for physician assessment, whereas others analyze the
full constellation of features and provide a provisional diagnosis. Some have achieved a degree of sensitivity and specificity approaching expert dermoscopists. On the basis of these
encouraging results, scientists are working to develop fully automated diagnosis systems.
From the surveyed papers, there are three aspects that should be emphasized. First,
computer-aided diagnosis systems already achieved their most valuable functionality: the description of lesion characteristics. Second, dermoscopy images seem to be those that have the
highest potential for applications either at home or clinic setting. Third, a recurring challenge
is to find a database and atlas that can be used as ground truth in various image analysis
tasks, including pre-processing, border detection, feature extraction, and classification. In
what concerns self-surveillance tools, the wide variety of mobile apps demonstrates a great
potential to expand the practice for skin lesion analysis. Since the cost of a missed cancer
is much higher than the misclassification of benign findings, these applications should reduce
false negatives even at the cost of an acceptable number of false positives (i.e., the trade-off
between high sensitivity and reasonable specificity). However, unlike most current systems,
the application does not have to tell users whether they have cancer in order to be useful in
dermatology care. On the contrary, an application for automatic change detection and/or for
finding new spots would be essential to inform and alert the user about suspicious conditions
that ask for a more in-depth analysis by an expert dermatologist. In line with this, the most
exciting systems seem to be those capable of keeping track of skin lesions over time, analyzing
(i) changes in the size, colour, and structure of a mole, (ii) newfound moles or spots, and (iii)
spread of pigmentation outside the border of a mole. Based on the literature review and after
assessing all the feature descriptors, the ABCD rule was chosen as a guide for the desired
features to extract from the skin lesion images.
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Chapter 3

Materials and Methods
This chapter introduces the computational methods and tools used throughout the dissertation. Section 3.1 describes the overall approach, workflow, and assumptions that guided the
computerized analysis for identifying changes over time. Section 3.2 presents the collection of
dermoscopic images needed for the evaluation of the developed algorithms obtained from the
publicly available ISIC dataset. Section 3.3 details the development environment in which the
study took place, as well as the software packages used for image processing. Section 3.4 is
dedicated to the graphical user interfaces, as well as the design and development of a mobile
application for skin self-surveillance incorporating basic functionalities.

3.1

Overall Approach and Assumptions

The design of the self-surveillance system is based on the central role of a dermatologist.
The proposed design assumes regular visits to the dermatologist in order to perform a full
skin examination and to allow an updated identification of the most worrisome lesions (i.e.,
suspicious moles). Then, the examiner tags these moles as being those that should merit more
attention when the patient is to perform the skin self-examination. The schematic diagram in
Fig. 3.1 illustrates the vision behind the proposed self-surveillance system on the patient side.
This system will consist of: (i) the mobile phone with the attached dermatoscope for providing
dermoscopic images under magnification and appropriate illumination conditions, and (ii) the
image processing algorithms for automatic change detection. In case the application notifies
any suspicious condition, he/she should interact with a dermatologist sharing the specific
image and seeking for advice.
As stated before, the most promising self-surveillance systems seem to be those capable
of keeping track of changes in existing moles and those capable of finding new moles or spots.
The self-surveillance system proposed in this dissertation is intended to track gradual changes
in appearance (e.g., size, shape, colour and structure) of existing moles over time. More
specifically, the computational tool is limited to notify the user of any suspicious condition
when comparing a follow-up image (current self-examination) to a baseline image (last selfexamination), but not to provide a mole diagnosis or risk assessment. At this point, two
challenges need to be addressed: (1) the metrics for comparing follow-up and baseline images,
and (2) the availability of an image-pairs dataset.
As discussed in the previous chapter, feature extraction is a crucial step to obtain discriminative representations of skin lesions. A great research effort has been made in last years
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Figure 3.1: Schematic diagram of the self-surveillance system.
focused on dermoscopy, allowing to identify a broad spectrum of features that characterize
skin lesions [119][6]. However, in the specific context of lesions that are undergoing changes,
there is a lack of knowledge about the set of features that are the most reproducible and significant for reliable detection. In this work, the algorithms used to compare the pair-images
are divided into two groups, as illustrated in Fig. 3.2. First, the skin lesions are characterized based on four properties: asymmetry, border irregularity, internal colour variation and
diameter, inspired by the popular ABCD-rule of dermoscopy. These criteria, first introduced
in 1985 [120], have been expanded to the ABCDE rule by adding the Evolving criteria related
to new or changing lesions [121]. Among the different medical procedures, the ABCD-rule
is the one that inspired early CAD systems, is also recommended for patients to use when
evaluating their moles during regular self-skin examinations.
In addition to this rule, several other feature descriptors can be found for automatic
detection of skin cancer, such as colour, shape and texture [119][6]. Accordingly, the second
group of computational algorithms implemented in this study are based on image similarity
measures, including intensity measures and histograms, feature matching algorithms and
wavelets for texture analysis. Accordingly, there will be two ways for evaluating change
detection: numerical metrics resulting from the application of the ABCD-rule and similarity
scores associated with image similarity measures, both being discussed in Chapter 4 and
Chapter 5, respectively. The definition of the threshold values for a lesion to be considered
suspicious is beyond the scope of this study.
In what concerns the image-pairs dataset, there seems to be no publicly available dataset
for sequential imaging analysis, i.e., a dataset with sequences of dermatoscopic images of the
same mole showing modifications over time. In line with this, all the dermoscopic images used
throughout the study were selected from the ISIC dataset [122]. This raises two questions:
first, the pair-image analysis will be performed, assuming both images belong to the same sign
taken over time with the same dermoscopy device. The second question regards the quality of
these images versus what would be obtained by a smartphone equipped with a dermatoscope.
Here, it is assumed that the cost of commercially available smartphone dermatoscopes will
decrease, while performance will tend to approximate that existing in clinical settings.
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Figure 3.2: Block diagram illustrating the procedures used to detect changes in individual
skin lesions consisting of a baseline image and a follow-up image.

3.2

Pair-Image Dataset Description

To the best of our knowledge, there are no available research databases on the topic of
sequential image analysis, which is something that many research groups are pursuing themselves. Therefore, all images used for testing the change detection algorithms were obtained
from the International Skin Imaging Collaboration (ISIC) archive [122]. The ISIC is
an international effort (academia and industry partnership) to help reduce melanoma mortality, being sponsored by the International Society for Digital Imaging of the Skin (ISDIS). This
archive contains the most extensive publicly available collection of quality controlled images
of skin lesions (there are currently over 23900 images), which were collected using a variety of
modalities. These digital images of skin lesions can be used to educate professionals and the
general public in diseases recognition. At the same time, the ISIC dataset helps the diagnosis
of melanoma through teledermatology, clinical decision support and automated diagnosis.
All incoming images to the ISIC archive, from international contributions, are screened
for both privacy and quality assurance. Most images have associated clinical metadata,
which has been subjected to a careful and critical examination by recognized skin cancer
experts. A subset of the images has undergone annotation and markup, including dermoscopic
features such as global and local morphologic elements known to discriminate between types
of skin lesions (e.g., actinic keratoses, basal cell carcinoma, benign keratosis, dermatofibroma,
malignant melanoma, melanocytic nevi and vascular lesions).
Most images in the ISIC dataset were acquired using contact non-polarized dermatoscopes.
These images are the most relevant for the study since commercially available dermatoscopes
for the general public to use with smartphones produce the same type of images. The image
pairs used in this study result from the nine dermoscopic images (see Fig. 3.3) extracted
from the ISIC archive (existing images of the same signal taken over time). This small
dataset includes three benign lesions (top-row), three malignant lesions (middle-row) and
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three lesions with an unknown diagnosis (bottom-row).

Figure 3.3: The dataset used to evaluate the change detection algorithms consists of nine
dermoscopic images: benign lesions (top-row), malignant lesions (middle-row) and lesions
with an unknown diagnosis (bottom-row) (Source: ISIC Archive).

3.3

Software Development Environment

This section identifies all the software tools used either to implement the algorithms in
the personal computer (a laptop) or to test them on the smartphone, including the PyCharm
development environment, the Android Studio and, for both cases, the software libraries
adopted throughout the work. MATLAB was also used as it provides a fast and flexible way
to verify designs and evaluate tradeoffs.

3.3.1

PyCharm

For the purpose of this project, most of the developed methods were done using Python,
which can be described as an easy to learn, powerful programming language. This decision was
made since most methods involve image processing algorithms, and this language facilitates
the creation process since it has high-level data structures, elegant syntax and dynamic typing.
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In order to develop all the methods in an efficient way, the PyCharm integrated development
environment (IDE) was used (Fig. 3.5). It is developed by the company JetBrains and
provides code analysis, a graphical debugger and an integrated unit tester. Also, it includes
integration with version control systems which protect against data loss and work as an
archive.
In addition to the development environment, some software libraries were used to aid
the image processing methods. The scikit-image library is an open-source Python package
dedicated to image processing built on the top of other well-known libraries such as NumPy
(high-perform calculations on multidimensional arrays), SciPy (scientific library for mathematics, science and engineering) and matplotlib (2D plotting library). This library assumed
a particular importance for separating the single bounded region characterizing the lesion
from the normal skin region, i.e., for solving the lesion segmentation problem. The goal of
segmentation is to provide a region-of-interest (ROI) for further processing.
In what concerns segmentation methods, scikit-image provides various algorithms that
can be classified as supervised and unsupervised (Fig. 3.4). Supervised algorithms assume
that some prior knowledge, possibly from human input, is used to guide the algorithm. Unsupervised segmentation algorithms attempt to subdivide images into meaningful regions automatically without requiring prior knowledge. As explained latter, the segmentation process
will be performed using the Active Contour method.

Figure 3.4: Some of the segmentation algorithms available in the scikit-image library.
The OpenCV (Open Source Computer Vision Library) is an open-source computer vision and machine learning software. This software is the basis for most of the developed
image processing algorithms in this project, due to the fact that contains more than 2500
optimized algorithms, which includes a comprehensive set of both classic and state-of-the-art
computer vision and machine learning algorithms. These algorithms can be used to detect
and recognize faces, identify objects, classify human actions in videos, track camera movements, track moving objects, extract 3D models of objects, produce 3D point clouds from
stereo cameras, stitch images together to produce a high resolution image of an entire scene,
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find similar images from an image database, remove red eyes from images taken using flash,
follow eye movements, recognize scenery and establish markers to overlay it with augmented
reality, among others.

Figure 3.5: PyCharm working environment for developing Python programs.

3.3.2

Android Studio

In order to develop the mobile application, which implements the image processing algorithm in a mobile interface, Android Studio was used which is the suitable integrated
development environment (IDE) for Android applications (Fig. 3.6). It is based on the IntelliJ IDEA, a Java integrated development environment for software, and incorporates its
code editing and developer tools. To support application development within the Android operating system, Android Studio uses a Gradle-based build system, emulator, code templates,
and GitHub integration. Every project in Android Studio has one or more modalities
with source code and resource files. These modalities include Android app modules, Library
modules, and Google App Engine modules.
In the Android Studio environment, in order to run Python methods, the Chaquopy
software is used. This software enables the intermix of Python, Java and Kotlin in any app,
and this way, allowing a mobile phone to run the developed image processing algorithms in
this project.

3.3.3

MATLAB

MATLAB is a high-performance language for technical computing, and it was used to
develop some image analysis algorithms, especially related to skin lesions’ texture features.
This language integrates computation, visualization, and programming in an easy-to-use environment (Fig. 3.7) where problems and solutions are expressed in familiar mathematical
notation. The MATLAB system is divided into five main parts: language, working environment, graphics, mathematical function library and application program interface (API). The
language is a high-level matrix/array language with control flow statements, functions, data
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Figure 3.6: Android Studio integrated development environment for mobile applications.

structures, input/output, and object-oriented programming features. The working environment is the set of tools and facilities that the work of the programmer, which includes facilities
for managing the variables in your workspace and importing and exporting data. The visual
system includes high-level commands for two-dimensional and three-dimensional data visualization, image processing, animation, and presentation graphics. The mathematical function
library is a vast collection of computational algorithms ranging from elementary functions
like sum, sine, cosine, and complex arithmetic, to more sophisticated functions like matrix
inverse, matrix eigenvalues, Bessel functions, and fast Fourier transforms. Finally, the API is
a library that allows you to write C and Fortran programs that interact with MATLAB.

Figure 3.7: MATLAB integrated development environment for image analysis.
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3.4

Graphical User Interfaces

In addition to the possibility of using a command-line interface, used later in Chapter 5,
it was necessary to develop, at this early stage of the project, a simple graphical interface
with three basic functionalities: (1) the choice of the skin lesions to analyze from a database,
(2) the selection of the algorithm to execute, and (3) the presentation of results. Given that
the development phases are divided between the personal computer and the smartphone, two
similar graphical interfaces for each environment were considered. The graphical interface
designed for the personal computer is illustrated in Fig. 3.8 and was executed in a HP laptop
with a Intel Core i7-4700MQ processor, 12 Gb of DDR3L memory, and a NVIDIA GeForce
GT840M 2 GB graphics card.

Figure 3.8: Graphical interface showing the comparison between two skin lesions.
On the smartphone side, the first steps were taken towards developing a mobile application
(often referred to as an app) for skin self-surveillance. At the current stage of development,
the application incorporates some basic functionality required for a self-surveillance system,
such as taking photos of those moles considered most suspicious, archiving the images of
the skin lesions and performing the automatic analysis by extracting feature descriptors that
characterize changes in skin lesions (the evaluation of the algorithms is performed in the
next chapters). As mentioned before, this work did not involve image acquisition with a
dermatoscope. However, it should be highlighted the current availability of portable solutions
that make smartphones capable of taking dermoscope images.
The mobile app is available for smartphones running Android 8 and up. In the specific
case, implementation and evaluation of the algorithms were performed in a Huawei P8 Lite
(2017) equipped with an octa-core (4 x 2.1GHz Cortex-A53 & 4 x 1.7GHz Cortex-A53)
Kirin 655 processor, 16 GB internal memory and 3GB of volatile memory. The graphical
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user interface allows users to interact with the electronic device through icons and visual
indicators. It was developed based on the navigation drawer template, which provides access
to destinations within the app. Fig. 3.9 shows a snapshot of the sketch interface.
An essential aspect of the application is the capability of archiving skin lesion images taken
over time, showing them side by side. This allows more efficient visual change detection of
the skin lesion, even without the use of automatic computer software. In order to archive the
images, the user is asked to either register a new skin lesion or update an existing one with a
recent dermoscopy image. When registering a new skin lesion, some information is required
from the user, such as the location of the skin lesion on the body and the acquisition date
(Fig. 3.9a).
The application also detects if any change occurred to a skin lesion, two dermoscopy
images of that same skin lesion taken on different instances can be used. The difference is
measured using the ABCD rule explained in Chapter 4, where the skin lesion features are
extracted from both imaged and the values compared to calculate a degree of change, which
is then shown as a percentage to the user (Fig. 3.9b).
The final feature present in the application is the skin lesion analysis, which given a
dermoscopy image, can give more detailed information about the skin lesion following the
ABCD Rule. This feature extracts from the image asymmetry, border, colour, lesion area,
and lesion perimeter values (Fig. 3.9c).
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(a) Skin lesion image archive

(b) Skin lesion image comparison

(c) Skin lesion image analysis

Figure 3.9: Snapshot of the sketch interface.
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3.5

Final Remarks

This chapter focused on presenting the followed workflow, the dataset used in order to
implement the developed methods, the software environments and libraries, and the design/
development of a mobile application to test the impacts of the methods on a mobile device.
The dataset chosen came from the ISIC archive, which while an excellent source for various
types of images of skin lesions lack the most useful type of images required to further evaluate
the developed methods, images of the same skin lesion with temporal changes. This was a
common problem since, none of the researched datasets presented that specific type of images,
so the ISIC archive was the chosen due to its extensive image library.
In order to develop the image processing methods and necessary software, three primary
environments were used, PyCharm, Android Studio and MATLAB. PyCharm allows for the
development of most of the methods in Python, helped by the fact that there are extensive libraries of image processing which aided the development. Android Studio was used to
develop the mobile application in which the developed methods were tested to assess their
computational impact. Finally, MATLAB was used to test the development of wavelet analysis methods of skin lesion images. The mobile application was developed using a navigation
drawer template and allowed for the testing of the computational impact of the developed
algorithms, more specifically, the ones developed using Python. The integration of the methods in the mobile environment, which implied implementing Python methods in a JAVA
environment, was possible using the Chaquopy API.
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Chapter 4

ABCD Rule Feature Extraction
The basis for skin disease detection is regular check-ups in order to identify any significant
changes to particular features of skin lesions. In order to quickly identify these features,
some methods were created in the dermatology field, like the ABCD Rule, where asymmetry,
border irregularity, colour and overall size are taken into consideration. To further facilitate
this process, the use of computer vision algorithms can be used to provide a more accurate
comparison and improve the detection rates. Fig. 4.1 provides an example showing the
differences between normal and abnormal skin lesions for each criterion of the ABCD rule.
This chapter describes the image processing methods and the metrics (feature descriptors)
that were studied to detect and quantify changes over time in individual skin lesions. These
quantitative metrics are derived from a set of features associated to the ABCD-rule. The
outcome to the user is a numerical percentage value indicative of the change estimation in
terms of asymmetry, border, color and dimension for the two images in comparison (supposedly images of the same signal taken over time). A lesion will be considered suspicious only
if these quantitative percentage values are equal or greater than a given threshold that will
necessarily have to be established in future work.

4.1

Image Pre-processing

Before carrying out the image processing algorithms in order to detect changes, several
essential problems related to the image pre-processing must be taken into consideration.
The most common pre-processing steps applied to dermoscopic images of pigmented skin
lesions can be classified into image enhancement and artifact rejection [39]. On the one
hand, image enhancement includes color correction or calibration, illumination correction
and contrast enhancement. In addition to contrast enhancement and artifact removal, color
space transformations are often used to facilitate the border detection procedure. On the other
hand, artifact rejection operations include hair removal, air bubbles and specular reflections,
among others.

4.1.1

Colour Space Transformation

Dermoscopy images are commonly acquired using a digital camera with a dermascope
attachment. Due to the computational simplicity and convenience of scalar (single channel)
processing, the resulting RGB (red, green, blue) colour image is often converted to a scalar
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(a) Asymmetry: Normal Mole - Abnormal Mole

(b) Border: Normal Mole - Abnormal Mole

(c) Colour: Normal Mole - Abnormal Moles

(d) Diameter: Normal Mole - Abnormal Mole

Figure 4.1: Difference between normal and abnormal skin moles based on the ABCD rule.
(Source: www.preventcancer.org)

image using the following methods:
• Retaining only the blue channel (lesions are often more prominent in this channel).
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• Applying the luminance transformation, i.e. Luminance = 0.299 Red + 0.587 Green
+ 0.114 Blue.
• Applying the Karhunen-Loéve (KL) transformation and retaining the channel with the
highest variance.
In applications where vector (multichannel) processing is desired, which is the case on this
project, the RGB image can be used directly or it might be transformed into a different colour
space for various reasons including: (i) reducing the number of channels, (ii) decoupling luminance and chromaticity information, (iii) ensuring approximate perceptual uniformity, and
(iv) achieving invariance to different imaging conditions such as viewing direction, illumination intensity, and highlights.

4.1.2

Contrast Enhancement

A common factor that complicates the detection of borders in dermoscopy images is
insufficient contrast. In a 2011 article, Delgado et al. [53] proposed a contrast enhancement
method based on independent histogram pursuit (IHP). This algorithm linearly transforms
the original RGB image to a decorrelated colour space in which the lesion and the background
skin are maximally separated. Border detection is then performed on these contrast-enhanced
images using a simple clustering algorithm (Fig. 4.2).

Figure 4.2: Results of applying the IHP to a melanoma image (row I) and a psoriasis image
(row II). In columns: (a) RGB images. (b) Projection onto the first IHP component. (c)
Histogram of the pixels projected onto the first IHP component. (d) Segmentation results.
[53]

4.1.3

Artifact Removal

Dermoscopy images often contain artefacts such as black frames, ink markings, rulers, air
bubbles, as well as intrinsic cutaneous features that can affect border detection such as blood
vessels, hairs, and skin lines. These artefacts and extraneous elements complicate the border
detection procedure, which results in loss of accuracy as well as an increase in computational
time. The most straightforward way to remove these artefacts is to smooth the image using
a general-purpose filter such as the Gaussian, median, or anisotropic diffusion filters. Several
issues should be considered while using these filters:
• Scalar vs vector processing: These filters are initially formulated for scalar images.
For vector images, one can apply a scalar filter to each channel independently and
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then combine the results, a strategy referred to as marginal filtering. Although fast,
this scheme introduces colour artefacts in the output. An alternative solution is to use
filters that treat the pixels as vectors.
• Mask size: The amount of smoothing is proportional to the mask size. However,
excessively large masks result in the blurring of edges, which might reduce the border
detection accuracy. Setting the mask size proportional to the image size seems to be a
reasonable strategy.
• Computational time: For the Gaussian and Median filter algorithms that perform in
constant time independent of the mask size have been developed. As for the anisotropic
diffusion filters, the computational time depends on the mask size and the number of
iterations.
An alternative strategy for artefact removal is to use specialized methods for each artefact
type, like the removal of black frames, Celebi et al. [123] proposed an iterative algorithm
based on the lightness component of the HSL (Hue-Saturation-Lightness) colour space. In
most cases, image smoothing effectively removes the skin lines and blood vessels. Hair removal
is an important step, as it may mislead the segmentation process. The immediate solution
would be shaving the hair before imaging sessions, but it is a process which, besides increasing
costs and time, it is uncomfortable for the patient, and it is impractical in many cases. In
these cases, the algorithm of hair deleting proposed by Lee et al. [124], called DullRazor, can
be applied. This method consists of three phases: (i) identifying the dark hair locations by
a generalized grayscale morphological closing operation, (ii) verifying the shape of the hair
pixels as thin and long structures, and replace the verified pixels by bilinear interpolation,
and (iii) smoothing the replaced hair pixels with an adaptive median filter (Fig. 4.3).

Figure 4.3: Example of application of the hair removal algorithm DullRazer [124].
The dataset of images chosen for this project did not require the used of artefact removal,
like hair or bubble removal, since they were non-existent in the images although a change in
colour space was performed to aid the segmentation process, where the images were converted
to grayscale and a Gaussian filter applied to smooth any small artefacts.

4.2

Segmentation

The process of acquiring the skin mole’s border is one of the most important, seeing
that all the other algorithms will perform their tasks using the pixels inside this border,
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there for ignoring the unnecessary pixels of the image that do not belong to the skin mole.
Segmentation methods can be roughly classified into the following categories:
• Histogram thresholding: These methods involve the determination of one or more
histogram threshold values that separate the objects from the background.
• Clustering: These methods involve the partitioning of a colour (feature) space into
homogeneous regions using unsupervised clustering algorithms.
• Edge-based: These methods involve the detection of edges between the regions using
edge operators.
• Region-based: These methods involve the grouping of pixels into homogeneous regions
using region merging, region splitting, or both.
• Morphological: These methods involve the detection of object contours from predetermined seeds using the watershed transform.
• Model-based: These methods involve the modelling of images as random fields whose
parameters are determined using various optimization procedures.
• Active contours (snakes and their variants): These methods involve the detection
of object contours using curve evolution techniques.
• Soft computing: These methods involve the classification of pixels using soft-computing techniques, including neural networks, fuzzy logic, and evolutionary computation.
Depending on the chosen segmentation model, there are some issues to consider:
• Scalar vs vector processing: Most segmentation methods are designed for scalar
images. Although numerous vector image segmentation methods have been developed
in the past decade, their usage is hindered by various factors, including excessive computational time requirements and the difficulty of choosing an appropriate colour space.
• Automatic vs semi-automatic: Some segmentation methods are entirely automated,
whereas others require human interaction. For example, active contour methods often
require the manual delineation of the initial contour, whereas seeded region growing
methods require the specification of the initial region seeds.
• The number of parameters: Most segmentation methods have several parameters
whose values need to be determined a priori. In general, the more the number of
parameters, the harder the model selection (determination of the optimal parameters).
In a 2009 publication [125], the authors evaluate the accuracy of 6 different segmentation
methods, of three different types: thresholding, edge-based, and region-base. The methods
were:
• adaptive thresholding (AT);
• gradient vector flow (GVF);
• adaptive snake (AS);
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• level set method of Chan (C-LS);
• expectation-maximization level set (EM-LS);
• fuzzy-based split-and-merge algorithm (FBSM).

Figure 4.4: Results of the segmentation methods calculated for the 100 images. The values in
bold correspond to the best performance according to the paper of Margarida Silveira, Jacinto
C. Nascimento, Jorge S. Marques, André R. S. Marcal, Teresa Mendonca, Syogo Yamauchi,
Junji Maeda, and Jorge Rozeira (2009) [125].
The methods were evaluated in four different metrics: the Hammoude distance (HM), the
true detection rate (TDR), the false positive rate (FPR), and the Hausdorff distance (HD).
The results of the performed tests, using 100 images, are displayed in Fig. 4.4, which shows
the Active contour method as the one having the lowest overall error, and for that purpose was
the method chosen for this project, more specifically the snake model, which will be explained
more extensively later in this section. The Active contour is a type of segmentation technique
that can be defined as the usage of energy forces and constraints for the segregation of pixels
of interest from the image [126]. The contours are boundaries for an area of interest and are
defined as a collection of points that undergoes an interpolation process. This process can
be linear, splines, and polynomial, which describes the curve in the image. Different models
of active contours can be applied for the segmentation technique in image processing, which
involve the snake model, gradient vector flow snake model, balloon model, and geometric or
geodesic contours. The snake model was chosen for this project because it is a technic that has
the potential of solving a large class of segmentation cases, like skin lesion images. This model
is designed to vary its shape and position while tending to search through the minimal energy
state. Snake propagates through the domain of the image to reduce the energy function and
intends to move to the local minimum dynamically, and is expressed by:
v(s, t) = (x(s, t), y(s, t))

(4.1)

where x and y are the coordinates of the two-dimensional curve, v is the spline parameter
in the range [0, 1], s is linear parameter [0, 1], and t is time parameter [0, ∞].
In order to implement the snake model, the scikit-image library was used in Python, which
includes an active contour method. This method uses a number of parameters that are used
to optimize the contour calculation, like the max iterations allowed and the search for darker
areas because that is where the border will most likely be located, seeing that a skin mole is
darker than the surrounding skin. The initial position of the snake is set to work with most
skin lesion images since it is set as an ellipse that includes most of the centre image:
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s = np . l i n s p a c e ( 0 , 2 ∗ np . pi , 5 0 0 )
x = px / 2 + px / 2 . 5 ∗ np . c o s ( s )
y = py / 2 + py / 2 . 5 ∗ np . s i n ( s )
i n i t = np . a r r a y ( [ x , y ] ) . T
The active contour methods is defined as:
snake = a c t i v e c o n t o u r ( g a u s s i a n ( image , 4 ) , i n i t , a l p h a =0.01 ,
b e t a =0, gamma=0.001 , w l i n e =0.1 ,
m a x i t e r a t i o n s =1000 , w edge =4)
• init(N, 2): ndarray - Initial snake coordinates. For periodic boundary conditions, endpoints must not be duplicated.
• Alpha: float, optional - Snake length shape parameter. Higher values make the snake
contract faster.
• Beta: float, optional - Snake smoothness shape parameter. Higher values make the
snake smoother.
• w line: float, optional - Controls attraction to brightness. Use negative values to attract
dark regions.
• Gamma: float, optional - Exact time stepping parameter.
• max iterations: int, optional - Maximum iterations to optimize snake shape.
• w edgefloat: optional - Controls attraction to edges. Use negative values to repel
snake from edges.
The return value of the method is an array of points, which specifies where all the contour
points (Fig. 4.5) are in the image for the rest of the algorithms to work more effectively.

4.3
4.3.1

ABCD rule Feature Extraction and Metrics
Asymmetry Feature

The asymmetry feature of a skin lesion can be judge by bisecting it with two 90-degree
axes positioned in a way that yields the lowest asymmetry score, usually in the most central
position, as shown in Fig. 4.6. Of all the features, asymmetry is one of the trickiest to obtain,
requiring the usage of several matrix manipulation methods. Also, the algorithm generates
two values, one for both the horizontal and vertical asymmetry. This feature stems from
the fact that lesion images taken using a dermatoscope are generally not symmetric with the
major xy axes of the images. However, to judge if there is any asymmetry in shape, the lesion
axes must be aligned to the major axes of the image. This alignment can be accomplished
by transforming the segmented image (υo ), finding the lesion’s minimum enclosing rectangle,
and extracting the rectangular matrix from the image. This matrix provides the major and
minor axes, along with the tilt angle (θ) of the rectangle. Next, we calculate the rotation
matrix (M ) from the tilt angle, as shown in Eq. (4.3).
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Figure 4.5: Acquired border for the selected dataset of skin mole images. The active contour
algorithm works well for most of the skin moles, especially when the difference between the
skin mole colour and the surrounding skin is greater.

Figure 4.6: ABCD rule Asymmetry Schematic (Source: dermoscopedia.org).

α = sf cos(θ), β = sf sin(θ)
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(4.2)



α β (1 − α)Cx − βCy
M=
−β α βCx + (1 − α)Cy


(4.3)

The parameters α and β are calculated from the scale factor and tilt angle, as shown
in Eq. (4.2). The scale factor (sf ) determines whether the image should be cropped while
rotating or scaling the image so that no information is lost. The application automatically
adjusts the scale factor based on the area and position of the lesion in the image. The values
(Cx , Cy ) represent the centroid position of the lesion. From the rotation matrix (M ), the
segmented image is transformed to obtain the rotated image (R) as shown in Eq. (4.4) [127]:
R(x, y) = υo (M11 x + M12 y + M13 , M21 x + M22 y + M23 )

(4.4)

where Mij ∨ i = 1, 2j = 1, 2, 3 represents the corresponding value at the location (i, j)
in the rotation matrix. The asymmetry score is calculated from a total of eight parameters.
The first two parameters, vertical and horizontal asymmetry, are calculated by overlapping
the binary form of the warped segmented image with the mirror images in horizontal and
vertical directions. The sum of all the non-zero pixels in the image is computed and divided
by two, assuming that the asymmetrical area will be the same across horizontal and vertical
axes. The asymmetry level (AS) is calculated as a percentage of the non-zero pixels in the
overlapped image over the lesion area and is represented by Eq. (4.5),
N OR
∗ 100
(4.5)
A
where N OR represents the non-overlapped region (non-zero pixels), and A represents the
lesion area or the total sum of non-zero pixels in the binary image.
AS =

4.3.2

Border Feature

The evaluation of the border score is predicted upon whether there are sharp and abrupt
cutoffs in the periphery of the skin lesion. This criterion can be analyzed by dividing the skin
lesion into eight sections, as shown in Fig. 4.7. In terms of border features, several parameters
can be taken into consideration that can be divided into dimensions or overall irregularity.
Since a change in a skin mole’s dimensions is a common occurrence in cases of melanoma, the
importance of detecting changes is very high. The ”Border irregularity” feature is generally
defined as the level of deviation from a perfect circle and measured by the irregularity index
(I) as shown in Equation (4.6),
P2
(4.6)
4πA
where P and A represent the perimeter and the area of the lesion, respectively, the minimum value of the irregularity index is the one that corresponds to a perfect circle. As the
lesion shape deviates from that of a perfect circle, the value of the irregularity index increases.
I=

4.3.3

Colour Feature

In terms of the colour criteria, there are 6 essential colours to look for in a skin lesion:
white, red, light brown, dark brown, blue-grey, and black (Fig. 4.8) as described by Michael
Kunz and Wilhelm Stolz et al. [128], four colours correspond with melanin distribution (i.e.,
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Figure 4.7: ABCD Border Schematic (Source: dermoscopedia.org).

light and dark brown reflect melanin localized mainly in the epidermis and/or superficial
dermis, black represents melanin in the upper granular layer or stratum corneum or all layers
of the epidermis, and blue-grey corresponds with melanin in the papillary dermis). White
colour corresponds with areas of regression, and red colour reflects the degree of inflammation
or neovascularization. The colour white is present only if the area in question is lighter
(whiter) in colour than the adjacent colour of healthy skin. As was the case with asymmetry,
the dermatoscope reveals a broader range of colours than can be seen with the naked eye.
The ”Colour variegation” feature denotes the different number of colours of the lesion from
the RGB image. This is calculated by iterating through each pixel of the lesion, extracting
its hue value, and grouping all the pixels that have hue values within a specified range. Our
colour set includes the following colours: white, red, light brown, dark brown, blue-gray, and
black. The RGB values for these colours are determined by trial and error. In general, a
benign mole has one or two colours, while a melanocytic mole may have more than three
colours.

Figure 4.8: ABCD Colour Schematic (Source: dermoscopedia.org).
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4.3.4

Diameter Feature

The letter D in the ABCD rule is associated with the diameter feature of a skin lesion.
While it is ideal for detecting a melanoma while it is small, a common warning sign is the
size of the lesion. Lesions above 6 mm or larger should be looked after. The diameter of the
lesion is calculated, as shown in Eq. (4.7):
r
4∗A
D=
(4.7)
π
where D is the diameter of the circle whose area is the same as the contour area of the
skin lesion.

4.4

Results

In order to see the output results of all the feature extraction algorithms, an interface
was developed, in which an image is selected for processing. After selecting the image, the
program will segment the image using the previously mentioned algorithm in section 4.1.
With the border acquired, the features from the ABCD rule can be calculated and shown as
numeric results, explained in section 4.3. The interface can be seen in Fig. 4.9a and Fig. 4.9b
were the values for asymmetry, border irregularity, colour, and diameter are presented. All
the features are represented as a single positive integral value, except for the colour feature,
where the 3 values represent the number of pixels that fall into the 3 defined RGB ranges.
Also, the interface shows an image of the skin lesion segmented, the centre point and the axis
of symmetry. The calculated values from each skin lesion can then be compared to produce
a percentage value of change for each feature (Fig. 4.9c). Since images of a skin lesion’s
evolution throughout time are not available for this project, two close looking skin lesions
were used. The first example shows a more prominent change on the border and diameter
features, and the second example shows a significant change in the asymmetry feature.
The graph (Fig. 4.11) shows the computational weight for the segmentation algorithm,
which is the one that takes the most computing power, between a computer and a smartphone.
When executed in the computer, the segmentation algorithm took an average of 26.8 seconds
and on the smartphone, the segmentation algorithm took an average of 133 seconds.
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(a)

(b)

(c)

Figure 4.9: Computer interfaces showing the feature extraction of two skin lesions and the
comparison showing the change percentage for each feature.
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(a)

(b)

(c)

Figure 4.10: Computer interfaces showing the feature extraction of two skin lesions and the
comparison showing the change percentage for each feature.

47

Figure 4.11: Graph showing the computational weight difference between a computer and a
smartphone for the segmentation algorithm.
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4.5

Final Remarks

This chapter was focused on the extraction of features from the skin lesion images based
on the ABCD rule. The process required several steps from the initial image to the metrics for
asymmetry, border, colour, and diameter. The first step involves pre-processing image methods like colour space transformation, contrast enhancements, and artefact removal, which are
essential because they aid the next methods in working more efficiently. The chosen segmentation method, Active Contour, was based on the accuracy results from a study comparing a
number of different segmentation methods. The final methods extracted the ABCD features
from the skin lesion images and produced metrics, based on image processing equations for
each feature, which could be used to detect changes on a skin lesion.
Finally, the computational weight for each method was tested on a computer vs a mobile
device to test the viability of implementing these methods on a mobile application, for the
sake of convenience. Of all the tested methods, segmentation was the one that had a definite
impact, taking more than 90 per cent of the computation time in most cases. When the
methods were tested on a smartphone, there was an apparent loss in performance, again
mostly due to the segmentation method, sometimes taking more than 3 minutes. Despite the
worst performance, I believe that the implementation of the methods on a smartphone is still
a viable option.
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Chapter 5

Image Similarity Measures for
Change Detection
In the previous chapter, computer vision algorithms were used to extract features associated with the ABCD rule. Another way to tackle the change detection problem is to quantify
image similarity. This chapter considers color and texture features related to the lesion using
the following methods: structural similarity index, color histograms in RGB space, automatic
features detection and matching, and wavelet decomposition.

5.1
5.1.1

Intensity-Based Similarity Measures
Registration for image pairs

Image registration can be defined as the process of aligning two or more images of the same
scene. This process involves designating one image as the reference image, also called the fixed
image, and applying geometric transformations or local displacements to the other images so
that they align with the reference. In a 2018 paper [129], the authors used image registration
to compare image pairs of skin lesion taken at different times but with a comparable scale,
orientation, and point of view. This process allowed for the accurate extraction of features to
assess the evolution of the skin lesions (Fig. 5.1).
In order to perform the image registration, the centre of the skin lesion and its angle,
which can be calculated through the contour points of each skin lesion, are used to translate
and rotate the image, making them overlap. The two images can then be used in different
methods to detect changes more accurately. The Fig. 5.2 shows the application of the
registration method using an original image (Fig. 5.2a) and a changed image (Fig. 5.2b)
(rotated, translated, and rescaled). In Fig. 5.2c it is possible to see that the registration
method worked and the generated overlapped image can be used to detect changes in the
skin lesion.
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Figure 5.1: Skin lesion registration and size evolution. The top row shows the first (A) and
second (B) skin lesion images. The bottom left image shows the matched SP-SIFT feature
points between both input images. The bottom right image shows the segmentation masks
aligned or registered for easy use in size comparison (Source: [129]).

(a)

(b)

(c)

Figure 5.2: Application of the image registration method to align a skin lesion image pair.
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5.1.2

Intensity-based algorithms (pixel-based)

The process of computing and detecting differences between images is beneficial, especially
when looking for changes to the original image (Fig. 5.3). This can be particularly useful for
detecting changes on a set of skin mole images taken in different time periods. In a 2018 book
publication [130], the SSIM algorithm was used to assess segmented regions of skin lesions in
dermoscopy images.They define the Mean Structural SIMilarity (SSIM) algorithm as a way to
measure the image quality by computing the similarity between images. The SSIM is designed
to improve the traditional methods such as peak signal-to-noise ratio (PSNR) and the mean
square error (MSE). The result SSIM index is a decimal value. SSIM is calculated between
the two windows, F and G, of common window size n x n. A higher value of SSIM means
that the resultant image has more similarity to the original image. The SSIM algorithm,
expressed in the Eq.5.1, also satisfies a number of properties:
• Guarantees symmetry, meaning that SSIM(F,G) = SSIM(G,F );
• Ensures boundedness, in the sense that SSIM(F,G) < 1;
• Unique maximum, meaning that SSIM(F,G) = 1 if and only if F=G;

SSIM (F, G) =

(2µF µG + C1 )(2σF G + C2 )
2 +C )
(µ2F + µ2G + C1 )(σF2 + σG
2

(5.1)

2 are the variance of F and
where µF is the average of F; µG is the average of G; σF2 and σG
G respectively; σF G is the covariance; C1 and C2 are stabilizing parameters, which generally
are C1 = 0.05 and C2 = 0.05.

Figure 5.3: Usage example of Structural Similarity Index for detecting changes. (Source:
PyImageSearch)
Before calculating the image difference, some pre-processing is necessary since the method
compares pixel by pixel of two images, the skin lesions of both images must be aligned with
one another (image registration). The two images can then be used to calculate the image
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difference. In order to compute the image difference, the Structural Similarity Index can be
used, which was first introduced by Wang et al. in their 2004 paper [131], Image Quality
Assessment: From Error Visibility to Structural Similarity. The method takes two greyscale
images and calculates the structural similarity index, which indicates how similar both images
are (Fig. 5.4). Like the feature comparison method, this method produces a similarity value
which can be use to identify changes on a skin lesion. In terms of computational weight, the
SSIM algorithm took less than a second to calculate the results but because both images had
to be segmented, that process took most of the calculation time.

(a)

(b)

(c)

(d)

Figure 5.4: The SSIM algorithm was applied to the shown skin lesion images and the difference
and threshold images were generated, which were used to calulate a SSIM value of 0.75.
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5.1.3

Histogram-based algorithms (colour-based)

Histogram-based image matching algorithms try to measure the similarity between images
via their histograms. The histogram intersection method was proposed by Swain and Ballard
[132][133], as a straightforward method to calculate a matching rate between two image
histograms.If HM and HT are the model image and the target image respectively, and each
containing n bins, Swain and Ballard [133] defined the intersection of two histograms as:
HI =

n
X

min(hM (i), hT (i))

(5.2)

(i=1)

Where M and T denote the model and the target image respectively, and both HM and
HT are normalized.
The result is a fractional matching value between 0 and 1, which represents the proportion
of pixels from the model image that have corresponding pixels of the same colour in the target
image. High rates of histogram matching indicate that there is a high similarity between the
model image and the target image.The conventional HI algorithm provides a straightforward
method to measure the similarity between two images. However, this algorithm has limitations
since it assumes an identical colour matching. In practice, the colours of images can be
distorted by the image capturing process. To overcome this problem, Wong and Cheung [134]
proposed a merged palette histogram matching (MPHM) method.
Their method works based on extending the intersection from bins of identical colours
to bins of similar colours. As long as the distance between two colours is less than a given
threshold, the intersection between bins of two colours can be calculated. In this method, the
histograms to be compared are not the original image colour histograms but the ones defined
by a typical palette of two images. Similar colours in the two images are firstly merged
to generate the standard palette. Using the MPHM method with two perceptually similar
colours instead of identical colours can be intersected, which improves the robustness of the
HI algorithm.
Wong and Cheung’s MPHM method has produced a robust result for images captured under various illuminations conditions [134]. But it assumes an identical weight of contributions
from colours that have different similarities with the given colour. This, however, does not
reflect well the matching contributed by different colours. In [135], a Gaussian weight function
is utilized to differentiate the contributions from colours that have different distances to the
given colour. In the GWHI method, a truncated Gaussian weight function of colour distance
is applied to the conventional HI method in order to describe the relationship between the
colour distances and the weight as [135].

GW HI =

X

X

c→
i ∈CM

c→
j ∈CT

→
min(hM (c→
i ), hT (cj )) ∗ exp(−

→
c→
i − cj

2σ 2

2

),

(5.3)

→ ≤ 3.3σ
where −3.3σ ≤ c→
i − cj
An alternative to the aforementioned methods was implemented and tested with skin
lesion images from the database. This method relies on mathematical metrics that measure
the difference between the histograms against a perfect match, like Correlation, Chi-Square,
Intersection, and Bhattacharyya distance.
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The Correlation metric returns a value between 0 and 1 based on how close the match is
and returns 1 when the match is perfect, making it possible to calculate a matching percentage.
To perform this calculation, it relies on the following formula:


P
H2 (I) − H2
I H1 (I) − H1
(5.4)
d1 (H1 , H2 ) = qP
2 P
2
I H2 (I) − H2
I H1 (I) − H1
where:
Hk =

1 X
Hk (J)
N
j

The Chi-Square metric returns the value 0 in a perfect match and based on the histogram
difference, the higher the difference, the higher the returned value. It based on the following
formula:
d2 (H1 , H2 ) =

X (H1 (I) − H2 (I))2
H1 (I)

I

(5.5)

The Intersection metric does not have a defined value for a perfect match since it depends
on a minimum value, but less than perfect matches will return lower values. It relies on the
following formula:
d3 (H1 , H2 ) =

X

min (H1 (I) , H2 (I))

(5.6)

I

The Bhattacharyya distance metric works similarly to the Chi-Square, where the perfect match returns the value 0 and can go up to 1 the bigger the difference between histograms.
it is based on the next formula:
s
Xp
1
d4 (H1 , H2 ) = 1 − p
H1 (I) .H2 (I)
(5.7)
H1 H2 N 2 I
This histogram matching algorithm is applied to a pair of images extracted from our
dataset (see Fig. 5.5-top). The first step is to calculate the contour of the two skin lesions,
such that it is possible to apply a mask that removes the skin from around the lesion. This
allows to eliminate unnecessary pixel information and to calculate the histograms from the
pixels that only belong to the skin lesion. The histograms are depicted in Fig 5.5-bottom.
The correlation metric returned a value of 0.56, the Chi-Square metric returned a value of
7000, the Intersection metric returned a value of 16.7 (the perfect value is 33.4), and the
Bhattacharyya distance metric returned a value of 0.5. From these examples, it is evident
that the metric values would be far from the perfect values, seeing that the images represented
distinct skin lesions, but it showed that this method could be used to detect colour changes
on a skin lesion and calculate its value.
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(a)

(b)

(c)

Figure 5.5: Color histograms applied to a pair of dermoscopic images.

57

5.2

Feature Matching

In the discipline of Computer Vision applications, feature detection, and matching are
complex tasks with many real-world applications like automating object tracking, recognition,
3D object reconstruction, and image retrieval. Image features can be defined by a piece of
relevant information used on solving a computational task, and they can be defined by image
structures like points, edges, and objects. These features can be divided into two categories:
features in a specific location of the images, often called keypoint features or corners and are
described by patches of pixels surrounding the point location; features that follow a particular
orientation and local appearance called edges which can also be a good indicator of object
boundaries. The algorithms used to obtain these features and identify them are usually used
are Harris Corner, SIFT (Scale Invariant Feature Transform), SURF (Speeded Up Robust
Feature), FAST (Features from Accelerated Segment Test) and ORB (Oriented FAST and
Rotated BRIEF). After all, the features are defined, algorithms like Brute-Force Matcher
or FLANN (Fast Library for Approximate Nearest Neighbors) Matcher use them to try to
identify the object of interest on other images.
These algorithms were used by other authors to extract features from skin lesion images for
different purposes. In a 2017 paper, published in the International Journal of Multimedia
and Ubiquitous Engineering [136], the algorithms SIFT, SURF, and GLCM were used
to extract both global and local features from skin lesion images, so they could later be used
in machine learning models to detect melanoma. Also, in a 2018 paper published in the IEEE
Journal of Biomedical and Health Informatics [129], a modified version of the SIFT
algorithm was used to detect local features on a skin lesion. The detected features are used to
establish matching points between two images. These matches define a geometric transform
between the pair of images, which allow aligning both images using image registration (Fig.
5.1). Later in the paper, the authors compared three different methods of feature detection,
SIFT, SURF and SP-SIFT (a modified version of SIFT) on how well they would perform
in the task of aligning skin lesion images.
The feature comparison algorithm was implemented using the SIFT algorithm to detect
keypoints in the skin lesion images. The detected keypoints for each image are used to compare
the images using a Flann (Fast Library for Approximate Nearest Neighbors) based matcher,
which produces a similarity metric, between 0 and a perfect match, 100. This method can be
directly applied to two images without much pre-processing required, and since it produces
a similarity metric, changes in the skin lesion can be identified. The Figures 5.6, 5.7, and 5.8
show the comparison between equal images, more similar images and very different images in
order to show the applications of the method. In terms of computational weight, the method
never took more than three seconds to calculate the results.
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Figure 5.6: Two equal images were put through the algorithm which found 191 keypoints for
both images. The Flann matcher produced a similarity value of 100.

Figure 5.7: Two more similar images were put through the algorithm which found 71 keypoints
in the first image and 191 keypoints in the second image. The Flann matcher produced a
similarity value of 4.1.

Figure 5.8: Two different images were put through the algorithm which found 191 keypoints
in the first image and 159 keypoints in the second image. The Flann matcher produced a
similarity value of 0.62.
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5.3

Wavelet-Based Texture Analysis

The D in the ABCD rule stands for the identification of five dermoscopic structures. Each
of these structures exhibits a specific visual pattern (e.g., pigment network is a network like
structure with dark lines over a lighter background, and dots/globules are round or oval
structures of dark colouration and variable size). This has motivated the use of various
descriptors that characterize the texture of a lesion, i.e., the existence of repeated visual
patterns. One texture descriptor that has been used in the diagnosis of melanoma is the
wavelet transform [137].

5.3.1

Dermoscopic structures

Pigmented lesions exhibit a set of dermoscopic structures corresponding to specific and,
often, repeated visual patterns (Fig. 5.9). This has motivated the use of various descriptors
that characterize the texture of a lesion. In particular, five structures have deserved more
attention: pigment networks, structure-less areas, dots, globules and streaks. A complete
description of the dermoscopic structures can be found elsewhere [138].

Figure 5.9: Dermoscopic structures schematic (Source: dermoscopedia.org).
As described by Michael Kunz and Wilhelm Stolz [128], melanomas display more dermoscopic structures as compared with nevi. Ninety per cent of melanocytic nevi reveal three or
fewer structural components. In contrast, 73% of melanomas reveal four or more structural
components. It is essential to be aware of a few caveats regarding the ABCD rule. First, dots
and globules of any colour (including red) are considered significant. Second, structureless
areas are considered to present if they encompass at least 10% of the lesion’s surface area.
These structureless areas can be hypo- or hyperpigmented. Third, dots and branched streaks
are counted if there are more than two of each, and globules are counted if there is at least one
present within the lesion. Typical and atypical networks are essential patterns to recognize,
and thus can be done with standard pattern recognition techniques [139].
A training set was selected consisting of many small images of size ss containing a sample
of networks, and other textures, consisting of both skin and lesion regions. Using 20 different
texture measures, three were selected that contribute maximally to the separation of the two
classes and use these with a linear classifier, denoted C. For a new image, the image is divided
into sub-images of the same size as the training images, on Nl lattices shifted Nsl , such that
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the image is divided into Nl Ls sub-images where L is the number of pixels in the relevant
dimension. Each pixel is contained in Nl sub-images. Then each of the sub-images is classified
according to C, and those pixels, where at least one of the sub-images is classified as network,
are classified as the network itself.
An image with a network structure and the identified region is shown in Fig. 5.10. Note
that the resolution of the delineation line is coarse as a result of the coarse-graining, where
better resolution comes with a significant increase in computation time. The presence of dots
sometimes denoted cobblestone pattern when they are large and closely placed, is another
key indicator for melanoma. These can be found by using a score for the regions of an
image based on the binary contrast ignorant classification described in [140]. In a grayscale
image, a central pixel has gray value gc , and P surrounding pixels at a radius R have values
gk , k = 1, ..., P . Thus, the central pixel is given a score as a function of the radius R,
SP (R) =

P
X

(gc − gk )

(5.8)

k=1

For a dark spot, this score will be substantial, and simple thresholding gives the position
of the dot. To alleviate computation time, finding the normalized cross-correlation coefficient
throughout the image with a reference image of a simple circular dot with a typical radius, and
compute only where this indicates a dot. The combination of these two techniques reliably
identifies dots, as exemplified in Fig. 5.10. The thresholds and parameters R and P are
chosen experimentally. Notably, computation time is not heavily reliant on P , which can
be chosen relatively large to improve consistency. Skin texture that manifests in repetitive
patterns, pigment network, and different structures (globules, streaks, etc.). This reality can
be analyzed in a range of frequencies and spatial scales, which goes beyond pure Fourier
analysis. This section introduces wavelet features extracted from skin lesion images.

Figure 5.10: Examples of pattern recognition in a dermoscopic image. Left: Networks detected
in the image encircled in red, with Nl = 4. Note the absence of networks in the central area
correctly classified. Right: Small dots detected in the image circled in blue.

5.3.2

Wavelet decomposition

The wavelet analysis of a skin lesion images allows the highlight of texture features in both
horizontal and vertical detail coefficients, as well as diagonal details. For the purpose of this
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project, the DWT2 method from the MATLAB library was used. This method computes
the single-level 2-D wavelet decomposition and it is done with respect to either a particular
wavelet or particular wavelet decomposition filters.
The first step is to generate the lowpass and highpass decomposition filters (Fig. 5.11)
from the Haar wavelet using the wfilters method. These 2 filters are then used to perform a
single-level 2-D wavelet decomposition. This process generates the approximation and detail
coefficients, which are array values of double data type and are presented as 4 images. In some
images (Fig. 5.12a, Fig. 5.12e, Fig. 5.12g), and especially in the horizontal and vertical detail
images, the texture features of the skin lesion are clearly visible and could be used to detect
changes on a more basic, signal level. This information can be used to detect small changes on
a skin lesion by analyzing the signals from different images and looking for differences. In the
other images, the texture features are not so prominent, and because of that, this technique
is not ideal. In terms of computational weight, the method never took more than a seconds
to calculate the results.

Figure 5.11: Chart of decomposition steps for images (Source: [141]).

(a)

(b)

Figure 5.12: The results of wavelet decomposition for each skin mole image of the dataset.
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(c)

(d)

Figure 5.12: Computer interface showing the results of the feature extraction algorithms for
each skin mole image of the dataset (cont.).

(e)

(f)

Figure 5.12: The results of wavelet decomposition for each skin mole image of the dataset
(cont.).

(g)

(h)

Figure 5.12: The results of wavelet decomposition for each skin mole image of the dataset
(cont.).
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(i)

Figure 5.12: The results of wavelet decomposition for each skin mole image of the dataset
(cont.).
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5.4

Final Remarks

This chapter focused on advanced image similarity measures for change detection that
could be implemented and used in the context of skin lesion analysis. The first section
focused on intensity-based similarity measures, either pixel or colour based. The SSIM method
compared two images, generating a difference value and histogram comparison method used
four different metrics to compare the histograms of both images. Also, the topic of image
registration was explored since it is a method that aids in the process of comparing image
pairs by overlapping the relevant pixel information. The second section explored the feature
matching method, which is useful to compare two images using keypoints and calculate a
difference value. The third section focused on dermoscopic structures of skin moles and the
usage of wavelet decomposition to analyse texture in a more basic, signal based enhancing
hidden features. Apart from the wavelet decomposition method, these methods can be used
to detect changes in a skin lesion since they produce values correspondent to the level of
difference between images.
In terms of computational weight, we can use the experience taken from the chapter 4 and
assume that the methods that did not use the segmentation method would take little time to
perform on a smartphone since they took at most three seconds on a computer. The methods
that used the segmentation method is expected that they would take twice as long as the ones
implemented in chapter 4, in a smartphone, since two segmentation processes were required.
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Chapter 6

Conclusion and Future Work
The main purpose of this dissertation was to contribute to the design, development, and
implementation of a self-surveillance system focused on the automatic detection of changes
in pigmented skin lesions using dermoscopy images. This work relies on quantitative image
analysis to compare several attributes containing information about temporal changes in
moles, not to provide a diagnosis. The work carried out resulted in the implementation of a
set of algorithms for change detection based on the ABCD-rule. This involved the detection
of the skin lesion contour as the input to several image processing algorithms, mostly based
on methods from the OpenCV library. In terms of computational cost, the only limitation
found is restricted to the lesion segmentation algorithm that may require optimization.
To perform a complete approach to the image comparison problem, complementary methods were explored based on image similarity measures. The first approach uses color histograms and several distance metrics as a comparison basis. Color histograms are computationally simple to compute and invariant to a variety of changes in the viewpoint (e.g.,
translation and rotation of the image acquisition device). The feature matching algorithm
provides key-points on skin lesion images (local features) that could be used to detect changes
(the descriptor vectors are matched between the two images of interest). Finally, the wavelet
decomposition promises to be a very effective method to analyze the texture of skin lesions.
Once again, the average computation time of the proposed algorithms shows that there is no
significant difference between the personal computer and the smartphone.
While the most important objectives have been achieved, several aspects need to be improved and new opportunities that open, such as:
• Testing the algorithms with a dataset for sequential imaging analysis. Access
to pair-images taken over time and revealing changes in shape, size, and color would
help to improve the implemented algorithms by having an established baseline to test
them.
• Optimization of the image processing algorithms. Reduce the computational
complexity of the image processing algorithms (mainly, the segmentation) for enabling
a self-surveillance app running on a smartphone.
• Completion of the user interface and the evaluation of its usability. The
design of interactions that are intuitive and engaging plays a key role in determining
the success of the self-surveillance system, as well as a better understanding of the users
needs.
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• Validation of the algorithms in a clinic setting. The validation of the change
detection algorithms should be essential, in particular, for establishing the threshold
values for a lesion to be considered suspicious.

68

References
[1] Skin cancers, Oct 2017.
[2] Freddie Bray, Jacques Ferlay, Isabelle Soerjomataram, Rebecca L Siegel, Lindsey A
Torre, and Ahmedin Jemal. Global cancer statistics 2018: Globocan estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: a cancer journal
for clinicians, 68(6):394–424, 2018.
[3] Howard W Rogers, Martin A Weinstock, Steven R Feldman, and Brett M Coldiron.
Incidence estimate of nonmelanoma skin cancer (keratinocyte carcinomas) in the us
population, 2012. JAMA dermatology, 151(10):1081–1086, 2015.
[4] Claus Garbe, Ketty Peris, Axel Hauschild, Philippe Saiag, Mark Middleton, Alan
Spatz, Jean-Jacques Grob, Josep Malvehy, Julia Newton-Bishop, Alexander Stratigos,
et al. Diagnosis and treatment of melanoma. european consensus-based interdisciplinary
guideline–update 2012. European journal of cancer, 48(15):2375–2390, 2012.
[5] AF Duarte, B Correia, A Picoto, A Costa Pereira, E Nagore, and O Correia. Behaviour
towards sun exposure, skin self-examination and skin cancer knowledge of educators,
health professionals and the general population–cross-sectional study. Journal of the
European Academy of Dermatology and Venereology, 31(2):e132–e135, 2017.
[6] M Emre Celebi, Noel Codella, and Allan Halpern. Dermoscopy image analysis: overview
and future directions. IEEE journal of biomedical and health informatics, 23(2):474–478,
2019.
[7] Vincent Dick, Christoph Sinz, Martina Mittlböck, Harald Kittler, and Philipp Tschandl.
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