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Abstract

Color is one of the main features used for classification of pigmented skin lesions since they exhibit cha-
racteristic colorations that allow a better differention among the different types. Neverthless, the literature
usually studies this feature along with others, such as the texture and the shape of the lesion. This work
focuses on an automatic system for skin lesion classification in melanomas and nevi based on an extraction
of color features using parametric and non-parametric methods regarding both the region of the lesion and
the skin. Different color spaces are also considered. The database used contains 148 images provided by
Hospital Pedro Hispano and ADDI Project. Three classifiers are used: kNN, SVM and GNB. The best
results were achieved for the parametric method with a Sensitivity=100%, a Specificity=97.76% and an
Accuracy=98.88%. The non-parametric approach also reveals successful results with a Sensitivity=94.03%,
a Specificity=99.25% and an Accuracy=96.64%. These performances consider the RGB color space and an
extraction of features from the entire image, including both the lesion and skin.

Keywords: Melanoma, Dermoscopy, Classification of dermoscopic lesions, Color analysis, Parametric
and Non-Parametric methods

1 Introduction
Malignant melanoma is one of the most dangerous

types of skin cancer which has been leading, in recent
years, to an increase of mortality in many european
countries [1] [2].

However, the diagnosis of melanoma in early
stages can prevent the development of the disease and
its cure can be possible by a simple surgical excision
of this melanocytic lesion. Therefore, the research of
effective methods that can detect prematurely these
type of lesions is a major step in science and in the
development of efficient treatments for skin cancer.

Over the last years, dermoscopy revealed to be
a fundamental medical technique in the diagnosis of
melanomas [1] [3]. It uses optical magnification in
a range from 6x up to 100x to allow the observa-
tion of morphological structures located in different
regions of the skin that are important to differentiate
between different types of lesions and are not visible
to the naked eye. The practice of dermoscopy requires
a trained and experienced physician to allow an effi-
cient analysis of skin lesions. As a noninvasive tool,
it provides a way of avoiding the excisions of benign
melanocytic lesions.

Nowadays, some medical procedures are used to

perform dermoscopic analysis in order to simplify
the classification of lesions and also detect mali-
gnant melanomas (eg. the Pattern Analysis, ABCD
rule (Asymmetry, Border, Color and Differential
Structures), 7-point checklist, Menzies method and
ABCDE rule (Asymmetry, Border, Color, Diameter
and Evolution)). These algorithms rely on impor-
tant image features that are key components in the
diagnosis of pigmented skin lesions. The accuracy of
dermatologists in detecting melanoma is estimated to
be in a range between 75% and 84% [4].

The development of Computer-Aided Diagnos-
tic (CAD) systems emerged in order to overcome
the problems of subjectivity, reliability and repro-
ducibility inherent to the human clinical inspection.
These systems provide not only the possibility of non-
experienced dermatologists to use them but also cons-
titute a second diagnostic tool to assist the experts
in the classification of dermoscopic lesions. Several
automatic systems for skin lesion classification have
been proposed in literature [2] [4] [5] [6]. These follow
a standard approach based on three steps to classify
dermoscopic lesions. Firstly, an automatic segmen-
tation of the lesion is performed. The following step
is the extraction of features related to the structure
and border irregularity, shape, texture and color. Fi-
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nally, the classification based on learning methods is
performed. Prior to the classification step in order
to reduce data dimensionality, some systems require
a feature selection step to choose a subset of the most
relevant features.

Color plays an important role in classification pro-
cesses as each skin lesion has its characteristic colo-
rations that allow a better differentiation among the
different types. Melanin is the most important pig-
ment responsible for coloring the melanocytic neo-
plasms. The color differences observed in different
types of lesions is explained by the localion of melanin
in the skin [7]. While color blue is characteristic of
melanin located in-depth in the skin, a black color
appears on lesions when melanin is located in the
outer layers of the epidermis. A red color is related
with an increase in vessel dilation or neovasculariza-
tion. Thus, analysis based on this image property can
classify different types of skin lesions and constitutes
an important tool for the detection of melanomas
in early stages. Figure 1 illustrates different colors
present in skin lesions.

Figure 1: Different colors of melanocytic lesions: (a) and
(c) illustrate nevi and (b) refers to a melanoma [1].

Considering the importance of color, both medical
procedures and automatic methods use this feature in
order to classify dermoscopic lesions and accurately
detect melanomas. Regarding the ABCD rule, the
analysis of color is essential as it is only outweighed by
the asymmetry feature. The 7-point checklist method
also emphasizes the color as in its major and minor
criteria the coloration of pigmentation and morpho-
logical structures is considered.

Various studies based on color features extracted
from dermoscopic images have been proposed in order
to create automatic algorithms for classification [5] [8]
[9] [10], achieving successful results.

M. E. Celebi et al. [5] studied six different color
spaces: RGB, rgb (RGB normalized), HSV, CIELuv,
I1/2/3 (Ohta space) and l1/2/3 which try to com-
plement each other in three specific properties: inva-
riance to illumination intensity, decoupling of chromi-
nance and luminance and perceptual uniformity. Con-
sidering these six color spaces, four color features were
extracted. The mean and standard deviation and cen-
troidal distances were extracted from all color spaces.
The color asymmetry feature was only extracted from
RGB color space and CIELuv histogram distances
computed from histograms coarsely quantized were
performed in CIELuv color space. Based on these

features and other related to texture and shape, they
achieved a specificity of 92.34% and a sensitivity of
93.33% by testing a database with 564 images, con-
taining 88 melanomas, on a SVM classifier.

A. Parolin et al. [8] created an automatic system
based on the ABCDE rule whose color was analysed
in RGB and CIELab color spaces. Three color fea-
tures were extracted: RGB color variance, Lab mean
values and relative chromaticity which was computed
for each RGB color channel. The relative chromati-
city measures the color of the lesion relative to the
surrounding skin. Considering a database with 290
images (151 melanomas and 139 benign lesions), a to-
tal accuracy of 82.55% was achieved by a Bayesian
classifier.

J. F. Alcón et al. [9] quantified the color infor-
mation of their CAD system based on the ABCD
rule by computing the Euclidean distance between
each pixel and each of the six colors considered by
this rule (white, red, light-brown, dark-brown, blue-
gray and black). The color space analysed was RGB
and each of those colors presents specific values of
R, G and B channels. To enhance the system, the
intensity values of each pixel in the three channels
were stored in a vector and specific measures were
computed: mean, variance, maximum and minimum
values. Based on these features, they tested diffe-
rent classifiers and concluded that a feature selection
method (Correlation-based Feature Selection) along
with a Logistic Model Trees (LMT) classifier presents
an efficient performance. A sensitivity of 94% and a
specificity of 68% was achieved when applied to 152
images (45 clark nevi and 107 melanomas).

In another study, F. Ercal et al. [10] described
the color features extracted from three different color
spaces. Regarding the RGB color space, the va-
riance and relative chromaticity were computed for
each channel. Based on the equations to transform
RGB into spherical coordinates, the brightness and
two angles were computed for each pixel in the lesion
and an average was taken. Also, an average of the
lightness, hue and chroma of the tumor area was con-
sidered. An extraction of shape features was also per-
formed in order to distinguish melanomas from other
skin lesions. The Artificial Neural Network used as
classifier achieved a total accuracy of 86% considering
a database with 160 melanomas out of 240 images.

Despite the importance of color, most of the
studies consider this feature combined with others.
Therefore, a new approach for automatic classification
based only on color features is proposed in order to
understand the role of color in pigmented skin lesion
classification and melanomas detection. To achieve
these objectives: the first step is an extraction of fea-
tures followed by a selection of the most relevant.
Then, a classification of pigmented skin lesions into
one of two classes, melanoma (1) and nevu (0) is per-
formed.
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This paper is organized as follows: Section 2 des-
cribes a preprocessing step. Section 3 and 4 explains
the methods of feature extraction and selection. Sec-
tion 5 describes three well-known classifiers used to
label each image. Section 6 presents experimental re-
sults and Section 7 adresses the main conclusions.

2 Preprocessing
In this work, features describing the color distri-

bution in an image were extracted in three different
ways: considering only the lesion region, considering
both the lesion and the surrounding but separately
and finally, considering the entire image except for
the dark corners since they do not give any relevant
information to the study. Figure 2 illustrates the three
regions of feature extraction considered.

Figure 2: Figure illustrating (a) the original image and
the three specific regions of feature extraction: (b) lesion,
(c) skin and (d) the entire image except for the dark cor-
ners.

The segmentation of the lesion was manually per-
formed by an expert dermatologist which allowed to
detach the lesion used in the extraction. On the other
hand, the extraction performed in the skin surroun-
ding the lesion and in the entire image required the
removal of the corners through a threshold based on
Otsu’s method [11]. Regarding the red channel of each
RGB image, a threshold was computed in order to se-
parate the dark corners from the remaining image. Fi-
gure 3 illustrates a grayscale image histogram marked
at the selected threshold.

Figure 3: Grayscale image histogram marked at the se-
lected threshold computed based on the Otsu’s method.

Based on this threshold, it is possible to convert
the image into a binary one. All the intensity values
of pixels which exceed the threshold are replaced by
1 and the other are replaced by 0. The following step
was the elimination of the four binary components

which are connected to the corners. The result of this
preprocessing step is illutrated in figure 2(d).

3 Feature Extraction

3.1 Color Density Estimation using
Histograms

The first set of features studied was the color den-
sity estimated with histograms which describe the fre-
quency of color that occur in an image. This is a
global feature descriptor since no information about
the spatial arrangement of the pixels is encoded in an
histogram. Thus, it only provides statistical informa-
tion.

A non-parametric approach is used as the num-
ber of pixels of each distinct color is calculated. Each
extraction region is analysed and the bin correspon-
ding to each pixel color is incremented by one. In the
end, the histogram is normalized so that its values
represent the frequency of each color [12].

Figure 4 illustrates the color distribution of each
color channel along the lesion region of an RGB image.

Figure 4: Example of the color distribution of each color
channel along the lesion region of an RGB color space.

Neverthless, the features extracted consider the in-
formation provided by the three color channels of each
image in each color space simultaneously which was
used to generate 3D histograms, providing relevant
information about the distribution of the color data.
The histograms created for each color space have diffe-
rent dimensions and were discretized using bins with
different sizes so the influence of the number of bins
in histograms could be analyzed.

Table 1: Dimension of histograms used in this work con-
sidering the color space and the number of bins.

Step of RGB HSV CIELab Opponent
Discretization

4 64x64x64 91x26x26 26x66x66 192x50x118
8 32x32x32 46x13x13 13x33x33 96x25x59

16 16x16x16 23x7x7 7x17x17 48x13x30
32 8x8x8 12x4x4 4x9x9 24x7x16

3.2 Color Density Estimation using
Gaussian Mixture Models

Another approach to analyse color intensities for
different color spaces is the parametric method called
Gaussian Mixture Model (GMM). This is defined as
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a linear superposition of Gaussians. Considering a
mixture of K components, p(x):

p(x) =
K∑

k=1

πkN (x|µk,Σk) (1)

The aim is to estimate the mean, µk, and the co-
variance matrix, Σk, associated with each Gaussian,
N (x|µk,Σk), as well as the weight, πk, that specifies
how likely each Gaussian is to be chosen. In order to
determine the parameters of the Gaussian Mixture,
an effective iterative algorithm called Expectation-
Maximization (EM) was used as an optimization
method [13] [14].

It has an initialization step, followed by two steps,
Expectation (E step) and Maximization (M step),
that update the variables iteratively, evaluating the
logarithm of Maximum Likelihood in order to con-
verge the process.

• Initialization: To initiate the method, the ini-
tial values of means, µk, covariance matrices,
Σk, and mixing coefficients, πk, have to be de-
fined and the logarithm of Maximum Likelihood
computed:

ln p(X|π,µ,Σ) =

=
N∑

n=1

ln

{
K∑

k=1

πkN (xn|µk,Σk)

}
(2)

• E Step: The parameters estimated are used to
evaluate the responsability terms, γ(znk):

γ(zk) = πkN (xn|µk,Σk)∑
j

πjN (xn|µj ,Σj)
(3)

• M Step: Based on the responsabilities evalu-
ated in the previous step, parameters µk, Σk

and πk will be re-estimated.

µk = 1
Nk

N∑
n=1

γ(znk)xn , Nk =
N∑

n=1

γ(znk) (4)

Σk = 1
Nk

N∑
n=1

γ(znk)(xn − µk)(xn − µk)T (5)

πk = Nk

N
,whereN represents data points (6)

• Evaluation: At the end, the logarithm of Ma-
ximum Likelihood will be evaluated in order to
verify if the convergence was achieved. If the
change of the evaluation function is lesser than

a threshold, the process finishes once the con-
vergence occured. Otherwise, the process goes
back to E and M steps.

This thesis studies two other features:

• Covariance Matrices: The EM algorithm was
applied to the database of dermoscopic images
using a mixture of two Gaussians. One pa-
rameter that describes a Gaussian is the covari-
ance matrix. As each image has three channels,
it is characterized by two covariance matrices
with dimension 3x3, Σk, one for each Gaussian
k = 1, 2. A covariance matrix is a symmetri-
cal statistical measure which contains a diag-
onal that describes the variance of data and
nondiagonal entries that express the correlation
among it [15]. Depending on the relation be-
tween data points, it can have negative, positive
or zero values [16]. It also has a lower dimen-
sion when compared with other features, such
as the intensity histograms. Therefore, its use
allows the reduction of feature dimensionality,
decreasing computational time and correlating
all image color information. Another advantage
is its independence regarding the image size.

• Histograms: The parameters, µk and Σk for
each Gaussian k = 1, 2, generated by the EM
algorithm were used to create a probability den-
sity model, p(x) of the three-dimensional distri-
bution which is the mixture of Gaussians:

p(x) =
K∑

k=1

πkN (x|µk,Σk) (7)

Figure 5 compares the color density estimated
with histograms in the lesion region illustrated in fi-
gure 4 with the probability density model estimated
with the EM algorithm for the three channels of the
same RGB image. The histogram is shown in blue
and the probability density model is shown in red.
The two curves are similar although the GMM shows
a higher smoothness than the histogram.

Figure 5: Comparison between the histogram and esti-
mated probability density model in each channel in the
lesion region. The red color refers to the histogram and
blue color to probability density model.
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4 Feature Selection
The feature selection is an important step in this

study due mainly to the high dimensionality of the 3D
histograms used in the classification process which in-
creases the computacional time and complexity of the
problem. Furthermore, images do not present all color
intensities in each channel so that many entries of the
histograms are null and irrelevant for the study.

Therefore, it is necessary to use an efficient
method for feature selection in order to choose from
the histograms, a subset of color intensities that can
predict well the class to which each image belongs,
decreasing the dimension of features space. There are
two main methods to select features: wrapper and fil-
ter methods. While the filter method rely on general
properties of data, not involving any learning algo-
rithm, the wrapper method uses the prediction per-
formance of a learning algorithm in order to evaluate
the relevance of features. In this study, a filter method
called Correlation-based Feature Selection (CFS) is
used.

Considering a matrix M with a number of rows
equal to the number of images, each column of M
represents a feature. Thereby, for each feature the
Pearson correlation is calculated between the vector
of values it takes for each image of the training set, X,
and the vector of labels, Y . The Pearson Correlation
describes a linear relationship between two variables,
in this case between features and the labels assigned.
The evaluation function is represented in the follow-
ing equation, where E refers to the expectation value
and σ to the standard deviation.

ρ (X,Y ) = cov (X,Y )
σx σy

= E[(X − µx)(Y − µy)]
σx σy

(8)

The coefficients computed allow the association of
each feature with the corresponding absolute correla-
tion values. It is necessary to set a threshold which
defined the minimum value chosen for correlation to
get a good predictive classification. In this work, it
was defined a variable max that expresses the maxi-
mum value achieved by the CFS. All the features that
had a correlation value that fell in the range between
0.60 max and max were considered highly correlated
and used to generate the model for classification.

5 Classification
Three different classifiers were considered: k-

Nearest Neighbors (kNN), Support Vector Machine
(SVM) and Gaussian Naive (GNB) Bayes. The classi-
fication of the unknown samples is based on a training
set previously classified in a process called supervi-
sioned learning. A set in the form (xi, ti), i = 1, ..., N
is required to train the classifier: xi contains the fea-
tures extracted from image i, ti ∈

{
0, 1
}
refers to the

label of the image i assigned previously by an expert
dermatologist in which 1 refers to melanomas and 0
to nevi and N is the number of images present in the
training set. Based on this set, each image from the
testing set will be classified. The comparison between
the output of the classifier and the label of each image
defined by the dermatologist allows the evaluation of
the classifier performance.

5.1 k-Nearest Neighbors
The k-Nearest Neighbors (kNN) considers a dis-

tance function which is computed between the fea-
tures belonging to the image in the testing set and
all the images in the training set. Then, this image
will be classified based on the k closer images. Thus,
if the positive classe is in the majority, the testing
image will be classified as 1 (melanoma). Otherwise,
it will be classified as 0 which means that it belongs
to the negative class (nevu).

There are different distances that can be applied
to compare features. For the comparison of the his-
tograms, the Chi-square distance measure was used
[18]. When comparing covariance matrices generated
by the GMM, it was used a metric proposed by [19]
which measure the dissimilarity between two matri-
ces.

5.2 Support Vector Machine
The Support Vector Machine aims to separate

data into two classes. Considering the linear case,
an hyperplane is defined and the separation of classes
is achieved by maximizing the distance between the
hyperplane and the closest sample.

However, the common cases of overlapping classes
imply the need of using a variable which quantifies
the error associated with the misclassification. The
Langrangian formulation is required to solve the clas-
sifier. This is based on a kernel function k(xi,xj)
which is defined as an inner product in feature space
that evaluates data to allow both a linear or a non-
linear classification of classes. However, in this study,
it was used a linear kernel.

5.3 Gaussian Naive Bayes
The Gaussian Naive Bayes is a probabilistic clas-

sifier based on Bayes’ theorem with strong (naive) in-
dependence assumptions. The classifier assumes that
features extracted from images are conditionally inde-
pendent and normally distributed within each class.
Thus, for each feature in the training set, it is possible
to find a mean, µ0 and µ1 and a standard deviation,
σ0 and σ1, for the feature set of the images belonging
to class 1 and 0, separately.

Considering the features of an image from the test
set, x, it is possible to compute the probability of this
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image to belong to each class. Each image has F fea-
tures. Based on the parameters estimated, it results:

p(x|t = 0) =
F∏
j

N (xj |µ0j , σ
2
0j) (9)

p(x|t = 1) =
F∏
j

N (xj |µ1j , σ
2
1j) (10)

For each feature j:

p(xj |t) = N (xj ;µ, σ),

N (x;µ, σ) = 1√
2πσ

e
−

(x− µ)2

2σ2
(11)

These probability values will be compared and the
higher value defines the label of the image.

6 Results
The proposed system was tested in a database of

148 dermoscopic images provided by Hospital Pedro
Hispano in Matosinhos. Each image was classified
previously as nevu or melanoma by an expert who
analysed each one individually.

Table 2: Database used after a prior review.

Melanocytic Lesions Melanomas Nevi
148 14 134

The lack of images belonging to the positive class
required the creation of more melanomas so that their
number could equal nevi number, improving and be-
coming more consistent the results obtained in classifi-
cation. Therefore, melanomas were submitted to ran-
dom rotational transformations in a range between 1◦

and 359◦ in order to generate new melanomas which
were added to the initial set of images. This new set
with 268 images was used for different studies in this
work instead of the initial one. It should be noted
that the rotated versions of images belonging to the
training set have never been included in the test set.

As the database of dermoscopic images is rela-
tively small and since each image can not be included
in both training and test set at the same time, a proce-
dure called leave-one-out cross-validation was applied.
In this procedure, each image is used once as the test
set using all other images as the training set. So, all
images will constitute training and test sets but in
different experiments. This type of cross-validation
constitutes a special case of k-fold cross validation.
Instead of creating k subsets in which one of this sub-
set will constitute the test set and the other k-1 will be
the training set, leave-one-out cross-validation creates
a number of folds equal to the number of observations.

The result of the classification is the label of each
image from the test set which is compared to the clas-

sification performed by an expert and different statis-
tical measures are computed.

In this section, an analysis of the parameters cho-
sen for each classifier and a discussion about the rele-
vance of the features extracted as well as the extrac-
tion region and color spaces used will be performed
in order to understand which are the most relevant
and conclude about the combination that performs
best. The performance measures of kNN, SVM and
GNB classifiers will be estimated to allow an efficient
assessment of the results.

6.1 Classification results of kNN
The kNN depends on the number of neighbors k

used in the classification process which was considered
the discriminative parameter. Due to the fact that the
optimal k has to be estimated experimentally, diffe-
rent odd values were tested k ∈ {1, 3, 5, ..., 55} in or-
der to conclude which k achieved higher performance
measures in terms of Sensitivity (SE), Specificity (SP)
and Accuracy (ACC) in the classification based on two
classes.

For the purpose, each set of features: A1) Color
densities estimated with histograms, A2) Color densi-
ties estimated using GMM and A3) Covariance matri-
ces obtained by GMM extracted from different color
spaces (RGB, HSV, CIELab and Opponent) were
evaluated considering the different extraction regions
described in section 2. However, the best results con-
sidered the information provided by the skin which
means that not only the lesion is a region of interest
in the process of classification but also the surroun-
ding regions become useful to differentiate these two
classes.

Based on the k values tested, it was verified that,
in most of the cases, when k increases, the percentage
of correctly classified lesions increases for the three
sets of features as the classifier becomes less specific
in pattern recognition.

The following table presents the best results
achieved by the kNN classifier considering the optimal
number of k, the color spaces and the performance
measures.

Table 3: Best results obtained by the kNN classifier using
color densities estimated with histograms, color densities
estimated using GMM and covariance matrices obtained
by GMM as color features.

Features k Color SE(%) SP(%) ACC(%)
Space

A1 39 CIELab 91.79 91.79 91.79
A2 1 RGB 100 97.76 98.88
A3 3 CIELab 97.76 83.58 90.67

According to the table, it appears that all features
achieve high performance measures contributing to a
good separation of classes and a successful detection
of melanomas. Color densities estimated using GMM
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are the most relevant features for the classification of
pigmented skin lesions using kNN classifier due to the
highest accuracy rate achieved. Moreover, the most
important color space in this context is RGB as it
leads to successful performance measures associated
with k lower values.

The experimental value of k parameter that opti-
mizes the classification process also differs depending
on the feature studied. The higher number of neigh-
bors in the first case is explained by a poorly differ-
entiation between the two classes and the lack of ex-
amples belonging to melanomas class. On the other
hand, color densities estimated using GMM charac-
terize dermoscopic images in a much efficient way as
the performance is maximized by a few number of
neighbors.

6.2 Classification results of SVM
The three color features extracted: A1) Color den-

sities estimated with histograms, A2) Color densi-
ties estimated using GMM and A3) Covariance ma-
trices obtained by GMM were also used as inputs
of the SVM classifier with a linear kernel in order
to classify the dermoscopic images. For the pur-
pose, the parameter C was defined as discrimina-
tive due to the fact that it controls the cost asso-
ciated to the misclassification by varying the soft
margins defined by the classifier. Diferent values of
this parameter were tested in a range of variation
C ∈ {1, 2, 3, 4, 7, 9, 10, 20, 30, 40, 50}. The aim was to
find the parameter value that optimizes the process
by maximizing the accuracy measure. The higher va-
lues of accuracy are related to an increased sensitivity
and specificity.

Contrary to kNN classifier, SVM shows a more
constant values of the performance rates with respect
to the discriminative parameter which reflects the
good linear separation of the two classes originally
performed by the classifier.

The best results achieved by SVM classifier are
described in the following table. Once more, those
results considered the color information provided by
skin.

Table 4: Best results obtained by the SVM classifier
using intensity color histograms, covariance matrices and
histograms generated by GMM method as color features.

Features C Color SE(%) SP(%) ACC(%)
Space

A1 1 RGB 94.03 99.25 96.64
A2 7 RGB 92.54 98.51 95.52
A3 1 CIELab 88.81 96.27 92.54

Three important conclusions can be drawn from
the table: the most relevant color space, the more
useful type of features and the set of features that
best differentiates the two classes. Color densities

estimated with histograms generated from the non-
parametric method achieved the highest accuracy
rate, 96.64% along with a sensitivity of 94.03% and
a specificity of 99.25%. These results are achieved
with a minimal cost of misclassification expressed by
C = 1. The last feature evaluated considered C = 7
which means that a more rigid margin is created and
the classifier does not allow as many training errors
as with a lower parameter C.

6.3 Classification results of GNB
The classification based on Gaussian Naive Bayes

(GNB) used only two types of features extracted: A1)
color densities estimated with histograms and A2)
color densities estimated using GMM. The covariance
matrices obtained by GMMwere not used by this clas-
sifier. This model is not appropriate as covariance
matrices do not have a Gaussian distribution.

The results of SE and SP obtained were used to
create ROC curves which describe the sensitivity in
relation to 1 minus the specificity for different thresh-
olds. The aim is to find which threshold maximizes
the classification accuracy and should be used to clas-
sify the test set. Based on this threshold, it is pos-
sible to conclude about the highest sensitivity and
specificity that can be achieved. GNB appears to
be a sucessful approach in the classification of im-
ages based on color features by considering their in-
dependence. From all color spaces, RGB achieves
the best results when considering color densities es-
timated with histograms with an AUC of 98.05%.

The best results of GNB are summarized in the
following table concerning the maximum sensitivity
and specificity achieved as well as the AUC. Those
results were obtained considering the color informa-
tion provided by the skin.

Table 5: Best results obtained by the GNB classifier us-
ing image intensity histograms, covariance matrices and
histograms generated by GMM method as color features.

Features Color SE(%) SP(%) AUC(%)
Space

A1 RGB 91.04 99.25 98.05
A2 RGB 88.06 98.51 96.39

6.4 Discussion
In order to perform a final assessment of the best

results achieved by the three different classifiers, a
statistical study is presented. This includes the most
significant color space as well as the most effective set
of features and extraction region. Figure 6 illustrates
a bar graph which plots the optimal performance mea-
sures achieved by each set of features used by kNN,
SVM and GNB represented in table 6. Those results
were obtained considering the information provided
by the skin which proved to be crucial to achieve high
rates of accuracy and efficiently detect melanomas.
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Table 6: Optimal performance measures achieved by
each set of features used by kNN, SVM and GNB.

Feature SE (%) SP (%) ACC (%)
A1 kNN 91.79 91.79 91.79
A2 kNN 100.00 97.76 98.88
A3 kNN 97.76 83.58 90.67
A1 SVM 94.03 99.25 96.64
A2 SVM 92.54 98.51 95.52
A3 SVM 88.81 96.27 92.54
A1 GNB 91.04 99.25 95.15
A2 GNB 88.06 98.51 93.29

Figure 6: Bar graph of the optimal performance mea-
sures achieved by each classifier used to study the color
features.

The most common studies performed the extrac-
tion of features only in the region of interest consi-
dering that only the lesion contains the information
required for a successful differentiation of melanocytic
lesions. To perform a comparison with the previous fi-
gure, a bar graph illustrated in figure 7 describes only
the optimal measures achieved in this region regar-
ding each set of features used by each classifier which
are presented in table 7.

Table 7: Optimal performance measures achieved by
each set of features used by kNN, SVM and GNB con-
sidering only the lesion region.

Feature SE (%) SP (%) ACC (%)
A1 kNN 85.82 89.55 87.69
A2 kNN 98.51 94.03 96.27
A3 kNN 97.76 80.60 89.18
A1 SVM 91.79 100.00 95.90
A2 SVM 88.06 99.25 93.66
A3 SVM 85.07 94.78 89.93
A1 GNB 94.78 85.82 90.30
A2 GNB 86.57 98.51 92.54

Figure 7: Bar graph of the performance measures
achieved by each classifier used to study the color features
concerning the region of interest (Lesion).

Based on the two graphs, it is possible to confirm
that when the skin features are considered, the clas-
sifier’s accuracy and the number of melanomas cor-
rectly classified increases. The color densities esti-
mated using GMM show the best results in both ap-
proaches which proves that these color features are
the most significant regardless of the extraction re-
gion. Another interesting point is to conclude about
the importance of the color space. Regarding the le-
sion region, the best results were achieved when the
histogram features from the parametric method were
extracted from the Opponent color space. On the
other hand, the best results achieved by the global
system consider the RGB color space, which means
that both color spaces are the most relevant depend-
ing on the extraction region.

In the previous sections, examples of dermo-
scopic lesions correctly classified and misclassified
were presented for each classifier. An interesting point
is to understand if there are lesions diagnosed as
melanomas that all classifiers label as nevi (FN) or
lesions diagnosed as nevi and classified as melanomas
(FP).

Regarding the kNN classifier, the best result
achieved efficiently detect all melanomas. On the
other hand, SVM and GNB misclassified distinct le-
sions as being nevi. However, there is a specific lesion
which is an example of FP for all classifiers which is
illustrated in figure 8.
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Figure 8: Example of a nevu misclassified as a melanoma
by all classifiers.

7 Conclusion
This paper addresses three problems:

• What is the most significant color space?

• Among the three types of features studied which
are the most important?

• The extraction of features considering only the
segmented lesion ensures an optimal result?
What is the role of the skin surrounding the
lesion?

The results obtained were quite promising and
successful proving that color features play a decisive
role in classification of skin lesions. The color densities
estimated using GMM extracted from the RGB color
space reveal to be the most important features when
considering the information provided by the lesion
and skin. The performance measures achieved were
SE=100%, SP=97.76% and an ACC=98.88% by the
kNN classifier which means that all melanomas were
correctly detected. The non-parametric approach also
lead to good results. The best performances achieves
a SE=94.03%, a SP=99.25% and an ACC=96.64%
by the SVM considering the same color space and an
extraction from the all image.

Those results prove that this system is an useful
tool for the classification of pigmented skin lesions.
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