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Abstract—Melanoma is considered to be the most dangerous
form of skin cancer. However, if the melanoma is diagnosed in its
early stages, it can be easily cured. Some medical techniques have
been proposed to improve the performance of early melanoma
diagnosis, including dermoscopy, which combines illumination
techniques with magnification to obtain a better visualization
of the skin lesion. Based on this technique, several medical
procedures, such as the ABCD rule and the 7-point checklist,
were developed to simplify not only the distinction between
the different types of lesions but also the detection of malig-
nant melanomas. These procedures rely on the detection of
dermoscopic features and colors in dermoscopy images of the
lesion. One of the most relevant dermoscopic structures detected
by these procedures is pigment network. Some works were
published addressing the automatic detection of this structure,
but the majority of them only focus on detecting it and not
localizing it, which would be of great importance for medical
experts. Thus, this work proposes a system for the automatic
detection and segmentation of pigment network, using a deep
learning approach. The developed system was based on a well-
known convolutional neural network (CNN) architecture called
U-Net, which was designed for biomedical image segmentation
tasks. This system receives as input a dermoscopy image and
generates a binary mask where the presence of pigment network
is highlighted. This method was tested against a dataset of 600
images belonging to the ISIC database, achieving a sensitivity of
93.8% and a specificity of 84.2%, which proves the reliability of
the proposed system.

I. INTRODUCTION

Skin cancer is one of the most common forms of cancer
and may take the form of a benign or malignant lesion.
Melanoma is considered to be the deadliest of malignant skin
cancers, mainly due to its ability to metastasize [1]. Although
it comprises only 4% of all skin cancers, it is responsible
for 80% of skin cancer-related deaths [2]. However, if the
melanoma is diagnosed in its early stages, it is easily curable
by performing a simple excision of the lesion [1]. Thus, it is
crucial to develop reliable automatic systems for melanoma
detection.

The dermoscopy technique was developed to improve the
performance of early melanoma diagnosis, combining special
illumination techniques with magnification to obtain a better
visualization of the skin lesion [3]. Previous studies showed
that comparing to naked-eye analysis, dermoscopy improves
the melanoma diagnostic accuracy by 10-27%. However, this
technique can only improve the diagnostic performance if

the dermatologists are trained formally [4], otherwise, some
lesions can be underdiagnosed, leading to dangerous misclas-
sifications. Based on this technique, some medical procedures
were developed to simplify the classification between the dif-
ferent types of skin lesions and detect malignant melanomas.
These diagnostic algorithms, such as the ABCD rule [5] and
the 7-point checklist [6], rely on the detection of dermoscopic
features and colors that are observed in a dermoscopy image
of the lesion. One of the most relevant dermoscopic structures
analysed by these algorithms is the pigment network [1].

The presence of pigment network is accounted when dis-
tinguishing between a melanoma and other skin lesions, being
moreover a feature present in all medical algorithms for the di-
agnosis of melanomas. Furthermore, when an atypical network
is present, it commonly results in the lesion being classified as
melanoma. Thus, it is essential to develop methods to detect
it, since it has a great importance in melanoma diagnosis [7].

Despite its automatic detection being a very complex
problem, several works have been published addressing the
detection of this structure [8, 9, 10, 11, 12, 13, 14], however,
only a few focus not only on detecting it but also localizing
it in dermoscopy images, which is of major interest for the
dermatologists when diagnosing a lesion. Thus, the aim of this
thesis is to carry out the automatic detection and segmentation
of pigment network using a deep learning approach. The
developed system was based on a well-known Convolutional
Neural Network (CNN) architecture, especially designed for
biomedical image segmentationt tasks.

The advent of deep learning has had a significant impact
on many areas in machine learning [15], dramatically im-
proving the state-of-the-art in different tasks such as object
detection, speech recognition, language translation [16] and
also dermoscopy image analysis [17]. So far, very few inves-
tigations have considered deep learning techniques towards the
automatic detection of pigment network, with the exception of
some successful works such as the one presented by Kawahara
et. al [18]. This is highly related to the fact that deep learning
architectures require a large amount of data and only recently
were provided databases with enough examples, such as the
DermNet [19] and ISIC [20] datasets, that would make this
area benefit from the power of deep learning.
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II. CNN ARCHITECTURES FOR IMAGE SEGMENTATION

Although CNNs are widely used in image classification
problems, there are many visual tasks, especially in medical
image analysis, where the desired output should include lo-
calization, providing not only the classes but also additional
information regarding the spatial localization of those classes.
Thus, it is required that a class label is assigned to each
pixel of the image, which corresponds to the main idea behind
semantic image segmentation using CNNs [21].

Spatial information is especially important for semantic
segmentation tasks. Hence, in 2015, Long et al. [22] pro-
posed the Fully Convolutional Network (FCN) to overcome
this limitation. The idea behind their approach was to take
advantage of existing CNNs as powerful visual models that
are able to learn hierarchies of features. They transformed
those existing and well-known classification models, such as
AlexNet [23], GoogLeNet [24] and ResNet [25], into con-
volutional ones, by replacing the final fully connected layers
with transposed convolutional ones to output spatial maps
instead of classification scores. By applying this operation, the
original spatial dimensions of the input image can be recovered
while performing semantic segmentation at the same time.
This network has made it feasible to train models for pixel-
wise semantic segmentation in an end-to-end fashion. Figure
1 depicts the architecture of the FCN.

Figure 1: FCN architecture (adapted from [22]); the number
below the boxes represent the number of filters of each layer

Since Long et al. popularized the CNN architecture for
dense predictions without any fully connected layers, a large
number of FCN-based [26, 27, 28, 29, 30, 31, 32] meth-
ods have been proposed, promoting the application of deep
learning strategies to image semantic segmentation. Recently,
U-Net [33] became one of the most popular networks for
biomedical image segmentation problems. Essentially, U-Net
is a deep convolutional network that learns to segment images
in an end-to-end setting, which means that it receives as
input an image in its rawest form and produces an output
segmentation map. The architecture of this network consists
of a contracting path where the image’s context is captured and
a symmetric expanding path that enables precise localization,
which is illustrated in Figure 2.

In Figure 2, each blue box represents a multi-channel feature
map, while each white box represents copied feature map. On
top of the boxes is indicated the number of channels and the

Figure 2: U-Net architecture (adapted from [33]).

size of the image is given at the lower left edge of each box.
The arrows show the different operations.

This type of network merges a convolutional network ar-
chitecture (contracting path on the left side) with a decon-
volutional network architecture (expanding path one the right
side).

The contracting path is composed of a repetitive pattern of
two 3 × 3 convolutions, each followed by a Rectified Linear
Unit (ReLU) and a 2×2 max pooling operation with a stride of
2 for downsampling. At each downsampling step, the number
of feature channels is doubled.

Regarding the expansive path, every step includes an upsam-
pling operation of the feature map obtained in the contracting
path, followed by sequences of 2x2 transposed convolutions,
that halves the number of feature map channels. At each
step, a concatenation of the resulting feature map with the
correspondingly feature map obtained from the contracting
path is performed, followed by two 3 × 3 convolutions and
a ReLU layer after each convolution.

The entire network has 23 convolutional layers, where the
last layer is used to map each component feature vector related
to the desired number of output classes.

III. PROPOSED METHODOLOGY

This section presents the techniques that were used in
the development of a system to detect pigment network in
dermoscopy images. A deep learning approach was taken,
where a CNN model was developed and trained using skin
lesion images from a publicly available dataset [20].

A. Overall architecture

The architecture of the proposed system is shown in Figure
3. The main components of the system are two identical
pre-processing modules, a CNN architecture module and a
training module. The system receives as input a dermoscopy
image which is pre-processed before being fed to a trained
CNN model, generating as output a binary mask, where
white indicates the presence of pigment network and black
corresponds to the absence of pigment network. The CNN
model is trained using a set of dermoscopy images and their
corresponding groundtruth segmentations of pigment network,
which are also pre-processed.



Figure 3: Block diagram of the system’s architecture

In the next sections, it will be detailed all the procedures
taken in each one of the system’s modules.

B. Pre-Processing

Before feeding the dermoscopy images into the CNN ar-
chitecture, the raw input images are subjected to a set of pre-
processing transformations. In this thesis, the pre-processing
procedures applied to the input images are as follows:
• Image resizing. The input images were all of different

sizes, varying from 576 × 768 to 6748 × 4499. Thus,
to reduce the computational cost and the complexity of
the problem, all images of the dataset were resized to a
constant value of 256× 256.

• Image channels reduction. For some experiments, the
input RGB images were converted to grayscale images,
reducing the images depth from 3 to 1. The grayscale
conversion was performed using the ITU-R 601-2 luma
transform [34], which is given by

T = 0.299R+ 0.587G+ 0.114B, (1)

where R denotes the red color channel, G is the green
color channel and B is the blue color channel. This
transform was chosen mainly due to its implementation
easiness.

• Image normalization By dividing each input image by
255, each color channel was normalized from a range
between 0 and 255 pixel values to a range between 0
and 1 normalized values.

C. CNN Architecture

Since the goal is to segment the pigment network regions in
dermoscopy, the CNN architecture that was chosen is the U-
Net [33], which was specifically designed by O. Ronneberger
et al. to deal with biomedical image segmentation problems.
The architecture of this network is described in Section II and
it is illustrated in Figure 2. However, a few changes were made
to the architecture of the network.

First, the depth of the channels at each stage of the network,
including both convolution and deconvolution parts, was re-
duced by a quarter, i.e. instead of using 64, 128, 256, 512 and
1024 channels, 16, 32, 64, 128 and 256 channels were used.
The reason behind this adjustment is related to limitations of
hardware, mainly memory issues (see Section IV-C for the
implementation details).

The other alteration that has been done is that the final
layer was reduced from two layers to only one layer. The

pixel-wise classification is binary, i.e. each pixel is classified
as foreground (white) or background (black), so it is possible
to use only one output layer with a sigmoid activation function
(2) and reduce the number of parameters of the network.

f(ŷ) =
1

1 + e−ŷ
. (2)

Thus, instead of the output pixel p(x, y) belonging to
the class of the node with the highest probability pij , it is
considered foreground if its probability is above a threshold λ
and background if it is below that given threshold λ, as shown
in equation (3).

p(x, y) =

{
1, if pij ≥ λ
0, otherwise

(3)

D. Training method of the network

The training methodology follows the block diagram de-
picted in Figure 4. Since the training is done from scratch, the
weights of the model are randomly initialized. The training
data is split into mini-batches, wherein each iteration (smaller
loop in the figure), one mini-batch is feedforwarded through
the CNN architecture. Then, the generated binary mask is
compared with the desired binary output using a loss function
(see next section for details of the used loss functions). After
that, the derivative of the loss function is computed and the
error is backpropagated through the network from the end to
the start. Once all derivatives are computed, the weights are
updated using a gradient-based optimization algorithm called
Adam [35] and another mini-batch is feedforwarded through
the CNN and the procedure repeats. After all the mini-batches
have been feedforwarded once through the CNN (what is
called an epoch), the training set is shuffled (bigger loop in the
figure which contains the dashed line) and the aforementioned
mini-batch training is repeated. The described procedure is
performed for a chosen number of epochs. The training data
is shuffled at each epoch to make sure that the model remains
general and overfit less. By shuffling the data after each epoch,
the risk of creating batches that are not representative of the
overall dataset decreases and the estimate of the gradient will
be better; it has been observed that if the order in which the
mini-batches are visited is changed for each epoch, a faster
convergence is obtained [36].

1) Definition of hyperparameters: For the learning process,
some parameters must be carefully considered in order to
achieve the best possible performance. Thus, the parameters
to be defined before the training algorithm are the following:
• Batch size. The batch size is the number of samples fed to

the network in one training iteration, in order to make one
update to the model parameters. Since the entire dataset
cannot be propagated into the neural network at once
for memory limitations, it is divided into batches, which
makes the overall training procedure require less memory
and become faster. It should be highlighted that the higher
the batch size is, the more memory will be needed and
the slower is the training procedure.



Figure 4: Training methodology. The small loop corresponds
to each mini-batch training (full line). The bigger loop is
performed once per epoch (loop including dashed line), after
all mini-batches have been feedforwarded once in the current
epoch.

• Epochs. The number of epochs denotes how many times
the entire dataset has passed forward and backward
through the neural network, i.e., one epoch is when every
image has been seen once during training. Nevertheless,
this concept should not be confused with iterations. The
number of iterations corresponds to the total number of
forward and backward passes, with each pass using a
batch and depends on the the batch size, the number of
epochs and number of training images. It is computed as
follows:

#iterations =
#epochs×#training images

batch size
(4)

• Loss function. The loss function evaluates the inconsis-
tency between the predicted value ŷ and the groundtruth
label y in every batch.
For the purpose of this thesis, two loss functions were
tested, namely the Cross-Entropy (CE) and the Weighted
Cross-Entropy (WCE). The cross-entropy loss function
for binary classification is given by

L(y, ŷ) = −
N∑

i=1

[
yi log

(
eŷi

1 + eŷi

)
+
(
1− yi

)
log

(
1

1 + eŷi

)]
, (5)

where N denotes the total number of training images.
Since the training dataset is imbalanced (see Section
IV-D), i.e., the number of foreground pixels (pixels where
pigment network is present) is much smaller than the
number of background pixels (pixels where pigment net-
work is absent), it is necessary to find a way to overcome
this issue. To tackle this problem, it is introduced a weight
as a multiplicative coefficient for the positive class, i.e.
foreground pixels, in the loss function. Thus, the weighted
cross-entropy loss function for binary classification is as
follows:

L(y, ŷ) = −
N∑

i=1

[
yi log

(
eŷi

1 + eŷi

)
w+

(
1−yi

)
log

(
1

1 + eŷi

)]
, (6)

where w = #total pixels
#foreground pixels .

• Optimizer. The optimizer used in this work was the
Adam [35], which is a gradient-based optimization al-
gorithm that computes individual adaptive learning rates
for different parameters from estimates of first and second
moments of the gradients; the name Adam is derived
from adaptive moment estimation. This optimizer was
chosen since it has little memory requirements and the
hyperparameters β1 and β2 have intuitive interpretations,
requiring little or no tuning.
Besides storing an exponentially decaying average of past
squared gradients vt like RMSprop, Adam also keep
an exponentially decaying average of past gradients mt,
similar to momentum [37], according to:

mt = β1mt−1 + (1− β1)gt (7)

vt = β2mt1 + (1− β2)g2t , (8)

where mt and vt are the estimates of the first moment
and the second moment of the gradients respectively,
β1, β2 ∈ [0, 1] are hyperparameters that control the
exponential decay rate of these moving averages and
gt = ∇θtft(θ) denotes the gradient, i.e. the vector of
partial derivatives of the objective function ft with respect
to the parameters θ (weights and biases). After that, the
learning rate ηt is updated using the external learning rate
η, according to

ηt = η

√
1− βt2
1− βt1

(9)

and the parameters θt are adjusted using the Adam update
rule given by

θt = θt−1 − ηt
mt√
vt + ε̂

, (10)

where ε̂ corresponds to a small constant for numerical
stability.

• Learning rate. The learning rate parameter controls the
step size for which the weights of a model are updated
regarding the loss gradient. The lower its value is, the
slower the convergence is but it is ensured that it is not
missed any local minimum.

The hyperparameters values chosen are defined in Section
IV-D.

2) Model Evaluation: As referred in section III-D, the CNN
was trained for a fixed number of epochs. However, during
training, the model was validated at every 10 epochs, in order
to select the best model configuration. Figure 5 illustrates how
each model was evaluated to obtain the best possible one.

As depicted in Figure 5, the model is learned from the
training data through a learning algorithm. To evaluate how
well the model can perform, a predicted algorithm, using the
learned weights of the model, generates predictions from a
new set of data (validation data) that was not used during the
training procedure. Essentially, the new set of data allows the



Figure 5: Model evaluation procedure

validation of the model’s performance in order to understand
if the model is able to generalize to new inputs. After that,
the model’s performance is evaluated by using a metric that
compares the predictions with the desired outputs of the
validation data. The metric chosen was the Balanced Error
(BE) which is given by

BE = 1− SE + SP

2
, (11)

where SE is the sensitivity (percentage of correctly classi-
fied foreground pixels) and SP is the specificity (percentage
of correctly classified background pixels).

In the next chapter, the results of this metric are presented
using the validation data as the input of the system. After
obtaining for each experiment the model that achieves the
lowest BE, these models are used to detect pigment network
in the test data.

IV. IMPLEMENTATION AND RESULTS

This section presents the results obtained for the proposed
system as well as some implementation aspects.

A. Dataset

The International Skin Imaging Collaboration (ISIC) 2017
Challenge [38] dataset [20] for Skin Lesion Towards
Melanoma Detection was used throughout this work .

This dataset of dermoscopy images was very recently made
publicly available and it contains 2750 RGB images which
are pre-partitioned into 2000 training images, 150 validation
images and 600 test images. Furthermore, it is also provided
corresponding superpixel masks and superpixel-mapped expert
annotation of the presence or absence of pigment network.
These superpixel masks were converted to binary segmentation
masks, where white denotes the pixels where pigment network
is present (foreground) and black corresponds to the back-
ground. Figure 6 depicts an example where pigment network is
present and its corresponding manual segmentation in a binary
mask.

The dataset is composed by malignant and benign lesions,
where pigment network may or may not be present. Table I
shows the number of dermoscopy images that contain pigment
network for each subset.

It should be noted that only recently this database was made
publicly available, providing a large number of dermoscopy
images with superpixel-level annotations performed by expert

(a) (b)

Figure 6: (a) Original image with pigment network; (b) Binary
segmentation mask (extracted from the ISIC 2017 dataset
[20]).

Subset Pigment Net. Non-pigment Net. Total images
Training 1131 869 2000

Validation 64 86 150
Test 333 267 600

Table I: ISIC 2017 Dataset [20] distribution

dermatologists, which is why this thesis could only be devel-
oped in the present days.

B. Performance metrics

This section addresses the procedures used to quantitatively
evaluate the performance of the proposed system for detection
of pigment network.

The proposed network detection system generates a binary
segmented image that is compared with the groundtruth seg-
mentation using pixel-based statistics 1. The pixels p(x, y) can
be classified as True Positives (TP), False Positives (FP), True
Negatives (TN) or False Negatives (FN), where

• #TP: Number of correctly detected as pigment network
pixels.

• #FP: Number of wrongly detected as pigment network
pixels.

• #TN: Number of correctly undetected pixels.
• #FN: Number of wrongly undetected pixels.

The performance of the proposed system is assessed by
obtaining the number of TP, TN, FN and FP in test images and
by computing the Sensitivity (SE), Specificity (SP), Dice Score
, Accuracy (ACC) and Balanced Accuracy (BA) as follows:

• Sensitivity, also known as recall, measures the proportion
of actual positives that are correctly identified.

SE =
#TP

#TP +#FN
(12)

• Specificity measures the proportion of actual negatives
that are correctly identified.

SP =
#TN

#TN +#FP
(13)

1It could be possible to assess the performance of the detection algorithm
using the superpixel-wise classification instead of the pixel-wise classification.
However, this is not the most natural way of evaluating the algorithm since
the CNN architecture classifies all the image pixels in an independent way.



• Dice coefficient compares the pixel-wise agreement be-
tween the groundtruth and its corresponding predicted
segmentation mask, measuring how similar these objects
are.

Dice =
2 #TP

2 #TP +#FP +#FN
. (14)

• Accuracy measures the proportion of correct predictions.

ACC =
#TP +#TN

#TP +#TN +#FP +#FN
(15)

• Balanced accuracy is computed as the average of the
sensitivity and specificity.

BA =
SE + SP

2
(16)

During the training procedure, the performance metric used
(balanced error) was computed using the validation set to
obtain the best model configuration. The test set was only used
to make the final assessment of the proposed system after the
best model configuration was obtained.

C. Implementation aspects

The proposed method was implemented in Python 3.6.4
based on Tensorflow 1.8.0. Since it involves many complex
operations with some of which computationally expensive
either in processing time or memory requirements, a Graphics
Processing Unit (GPU) was required to train and evaluate
the models, using CUDA libraries developed by NVIDIA to
compile and perform the parallel computations on the GPU.
For this purpose, a personal computer with an Intel Core i7
processor with 8GB of RAM and an NVIDIA GeForce GT
740M with 2GB of memory was used. Even though it has a
compute capability of only 3.5, it highly reduces the training
time compared to only using a Central Processing Unit (CPU).
Instituto Superior Técnico (IST) provided a computer with
Intel Core i7 processor with 8GB of RAM (without GPU)
where some of the training procedures were undertaken. The
training time of the proposed system using only CPU took,
on average, 53 hours. When using the personal GPU, the
training time took, on average, 14 hours (the training time
for all experiments was between 13 and 15 hours). Thus, the
hardware available has restricted the number of experiments
performed and the number of configurations obtained.

D. System optimization

The model was trained with a batch size of 2, not only
due to memory limitations but also, because a small batch
size brings a higher generalization ability and a faster overall
training procedure. Regarding the epochs, a number of 150
epochs was chosen. This choice was based on the examination
of the behaviour of the balanced error vs the number of epochs
plots using the validation data as the input of the system.
It was found that the minimum balanced error was reached
before 150 epochs. The optimization process during training
was made using a very small learning rate of η = 10−4 to

guarantee a reliable training procedure. Regarding the opti-
mizer hyperparameters, default values of β1 = 0.9, β2 = 0.999
and ε̂ = 10−8 were used. For the pixel-wise classification, a
threshold of λ = 0.5 was chosen.

As explained in III-D1, to tackle the imbalanced data issue,
a weighted cross-entropy loss function that introduces a weight
as a multiplicative coefficient for the positive class was used.
The value of this weight was obtained inverting the value of
the foreground pixels/total pixels ratio using the training set
images. Thus, it was found that only 4.5% of the total number
of pixels (all images included) corresponded to foreground
pixels, which led to a weight of 22.16.

After several preliminary experiments performed, the fol-
lowing ones were selected to be discussed:
• Experiment 1. The model was trained using greyscale

dermoscopy images as input and cross-entropy as loss
function.

• Experiment 2. The model was trained using greyscale
dermoscopy images as input and weighted cross-entropy
as loss function.

• Experiment 3. The model was trained using RGB
dermoscopy images as input and cross-entropy as loss
function.

• Experiment 4. The model was trained using RGB der-
moscopy images as input and weighted cross-entropy as
loss function.

In section III-D2, it was stated that the model parameters
were saved every 10 epochs and evaluated using the validation
set to obtain the best model configuration. Furthermore, it was
introduced that the assessment of the best model would be
made using the balanced error as the metric and the validation
data as the input of the system. Figure 7 shows the results of
this metric applied to each one of the models’ outputs resulting
from each one of the four experiments.

(a) Experiment 1 (b) Experiment 2

(c) Experiment 3 (d) Experiment 4

Figure 7: Balanced error over epochs for all the tested config-
urations using validation data.

The results obtained in the validation step are summed up
in Table II. The table specifies the minimum balanced error



obtained for each one of the experiments and at which epoch
it was reached.

Experiment Color Loss Minimum BE Epoch
1 Greyscale CE 34.8% 120
2 Greyscale WCE 11.4% 40
3 RGB CE 33.3% 100
4 RGB WCE 9.0% 30

Table II: System performance in the validation set

The results presented in Table II suggest that using RGB
dermoscopy images instead of greyscale ones as input guar-
antees slightly better results. Furthermore, it also suggests
that using the weighted cross-entropy loss function highly
improves the results comparing to using the standard cross-
entropy as loss function. However, the validation set is too
small to be able to draw conclusions from these validation
results. Thus, the model parameters obtained at the epoch
where the minimum balanced error was achieved were used to
assess the performance of each model using the dermoscopy
images belonging to the test set as the input of the proposed
system.

E. Results

The performance assessment of each one of the models
was obtained by comparing every automatically generated
binary mask, i.e. the output of the proposed system, with its
corresponding groundtruth mask. For this purpose, the test set
was used as the input of the proposed system. The statistical
results for the network detection system at a pixel level are
presented in Table III.

Color Loss SE SP Dice ACC BA
Greyscale CE 38.8% 97.4% 34.4% 95.1% 68.1%
Greyscale WCE 94.9% 81.6% 28.1% 82.0% 88.2%

RGB CE 44.9% 97.0% 40.3% 95.1% 71.0%
RGB WCE 93.8% 84.2% 32.9% 84.5% 89.0%

Table III: System performance in the test set

Table III shows that, as seen in the validation step, the
proposed system obtains slightly better results when training
the model with RGB images. The balanced accuracy slightly
increases, however, the dice coefficient increases ∼ 5%, which
may indicate that the generated binary masks get more similar
to the groundtruth by using RGB images as the input of the
proposed system during training. Regarding the loss function,
it can be seen that the results highly improve when using
the weighted cross-entropy instead of the standard cross-
entropy. Even though specificity decreases ∼ 15%, sensitivity
increases ∼ 50%, which implies that more pixels with pigment
network are detected. Using the WCE as loss function results
in obtaining more pixels classified as with pigment network
than the ones which actually contain it, but on the other hand,
the proposed system gets much better in the task for which it
was designed, i.e. detecting pigment network in dermoscopy
images. The balanced accuracy increases by roughly 20%
which proves the benefit of using this weighted loss function.
Accuracy decreases when choosing the WCE as loss function

over CE. However, accuracy is not a relevant metric when
dealing with segmentation tasks, mainly because it is not
sensitive to the fact that the classes are imbalanced. For
instance, in Section IV-D it was found that only 4.5% of
the total number of pixels of the dermoscopy training images
corresponded to foreground pixels. This means that if one
used them as the input of the proposed system and the output
generated masks showed only background pixels, the accuracy
of the model would still be 95.5%, when it did not detect
pigment network as it was designed for.

To understand how the number of epochs affects the results,
Table IV shows the results obtained using the successive saved
models during the learning procedure. For this purpose, the
model using RGB images as input and the WCE as loss
function was used.

Epoch Sensitivity Specificity Dice Coefficient Accuracy
10 95.8% 81.8% 28.5% 82.3%
20 94.9% 83.6% 30.5% 84.0%
30 93.8% 84.2% 30.9% 84.5%
40 93.7% 84.5% 31.4% 84.9%
50 85.9% 89.1% 36.6% 89.0%
60 79.6% 91.2% 38.9% 90.8%
70 75.0% 91.6% 38.1% 91.0%
80 72.4% 92.4% 38.9% 91.6%
90 70.3% 92.9% 39.5% 92.0%

100 62.1% 94.2% 39.7% 93.0%
110 56.0% 95.1% 39.4% 93.6%
120 67.1% 93.5% 39.8% 92.5%
130 64.0% 93.8% 39.2% 92.7%
140 61.8% 94.3% 39.7% 93.1%
150 66.3% 93.6% 39.7% 92.5%

Table IV: Results over training for Experiment 4

By inspecting Table IV, the first noticeable thing is that
using the balanced error in the validation step was a good
metric to obtain the model that would guarantee the best
results. Furthermore, by inspecting the results over the epochs,
one may reckon that during training the model loses its
capacity to detect pigment network, leading the results to
approach the ones obtained when using the cross-entropy as
loss function. This means that even though using the weight as
a multiplicative coefficient of the minority class (foreground
pixels) helps to detect more pixels actually containing pigment
network, it does not emphasize the minority class enough
compared to the majority class (background pixels), which
may imply that the model is not learning equally from both
classes and other ways of dealing with imbalanced data should
be pursued. The Dice coefficient increases over the number
of epochs mainly due to the decrease in the number of FP
identified. Even though the number of TP decreases, the
reduction in the number of FP represents a much higher
number of pixels that stop being wrongly classified, which is
why the increase of the Dice coefficient does not entail much
relevance.

Nevertheless, the proposed system achieves an interesting
performance on the task for which it was designed, achieving
a SE = 93.8% and SP = 84.2%.

Figures 8 and 9 show examples of satisfactory and poor seg-



mentations performed by the proposed system in the detection
of pigment network. In these figures, the left column corre-
sponds to the original image, the middle column is the output
of the proposed system and the right column corresponds to
the groundtruth binary mask. Figure 8 shows that even when
hair is present in the dermoscopic image, the proposed system
can still perform a satisfactory detection of pigment network.
Furthermore, it also explains the decrease of the specificity
when using the WCE as loss function instead of the CE; the
automatically generated masks show that the regions with pig-
ment network are slightly wider than the manually segmented
regions of pigment network performed by the experts. Figure
9 shows that when there is no sufficient contrast between
the lesion area (where pigment network is located) and the
background, the proposed system cannot perform a satisfactory
segmentation of pigment network. However, it should be noted
that the cases where the proposed system underperformed were
rare.

Figure 8: Satisfactory segmentation results: original image
(left), automatic segmentation (center) and groundtruth seg-
mentation (right)

V. CONCLUSION

The aim of this thesis was the development of an auto-
matic system for the detection of pigment network in der-
moscopy images, based on a deep learning approach. This
work was only possible thanks to the publication of the ISIC
2017 dataset, which contained 2750 dermoscopy images with
superpixel-mapped annotations performed by expert dermatol-
ogists.

The proposed system is comprised of two identical pre-
processing modules, a CNN architecture module and a training
module. The pre-processing modules are responsible for re-
sizing and normalizing the input images as well as converting
them to greyscale for some experiments. One of the modules
is used to pre-process the training images before the training
procedure, while the other one is used to pre-process the
images before they are forwarded through the proposed system

Figure 9: Poor segmentation results: original image (left),
automatic segmentation (center) and groundtruth segmentation
(right)

to obtain the corresponding segmentation of pigment network.
The CNN architecture that was used is based on the U-
Net, which was specifically designed for biomedical image
segmentation tasks, in order to obtain automatically generated
binary masks. The training of the model is performed from
scratch, using the training images belonging to the ISIC
dataset. During the training procedure, the dataset is divided
into small mini-batches (2 images) as a matter of efficiency
and memory limitations. Furthermore, a weighted loss function
(weighted cross-entropy) was used to deal with the imbalanced
data, which introduces a multiplicative weight for the minority
class (pixels with pigment network). To obtain the best model
configuration, the model parameters were validated every 10
epochs using the balanced error in the validation step and the
configuration that achieved the best score was chosen.

The quantitative evaluation of the proposed system was
performed by comparing each generated binary mask with its
corresponding groundtruth mask, using as input the test images
of the ISIC dataset. In general, it was found that using RGB
images as the input of the proposed system and during the
training procedure slightly improves the results. Regarding the
loss function, it was found that using the WCE helps to deal
with the imbalanced data, guaranteeing highly better results,
mainly on the detection of foreground pixels.

The results obtained were quite promising, proving that
deep learning methods can help medical experts to make faster
and more accurate diagnoses. The proposed system achieved
a SE = 93.8% and a SP = 84.2% by considering RGB
images as the input of the system as well as the WCE as the
loss function. These results prove that the developed system is
a useful tool for the automatic detection of pigment network
in dermoscopy images.

Despite the encouraging results obtained for the developed
system, the proposed solution may benefit from the following
suggestions:



• Original depth of the channels. Using the full depth of
the channels at each stage of the network as proposed
by the authors of U-Net [33] would result in a higher
number of features learned by the network, which could
improve the performance of the system. However, this
should be combined with data augmentation, so that the
model does not end up fitting the training data too well.

• Data augmentation. The performance of a deep CNN
highly depends on the data that it has been trained with.
The CNN architecture used has a very high number of
parameters, which means that the model should be fed
with a proportional amount of examples during training.
For instance, by applying minor alterations to the existing
data set, such as flips, translations or rotations, the model
would be able detect foreground pixels even if they are
placed in different orientations, which would make the
model invariant to these alterations. This would also
help to prevent overfitting, which is a common problem
when the model is exposed to too few examples, learning
patterns that do not generalize well to new data.

• Transfer Learning. Instead of training the entire CNN
from scratch, it could be positive to try transfer learning
by using pre-trained networks on very large datasets such
as the Dermnet dataset [19] in order to initialize the
weights safely.

• Dropout. This regularization technique could be used
to reduce overfitting. At every iteration, it randomly
selects some nodes, which are ignored during training.
This means that their contribution is temporally removed.
Thus, the other neurons have to handle the representation
required to make the predictions for the missing nodes.
The effect is that the network gets less sensitive to the
specific weights of neurons, which makes the network
capable of better generalization [39].

• Detect other structures. This CNN architecture could
also be used to obtain models capable of detecting
other dermoscopic structures, such as streaks, negative
networks and milia-like cysts.

• Distinguish between typical and atypical pigment
network. The presence of atypical network commonly
results in the lesion being classified as a melanoma. Thus,
it would be of great importance to distinguish between
both types of pigment network, which would increase the
value of the proposed system.
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