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Abstract

This article presents a new image segmentation approach based on the principle of clustering optimized by the meta-
heuristic algorithm namely: SCA (Algorithm Sinus Cosine). This algorithm uses a mathematical model based on
trigonometric functions to solve optimization problems. Such an approach was developed to solve the drawbacks
existing in classic clustering techniques such as the initialization of cluster centers and convergence towards the local
optimum. In fact, to obtain an “optimal” cluster center and to improve the image segmentation quality, we propose
this technique which begins with the generation of a random population. Then, we determine the number of clusters
to exploit. Later, we formulate an objective function to maximize the interclass distance and minimize the intra-class
distance. The resolution of this function gives the best overall solution used to update the rest of the population. The
performances of the proposed approach are evaluated using a set of reference images and compared to several classic
clustering methods, like k-means or fuzzy c-means and other meta-heuristic approaches, such as genetic algorithms
and particle swarm optimization. The results obtained from the different methods are analyzed based on the best fit-
ness values, PSNR, RMSE, SC, XB, PC, S, SC, CE and the computation time. The experimental results show that the
proposed approach gives satisfactory results compared to the other methods.

Keywords Clustering - Classification - Image segmentation - Sine cosine algorithm - Metaheuristic

1 Introduction

Image processing is a discipline of computer science
and applied mathematics that studies digital images and
their transformations in order to improve their quality or
extract information from them. It is used in several fields,
namely 3D reconstruction [1], medicine [2], camera self-
calibration [3], security [4, 5]. In an image processing
system, the most important operation is image segmenta-
tion. It is an important task in any image processing and
analysis process. This task is present in several applica-
tions of computer vision, such as medical imaging, video
analysis, remote sensing, biology, etc. Today, there is no
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universal method of image segmentation. Any technique
is only effective for a given type of image, for a given
type of application and in each IT context. Due to these
constraints, the various image processing strategies that
have been proposed have affirmed their inadequacies and
their limits. It is therefore natural to explore new horizons
and find new, more flexible and effective methods. Image
segmentation techniques are generally based on the search
for local discontinuities (edge detection) or the detection
of areas of the image with homogeneous characteristics
(region extraction). Therefore, Image segmentation aims
to partition an image into several regions that do not over-
lap and are consistent with the requirements of different
applications. It is always one of the most difficult tasks in
understanding the image in image processing. In the liter-
ature, several approaches to image segmentation [6] have
been proposed, but none of them is robust enough for
many images. Image segmentation methods include clus-
tering [7, 8], Split/Merge [9], Region Growth [10], Active
Contour [11], Graph Cut [12], Genetic Algorithms [13],
Markov Random Field [14], and others. Among these
techniques, clustering (an unsupervised learning method)
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is one of the most commonly used image segmentation
methods because of its efficiency and speed. The purpose
of clustering is to divide a set into several clusters so that
the members of the same cluster can be similar, and the
elements of different clusters are different. There are two
types of clustering: non-hierarchical clustering (partition-
ing) [15, 16], and Hierarchical clustering [17]. One of
the most used non-hierarchical clustering algorithms is
k-means. It is simple and faster to compute than is hier-
archical clustering. It can also work for many variables
[15]. The different types of segmentations available pose
a major problem in the evaluation of image segmentation,
which implies a fundamental conflict between generality
and objectivity [18].

In order to improve the segmentation results, bio-
inspired or nature-inspired methods were, then, used to
solve the problem posed. In recent years, computer sci-
entists have found in the natural world an inexhaustible
source of inspiration for the design of new computer sys-
tems. It is a question of drawing from the behaviors of
natural phenomena new approaches to solving difficult
problems. These stochastic global optimization algo-
rithms can be applied to any problem if it is formulated
in the form of criteria optimization. These algorithms are
inspired by analogies with physics (simulated annealing,
annealing), biology (evolutionary algorithms) or ethol-
ogy (ant colonies, particle swarms). There are several
methods that use metaheuristics to improve the quality
of image segmentation. For example, GHOSH et al. [19]
proposed a method based on genetic algorithms (GA),
Yang et al. [20] presented an algorithm based on the
search for harmony (HS) and Vijay et al. [21], submitted
a technique based on particle swarming (PSO) for image
segmentation.

On the other hand, a recent metaheuristic which is
called SCA has appeared. It is a new population-based
optimization algorithm for solving optimization prob-
lems. In population-based optimization techniques usually
start with a set of random solutions. This set of random
solutions is evaluated several times using an objective
function. These solutions are improved by following a set
of rules, which in turn, are the ones that form the basis
of this optimization technique. SCA is an optimization
algorithm that uses a mathematical model based on the
sine and cosine functions to carry out the exploitation
and exploration of the research space in order to solve

@ Springer

optimization problems. SCA has been tested on many ref-
erence functions, showing better performance in terms of
convergence speed, optimal solution search precision and
stability compared to approaches like in [22].

In this article, a new image segmentation technique
based on clustering using SCA is presented. We are
particularly interested in the SCA algorithm which is
extended to solve the clustering problem as an optimi-
zation problem. The aim is to use the advantages of the
sine cosine algorithm such as the low number of param-
eters and lack of optimal local trapping to solve clustering
problems, and our main goal is to consolidate untagged
data using the SCA algorithm so that we can get better
results with simple solutions and perform a full search
compared to existing methods in the literature. The pro-
posed automatic clustering method begins with the recep-
tion of the data set and then initializes the set of solutions.
Later, we determine the number of clusters to operate and
which represents the positions of the centroids. The next
step is to calculate the fitness function of each solution to
maximize the interclass distance and minimize the infra-
class distance. Thereafter, the population is updated by
using the SCA operators to carry out the operations of the
exploitation and exploration of the research space, which
gives them a great capacity to find the optimal solution.
Then, the previous two steps are repeated until the ter-
mination conditions are met and return the best solution
representing the best one to the clustering problem. The
performance of the proposed algorithm was tested on dif-
ferent types of images and compared with several classic
and metaheuristic clustering algorithms in order to have
the best result of image segmentation by clustering using
SCA.

The main contributions of this document can be sum-
marized as follows:

e Proposal for a clustering image segmentation approach
based on the SCA algorithm.

e Determination of both the number of clusters and the
center of each cluster.

e Improvement of operating capacity by using SCA
operators.

e Evaluation of the performance of the proposed method
using a set of metric measures
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e A comparison is provided between the proposed
method and other classical clustering and meta-heu-
ristic algorithms.

The rest of this article is organized as follows: In the
second part, we discuss related work. The third part deals
with the theoretical framework. The proposed clustering
method by SCA is presented in the fourth part. The fifth
part is devoted to the presentation of experimentations
and the discussion of the results obtained, and the conclu-
sion is addressed in the last part.

2 Related work

To date, there have been many works in the field of image
segmentation using different methods depending on the
field of application. Among these methods, we find unsu-
pervised classification (clustering) as a data analysis and
exploration technique which aims to group data into a set
of classes or clusters, so that the objects of the same class
have a strong similarity to each other and differ greatly
from objects of other classes. The data clustering methods
which have been very successful are: The k-means algo-
rithm and the fuzzy c-means (FCM) algorithm, but the
solution to these algorithms depend on the initial random
state and always converge to the local optimum [23].

Due to the large amount of information and the com-
plexity of the problems, classical optimization methods
are unable to solve most optimization problems; that is
why optimization metaheuristics and image segmentation
are among the most active areas of research. In recent
years, several works have created a bridge between these
two fields of research. Indeed, the image segmentation
problem is formalized as a single-criteria or multi-criteria
combinatorial optimization problem, where the use of
metaheuristics allows finding acceptable solutions within
a reasonable time. Meanwhile, the clustering method is
often seen as an optimization problem, consisting in find-
ing a partition of objects that optimizes a given crite-
rion [24]. Many researchers are also trying to produce
new nature-inspired methods that are more effective than
existing methods and show a better result in image seg-
mentation. Among these are:

Pham et al. [25] used an improvement method for the
image segmentation problem using particle swarm opti-
mization (PSO) with a new objective function based on
the core of an improved fuzzy entropy clustering algo-
rithm with local spatial information, called PSO-KFECS.
The proposed approach was evaluated on several bench-
mark test images, including synthetic and MRI images.
Experimental results show that the proposed PSO-KFECS
algorithm can work better than competing algorithms.

Benaichouche et al. [26] presented a technique for
improving image segmentation using the fuzzy c-means
clustering (FCM) algorithm. The proposed method, called
IFCMS spatial blur enhanced c-means, has been evalu-
ated on several test images, including synthetic and MRI
images). This method is compared to the most widely
used FCM algorithms in the literature. The results dem-
onstrate the effectiveness of the ideas presented by the
authors.

SINHA et al. [27] described a new clustering algo-
rithm for distributed data sets, using a combination of
the genetic algorithm (GA) with Mahalanobis distance
and the k-means clustering algorithm. Experiments were
conducted for several synthetic and real data sets to meas-
ure the efficiencies of the proposed algorithm. The results
were compared with algorithms based on MapReduce,
mrk-means, parallel k-means and GA scaling.

Maulik et al. [28] proposed a new approach of auto-
matic fuzzy clustering based on a modified differential
evolution that automatically changes the number of clus-
ters and the appropriate partitioning from a data set. The
assignment of points to different classes is based on a
Xie-Beni index, where the Euclidean distance is con-
sidered. Indeed, the technique proposed by the authors
to identify different land cover regions in remote sens-
ing imagery shows efficiency compared to other exist-
ing techniques such as automatic clustering based on an
improved differential evolution, fuzzy automatic cluster-
ing based on a classical differential evolution and fuzzy
clustering based on a genetic algorithm.

Niknam et al. [29] presented a new hybrid scalable
algorithm to solve the problem of nonlinear partitioning
clustering. The proposed method is the combination of the
algorithms FAPSO (Fuzzy Adaptive Particle Swarm Opti-
mization), ACO (Ant Colony Optimization) and k-means,
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called FAPSO-ACO-K, which can find a better cluster
partitioning. The efficiency of the proposed algorithm
is evaluated, and the results show that the performance
of the proposed algorithm is better than other algorithms
such as PSO, ACO, simulated annealing (SA)..., for the
partial clustering problem.

Recently, Mirjalili et al. [22] have proposed a new
population-based meta-heuristic optimization algorithm
to solve optimization problems, called Sine Cosine Algo-
rithm (SCA). The SCA has been used in a wide range
of applications. For example, Li et al. [30] propose an
improved sine cosine algorithm based on sample theft.
The main idea is the following: Individuals who do not
score progress will update their position using the vari-
able Levy flight parameters in order to improve the ability
to explore. This algorithm has shown good performance
in complex nonlinear problem optimization. In the FS
(features selection) domain, Hafez et al. [31] have pro-
posed SCA as a feature selection system. SCA has been
implemented and tested on 18 datasets. The experiments
show that SCA is ahead of other research methods such as
PSO and GA. In addition, Emary et al. [32] used the Lévy
flight technique (LF) to improve the exploration capacity
of an individual in SCA; he was able to approximate the
satisfactory solutions and decrease the probability of get-
ting stuck around local optima. Finally, Wang et al. [33]
used SCA to develop an efficient wind speed forecast-
ing system which simultaneously obtained high accuracy
and high stability. With its unique optimization princi-
ples and theoretical advantages, the SCA algorithm has
proven to be superior to PSO, genetic algorithm (GA) and
other existing algorithms in most examples and has been
applied in many practical problems. SCA has been recog-
nized as being sufficiently competitive with other meta-
heuristic methods well known in the literature. Based on
the characteristics and advantages of the SCA algorithm,
we are motivated to take advantage of their operators to
propose an alternative method of clustering to find out a
good quality of image segmentation.

3 Theoretical framework

3.1 Clustering problem formulation

Clustering problem is the search for distinct groups in
the feature space. It is expected that these groups have
different structures and that they can be clearly differenti-

ated. The clustering task separates the data into number of
partitions, which are in the N-dimensional feature space.
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This process is achieved by minimizing the within-cluster
variation (or intra-cluster distance), while maximizing the
between-cluster variation (or inter-cluster distance) [34].

This problem can be formulated by assuming that the
dataset consists of Ny samples S = [s}, 5, ..., sNS]. Each
sample has D features (i.e., s; = [8;;, Sp» ---» S;pl). Then,
any clustering algorithm aims to divide the data into K,,,,
clusters (i.e., C;, C,, ..., CKW) subject to [34]:

Uf:rlllaxck=5,ck¢¢’ k=1,2,....Kmax M

CiNCy =0,kkl=12,...,Kpax. k#kl )

The value of K may or may not be known a priori. The
partition matrix is represented as U = [uy|.k = 1,2, ..., K.,
and/=1,2,..., N, where u is the membership of data point
x; to cluster C; For the hard partitioning of the dataset, the
following condition must be satisfied [35].

_JlifxeC
uk[_{ol'fxlgck (3)

For the fuzzy partitioning of the dataset, the following
condition must be satisfied.

N

0< Y uy<N Vke{1,2,....kmax} &)
=1

3.2 The sine cosine algorithm (SCA)

The sine cosine algorithm (SCA) proposed by [22] could be
a modern optimization strategy to solve optimization prob-
lems. The SCA makes some irregular candidate arrange-
ments at the beginning and forces them to fluctuate outwards
or towards the finest arrangement using a numerical demon-
stration based on sine and cosine capabilities. In addition,
some arbitrary and versatile factors are coordinates in this
algorithm to focus on investigation and misuse of space at
distinct stages of optimization.

The algorithm of sine cosine is a stochastic algorithm
[22] that contains several iterations. We update, for each
iteration, the solutions according to the sine or cosine func-
tion by the following expressions:

X(i,));p1 =X, ), + 1) *sin (rz) * |r3 * P(j), —X(i,j)l|
%)

X(is sy = Xy ), + 11 % €05 (1y) # |r3 % PG), = X )|
(6)
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Such as,

X(1,]),: the position of the current solution (i) in dimen-
sion (j) at the iteration (t).

P(j),: the position of the best individual in dimension (j)
at the iteration (t),

lel: the absolute value of (e).

I, I, and r; are three random variables.

The two expressions (5) and (6) presented below give
the following formula:

X(is )y = { X(?,J:)‘ + 1, * sin (rz) * |r3 * P(j.)t - X(i',j.)t|i].”r4 <0,5
X(i, j), + 1y # cos (ry) # |r3 # PG), — X(i, ), |ifry = 0,5
(N

Such as r,e[01].

Expression (7) represents a circular search model [22].
In this model, the best solution is in the center of a circle
and the search area surrounds this solution. This area is
divided into sub-areas representing possible exploration
areas for Xi. The parameters r|, 1,, r; and r, are defined as
follows:

e 1, controls how Xi varies in these areas. In fact, if r; > 1
then Xi moves towards P. Otherwise, this point moves
away from P. In addition, r, is used in the balancing of the
exploration and exploitation phases, since it allows to be
reduced by the expression (8).

e 1, controls how far Xi moves along its direction according
tor;.

e 13 brings a random weight to the destination in order to
stochastically emphasize (r; > 1) or de-emphasize (r; > 1)
the destination effect in the distance definition.

e 1, to switches between the sine and cosine components of

Eq. (7).
The random number r; determines the exploration phase
(whenr; > 1) or exploitation phase (whenr; > 1). The value

of which is adopted in the SCA is given by the formula (8):

r=a-—as

max ®)
where Ty 4% 18 the maximum number of iterations to be given
as a stopping criterion of the algorithm. 7 is the current itera-
tion and a is a constant.

The SCA algorithm is given in Algorithm 1.

Algorithm1: Sine Cosine Algorithm.

1. Initialize a set of random agents

2. Evaluate the fitness of solutions using objective
function.

3. Select the best solution P

4. Initialize rq,1,,r3 and ry

5. Initialize the generation count t =0

6. While (t < T,,4)

7 For each candidate solution do

8 Update the solution using equations (7) and (8)

9 End for

10. Calculate the objective function value of update

solution

11. Update the best solution P

12. Update the parameters ry,rp,r3 and ry

13. t=t+1

14. End while

15. Return the best solution P.

4 Proposed clustering method

The SCA has proven to be superior to some existing traditional
optimization algorithms because of its unique optimization prin-
ciple which is based on a mathematical model (sine and cosine
functions) and because it is easy to implement. It is character-
ized by a good convergence speed, search precision and stability.
Because of its benefits, it has been used in clustering to improve
the quality of image segmentation. In the proposed approach,
we on the one hand, explore and describe the applicability of
the sine cosine algorithm to the development of the clustering
technique and, on the other hand, we show that the SCA is capa-
ble of producing the optimal cluster centers. For clustering, data
from the same cluster must have higher similarities while data
from different clusters have higher dissimilarities [36].

In this part, we deal with and solve some image segmenta-
tion problems using our proposed clustering approach. This
approach uses a clustering technique based on the SCA algo-
rithm in order to find combinations of characteristics which
maximize the inter-class distance and minimize the intra-class
distance. The search space of each characteristic, represented
in an individual dimension, and the scope of each dimension
ranging from O to 1 are very huge and, therefore require an
intelligent search method. Indeed, the aim of the latter is to
find an optimal point in the search space which minimizes
the fitness function that we formulated in expression (9).

The main steps of the algorithm proposed by our approach
are presented in algorithm 2 below:

@ Springer
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Algorithm 2: Algorithm of the proposed method

1. Initialize the problem and the parameters of the algorithm.

2. Evaluate the fitness of solutions using objective function.

% Use of the fitness function described in equation (9) to evaluate the performance of the clustering algorithm.

3. Initialize the search agents (solutions) X, (k = 1,2,3,..,m).

% The search areas are initialized with randomly selected image pixels from the given pixel set.

Initialize the generation count t =0
Initialize the max numbers of iteration Ty,
While (t < T, ) do

N o s

Select the best solution X}, from the population of solutions.

% Based in equation (9), the performance of search agents is calculated using the fitness function.

for each solution X, do
Evaluate objective function f(Xj)

% The position of the best search agent is updated using the fitness values.

10. if f(X;) < f(Xpese) then
11. Xpest = X

12. end if

13.  end for

%The position of the search agents is updated using equation (8).

14.  Update the parameter rq
15. Updated the parameters(rp, r3 and ry).
16. for each solution X;, do

17. update X,
18.  End for
19. t=t+1

20.end while
21.Return the best solution Xj,.; -

The calculation is complete when the stoppage criterion is
met. Otherwise, steps 3 and 4 are repeated. Finally, the best
search agent is selected and is considered the best cluster
center of the set of points in the image.

First, the process of image segmentation according to the
proposed approach, is started by the reception of the data set,
and then initializes the set of solutions. Next, we determine
the number of clusters to operate and which represents the
positions of the centroids. The random distribution of indi-
viduals in the clusters is evaluated by a fitness function of each
solution to maximize the interclass distance and minimize the
infra-class distance. Then, the population is updated by using
the SCA operators to carry out the operations of the exploita-
tion and exploration of the research space, which gives them
a great capacity to find the best overall solution. The process
was repeated until convergence towards a global solution was
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reached, which represents the solution to the clustering prob-
lem, or the stop conditions were fulfilled.

In general, to calculate similarities between data ele-
ments, the Euclidean distance calculation is applied. The
calculation of the distance is done in the following way:

Given N objects, each element is first selected from one
of the K clusters and then the sum squared of the Euclidean
distances between each element and the center of the cluster
is minimized and deducted from each allocated element.

Our proposed method uses SCA to find feature com-
binations that maximize classification performance and
minimize the selected features. The search space for each
agent represented in a single dimension and the range of
each dimension from O to 1 is very large and requires an
intelligent search method to find an optimal point in the
search space that minimizes the specified physical entity.
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In this paper, we formulate a non-linear cost function
to solve the clustering problem. This function (9) is cited
below. The minimization of this cost function, which is one
of the main objectives of Clustering, leads to a greater simi-
larity in each cluster and to the difference with others.

f(xi,cj) = z

i=1 j=1

sl

where c;; refers to the cluster center vector of the ith member
of the jth cluster (c;).

N and K are the number of picture elements and the num-
ber of clusters, respectively.

The main objective of the proposed SCA-based cluster-
ing method is the search for suitable cluster centers with
minimal clustering criteria.

Our proposed approach uses the sine cosine algorithm
(SCA) to find combinations of characteristics that maximize
the inter-class distance and minimize the intra-class dis-
tance. The search space with each characteristic represented
in an individual dimension and the scope of each dimen-
sion ranging from O to 1 are very huge and, indeed, require
an intelligent search method to find an optimal point in the
search space which minimizes the fitness function given in
expression (9). That is to say, our method follows the con-
ventional search strategy similar to that of GA and PSO, as
it initializes the process of optimization with a random set
of research agents (individuals). Therefore, the search proce-
dure of the proposed algorithm (algorithm 2) initially gener-
ates a random set of search agents whose aptitude is evalu-
ated using a fitness function (9). Classification error rate and
after a random initialization, the quality of the search agents
is measured using the objective function. Upon evaluating
the fitness function of the initial population, the best solu-
tions that have been initiated so far will be considered the
best, which will be used to evaluate the solutions to come.
In addition, to highlight the exploitation of the search space,
the values of the parameters r1, 12, r3 and r4 are updated at
each iteration. Our technique achieves the expected solution
by undergoing several iterations (generations). The ranges
of sine and cosine functions will be updated as the itera-
tion counter increases. Finally, by obtaining the best optimal
solution for clustering, the algorithm stops satisfying the
termination criteria.

The proposed algorithm is presented in the form of the
flowchart in Fig. 1.

4.1 Time complexity analysis

The time complexity of an algorithm is a function that
qualitatively describes the execution time of the algo-
rithm. For the basic SCA algorithm (algorithm 1), the
time complexity of lines 1 (initialization), 2 (evaluation

of the fitness function) and 3 (selection of the best solu-
tion) are O(m), O(N) (see formula (9), where K is a con-
stant) and O(m), respectively. Moreover, the time com-
plexity of the “for loop” of line 7 to 9 is O(m * N), the
time complexity of lines 10 and 11 are O(N) and O(m),
respectively. Thus, the time complexity of the “while
loop” is O(T,,, * max{m x N;N;m}) = O(T,,q, % m % N).
Consequently, the time complexity of algorithm 1 is
O(max{m;N;m;Tax * m * N}) = O(Tmax * M % N).

In the algorithm of our approach (algorithm 2), the time
complexity of the Construction of the initial population is
O(N) and the time complexity of lines 2, 3 and 4 are O(N),
O(m) and O(m), respectively. Moreover, the time complexity
of line 9 is O(N) (see formula (9), where K is a constant).
Then, the time complexity of the first “for loop” is O(m * N).
Furthermore, the time complexity of the second “for loop”
is O(m). Consequently, the time complexity of the “while
loop” is O(T,,, * max{m*N;m}) = O(T,,,, * m x N).
Thus, the time complexity of our approach (i.e. algorithm 2)
is O(max{N;m;m;Tmax * m * N}) = O<Tmax #mxN).
We note that the time complexity of our approach has the
same order of magnitude as that of the standard SCA algo-
rithm. Additionally, we evaluate our approach in terms of
the execution time in the experimentation part.

5 Experimental results

In order to validate our approach and show its performance
and efficiency in the field of image segmentation, we
have conducted several experiments on reference images.
In addition, we compared our approach with four other
clustering methods giving good results in the literature,
namely: two metaheuristic algorithms which are the par-
ticle swarm optimization algorithm (PSO) [37] and the
genetic algorithms (GA) [38], and two traditional algo-
rithms for clustering which are the k-means algorithm and
the c-fuzzy algorithm (FCM). The experiment is of carried
out on the basis data from Berkeley Image Segmentation
[39]. The parameters of these methods were determined
empirically and their values are presented in Table 1. The
results were calculated after running each algorithm 20
times. In addition, the population size was set at 30 [40],
the maximum iteration was set at 200 for each method.
The experiment was carried out on a Windows 10 64-bit
platform on a 3rd generation Intel Core (TM) processor
with 4 GB of RAM using MATLAB 2014b.

The obtained results from the different methods were
analyzed on the basis of the best fitness values, PSNR,
RMSE, SC, XB, PC, S, SC, CE. We carried out several
tests by modifying the number of clusters k. To avoid put-
ting all these different tests in this part, we will only pre-
sent the results obtained using k = 4.
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Fig. 1 The clustering flowchart of the proposed approach
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Table 1 The parameters of the algorithm and their values

Algorithm Parameter Value

GA Cross over percentage 0.8
Mutation percentage 0.3
Mutation rate 0.02

PSO Maximum velocity (V,,,,) 4.0

Cognitive coefficient (C1)  1.49
Cognitive coefficient (C2)  1.49

The inertia weight 0.72
Proposed approach  a 2.0
r, I, ryandry, Random numbers

To present the measures of the evaluation criteria of
our proposed approach, we will focus in this section on
clustering for k = 4.

Figure 2 shows that our approach outperforms other
methods.

The quality of the images segmented by the different
methods is analyzed using the RMSE measurement values
and the signal-to-noise ratio (PSNR) values [41, 42].

The root mean square error is used as a standard perfor-
mance measure of the output image. It gives the amount
of output image that deviates from the input image, which
is expressed as follows:

-1 1 2
gX Zg [Ii}’l('x’ y) - Iseg(x’ )’)]

nan,

RMSE = (10)

where n, and n, are the width and the height of the image
respectively.

The signal-to-noise ratio represents the proportion
between the maximum powers that can be reached and
the parasite noise which influences the resemblance of the
image. It is used to measure the quality of the output image
formulated in the following formula:

max (7, (x,y)
PSNR =20 - log,, —R(MSEy ) (11)

where I,,(x,y) is the input image and [, (x, y) is the seg-
mented image. On the one hand, the lower value of RMSE
means that the image is of good quality and, on the other
hand, a smaller value of PSNR means that the image is
of poor quality. The RMSE and PSNR values of the seg-
mented images are calculated by the classical algorithms of
k-means and FCM as well as by meta-heuristic algorithms
(GA clustering, PSO clustering and SCA clustering). Based
on the results (Figs. 3 and 4), we note that the RMSE values
obtained by our approach are very small. On the other hand,
the values of the PSNR obtained by our approach are very
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Fig.2 Image segmentation results by the different clustering algorithms

large. Therefore, we can say that our approach gives good
results, which shows that the image segmented by the pro-
posed method is of a better quality.

Figure 3, below, shows the RMSE values obtained by the
five methods as a function of the test images.

Figure 4, below, shows the PSNR values obtained by the
five methods as a function of the test images.

From Fig. 4, we notice that the RMSE values obtained
by our approach are low compared to those obtained by
the other four methods. In addition, from Fig. 5, we can
see that the PSNR values obtained by our approach are
higher than those obtained by the other four methods.
From the previous analysis of the result of the proposed
approach, the sine cosine optimization algorithm is
very useful in this problem and able to avoid the main

0,025
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0,005 M Proposed approach
0

Lena Baboon House 296059 1260075 pepper
Images

(=]
=]
—

Average RMSE value

Fig. 3 RMSE values obtained by the five methods
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Fig.5 Comparison of the execution time of different algorithms

disadvantage of traditional clustering methods such as
k-means or FCM (local minima problem). We can, there-
fore, conclude that our approach gives satisfactory results
compared to those obtained by the other methods. This
means that the proposed approach gives better quality
segmented images.

There are other quantitative assessment techniques
(commonly known as the cluster validity method) to test
the quality of the cluster. Internal quality compares dif-
ferent sets of clusters without any reference to external
knowledge. A good clustering technique has a strong simi-
larity within the cluster and a weak inter-cluster similar-
ity. Cluster validation [43] is the technique for estimating
the adequacy of a partition with the data structure. Many
criteria have been developed to determine the validity of
clusters, all with a common objective of finding clustering
which results in compact, well-separated clusters. Moreo-
ver, validity indices are independent of clustering algo-
rithms as explained in [44]. The partition that best matches
the data is selected by running the clustering algorithm
multiple times with a different K value for each run. In
general, these approaches require running the selected
clustering algorithm multiple times, and the clustering
partitions that optimize the validity index are selected

@ Springer

as the best partition. In order to show the quality of our
approach, we study the quality of the segmented image
using the five measures SC, XB, CE, S, PC [45, 46], pre-
sented in the expressions (12), (13), (14), (15) and (16).

e The sub-area coefficient (SC) measures the ratio of the
sum of the compactness and the separation of the clusters:

= S 2:;cl=1(“ik)m||xk_"i||2

c 2
i=1 . L — ).
m T =i

SC

12)

where #; is the number of samples that belongs to clus-
tering i.

e The Xie and Beni index (XB) determines the ratio of
the total variation of the interior of a cluster to the
separation of the clusters:

= 2111 22:1(“i.k)m”xk - Vi”2

XB . 2
nmin [l = vill

13)

e The classification entropy (CE) calculates the blurring
of the cluster partition:

1 C n
CE=——% ¥ ulogu (14)
i=1 k=1

e The separation index (S) uses a minimum separation
distance for the validity of the partition:

g = 25:1 22:1(”i,k)m||xk - Vi”2

nmin ||v, — vy||
ik !

5)

e The partition coefficient (PC) determines the amount
of overlap between clusters:

PC=2 %Y ()’ (16)

i=1 k=1

A clustering method is of better performance if the val-
ues of SC, XB and CE are low while the values of S and
PC are high.

The metric values of the images presented in Fig. 2 are
given in Tables 2, 3, 4, 5, 6 and 7.

Table 2 Comparison of the clustering methods on Lena image

k-means FCM GA PSO Proposed
SC 1.0084 1.1032 0.0318 0.0299 0.0237
CE 0.8871 0.9006 0.5391 0.4297 0.4335
PC 0.4916 0.5318 0.7384 0.7586 0.7745
XB 6659231 550.7512 527.5608 516.2461 516.3101
S 0.049 0.0482 0.00546 0.0585 0.1678
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Table 3, Comparison of the k-means FCM GA PSO Proposed
clustering methods on Baboon
image SC 0.9375 1.0667 0.0511 0.0260 0.0211

CE 0.7931 0.9885 0.4933 0.4314 0.3920

PC 0.6316 0.5388 0.6994 0.7764 0.8244

XB 3.8992e+03 3.8970e+03 3.7862e+03 2.8192e+03 2.0143e+03

S 0.0569 0.0651 0.0482 0.0479 1.3697
Table 4 Comparison of the k-means FCM GA PSO Proposed
clustering methods on House
image SC 0.7932 0.8824 0.0330 0.0212 0.0212

CE 0.7712 0.6187 0.4221 0.3123 0.3210

PC 0.6642 0.6341 0.8643 0.8132 0.8610

XB 2.9982e+03 2.7962e+03 2.5982e+03 2.2382e+03 1.9752e+03

S 0.0567 0.0528 0.0545 0.0609 0.0698
Table 5_ Comparison of the k-means FCM GA PSO Proposed
clustering methods on 296,059
image SC 0.7932 0.8824 0.0330 0.0212 0.0212

CE 0.7712 0.6187 0.4221 0.3123 0.3210

PC 0.642 0.6341 0.8643 0.8132 0.8610

XB 1.3182e+03 1.3197e+03 1.3154e+03 1.3128e+03 1.2682e+03

S 0.0576 0.0577 0.0576 0.0575 0.0578

Table 6 Comparison of the clustering methods on 126,007 image

techniques mentioned above in terms of cluster quality

measures for the sets of test images. None of the algorithms
can overwhelm the others in all metrics.

From the results of the first image Lena, we can see that

k-means FCM GA PSO Proposed
SC 0.0371 0.04756  0.0267 0.0212 0.0232
CE 0.4712 0.5187 0.4221 0.3923 0.3819
PC 0.7135 0.7241 0.7643 0.7332 0.7710
XB 413.4504 413.3804 543.9865 2.1982e+03 2.0982e+03
S 0.0561 0.0557 0.0601 0.0634 0.0709

The results of the different methods obtained from the
five measurements SC, CE, XB, S and PC are presented
in Tables 2, 3, 4, 5, 6 and 7, where the value set in bold in
each line indicates the best result obtained among the five
algorithms.

Tables 2, 3, 4, 5, 6 and 7 show the comparison between
the proposed SCA-based clustering approach and the

the image obtained with our method is better than the oth-
ers because its contour is sharper, especially the lip and eye
areas. In addition, according to Table 2, the S and PC values
of our proposed approach are slightly better than those of
the other methods. But in terms of XB, clustering by PSO
achieves the best clustering effect.

For the second Baboon image, our approach obtains the
best values of the 5 metrics compared to the other algo-
rithms depending on the definition of each metric. Thus,
our approach obtains a good segmentation effect. Generally
speaking, the image segmented by the proposed approach
may be the best, because it shows obvious features, i.e. eyes
and nostrils.

Table 7 Comparison of the
clustering methods on pepper
image

k-means FCM GA PSO Proposed
SC 0.0381 0.0362 0.0301 0.0291 0.0243
CE 0.4712 0.4487 0.4221 0.4123 0.4010
PC 0.7042 0.7341 0.7643 0.7432 0.7660
XB 2.9982e+03 2.7962e+03 2.5982e+03 1.9752e+03 2.0211e+03
S 0.0469 0.0528 0.0555 0.0599 0.0698
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From the results of the House image, we could see the
obvious edges on the image of our method, and its XB value
is much smaller than other methods. In terms of PCs, clus-
tering by GA gets the best result.

On images 296,059 and 126,007, our algorithm shows
better performance than other versions of clustering, and its
images embody sharp edges and significant features.

For the last pepper image, the segmentation effect by
our approach is quite obvious. Furthermore, according to
Table 7, the S and PC values of our proposed approach are
better than those of the other approaches. Therefore, our
algorithm shows a preferable segmentation effect on most
of the test images.

Generally, clustering by FCM and k-means has good PC
values but has bad values of the other four metric values. Its
XB values are very large while its S values are very small,
which indicates that its partition quality is poor. GA cluster-
ing achieves a good XB value but displays ordinary results
for the other four measurements. PSO clustering achieves
relatively balanced results in terms of five measures, and
the overall performance of SCA clustering is better in terms
of five measures.

Altogether clustering based on SCA combines global
migration and local migration to better balance exploration
and exploitation than other versions, and thus obtain cluster-
ing results that better balance intra-class polymerization and
inter-class difference thanks to its principle. This founds the
sine and cosine functions, when the value of the function
r1*sin(r2) or r1*cos(r2) is between — 1 and 1, the algorithm
performs local operation, when the value of the function
r1*sin(r2) or r1*cos(r2) is less than — 1 or greater than 1,
the algorithm performs a global exploration.

With its unique optimization principles and theoretical
advantages, clustering by the SCA algorithm has proven to
be superior to PSO, GA and other existing algorithms in
most of the examples and has been applied to many practical
problems, like clustering. However, it still has some draw-
backs, such as the low precision of the solutions. The reason
is that when the SCA algorithm updates the individual, the
next generation location of the individual is only expanded
around its current optimal location. With the decrease in
the diversity of the population in the last period of the algo-
rithm, the overall search capacity deteriorates. But, with an
increase in the number of iterations and random solutions,
it is likely that the solution converges towards the global
optimum.

In summary, our proposed approach efficiently segments
the test images and obtains clear results, which shows that
using the SCA algorithm to perform grouping is beneficial
in improving the precision and accuracy of image segmenta-
tion. However, a disadvantage of SCA clustering is that its
PC values are generally small. This indicates that the overlap
between the resulting clusters is low. We can see that the
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other clustering algorithms cannot significantly improve the
PC values, mainly due to the intrinsically similar migration
operators they use. Overall, as we can notice, our proposed
approach obtains the best PC, S values and the worst values
of XB, SC and CE. In particular, the SC and CE values of
the proposed closure are close to zero, which indicates that
the cohesion within the clusters is very high. In summary,
the experimental results reveal that SCA-based clustering
gives better values in terms of cluster quality measures.

In terms of computational costs, the literature shows that
individual algorithms (i.e. local search) like k-means and
FCM are characterized by their speed of convergence com-
pared to population-based algorithms. Despite this advan-
tage, they often fall into the trap of poor local solutions and
give unsatisfactory results. For this reason, we compare
below the execution time of our proposed approach with
methods which are based on the population such as GA and
PSO.

The execution time of each algorithm varies depending
on the content of the image and the number of clusters that
are we going choose. When the number of clusters increases,
the execution time increases. In this article, the parameters
chosen in the experiments for the selected algorithms are
shown in Table 1. We run the algorithm 10 times for each
image to calculate the average computational time. Figure 5
shows the comparison, in terms of average execution time,
between the algorithms selected for each image.

From Fig. 5, we notice that the execution time of our
proposed approach is smaller compared to the other methods
(clustering by GA and clustering by PSO). In addition, when
the image contains more details, the difference is significant.
That means the difference in computational time between
the selected algorithms is varied according to test images.
Indeed, the execution time strongly depends on the content
of the image.

Experimental results given in Fig. 5 above demonstrate
that the difference rate of the execution time varies from one
image to another. For example, for the Lena, Baboon and
Pepper images, we observe that our approach allows us to
save an average execution time of 25%, 34% and 42% respec-
tively, compared to the clustering algorithm by GA, and an
average execution time of 10%, 19% and 22% respectively,
compared to the clustering algorithm by PSO. Overall, our
proposed approach allows us to save an average execution
time of 37% compared to the clustering algorithm by GA
and an average execution time of 20% compared to the clus-
tering algorithm by PSO on the images chosen. We also
find that clustering by genetic algorithms cost more time
than other clustering algorithms and this comes down to
their complexity in time and search mechanism. In addition,
qualitatively, we can say that our method is more stringent.
Indeed, in Fig. 2, we can observe that our approach gives
more details on the segmented image.
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The experiments on the different reference images show
a high performance of our approach not only to produce a
reliable and good segmentation result, but also to achieve
image segmentation in short execution time.

6 Conclusion

In this article, we addressed the problem of unsupervised
classification of images using a new meta-heuristic opti-
mization method. This method is based on sine and cosine
mathematical functions to perform the exploitation and
exploration of the search space. Besides, we have well
established the segmentation of images by algorithm-based
clustering (SCA), taking into consideration that the number
of clusters is known in advance. In our approach, a set of
individuals from a population is generated first. Each mem-
ber of this set is a vector of length k with identifiers. Which
refer to the centers of each of the k clusters and structure the
final clustering solution. The proposed approach is compared
with a set of methods based on several evaluation criteria.
The statistical analysis of experimental results on dif-
ferent images demonstrates a high performance of our
approach, in terms of efficiency, reliability and rapidity.
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