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Abstract

In this paper, a new method is proposed for solving the data clustering problem
using Cat Swarm Optimization (CSO) algorithm based on chaotic behavior. The
problem of data clustering is an important section in the field of the data mining,
which has always been noted by researchers and experts in data mining for its
numerous applications in solving real-world problems. The CSO algorithm is one of
the latest meta-heuristic algorithms, which has a simple structure and it is easy to
implement. The purpose of Chaos embedded Cat Swarm Optimization (CCSO)
algorithm is to replace random values by chaotic ones to offer a stable algorithm
that can allow for reaching the global optima to a large extent and improve the
algorithm’s convergence speed. The proposed algorithm has been compared to
other heuristic algorithms on standard data sets from UCI repository, and the
experimental results demonstrate that the proposed algorithm yields high
performance for solving the data clustering problem.
Keywords: Data Clustering, K-means, Cat Swarm Optimization, Chaos Theory

1. Introduction
Data mining is one of the most important steps in knowledge discovery in the process
of data bases, and it is known as an important subfield in knowledge management [1].
Aided by information technology systems and database-based software, organizations
are now able to store an abundance of data. Data mining is a process that allows for
extraction of meaningful information from this size of data. Data Clustering is one of
the important sections in the field of the data mining science, which has always been
noted by researchers and experts in data mining for its numerous applications in solving
real-world problems [2]. The purpose of clustering is to division available data into
several groups, such that data in different groups must be as different from each other as
possible, and data in one group must be very similar to each other [3]. The clustering
problem has applications in solving real-world problems [4,5] such as qualitative data
interpretation and data compression, process monitoring, discovery of DNA clusters,
coal classification, pattern-analysis, document retrieval, and image segmentation.
Since data clustering is an NP-Hard problem [6], most algorithms presented for data
clustering are unable to solve the problem in a large scale. Therefore, performing
research in the area can be valuable and practical. Cat Swarm Optimization (CSO) is
one of the new swarm-based optimization algorithms, and it provides better
performance compared to the other algorithms. However, CSO algorithm suffers from
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diversity and local optima problems. In this paper, a new algorithm has been proposed
for solving the data clustering problem using Chaos embedded Cat Swarm Optimization
(CCSO) algorithm. The purpose of the algorithm is to replace random values by chaotic
ones to offer a stable algorithm that can allow for reaching the global optima to a large
extent and improve the algorithm’s convergence speed.
The rest of the paper is organized as follows: In Section 2, a literature review is
presented. In Section 3, the proposed algorithm has been detailed. Section 4 is dedicated
to the simulation and the results obtained from the implementation of the proposed
algorithm. Finally, Section 5 includes a summary and the conclusion.
2. Literature Review
Data clustering is considered as one of the important tools in data mining, machine
learning, and pattern classification problems [7]. The purpose of this unsupervised
operation is to divide a group of heterogeneous data into separated groups. In particular
the problem is stated as follows: given N objects, allocate each object to one of K
clusters and minimize the sum of squared Euclidean distances between each object and
the center of the cluster belonging to every such allocated object. The clustering
problem minimizing is described as in: [8, 3]
N

{

f ( X ,C ) = åMin x i - c j 2 | j = 1, ¼, K
i =1

}

(1)

Where ||xi – cj|| is the Euclidean distance between a data object xi and the cluster
center cj. N and K are the number of data objects and the number of clusters,
respectively. cj compute as follow:

cj =

1
nj

å xi ,

i = 1,¼, N and j = 1,¼, K

(2)

x i ÎC j

Where nj is the number of objects belonging to cluster cj. Also, the solution for data
clustering problem, must meet the following criteria: (1) none of the K clusters is
empty, (2) the intersections of the elements inside each of the clusters with the other
clusters must be null, and (3) the sum of the numbers of elements inside the clusters
must be equal to the total number of data objects.
There are many clustering algorithms in the literature. Among well-known clustering
methods, center-based clustering algorithm can be mentioned [9]. The term "K-means"
was first introduced by MacQueen (1967) [10], although the idea goes back to Hugo in
1956. K-means algorithm is kind of partition based clustering and is famous for its
simplicity and its fast running. However, it suffers from two shortcomings. It suffers
from the dependency on the initial state and convergence to local optima. In addition,
the global solutions of large problems cannot be found with reasonable amount of
computation effort [3]. In order to overcome the shortcomings of K-means, many
heuristic approaches have been applied in the last two decades. In the following, a
review of these approaches is provided.
A genetic algorithm has been proposed for solving the clustering problem [11]. They
defined a primary mutation operator specific to clustering called distance-based
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mutation. The results have demonstrated that this method has optimized the output
result of K-means. Niknam et al [12] introduced an evolutionary algorithm based on
combination of PSO and SA for solving the data clustering problem. SA algorithm is
used for searching the space around the global solution, and the mutation operator is
used for increasing information exchange between particles so that the algorithm is not
trapped in local optima. Rana et al [13] have presented a hierarchical clustering
algorithm based on combination of K-means algorithm and PSO algorithm. In this
algorithm, the initial search process begins with PSO algorithm due to its quick
convergence into the optimum solution; then, the PSO algorithm results are optimized
by K-means algorithm so that a better solution is obtained. Yang et al [14] presented a
hybrid genetic algorithm (HGA) clustering method, which establishes a balance
between population variety and convergence speed by utilizing the tabu list and
aspiration criterion. There are several CSO implementations for data clustering [15, 16].
In [15], two major changes have been applied in CSO algorithm. In their proposed
algorithm, mixture rate has been ignored, so that the cats run both Seeking and Tracing
methods. Moreover, the value of CDC is assumed to be 100%, so that all the cat
dimensions change in seeking method. The performance of the CSO algorithm show
that it can obtains more accurate results in terms of classification errors in comparison
to K-means and PSO. Yugal Kumar and G. Sahoo [16] have proposed a modified
version of CSO algorithm, called IL-ICSO, for solving the data clustering problem. For
improvement of population diversity and prevention of CSO algorithm from getting
trapped in local optima, Opposition-based learning and Cauchy mutation have been
used. The performance of the OL-ICSO algorithm measured on several datasets and the
simulation results shows that the algorithm provides better results in comparison to
other algorithms. Also, a number of other heuristic intelligent algorithms have also been
presented for solving the data clustering problem in TS [17], ACO [18], HSA [3,19],
HBMO [20], and [21-28].
There are some shortcomings associated with these algorithms, such as dependency
on the initial state, trapping in local optima, quality of solutions, and boundary level
constraints. In order to overcome these shortcomings, a lot of researches have been
going on in this direction. For example, heuristic algorithms like K-means can be used
for improvement of initialization, cluster center specification, and initial population
quality. Moreover, different mutation operators or combination of global search
algorithms with local search algorithms such as TS, SA, and GELS can be used for
preventing from getting trapped in local optima and increasing population diversity. The
efficiency of chaotic functions has been proven in some of the research performed on
different problems [29, 30]. In this paper, a chaotic function has been used instead of a
random number generation function for solving initialization problems, initial
population quality improvement, creation of more diversity in the population, and
prevention from getting trapped in local optima.
3. Proposed Algorithm
Optimization algorithms inspired by the nature have demonstrated considerable
success as intelligent optimization methods along with classic methods. Cat Swarm
Optimization algorithm [31] has been inspired by PSO [32] and ACO [33] algorithms.
The CSO algorithm is one of the latest meta-heuristic algorithms, which has a simple
structure and it is easy to implement. Despite high capabilities in solving a variety of
3

F. Ramezani

Solving Data Clustering Problems …

optimization problems, Cat Swarm Optimization algorithm is weak in the completely
searching the solution space. Due to high convergence speed, the algorithm tends to
move toward the local optima, which is also called premature convergence [34].
Random algorithms inspired by natural behavior need a series of random values
generated by random functions. The chaos process is a bounded random-like
deterministic behavior without duplicated values that does not converge either. In this
research, Cat Swarm Optimization algorithm based on chaotic behavior (CCSO) has
been used for solving the data clustering problem. In CCSO algorithm, the chaotic
number generator has replaced the random number function to improve convergence
speed as well as make the search more accurate for calculation of the global optima
solution.
3.1 Cat Structure

For solving the data clustering problem, each cat’s position represents one solution for
the current problem, and the index of each array column represents its corresponding
cluster center. In CCSO algorithm, the cat’s current position is stated as a twodimensional vector, and represented by X. In this method, each solution of the problem
is defined as follows:

X = (c11, ¼, c1d , c 21 ,¼, c 2d , ¼, c k 1 ,¼, c kd

( )

)

X = X ij

(3)

1£ i £ k; 1£ j £ d
The numbers of the vector’s rows and columns have been defined as k × d, where k is
the number of the clusters, and d is the number of each object’s dimensions (features).
The lower and upper bounds for each dimension of the solution are specified by the
relation L^(X_ij )<X_ij<U^(X_ij ). Figure 1 shows an instance of the cat’s current
position.

Figure 1. An instance of the cat’s current position with 5 clusters

As shown in the Figure 1, the number of the clusters has been assumed as five, and
the number of each object’s features as three. For example, C43 represents the third
feature from the center of the fourth cluster among the available clusters.
3.2 Fitness Function

For calculation of each cat’s fitness, its current position is applied in the fitness
function, and the result is stored in the variable Cost. In CCSO algorithm, the cat’s
fitness value is equal to the sum of the minimum distances between each cluster center
and the instance of that cluster, calculated using Equation (4).
N
ìï
Cost = åmin í
ïî
n =1

d

å (XC
j =1

ij

- O nj

)

2

üï
| i = 1,¼, k ý
ïþ
4

(4)
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Where N and Onj, denote the total number of available instances and the jth feature of
the nth object in the test data set, respectively.
3.3 Seeking Mode

Four necessary factors have been defined for modeling the seeking mode: Seeking
memory pool (SMP), seeking range of the selected dimension (SRD), counts of
dimension to change (CDC), and self-position considering (SPC) [31]. In this step, first
SMP copies are made from the kth cats, and each of them is called a candidate point in
the search space. If the SPC value equals True, the cat’s current position is also
considered as a candidate. Next, for each copy, CDC dimensions of the cat’s current
position are selected, and randomly plus or minus SRD value from their values. For
example, consider that the CDC value is 50% and the SRD value is 20%. In view of the
CDC value and the number of the cat’s current position’s dimensions, which equals 5, a
number of the dimensions are randomly selected, and their current values are randomly
plus or minus from the SRD value. Then, the fitness values of all candidate points are
calculated, and each one’s selection probability will be calculated using Equation (5).

Pi =

FS i - FSb
FS max - FS min

, where 0 < i < j

(5)

If all cats’ fitness values are exactly equal, selection probabilities of all candidate
points will be equal to 1. It should be noted that if the fitness function is aimed at
finding the minimum solution, FSb = FSmax; otherwise, FSb = FSmin. Finally, the
candidate point with the highest selection probability (best fitness) is selected as the kth
cat’s new position. Figure 2 has displayed Movement of the cat’s position using the
seeking mode.

Figure 2. Movement of the cat’s position using the seeking mode.

3.4 Tracking Mode

In the tracing mode, the cat’s velocity vector is first updated based on the current
position and the best cat’s position using Equation (6).

v k ,d = v k ,d + r1 ´ c1 ´ ( x best ,d - x k ,d ) ,

(6)

d = 1, 2,¼, M

In this equation, xbest,d is the position of the cat with the best fitness value, xk,d is
the position of the kth cat, c1 is a constant, and r1 is a random value in the range [0,1].
5
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In this algorithm it’s considered that cl = 2. After updating the cat velocity vector, it is
examined whether each dimension’s new velocity is within speed limits.
.Figure 3 shows how the velocity vector and the cats’ current position are updated

Figure 3. Updating the velocity vector and the cat’s position using the tracing mode.

As shown in Figure 3, once the velocity vector is updated, the cat’s position is
updated using the velocity vector and based on Equation (7).

x k ,d = x k ,d + v k ,d

(7)

3.5 Chaotic Behavior

It is very important in simulation of complicated phenomena to generate uniform
random numbers, as well as used for different applications. Chaos is a phenomenon that
occurs in definable nonlinear systems highly sensitive to initial conditions, and it is also
a bounded deterministic pseudo-random behavior without duplicated values that does
not converge either. The problem with random search algorithms is the premature
convergence. In CCSO algorithm, it has been sought to improve the algorithm’s
convergence speed by replacing random values by chaotic ones. Irreversible onedimensional patterns are simple systems which are also capable of creating chaotic
behavior. Some of the well-known types of one-dimensional patterns are Logistic map,
Tent map, ICMIC map, and Sinusoidal map [30]. In this algorithm, the logistic function
in Equation (8) is used for generation of chaotic numbers.

x k +1 = ax k (1 - x k )

(8)

In this equation, xk is the kth repetition of a chaotic number. Clearly, x (0, 1), and
under the initial conditions, x_0 {0.0, 0.25, 0.5, 0.75, 1.0} is generated. Also, 0 < a ≤
4, and it is usually considered that a=4.
In CCSO algorithm, all values generated randomly in Cat Swarm Optimization
algorithm are saved in a separate array to be updated using Logistic Map function.
Table 1 shows these chaotic variables and their applications.
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Table 1. Chaotic variables and their applications.
MR
SMP
CDC
SRD
SSRD
r1

This variable is used for specification of the number of cats performing the seeking
mode and tracing mode.
This variable is used for specification of the number of copies made of the cat current
position in the tracing mode. In CCSO algorithm, a maximum value has been assumed
for cats’ copies so that the SMP value is in the range (0, 1).
This variable specifies how many of the cats dimensions could change. A maximum
value has also been assumed for this variable, so that the CDC value is in the range (0,
1).
The SRD variable has the range (0, 1), and specifies what percentage is added to or
subtracted from the cat’s current dimension (by SSRD).
If the SSRD value is in the range (0, 0.5], the SRD variable has a negative coefficient,
and a positive one otherwise.
A chaotic value in the range (0, 1) used in Equal 6. This variable is a chaotic coefficient
that specifies by what percentage the current cat in relies on the best cat’s knowledge,
and by what percentage it relies on its own knowledge.

Figure 4 has displayed how these variables are updated. In Figure 4, Logistic Map
function is called once for each of the rv array elements, and its output replaces the old
value of the corresponding elements.

Figure 4. Updating of the chaotic variables.

The pseudo-code of CCSO algorithm for solving the data clustering problem has been
displayed in Algorithm 1.
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Algorithm 1. The CCSO algorithm
01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

Initialize the swarm of Cats
do
evaluate (swarm)
best_cat = find_x_best (swarm)
for each cat c in swarm do
if (check_mr_flag (c) == SEEKING_MODE) then
smp = chaos (smp)
spc = chaos (spc)
neighborhood = copy (c, smp × Max_SMP , spc)
for each cat c’ in neighborhood do
cdc = chaos (cdc)
for i = 1 to cdc × Max_CDC do
srd = chaos (srd)
s_srd = chaos (s_srd)
c’ = change_dimension (c’, srd, s_srd)
end_for
end_for
evaluate (neighborhood)
c = pick_cat (neighborhood, Max_Probability)
elseif // tracing_mode
r 1 = chaos (r 1)
c = update_velocity (c, r 1, c1)
c = update_position (c)
end_if
end_for
foreach cat c in swarm do
mr = chaos (mr )
c = set_flags (c, mr )
end_for
while (a stop criterion is not satisfied)

4. Experimental Results
In this section, the results of performing CCSO algorithm over the standard data set of
the data clustering problem are presented. For comparison of the performance of the
designed algorithm to those of other algorithms, four standard data sets (Iris, Wine,
Vowel and Contraceptive Method Choice (CMC)) of UCI repository have been used.
Table 2 has displayed the properties of the standard data sets used in the simulation.
4.1 Experimental Conditions

The results of performing of the algorithm over each of these four standard data sets
are stated below. For evaluation of CCSO algorithm, the obtained results have been
examined and compared to results of other algorithms such as OL-ICSO [16], HBMO
[20], GA algorithm [21], PSO algorithm [23], ACO algorithm [6,12,24], SA algorithm
[22], TS algorithm [17], and K-means [12,22,24,25]. The CCSO algorithm has been
implemented in C# 2012 programming language, and the experiments have been
performed on a computer with an Intel(R) Core(TM) i7-4770HQ CPU @ 2.20GHz
processor and a 16GB RAM. The values of the main variables have been specified
based on the complexity of different test data sets.

8

Journal of Advances in Computer Research

(Vol. 11, No. 2, May 2020) 1-15

Table 2. Standard data sets used in the simulation.
Characteristics

Data Set

Attribute
Characteristics

# of
Instances

# of
Attributes

Area

Date

Iris

Multivariate

Real

150

4

Life

1936

Wine

Multivariate

Integer, Real

178

13

Physical

1991

Vowel

Multivariate

Integer

871

3

Life

1977

Contraceptive
Method
Choice

Multivariate

Categorical,
Integer

1473

9

Life

1987

Table 3 shows the value ranges for each of the main variables in CCSO algorithm.
CCSO algorithm has been executed 10 times over each of the test data sets. The best,
the worst, and the average solutions have been obtained, and the standard deviation for
each of them has also been calculated.
Table 3. Main variables in CCSO algorithm.
Values
# of Cats
MR
SMP
MaxSMP
SPC
CDC
MaxCDC
SRD
SSRD
r1
c1
# of Iteration
# of Runs for each test

Variable
40-100
(0,1)
(0,1)
5-20
1
(0,1)
6-20
(0,1)
(0,1)
(0,1)
2
100
10

4.2 Evaluation

For examining the CCSO algorithm and proving its performance against other
algorithms, the results obtained from execution of the algorithm have been compared to
those of other algorithms, and presented in this section. The performance of the
algorithms is evaluated and compared using four criteria: Sum of intra-cluster distances
as a cost function, the convergence speed, population diversity, and error rate (ER).
Error rate is the percentage of misplaced data objects, as shown in the following
equation:

ER =

number of misplaced objects
´100
total umber of objects within dataset

(9)

Table 4 shows the results obtained from execution of CCSO algorithm over Iris data
set. In this table, Cbest states the best solution, Caverage states the average of the best
solutions, Cworst represents the worst solution, and Standard deviation is the standard
deviation in different executions of the algorithms experimented with. Based on Table
9
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4, the proposed algorithm converges in all executions into the optimal value 96.5872.
The standard deviation of the evaluation function for CCSO clustering algorithm is
zero, which suggests the high precision and reliability of the proposed algorithm. In
other words, this algorithm provides a better optimum value and standard deviation than
those of other methods.
Table 4. Comparison of results obtained from algorithms over Iris data set.
Method
CCSO
CSO
OL-ICSO
HBMO
GA
PSO
ACO
SA
TS
K-means

Cbest
96.5872
96.97
96.31
96.752047
113.986503
96.8942
97.100777
97.4573
97.365977
97.333

Function Value
Caverage
96.5872
97.86
96.79
96.95316
125.197025
97.2328
97.171546
99.957
97.868008
106.05

Standard
deviation
0
0.71
0.12
0.531
14.563
0.347168
0.367
2.018
0.53
14.6311

Cworst
96.5872
98.91
97.36
97.757625
139.778272
97.8973
97.808466
102.01
98.569485
120.45

Table 5 shows the results obtained from execution of CCSO algorithm over Wine data
set. Compared to the other algorithms, the best value selected by CCSO clustering
algorithm for Wine data set is optimum and equals 16292.2765. The results shown in
Table 5 suggest that the worst result obtained from the CCSO algorithm is more optimal
than those obtained by the other methods.
Table 5. Comparison of results obtained from algorithms over Wine data set.
Method
CCSO
CSO
OL-ICSO

Cbest
16292.2765
16352.0357
16309.54

Function Value
Caverage
16293.1916
16410.917
16348.46

Standard deviation

Cworst
16293.5369
16532.8521
16568.87

0.5433
49.816
36.24

HBMO

16357.28438

16357.28438

16357.28438

0

GA

16530.53381

16530.53381

16530.53381

0

PSO
ACO

16345.9670
16530.53381

16417.4725
16530.53381

16562.3180
16530.53381

85.4974
0

SA
TS

16473.4825
16666.22699

17521.094
16785.45928

18083.251
16837.5356

753.084
52.073

16555.68

18061

18563.12

793.213

K-means

The results obtained from CMC data set in Table 6 demonstrate that CCSO has
achieved the global optimal value 5625.4719, while the best results presented by CSO,
OL-ICSO, HBMO, GA, PSO, ACO, SA, TS, and K-means algorithms are 5693.6537,
5628.63, 5699.2670, 5705.6301, 5700.9853, 5701.9230, 5849.0380, 5885.0621, and
5842.20, respectively. The standard deviation of the evaluation function for the
algorithm is 1.5691, much smaller than the numbers obtained by the other algorithms.
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Table 6. Comparison of results obtained from algorithms over Contraceptive Method Choice.
Method

Cbest
5625.4719
5693.6537

Function Value
Caverage
5627.6039
5765.0173

Cworst
5632.8431
5891.3916

1.5691
36.8431

5628.63

5741.16

5892.24

31.47

HBMO

5699.2670

5713.9800

5725.3500

12.6900

GA

5705.6301

5756.5984

5812.6480

50.3694

PSO
ACO

5700.9853

5820.9647

5923.2490

46.959690

5701.9230

5819.1347

5912.4300

45.63470

SA
TS

5849.0380

5893.4823

5966.9470

50.867200

5885.0621

5993.5942

5999.8053

40.84568

5842.20

5893.60

5934.43

47.16

CCSO
CSO
OL-ICSO

K-means

Standard deviation

Table 7 displays the results obtained from Vowel data set. As displayed in the table,
CCSO algorithm has presented better results than those of the other methods. Therefore,
the proposed algorithm is more reliable and applicable than available algorithms.
Table 7. Comparison of results obtained from algorithms over Vowel data set.
Method
CCSO
CSO
OL-ICSO

Cbest
148964.35
148971.5194

Function Value
Caverage
148967.2563
151902.2073

Cworst
148979.1736
157504.7951

Standard deviation
8.2841
2619.23

149201.632

161431.0431

165804.671

2746.0416

HBMO

149513.735

159153.498

165991.6520

3105.5445

GA

148976.0152

151999.8251

158121.1834

2813.4692

PSO
ACO

149395.602

159458.1438

165939.8260

3485.3816

149370.4700

161566.2810

165986.4200

2847.08594

SA
TS

149468.268

162108.5381

165996.4280

2846.23516

149422.26

159242.89

161236.81

916

K-means

148964.35

148967.2563

148979.1736

8.2841

Figure 5 shows the convergence speed of the best solutions obtained from the two
CSO and CCSO algorithms. As shown in the figure, the CCSO algorithm is obtained
the best solution of CSO algorithm in a smaller number of generations, and has
improved it in the later generations. Another criteria for comparison of the two
algorithms, is their population diversity in different generations .
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Figure 5. Convergence of sum of intra cluster distance parameter for wine dataset.

The best, worst, and intermediate solutions obtained by CSO and CCSO algorithms
are presented in Figure 6. Higher difference between the best and worst solutions of
CCSO algorithm and the distribution of the intermediate solutions between these two
parameters demonstrates higher diversity in the algorithm. Furthermore, CCSO
algorithm has overcome the optimal solutions of the other algorithms in the 37th
generation.

Figure 6. Population diversity of CSO and CCSO algorithms for wine dataset.

The error rates obtained by CSO and CCSO algorithms are displayed in Table 8. As
observed in the table, CCSO algorithm has provided lower error rates in the all datasets.
Furthermore, the times used by the two algorithms for different datasets are almost
similar to each other.
Table 8. The error rate of clustering algorithms on the test datasets.
Data Set
Iris Data Set
Wine Data Set
Vowel Data Set
Contraceptive Method Choice

CSO
10.05
28.93
42.18
54.47

12

CCSO
10.01
28.37
41.62
53.95
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5. Conclusion
Simulating optimization algorithms inspired by the nature for solving complex
problems has been an interesting research area for several decades. In this paper, a new
method is proposed for solving the data clustering problem using chaos embedded Cat
Swarm Optimization algorithm. The CSO algorithm is one of the latest meta-heuristic
algorithms, which has a simple structure and it is easy to implement. However, CSO
algorithm suffers from diversity and local optima problems. In the proposed algorithm,
in order to enhance the population diversity and convergence speed, as well as prevent
premature convergence to local optima of the CSO algorithm, a chaotic function called
Logistic Map has been used instead of the random number function. The proposed
algorithm is compared to other innovative algorithms over four benchmark datasets.
The results of the experiments show that the CCSO algorithm can successfully be
applied to clustering for the purpose of classification. In future research, the proposed
algorithm can also be utilized for many different areas of applications. In addition, the
application of other chaotic functions in CCSO may be effective.
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