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ABSTRACT: Clustering finds variety of application in a wide range of disciplines because it is mostly helpful for grouping of
similar data objects together. Due to the wide applicability, different algorithms have been presented in the literature for
segmenting large multidimensional data into discernible representative clusters. Accordingly, in this paper, Kernel-based
exponential grey wolf optimizer is developed for rapid centroid estimation in data clustering. Here, a new algorithm, called
(EGWO) is newly proposed to search the cluster centroids with a new objective evaluation which considered two parameters
called logarithmic kernel function and distance difference between two top clusters. Based on the new objective function and
the modified EGWO algorithm, centroids are encoded as position vectors and the optimal location is found for the final
clustering. The proposed EGWO algorithm is evaluated with banknote authentication Data Set and iris dataset using four
metrics such as, MSE, F-measure, Rand co-efficient and jaccord coefficient. From the outcome, we proved that the proposed
EGWO algorithm outperformed the existing PSC, mPSC and GWO algorithm.
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1. Introduction

The rapid development of computer and database technologies leads to the accumulation of data and it exceeds the data
processing capability of human. Many applications such as Engineering data management, scientific data management, govern-
ment administration, business management and others used millions of databases [21]. The inexpensive database system is easily
available and so the databases are increasing in a large number. The vital intention of this huge data collection is utilizing this
information to attain several benefits, by means of finding the previously unrevealed patterns in data that directs the decision
making process. Information extraction from the databases is a major topic under data mining. Data mining has a set of functional
modules for several tasks including characterization, association, classification, cluster analysis, and evolution. Clustering can be
defined as the unsupervised classification of patterns into groups. Clustering groups a set of objects into different subsets, such
that similar objects are grouped into a single cluster. The objects in a cluster will be very similar to each other [22]. The various
applications of clustering are information retrieval, image segmentation, web pages grouping, sequence analysis, market segmen-
tation, scientific and engineering analysis and human genetic clustering.
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The two major categories of clustering are hierarchical clustering and partitional clustering [11]. A hierarchy of clusters is
generated by hierarchical clustering approach in which each cluster is nested within the cluster at a higher level of the hierarchy.
A one-level (unnested) partitioning of the data points is created by partitional clustering techniques. If the desired number of
clusters is represented by K, then the partitional approach usually find all K clusters at once. These partitional clustering
methods are again divided into two categories namely hard and fuzzy [9]. In hard clustering method, each object is assigned to
a single group and in fuzzy method, membership degrees between objects and the different groups of the dataset are introduced
[10]. For hard clustering, K-means is the most popular algorithm, which finds the complexity in finding the optimal clusters sue
to its iterative nature. This approach has a problem that it finds only the suboptimal solution [4].  Further, this approach
considers only the similarities among the objects in a cluster by minimizing the dispersions of the cluster. Also, during the
process of minimizing, it deals with all the features equally. But in real applications, different features have different discrimina-
tive capabilities [1].

Recently,  applying evolutionary  algorithms  or  swarm  intelligence  to optimal  clustering  appears  to  be  a  common  choice
on  solving difficult  clustering  problem [4]. As an example, initially, the optimization algorithm called, GA [12] is applied for
clustering and then, PSO algorithm [13], Artificial Bee Colony [14], Bacterial Foraging Optimization [15], Simulated Annealing
[20], Differential Evolution Algorithm [16], Evolutionary algorithm [17] and Firefly [18] are consequently applied for clustering.
Later, hybrid algorithms did the clustering process on the datasets to make use of the advantages of both the algorithms taken
for hybridization. Here, GA and PSO are combined for the clustering task [19]. The present evolution is using the effective
objective function to find the optimal clustering results using optimization-based centroid estimation or hybridizing the optimi-
zation algorithm for fast estimation of finding cluster results.

In this paper, a clustering method is developed for optimal clustering by alleviating the drawbacks discussed in the previous
section. Here, instead of particle swarm clustering, grey wolf optimizer [24] is utilized after modifying the searching behavior
with exponential model. Thus, a new algorithm, called (EGWO) is newly proposed to search the cluster centroids. Again, a new
objective evaluation is proposed to evaluate centroid estimation behavior using kernel-based distance measure instead of SSD.
In the proposed clustering procedure, input data is read out with user input k value. Then, the proposed EGWO algorithm is
applied with new fitness function to find the cluster centroids. The paper is organized as follows: section II presents literature
review and section III presents the motivation behind the approach. Section IV presents the kernel-based exponential grey wolf
optimizer for rapid centroid estimation. Section V discusses the experimental results and section VI provides the conclusion of
the paper.

2. Literature Review

Literature presents different algorithms for data clustering using optimization algorithms like, particle swarm optimization,
genetic algorithm and firefly algorithm. In [2], cuckoo search algorithm was utilized for data clustering and [3] utilized memetic
algorithm.  Then, two algorithms are hybridized to obtain the effective results as like [4, 5, 7, 8]. Table I presents the recent works
related to clustering and the major advantages with disadvantages.

3. Motivation behind the Approach

3.1. Problem Definition
Let assume that the input database D contains n data objects and every data object is represented with m attribute values. For
example, database D is represented as,  and every data object within the database is indicated as,

. The challenge here is to perform the clustering over the input database to split data objects into
k clusters. The clustering over the input database can be signified as the identification of k centroids which are represented as,

. Here, every centroid is represented with attribute values as like, .

3.2. Challenges
Clustering finds a challenge of searching the optimal centroids which should be optimum to divide the data into k number of
partition. So, clustering problem can be formulated as optimal searching problem. It can be stated that k number of centroids
should be found out from the data space provided for the input data. Recently, the clustering searching problem is solved in [6]
using particle swarm clustering (PSC). In PSC, the centroid estimation was done using the position updating formula developed
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Contribution

Integrating intracluster compact-
ness and intercluster separation
with k-means.

Cuckoo search with kernel-based
objective function

Adaptive Niching
Based Memetic Algorithm

Hybridization of Differential evo-
lution with k-means

Hybridization of kernel clustering
with bee colony optimization

Rapid centroid estimation using
PSO algorithm

Hybridization of single-
passfuzzy c-means (SPFCM) and
progressive sampling

Hybridization of FCM with
improved PSO

Advantages

Robust algorithm and balanced
the intracluster compactness
and intercluster separation.

Capability of changing the con-
dition for various complex task.

Capable to locate suitable clus-
tering solutions with the accu-
rate number of clusters.

More  reliable  and  more  effi-
cient,  especially  in  difficult
tasks.

Kernel  function   increases  clus-
tering  capability.

Potentially helpful for obtaining
solutions in large datasets of
high dimensionality.

Scalable algorithm.

Provide better balance between
exploration and exploitation,
avoiding falling into local minima
quickly.

Disadvantages

K-means is much sensitive
to initial cluster assignment

Traditional cuckoo search
algorithm is sensitive to ex-
ploitation and exploration
problem

Much computational effort
for high dimensional data

Re-cluster assignment of k-
means have a chance of
getting local minimum so-
lutions

Random assignment to
scout bee may have the
chance of getting saturated
results

Fitness function (sum of
squared distance) is found
directly from the data space
which is not much differen-
tiable

Very sensitive to sample size
and selection of sample
data.

Fixing level of cluster
fuzziness  is very challeng-
ing one to get the better re-
sults for different valued
data

Table 1. Literature Review

by them.  Again, the evaluation of every centroid is done using the sum of squared distance. When analyzing the PSC algorithm,
these are challenges are identified to further extend the work.

i) PSC has the possibility to converge in local optimal solutions (or) clusters due to random assignment of weights.
ii) The particle position updation does not include the data characteristics to initiate the cluster centroids so this may become
complex because of wide data distribution, time series characteristics and high dimension
iii) It aims to find the global centroids throughout the process, rather than focusing on initialization part.
iv) The termination strategy has not made the converging procedure to be aware of the quality improvement of centroids.
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v) As per [2], the algorithmic effectiveness is decided by objective function but this work [6] utilizes the Sum of Squared Distance
(SSD) as objective function even though a lot of improved objective functions are presented in the literature.

vi) Also, data space-based objective function affect the convergence performance based on the characteristics of datasets such
as, range of values, dimension, image and data type (integer or floating point).

4. Kernel-based Exponential Grey Wolf Optimizer for Rapid Centroid Estimation in Data Clustering

This section presents the proposed kernel-based exponential grey wolf optimizer for rapid centroid estimation in data clustering.
In the proposed centroid estimation, the existing GWO algorithm is modified with the exponential function to identify the position
of wolf. Also, new objective function is devised to evaluate the position using two parameters called, logarithmic kernel function
and distance difference between two top clusters.  Based on the new objective function and the modified EGWO algorithm,
centroids are encoded as position vectors and the optimal location is found for the final clustering
.
4.1. EGWO: A Modified Algorithm for Optimization
This section presents the proposed EGWO algorithm for clustering of input database. The proposed EGWO algorithm is devel-
oped by modifying the existing GWO algorithm with exponential weighted function. GWO [24] is one of the recent optimization
method developed based on the hunting behaviour of the grey wolves. Here, gray wolves are categorized into four categories
such as, alpha, beta, omega and delta which are the search agents for hunting. The main phases of the GWO algorithm contains
three steps such as, i) tracking, chasing, and approaching the prey, ii) Pursuing, encircling, and harassing the prey until it stops
moving and , iii) Attack towards the prey. These three phases are mathematically modelled for the search optimization problems.

This work aims to adapt the GWO algorithm for clustering as the main objective is to estimate or discovery of centroids for the
given number of clusters.  The existing GWO algorithm update the position of each search agent based on the alpha, bête and
delta agents without assigning the numerical weights. From the definition given in [24], we understand that alpha is the first best
search agent, beta is the second best search agent and delta is the third best agent. But, these best agents are then utilized to
generate new positions by assigning equal importance but the top best agent should have more weightage in the updating
formulae. We consider this problem in the GWO algorithm and the solution is given using exponential function.

The proposed EGWO algorithm is performed using four important steps.

Initialization: The grey wolf population is initialized with a position of q wolves. The elements in the population will be within the
lower and upper bound. The population is represented as, . Also, the coefficient vectors such as, A and C are
initialized with and the component a. Here, a is linearly decreasing from 2 to 0 over the course of iterations.

Fitness: Once the initialization is performed, the fitness is computed for all the search agents using the fitness function. Based on
the fitness function, search agents are categorized into three categories such as, alpha, bête, and delta. Alpha is the search agent
having the best fitness, beta is a search agent having the second best fitness and the delta is the searching segment having third
best fitness function.

Updating of Search Agents: Every search agents are then updated their position based on alpha, beta and delta. The updating of
the population can be done using the following equation in GWO.

(1)

Here, the updating is performed using the same weight age for the three top search agents. In order to give dynamic and
differential weights for alpha, beta and delta-based updating, the proposed EGWO have given the weight parameters as like
below.

(2)

Where,
(3)
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From the above equation, we understand that weightage parameter utilizes the exponential function with the parameters of Px, Py
and Pz. The weightage parameters are usually ranging from 0 to 1. The higher value shows the maximum weightage and the lower
value show the less weightage. The parameters of Px, Py and Pz are computed using the following equation.

From the above equation, we understand that every parameters are updated based on the alpha, beta and delta agents along with
the positions of the current iteration.

The values of A and C are computed utilizing the component a which is linearly decreasing from 2 to 0 over the course of iterations
and r1 & r2 are the random numbers ranging in between 0 to 1.

Once the population is updated using the above mathematical equation, fitness is computed and the alpha, bête and delta are
updated based on the best fitness. Again, the values of a, A and C are also updated based on the following equation.

Termination: The above process is repeated until the number of iteration is less than the user given threshold t and the search
agent having the best fitness or alpha is taken as the final output from the algorithm. The pseudo code of the EGWO algorithm is
given in figure 1.

1 Algorithm: EGWO

2 Input: D→Input database

3 k→Number of cluster

4 Output:

5 Xα→ Best search agent

7 Begin

8 Initialization of grey wolf population  P

9  Initialize  a, A and C

10 While  t < MaxIteration

11 Find fitness of each search agent

12 For each search agent

13  Find Px, Py and Pz.

14 Find Wx, Wy and Wz.

15 Update

16 EndFor

17 Update a, A and C

18 Update  Xα, Xβ  and  Xδ

(4)

(5)

(6)

(7)
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19 t = t + 1

20 EndWhile

21 Return Xα

22 End

4.2. Encoding Partitioning for KEGWO
Encoding of clustering result is important when the optimization algorithm is adapted to perform clustering task. Ultimately, the
clustering task is a process of searching the centroids from the data space to optimally split the data objects. So, clustering task
can be represented by a vector of centroids which have the length of  k*m. Based on this representation, the proposed KEGWO
algorithm can easily found out the centroids from the data space by minimizing the objective function. For example, the original
database having n data objects with m dimensional feature vector is represented in figure 2. If the encoding partitioning of
individuals can be represented with the elements size of k*m. From the figure 2, we understand that individual is k set of centroids
represented as, . The advantage of this encoding mechanism is that it is simple representation of clustering task
and the dimension of the solution for the clustering problem is small than the other representation methods.

Figure 1. Sample encoding mechanism for KEGWO algorithm

4.3. Designing of Fitness Function
The fitness function to evaluate the clustering task is explained in this section. The fitness evaluation of the clustering task is
newly proposed by including logarithmic function and the distance difference between two top clusters. The most common
objective to evaluate the clustering task is to minimize the summation of the minimum distance posed by the relevant clusters.
This can be represented as follows:

(8)

(9)

(10)
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This common functioan is modified here by including the logarithm function and distance difference between two top clusters.
Accordingly, the objective function formulated in this proposed work is given as follows:

The distance value is given to logarithmic function and it is divided from original distance. Then, the difference is taken from the
unity to minimize the objective function.

Along with the minimum distance, the additional parameter called, distance difference between two neighbor clusters is found out
and it divided from the maximum distance. This difference should be high for better clustering task. So, the difference of the
resultant and the unity is found out to minimize the objective. Then, this objective is also multiplied with the distance parameters
to find the objective value for the clustering results.

Where,  is Euclidean distance between the data object xij and centroid  is Euclidean distance between

the data object xij and centroid which is the second best centroid  for the input data objects xij,

4.4. Optimal Clustering using KEGWO
The proposed KEGWO and the fitness function are utilized to perform data clustering task by optimally finding the cluster
centroids.

Step 1: Preprocessing:  In the first step, input dataset is read out and the class attribute is separated from the original data space.
Then, missing data values are replaced with mean value to further make the dataset for doing the clustering task.

Step 2: Searching cluster centroids using KEGWO algorithm: Once the dataset is prepared for the clustering task, the prepro-
cessed data and number of cluster required is given as the input for the KEGWO algorithm. At first, individuals are randomly
initialized within the search space. Then, the fitness function is used to evaluate the individuals and the updating of search agents
is performed continuously until the maximum number of iterations is reached. Out of all the iterations, the best individuals having
the minimum fitness function is selected.

Step 3: Perform clustering: Once we identify the centroids from the best individual, partitioning is performed by finding the
distance among the centroids and data objects. The centroid having the minimum distance for the input data objects is identified
and the corresponding data objects are grouped together.

5. Results and Discussion

This section presents experimental validation of the clustering algorithms. In order to handle with, evaluation metrics and dataset
taken for the validation of the clustering algorithms is explained with full description. Then, detailed experimental results are given
with graphs and the corresponding discussion is given in this section.

5.1. Experimental Set up
a) Dataset Description: The two datasets such as, banknote authentication Data Set and iris are taken from UCI machine

(11)

(12)

(13)

(14)
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learning repository [23]. Banknote authentication dataset (D1): This data was collected from images that were acquired from
genuine and forged banknote-like specimens. An industrial camera frequently utilized for print inspection was utilized for digiti-
zation of the image taken in the size of 400x 400 pixels. In order to extract features from the images, wavelet transformation was
used. The attributes taken are, variance (continuous), skewness (continuous), curtosis (continuous) from the wavelet image and
entropy of image (continuous) and class (integer). Iris (D2): Iris is one of the popular databases widely used in pattern recognition
literature. This data consists of 50 instances for every class. This data totally contains 150 data instance with 3 classes which
indicates the type of iris plant. Also, the total number of considered attributes is four with one class attribute.

b) Evaluation Metrics: We utilized four performance metrics such as, MSE, F-measure, Rand co-efficient and jaccord coefficient.
The definitions are given as follows:

Let C the set of clusters to be evaluated, L the set of categories (reference distribution) and n the number of clustered items. Then,
F-measure is computed as follows:

Here, SS, SD, DS, DD represent the number of possible pairs of data points where,

SS: both the data points belong to the same cluster and same group.

SD: both the data points belong to the same cluster but different groups.

DS: both the data points belong to different clusters but same group.

DD: both the data points belong to different clusters and different groups.

c) Parameters Fixed: The clustering algorithms are written in MATLAB programming (Version: R2014a) and the results are taken
after running with a system of having 2.2GHz Intel (R) Core (TM) i5 CPU with 4GB RAM. For EGWO algorithm, the parameters are
fixed as like, q = 10 and t =50.

(15)

(16)

(17)

(18)

(19)

(20)

(21)

(22)

(23)
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5.2. Experimental Results
Figure 3 shows the clustered results of two datasets along with its original data visualization. The bank data is directly visualized
in figure 3.a and the clustering output of the proposed EGWO is also shown in figure 3.b. The iris data is visualized in figure 3.c
and the clustering results are shown in figure 3.d. From the figure 3.b, the dataset are clearly partitioned without much overlapping
among the clusters. Also, iris data is also separated into compact way without much overlapping among the clusters even though
the number of cluster is large.

       (a) (b)

       (c) (d)

Figure 3. Visualization of results

5.3. Analysis the Performance of Search Algorithm
This section analyzes the performance of the search algorithm through convergence graph. Figure 4.a shows the convergence
graph of PSC, mPSC, EWO and EGWO in bank data. From the figure 4.a, we understand that the convergence is steeply
decreasing for the proposed algorithm. In the PSC, the performance is decreased from 10669 to 10369 for 50 iterations but the
performance of mPSC is constant for all the 50 iterations. For GWO, the fitness is decreased from 11307 to 4953 for 50 iterations.
These three algorithms utilized the sum of squared distance as fitness function. But, the proposed algorithm utilized the proposed
fitness function as objective criteria to evaluate the clustering algorithm. Here, fitness function is decreased from 896.31 to 895.8.
Figure 4.b shows the convergence graph of PSC, mPSC, EWO and EGWO in iris data. Here, the performance is constant from first
to 50 iterations without showing the fitness deviation. But, GWO and EGWO show the performance variation from first to last
iterations. The fitness value of EGWO is decreased from 94.8535 to 94.8523 for the 50 iterations. For the GWO algorithm, the
fitness is decreased from 301.8220 to 105.4527. This analysis on both the datasets ensured that the proposed EGWO shows the
better performance in terms of convergence graph compared with other existing algorithms.
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Figure 4. Convergence graph

Figure 5 shows the performance analysis of the clustering algorithms through the sum of squared distance (MSE). The size of
clusters is varied from 2 to 11 and the best values among the 50 iterations are used to plot the graphs. Figure 5.a shows the MSE
of bank data. From the figure, we understand that the proposed EGWO is better than the other existing algorithm by showing the
minimum value. For some cases, EGWO and GWO behaved similarly by reaching the same value. When the number of cluster is
equal to two, GWO and EGWO obtained the same value of 7247 but the existing mPSC obtained the value of 18812. The lowest
performance is achieved by the EGWO is 4840. The figure clearly indicates that PSC and mPSC behaved almost similar and GWO
and EQWO behaved almost similar. This ensured the extension and their root algorithms show the similar performance with little
deviation. Figure 5.b shows the performance analysis of the proposed algorithm and existing algorithms in two datasets using
MSE. From the graph, we understand that the better performance of 103.28 is reached by the proposed EGWO algorithm when the
cluster size is fixed to four. Here, the existing PSC, mPSC and GWO algorithm obtained the value of 230.88, 231.82, 103.28.

Figure 5. Sum of squared distance

5.4. Analysis the Performance of Clustering
This section presents the analysis of the clustering algorithm using three different metrics like f-measure, jaccord coefficient and
rand coefficient in both the datasets. Figure 6.a shows the performance of four clustering algorithms on bank dataset. When the
cluster size is fixed to 10, the PSC, mPSC, GWO and EGWO algorithm obtained the value of 66.33%, 64.5%, 78.57% and 90.96%.
Also, when the cluster size is fixed to two, the proposed EGWO obtained the higher value of 65.38% when compared with other
existing algorithms. For some cases, GWO and EGWO show the similar performance in terms of f-measure. This graph ensures
that the proposed EGWO outperformed the existing algorithms. Figure 6.b shows the performance analysis of the clustering
algorithms on iris data through f-measure. The size of clusters is varied from 2 to 11 and the best values among the 50 iterations
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are used to plot the graphs. From the figure, we understand that the proposed EGWO is better than the other existing algorithm
by showing the higher value. For some cases, EGWO and GWO behaved similarly by reaching the same value.

Figure 6. F-measure

Figure 7 shows the performance of the clustering algorithms on bank and iris data in rand coefficient. From the figure 7.a, we
understand that the proposed EGWO shows either better performance or similar performance while compared with GWO
algorithm. The proposed EGWO obtained the value of 54.70% for the cluster size of two. The better performance of 62.64% is
achieved when the cluster size is equal to ten by the proposed EGWO but the existing PSC, mPSC and GWO obtained the values
of 52.84%, 51.70% and 55.06%. Overall, the proposed algorithm outperformed the existing PSC and mPSC algorithms by showing
the better performance. Figure 7.a shows the performance of four clustering algorithms on iris dataset. When the cluster size is
fixed to 11, the PSC, mPSC, GWO and EGWO algorithm obtained the value of 59.38%, 77.66%, 84.36% and 84.36%. Also, when
the cluster size is fixed to two, the proposed EGWO obtained the higher value of 77.19% when compared with other existing
algorithms. For some cases, GWO and EGWO show the similar performance in terms of rand coefficient. This graph ensures that
the proposed EGWO outperformed the existing algorithms

Figure 7. Rand coefficient

Figure 8 shows the performance analysis of the proposed algorithm and existing algorithms in two datasets using jaccord
coefficient. From the graph, we understand that the better performance of 49.94% is reached by the proposed EGWO algorithm
when the cluster size is fixed to four. Here, the existing PSC, mPSC and GWO algorithm obtained the value of 49.94%, 48.97%,
33.10%.  From the figure 8.b, we understand that the proposed EGWO shows either better performance or similar performance
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while compared with GWO algorithm. The proposed EGWO obtained the value of 54.70% for the cluster size of two. The better
performance of 73.70% is achieved when the cluster size is equal to eight by the proposed EGWO but the existing PSC, mPSC and
GWO obtained the values of 32.61%, 59.51% and 73.70%. Overall, the proposed algorithm outperformed the existing PSC and
mPSC algorithms by showing the better performance

Figure 8. Jaccord coefficient

5.5. Discussion
Table 2 shows the summary of the best performance of all the four clustering algorithms in dataset 1 and dataset 2. This table is
derived by finding the best performance of the algorithm for the different values of cluster size. For dataset 1, the proposed EGWO
algorithm obtained the value of 91.25% but the existing algorithms like PSC and mPSC obtained values of 67.13% and 80.03%. In
terms of rand coefficient, the proposed EGWO algorithm obtained the value 62.64% but the existing GWO algorithm obtained the
value of 62.27%. Similarly the performance metrics of jaccord for the PSC, mPSC, GWO and EGWO are 49.94%, 49.10%, 37.89% and
49.94%. The best MSE reached by the proposed algorithm is 4840 which is less as compared with PSC and mPSC algorithms.
Similarly, the summary of performance metrics for the dataset 2 is given in table II. Here, the proposed EGWO and its root algorithm
called, GWO showed the similar performance in all the metrics considered. These two algorithms outperformed the existing
algorithm in f-measure, rand-coefficient and jaccord coefficient and MSE.

Dataset 1                           Dataset 2

F-         Rand Jaccord F-        Rand Jaccord
measure    coeficient  coefficient MSE measure    coeficient coefficient MSE

PSC 67.13        54.46 49.94 9152 66.67         77.63 59.51 230.88

mPSC 80.03        60.73 49.10 8153 80.0         81.21 59.51 231.8

GWO 89.21        62.27 37.89 4840 91.33         89.88 73.70 103.2

EGWO 91.25         62.64 49.94 4840 91.33         89.88 73.70 103.2

Table 2. Best Performance of Algorithms

6. Conclusion

In this paper, we have presented a new algorithm, called (EGWO) to search the cluster centroids within the data space. Here, the
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existing GWO algorithm is modified with the exponential function to identify the position of wolf. The evaluation of the position
vectors is done with new objective function which is proposed including logarithmic kernel function and distance difference
between two top clusters along with minimum distance. The proposed KEGWO and the fitness function are utilized to perform
data clustering task by optimally finding the cluster centroids. Finally, two dataset such as, banknote authentication data and iris
data are utilized to perform the experimental evaluation of the proposed algorithm using MSE, F-measure, Rand co-efficient and
jaccord coefficient. The performance of the proposed EGWO algorithm is analyzed with respect to the effectiveness of search
algorithm and clustering task by comparing with existing algorithms such as PSC, mPSC and GWO. From the results, we proved
that the proposed clustering algorithm outperformed in all the metrics while comparing with other existing algorithms. In future,
this algorithm can be extended with multi-objective search for better task of clustering.

References

[1]  Huang, Xiaohui.,  Ye, Yunming., Zhang, Haijun . (2014). Extensions of Kmeans-Type Algorithms: A New Clustering Framework
by Integrating Intracluster Compactness and Intercluster Separation, IEEE Transactions on Neural Networks and Learning
systems, 25 (8)  1433-1446.
[2] Binu, D. (2015). Cluster analysis using optimization algorithms with newly designed objective functions, Expert Systems with
Applications, 42 (14) 5848–5859.
[3] Weiguo Sheng., Shengyong Chen., Michael Fairhurst.,Gang Xiao., and Jiafa Mao. (2014). Multilocal Search and Adaptive
Niching Based Memetic Algorithm With a Consensus Criterion for Data Clustering, IEEE Transactions on Eevolutionary Com-
putation, 18 (5) 721-741, OCTOBER 2014.
[4] Josef  Tvrdík., Ivan  Krivy. (2015). Hybrid  differential  evolution  algorithm  for  optimal  clustering, Applied  Soft  Computing,
35, p. 502–512.
[5] Kuo, R.J., Huang, Y.D., Lin, Chih-Chieh.,  Wu, Yung-Hung.,  Zulvia, Ferani E.. (2014). Automatic Kernel Clustering with Bee
Colony Optimization Algorithm, Information Sciences, 283, p.107–122.
[6]  Yuwono, Mitchell.,  Su, Steven W.,  Moulton, Bruce D., Nguyen, Hung T. . (2014). Data Clustering Using Variants of Rapid
Centroid Estimation, IEEE Transactions on Evolutionary Computation, 18 (3) 366-377.
[7] Jonathon K. Parker., and Lawrence O. Hall. (2014). Accelerating Fuzzy-C Means Using an Estimated Subsample Size, IEEE
transactions on fuzzy systems, 22 (5) 1229-12445.
[8]  Silva Filho, Telmo M., Pimentel,  Bruno A.,  Souza, Renata M.C.R.,  Oliveira, Adriano L.I. (2015). Hybrid methods for fuzzy
clustering based on fuzzy c-means and improved particle swarm optimization, Expert Systems with Applications, 42 (17-18)  6315–
6328.
[9] Xu, R., Wunsch, D. I. (2005). Survey of clustering algorithms, IEEE Transactions on Neural Networks, 16 (3) 645–678.
[10] Pal, N., Pal, K., Keller, J., Bezdek, J. (2005). A possibilistic fuzzy c-means clustering algorithm, IEEE Transactions on Fuzzy
Systems, 13 (4) 517–530.
[11] Jain, A. K. (2010). Data clustering: 50 years beyondk-means, Pattern Recognit. Lett., 31 (8) 651–666.
[12] Mualik, U., Bandyopadhyay, S. (2002). Genetic algorithm based clustering technique, Pattern Recognition, 33,  1455–1465,
2002.
[13] Premalatha, K., Natarajan, A. M. (2008). A new approach for data clustering based on PSO with local search, Computer and
Information Science, 1 (4) 2008.
[14] Zhang, C., Ouyang, D., Ning, J. (2010). An artificial bee colony approach for  clustering, Expert Systems with Applications, 37,
4761–4767.
[15] Wan, M., Li, L., Xiao, J., Wang, C., Yang, Y.  (2012). Data clustering using bacterial  foraging optimization, Journal of
Intelligent Information Systems, 38 (2) 321–341.

[16] Das, S., Abraham, A., Konar, A.  (2008). Automatic clustering using an improved differential evolution algorithm, IEEE
Transactions on Systems, Man, and  Cybernetics – Part A: Systems and Humans, 38 (1) 218–237.

[17] Castellanos-Garzón, J. A., Diaz, F. (2013). An evolutionary computational model  applied to cluster analysis of DNA microarray
data, Expert Systems with  Applications, 40  (7) 2575–2591, 2013.

[18] Senthilnath, J., Omkar, S. N., Mani, V. (2011). Clustering using firefly algorithm: Performance stud, Swarm and Evolutionary



   22                                 Journal of E - Technology   Volume   11   Number   1   February  2020

Computation, V. 1, p. 164–171.

[19] Kuo, R. J., Syu, Y. J., Chen, Z. Y., Tien, F. C. (2012). Integration of particle swarm  optimization and genetic algorithm for
dynamic clustering, Journal of  Information Sciences, 19, 124–140.

[20] Selim, S. Z., Alsultan, K. (1991). A simulated annealing algorithm for the clustering  problem, Pattern Recognition, 10 (24)
1003–1008.

[21] Pavel Berkhin. (2002).  Survey Of Clustering Data Mining Techniques, 2002.

[22] Yasodha, M., Mohanraj, M. (2011). Clustering Algorithms for Biological Data - A Survey Approach, CiiT journal of data
mining and knowledge engineering, 3 (3).

[23] Datasets from “http://archive.ics.uci.edu/ml/”.

[24] Mirjalili, Seyedali., Mirjalili, Seyed Mohammad.,  Lewis, Andrew (2014). Grey Wolf Optimizer, Advances in Engineering
Software, 69, p 46–61.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


