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Abstract

Actinic Keratosis is a skin lesion that presents as a coarse and scaly
patch due to frequent exposure to ultraviolet radiation, its importance
lies in the fact that the lesion can become squamous cell skin cancer,
so it is very important its treatments in early stages. Computer-assign
diagnostic (CAD) system leads to a pre-diagnosis of the lesion based
on information regarding clinical criteria. In this work it is proposed
develop a CAD system that allows the identification of Actinic Keratosis
in lesions of the skin by dermatoscopy images analysis using spatial
domain methods and pattern recognition.
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1. Introduction

Actinic Keratosis (AK) are cutaneous neoplasms resulting from the abnor-
mal proliferation of epidermal keratinocytes, which commonly appear in areas
exposed to ultraviolet radiation such as the arms, hands, face and neck. If
it is not treated in time, it can become squamous cell carcinoma, being the
second most common skin neoplasm after basal cell carcinoma, and the lead-
ing cause of death of non-melanoma skin cancer [1], the risk of mutating to a
cancerous neoplasm is 0.075% to 0.096% due to AK lesion per year, increasing
the probability of risk for people suffering from multiple AK lesions [2]. AK
Is expressed as macules or erythematous that are progressively coated with an
adherent squama.

Several CAD systems have been developed that have helped in the timely
detection of lesions in the skin, some only focus on the part of images segmen-
tation, being the first module for the complete development of a CAD system,
on the other hand, other CAD systems propose all methodology carried out
that allows from the segmentation of the images until the classification of these,
next we will mention some works. Spyridonos et al [3] developed a method
based on color texture to automatically discriminate the presence of the Ac-
tinic Keratosis in clinical photographs. García-Arroyo et al [4] focus solely on
the segmentation of skins lesions, this is done by thresholding histogram a dif-
fuse pixel classifier applied to dermatoscopic images. Noroozi et al [5] propose
a method to discriminate basal cell carcinoma tumors from squamous cell car-
cinoma tumors in hispatological images of the skin using Z-transform features.
Celebi et al [6] propose an automated method that allows the detection of
irregular and unstructured areas of confluent blue pigmentation whit a white
film in form of superimposed frosted glass using contextual pixel classification
using decision trees. Russell et al [7] worked with the analysis in dermatoscopic
skin lesions of the detection of melanoma, they used Gaussian mixture models,
Bayesian classifier and vector support machines. Al-masni et all [8] propose an
automatic technique that allows to segment skin lesions in dermatoscopic im-
ages and apply it to recognize melanoma skin cancer, the proposed technique is
performed via full resolution convolutional networks. Hames et al [9] propose
an automatic methodology using color space transformations and morphologic
characteristics for the detection of Actinic Keratosis in clinical photographs.

This paper presents the methodology for the detection of Actinic Keratosis
in dermatoscopic images. The work is divided as follows: section 1 shows the
introduction, section 2 shows the basic concepts necessary for the development
of the methodology, section 3 show the proposed model, section 4 shows the
experiments and results, and in section 5 the conclusions.
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2. Basic Concepts

Digital Image

An image is a two-dimensional function f(x,y), with (x,y) coordinates in
the Cartesian plane. The amplitude of f of a pair of coordinates (x,y) is
called image intensity of that point in space. An image is digital if both f and
the value of the amplitude of the x and y coordinates are finite and discrete
[10]. Since a digital image is a function f(x,y) discretized in both spatial
coordinates and amplitude, it is often represented as a two-dimensional matrix
Fij = (fij)H×W , where H and W represent the size of the image, (referring H
and W to the height an width of the image respectively) with fij = f(xi, yj)

(Figure 1).

Fig 1: Digital image.

3. Proposed Model

The proposed model is divided into three modules: 1) segmentation of the
lesion, 2) extraction of characteristics and 3) classification. Next, each of the
modules that make up the methodology is presented.

3.1 Segmentation

This section presents the proposed methodology that allows the segmen-
tation of lesions of dermatoscopic images applied to AK lesions. First, the
RGB model of the decomposition of a digital image obtained from a digital
dermatoscope is considered. An image must be composed of the superposi-
tion of its three RGB planes, that is, I(x, y) = IR(x, y) + IG(x, y) + IB(x, y).
Four models were considered to obtain a grayscale image, first only the red
plane was considered (IR(x, y) = R(x, y), IG(x, y) = IB(x, y) = 0), secondly
the green plane (IG(x, y) = G(x, y), IR(x, y) = IB(x, y) = 0), thirdly the blue
plane (IB(x, y) = B(x, y), IR(x, y) = IG(x, y) = 0), and fourthly the average of
the three planes (IR(x, y) = R(x, y)/3, IG = G(x, y)/3; IB = B(x, y))/3). The
grayscale image that produced the best results is that of the blue plane, so all
the proposed methodology was working on grayscale in the blue plane. Once
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the grayscale was obtained, the optimal binarization threshold was calculated
using the Otsu method. Figure 2 shows a grayscale color dermatoscopic image
using its blue and binarized plane using the Otsu method.

Fig 2: Digital image in a) color, b) grayscale, c) threshold by Otsu method
and d) binarized image.

Once binarized image was obtained using the Otsu method, with the pur-
pose of eliminating the noise, all those pairs of coordinates (x, y) such that
(Cx − x)2 + (Cy − y)2 ≥ r2 were eliminated, where the point (Cx, Cy) is the
center of the images and r = min{H/2,W/2}, this is:

f(x, y) =

{
255 if (Cx − x)2 + (Cy + y)2 ≥ r2

f(x, y) otherwise.
(1)

Figure 3 shows in yellow the result of eliminating those points (x, y) that
are outside the radius of the circumference.

Fig 3: Elimination of points that are in the yellow zone.

Once those pixels that are outside the radius of the circle r have been
eliminated, work is done on the segmented image obtained as in Figure 3 but in
grayscale as shown in Figure 4: a) For each coordinate pair (i, j) of the image a
mask of size L is taken, the function is considered: g(i, j) =

∑
(x,y)∈L(i,j)

f(x, y),
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where L(i,j) is the mask of size L transferred to the coordinate (i, j) and f(i, j)
the value of the grayscale image (Figure 4 b)). So that the resulting binary
image is obtained as follows, for each coordinate pair (i, j), you have:

f(i, j) =

{
255 if g(i, j) > 0.25L2

0 otherwise.
(2)

Figure 4 c) shows the result of applying the equation of the function (2)
to the image of the Figure 4 a). Subsequently, a dilation was applied with a
von Neumann neighborhood of size 9× 9. Figure 4 d) shows the result of the
dilation, Figure 4 e) shows the color segmented image, Figure 4 f) the contour
of the segmented image and Figure 4 g) the contour of the segmented image
on the color image.

Fig 4: Obtaining the segmented image.

3.2 Feature Extraction

Once the image was segmented, a total of 11 statistical characteristics were
extracted to form the patter that represents each image. Table 1 shows the
statistical characteristics used, where N represents the total number of pixels,
L is the total number of gray levels. I(fij) is the value of the gray level of the
pixel (i, j) in the image f(x, y), P (j) is the probability that the value of the
gray level j occurs in the image f(x, y), T (i) is the number of pixels with gray
value i in the image f(x, y), P (I(fij)) is the probability that the gray level
I(Fij) occurs in the image f(x, y) and P (fij) = T (I(fij))/N .

3.2 Feature Extraction

For the classification, an associative model based on cellular automata (CA)
was used. Associative models are mathematical models whose main objective is
to recover complete patterns from input patterns. The operation of associative
models is divider in two phases: learning phase, stage where associative model
is generated; and recovery phase, stage in which associative model is operated
[11, 12].
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Characteristic Expression
Mean µ =

∑
ij fij

N

Deviation Standard σ =

√∑
ij(fij−µ)2

N

Smoothness R = 1− 1
(1+σ2)

Skewness
∑

ij(fij−µ)3

Nσ3

Kurtosis
∑

ij(fij−µ)4

(N−1)σ4

Uniformity
∑L−1

i=0 P (i)
2

Average Histogram AHg =
1
L

∑L−1
i=0 T (i)

Modified Skew MSK = 1
σ3

∑
ij(fij − µ)3P (fij)

Modified Standard Deviation σm =
√∑

ij(fij − µ)2P (fij)
Entropy Etp = −

∑L−1
j=0 P (j)log2[P (j)]

Modified Entropy
∑

ij P (fij)log2[P (I(fij))]

Table 1: Statistical characteristics.

During the learning phase, associative model is constructed from a set of
ordered pairs of previously known patterns, called the fundamental set. Each
pattern that defines the fundamental set is called the fundamental pattern.
The fundamental set is represented as follows [13]:

FS = (xµ, yµ)|µ = 1, 2, . . . , p (3)

Where (xµ, xµ) ∈ AnxAm for µ = 1, 2, . . . p, with A = 0, 1.

During the recovery phase, the associative model operates with a input
pattern to obtain the corresponding output pattern.

In this work an associative model based on cellular automata presented
by authors in [14] was used. Next, the learning and recovery phase of the
proposed model is presented.

Consider the CAQ = (L, S,N, fQ) and W = (L, S,N ′, fW ) with N ′ = IJ,

and fQ : N → S, fW : N ′ → S defined as follows:

fQ(v
(i,j)) =

{
1 if (i, j) ∈ LFS;
0 if (i, j) /∈ LFS;

fW (v(i,j)) =

{
1 in position (i + 1,j) if(i, j − 1) = 1;

1 in position (i,j - 1) if(i+ 1, j) = 1;
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We define the Associative CA(ACA) in its learning phase as:

W ∗Q = (L, S,N, fA)

Algorithm 1 ACA in recovery phase
Require: Fundamental set FS = {(xµ, yµ) | µ = 1, 2, ..., p}; structuring element B; integer value ne
(number of erosions); integer value nd (number of dilations); pattern recovery x̃ ∈ An
Ensure: Recovery pattern ỹ ∈ Am

1. Building the Learning ACA for FS.

2. Applying ne times the cell erosion ε with the structuring element B to the initial configuration
of learning ACA. This is, applied to the configuration of the ACA, ε ∗ ε ∗ ... ∗ ε, ne times.

3. Aplying nd times the cellular dilation with the structuring element D to configuration obtained
in point 2. This is, applied to the configuration obtained in point 2,D ∗D ∗ ... ∗D,nd times.

4. For the input pattern x̃ ∈ An will get output pattern ỹ ∈ Am applying:

for i = 1→ m do
ỹ = 1

for j = 1→ n do
if ¬(x̃j = 0 ∧ (2j − 1, 2i− 2) = 1) then

if¬(x̃J = 1 ∧ (2j − 2, 2i− 2) = 1 ∨ (2j − 1, 2i− 2) = 1) then
ỹ = 0

Break

end if
end if

end for
end for

The recovery phase for the ACA makes use of the composition of erosions
and dilations CA. The algorithm which defines the phase of recovery is shown
in algorithm 1.

4. Experiments and Results

The international Skin Imaging Collaboration (ISIC) is an academic project
with the objective to develop tools for the analysis of images that allow the
diagnosis of different types of skin lesions (nevus, basal cell carcinoma, der-
matofibroma, melanoma and Actinic Keratosis among others) [15]. This work
focused on lesions of Actinic Keratosis, in which a total of 206 dermatoscopic
images were used, divided in 103 image that presented a lesion to be detected
and 103 that presented some other type of lesion. Each of the dermatoscopic
images used went through the segmentation process using the methodology
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proposed in section 3.1. Subsequently, the statistical characteristics proposed
in Table 1 were extracted. The associative model based on cellular automata
presented in section 31 and in [14] was used. The proposed model was com-
pared in K-NN classification algorithm, for this, their respective confusion ma-
trices were first constructed. For K-NN, a value of k = 1, 3, 5 and 7 was used,
and for the proposed model case a Moore neighborhood structuring element
was used. Table 2 shows the confusion matrix for K-NN with different val-
ues of k and the associative algorithm AC, where TP = TruePositive, FP =

FalsePositive, TN = TrueNegativeandFN = FalseNegative.

Table 2: Confusion matrix for KNN with different values of k and the
proposed AC model.

Once the values in Table 2 were obtained, were calculated the metrics
Sensitivity (SE), Specificity (SP) and Accuracy (ACC) metrics of nests were
calculated as follows respectively:

SE = TP/(TP +FN) (5)

SP = TN/(TN+FP ) (6)

ACC = (TN + TP )/(FN +FP + TN + TP ) (7)

From the values obtained in equations (5) and (6), the ROC curves that
determine the accuracy of the model diagnosis are constructed. Figure 5 shows
the result of the ROC curves for the K-NN algorithm, with k = 1,3,5 and 7,
and for the proposed AC algorithm.
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Fig 5: ROC curves for different KNN k values and the proposed AC
algorithm.

Table 3 shows the comparison of the values obtained from ACC, SE and
SP for the K-NN algorithm with different values of k, and the proposed AC
algorithm.

Table 3: Comparison of AK diagnosis methods.

It is observed in Figure 5, that the ROC curve of the proposed AC model
is above each of the ROC curves that the K-NN model throws for different
values of k, the same happens with the sensitivity value shown in the Table
3. However, the value of the specificity is higher when using the K-NN model
with k = 3, secondly is the AC model, however it is observed that the accuracy
shown by the AC model is 0.985, the same that in the case k = 3 of the K-NN,
both cases show the same accuracy and superior to other cases of the K-NN
algorithm.

5. Conclusions

Currently, CAD systems have been developed in different areas of medicine
with the aim of supporting pre-diagnosis in the medical area. This paper shows
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the proposal of a CAD system that allows the detection of Actinic Keratosis in
skin lesions of dermatoscopic images. The work was divided in three modules:
1) segmentation of the lesion, 2) extraction of characteristic and 3) classifica-
tion. Methods in the spatial domain were used for the segmentation module,
11 statistical characteristics were sued for the feature extraction module, and
a model base on cellular automata was used for the classification module and
compared with the K-NN algorithm for different values of k, using the values
produced by de confusion matrix, the ROC curves and the metrics of Sensi-
bility (SE), Specificity (SP) and Accuracy (ACC). The AC model showed an
accuracy of 0.985, just like the K-NN algorithm for k = 3, this value was higher
than those shown for the other k-values of K-NN. It is also observed that the
ROC curve for the AC model is above each of the ROC curves of the K-NN
model from the 1 - SP value, since for previous values, the ROC curve for
k = 3 is by above, this compensates for the fact that both algorithms showed
an accuracy of 0.985. The exposition in this work shows that the AC algorithm
yields acceptable results in comparison to the K-NN algorithm applied to the
detection of skin lesions of the Actinic Keratosis.
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