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Abstract

Melanoma of the skin is one of the deadliest cancer types. As is for most types of cancer, its chances
of being cured greatly increase with the swiftness of its diagnosis. Due to this, great efforts have been
put into using machine learning to automate the process of melanoma detection. This thesis joins that
field of work by making use of sparse coding techniques embedded in a complete system for melanoma
diagnosis that incorporates feature extraction and classification.

The methods used in this thesis are based on the sparse representation of data and dictionaries
learned from data. The effectiveness of discriminative dictionaries and sparse codes is studied, as well as
the application of hierarchical clustering to the dictionary atoms in order to further cut redundancies.
Finally, the impact of deep learning in the aforementioned system is inspected through the use of deep
features extracted from a pre-trained convolutional neural network (CNN), namely the VGG19 [28].
The systems proposed in this thesis achieve a sensitivity of 56, 41% and a specificity of 71, 43% for the
image dataset from 2017 challenge from the International Skin Imaging Collaboration (ISIC) and a
sensitivity of 64, 84% and a specificity of 88, 82% for the image dataset from the Interactive Atlas of
Dermoscopy (EDRA).
Keywords: melanoma detection, sparse coding, svm, convolutional neural networks, hierarchical
clustering, discriminative learning

Introduction

Cancer is one of the most deadly diseases that that
currently afflicts the human kind. Amongst all
types of cancer, skin cancer is the most common one
and melanoma is the most aggressive and deadly
type of skin cancer [1]. For melanoma, as is with
most cancers, an early diagnosis is pivotal in order
to reduce the mortality rate of those afflicted by it.
Due to this, and with the uprise of machine learn-
ing and deep learning methods, increasing effort has
been put into place in order to apply these meth-
ods to automate and facilitate the process of skin
cancer detection [17] [23].

There are medical procedures that are used by
medical experts to diagnose skin lesions, the most
prominent ones being pattern analysis [30], ABCD
rule [32] and seven-point checklist [5]. What all
these have in common is that they focus on the
analysis of dermoscopic features in the lesion, also
called dermoscopic criteria. The presence of these
features varies for every type of skin lesion, and
even within the same type, every lesion is unique,
which is why it is sometimes so difficult to correctly
diagnose them. Hence, CAD systems trained from
thousands of images may play an important role in
assisting medical doctors in skin cancer detection.

Which is why the goal of this thesis is focused on
the development of such computer-aided diagnostic
systems.

For the past three decades, different approaches
were proposed to tackle the problem of skin can-
cer detection. The first aproaches were systems
that took decisions based on global hand-crafted
features such as color features [10], [29], texture fea-
tures [9], [14], [25], border features [12], [15], [4], [22]
and asymmetry features, including shape symmetry
[22], [31], [27] and color and structure symmetry
[22], [36]. Classifiers trained on dictionary-based
features such as bag-of-words or sparse coding [7],
[25], [26] were rarely used. Recently, deep learning
started to be employed and is gradually becoming
the standard in the area, making use of methods
such as deep neural networks and transfer learning
to achieve state-of-the-art results [20], [21], [24].

The goal of this thesis is to study the effectiveness
of sparse coding techniques applied to the problem
of melanoma skin cancer detection. This will be
done through a number of experiments with dif-
ferent methods and algorithms in order to achieve
the best possible result while also comparing it to
a common baseline system.

This extended abstract will thus be organized as
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follows:

• Section 1: Introduction

• Section 2: Sparse Representation

• Section 3: Baseline System

• Section 4: Discriminative Dictionary Learning

• Section 5: Deep Features

• Section 6: Experimental Results

• Section 7: Comparison and Assessment of the
Proposed System

• Section 8: Conclusion

Sparse representation
Sparse coding

The goal of sparse representations is to replicate
the input as closely as possible through a linear
combination of atoms from a dictionary D, while
enforcing the sparsity of said linear combination.
The vector of coefficients of the linear combination
is called the sparse code and the sparsity of a vector
increases as the number of non-zero elements in the
vector decreases.

How close the sparse representation is to the in-
put can be expressed as ||x−Dα||22 which measures
the reconstruction error, where || · ||22 represents the
square of the Euclidean norm (l2 norm), x is the
input, D the dictionary and α the sparse codes.

The best way to enforce sparsity would be to en-
sure that the ”l0 norm” of the sparse code is low,
since said norm counts the number of non-zero ele-
ments in a vector. But since it is a cardinal function,
it is non-differentiable and difficult to optimize over.
The ”l1 norm” is often used in its place, defined as

||α||1 =

k∑
j=1

|αj |. (1)

The l1 norm sums over the absolute value of the
elements of a vector and as such, a low norm value
then indicates a sparser vector. The l1 norm also
makes the problem of obtaining α convex and with
a unique solution, which facilitates the computation
[33]. So, given an input x, and a dictionary D, the
optimization problem to compute the correspond-
ing sparse code is formulated as

min
α

1

2
||x−Dα||22 + λ||α||1. (2)

where, for every training sample there is a mini-
mization over the sparse code αi which involves a
trade-off between minimizing the reconstructing er-
ror and enforcing the sparsity of the sparse code.
This trade-off between the two terms is controlled
by the variable λ.

Dictionary learning

However, the dictionary is often not known and
therefore needs to be estimated from a training set
of data. This is done by encapsulating the opti-
mization over the sparse codes (2) with another
optimization over the dictionary, that will use the
input data and the estimations of sparse codes to
learn a dictionary. Assuming that instead of a sin-
gle input vector x, there is a set of input vectors
X = [x1, ...,xp], dictionary learning involves solv-
ing the optimization problem

min
D

1

p

p∑
i=1

min
αi

1

2
||xi −Dαi||22 + λ||αi||1. (3)

This optimization problem translates to solving
two alternate, iterative optimization problems, one
over the dictionary and the other over the sparse
codes, until convergence.

Baseline System
In this section an initial baseline system for
melanoma detection is proposed and described.
The problem addressed is a binary classification
problem: given a dermoscopic image of a skin le-
sion, the system should be able to distinguish be-
tween melanoma and benign skin lesions.

The baseline system will serve as a stepping stone
for improvement and comparison troughout this
thesis. The architecture of the baseline system is
shown in figure 1 and was inspired by the system
used in [8].

Figure 1: Block diagram of baseline system

The CAD system involves two modes (training
and testing modes), each of them comprising several
tasks.

Data augmentation and pre-processing

Both datasets are unbalanced class-wise, melanoma
images account for only a small part of the dataset.
The small presence of one of the classes hampers the
training of the classifier which then produced sub-
par results. To tackle this problem, data augmen-
tation techniques were used. For every melanoma
image in the training set, three additional images
were generated by rotating the image with multi-
ples of 90.
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Each image is also pre-processed. The size of
the skin lesion and the percentage of the image it
occupies varies greatly among the dataset, which
means some images show a lot of the neighboring
skin while others do not. A segmentation step is
performed that crops a bounding box around the
lesion, in order to focus the feature extraction pro-
cedure on the lesion, discarding the healthy skin,
thus emphasizing lesion features. It is also impor-
tant however not to crop immediately at the border
of the lesion, since transition from healthy skin to
lesion convey useful information about malignancy
of the lesion. Finally, all images have varying as-
pect ratios, it is therefore important to maintain
these when cropping as to not distort the images.

The images in the datasets are captured using
different dermatoscopes and under different condi-
tions, which results in images with different color
spectra. This introduces significant color differences
across images, which makes the classification task
more difficult since similarities between in-class im-
ages are harder to find. The images are therefore
passed through a color normalization function [6].

Patch feature extraction
Once a given image is loaded and goes through pre-
processing, its features are extracted. In order to
do this, the image is broken into non overlapping
patches of size 16× 16 pixels and local features are
extracted from each of these. Two types of features
were used: color and texture features, which are the
two main sources of information for a dermoscopic
image.

The chosen color features are color histograms.
Each pixel in the patch has three color components
( RGB channels). The color content of each patch
is characterized by three color histograms. The his-
tograms hold the information for the distribution
of the three color channels in that specific patch,
for that color channel. So, for every patch Pc,
c ∈ {1, 2, 3}, 3 histograms hc with B = 16 bins
each are calculated as

hc(i) =
1

L2

L∑
x=1

L∑
y=1

bi(Pc(x, y)), i = 1, ..., B, (4)

where L×L is the size of patch Pc, and bi(Pc(x, y))
is the characteristic function of the ith bin of his-
togram hc, that is 1 if the pixel Pc(x, y) belongs to
the ith histogram and 0 otherwise.

For the texture features, gradient histograms
were used. The gradient of an image conveys in-
formation on the intensity changes near each pixel.
In this case, the gradient of the gray-scale image
is computed for every patch. At every pixel (x, y),
the horizontal and vertical components of the gradi-
ent, g1(x, y) and g2(x, y), are computed using Sobel

masks. These two components are then used to cal-
culate the gradient magnitude ||g(x, y)||

||g(x, y)|| =
√
g21(x, y) + g22(x, y). (5)

The gradient magnitude information are then
used to build yet another texture histogram, for ev-
ery patch, in a similar way to what is done with the
color histograms:

hm(i) =
1

N

L∑
x=1

L∑
y=1

bi(||g(x, y)||), i = 1, ..., Bm.

(6)
It should be noted that as texture feature, not

only gradient magnitude was used, but also gradi-
ent orientation was experimented with. However,
this type of feature achieved subpar results when
comparing to color histograms and gradient magni-
tude histograms, therefore it was discarded.

Dictionary learning and sparse coding
In this problem we have two different sets of features
(color histograms and gradient magnitude), that ex-
tract different types of information about the im-
age. Due to this, two dictionaries were learned, one
for each type of features. The input for dictionary
learning are the local feature histograms obtained
before, from all the training patches.

Image features extraction
Image features, as the name indicates, are global
features that characterize the image as a whole.
Therefore, the available sparse codes for a given
image, one per patch, must be transformed into a
single vector that describes the image.

A sparse code, by definition is a sparse vector of
weights that multiplies the atoms in the dictionary
to approximate the patch features. If looked at in
a different perspective, a sparse code gives informa-
tion on which atoms are important to characterize
its respective patch features. In the context of this
problem, the aggregation of sparse codes for a given
image gives the importance of each atom in repre-
senting the whole image. These weights are then
the chosen features to represent the image. How-
ever, since the images have different sizes, the num-
ber of sparse codes also varies from image to image
which means that they cannot be directly used as
features. To circumvent this, a histogram is made
averaging the sparse codes of a given image

hs =
1

p

p∑
i=1

|αi|, (7)

which in turns gives the average use of every atom
in representing the patches of that image.
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Classifier
The chosen classifier for the baseline system is the
Support Vector Machine (SVM) [11]. The SVM is
a popular classifier that has been applied to a wide
range of problems. In its simplest version, it tries
to learn an hyperplane that separates the training
samples from two classes. The hyperplane can be
replaced by more complex surfaces by using kernel
functions, like the RBF kernel.

Two separate classifiers were trained, one for each
type of features: color and gradient magnitude. The
final predicted label for a given image comes from
averaging the class-specific probabilities of that im-
age given by both classifiers.

Experimental setup
With the standard parameters, the SVM classi-
fier with the RBF kernel could not distinguish be-
tween melanoma and non-melanoma skin lesions as
it would assign every sample to one of the classes.
Further tuning was thus required.

Since the ISIC dataset supplies a separate test
set, a k-folds cross-validation process is used to tune
the hyperparameters of the system. This consists
in splitting the training set into k parts (folds), one
of which is used for validation and the others are
used to train the classifier. The validation fold will
rotate at each iteration such that all folds serve as
validation fold.

A different procedure was adopted with the
EDRA dataset as it does not have separate sets for
training and testing and so, nested cross-validation
was used. Nested cross-validation consists of two
cycles, an inner cycle that performs normal cross-
validation for model tuning and a outer cycle that
evaluates the chosen model on the portion of the
dataset that was not used in inner cycle of cross-
validation. This allows for a computation of an av-
erage test score for the dataset.

The parameters that were tuned during the pro-
cess for the SVM classifier were: i) the penalty pa-
rameter C for an error ii) the rbf kernel coefficient
γ iii) the number of atoms in the dictionaries.

The results for both datasets using the baseline
system are presented in table 1.

Discriminative Dictionary Learning
With the adoption of sparse representations in im-
age classification tasks, it was not only necessary
for the learned dictionaries to accurately represent
the image, but also to provide discriminative infor-
mation regarding the different classes. Therefore,
different works started to propose strategies to en-
hance the discriminative properties of the dictionar-
ies [16] [19] [35].

A discriminative dictionary contains specific sub-
sets of atoms that are more specialized in a given
class. This means that if the inputs show a high

inter-class variability and low intra-class differences,
they will tend to select the same atoms within the
dictionary, as other inputs of the same class [16].
This enhances the ability to distinguish between
inputs of different classes since their sparse codes
would be very different, which is the goal of classi-
fication.

Concatenation of class-specific dictionaries

The simplest strategy to obtain a discriminative
dictionary is to simply learn one dictionary using
images from one class (melanoma training images)
and learn another dictionary using images from the
other class (non-melanoma training images), and
then concatenate them.

To test the impact of using this type of discrim-
inative dictionaries, the baseline was modified to
include these dictionaries, replacing the ones dis-
cussed in section 3.3. The results for this new sys-
tem for both datasets are presented in table 1.

Concatenation of class-specific Sparse Codes

A different approach for introducing discriminance
between classes is here considered. Instead of con-
catenating the class-specific dictionaries and com-
puting the sparse codes for the resulting dictionary,
we will instead estimate two sparse codes for each
image patch: one for the melanoma dictionary and
another one for the non-melanoma. Then, we will
concatenate them into one single sparse code. This
is done for both types of features and two classifiers
are trained, identically to the baseline. The results
for this new system for both datasets are presented
in table 1.

Clustering of dictionary atoms

A reason why discriminative dictionaries may not
work well is the similarity between inter-class im-
ages, which results in the existence of atoms that
are common to both classes in the class-specific dic-
tionaries, which in turn results in a near even us-
age of atoms from both class-specific dictionaries
by most images. A logical step to address this issue
would be to remove the common atoms, in order to
improve the discriminative properties of the dictio-
naries. This may constrain the images to use more
class-specific atoms, improving the classification.

Ensuring that the class-specific dictionaries do
not share common atoms has already been adopted
in other works. In [16], the optimization problem
for the dictionary learning is changed such that
there are class-specific dictionaries that contain the
most distinctive atoms which are used for classifi-
cation, as well as a common dictionary, only used
for representation.

A different strategy is adopted in this work. First,
a separate dictionary is learned for each of the
classes. Then, the two dictionaries are concatened.
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Finally, similar atoms are removed using a hiearchi-
cal clustering algorithm. In the following subsection
we detail the adopted clustering approach.

Hierarchical clustering
Given a collection of vectors, the goal of hiearchical
clustering is to iteratively group them until there
is only a single cluster, such that at the beginning
each vector represents a cluster and by the end only
one cluster will remain. At each step of the algo-
rithm, two clusters are grouped together if they are
the most ”similar” ones. The ”similarity” between
clusters can be measured using a single or complete-
linkage strategy. Different metrics can be used to
compute the distances, such as euclidean distance,
correlation, cosine distance, among others [34] [13].

In context of this thesis, in the first step of the
algorithm each cluster corresponds to an atom in
the dictionary. So, it is not desirable that only one
cluster remains, that is, only one atom. Hierarchi-
cal clustering must be performed, until a stopping
criterion is met. The criterion used in this thesis
is that the maximal distance between clusters must
be below a given threshold. This distance, defined
as clustering threshold, is considered to be a hyper-
parameter of the model, which is tuned using cross-
validation, similarly to the other hyperparameters.
The atoms identified as common to both classes are
placed in a separate dictionary and discarded. The
remaining atoms from both class-specific dictionar-
ies will be concatenated, as in section 4.1.

In the context of the system, this algorithm is
then applied to both dictionaries. The resulting
dictionaries are then used for sparse coding. The
results for this new system with the inclusion of
hierarchical clustering applied to dictionary atoms
for both datasets are presented in table 1.

Deep features
Thus far, the focus on the improvement on the base-
line system has been in the dictionary learning and
sparse coding section, always using the hand-crafted
features detailed in section 3. This chapter aims
at investigating the use of a different kind of fea-
tures, extracted from a convolutional neural net-
work (CNN).

The chosen CNN is the VGG19 [28], a convolu-
tional neural network with 19 layers, trained on the
ImageNet database [2].

The VGG19 net is comprised of several blocks
of convolutional layers, which will gradually reduce
the size of the feature maps extracted by the convo-
lution process. The features chosen to be extracted
are from the fourth convolutional layer of the fifth
block of layers. This choice was made taking in
account their abstraction in relation to the original
image, but mainly their size, which must not be too
great due to hardware limitations. At the output

of this layer are 512 activation maps of size 14×14,
where each activation map will be a feature vector.
This means that for every image, there are 512 fea-
ture vectors of size 14 × 14 = 196. These features
will replace the hand-crafted ones on the previous
systems.

One final consideration that must be made is that
the VGG19 net only accepts square images of size
224× 224, therefore all dermoscopic images had to
be resized to fit this, this means that the aspect
ratio of most images will be distorted, which may
potentially hinder the results.

Deep features applied to discussed methods

The initial idea was to completely replace the hand-
crafted features with these deep features, but we
soon realized that the results it produced were no
greater than the ones each individual classifier of
the hand-crafted features did. Therefore, these deep
features were looked at as a complement to the al-
ready existing hand-crafted features. A third dictio-
nary and classifier are then trained using the deep
features and the final label prediction is now pon-
dered between the three classifiers, one for each type
of features. This was done for each of the four sys-
tems proposed in this work, and the impact of deep
features in the final result is seen in table 1.

Experimental Results

In this section are presented the results for all sys-
tems evaluated on both datasets: ISIC and EDRA.

Three metrics are chosen to evaluate each system.
Sensitivity (SE ) measures true positives. Within
the context of this problem, it shows the ratio be-
tween correctly classified melanoma skin lesions and
the total number of melanoma skin lesions in the
test set. In a similar way, specificity (SP) measures
the true negatives. Finally, the Balanced accuracy
(BACC ) is the average of sensitivity and specificity,
and gives the average performance of the system on
both classes. Taking this into consideration, the
results are presented in table 1.

As can be seen in table 1, there is a large differ-
ence in the results between the EDRA and ISIC
datasets, the latter being much worse. This is
mainly due to the fact tat the ISIC dataset is quite
difficult, specially its test set.

It is also observable that there it is not one sys-
tem that achieves the best performance for both
datasets. The system presented in section 4.3,
with deep features included, achieves the best per-
formance for the ISIC dataset with a BACC of
63, 50%, while the best performing system for the
EDRA dataset is the one presented in section 4.3,
with deep features excluded, achieving a BACC of
76, 83%.
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Table 1: Performances on both datasets for all systems presented in this work.

Method Fusion ISIC EDRA

3

2 classifiers
SE=47, 01

SP=75, 36

BACC=61, 19

SE=61, 40

SP=86, 51

BACC=73, 96

3 classifiers
SE=47, 01

SP=75, 16

BACC=61, 08

SE=63, 37

SP=86, 95

BACC=75, 16

4.1

2 classifiers
SE=44, 44

SP=72, 88

BACC=58, 66

SE=64, 84

SP=88, 82

BACC=76,83

3 classifiers
SE=47, 01

SP=73, 09

BACC=60, 05

SE=62, 21

SP=88, 54

BACC=75, 38

4.2

2 classifiers
SE=41, 03

SP=75, 57

BACC=58, 30

SE=61, 24

SP=87, 59

BACC=74, 41

3 classifiers
SE=47, 01

SP=76, 19

BACC=61, 60

SE=61, 29

SP=88, 82

BACC=75, 06

4.3

2 classifiers
SE=51, 28

SP=68, 74

BACC=60, 01

SE=61, 52

SP=83, 79

BACC=72, 66

3 classifiers
SE=56, 41

SP=71, 43

BACC=63,50

SE=61, 37

SP=86, 29

BACC=73, 83

Comparison and Assessment of the Pro-
posed System

In this section, we compare our best performing sys-
tem, presented in section 4.3 with the inclusion of
deep features, with the participants of the 2017 ISIC
challenge [3]. Some experiments to assess the the
relevance of initialization in the dictionary estima-
tion and the amount of data are also performed.

In the context of the ISIC 2017 challenge

The ISIC dataset is provided by the International
Skin Imaging Collaboration, which holds a chal-
lenge every year on skin cancer detection. This par-
ticular dataset is from the 2017 edition [3],thus it
is possible to compare the proposed model with the
contestants of that edition.

It should first be noted that the participants
for the sub-challenge of melanoma classification are
ranked accordingly to the ROC AUC of their sys-
tems, not by the metrics used in this work and as
such their systems are built to achieve the highest
possible ROC AUC, in the same way ours is built to
achieve the highest possible BACC. Therefore any
comparisons between the ROC AUC and BACC of
our system and the ones from the contestants should
be made with reservations.

That being said, in the context of the ISIC 2017
competition leader board for the melanoma classi-
fication category, our system is on the 78, 26% per-

centile, which means that 78, 26% of the contestants
achieved a higher ROC AUC than us, which is not
very good. However, if the leader board was ar-
ranged according to the BACC, the proposed sys-
tem would rank in the 39.13% percentile, which is
significantly higher.

It should also be noted that the ISIC challenge
allows for the use of external data, not provided by
them. A fraction of contestants use external data
and it may be unfair to compare their systems with
those that are trained without extra data, given the
relevant role training data plays in classifier perfor-
mance. If the systems trained with extra data are
then excluded, our system would be in the 71, 43%
percentile for the ROC AUC and the 35, 71% for
the balanced accuracy.

Relevance of Dictionary Initialization and
Datasets

This section discusses the influence of dictionary ini-
tialization and of the training set in the final results.

Dictionary initialization

By inspection of the experimental results we re-
alized that, not only the parameters (number of
atoms, clustering threshold, C and γ for the SVM)
tuned in the cross-validation influenced the perfor-
mance on the test set, but the dictionary initializa-
tion as well. The dictionary initialization is handled
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by the dictionary learning function from the spams
package [18]. This toolbox randomly takes k fea-
ture vectors from the training set to serve as the
initial atoms. This introduces a variability in the
estimated dictionaries and influences the classifica-
tion performance of the model.

We wanted to determine the degree of influence
of the initialization process. Thus, we carried out
a simple experiment that consisted of selecting the
best configurarion of parameters for the ISIC 2017
obtained through cross-validation and the model
described in section 4.3 with inclusion of deep fea-
tures, learn a set of 100 dictionaries, and use them
to train 100 classification systems. Then, the sensi-
tivity, specificity, and balanced accuracy were com-
puted for each of them, on the test set. The results
are presented in figures 2, 3 and 4 respectively.

Figure 2: Variation of sensitivity, specificity and
balanced accuracy with dictionary initialization for
the ISIC dataset.

Figure 3: Variation of sensitivity, specificity and
balanced accuracy with dictionary initialization for
the ISIC dataset.

Through inspection of the figures it is clear that
the dictionary initialization does introduce some
significant variability in the final results. This
variability is more apparent in the sensitivity with
values in the range [45.29, 53.85], while the speci-
ficity is in the range [71.84, , 75.16], which trans-
lates into the balanced accuracy being in the range
[59.41, 63.57].

Figure 4: Variation of sensitivity, specificity and
balanced accuracy with dictionary initialization for
the ISIC dataset.

ISIC and EDRA

We have treated the ISIC and EDRA datasets as
two separate datasets and reported results for all of
the methods in both datasets. Here, and to ascer-
tain the influence of the training data in the final
result, the EDRA dataset is merged with the train-
ing and validation images of the ISIC dataset. This
augmented set is then used to train the model de-
scribed in section ?? and evaluated on the test set
of the ISIC dataset. The results are presented in
table 2.

Table 2: Proposed system performance on ISIC
test set when trained with a mergure of the EDRA
dataset and the ISIC training and validation sets.

Training Set SE (%) SP (%) BACC (%)

ISIC 56, 41 71, 43 63, 50

Augmented set 58, 12 71, 22 64, 67

The addition of the EDRA images to the train-
ing set resulted in an improvement of 1, 17% with
respect to the same system trained only with the
ISIC training and validation sets. This improve-
ment also extended to the ROC AUC of the system,
achieving, where it was more pronounced, achieving
67, 41. Even though there was an improvement in
the BACC, this value is still low, probably due to
the EDRA images not being representative of the
ISIC test set. This just goes to show the difficulty
of the ISIC test set.

Conclusion
This work focused on the analysis of several meth-
ods and algorithms based on sparse representations.

An initial baseline system was proposed to tackle
the problem of melanoma classification. This sys-
tem made use of handcrafted features such as color
and gradient histograms represented by sparse cod-
ing using over-complete dictionaries. The baseline
system is topped by a late fusion of support vector
machines that performs the final classification.
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The notion of discriminative dictionaries is intro-
duced, as well as a couple of methods that make use
of them. Their integration is the baseline system
is also discussed. The chapter ends by introduc-
ing hierarchical clustering applied to the dictionary
atoms with the objective of cutting inter-class com-
mon atoms.

Finally the use of deep learning for the problem
of melanoma detection is explored. Transfer learn-
ing is made using a convolutional neural network
pre-trained on the ImageNet dataset, namely the
VGG19. Features are extracted from this network
and are applied in the baseline system as yet an-
other source of information for melanoma classifi-
cation.

Two datasets were used, the ISIC and EDRA
datasets. Promising results were achieved for both
datasets, with different systems. The system pre-
sented in section 4.3 with deep features achieved a
BACC of 63, 50% on the ISIC dataset and the sys-
tem presented in section 4.1 achieved a BACC of
76, 83% for the EDRA dataset.

Future work

The final system obtained, even though it achieved
promising results, is quite simple compared to
some state-of-the-art methods for image classifica-
tion which mainly make use of convolutional neural
networks.

It would be interesting to test this system on
other public image datasets to see how it performs
in an area other than skin cancer detection. The
application of hierarchical clustering to any dictio-
nary could also be further researched, since it quite
increased the capability of the system in such a dif-
ficult dataset as is the ISIC dataset. Its inclusion
in more modern deep learning systems for feature
pruning could also be considered and studied.

With the increasing complexity of deep learning
models, with neural networks that need to learn
millions of parameters, making its use not only
memory, but also time consuming, methods like
sparse representations and clustering, which cuts
a lot of redundancies and therefore reduces mem-
ory and boosts efficiency, seem to be a promising
direction in the near future.
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