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Resumo

Em 2020, estima-se que 325.000 pessoas tenham sido diagnosticadas com
melanoma, estimando-se que 50.000 mortes em todo o mundo por doenga. Além disso, o
melanoma ¢ um dos cancros mais comuns em jovens adultos. O melanoma, quando em
fase inicial, tem uma grande taxa de sobrevivéncia, com cerca de 97%, no entanto, em
fases tardias a taxa de sobrevivéncia ¢ apenas de cerca de 10%, o que implica que uma

detecdo precoce € extremamente importante.

Nos ultimos anos, o machine learning tem feito progressos notdveis e com isso
seguiu-se o numero de pesquisas e utilizagdes em questdes médicas. Seria possivel
utilizar os grandes avangos na inteligéncia artificial e na classificagdo de imagem para

criar uma aplicagdo para detetar precocemente o melanoma?

Nesta tese sdo testadas trés arquiteturas de machine learning para prever
melanoma, VGG16, VGG19 e MobileNet V2. Todas as trés arquiteturas usadas foram
pré-treinadas e aplicadas a um dataset que compila todos os principais datasets de
melanoma publicos. A arquitetura com melhores resultados foi o MobileNet V2, que com
afinacdo alcancou mais de 96% de precisdo. Foi também testado para aplicar o pré-
processamento nas imagens do dataset (filtro CLAHE), que acabou por ter uma precisao
ligeiramente menor na mesma arquitetura, com menos 0,2%. Com o melhor modelo, foi
criada uma aplicagao simples para permitir aos pacientes utilizarem o modelo de machine

learning.

O modelo de aprendizagem automatica criado nesta tese alcangou uma precisao
excecionalmente elevada, em comparacdo com a literatura. Além disso, destaca-se por
formar o resto porque utiliza uma arquitetura recente e leve e tem uma aplicagdo em
execugdo na parte frontal que permite a todos, mesmo pessoas sem conhecimento técnico,

utilizar a aplicacdo.

Palavra- chave: melanoma; inteligéncia artificial; machine learning;
classificagdo de imagens; segmentacdo de imagens; supervised learning ; imagem

médica; MobileNet V2; Python.
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Abstract

In 2020, there were an estimated 325,000 people diagnosed with melanoma, and
an estimated 50,000 worldwide deaths from the disease. Moreover, melanoma it’s one of
the most common cancers in young adults. Melanoma, when in early stages, has a great
survival rate, with around 97%, however, in late stages the survival rate is only around

10%, which implies that an early detection is extremely important.

In recent years, deep learning has made outstanding breakthroughs and with that
the number of researches and uses in medical issues followed. Would it be possible to use
the great advances in artificial intelligence and image classification to create an

application to early detect melanoma?

In this thesis three machine learning architectures are tested to predict melanoma,
VGG16, VGGI19 and MobileNet V2. All three architectures used were pre-trained and
applied to one dataset that compiles all major public melanoma datasets. The architecture
with best results was the MobileNet V2, that with fine-tuning achieved more than 96% of
accuracy. It was also tested to apply pre-processing on the images of the dataset (CLAHE
filter), which turned out to have a slightly lower accuracy on the same architecture, with
less 0,2%. With the best model, a simple application was created to allow the patients to

use the machine learning model.

The machine learning model created in this thesis achieved an exceptionally high
accuracy, compared with the literature. Also, it stands out form the rest because it uses a
recent and lightweight architecture and has an application running on the frontend which

allows everybody, even people without technical knowledge, to use the application.

Key words: melanoma; artificial intelligence; machine learning; image
classification; image segmentation; supervised learning; medical imaging; MobileNet

V2; Python.
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CHAPTER 1 — INTRODUCTION






1. Introduction

Melanoma has been increasing in white population in the past two decades [2]. It
has been showed that the survival rate on melanoma heavily depends on how fast the
diagnose is done as a consequence, early detection is critical [3]. However, there are some
difficulties associated with recognition of melanoma, such as pigmented nevi (PN),
seborrheic keratosis (SK), and other types of skin cancer such as basal cell carcinoma
(BCC) [4]. Thus, the urge of new and faster methods of early detection are growing as
the incidence rate grows. In the last couple of years many advances have been made in
image processing and segmentation using several techniques of machine learning such as
Multi Modal Neural networks or Convolutional Neural Networks and deep learning.
Recent studies in digital skin diagnosis have used convolutional neural networks (CNNs)
to classify images of melanoma and nevi with accuracies comparable with those achieved

dermatologist-level diagnostic performance [3, 5].

To answer this demand, and in order to detect skin cancer in early stages, in this
thesis, it is intended to create a Deep Learning algorithm that can predict skin cancer with
precision and accuracy. The success of the Deep Learning algorithms depends heavily on
the amount and quality of the dataset it learns. Hence, the first part of the thesis focuses
on creating a complete dataset with a vast representation of melanoma, other various types
of skin cancer and regular moles. With a complete dataset is possible to applicate Deep
Learning techniques with the aim of creating a model that can predict from a simple image
the probability of being a malign or benign, with precision and accuracy. The model will

be running in the background of an application for an easier usage for the users.

With that in mind, this thesis is divided in four chapters, where in the first, it is
presented the state-of -art of melanoma and Deep Learning applied to medicine and its
developments and innovations in the last years. Following, it is presented the steps
followed to create the dataset and the best model for this specific problematic. In the end,

the results are discussed, and the measures used before are presented and justified.



CHAPTER 2 — LITERATURE REVIEW



2. Literature Review

2.1 Melanoma

As mentioned before, melanoma is a malignant neoplasm formed from
melanocytes. The melanocytes are the unique cells with capacity to synthetize melanin
within melanosomes. They can be found in many parts of the human body (suck as hair
follicles, mucosa, cochlea, among other tissues) and in the case of the skin, these cells are
exclusively derived from neural crest (temporary group of cells formed from the

embryonic ectoderm germ layer, exclusively to vertebrates).

According to the World Health Organization there are many of subtypes known
from melanoma. Many authors have abandoned the idea of melanoma classification as
subtypes entirely since there are no alterations in the clinical management in the patient
according to the subtype of melanoma [6] But, since there are some differences in the
pathology of the various subtypes in this work melanoma subtypes will be considered.

The most frequent and important are [7]:

1. Superficial Spreading Melanoma (SSM)
ii.  Nodular Melanoma (NM)
iii.  Lentigo Maligna Melanoma (LMM)
iv.  Acral Lentiginous Melanoma (ALM)

SSM accounts for most cases in the ages between 30-50 years old, commonly on
the trunk and on the legs on women and remains the most common subtype with about
70% of melanomas. NM is more observed in ages 40-60 years old and has a bigger
incidence in men, almost two times higher. It represents about 15-30% of all melanomas.
Lentigo and acral lentiginous has a lower incidence and represent less than 10% of all
melanomas. 90% of the cases, melanoma develops on the face. LMM is particularly seen
in cases of sunburned skin and has a higher incidence in 50-80 years old. 90% of the
cases, melanoma develops on the face. ALM is seen on acral surfaces, reports about 75%

of melanomas in non-Caucasian patients [8, 9, 10].



Melanoma classification and detection can be made with the unaided eye, for a
more trained specialist. Nevertheless, unaided eye detection has been proven as not
extremely precise, as seen in previous studies, with almost 80% precision among
dermatologists and only 30% on non-dermatological specialists [11]. The use of health
technologies as a skin microscope or a dermoscope allows improved visualizations of the

lesions and consequently the improvement of the accuracy [12, 13].

Figure 2.1 - Images from dermoscope of different subtypes of melanoma. i)Superficial
Spreading Melanoma on Ankle. Source: Adapted from [14] ii) Nodular Melanoma form an
approximately 75-year-old woman in a lower extremity taken from ISIC 2020 dataset. Source:
Adapted from [15]. iii) Lentigo Maligna Melanoma, grey concentric circles seen from a New
Zealand topic about dermatological problems. Source: Adapted from: [16] iv) Acral Lentiginous
Melanoma, The parallel furrow pattern: in which parallel pigmented lines are seen along the
furrows of the skin marks. Source: Adapted from [17].

Diagnosis of Melanoma can be made from a set of criteria called “ABCDE rule”,
that tries to simplify the process of detection of melanoma. A: means asymmetry as
usually melanoma is extremely asymmetric and irregular. B: means boarders and as said
on asymmetry, melanoma tends to have irregular borders. C: for color, and in melanoma,
opposite of “normal” skin moles, the color has more variations on melanoma. D:

represents the diameter. It is a warning sign when the lesion size is about 6mm or larger.

6



E: stands for evolving or elevated surface. Nowadays, with growing information about
melanoma and all skin related problems, the pursuance of the evolution is a big and

important tool for the correct diagnose [11, 18].

Identifying Melanomas
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Oddly shaped and not uniform

{}f}

Border:
Border is irregular and hard to define

*

Color:
Two or more colors or shades

Diameter:
Diameter is usually larger than
6 millimeters

m O O W >
® »

Evolving: , Sy Y
Do you notice a change over time? “\ * _" ,“

Figure 2.2 — ABCDE system for Melanoma diagnosis [19].

To diagnose the evolution of melanoma, a stage system was created that varies
from stage 0 to stage IV. This is extremely important in mortality from melanoma, since
the 5-year relative survival rate for patients with stage 0 melanoma is 97%, compared
with about 10% for those with stage IV disease, thus the importance of early detection in

this specific cancer.

The early classification of melanoma used to have based on the location on where
melanoma appeared, but in 1960s Wallace Clark suggested a classification based on
histological characteristics instead, entirely changing the way melanoma was diagnosed.
Additionally, Clark proposed a system to evaluate the depth of invasion of melanoma
cells on the skin. Clark, then, partitioned the skin into histologically identifiable anatomic

compartments (Clark ‘level’ as they came to be known):



Level 1 — Melanoma cells are confined to the epidermis (melanoma in situ)
Level 2 — Invasion of a single cell or very small nests into the papillary dermis
Level 3 — Melanoma cells “fill and expand” the papillary dermis

Level 4 — Invasion into the reticular dermis

Level 5 — Invasion into the subcutaneous fat. [6, 19]

Clark, additionally, observed that patients with higher stages of melanoma were

more prone to have lymph node invasion (Figure 2.2).

Stages of Melanoma

Stage | . Stage I : Stage Il : Stage IV
+ Localized to epidermis : + Localized to epidermis : Disease spread to lymph : + Metastasis to other
« <1 mm thick H +1-4 mm thick ' nodes or nearby skin : internal organs
: : ' + Lymph node involvement

. Cancerous

lymph node

Normal
lymph node

Blood vessel H
\

Figure 2.3 — Stages and progression of Melanoma [19].

However, in 1970, Alexander Breslow established a more precise method for
diagnosing melanoma, based on a measured depth of invasion that captured the thickness
of the tumor. Known as Breslow’s depth, the classification system was based on the depth
of invasion in millimeters rather than the depth by anatomic compartments and was

initially divided into five stages [21]:

Stage I: less than or equal to 0.75 mm
Stage II: 0.76 — 1.5 mm

Stage I1I: 1.51-2.25 mm

Stage IV: 2.26-3.0 mm

Stage V: greater than 3.0 mm.



Breslow’s system indicated that patients with early and thinner stages of
melanoma had much higher probability of survival, and a lower chance of metastasis.
Eventually, with the more advanced knowledge on melanoma, modifications of
measurements had been made, and incorporated into staging systems used nowadays,
represented on the figure above. Nevertheless, Breslow depth remains one of the best

independent predictors of patient outcome [22].

Over the next years, as the data on patient treatment, survival rates and statistical
methods improved, new staging systems were established. The tumor, node, metastasis
(TNM) staging system was created by the American Joint Committee on Cancer (AJCC)

for all major cancers, and melanoma is no exception [6, 21].

TMN staging system is being constantly reviewed according to new data and
information about melanoma. The most recent TMN melanoma staging system edition

was published and implemented in 2018 [23].

2.2 Epidemiology of Skin Cancer and Melanoma

Epidemiology identifies the distribution of the disease, as their factors underlining
their source and causes. This gives a better understanding of the disease and therefore
provides better information on how to control it. In the specific case of melanoma and
non-melanoma skin cancer, the epidemiological study shows that the incidence differs
substantially among different populations. The highest rates of incidence are
demonstrated in Australia, North America and Northern and Western Europe. This
significant variation is mainly attributed to a variety of risk factors such as ultraviolet
(UV) exposure and phenotypic characteristics [24]. Largely due to the factors that
Australia was colonized by fair skin people, and the high exposure to UV encountered in
that region, at least 2 in 3 Australians will be diagnosed with some type of skin cancer
before the age of 70. The equivalent is seen in the regions where melanoma tends to be
the highest. Typically, fair skin populations in regions with exposure to UV radiation
(Figure 4). On Europe, On Europe, the incidence of non-melanoma skin cancer and skin
cancer grouped tends to be superior on western and northern Europe, where populations

follow phenotypic characteristics described above.



Estimated age-standardized incidence rates (World) in 2020, both sexes, all ages
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Figure 2.4 — Estimated incidence of Melanoma in Europe [25].

Malignant melanoma has a much more higher mortality rate than any other skin
cancer, consequently the treatment of melanoma has a higher burden on society. The
crude costs of malignant melanoma are expected to be around €2.7 billion for all EU
regions in 2019 [26]. As the incidence in Europe are expected to grow 33.2% for 2040
the crude costs will too if there are no major advances either on treatment or prevention

until then.

As for rest of the world, as expected, Oceania takes the first place in age-
standardized incidence (ASI) with 174 cancer cases per 100 000 people. Europe takes a
third place in incidence, but with higher mortality in both sexes then Northern America

(Figure 2.5).

Estimated age-standardized incidence and mortality rates (World) in 2020, melanoma of skin, non-melanoma skin cancer, all ages

Oceania 174.0 117.6

Northern America 108.8 25 57.6 1.0
Europe 34.7 2.8 22.8 16
World 189 1.5 109 0.88
Latin America and the Caribbean 126 2.0 8.7 1.1
Africa 48 1.7 39 14
Asia 22 0.85 16 0.53

Figure 2.5 — Estimated age-standardized incidence and mortality, in 2020, in all
Continents, age 0-85+, by sex.
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It is perceptible that ASI not only differs by regions, but also by sex, where the

highest rates of melanoma are observed in males, almost in every region (Figure 2.6).

...Estimated age-standardized incidence and mortality rates (World) in 2020, melanoma of skin, all ages
B voratity Males

Oceania

Females

Northern America 4.3

Europe

World

Populations

LAC 25
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Figure 2.6 — Estimated incidence of Melanoma (worldwide) by gender [25].

However, in a study produced in 2020, the authors demonstrates that melanoma
incidence is affected not only by sex but also by age [27]. The study cohort involved more
than 5000 primary cutaneous melanomas and got to the conclusion that the median age
for patients in melanoma is bigger for males. Also, to ages lower than 60 years, the
incidence was even bigger for females. According to that study, the same thing can be
seen around the world. The AST when categorized by ages, <45 years old and >= 45 years
old, the ASI in the 1% group is significantly higher for females rather than males (Figure
2.7-a), the opposite happens for the 2™ group (Figure 2.7-b).
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Estimated age-standardized incidence rates (World) in 2020, melanoma of skin, ages 0-49
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b) Estimated age-standardized incidence rates (World) in 2020, melanoma of skin, ages 50+
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Figure 2.7 — Estimated incidence by world region and gender. A) age filtered from 0-49
and B) for 50+ years old [25].

Since, from the data shown, it is possible to understand that melanoma has been
increasing since there are records until now. However, the projections for the future do
not show any slowdown at all. On the contrary, the estimated number of deaths (both
from melanoma and non-melanoma skin cancers) for 2040 show an increase of 5.71% in
males and 5.4 % for females per year, compared to 2020. The estimated number of new
cases continues the trend and has an estimated growth of 6.1 % for males and 5.8% for
females (Figures 2.8 and 2.9). These projections are calculated assuming a growth of
population of 1% a year. However, in 2020, the real growth rate is slightly higher than

1%, and the impacts of the ascending number of new cases and deaths can be higher.
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Figure 2.8 — Estimated number of deaths (worldwide) by gender from Melanoma and
Non-Melanoma skin cancer [25].
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Figure 2.9 - Estimated number of new cases (worldwide) by gender from Melanoma
and Non-Melanoma skin cancer [25].
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2.3Machine Learning

In recent years, deep learning has made breakthroughs in the fields of computer
vision, speech recognition, natural language processing, audio recognition, medical

imaging and bioinformatics [28].

PubMed Publications
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Figure 2.10 - Number of publications from 1975 to 2021 with the keyworks machine
learning and medical diagnosis.

Medical care is about the health of people. At present, the amount of medical data is huge,
but it is crucial to make good use of this huge medical data to contribute to the medical
industry. Although the amount of medical data is huge, there are still many problems:
medical data is diverse, including maps, texts, videos, magnets, etc.; due to different
equipment used, the quality of data varies greatly; data presents fluctuating
characteristics, over time and specific events change; due to differences in individuals,
the law of the disease has no universal applicability [29]. This section first introduces the
importance and evolution of machine learning and the application of deep learning
algorithms in medical image analysis, expounds the techniques of deep learning
classification and segmentation, and introduces the more classic and current ordinary
neural network models. Following, a state-of-the-art on the application of AI for
melanoma diagnosis and classification. Machine and deep learning algorithms play an
important role to train the computer system as an expert which can be used further for

prediction and decision making. Machine learning is the field of study that provides
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computers the ability to learn without being explicitly programmed [30]. Deep learning
is a type of machine learning that empowers systems to gain for a fact and comprehend
the world regarding a pecking order of ideas. These fields bring intelligence into a
computer that can extract the patterns according to the specific data and then process for
automatic reasoning [28, 29]. Medical imaging is the rapidly growing research area that
is used to diagnose a disease for early treatment. The function of image processing in the

health domain is relative to the growing position of medical imaging.

The artificial intelligence is the main domain combined with machine learning
and deep learning that work under this domain as shown in Figure 2.11. The Al is the
major field to display human intelligence in a machine, machine learning is used to
achieve artificial intelligence, while deep learning is a technique used to implement

machine learning [33].

~~ — — — — ARTIFICIAL INTELLIGENCE

-~ il A technique which enables machines

PR to mimic human behaviour

0

Artificial Intelligence

MACHINE LEARNING

— Subset of Al technigque which use
statistical methods to enable machines
to improve with experience

™~ DEEP LEARNING
T~ — — — — . __Subset of ML which make the
computation of multi-layer neural
network feasible

Figure 2.11 — A, ML and DL domains [34].

When the creation of the algorithm is aimed on medical images, often, there are
various steps performed on medical images before the detection of output. Initially, the
medical image is inserted as input to the machine and deep learning algorithms. After
that, the image is divided into different segments to zoom the interested area. Then, the

features are extracted from these segments through information retrieval techniques.

Next, the desired features are selected, and the noise is removed (Data Preparation

section on Figure 2.3).
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Figure 2.12 — Workflow diagram of Machine Learning algorithms in medical image.

Finally, the model is used to classify the extracted data and make predictions based
on this classification. These steps are used in every experiment of machine learning. The
supervised, semi-supervised, unsupervised, reinforcement and active learning algorithms
are the main categories of machine learning. And last but not the least, the deep learning
methods are essentially advanced phase of machine learning algorithms that classify data

and predict more accurately using neural network [35].
2.3.1 Machine Learning Categories

2.3.1.1 Supervised Learning

It gives a training set of instances with appropriate objectives to a computer
system. Taking this training se system give response accurately on given possible inputs.

The classification and regression are the categories of Supervised Learning.

e The inputs are distributed into different classes using classification
methods, and the trained system must generate actions that allocate hidden
inputs to these classes. This is called multi labeling process. The spam
purifying is the case of classification, in which the emails are classified

into "spam" and, "not spam".
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e The regression is a supervised technique in which the outcomes are
continuous rather than discrete. The regression predictions are evaluated
using root mean squared error (RMSE), unlike classification predictions

in which accuracy is used as a performance measure.

Accuracy is the measure of all the correctly identified cases. It is most used when all the
classes are equally important. In medical studies, it is often used since diagnosing a
pathology has the same importance being positive or negative. The negative in medical
models is extremely important since the patient is misdiagnosed and does not start

treatment, which aggravates the pathology.

True Positive + True Negative

Accuracy =
y (True Positive + False Positive + True Negative + False Negative

2.3.1.2 Unsupervised Learning

The system will take the decision by itself rather train on the basis of some dataset.
No labeling is given to the system that can be used for predictions. Unsupervised learning
can be used to retrieve the hidden pattern with the help of feature learning of the given

data.

e The clustering is an unsupervised learning approach that is used to divide
the inputs into clusters. These clusters are not identified earlier. It builds

groups on the basis of resemblance.

2.3.1.3 Semi-supervised Learning

In Semi-supervised learning, the system is assumed to be partial training data.
This category is used with some trained data that can target some missing results. This
kind of algorithm is used on untagged data for training commitment. The semi-supervised
learning algorithm trained on both labeled and unlabeled data and this learning exhibits
the features the features of both the unsupervised-learning and supervised learning

algorithms.
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2.3.1.4 Deep Learning

This is the advance phase of machine learning which mainly uses neural networks
for learning and prediction of data. It is a group of different algorithms. These are used to
design complex generalize system that can take any type of problems and give
predictions. It uses the deep graph with numerous processing layer, made up of many
linear and nonlinear conversion [36].

{a) Classic Machine Learning

| Segmented | Hand-crafted Fealure i
| Medical = Feature +|  Pre-processing ;eab:;r:n | -- ::gﬁ':e '."' Prediction
Images | Extraction and Normalization g [ [
(b) Deep Learning
[ wocest | | o, || Predictive  Praciwion
Images Extraction Modsling /
by a pre-trained ML models o7
CNN NN fine-luaing
| Medical | . i
Images | s End-to-End Leaming Prediction |

Figure 2.13 — Typical architecture and workflow of artificial intelligence systems for
predictive modelling: a) classic machine learning, with the various processing steps involving
hand-crafted features such as in radiomics; b) deep learning considering either deep medical
image feature extraction or end-to-end learning [37].

2.3.2 Deep Learning Architectures

Deep learning has developed into a hot research field, and there are dozens of
algorithms, each with its own advantages and disadvantages. These algorithms are widely

used and often focus on image classification and segmentation tasks.

2.3.2.1 Convolutional Neural Network (CNN)

CNN is a deep learning algorithm, which means a reliable algorithm for
recognition of large amounts of data and processed with high-speed machines. CNN
layers are composed of the input layer, hidden layer, and output layer. Since Krizhevsky
et al. proposed AlexNet based on deep learning model CNN in 2012 [38], which won the
championship in the ImageNet image classification of that year, deep learning began to
grow. In 2014, GoogLeNet and VGGNet both improved the accuracy on the ImageNet
dataset [39]. GoogLeNet has further developed the v2, v3 and v4 versions to improve
performance [40]. In 2012, the AlexNet adopted an 8-layer network structure consisting
of five convolutional layers and three fully connected layers. After each convolution in

five convolutional layers, a maximum pooling performed to reduce the amount of data.
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AlexNet accepts 227227 pixels’ input data. After five rounds of convolution and pooling
operations, the 6x6x256 feature matrix finally sent to the fully connected layer. This
model’s error rate in ImageNet dataset was 15.3%, which was much lower than the second
placed model, with 26.2%. The major difference is that its activation function is not
sigmoid but adopted ReLLU, and, given the results, proved that the ReLLU function is more

effective.

VGG16 and VGG19 were first proposed by Visual Geometry Group (VGG) of
Oxford University in 2014, and since then, it has been one of the most successful
architectures for medical imaging. VGG16 network architecture has 41 layers and

VGG19 has 47 layers. Compared with AlexNet, VGG uses smaller kernels.

For a given receptive field range, the effect of using several small convolution
kernels is better than using a larger convolution kernel, because the multi-layer nonlinear
layer can increase the network depth to ensure more complex patterns are learned, and
the computational cost is smaller. VGG simplifies the process by creating 3 x 3 filters for
each layer. The use of uniform and smaller filter sizes on VGG can produce more complex

features and lower computing when compared to AlexNet [41].

Numerous convolutions and initiations are followed in CNN which has pooling

layers and utilizes backpropagation relating to conventional neural networks.

1) Convolutional layers: Makes a component guide to anticipate the category
probabilities for every element by applying a channel that filters the whole picture,
scarcely any pixels all directly.

2) Activation layer: Activation layer downsizes the measure of knowledge the
convolutional layer produced for every element and keeps up the foremost basic
data.

3) Pooling: component map is created based on the information obtained from
convolutional layer and commonly pooled.

4) Fully connected input layer: straightens" the outputs produced by past layers to
rework them into a solitary vector which will be utilized as an input for the
subsequent layer.

5) Fully connected output layer: Produces the last probabilities to make a decision a

category for the image [42].
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Figure 2.14— An example of CNN architecture [43].
2.3.3 Deep Learning in Medical Imaging

With the development of deep learning, computer vision uses a lot of deep
learning to deal with various image problems. Medical image as a special visual image
has attracted the attention of many researchers due to its importance and large-scale
availability. To guide computers to learn features that can characterize the data for the
given issue, the idea lies at the foundation of several deep learning procedures. The most

used type of deep learning models for image analysis is convolutional neural networks

(CNNs) [44].

2.3.3.1 Classification

The classification if medical image is the main task in deep learning in order to
investigate for clinical-related issues for early treatment of the patient. Anthony J. et al.,
showed a fine-tuned model that evidently outdid feature extraction, attaining 57.6%
accuracy in multiclass score evaluation of knee osteoarthritis against 53.4% [45].
However, the Kim et al. shown that by CNN feature retrieval performed fine-tuning in

cytopathology image classification accuracy with 70.5% versus 69.1% [46].

2.3.3.2 Segmentation

Semantic segmentation is an important research field of deep learning. The
segmentation process is used to process the organs and substructures of the medical
images. It is used for quantitative analysis of the clinical features, such as brain and
cardiac analysis. Since CNN’s success in the classification field, people started to try
CNN for image segmentation and with the development of deep learning technology,
some segmentation networks based on convolution structure are derived. The fully

convolutional network (FCN) [47] proposed by Long et al. is one example.
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It replaces the fully connected layers of the classification network VGG16 with
convolutional layers and retains the spatial information of the feature map and achieves
pixel-level classification. Finally, FCN uses the deconvolution and fusing feature maps
to restore the image and provides the segmentation result of each pixel by softmax. The
U-Net, proposed by Olaf [48] is the combination of upsampling and downsampling layers
architectures. It merged the connections of convolution and de-convolution samples of
layers [49]. The performance of the FCN on the Pascal VOC 2012 datasets [50] has

increased by 20% compared to the previous method, reaching 62.2%.

Alternatively, deep transfer learning techniques, which relax the hypothesis that
training and testing data comes from the same probability distribution, allow avoiding
training DL models from scratch. Deep transfer learning techniques have been classified
into four categories: instances-, mapping-, network-, and adversarial-based, as detailed

by Tan et al. [51]. This technique is widely used in CNNs like VGG16 and VGG19.

2.3.4 Deep Learning Development Frameworks

While the deep learning technology is developing in theory, the software

development framework based on deep learning theory is also booming.

2.3.4.1 TensorFlow

TensorFlow is an open-source software library that uses data flow diagrams for
numerical calculations. Google officially opened the computing framework TensorFlow
on November 9, 2015, and officially released Google TensorFlow version 1.0 in 2017.
The TensorFlow calculation framework can well support various algorithms for deep
learning such as CNN, RNN and LSTM, but its application is not limited to deep learning,
but also supports the construction of general machine learning. It can run on multiple
GPUs at the same time and can automatically run the model on different platforms.

Because TensorFlow developed in C++, it has high-performance.
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2.3.4.2 PyTorch

PyTorch is specifically targeted at GPU-accelerated deep neural network
programming. PyTorch’s calculation graph is dynamic, and the calculation graph can be
changed in real-time according to the calculation needs. PyTorch immediately attracted

widespread attention as soon as it was launched, and quickly became popular in research

2.3.4 Deep Learning in Melanoma Classification

In the last years, machine learning (ML) applied to medical diagnosis has been
growing rapidly since this methods allow to characterize and utilize large and complex
data sources for diagnosis and predictions [52]. Traditional methods of programming
have a prerequisite of well-defined patterns to mathematical approach to solve the initial
problem. An algorithm is a well-defined set of rules that is used to solve the initial
problem with a finite number of steps. The big step back on this approach is that biology,
frequently has various patterns therefore is extremely hard to create a set of rules to
diagnose medical problems, including melanoma and skin cancer in this study. Even if
melanoma respects perfectly the ABCDE rule (Figure 1.2), is almost impossible to create
a set of rules for an algorithm to diagnose it. Therefore, ML is a very attractive solution

for biological programming problems.

There are already several approaches to implement an automated method for
melanoma detection, and each author has different perspectives on how to address the
problems that are universal to the melanoma (and other cancers) detection and diagnosis.
The first step to implement a machine learning model for classification involves the
acquisition of the tissue digital image. The most common techniques used for this purpose
are the epiluminence microscopy (ELM), it is also known as dermoscopy [53]. Although
these are the most common, with the advance of smartphone cameras over the years,
smartphone datasets of melanoma can encourage experts to use them for automated

diagnosis [54].

In some important related work, it is possible to conclude that different methods
to diagnose melanoma can lead to decent results on more than one method. Nikhil Cheerla
et al. [55] , suggested an algorithm emphasizing the texture and local pattern for
melanoma segmentation. After their application this classification method returns a
sensitivity of 97%. Using a different technique, Margarida Ruela et al. [56], addressed

the classification for melanoma and non-melanoma images.
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For their approach they implemented Image segmentation, via manually (through the help
of an expert) and automatically, by using adaptive thresholding algorithms. Before the
lesion classification, in this work, it was implemented some feature extractions as simple
shape and symmetry-related features, moment invariants and Fourier descriptions. The
final accuracy obtained on their model was 96.8%, for the PH? dataset [56]. Some authors
tend to combine the two main ways of developing a computer-aided diagnosis (CAD),
and choose to go for a hybrid model. Jinen Daghrir et al. for example, used an hybrid
model in their work that consists on a convolutional neural network and two classical
machine learning classifiers trained with a set of features describing the borders, texture
and the color of a skin lesion [57]. In this work the dataset used was the ISIC
((International Skin Imaging Collaboration), an archive that contains more than 23000
images all of them token with the dermoscopy technique. On more recent years, as the
neural networks became more and more advanced, the feature extraction and pre-
processing of the dataset becomes not as much relevant as before. In a recent work
published in 2020, using the same dataset (ISIC) the authors Qishen Ha et al assemble a
convolutional neural network (CNN) model that without any feature extraction was able

to achieve around 96% of accuracy [58].
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2.3.5 Aim of the Study

With this study, it is intended to create a mobile application that uses Al (artificial
intelligence), more specifically ML (machine learning) to diagnose melanoma out of a
photograph taken by the user’s smartphone. For that it is essential to understand what
advances had been made with ML and image processing and diagnosis. Other stage of
major importance is creating a complete and large dataset. Since in this chapter all
melanoma developments and characteristics were aborded, in the next chapter a state of
the art on machine learning and its medical applications will be introduced. Following

that, the methods and results achieved in this project will be presented and discussed.
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CHAPTER 3 — MATERIALS AND METHODS
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3. Materials and Methods

3.1Methodology

There are 3 steps that define a machine learning development workflow, in terms of

methods:

Data Acquisition
. Data pre-processing
3. Researching the best model for the type of data and model construction

N —

The basic workflow follows these 3 steps, where in a first glance, it is necessary to
compile all data into one good and strong dataset, where the different models are trained and
tested, in order to select the optimum parameters and choose the best model for this specific task.
After this step, when the final ML model is reached, the application is built to provide the
implementation and the access of the ML algorithm to the user. In that way, the user is just
accessing to a website, uploading an image, and getting a quick response from the ML model.
The general workflow for this thesis is shown in the image below (Figure 2.1).

Diata Aguisition
(from public -,

datasets)
s—— ( ) The ML Model with the best
Testing accuracy goes to production

—— Dataset B
- W
= = Parameter Tuning
— b

= (

e ————

F——
= \ Pre- Training

Final Dataset processing Dataset
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L 4
; Prediction
-
Mobile Application
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1§ | Result £
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v
€—Rezufti—
Mobile Application
—Image Upload—3 Image Upload <
User
Figure 3.1 — Workflow diagram of machine learning algorithm and mobile application
development.
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3.2Data Acquisition and ML Model construction

3.2.1 Data Acquisition

One of most important factors to create a good machine learning model is the
quality of the data used. Since the ML model is expected to predict skin cancer, it is
essential to collect as many images of skin moles, both benign and malignant, as possible.
Not only the images are essential, but the diagnosis of the mole in the image, is extremely
relevant to have a precise predict, since the ML model will connect the image with the
diagnosis given and learn about the features in that image. Therefore, it was created a set
of rules to choose datasets available for this study. The dataset needed to be free and
available online, must have the diagnosis (by biopsy) of the mole for every image in the
dataset, all the datasets should have the same format of images (JPG/JPEG, preferably),
and finally each dataset needs to have a metadata file where is possible to get the diagnosis
made on each image. The metadata file is important since to create a ML model it is
necessary to organize the data into what it is called as labels (which is what the model
will assign to the images in that directory). If there is no metadata it is not possible to
validate that each image is on the right directory and that can create massive errors in the

model.

Nowadays, the amount of data available online is enormous, and a few datasets
were able to satisfy the pre-requisites. The datasets used in the ML Model are listed in

the Table 3.1.

Table 3.1 — Datasets used to create the ML model and important characteristics.

Dataset Name Number of Images Image Size (px) Image Format

ISIC > 44000 1024x1024 jpeg

HAM 10000 10000 600x450 jpg

PH2 199 765x562 bmp
Smartphone Dataset 1342 1050x1050 ipg

Since the datasets that fulfill the initial prompt were selected, it was needed to
start to organize the dataset that is going to be used in this study, it is indispensable to
understand the dataset chosen and comprehend what it is possible to extract from each.

With the help of several Python libraries (such as Pandas, NumPy, Matplotlib, Seaborn,
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etc.) it is possible to apply data science techniques to visualize the data of these datasets

with a more thoughtful analysis.

3.2.1.1 ISIC archive

ISIC (International Skin Imaging Collaboration) is an industry partnership
designed to facilitate the application of digital skin imaging to help reduce melanoma
mortality. The goal of this archive includes a large and expanding open-source public
access archive of skin images. [15] All the images on this dataset are taken with the
dermoscopy technique. There are more than 150,000 images in this archive but only
almost 70,000 were made public. In this work, it was used about 40,000 images. For
this dataset, it was downloaded through Kaggle, which is a subsidiary from Google® , and

offers a community of data science and machine learning with ready to use datasets [59].

ISIC Train Images

30000
27124
25000
20000
15000
10000
5193
5000
I 584 135 44 37 7 1 1
O == S
unknown nevus melanoma  seborrheic lentigo NOS lichenoid solarlentigo cafe-au-lait atypical
keratosis keratosis macule melanocytic
proliferation

Figure 3.2 — Number of images per category taken from the metadata file of the ISIC
dataset used.

ISIC in Kaggle® has the images divided by 2 directories, Train and Test, as this is
conventional in ML since the model needs different paths for images to make sure the
model is not tested in the same images as it trains. In this dataset, the Test folder has no
metadata, and therefore was not used in this study. Also, one important note about this
data, is that all the “unknown’ images are benign skin moles, but were in fact verified by

biopsy as well as the other diagnostics.
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Skin diagnostic

3.2.1.2 HAM10000

The second biggest dataset used in this study is the HAM10000 (Human Against
Machine with 10000 training images) dataset [60]. The final dataset consists of 10015
dermatoscopic images which can serve as a training set for academic machine learning

purposes. Cases include with the proportions as seen in the figure 3.2:

e Actinic keratoses and intraepithelial carcinoma / Bowen's disease “akiec”

e Basal cell carcinoma - “bcc”

e Benign keratosis-like lesions (solar lentigines / seborrheic keratoses and lichen-
planus like keratoses) — “bkl”

e Dermatofibroma - “df”

e Melanoma - “mel”

e Melanocytic nevi “nv”

e Vascular lesions (angiomas, angiokeratomas, pyogenic granulomas and

hemorrhage) — “vasc”

Log{Mumber of Images)

Figure 3.3 — Proportions of the logarithm of the number of images by skin diagnostic
from the HAM 10000 dataset. This plot was taken in one of the data science tasks made on this
project with Python ®.
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3.2.1.3 Smartphone dataset

All the images in previous datasets were taken using a dermatoscope. Although,
the aim of this study, as said before, is to create a mobile app that can output a predict
from an image of a skin mole. However, the common user does not have a dermatoscope
laying around, and the most probable object to use for this case is the smartphone. Since
the images taken from a smartphone are not close to those taken with dermatoscopy.
Therefore, a dataset with smartphone images of skin moles was extremely important in
this study since it provided images closer to the reality. It was found a dataset that fulfill
all the initial requirements for this study, and it was published by Thanh-Toan Do et. al.
[61]

In this dataset, the authors used biopsy to validate the outcome of the skin moles.
However, not all the images were in this condition. But since this type of images were
important to this study, the images of the skin moles that were biopsied were selected.
The dataset had a total of 2298 images and to start to understand the data it was splitted
into categories. The first and most important was if the skin mole of the image was in fact
confirmed with a biopsy, as seen in Table 3.2, being the “true” category the selected for

this study.

Table 3.2 — Number of images separated by biopsy. True is the ones that in the study a
biopsy was realized.

Biopsy | Images
TRUE 1342
FALSE 956

Since all the images that belong to the category of false were removed the number
of images used from this dataset was 1342. Subsequently, to continue to comprehend the
data it was then divided by diagnostic. Again, with the help of Python® it was plotted the
number of images by diagnostic (Figure 3.3). Since there are more than one thousand
pictures and the diagnostic follows the pattern of the datasets chosen before, it was

selected for this study.
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Figure 3.4 — Plot of the count of the images in the smartphone dataset. The type of
diagnostic includes BCC - Basal cell carcinoma; SCC- Squamous Cell Carcinoma; SEK -
Seborrheic Keratosis; NEV — Nevus; ACK - Actinic keratosis and MEL — Melanoma. This plot
was taken in one of the data science tasks made on this project with Python ®.

3.2.14 PH? Dataset

At this point of the study, the number of images selected was more than enough
to create the ML model. Therefore, it was necessary to have a dataset to validate the data
in a mass scale. For that purpose, this dataset fits perfectly. The PH? dataset has been
developed for research and benchmarking purposes, facilitate comparative studies on
both segmentation and classification algorithms of dermoscopic images. PH? is a
dermoscopic image dataset acquired at the Dermatology Service of Hospital Pedro
Hispano, Matosinhos, Portugal [62]. With almost 200 images it has 80 images of common
nevus, 80 of atypical nevus and 40 of melanoma. PH? dataset has many more features for
the images besides diagnostic, such as asymmetry, color, pigment network, and many
more. Since the ML model in this study will not evaluate those features, it was just

collected the images and the diagnostic for each image.
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3.2.2 Final Dataset used in this study

3.2.2.1  Data Compilation

With all the datasets chosen, it was necessary to concatenate all the data with the
images and features chosen from the datasets. Using data science techniques, since the
amount of data is enormous a set of rules was created to ensure all the data was divided
into the right paths with the right diagnostic. This step was made with this step was made
with small advances, and tested at the end of each one, to ensure data reliability. Since all
the metadata files were different from each other it was also necessary to create some
ground rules so when all the info is aggregated there is no mistakes. One extremely
important rule was to ensure that there are no duplicates in the same dataset and on others,
to not have repeated images. Since both HAM10000 and ISIC are from a competition
online, it was discovered that both have some repeated images. Those images were

eliminated and only 1 copy was used.
3.3Pre-Processing

3.3.1 Train/Test split

All the images were segmented into 2 categories, benign or malignant and by
diagnostic. after the dataset was concatenated, it was randomly split into 2 folders. 80%
of the images were for model training and 20% for testing. Since model training would
be performed on online servers, this step is only done once on a local computer and does
not have to be repeated every time a new model is tested. In addition, the same images
are always used to train the various ML models and allows for a direct comparison
between them, that would not possible if random separation was done for each model.
with this method of random separation an associated problem arose. What happened is
that as the separation was random, some of the diagnoses were much more representative
either in the training folder or in the test folder. This is not great, because in some
diagnoses where there are fewer images, the training folder, which serves as the basis for
the ML model to train, would have almost no data. Thus, the separation of data was done
randomly (with the same data science techniques in Python) but ensuring that each
diagnosis has the same proportion of data both in training and in testing. Therefore, the
proportions of the dataset created in this study for train and test can be seen in the Figure

3.5.
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Figure 3.5 — Plot of the outcome of the separation of the images by the folders "Train"
and "Test" where it is noticeable that the proportions of the images are the same. Above we
verified the proportions of the images in logarithmic scale of the "training" images divided by
the diagnosis. Below we check the same for the "test" data. Although the proportions are the
same, the number of images is not (Train - 80% of total), therefore the logarithmic scale on both
plots is different. This plot was taken in one of the data science tasks made on this project with
Python ®.

3.3.2 Unbalanced Data

Nevertheless, the dataset was not yet ready to use. If we look at the proportions of
the several diagnostics in the datasets used in this study, it is perceptible that there is no
data balance. Since the performance of ML models significantly decreases with
unbalanced data, this is an essential point for the study [63]. It can be seen in Figure 3.6

that the discrepancy between malignant and benign images is extremely pronounced.
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Figure 3.6 — Bar chart of the number of images on the dataset used in this study,
segmented by benign or malignant. This plot was taken in one of the data science tasks made on
this project with Python ®.

To solve this problem there are 2 options, or we remove data from the class with
the largest (benign) representation to equal the smallest, which is a faster and more
efficient method, but you lose a substantial amount of data from the dataset. As an
important part of this study was the collection and processing of data on a large scale, this
option is not ideal at all in this study. The other option, which is more complicated and
requires more advanced data processing, is to generate new data from what we have

already obtained. This technique is known as data augmentation for image classification.

That is, if in the class that has less representation new data is generated from the
existing ones, it is possible to obtain the same balance of dataset data and have the various
classes with the same amount of data. This second option is better suited for this study.
Since the ratio of the difference between the images of the 2 categories is approximately
10, if in each malignant image 9 new images are generated, the amount of data will be
similar. This data augmentation is made from translations and rotations of the original
image. In this study, a function was also introduced that allowed to vary the brightness of
the image, to further simulate images taken with smartphones in favor of dermatoscope
images where a perfect brightness is verified (Figure 3.7). This step allowed the dataset

where the ML model is created to be balanced and the results optimized.
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Figure 3.7 — Example of data augmentation for one image of the dataset. Each batch is
randomly generated from a set of rules, created for this study. This plot was taken in one of the
data science tasks made on this project with Python ®.

The various versions of the dataset were uploaded to the Kaggle® website
(mentioned above) which provides space and resources so that models can be built,

trained and tested with tools vastly superior to the usual computers.

3.3.3 Enhancement filter

In an attempt to test the quality of the images, a filter was applied into the dataset.
The idea behind this step, is once the best model is chosen to go forward, it is again tested
with this dataset in which the images have a pre-processing, and thus comparing the
results with the original dataset. If there are no major changes then pre-processing is not
necessary to solve this problem, and time is better invested in fine-tuning the chosen

model.
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To improve the contrast of the images, a copy of the complete dataset was created

with an image enhancement filter applied. Several filters were tested, such as:

e Adaptive Thresholding
e Histogram equalization

e CLAHE (Contrast Limited Adaptive Histogram Equalization)

Since the time it takes to copy the complete dataset is high, the method of choosing
the best of these filters was made with excerpts of small images (taken from the dataset)
and compared with the naked eye. The filter that showed the best results was the CLAHE
filter. (Figure 3.8). This algorithm works by creating several histograms of the image and
uses all of these histograms to redistribute the lightness of the image. CLAHE can be

applied to greyscale as well as color images.

Figure 3.8 — Example of the CLAHE filter applied to an image from the original
dataset, created for this study. The original image on the left and CLAHE filtered on right. The
difference in colors is much more pronounced. This plot was taken in one of the data science
tasks made on this project with Python ®.
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3.4 ML Model Construction

For this project 3 different ML models architectures were chosen. VGG16 and
VGG19 are architectures commonly associated with image processing and classification
of various medical-related problems. Usually with these 2 architectures, the results are
quite positive when the models are fine-tuned. Hameed et al., in their study, obtained
predictions of 97.73% for VGG16 and 95.29% for VGG19, in the detection of breast
cancer through histopathological images. [64] The third model used in this project is
MobileNetV2. In some studies, such as the study by Roslidar Roslidar et al., an ML model
of MobilenetV2 with fine-tuning can achieve an accuracy close to 100% in breast cancer

as well [65].

341 VGGI6

The VGG architecture has been widely used in computer vision over the last few
years. It consists of stacked convolutional and max pooling layers. The VGG network
was introduced by the researchers at Visual Graphics Group at Oxford (thus the name

VGG). VGG Network has some pros and cons [66]:

Pros:

e It is a very good architecture for applying on a particular task, like image
classification.
e Also, pre-trained networks for VGG are available freely on the internet,

like the VGG-16 used in this project (Figure 3.9).
Cons:

e The main drawback is that it is very slow to train if trained from scratch.

Even on a decent GPU, it would take days get it to work.

In this project, the ML models were trained and tested on Kaggle servers.
Additionally, as the dataset is quite complete and contains a large number of images, the
development of a CNN with this architecture was time-consuming. Although using a pre-
trained VGG-16 architecture and with the help of high-performance GPUs provided on
the servers (NVIDIA TESLA P100 GPUs). The development of each VGG-16 model

took a few days, with integrated model development, training, testing and validation.
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Figure 3.9 — Visual representation of the architecture of a pre-trained VGG-16, as used
in this project. Convolution, mac pooling, fully connected and ReLU are types of layers. Image
taken from Qassim et al. [67].

In this image, it is possible to visualize the 16 layers that compose the model (blue
and green layers). Pooling layers provide an approach to down sampling feature maps by
summarizing the presence of features in patches of the feature map. Two common pooling
methods are average pooling and max pooling that summarize the average presence of a
feature and the most activated presence of a feature respectively [68]. The rectified linear
activation function (ReLU) is a piecewise linear function that will output the input directly

if it is positive, otherwise, it will output zero.

342 VGG19

Compared to VGG16, VGG19 is slightly better but requests more memory, since
it has more layers (Figure 3.10). As with the VGG16, this model also takes a few days to
be fully developed.
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Figure 3.10 — Illustration of the network architecture of VGG-19 model: conv means
convolution, FC means fully connected. Adapted from Clifford K. Yang et al. [69].

3.4.3 MobileNetV2

MobileNetV2, created by Google®, offers big functionality, like the previous

models, but with much lower requirements. In this architecture, Depthwise Separable

Convolution is introduced which dramatically reduce the complexity cost and model size

of the network, which is suitable to Mobile devices, or any devices with low

computational power. For this project on a first approach seems more suitable, since the

amount of data is massive, and the development times can reduce. In MobileNetV2, there

are 2 types of blocks that form the ML model (Figure 3.11). Compared to VGG models,

mobileNetv2 is lighter and faster to train, not degrading functionality and accuracy.

conv 1x1, Linear

Dwise 3x3, Relu6

f

Conv 1x1, Relu6

Stride=1 block

Figure 3.11 — Illustration of the MobileNetV2 architecture. Image taken from M.

conv 1x1, Linear

Dwise 3x3,
stride=2, Relu6

y

Conv 1x1, Relu6

Stride=2 block

Sandler et al. [70].
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3.4.4 Comparison between the chosen models

Table 3.3 — Direct comparison between the 3 chosen models and their respective

implementations.
MobileNetV2 VGG16 VGG19
Input Shape (224, 224, 3) (224, 224, 3) (224, 224, 3)
Weights ImageNet ImageNet ImageNet
Optimizer Adam RMSProp Adam
Loss function|Binary Crossentropy (from logits)|Binary Crossentropy | Categorical Crossentropy

3.4.5 Production Model Architecture

With the study of the dataset done before, it was realized that for this project an
ML model of Multi-Label Classification would have to be implemented, since there are
more than 2 classes in the dataset. However, in this study the ultimate goal is not to
identify the diagnosis of all skin moles. The aim is to detect and classify skin cancer and
melanoma. Looking at the literature, binary classification problems generally have better
results [71]. Thus, meeting the objective of the study, it is possible to implement 2 ML
models using binary classification instead of a single multi-label classification model
(Figure 3.12). Thus, it was chosen that, in a first phase, a model classifies the soft skin as
benign or malignant, thus being a binary classification. If the template predicts
malignancy, then that image is sorted by another template (more specific in detecting

melanoma) to classify the skin mole as melanoma or non-melanoma skin cancer.
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Figure 3.12 — Representative flowchart of the structure of the neural networks
implemented in this project.
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3.5Mobile Application Development

The purpose of creating an application in this project is so that the user can
effortlessly have access to the latest advances in machine learning applied to medicine.
Since the use of ML models and implementation is not common for most users, an
application with a simple interface that can use ML in the background is essential. In this
project, since the development of ML models was done only with Python, it was decided
to use a framework in the same language that would allow creating an application
available on several platforms. There are a few possible ways to build the application, it
is possible to use a combination of programming languages, each with its function, and
assemble everything into one single stream of information (website e.g.). However, there
is also some frameworks that can facilitate the construction in this case. In short, a
framework is a set of ready-made elements, rules, and components that simplify the
process and increase the development speed. Because of its code reusability and
efficiency, it allows a programmer to bootstrap an application in no time and start
implementing the business logic. Software frameworks come in different types for
different programming languages. For Python, the programming language chosen in this

Thesis, there are 2 frameworks that stand out from the rest, Flask and Django.

3.5.1 Flask

Flask is a micro-framework designed to create a web application in a short time.
It only implements the core functionality giving developers the flexibility to add the
feature as required during the implementation. It is a lightweight framework. This

framework can either be used for pure backend as well as frontend if need be [72].

3.5.2 Django

Django is a framework for web development using python and created for the
quick development of database driven sites [73]. It is a high-level web framework which
allows performing rapid development. The primary goal of this web framework is to

create complex database-driven websites.
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3.5.3 Django and Flask comparison
Django:

o It is fully featured with database interface, application directory structure
and administration panel

e The framework is in the market with a bigger active community

e [t saves time, as it provides a built-in template engine

e Does not require third-party tools or libraries

e Increased security

e Apt for large projects

e Itis lightweight, flexible and simple
e Carries a customizable structure

e (reat for small projects

e Easier learning curve

e Offers room for experimentation.

The framework chosen was Flask. The reason for choosing Flask over Django, is
because Django is a very feature-heavy framework, ideal for large Web projects, while
Flask is a light microframework. Given the nature of the project, Flask was chosen over

Django for its simplicity and to avoid any unnecessary framework overhead.

3.5.4 Application Design

In this project, the design and beauty of the application were far less important
than the usability and functionality. The basic idea is that the user can log into their
account (or create one if it's the first time) and from there, upload one or more images to
the neural network and get the result. In the figure below it is possible to see the
application mockup in a simple way in a smartphone view. One of the advantages of
having chosen a framework to create the application is that we only have to create it once,
as the framework recognizes the device the user is accessing and adapts the application

to it.
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Figure 3.13 — Mockup of the application created in this project.
3.5.5 Database organization

As the user, to access the photos he tested and the results, he has to log into his account,
therefore, it is necessary to structure where and how this information is stored. To do so,
it is required to create a database (in this project, it was created with SQLite within the
Flask framework). The structure of the database tables for this project is as follows, 1
table with the user information, a table with the information of the images that the user
uploaded and finally a table with notes related to the user's images (Figure 3.14). All

these tables are linked from the user id.

As in this project we are saving confidential and medical data, it is necessary to
have some security regarding the database. So, a cryptographic hash function was
implemented, sha-256 to be more specific. Thus, user information that is stored in the

database is encrypted in order to protect confidential information.
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CHAPTER 4 — RESULTS



4. Results and Discussion

As explained before, in order to find the best model that fits the dataset created, it
is going to be used the accuracy. Accuracy is the measure of all the correctly identified
cases. It is generally the best measure to be used when all the classes are equally important.
In this instance, the importance of the 2 classes (benign and malignant) are equally
important. It is not desirable to give a benign output for malignant skin cancer, since the
patient will lack early treatment, which will drastically improve the survival rates, neither
it desirable the opposite, since the patient will probably be subject to medical procedures.

Therefore, the model with the best accuracy overall will be considered the best model.

With this step finalized, the focus will be shifted towards the creation of a web-
based application that allows the user to access the model created and quickly get the
result. Unlike the Machine Learning model, for the application, there iso no measurement
to be done. The requirements for the application are that it is easy and simple to use, and
that, above all, it manages to allow the user to obtain a result from the ML model. To test
this, and since there are no fixed measures, it was created a form where some closed

relatives of mine, were prompted to answer after using the application.

Hence, there are 2 steps that define the results of this thesis:
1. Parameter selection of the Machine Learning Models

2. Mobile Application development
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Figure 4.1 — Workflow diagram of (1.) the parameter selection for the machine learning
algorithms and the (2.) mobile application development with the model with best result.

4.1 Machine Learning Models

As explained before, there were selected a few architectures to implement in the
dataset created, such as VGG16, VGG19 and MobileNetV2. The 3 models were evaluated
with the same measure, accuracy. Therefore, the model with the best accuracy moves

forward. The results of the models can be seen below:

Table 4.1 — Accuracy of the ML models implemented in the dataset created.

ML Models Accuracy
VGG16 91.3%
VGG19 91.7%
MobileNetV2 95.5%
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4.1.1 Parameter Selection

From the analysis of ML models used in other binary classification applications,
it was possible to notice that is commonly used pre-trained networks. Usually, these
models have quite a success for image classification. In these models, in addition to the
existing layers (described in figures 3.9, 3.10 and 3.11), new layers are typically added.
In all of the models used, the weights were pre-trained on ImageNet [71, 72]. Weight is
the parameter within a neural network that transforms input data within the network's
hidden layers. A neural network is a series of nodes, or neurons. Within each node is a
set of inputs, weight, and a bias value. Additionally, a few layers were added to provide

some depth, resulting in the following:

Model: "VGG16"

Layer (type) Output Shape Param #

vggl6 (Functional) (None, 7,7, 512) 14714688

flatten (Flatten) (None, 25088) 0
dense (Dense) (None, 256) 6422784
dropout (Dropout) (None, 256) 0
dense_1 (Dense) (None, 1) 257

Total params: 21,137,729
Trainable params: 6,423,041
Non-trainable params: 14,714,688

Figure 4.2 — Model summary, with the addition of 2 new layers on top of the VGG16. VGG16
parameters are non-trainable since it was used a pre-trained model with fixed weights.
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Model: "VGG19"

Layer (type) Output Shape Param #

vggl9 (Functional) (None, 7, 7, 512) 20024384

flatten_2 (Flatten) (None, 25088) 0

dense_8 (Dense) (None, 2) 50178

Total params: 20,074,562
Trainable params: 50,178
Non-trainable params: 20,024,384

Figure 4.3 — Model summary, with the addition of 1 new layer on top of the VGG19.
VGG19 parameters are non-trainable since it was used a pre-trained model with fixed weights.

Model: "MobileNetV2"

Layer (type) Output Shape Param #

mobilenetv2_1.00_224 (Functi (None, 7, 7, 1280) 2257984

global_average_pooling2d (Gl (None, 1280) 0
dense (Dense) (None, 320) 409920
dropout (Dropout) (None, 320) 0
dense_1(Dense) (None, 320) 102720
dropout_1 (Dropout) (None, 320) 0
dense_2 (Dense) (None, 2) 642

Total params: 2,771,266
Trainable params: 513,282
Non-trainable params: 2,257,984

Figure 4.4 — Model summary, with the addition of 3 new layers on top of the
MobileNetV2. MobileNetV2 parameters are non-trainable since it was used a pre-trained model
with fixed weights.
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4.1.1.1 Fine-tuning

Fine-tuning is a technique of model reusability in addition to feature extraction.
Fine-tuning consists of unfreezing few of the top layers of the frozen model base in neural
network used for feature extraction and jointly training both the newly added part of the
model (for example, a fully connected classifier) and the top layers. This technique is
called fine-tuning as it slightly adjusts the more abstract representations of fine-tuning
model being reused so that it can be made more relevant for the problem at hand. Only
the top layers of the convolutional base are possible to be fine-tune once the classifier on
top has already been trained because to be able to train a randomly initialized classifier,

freezing of pretrained convnets.

With that in mind the fine-tuning technique was applied to MobileNetV2, in order
to increase the accuracy as specificity of the model and allowing the model to have better

results than VGG16 and VGG19.
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Figure 4.5 — Plot of the accuracy and loss with fine tune of MobileNetV2.

Fine-tuned, this model was able to increase the accuracy from 87,7% (with only 3

epochs) to 95,9%.
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Here is of some examples of predictions of this model:

Predictions:
[B111811811118181111108608606086060686118086 8]
Labels:
[pBB118611811118181111106086060860608611808680]

benign benign malignant

malignant malignant

malignant

Figure 4.6 — Two arrays, one with the predictions of the model and another with the label.

Below the first 9 images with the prediction on top. It is visible that in the image 3, the model

predicted as “malignant”, but the label is “benign”, which categorizes this as false positive.
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4.1.1.2 Fine-tuning with pre-processing

Additionally, in this thesis, it was tested if the ML model would have a better
behaviour with pre-processing. Like explained before, the pre-processing used in the
dataset, was a CLAHE filter (chapter 3.3.3). Comparing with the MobileNetV2 used in
the original dataset, without fine-tuning, the MobileNetV2 with pre-processing had a
higher accuracy with 90,6%, a difference of around 3%. However, with fine-tuning, was
just a shy below the ML model with the original dataset, with 95,7% of accuracy
(compared with 95,9%).
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Figure 4.7 — Plot of the accuracy and loss with fine tune of MobileNetV2, with pre-processing
(CLAHE filter applied in the dataset).
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Here is of some examples of predictions of this model:

Predictions:
[1Te®eB8118611861106106100861086101060860611801 1]
Labels:

100110118011 0101006101061014110861 1]

malignant benign benign
h —

g

malignant

Figure 4.8 — Two arrays, one with the predictions of the model and another with the label.
Below the first 9 images with the prediction on top. It is visible that in the 25™ prediction of the
array, the prediction the prediction was “benign” but the label is “malignant”, which categorizes

this as false negative.
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4.2 Application Development

The development of the application was the final part of this thesis, being just a

tool that provides a usable interaction between the final user and the ML model.

Once the user accesses the application, the user must login to use it. If the account

has never been created, there is a Sign-Up option on the top bar to do it.

Login
Email Address

presentation@mail.com

Password

Figure 4.9 — Login page of the application created for this thesis.

When the log-in is done, it is possible to upload an image and within seconds have
a result of the ML model prediction. The user can also see all the images previously

upload (each user can only see the images uploaded that are associated with that account).

Upload an image:

Escolher ficheiro | Nenhum ficheiro selecionado | Upload Image |

Uploaded Images:

delete image

output of ML model:
1

Figure 4.10 — Upload page of the application created for this thesis, with an example of an
uploaded image with the result.
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Since the ML model with the best result was the MobileNetV2 with the original
dataset (95.9% accuracy) that was the model that is running on the backend of the

application.

4.2.1 Feedback from application

Since there are no measures like in ML models, in order to understand if the
application fulfills the initial requirements (simple, easy to use and provides an output
from the ML model), a survey was created to have feedback on the developed application.

It involved three yes or no questions:

1. Is the application intuitive?
2. Could you managed to use the application?

3. Did you understand the result?

Ten people were subjected to this survey right after they used the application, and

the results for the 3 questions are the following:

1. Is the application intuitive?

® sim
® Nao

Figure 4.11 — Results for the first question of the survey. Blue for “Yes” (Sim) and red for
“No” (Nao).
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2. Could you managed to use the application?

® Ssim
® Nao

e

Figure 4.12 — Results for the second question of the survey. Blue for “Yes” (Sim) and red for
“No” (Nao).

3. Did you understand the result?

® Sim
® Nzo

Figure 4.13 — Results for the third question of the survey. Blue for “Yes” (Sim) and red for
“No” (Nao).

With this it is possible to understand that almost all of the users were able to use
the application (90%), however, it was neither easy or simple to both use and understand

the output of the ML model.
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PERSPECTIVES
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5. Conclusion and Future Perspectives

5.1. Conclusion

The advances of Machine Learning and its integration into the challenges of
medicine has been particularly important since it allows the creation of new tools of easy-
going implementation and distribution that can make a difference in the life of patients
around the world. In the last couple of years, the rates of Melanoma (and other skin cancer
types) incidence and mortality have been increasing, and the projections don't induce a
decrease, rather on the contrary. And since the survival rates of Melanoma and other skin
cancers, is extremely higher, when it’s detected in early stages, the use of applications
that can through a simple cellphone provide a reliable and accurate prediction, can change

the predictions of mortality by a large scale.

On this thesis, it was possible to create a complete vast dataset, to be used to train
and test ML models. The dataset is a compilation of the most used public datasets, that
combine more than 40000 images from patients. It was achieved a great performance on
the ML model created for this dataset, with around 95% of accuracy. However, it would
be excellent to have more images taken from smartphones in the dataset, since that will
be the case of the users. Most of the public dataset (including most used in this thesis) are
images taken with dermatoscope, and that will make a difference when we provide the
trained model an image taken without the dermatoscope, since the lighting most of the
times is not perfect, the distance can fluctuate a lot, and the quality of the image will
depend on the camera used. Images taken with the help of the dermatoscope will generally

have the same patters almost every time.

The mobile application was not as successful as the ML model, since it only
succeeded in one pilar of the three that were supposed in the beginning. Nevertheless, the
application was never the focus of this thesis. It was looked as a tool to provide easier
access of the ML model to the final user. With that in mind, to overcome these difficulties,
it would be necessary to engage more time and effort on its development, which was used

in the ML model.

The ML model, with an exceptionally high accuracy, will certainly help on the
development and research of new methods to overcome cancer mortality and incidence

rates.
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5.2. Future Perspectives

- What if I had more “normal” images in my dataset?

That is the main question raised with the results presented. It would certainly be a
progress over what was achieved in this project. The lack of images taken without the
help of a dermatoscope will cause a lot of wrong predictions in a large-scale tests, since
the images will be completely different from the majority of images used to train the

model.
- What if I had more processing power to develop the ML model?

The processing power would probably not do much on the MobileNet V2 since
it’s a ML model with an architecture created to be used with low processing power.
However, that cannot be said for the VGG16 and VGG19, which would probably be
easier to tune and train with more processing power and time, which could lead to better
results on those architectures. It would also be useful to implement more types of

architectures, not only three.
- Would I need to invest some more time on the web-based application?

The mobile application is for sure on the backbones of this project, thus it would
be mandatory to improve its usability and scalability for a real usage scenario. The design
of the pages should be taken in consideration as well as the protection and security of the

patient’s data, since it involves medical information.
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