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Abstract

Skin cancer represents the most common group of malignant neoplasms in the white
population around the world. In Brazil, it is one of the most serious public health issues.
Malignant lesions at an early stage have more favourable conditions for being treated,
and that is why early diagnosis is crucial to higher survival probability. In general, the
diagnosis has two phases, first there is a screening step, then, the dermatologists search
for certain features in the patient. In order to improve the diagnosis rate, dermatologists
use dermoscopy in the screening step. However, some regions in Brazil do not have
dermatologists available to the population. So, to help the dermatologists with tasks such
as pre-diganostic and establishing a priority order for specialized consultations, this work
proposes the use of a U-Net architecture combining color spaces, pre- and post-processing
to segment skin cancer. First, the performance of each combination is compared to other
works using a well-known dataset of dermoscopic images of skin lesions. Next, a case study
is carried out using images taken by smartphones from a dataset created for this work,
and the results with the same methodologies used before, including a transfer learning
process, are presented. To collect the data for this dataset, we started a partnership with
a dermatological assistance program (PAD) from Espirito Santo, in which we provided
a system to collect data from patients, and a smartphone application to collect the skin
cancer images.

Palavras-chaves: Skin cancer, Segmentation, U-Net, Conditional Random Fields, Color
spaces, Smartphones, Dataset.
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1 Introduction

Arti cial intelligence (Al) has been a subject of great interest in the recent years.
According to a research by Stanford Arti cial Intelligence Laboratory [1], the number of
Al papers produced each year has increased by more than nine times since 1996. Moreover,
the Scopus database contains over 200,000 papers with the key term "Arti cial Intelli-
gence". These researches have impacted in di erent applications, such as natural language
processing, autonomous cars, data security, nancial trading, marketing personalization
and health care. This work focuses on the speci ¢ health care area of skin cancer. Early
works using computers to automate pigmented skin cancer diagnosis have appeared in
1987 [2]. With the advance of Al, researchers started to use machine learning techniques to
get better results. One example is the use of deep neural networks to classify skin cancer
in a recent work by Stanford researchers [3], in which the automated diagnosis accuracy
obtained is comparable to the dermatologist accuracy.

1.1 Overview

Skin cancer is the uncontrolled growth of abnormal cell in the skin. It occurs when
unrepaired DNA damage to skin cells triggers mutations, or genetic defects, that lead the
skin cells to multiply rapidly. It may be divided into two di erent categories, melanoma
and non-melanoma skin cancer (NMSC). Basal cell carcinoma (BCC) and squamous cell
carcinoma (SCC) are examples of NMSC and they represent almost every skin cancer
occurrence. Nevertheless, they have low lethality risk due to rarely metastasize. On the
other hand, melanoma has high levels of metastasis and it is the most harmful type of
skin cancer [4].

According to the International Agency for Research on Cancer (IARC), melanoma
was the 19th most common cancer worldwide in 2012, with more than 200,000 incidents
and 55,488 deaths [5]. In Brazil, 85,170 new cases of NMSC, and 6,260 new cases of
melanoma were estimated to be diagnosed in 2018 [6]. In 2015, 1,794 deaths in Brazil were
caused by melanoma and 1,958 by NMSC. Even with low lethality risks, the higher NMSC
incidence justify it having more deaths than melanoma.

1.2 Problem description

Malignant lesions at an early stage have more favourable conditions for being
treated, and that is why early diagnosis is crucial to increase survival probability. In
general, the diagnosis consists of two phases, rst there is a screening step, then, the
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Fig. 1. Example of dermatoscope, device used for dermoscopy.

dermatologists search for certain features in the patient. Such features for patients with
suspected skin cancer may be: history of the skin lesion (duration, history of change, pain,
itching and bleeding), skin type, sun exposure history, family ancestry, family history of
skin cancer and some background medical history [7]. In pigmented lesions suspicious for
melanoma it is usually used the ABCD-E rule [8], [9], in which the asymmetry, border
irregularity, colour, diameter, enlarging and other features are the essentials features for
the diagnostic [7]. In addition, there are some others scoring methods like the seven-point
checklist [10], [11], three-point checklist [12], and Menzies [13]. Also, in order to improve
the diagnosis rate, dermatologists use dermoscopy in the screening step. Dermoscopy is a
non-invasive diagnostic technique that links clinical dermatology and dermatopathology by
enabling the visualization of morphological features which are not discernible by screening
with the naked eye [14]. An example of dermatoscoheaused for dermoscopy, is shown in
Fig. 1.

1.3 Motivation

The state of Espirito Santo has a dermatological assistance program (PAD, in
portuguese, Programa de Assisténcia Dermatolégica) since 1989. It is organized by the
Federal University of Espirito Santo (UFES) in partnership with State Department of
Health, Non-governmental organization Martin Luther (AAML, in Portuguese, Associacao
Albergue Martim Lutero), city halls, municipal secretaries of Health and local parishes.

1

instrument used in dermoscopy to allow the visualization of the subsurface structures of the skin
revealing lesion details in colors and textures. https://www.healthandcare.co.uk/schuco-dermatoscopes-
accessories/schuco-dermlite- uid-dermatoscope.html
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The program usually happens once in a month in a weekend and it takes place in 11
di erent countryside cities of the state. Usually, the population of these places cannot
a ord a medical treatment, as they, in general, are low incoming and the nearest specialist
would take hours of travel. Then, dermatologists, plastic surgeon, and medical students
are the ones responsible for going to these places and taking care of the patients, providing
medical care for the needy community. In 2017, each city had on average 300 people
attended by the program. Therefore, since 1989, thousands of lives were saved through
this program, which provides a full treatment, from the screening to the surgical process.

As previously mentioned, some regions in Brazil do not have dermatologists available
to the population. In addition, the availability of a dermatoscope is even more di cult as
it is a costly device. These factors make it di cult, and sometimes impossible, to diagnose
skin cancer with a good accuracy. Therefore, there was a motivation to develop a method
that uses data that are not from dermatoscope. Since smartphones became a common tool
among the population, it was proposed the development of a method that helps in the
process of diagnosing skin cancer using images taken by smartphones. As segmentation
is one of the rst steps in the diagnosis, and can be used to generate essential features
for the classi cation stage, such as some of the ABCD-E rule features, it was the stage
studied in this work.

1.4 Objectives and expected results

This work proposes a methodology for skin cancer segmentation that uses a U-net
architecture, a combination of color spaces and, in order to improve the segmentation results,
the conditional random elds (CRF) as a post-processing tool. First, the performance of
the methodologies is compared to other works using a well-known dataset of dermoscopic
images of skin lesions. Next, a case study is done using images taken by smartphones. This
type of image has several di culties, such as zoom, angle and lighting, making detection
substantially more challenging. Inspired by the good results of the deep learning approaches,
this work studies the application of these methodologies in the dataset collected in the
PAD.

1.5 Related works

The use of computer-aided diagnosis (CAD) systems for skin cancer analysis has
been investigated in the last years and has proved to be a promising tool. Masood and
Al-Jumaily [15] make a review of techniques and algorithms of CAD systems for skin
cancer. The main proposal of those systems is to detect and extract features from the
lesion, and occasionally classify the disease. This process includes four important stages
namely pre-processing, segmentation, feature extraction and classi cation. Methods for
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these steps are proposed in [3], [16] [25], and a review is made in [26]. A CAD system
needs to have some data as input. Usually, the input is one of the several types of imaging
methods such as cutaneous photography, dermoscopy, confocal scanning laser microscopy,
ultrasound, magnetic resonance imaging, optical coherence tomography, and multispectral
imaging. The most common in the literature is the use of dermoscopic images, as in
[16] [21], [24], [25]. However, as mentioned before, most cities in countryside do not have
dermatoscope. Therefore, the use of standard camera images is relevant, and some works
got rst results using it, as in [3], [22], [23].
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2 Background on deep learning to segmenta-
tion

This chapter presents a theoretical foundation of the techniques used in this work.
First, the pre-processing used in this paper is presented, along with a description of some
di culties present in skin cancer images. Next, it is described the concept of segmentation
and how it is used in the domain of skin cancer images. Then, the arti cial neural networks,
together with the convolutional networks, are introduced, followed by the architecture
used in this work. Also, some techniques to improve deep learning are detailed. Finally,
the post-processing used in this work is presented.

2.1 Pre-processing

Computer aided systems for the diagnosis of skin cancer must di erentiate the
lesion from the healthy skin to work well. As shown in Fig. 2(a), transitions between
lesion and skin around are almost imperceptible, making it hard to detect the lesion. Skin
cancer images may also contain artifacts, such as hairs in Fig. 2(b), re ections in Fig.
2(c), shadows, skin lines and ink markings in Fig. 2(d), which may a ect the accuracy of
the image segmentation. So, it is important to have a pre-processing step to improve the
segmentation.

In order to solve those problems, the rst step is to choose between scalar (single
channel) and vector (multichannel) processing. In scalar processing, the original image
is converted to some single channel image such as grey-level image or only one channel
of the image. In vector processing, the original RGB image may be used or converted to
other color spaces, such as CIE L*a*b, CIE L*u*v, and HSV spaces. These color spaces
are commonly used in literature, since they ensure approximate perceptual uniformity and
achieve invariance to di erent imaging conditions such as viewing direction, illumination
intensity, and highlights [16]. In this work, a combination of color spaces is made and
described in Sec. 3.2, and its results are compared in Sec. 4. As described in Sec. 4.1,
the images from the PAD dataset were also cropped to separate the lesion from other
information in the images.

2.2 Segmentation

The main goal of segmentation is to partition the image into mutually exclusive
regions to which can be subsequently attached meaningful labels [27]. In traditional
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(a) Smooth transition (b) Hair

(c) Re ection (d) Ink marking

Fig. 2. Problems in skin cancer images.

systems, segmentation is the most important phase, as the whole process depends on how
good it can detect the region of interest (ROI) of an image. In this work, the skin cancer

is the ROI of the images. Fig. 3 presents some examples of segmentation, in which the
contour represents the region of interest desired for each sample. It is desirable that the
segmentation obtained by the algorithm is the closest to these regions of interest.

In the past, segmentation was essentially an unsupervised task, depending only on
the input image to work, as the techniques described in Sec. 2.2.2. However, nowadays deep
learning techniques are getting good results for this task, as described in Sec. 1.5. And,
it is known that most algorithms based on machine learning have a supervised learning
process, making the task dependent on the availability of a ground truth.

2.2.1 Supervised segmentation

Supervised segmentation algorithms require the ground truth of the images to
work properly. In other words, in case of skin cancer segmentation, a specialist needs
to determine where the lesion is in each image, as in the example shown in Fig. 4. The
algorithms use the prior knowledge of the training set to learn how to generalize the
targeting task. One of the most e ective types of supervised algorithm is arti cial neural
networks (ANN) [28].
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Fig. 3. Segmentation examples from the datasets used in this work. The rst six images,
from top to bottom, are from the ISIC 2017 Challenge dataset, and the last three
images are from PAD dataset. The yellow line delimits the ROI of each image.

2.2.2 Unsupervised segmentation

Unlike supervised segmentation, unsupervised methods do not need a ground truth
to work. These methods can be divided into some categories such as the border-based
and region-based categories. Methods in these categories use respectively edge operators
and region splitting or merging algorithms for segmentation [30], [31]. In addition, there
are some methods based on histogram thresholding, which de ne a threshold value to get
the region of interest. The Otsu [32] threshold method is one of the most used. Finally,
there are algorithms based on active contours in which the initial curves move toward the
boundary region of interest [33], [34].

2.3 Arti cial neural network

An arti cial neural network (ANN) is a massively parallel distributed processor
made up of simple processing units, which has a natural propensity for storing experiential
knowledge and making it available for use [35]. The most ANN models are compound by
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Fig. 4. Examples of ground truth for skin cancer images. In the top there is an example
using ISIC 2017 Challenge dataset [29] and in the bottom using PAD dataset. The
left image is the original one, and the right image is the ground truth.

arti cial neuron, shown in Fig. 6. The output of the the neuron is described by Eq. 2.1

xXn
y="1( xiw+1D (2.1)

wherex are the inputs,w are the weights,b is the bias andf is the activation function.

An activation function that has become very popular is the ReLU (Recti ed Linear
Unit), described by Eq. 2.2 and illustrated in Fig. 5.

f (x) = max(0; x) (2.2)

Fig. 5. ReLU activation function.

However, other activation functions such as the sigmoid and the tanh, respectively
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described by Egs. 2.3 and 2.4, are also used.

1

f(x)= T+ e (2.3)
f(x)= 1+2e?>< (2.4)

Fig. 6. The perceptron neuron model's representation [36]

The ANN architecture is divided in three di erent layers: input, hidden and output.
The input and output layers represent respectively the data fed to the network and the
resulting output in the problem context. The hidden layer is an essential part of an ANN,
it is connected to the input layer and to another layer, which can be also a hidden layer,
or, as shown in Fig. 7, an output layer. The best number of hidden layers is a currently
studied subject and usually it is empirically determined [37].

Fig. 7. A feedforward neural network representation [38]. The information always ows
from the input nodes, through the hidden nodes to the output nodes.

Feedforward Neural Networks are a type of ANN where the information goes only
in one way. So, the neurons in one layer can only a ect the neurons in the next layer,
having no feedback in this architecture. The ANN shown in Fig. 7 is a feedforward network
with only one hidden layer.

In general, ANN learns from data how to generalize a function. So, given an input,
the network should return a result close to the expected value. To do so, it is necessary a
learning algorithm to determine the best weights and bias values to the architecture. The
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most common learning algorithm is the backpropagation [39], described by the pseudocode
in Algorithm 1. The main idea of this algorithm is to adjust the connection weights of the
network aiming to minimize a loss function using the gradient descent. A common loss
function used is the mean square error, described in Eqg. 2.5. The gradient is the partial
derivative of this measure with respect to the weights of the network, as described in Eq.
2.6.

1 X
E= T % )’ (2.5)
t=1
_ @E
W = av (2.6)

whereT is the number of samples in the datase®} is the expected output,y is the actual
output of the network, W is the weight matrix and is the learning rate. Therefore, the
weight matrix is updated with Eq. 2.7 several times until a stopping criteria is met.

W=W+ W (2.7)

Algorithm 1  backpropagation
1. procedure Backpropagation (T;N;k; )
2. T is the pairs input and output
3 N is the number of hidden layers andk the number of hidden neurons for each
layer
is the learning rate
while stopping criteria is hot metdo
for each sample ofl do
for each connection weightv do
calculate W with Eqgs. 2.5 and 2.6.
update W with Eq. 2.7

10: return trained weights and bias

© N2 g R

2.4 Convolutional neural network

Convolutional neural networks (CNN) are a special type of ANNs. They are
composed by neurons that have learnable weights and biases, and also have a di erentiable
measure function. However, CNN considers the spacial distribution to take advantage of
the fact that the input is usually an image, which have high correlation between pixels.
The CNN architecture contains three main types of layer: convolutional layer, pooling
layer, and fully-connected layer. Le Cun et al. [40] developed LeNet-5, a pioneering CNN
architecture to handwritten digit recognition. The architectures from the original work is
illustrated in Fig. 8. The LeNet-5 has seven layers, not counting the input. The input is
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a 32 32pixel image. The convolutional layers are labeled Cx, the subsampling layers
are labeled Sx, and fully-connected layers are labeled Fx, where x is the layer index. The
rst layer, C1, is a convolutional layer with six feature maps of siz€8 28. Next, there

is S2, which is a subsampling layer with six feature maps of sizd 14. Layer C3 is

a convolutional layer with 16 features maps of siz€0 10. Layer S4 is a subsampling
layer with 16 feature maps of siz&. Layer C5 is a convolutional layer with 120 feature
maps of sizel 1. Layer F6 contains 84 units and is fully connected to C5. Finally, the
output layer is composed of Euclidean radial basis function units, one for each class, with
84 inputs each.

Fig. 8. The CNN architecture, LeNet-5, proposed by Le Cun et al. for digits recognition
[40]. Each plane is a feature map and the operations are described at the bottom.

2.4.1 Convolutional layer

The convolutional layer is responsible to extract features from the image. The
parameters in this layer consist oK learnable two dimensional Iters, where each Iter
has spatial size ofF . During the forward pass, each lter is slided with stride of value
S across the width and height of the input volume and it is computed the dot products
between the entries of the Iter and the input at any position. This process produces
a 2-dimensional activation map that gives the responses of each Iter at every spatial
position. Sometimes it is convenient to pad the input volume withP zeros around the
border, allowing to control the spatial size of the output volumes. As such, the output
dimension is determined as:

_ (V F+2P) ‘1

D
S

(2.8)

where V is the volume size of the input.

To exemplify the convolutional step, let us consider a image wit =5 represented
by the blue matrix shown in Fig. 9. It is used a Iter with dimensionF = 3 and with its
values shown in the red matrix in Fig. 9. It is considere® = 1, there is no zero padding
(P =0), and the bias is equal to one. The output dimension is calculated using Eq. 2.8,
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and it is D = 3. Some states of this process is illustrated in Fig. 9, and the resulting
output matrix is the green matrix shown in the nal state.

Fig. 9. The convolutional process is exempli ed in two states: initial state (top) and nal
state (bottom). The blue matrix is the input matrix, the red matrix is the lter,
the yellow box is the bias and the green matrix is the output matrix. There is no
padding and the stride is equal to one.

2.4.2 Activation layer

Element-wise multiplication and summation are both linear operations that occur
during the convolutional layer. However, it is desirable to introduce non-linearity into
the system. And for this, it is common to have a non-linear layer (activation layer) just
after each convolutional layer. The activation layer consists of a nonlinear activation
function. The most common functions are: sigmoid, tanh and ReLU (Recti ed Linear
Unit). In convolutional networks, ReLU is usually used as an activation function due to
its computational e ciency. Its mathematical formulation is described in Eq. 2.2, and its
graph is illustrated in Fig. 5.
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2.4.3 Pooling layer

After convolution, it is common to insert a pooling layer to reduce the dimensionality
of each feature map, control over tting, and help reduce the translation invariance. There
are some types of spatial pooling, such as max, average and sum. The most common is the
max pooling, in which it is de ned a spatial neighborhood and the largest element is took
from the recti ed feature map within this window. A new matrix is used to exemplify this
step using a2 2 window with a stride equals 2. As shown in Fig. 10, each littl@ 2
square with di erent color generate a max number in a resultant matrix.

Fig. 10. Example of pooling operation using the max pooling witl2 2 Iter and stride 2.
The maximum value of eacl2 2 colored square is selected for the output matrix
in the position with the same color as the square.

2.4.4 Fully-connected layer

In order to execute tasks such as classi cation, the network has to be able to
generate probabilities of a certain class for each input. So, after detecting high level
features, usually it is attached a fully-connected (FC) layer to the end of the CNN, as
in LeNet-5 architecture shown in Fig. 8. The way the fully-connected layer works is that
it examines the output of the previous layer, since it has connections to all the previous
activations, and determines which features are most correlated to a given class. The output
of this layer is a N dimensional vector where N is the number of classes of the domain,
and each value in this vector represents a probability of a given class.

2.4.5 Batch normalization

As described in Sec. 3.5, the architecture used in this work uses batch normalization
after each convolutional layer, as well as after concatenation with the result of the
convolution transposed. Batch normalization was initially proposed to reduce the internal
covariate shift, which is caused by the distribution change of each layer's input as the
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network parameters change during training [41]. This reduction allows the use of a higher
learning rate and to be less careful about initialization, improving the training time.
However, Santurkar et al. [42] recently state in their work that the advantage of using
batch normalization is not related to the reduction of internal covariate shift, but to the
smoothing of the optimization landscape, making the gradient more predictable and stable,
decreasing the training time.

2.5 Fully convolutional networks

2.5.1 Overview

Fully Convolutional Network (FCN) is a speci c type of CNN, where the nal fully-
connected layer is replaced by a convolutional layer. It started to receive attention after the
good results in segmentation tasks in [43]. Since it was proposed for semantic segmentation,
it is desirable that the nal output layer has the same height and width as the input
image, and the number of channels needs to be equal to the number of classes segmented.
However, as shown in Fig. 11, as the image goes through the convolutional and pooling
layers, the width and the height of the image are reduced. In order to have an output
segmentation with the same size of the input, FCNs use the backward convolution called
transposed convolution [43]. The transposed convolution, initially called deconvolution,
had its rst appearance, without receiving a speci c name, in [44]. Next, in a later work
by the same author, the term deconvolution layer was de ned [45]. It can be used as a
method of upsampling the pixels without a prede ned interpolation method, as in Fig.
11. One way of implementing the transposed convolution is by reversing the forward and
backward passes of the convolution, as described in [43]. Thus, in the same way as the
convolutional layers, the transposed convolution also has weights that will be trained by
the backpropagation. An excellent visual demonstration of the transposed convolution is
done in [46], where the technique is discussed in more depth.

Fig. 11. The fully convolutional network presented in [43].
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2.5.2 U-Net

The U-Net was rst proposed by Ronneberger et al. [21] for biomedical image
segmentation. The architecture is an extension of the fully convolutional network. As
described previously, the upsampling layers in FCN increase the resolution of the output.
The main idea in U-Net is to combine the high resolution features from the contracting
path with the upsampled output. This process allows the network to propagate context
information to higher resolution layers, making the expansive path symmetric to the
contracting path as shown in Fig 12. The U-Net architecture used in this work has a
di erent number of layers than originally proposed, however the main concept of the
network is maintained. Sec. 3.5 describes the architecture used in greater detail.

Fig. 12. U-Net architecture proposed by Ronneberger et al. [21]. Each blue box corresponds
to a multi-channel feature map. The number of channels is on top of the box. The
x-y-size is at the lower left edge of the box. The white boxes represent copied
feature maps.

2.6 Transfer learning

When using deep learning techniques like CNN, the amount of data available should
be large enough for the algorithm to learn the essentials features from the domain. However,
there are some cases where the data acquisition is hard or costly, as in medical domains.
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Transfer learning (TL) is the concept that tries to learn from a source domain where there
are easier conditions, for example, more data or computational resource available, and
transfer the knowledge for a target domain [47]. In case of convolutional neural networks,
there are di erent types of TL, and it depends on the source and target datasets and
how they are related [48]. When there is a small target dataset and it is similar to the
base dataset, the most appropriated TL is to copy all the convolutional layers trained
from the base network to the target network and freeze them. Then, the fully-connected
layer is trained from the scratch with the target dataset. Another way of TL is to copy
from the base network just the shallower convolutional layers and freeze them, while all
the others layers are trained from the scratch. This is motivated by the fact that the
rst convolutional layers retain more generalized features from the images, such as color,
texture and edges, while deeper layers parameters attempt to captures speci c features
from the target domain [49]. The choice of freezing or not some layers depends on the size
of the target dataset and the number of parameters in the layers. If the target dataset
is small and the number of parameters is large, ne-tuning the parameters can lead to
over tting, so it is better to let them frozen. On the other hand, if the target dataset

is large, over tting is not a problem, and ne-tuning the parameters may lead to better
performances.

2.7 Data augmentation

Working in the same direction as transfer learning, data augmentation also attempts
to improve the training phase in domains where there is insu cient data. The importance
of increasing data for the analysis of skin cancer was shown in a work by the RECOD
Lab, where 13 di erent data augmentation scenarios were investigated [50]. The scenarios
include traditional color and geometric transforms, elastic transforms, random erasing
and a novel augmentation that mixes di erent lesions. These scenarios are shown in Fig.
13. For this work, only some of the techniques presented in the RECOD Lab work were
selected and are described in Sec. 3.3.

2.8 Conditional random elds

Although the use of fully convolutional networks has performed very well in
segmentation tasks, the predictions from this type of model are still quite coarse, since
the max-pooling stages in earlier parts of the network resulted in the loss of many spatial
information. As a result, ne structures and object boundaries are usually poorly segmented
[51]. Also, there are some times where the pixel is classi ed as an incorrect label in the
middle of a blob of pixels from another label. However, we know that skin cancers are
usually continuous and nearby pixels are likely to be part of the same object. Conditional
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Fig. 13. Data augmentation scenarios presented in [50]. The scenarios can be de ned from
A to M in alphabetical order as: A - no augmentation; B - saturation, contrast
and brightness; C - saturation contrast brightness and hue; D - ane; E - ips; F
- random crops; G - random erasing; H - elastic; | - lesion mix; J - basic set; K -
basic set + erasing; L - basic set + elastic; M - basic set + mix.

random elds (CRF) are models often used to help to improve performance of the nal
segmentation is such cases.

CRF models complex structures consisting of a large number of interrelated parts.
For example, an image composed by separated pixels, in which there are some relations
between the pixels. Each pixell has a set of possibles labels, such as lesion or non-lesion
in the skin cancer segmentation task. The main idea of CRF is to nd a con guratiorx,
where each pixel has a speci c label, in which the total energy is minimized. The total
energy is a combination between a unary and a pairwise energy. The unary energyx;),
or unary cost, is the cost to assign a labed to the pixel i. This cost is obtained from the
nal score of the CNN. The pairwise energy ,(X;; X;), or pairwise cost, is used to model
interaction between pixels. The total energy is described by Eq. 2.9.

X X
E(x) = u(Xi) + p(Xi; X;) (2.9)
i i6]

wherei and j are indexes for the pixels from the image.

As it was used the fully connected CRF proposed in [52], where every pixel is
related to every pixel in the image, the pairwise energy is described in Eqg. 2.10.

p(Xis %)) = (xi;x)k(fi; ;) (2.10)
where each of the vector$;, and f; are feature vectors for pixels andj in an arbitrary

feature space and is a label compatibility function.

For the segmentation task, the kernel functiork(f;; f;) can be de ned in terms of
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the color vectorsl; and | ; and positionsp; and p; by the Eq. 2.11.

ey B opi® il it i pj
k(fi;fj) = w®exp( '22’ '22’ + w®@exp '272’ (2.11)

wherew® and w® are linear combination weights,exp( ”’iz i j'iz %) is inspired
by the fact that nearby pixels with similar color are likely to be in the same class. The
parameters and control the nearness and similarity degree. Thexp ”0'27'2”2 part is

responsible to remove small isolated regions [52].

The compatibility function  used is given by the Potts model, (x;;X;) = [X; 6 X;],
where the cost is zero when two neighboring pixels have the same label, anid they have
di erent labels [52].
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3 Deep learning for skin cancer segmentation

This chapter details how the methods described in the Sec. 2 are used and combined
to segment skin cancer images. There are two datasets used in this work, the rst one
is a public dataset provided by the International Skin Imaging Collaboration (ISIC) for
the ISIC 2017 Challenge [29]. The dataset contains 2,000 dermoscopic images for training
and 600 for testing, some examples from this dataset are shown in Fig. 14. As explained
before, dermatoscope is not available in most places in Brazil, and the easiest way of
capturing images would be using smartphones. However, training ML algorithms using
dermoscopic images, and testing using images taken from smartphones seems not to work
[53]. Therefore, to compare the results and ensure the di erence between these types
of image, we started to create a new dataset containing clinical images acquired from
smartphones.

Fig. 14. Examples of desmoscopic images from the ISIC 2017 Challenge dataset [29].

3.1 PAD dataset

In the late of 2017, we started a partnership with the dermatological assistance
program (PAD), by providing a system able to collect data from patients, present statistics,
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