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Abstract. The extraction of texture attributes for image patterns is one of the vital
tasks in the field of pattern recognition. For this purpose, there is substantial demand
for extracting new features from texture images, in which it helps analyze the behavior
of the extracted features. Fractal dimension as a gauge of complexity is considered as a
good indicator to measure the hidden amount of information and the distribution of the
data in a given dataset. However, it can be used to aid in the grouping of these data
according to their complexity. In this work, a set of five fractal features is introduced
for texture image analysis by utilizing two known clustering algorithms, the k-means,
and the Density Based Scan (DBSCAN) to cluster the extracted fractal features into a
related group, in which clustering extends the management of extensive data and then
easily retrieves or classifies any new texture image. Two statistical algorithms (Elbow
and Silhouette) are used to acquire a reasonable value of k in the k-means algorithm.
After implementing the proposed algorithms on these fractal features, the best value of k
is equal to three based on Elbow, and Silhouette and the k-means performs better than
the DBSCAN. The results show that using these methods helps to acquire a reasonable
value of k.
Keywords: Fractal dimension, k-means clustering, DBSCAN, Elbow, Silhouette

1. Introduction. Until the mid of the last century, human-made environments can be
described by classical geometry. This geometry fails to explain natural objects and phenomena. It was a challenge prompting Mandelbrot [1] to devote his effort to introducing
a new geometry that can handle the behavior of many complex natural environments
around us. He called it fractal geometry. Since then, the abundant characteristics of
fractals make them increasingly used in different fields of researches and serve as a useful
tool in many scientific and engineering fields such as image processing [2,3], computer
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vision [4-7], texture analysis [8-12], identification and authentication protocol [2,3,13-16]
as well as, in cryptography [17,18].
Fractal geometry is an innovative geometry discovered to describe many natural shapes
and nonlinear phenomena in which the classical geometry failed to characterize. Perhaps
seeing many distinct definitions for fractal, all of these definitions tell us that fractal
objects have three important properties, which are [19-21]:
• Fractals parts have the same form or structure as the whole, except that they are on
a different scale and maybe slightly deformed, “self-similarity”.
• It is generated by the iterative process.
• Fractal has a non-integer dimension.
Fractal Dimension (FD) is a term used to handle the irregularity of surfaces. This significant mathematical term attracts many researchers to propose different morphologists
to calculate it [19].
Image processing methods earn much improvement after appearing of fractal theory,
where FD serves as a substantial measure. It is called a meter of complexity that depends
on the assumption, in which the objects are self-similar. The term complexity in fractal
analysis refers to the change in detail upon a change in scale. However, it admits us to
use it for measuring the complexity of objects.
There are several approaches for determining the FD, some of which are 1D-FD, for
example, Hausdorff [19], Higuchi [22], Petrosian [23], Box counting [19]. The most accurate one is the Hausdorff dimension, but its high computational complexity causes its
implementation to be limited. While the box counting dimension is considered as the
most widely used in many applications spatially, in the images analysis field, and this is
due to its simple calculation in comparison to other types of FD’s. Most types of 1D-FD
performed the computation along a line in the image based on an arbitrary angle, not for
the whole image. However, the Higuchi FD is used to overcome this limitation because
it allows calculation in both directions: dependent, and independent. Since the digital
images, as well as some essential objects area, are two dimensional, the multifractal dimensions are of highly demanded. They characterized the FD of a signal as multiple
layers of the 1D-FD. However, the selection of the FD according to the signal complexity
is a challenge in the recent researches.
Partitioning of objects, physical phenomena, urban areas, remote sensing images, and
many others, into grouping is performed through clustering algorithms, which are the process of dividing such phenomena into different groups. The clustering analysis algorithms
are essential and used in different fields, like biology, psychology, economy, and image
analysis. It is considered as one of the hot directions of research in the data mining field.
Clustering algorithms are classified into many types, such as Partitioning, Hierarchical,
Fuzzy, Density-based, Model-based [24-27].
A comprehensive body of researches has been devoted to overcoming the limitations
in one another, seeking simplicity and clarity. Some of the literature, which considered a
valuable source of inspiration for this work, is started with Keller et al. [9] showing that
using just the fractal dimension is not efficient in analyzing realistic texture. Therefore,
they identify new measures for texture depend on the principle of lacunarity box algorithm
to distinguish between different texture and utilize them jointly with the fractal geometry,
to characterize and segment realistic texture images. They also improved this method to
be used for image intensity. Peleg et al. [10] work in this field based on Mandelbrot FD.
They constructed a set of eighty-four features to be used as general characteristics for
recognizing a natural texture. Sarkar and Chaudhuri [11] proposed an efficient approach
for estimating the FD of texture images and texture segmentation. Different estimators
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are proposed, and others are improved to enhance pattern recognition techniques. In
2017, Khan et al. [28] introduced an enhanced k-means clustering algorithm for image
segmentation. Their method considered a low-cost implementation, and it can handle
big-size images, which is suitable for real-time image segmentation. Besides, in their proposed algorithm, there is no need for the user to interact to specify an initial parameter
of k-means. In 2019, Yousif et al. [25] proposed a set of five fractal features to be used
for texture analysis. They used the semi-variance estimator to describe a better texture
form. In their clustering algorithm, they adopted the k-means algorithm with the concept
of shooting the head for choosing the value of k to group the extracted features. Subsequently, the extracted groups were classified using the different classifiers (Naive bays,
Decision Tree, and Multilayer Perceptron).
The main contributions of this work are divided into two phases. The first is for
extracting fractal geometric features from the raw texture images dataset. Whereas, the
second is for the clustering of these features into groups (clusters) in which clustering
extends the management of extensive data and then easily retrieves or classifies any new
texture image. Some of the new literature which considers a valuable source of inspiration
is introduced in [29,30].
The remaining of this paper is organized as follows. Section 2 discusses the fractal
geometric features, and identifies different clustering algorithms. Section 3 exhibits the
results and their analyses, and finally, the main conclusions are presented in Section 4.
2. Methodology. In this paper, the main steps of the work are divided into two stages.
The first stage is extracting new fractal geometric features from the texture images
dataset. Whereas, in the second, the clustering analysis algorithm is applied to getting the best clusters or groups of the extracted features. To carry out these two phases,
five sequential steps have to pass through. Step 1 represents the input of the raw texture
images dataset. In the second step, different fractal dimensions are applied to extracting
features; step 3 saves the results in a CSV file. Finally, steps 4 and 5 represent the clustering analysis algorithms, k-means, and DBSCAN that are implemented to group the
related extracted features together, and the proposed protocol is illustrated in Figure 1.
2.1. Raw texture images dataset. Image texture symbolizes the structure of several statistical features, which construct different patterns both in color and brightness
distribution [6]. The dataset size equals 2101 different texture images samples with the
characteristic: twenty-eight different textures of 8 gray-scale PNG format. Some examples
of the used dataset for texture images that have different patterns are shown in Figure 2.

Figure 1. Methodology steps diagram
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Figure 2. Raw texture images dataset
Aiming to extract the increasingly complex characteristics of the object represented by
digital images, a set of five different algorithms is used individually. They mainly depend
on FD.
2.2. Fractal dimension features. Fractal dimension as a measure of complexity is
highly used in many applications, especially for feature extraction, and this is due to
its ability to represent intrinsic structure information of the images robustly. Various
methods are introduced to estimate the FD value. In this section, some of the highly
accurate FD estimators are used for extracting particular features from the available
texture datasets. After extracting these five features and named (f1, f2, f3, f4, f5), the
values of these features will be saved in a CSV file used later in texture image analysis
(clustering).
2.2.1. Differential box counting method (f1). The box counting process is considered the
most popular and influential estimator to find FD. This is due to its encouraging properties, such as implemented easily, and flexibility. Despite these advantages, this method
suffers from the limitation of computing the boxes. Sarkar and Chaudhuri [11] tried to
overcome this limitation by proposing the extension of this standard approach to be applied for grayscale images; it is known as the Differential Box Counting (DBC) method.
In this work, we used an improved DBC algorithm [31], in which the number of boxes
that utilized to cover the image is specified precisely, and as in the following.
For an image U(i, j) of size M × M pixels with 2D position (x, y), the coordinate z of
gray level values in the (x, y) space is partitioned into grids of size l × l, where s = l/M,
and M/2 ≥ l > s.
However, in the image of size M × M, for each grid, there is a column of boxes of size
s × s × s′ , where Gi (x, y)/s = l/s, and Gi (x, y)represents
the number of gray levels for
PGi (x,y) . 2 
each box in the (i, j) grid. Therefore, ns (i, j) =
s + 1, in which, s represents
the size
P of the box, and ns represents the number of boxes needed to cover the level l.
Ns = ls=1 ns , Nr represents the total number of the boxes required to cover the image.
The FD can be estimated from the least-squares linear fit of log(Ns ) over the log(1/s).
2.2.2. Lacunarity (f2). Lacunarity is a fractal dimension attribute as a function of scale
to characterize the distribution of a pattern [25]. Its simple applicability grants it an
advantage to be used for a wide range of data, fractal and non-fractal, as well as, multifractals, and other non-binary datasets. The investigation of the mass distribution in a
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deterministic or a random set motivates for a gliding-box procedure for Lacunarity computation. For a binary image, let a box of length ǫ pass through a lattice that covered the
PN (ǫ)
image. N (ǫ) is the total number of boxes of size ǫ × ǫ. Let S1 = n=1
Q( , ǫ)2 represent
2
P
N (ǫ)
is the mean
the square mean of the probability distribution, and S2 =
n=1 Q( , ǫ)
square deviation of the probability distribution, and then the Lacunarity at scale ǫ is
formerly characterized by L(ǫ) =

PN (ǫ)
N (ǫ) n=1 Q( ,ǫ)2
P
2
N (ǫ)
n=1 Q( ,ǫ)

or simply by L(ǫ) =

N (ǫ)S1
.
S2

The pseudo-code for calculating box Lacunarity is given in Algorithm 1
Algorithm 1: Sliding box Lacunarity
Input: Binary image U(i, j) of size M × M,
the size of each box ǫ = 2 pixels, Q1 = 0, Q2 = 0
Output: Lacunarity L(ǫ) for each ǫ
While ǫ ≤ M
For i = 1 : M (The number of rows)
For j = 1 : M (The number of columns)
N (ǫ) = sum(U(1 + ǫ, j + ǫ))
Q1 (ǫ) = Q1 + N (The total numbers of 1’s in each box)
Q2 (ǫ) = Q2 + (Q1 (ǫ))2 (The square of 1’s in each box)
End
End
ǫ=ǫ∗2
End while
For each ǫ do

L(ǫ) = (N (ǫ) ∗ Q2 (ǫ))\(Q1 (ǫ))2
End
2.2.3. Higuchi fractal dimension (f3). Higuchi FD is a 1D-FD used in the signal analysis in
combination with one transform of an image pixel (Fourier transform) to one dimension
time series [22]. It is distinguished upon other types of FDs in its mechanism to be
calculated for the whole image in simple calculation steps, besides, its ability to be applied
in a specific direction over a line in an arbitrary angle in the image. The steps for the
Higuchi FD are described as follows.
Let m be the initial time.
Let x1 , x2 , . . . , xn be the generated time series for the image U(i, j). It can be used to
reconstruct a new time series, as follows:
 



n−m
′
·k
x = x(m), x(m + k), x(m + 2k), . . . , x m +
k
However, the distance between the original and the reconstructed series is calculated
as follows:


⌈(n−m)/k⌉
X
n−m
k
(n − 1)|xm+ik − x(m+(i−1)k) |
dm =
·k
k
i=1
where k refers to the time interval between two neighboring time series. Therefore, the
average length of dkm is
k
X
Lk =
dkm
m=1
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Taking the natural algorithm for both sides, we can calculate the Higuchi FD as
  
1
D = ln(Lk ) ln
k
2.2.4. Multi-layer fractal dimension (f4). This dimension is calculated by the pixel covering method, which is one of the essential methods to estimate the FD [32]. By this
method, the binary image U(i, j) is divided into squares Y of size ε × ε. Nε (Y ) refers to
the minimum number of sets with sizen less than or equal to ε o
used to cover Y , since Y
S
is totally bounded then Nε (Y ) = min m : Y ⊆ j∈Jm B̄(xj , ε) , where B̄(xj , ε) = {x ∈
X : d(x, xj ) ≤ ε} is a collection of closed ball with center xj and radius ε.
The FD for an image U(i, j) is calculated based on the pixel covering method by the
following steps.
Let N be a large integer.

n
Let Sn = {0, 1, 2, . . . , 2n−1} be a time series and Pn = 20n , 21n , . . . , 2 2−1
be a permun
n
tation of Sn , where Pn ⊆ I = [0, 1], with |Sn | = |Pn | = 2 .
Let


(−1)j1 (−1)j2
(−1)jn
1
1+
+
+···+
ji =
2
2
22
2n

where ji ∈ {0, 1} is a permutation of Sn , and xj = xj11 , xj22 , . . . , xjmm ∈ I m is a permutation
of Pn . Then xj is factorized into m sets, each of them has 2n pixels.
Let Ý = {xj ∈ Y } be the set of pixels generated by scanning the whole pixels in the
space. Since
(
 n+1 !)
 
[
1
= N(1/2) n+1 Ý
B̄ xji ,
N(1/2) (Y ) = min m :
2
i∈j
m

then

FD =

 
N(1/2) n+1 Ý
n ln2

2.2.5. Fractal fuzzy entropy (f5). Fuzzy Entropy (Fu En) is a statistical measure used to
estimate the additional information needed to predict the system generated sequences. It
was introduced by Chen et al. [33]. For the time series {x(i); i = 0, 1, 2, . . . , N − 1} with
a length N, Fu En algorithm is designed according to the following steps.
1) Phase-space reconstruction: for a given embedding dimension m, the reconstruction
sequences from the image U(i, j) are denoted as
X(i) = [x(i), x(i − 1), . . . , x(i + (m − 1))] − x0 (i)
where i = 1, 2, . . . , N − m + 1, and
x0 (i) =

m−1
1 X
x(i + j)
m j=0

2) Defining similarity: the similarity between X(i) and X(j) with a tolerance r is
calculated by

2 !
d[X(i),
X(j)]
Dijm = exp −in(2)
r
where d[X(i), X(j)] represents the distance between X(i) and X(j), such that
d[X(i), X(j)] = max{|x(i + k) − x(j + k)| : 0 ≤ k ≤ m − 1}
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3) This similarity is used to find θ(m, r), such that;
Cim (r)

N −m+1
X
1
=
Dijm
N −m
j=1,j6=i

Then θ(m, r) is calculated by
NX
−m+1
1
Cim (r)
θ(m, r) =
N − m + 1 j=1

4) By repeating steps 1), 2), and 3), the F u En is computed as:

F u En m, r, xN = ln θ(m, r) − ln θ(m + 1, r)

Therefore, by least-squares fitting, the Fractal Fu En is defined as:

F-Fu En m, r, xN = ln(θ(m, r)/θ(m + 1, r))/ ln(1/r)

2.3. Unsupervised clustering analysis algorithms. In a real-life dataset, many features are correlated according to their attributes; they reveal the hidden and useful information in these data. Different clustering analysis algorithms were adopted to cluster
the extracted five features into a related group.
The main idea behind clustering techniques is to group a different set of objects into
different clusters in which each cluster has objects that are more related to each other
rather than other objects.
This section focuses on clustering analysis due to different reasons:
• Form a grouping of objects that share the same homogenous features.
• Highlight the implicit pattern in the defined data.
2.3.1. The k-means clustering algorithm. One of the most popular unsupervised learning
techniques is the k-means clustering algorithm. In k-means clustering, the related objects
are grouped based on choosing the objects in which the intracluster variation is minimized
[30,34]. More than one algorithm define the variation within the cluster. However, it is
the most standard used algorithm that depends on calculating the Euclidean distance
between objects and the corresponding centroid. The value of k in the k-means algorithm
represents the number of clusters to be generated, and it must be specified before applying
the algorithm and calculating the Euclidean distance. Some literature relies on trying
more than one value of k depending on the size of the dataset and then chooses the best
one that is fit and gives better results. Other researchers have used different statistical
methods to choose the best k [35].
The computation procedure to find the k-means is presented as follows [36].
Step 1: The initial k cluster centers are selected as:
a1 (1), a2 (1), a3 (1), . . . , ak (1)
Step 2: The data in [29], X = {x1 , x2 , x3 , . . . , xn } in the k clusters at the kth repetition
are allocated based on the following relation:
X ∈ Cj (k) if kX − aj (k)k < kX − ai (k)k
Start from 1 until k; i 6= j; where Cj (k) illustrates the data points, in which
its cluster center is aj (k).
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Step 3: The new center aj (k + 1), X = {x1 , x2 , x3 , . . . , xn } for j = 1, 2, 3, . . . , k are
computed as:
1 X
aj (k + 1) =
X
N
X∈Cj (k)

where N represents the samples number in Cj (k).
These computations are stopped when the converging condition aj (k + 1) = aj (k), for
j = 1, 2, 3, . . . , k is reached. Otherwise, step 2 is repeated.
These steps are described in Pseudo Code 1 [37].
Pseudo Code 1: The k-means clustering algorithm
Input: The CSV file of the extracted features.
Output: The resulting clusters
1. Determine the value of k, which represents the number of clusters. In this
work, Elbow and Silhouette methods are used to specify the value of k.
2. Select a random sample from the original dataset to be used as initial cluster
centers.
3. Calculate the Euclidean distance between two data points. According to the
minimum distance, the nearest data point is assigned to its relative centroid.
4. Calculate the mean value to each data point in the clusters to re-compute the
centroid of the new cluster.
5. Repeat steps 3 and 4 until the value of the centroid is unchanged, or the
specified maximum number of repetitions is reached (the number of repetitions
is set to 10).
End

Elbow method: The central concept beyond k-means clustering or any other grouping
algorithms is to create different clusters, in which the total intra-cluster variation or the
total Sum of Square Error (SSE) within the group is reduced. The total SSE gauges the
consolidates of clustering that should be as small as possible [35,38,39].
In the Elbow method, one should choose several clusters so that adding another cluster
does not improve the total SSE. The optimal number of clusters can be calculated in
Pseudo Code 2.
Pseudo Code 2: Elbow method
Input: The CSV file of the extracted features.
Output: The value of best k (No. of clusters to be defined)
1. Iterate the k-means clustering algorithm for various values of k, where {k =
1, . . . , 10}.
P
2. For each value of k, compute the SSE = ni=1 (xi − x̄)2 , where n denotes the
number of observations, and xi represents the value ith observation.
3. Plot the curve of SSE based on the number of clusters k.
4. The location of the drooping point (knee) in the scheme is used as an indicator
of the appropriate number of clusters to be used in the k-means clustering.
End
Average Silhouette (Si ) method: The average Silhouette method was first introduced by Rousseeuw [40]. The concept behind its idea is based on combining two
operators, the resolutions, and cohesion, where cohesion refers to the similarities between
the object and the cluster. The value of the average Silhouette is ranged between −1, 1,
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and if this value is close to 1, it means that the object is related to a cluster [39,40]. The
quality of clustering is measured by using this average; it determines how each object fits
within its cluster. The optimal value of k in the average Silhouette method is described
by maximizing the Si above a variety of different values for k, as discussed in Pseudo
Code 3.
Pseudo Code 3: Silhouette method
Input: The CSV file of the extracted features.
Output: The value of k (No. of clusters to be defined)
1. Iterate the k-means clustering algorithm for various values of k, where {k =
1, . . . , 10}.
2. The average Silhouette is computed for each k, such that compute Si =
P
b(i)−a(i)
, if |Ci | > 1, and Si = 0 if |Ci | = 1 where a(i) = |Ci1|−1 j∈Ci d(i, j),
max{a(i),b(i)}
n
o
P
and (i) = mink6=i |C1k | j∈Ck d(i, j) , in which d is the distance from i to all
points in C.
3. Sketch the curve of Si based on the number of clusters.
4. The location of the maximum point in the resulted curve is used as an indicator of the appropriate number of clusters.
End
2.3.2. The density-based scan clustering algorithm. One of the main clustering algorithms
is the DBSCAN algorithm; it can be used to locate arbitrary shaped clusters and remedy
noise. The algorithm inspects the raw data only once. In the space of data, the clusters are
considered by dense wipers, which in turn are separated by low-density areas (outliers).
Thus, the DBSCAN method is a catchy main clustering algorithm used for the clustering
of data stream [41]. The main concept of this algorithm shows that clusters represent
the dense regions in the data stream space, in which regions of less object density are
detached. Its essential idea is presented in Pseudo Code 4 [42].
Pseudo Code 4: DBSCAN algorithm
Input: The CSV file of the extracted features.
Output: The value of k (No. of clusters to be defined)
1. Define X = {x1 , x2 , x3 , . . . , xn }, which represents the group of data points.
DBSCAN needs two parameters: epsilon (eps) and the least number of points
necessary to form a minimum cluster point (MinPts).
2. Begin with a random beginning point that has not been marked.
3. The neighborhood of the random point will be extracted. All neighbor points
lie in the range of esp distance.
4. The clustering process starts if there is an adequate neighborhood around the
start point, and this point will be signed as a visited point; otherwise, it will
be classified as a noise point (later the noise point can be part of the cluster).
5. Neighborhood data points will be a part of the cluster if the distance of the
marked point is less than eps.
6. Repeat step 2 for all data points until all points in the cluster are checked.
7. A new cluster or noise is defined if there is a new unvisited point that was
retrieved and processed.
8. Repeat the above process till all points marked as visited.
End

1306

S. A. YOUSIF, A. J. MOHAMMED AND N. M. G. AL-SAIDI

3. Results and Analyses. According to Figure 1, after loading the raw texture images
and applying fractal dimension algorithms, the feature vectors are generated as follows.
• Select an image U(i, j) from the texture images dataset described in Section 2.1.
The image ought to be square to permit an equal chance of detection of variation
toward every path. The path size is not highly effective; it is subject to the size of
the surface being examined.
• Convert U(i, j) (that is grayscale image or color image) to binary form through
adopting the Otsu algorithm. The procedure involves finding the threshold that
minimizes the input image intra-class variance.
• Calculate f1 by applying differential box counting method.
• Choose a value ǫ in order to compute f2 by applying the Sliding box Lacunarity L(ǫ).
• Calculate f3 by applying Higuchi FD.
• The multi-layer FD is used to find the attribute f4.
• Finally, apply the fractal fuzzy entropy to calculate f5.
Combine the extracted attributes in a feature vector F A = [f 1, f 2, f 3, f 4, f 5] to be
saved in the CSV file.
After downloading and plotting the CSV file, the clustering algorithm is applied. Figure
3 presents the five continuous variables (attributes) in which some clusters of observations
are shown. After that, these clusters should be identified using different cluster analysis
algorithms.

Figure 3. Clusters of observations for the CSV dataset with five extracted features
3.1. The k-means clustering result. The k-means clustering algorithm creates different clusters depending on the value of k using different methods. The first method was
based on the concept of “Shooting the head” to specify the value of k, which depends
on the principle of an experiment to improve the generated clusters. According to this
method, the value of k is chosen equal to five, which is relative to the dataset size.
The result of k-means clustering with five clusters of sizes 404, 260, 563, 785, 88 is
shown in Figure 4. Based on these values, perhaps it is better if the points of the small
cluster with size 88 be redistributed to improve the optimization of the algorithm; for this
reason, the statistical methods to choose the best value of k are used.
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Figure 4. (color online) The result of the k-means clustering algorithm
with k = 5
3.1.1. Elbow statistical method result. To choose the best value of k, for k = 1, 2, 3, . . . , 10,
the location of the drooping point (knee) is selected as a required k value, as shown in
Figure 5.

Figure 5. Elbow diagram (total within SSE relative to the number of
clusters k)
According to this ﬁgure, the best value of k is either 3 with clusters of sizes 1272, 631,
197 or 4 with clusters of sizes 348, 801, 851, 100. To make sure which one is the best, the
k-means algorithm with these two diﬀerent values of k is implemented, and the results
are shown in Figure 6, the best one that depends on our analysis is when k equals 3.
3.1.2. Silhouette statistical result. Figure 7 represents the maximum Si over a range of
possible values of k. In this study, the range for the k values is from 1 to 10, and the
maximum Si value equals 3. We conclude that adding any other cluster does not aﬀect
or maximize the Si , or optimize the result of the algorithm.
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(a)

(b)

Figure 6. (color online) The results of k-means clustering: (a) k = 3; (b)
k=4

Figure 7. Average Silhouette width relative to the number of clusters
After that, the k-means algorithm is implemented with the value equal to 3 to show
the resulted clusters, as illustrated in Figure 8.
From the above two statistical methods (Elbow, Silhouette), we conclude that the best
k value should equal 3 to get the best clusters. Hence, adding any other cluster does not
minimize SSE, or maximize Si , and it also does not optimize the result of the algorithm.
3.2. The DBSCAN result. As we have mentioned, the DBSCAN is a method that
identiﬁes a dense region of observations and needs some information to assign a new
cluster. Two parameters, eps, and MinPts, are required to start running the algorithm.
Practically, the minimum point parameter is calculated by adding 1 to the number of
dimensions (features). However, for our ﬁve features, MinPts equals 6. For choosing
the best value of the eps parameter, a dataset with the expected number of clusters is
graphed. According to the Elbow value presented in Figure 9, the eps value equals 0.3.
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Figure 8. (color online) The result of the k-means clustering algorithm
with k = 3

Figure 9. Elbow plot to specify the epsilon value
The DBSCAN algorithm is implemented, and the result is equal to 4 clusters, with
sizes 1907, 7, 7, 11, and 168 noise points, as shown in Figure 10. By this figure, it appears
that the DBSCAN algorithm does not give a good result, and it seems there is just one
cluster with size 1907 data points. This is due to the following reasons:
• The arbitrarily shaped clusters, different sizes, and the densities (the high dense
cluster).
• The high number of noise points (low, dense region).
The experiments are implemented using Matlab language for fractal features extraction
and the R language for clustering algorithms. The algorithms are run on a PC with
Windows10, with specification core i7 (8th Gen) and 32GB RAM.
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Figure 10. (color online) Result of the DBSCAN algorithm with k = 4
3.3. Comparison with the related work. In this paper, to extract more related features for intensive analysis, the size of the texture image dataset is enlarged to investigate
the correlation between the extracted values. Some of the newly fractal dimension measures, which are not used in [25] are proposed to enhance the performance of texture
analysis. Besides, this work has an advantage upon [25] into two essential points: the first
is the way of choosing the best k value for the k-means algorithm based on two statistical
algorithms (Elbow, Silhouette), this, in turn, helps to reduce the required execution time,
with single iteration instead of ten iterations required in [25]; the second is by introducing an additional clustering method, the DBSCAN, to check their effects on extracted
features in comparison to the k-means used alone previously, as shown in Table 1.
Table 1. The comparison with [25]
Comparison factors
[25]
The proposed method
Fractal features
Use standard fractal di- Use some of the new proposed feamension features
tures, which are easy to implement
and more accurate
Choosing the number Number of k iterations K = 3 only one iteration based on
of clusters k-means
from 2 to 10
Elbow, Silhouette
Dataset size
300 texture images
2101 texture images
4. Conclusions. This paper introduced five different methods to calculate FD, which is
used to reflect the roughness and details of the image. However, they are used to produce
essential features from the evaluated images.
Two different clustering algorithms are applied (k-means and DBSCAN clustering algorithms) on the extracted features from the texture images dataset. For choosing the
best k in the k-means clustering algorithm, two statistical algorithms (Elbow, Silhouette)
are used.
Based on implementation and analysis, we conclude that:
• Using the Elbow algorithm, which depends on the SSE as a rendering measure,
iterating the k values is to find the knee or flection point. If the knee point has
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not appeared in the plotted graph, the k value cannot be specified. It means that
using the statistical method does not always give the best value of k. Besides,
the Silhouette algorithm depends on two factors: the cohesion and resolutions to
apply cluster analysis. If the cohesion is minimized, this means that separation is
maximized. After k iteration, if the Si is maximized, we can get the best value of k.
In our proposed method, the flection point of 3 Elbow is obvious and equals 3, and
the obtained minimized Si is also equal to 3. This leads us to conclude that utilizing
these two statistical methods is appropriate for getting the best groups (clusters).
• In our dataset, the k-means clustering algorithm performs efficiently, as a result of
using statistical methods for choosing the best value of k, and the low dimension of
the data that makes it faster and superior to produce tight clusters. Furthermore, the
DBSCAN method performs worse due to the tremendous differences in the density,
and the high number of noise points.
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