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1 | INTRODUCTION

K.Mokrani® | B.Garcia-Zapirain®

Abstract

Purpose: Melanoma is known as the most aggressive form of skin cancer and one of the
fastest growing malignant tumors worldwide. Several computer-aided diagnosis sys-
tems for melanoma have been proposed, still, the algorithms encounter difficulties in
the early stage of lesions. This paper aims to discriminate melanoma and benign skin
lesion in dermoscopic images.

Methods: The proposed algorithm is based on the color and texture of skin lesions
by introducing a novel feature extraction technique. The algorithm uses an automatic
segmentation based on k-means generating a fairly accurate mask for each lesion. The
feature extraction consists of the existing and novel color and texture attributes mea-
suring how color and texture vary inside the lesion. To find the optimal results, all the
attributes are extracted from lesions in five different color spaces (RGB, HSV, Lab, XYZ,
and YCbCr) and used as the inputs for three classifiers (K nearest neighbors, support
vector machine, and artificial neural network).

Results: The PH2 set is used to assess the performance of the proposed algorithm. The
results of our algorithm are compared to the results of published articles that used the
same dataset, and it shows that the proposed method outperforms the state of the art
by attaining a sensitivity of 99.25%, specificity of 99.58%, and accuracy of 99.51%.
Conclusion: The final results show that the colors combined with texture are powerful
and relevant attributes for melanoma detection and show improvement over the state
of the art.
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ment is the obvious solution.2® Numerous computer-aided diagno-

sis systems for melanoma have been proposed based on deep learn-

Skin cancer is an uncontrolled growth of skin cells. Melanoma is
the most dangerous form of skin cancer. The American Cancer Soci-
ety estimates 106 110 cases, and 7180 likely will pass away from
melanoma in 2021.1 When detected and treated at its early stage,

melanoma is not a threat to life, in this case, computer-assisted treat-

ing features* 7 or handcrafted features.®-1! Kasmi and Mokrani!?
proposed an automatic detection based on the ABCD rule features.
Tested on 200 dermoscopic images, the algorithm achieves a sen-
sitivity rate of 91.25%, a precision of 95.83%, and an accuracy of

94.0%. Jaworek-Korjakowska et al.1® used the shape and texture of
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the lesion to detect melanoma at its early stage with the support
vector machine (SVM) classifier. A set of 200 images is used and
reported a sensitivity of 90%, specificity of 96%, and the area under
the curve equal to 93.24%. In the paper of Barata et al.,'* a Bag-of-
features is used, the study compares the weight of color and texture
descriptors for melanoma. The method achieves a sensitivity of 93%
and a specificity of 88%. Alfed et al.’> combine texture (histogram
of gradients, histogram of lines) with color vector angles and Zernike
moments as features to classify melanoma from benign lesions of PH2
dataset, 1617
ral network (ANN). The method achieves the sensitivity of 99.41%
and specificity of 98.18% and accuracy of 98.79%. Majumder et al.’®

based on the ABCD rule features, a back-propagation neural network

using three classifiers SVM, Adaboost, and artificial neu-

is used to classify melanomas from benign on PH2 dataset.'®17 The
results determine the overall accuracy of 98%. Abbas et al.l? pro-
posed a novel pattern classification method based on color symme-
try and multiscale texture analysis, by developing AdaBoost.MC multi-
label algorithm. The classification results obtained a sensitivity (SE)
of 89.28%, specificity (SP) of 93.75%, and an area under the curve of
0.986. Hagerty et al.2° mix the handcrafted and deep learning fea-
tures after assessing them individually. The study shows the effec-
tiveness of the fusion features by obtaining a classification accuracy
of 0.94. Moura et al.2! use the ABCD rule and pre-trained convolu-
tional neural networks features, and then the most relevant descrip-
tors are chosen. Finally, a MultiLayer Perceptron classifier is used to
distinguish melanoma from benign lesions. The method achieved an
accuracy rate of 94.9% and a Kappa index of 89.2%. Hirano et al.2?
developed an automated melanoma diagnosis system using hyper-
spectral data (HSD) and GoogleNet. The pre-formed GoogleNet is
used to power the HSD, they added a new network, called “mini net-
work,” which performs a size reduction just before the input layer of
GoogleNet. The work used 619 lesions for training and testing. The
evaluation on five cross-validations indicates that without data aug-
mentation, the sensitivity, specificity, and accuracy are 69.1%, 75.7%,
and 72.7%, respectively. And with data augmentation, the sensitiv-
ity, specificity, and accuracy are 72.3%, 81.2%, and 77.2%, respec-
tively. Acosta et al.2® proposed melanoma classification method con-
sists of two steps: first, the region of interest is cropped using mask
and region-based convolutional neural network technique. Second,
a classifier based on the ResNet152 structure is used to discrimi-
nate malignant lesions. The method is assessed on the 1SIC2017 set
and achieves an accuracy of 90.4%, sensitivity of 82%, and specificity
of 92.5%.

This work aims to find an accurate algorithm for melanoma recog-
nition based on the color and texture features. First, we proposed
a segmentation algorithm that localizes lesions. Then, we extracted
novel and representative features that measure the color and texture
variations in the lesion. The method is tested on the PH2 public
set.’617 To find an optimal result, we assessed the algorithm in dif-
ferent configurations combining different color spaces and different
classifiers. The results of our method are compared to the published

results using the same dataset.

FIGURE 1 Lesionsegmentation (A): original image (B) k-means
segmentation

2 | LESION SEGMENTATION

The lesion segmentation is one of the most important steps for an effi-
cient classification of lesions using handcrafted features. In this work,
the K-means?42> technique is used to localize lesions. It is performed
either on a green color plane (G), after adjustment of its histogram and
minimizing the effect of hair by a 11 x 11 median filter, or on a second
new plane that combines the two planes S (saturation) and V (value)
of HSV color space.?é The second plane is found as shown in Equa-
tion (1): Because of the weak boundaries of lesions, the contour detec-
tion methods can not delimit the lesions well using the known planes
(R,G,B,H,SV....).So acombination of planes that highlight the lesion is
recommended. In this case, the intensity of color S and the brightness
V are combined with reducing the both values (S x0.9) and (V x 0.3).
Knowing that the lesion is more colorful less bright than the back-
ground, the combination of the Sand reduced V planes makes the lesion
brighter and the background darker. This is what helps the k-means to

segment easily the lesions.

(0.95 + 0.3V) if (0.9S + 0.3V)< 1
Inew = (1)
1 otherwise

The choice of the plane is based on the standard deviation of the
green plane (std(G)). We noticed that if the standard deviation of the
green plane G is higher than 0.25, the lesion is highlighted enough to
be segmented by k-means, otherwise we use the plane found by equa-

tion 1.

Inew if std (G) < 0.25
| = (2)
G otherwise

Figure 1 shows the lesion segmentation using K-means with K = 2.

2.1 | Post-processing of K-means segmentation

Vignetting in some images is seen and kept as a part of the lesion as
shown in Figure 1B. The non-lesion objects are either from hair or from
the dark corners of the image. The corner removal consists of detect-

ing the dark corners alone and then removes them from the k-means
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FIGURE 2 Corner segmentation by active contours (A) contour
initialization (B) detected corners (C) overlay contour on the original
image (d) lesion mask after removing corners

mask. The corners are segmented using active contours?’28 that is
based on the evolution model (Equation (3)). An initial contour C moves
toward the edges and stops by the decreasing function g (Equation (4)).

The evolution of each point of the contour C(t) with velocity V in
the normal direction is computed as the curvature motion in the nor-
mal direction KN. The decreasing function (Equation (4)) depends on
one over a gradient of the image. In the contours, the gradient is high,
which makes the decreasing function tend to zero at the edges. Multi-
plying the decreasing function by the curvature motion stops the con-
tour evolution at the edges. And because the lesion’s contours are most
of the time not sharp, the second term of Equation (3), projected in the

normal direction, is an additional stopping function.

aC (t) S\ =
= = (s0k- (vs).N))N ®
()= —— @
1+ (VI)
where:
C: contour;

VI: Gradient of the grayscale of the plane I;
k: Curvature;

(@)

e Manual segmentation
- === Auto segmentation

FIGURE 4 Lesions segmentation: Overlay automatic and manual
contours

KI: Unit vector in the normal direction;
(Vsl(l), N))N: The inner product, projection of the gradient of the

stopping function in the normal direction.

Figure 2 shows the corner detection using the active contours
method and the lesion mask after removing corners.

To remove the non-lesion area, all the objects with an area smaller
than 700 pixels are eliminated. Then, the objects are eroded using mor-
phological operation erosion with a structural element of disk radius
equal to 10, followed by dilatation using a structural element of disk

with a radius equal to 15. The filtering steps are shown in Figure 3.

2.2 | Results and comparison of the segmentation

The automatic segmentation generates an accurate mask for each
lesion. Figure 4 shows some results of the proposed segmentation
method. The manual contour (continuous line) and automatic contour
(dashed line) are overplayed.

The automatic segmentation results are compared to the results
reported in the published paper of Jaisakthi et al.2? where the author
proposed an algorithm of segmentation tested on the PH2 dataset. Five
metrics are used to assess the segmentation results: sensitivity, speci-

ficity, accuracy, dice, and Jaccard.

(@)

FIGURE 3 Filtering (A) lesion mask with extra objects (B) erosion (C) dilatation, and final mask
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TABLE 1 Segmentation results and comparison

Metrics Jaisakthi et al?? Our algorithm
Accuracy 0.9604 0.9606
Sensitivity 0.8900 0.9236
Specificity 0.9879 0.9870
Dice 0.9139 0.9167
Jaccard 0.8437 0.8462
Sensitivity = 'I'I3T|-—P|:l\l (5)
Spesificity = % (6)
TP + TN
ACURY = T TN+ FP+ N v
TP
Dice = ———— (8)
FP+FN
(Tp+ L)
TP
J d =c—-—— 9
AR = TP FP PN @)

where TP is the true positive, TN is the true negative. FP is the false
positive. FN is the false negative.
Table 1 shows the comparison of the results of the segmentation.
The proposed segmentation algorithm generates a mask for each
lesion close enough to the manual segmentation; they are used to

extract features presented in the following section.

3 | FEATURE EXTRACTION

The presence of multicolor and non-homogeneity in the lesion is the

most important sign of malignancy.3%:31

3.1 | Quantify frequent color

After visual inspection of all lesions in the PH2 dataset, we conclude
that there are, subjectively, sixdominant colors, we named: light brown,
mid-brown, dark brown, black, white, and blue-gray, which we need to
quantify. To measure the averages of the six dominant colors in the
lesions, the images are over segmented using super-pixel technique to
900 blobs as shown in Figure 5. Super-pixel is based on a linear iterative
clustering algorithm®? to gather pixels with similar values into a group
(blob).

From all super-pixels that visually appear as the same color, we
extracted and saved the R, G, and B color values. The operation is
repeated for 100 images. A similar procedure is done for six dominant
colors, and then we considered the averages are the color references.
The results are reported in Table 2.

Once we had the references of the six frequent colors, we measured
the color distances of each super-pixel in a given lesion to the six color

references mentioned in Table 2 using the Euclidean distance, (Equa-

FIGURE 5 Lesion pixilated with a super-pixel algorithm

TABLE 2 Thesix frequent color references

Color references
(Rref, Gref, Bref)

(200, 155, 130)

Color Appearance
Light brown

Mid-brown (160, 100, 67)
Dark brown (126, 67,48)
(230,230, 230)
Black (31,26, 26)

Blue-gray (75,112, 137)

White

tion (10)).

Dist () = \/(R; — Ryer)? + (Gi — Grer) + (B — Bre)®  (10)
Where,

Dist(i): distance of a given super-pixel i to one of the reference col-
ors (Table 2),
R;, Gj, Bj: red, green, and blue color channel of a super-pixel i.

A super-pixel is attributed to a given color if its normalized distance
is lower than an empirical threshold T, variable for each color. The
thresholds are reported in Table 3.

A given color is considered present only if it occupies an area more
than 5% of the lesion area.

The number of colors detected in a given lesion is used as the num-
ber of cluster K for K-means, and the lesion is segmented into K classes.

Figure 6 shows the classes found by K-means.
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TABLE 3 Color thresholds to attribute a given super-pixel color

Color Light brown Middle brown
Threshold 0.12 0.25

FIGURE 6 K-means segmentation. (A) A lesion with three classes.
(B) A lesion with four classes

3.2 | Color features

In this section, we reported the equations of the feature that we
extracted from the R, G, and B planes of the RGB color space. Same fea-
tures are extracted from H, S, V planes of HSV color space, L, a, b planes
of Lab color space, X, Y, Z planes of XYZ color space, Y, Cb, Cr planes of
YCbCr color space, respectively.

The average of red, green, and blue plane (avgR, avgG, avgB) are
computed for each classn

J
Z (ins Jn) (11)

||M_

avgR (n) = %

avgR(n): Average of the class n for R plane.
(h=1toK)

R: red plane

(i, jn): Coordinates of the pixels of the class n.

The Cq, Cy, C3 are the ratio of the relative colors, considering the
maximum average of the K classes (Equations (12)-(14))

C1 = max < aveR (n)> (12)
Rskin n=1.K

C, = max<M) (13)
Gskin n=1K

C3= max(avgB(n)) (14)
skin /'p=1.K

Darkbrown White Black

Blue Grey
0.25 0.25 0.5

The C4, Cs, and C4 are the normalized relative®® R, G, and B ratios,

considering the classes with maximum average color.

Cq

Ca= (CL+Cp +Cy) (a5)
G

G =76, 70y (16}
Cs (17)

Co=—— 2
6T (Ci+Co+Cy)

The C5, Cg, and Cy are the relative difference®® R, G, and B, consid-

ering classes with maximum average color.

C; =C; —Rskin (18)
Cg =Cy —Gskin (19)
Co =C3 —Bskin (20)

Where: Rgyin, Gskin» and Bgyi, are the averages of red, green, and blue
color plane, respectively, of skin surrounding the lesion.
The Cyg, C11, and Cq, are the normalized relative difference®® R, G,

B, selecting classes with maximum average color.

Cy

C10 = (C; + Cg + Co) (21)
Cg

B (A R oS 22
C

Cip = ? (23)

(C7 + Cg + Co)

C43,C14,and C15 we compute the Euclidean color distances between
classes for each channel.

K-1

Ciz = \ (avgR (n) — avgR (n + 1)) (24)
K-1

Cyg = \ (aveG (n) — avgG (n + 1))° (25)
K-1

Ci5 = \ (avgB (n) — avgB (n + 1)) (26)

C14,C17,and Cqg are the variances between classes in different color

channel.

5, (aveR ()~ vaR)
K

Ci6 = (27)
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o PN (a"gGK(“) - ang) 28) T, = \ Y, (EntropyG () — EntropyG (n + 1) (40)
K 2 K-1 ,
c Yot (avgB (n) - avgB) 29) Ty = \ Z (EntropyB (n) — EntropyB (n + 1)) (41)
18 = i=n

K

C19, Cyg, and Cy are the standard deviation between classes in dif-
ferent color channel.

Ci9 =vVCys (30)

Co0 = VCy7 (31)

Co1 =1/Cus (32)

Cyy,Cy3,and Cyy are the variances of the normalized color between

classes.

avgRD (n) = |avgR (n) — Reyn| (33)
K 2
e, (angD(n) - angD)
Co = K (34)
avgGD (n) = |avgG (n) — Gsinl (35)
K 2
hIN <angD(n) - angD)
Coz = K (36)
avgBD (n) = |avgB (n) — Bein| (37)
K 2
I (avgBD(n) - avgBD)
Coy = (38)

K

avgR(n), avgG(n), avgB(n): Averages of the class ninred, green, and blue
planes, respectively.

n:n'thclass (n=1toK)

RsinGskin, Bskin: Skin colors that surround the lesion in red, green,

and blue planes.

3.3 | Texture features

We compute the Euclidean distances between entropies of classes of
the lesion, for each channel, R, G, and B noting, respectively, T4, T5, and
Ts.

The greater the distance of entropies between classes, the more

likely it is a melanoma.

K-1
T, = J > (EntropyR (n) — EntropyR (n + 1)) (39)

i=n

EntropyR(n), EntropyG(n), EntropyB(n): Entropy of the n’th class in
the red, green, and blue plane respectively. The three characteris-
tics are measured from the first plane for each color space (R, H, X,
andY).

Then, we used the cooccurrence matrix by fixing the range of [0 1]
between pixels, to measure three properties: contrast, homogeneity,
and energy. The three properties are measured from the first plane for

each color space (R, H, X, and Y).

M N
T, = Contrast = ¥ 3 |i—j|*Gij) (42)
i
MO G
T5 = Homogeneity = Z z o= :J (43)
il |
M N
T¢ = Energy = 2 ZG (44)
i

G : Cooccurrence matrix of the H plane (hue)

M, N: Cooccurrence matrix dimension.

4 | RESULTS AND DISCUSSION
41 | Dataset

In this work, we used the PH2 dataset which is a public set intended for
research and benchmarking.1%7 It contains 200 dermoscopic images,
where 80 common nevi, 80 atypical nevi, and 40 melanomas. The PH2
dataset includes manual segmentation for each lesion.

For the classification, all the features are extracted using our auto-
matic masks.

4.2 | Features selection

Before classification, we select the most discriminative features by
the relief method®* from all extracted color and texture features. The
Relief algorithm attributes a score for each feature according to its
importance.

4.3 | Classification

To find the optimum configuration between the classifiers and the color

spaces, we extracted the same features from RGB, HSV, Lab, XYZ, and
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TABLE 4 Classification of melanoma and benign lesions using different classifiers and color spaces on PH2 set

KNN ANN SVM

Color

space Features SE (%) SP (%) ACC (%) SE (%) SP (%) ACC (%) SE(%) SP (%) ACC (%)

RGB T1,T3,T2,T4,T5C13,C11, 99.23 98.26 98.46 98.25 99.45 99.2 99.25 99.58 99.51
C2

HSV T1,T2,T3,C22,C13,C16, 95.73 99.11 98.44 92.25 99.45 98 94.92 99.55 98.62
C19, T4

LAB T12,T4,T5T16,C4,C7 94 98.81 97.85 95.25 98.02 97.45 95.71 96.19 96.09

XYZ C15,T4,C21,C14,C18,T5, 91.66 95.13 94.44 84 97.02 94.4 90.83 96.87 95.66
T3,C21

YCbCr T2,T3,T4,T1,T5,T6,C15, 99.21 98.81 98.98 98.5 99.82 99.55 98.8 99.2 99.12
C21,C13

Abbreviations: Acc, accuracy; ANN, artificial neural network; HSV, Hue Saturation and Value; KNNs, K nearest neighbors; LAB, lightness and A and B are
chromaticity coordinates; RGB, red green and blue; SE, sensitivity; SP, specificity; XYZ, X is a combination of the R, G and B planes Y is the luminance, Z is
equivalent to blue; YCbCr, Y is the brightness (luma), Cb is blue minus luma (B-Y) and Cr is red minus luma (R-Y).

YCbCr. And then, used three classier K nearest neighbors (KNNs), ANN,
and the SVM. The performance of the proposed algorithm is assessed
using three metrics, namely SE, SP, and accuracy (ACC), (Equations (5)
to (7).

The test using the PH2 set is to identify melanomas from the benign
lesion (atypical nevus common nevus). Measuring the average of 10
cross-validations for each configuration (system color/classifier), the
results are reported in Table 4. The features are sorted according to
their pertinence.

For the two classifiers (KNN and ANN), the best result is found on
the YCbCr color space with nine attributes: six texture attributes (T,,
T3, T4, T4, Ts, Tg) and three color attributes (Cq5, Coq, C13). The KNN
uses one sample for testing and the remained samples for training,
reach 99.21% of sensitivity, 98.81% of specificity and 98.98% of
accuracy. The ANN uses 60% of a lesion for learning and 40% for
testing, reaches 99.5% of sensitivity, 99.45% of specificity, and 99.55%
of accuracy.

With SVM, the best result is found on the RGB color space with eight
attributes: five texture attributes (Tq, Ts, Ty, T4, T5) and three color
attributes (C13, C11, C5). Using 60% of a lesion for learning and 40% of a
lesion for testing, the classification result reaches 99.25% of sensitivity,
99.58% of specificity, and 99.51% of accuracy.

The three classifiers give good results using a fusion of features. We
notice that besides XYZ, texture features are selected as the most rel-
evant for RGB, HSV, Lab, and YCbCr.

Table 5 shows a comparison between the state of the art with best
results of our algorithm, found using the same dataset (PH2). Overall,
our system outperforms all other methods.

Alfed’s method® found good results by reaching the sensitiv-
ity of 99.4% (our: 99.25%) and accuracy of 98.79% (our: 99.51%).
Our algorithm shows the best balance between sensitivity and
specificity.

Several papers show that the presence of multiple colors in lesion
presents an important biomarker of malignancy.>>=3? In our work,
the lesion is divided into K classes, where K is the number of col-

TABLE 5 Comparison of the classification results of our method to
three published methods

Method and year

of publication SE% SP% Acc%
Barata,'4 2014 93 88 -
Alfed,’® 2017 99.4 98.18 98.79
Majumder,'® 2018 95 98.8 98
Our method 99.25 99.58 99.51

Abbreviations: Acc, accuracy; SE, sensitivity; SP, specificity.

ors constituting the lesion. And these repartitions are used to extract
features. The most selected as relevant features, either the texture
or the color features, are measuring the disorder or the variation
between the classes. This is coherent with the uncontrolled growth of

melanomas.

5 | CONCLUSION

In this article, an efficient system for melanoma detection is presented.
The approach includes an automatic segmentation of the lesions based
on the k-means technique. Dominate color references are found man-
ually from over-segmentation of lesions using super-pixels segmenta-
tion. The lesion is divided into classes according to the number of col-
ors constituting the lesion. And these repartitions are used to extract
numerous color and texture features, and then the algorithm selects
the most relevant features. To find the optimum results, the algorithm
is assessed in different configurations, combining five color spaces
(RGB, HSV, Lab, XYZ, and YCrCb) and three classifiers (KNN, SVM, and
ANN). The public PH2 set intended for research and benchmarking is
used to assess the proposed algorithm. It contains 200 dermoscopic
images, where 160 benign lesions, and 40 melanomas. The results
show that the proposed algorithm is accurate and very sensitive in
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identifying melanomas by reaching the sensitivity of 99.25%, speci-
ficity of 99.58%, and accuracy of 99.51% with the SVM classifier and
RGB color space. The Algorithm shows also good results with different

color spaces and different classifiers, obtaining the best results com-

pared to the state of the art. The experiment shows the feasibly of

detecting melanomas in different color spaces.
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