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Abstract

Grey wolf optimizer (GWO) is known as one of the recent popular metaheuristic algorithms
inspired from the social collaboration and team hunting activities of grey wolves in nature.
This algorithm benefits from stochastic operators, but it is still prone to stagnation in local
optima and premature convergence when solving problems with a large number of variables
(e.g., clustering problems). To alleviate this shortcoming, the GWO algorithm is hybridized
with the well-known tabu search (TS). To investigate the performance of the proposed hybrid
GWO and TS (GWOTY)), it is compared with well-regarded metaheuristics on various cluster-
ing datasets. The comprehensive experiments and analysis verify that the proposed GWOTS
shows an improved performance compared to GWO and can be utilized for clustering appli-
cations.
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1 Introduction

Nature-inspired algorithms mostly fall under a wider umbrella of optimizers called meta-
heuristics. In the last two decades, there has been an increased interest in the applications
of metaheuristics in different machine learning tasks such as optimizing the learning pro-
cess of classification and clustering algorithms [10,48]. In fact, metaheuristics have shown
high capability in finding satisfactory solutions for challenging problems in a very reason-
able time [1,19,49]. There are mainly two types of metaheuristics: population-based and
trajectory-based algorithms [9,20,29,31,32,50,53]. The former type relies on generating a
set of possible solutions for a given problem and improving those solutions using different
operators to find an acceptable solution.

The population-based algorithms try to make a balance between exploring different regions
of the search space (exploration) and local search (exploitation). Achieving a good trade-off
between these two conflicting processes is necessary to obtain better optimization results for
challenging problems [28,30]. In contrast to population-based algorithms, trajectory-based
algorithms rely on updating just a single solution in their optimization cycle. Due to the nature
of trajectory-based algorithms, local search around possible optimal solutions is promoted.

Popular examples of population-based metaheuristics are genetic algorithms (GA) [17],
particle swarm optimization (PSO) [41], differential evolution (DE) [70], while some popular
examples of trajectory algorithms include tabu search (TS) [22] and simulated annealing (SA)
[43].

An important application of nature-inspired algorithms is in the field of clustering. Clus-
tering can be considered as one of the most common unsupervised machine learning tasks.
It is described as partitioning a set of unlabeled data instances into several subgroups (i.e.,
clusters), where points in the same subgroup are expected to have some similar pattern
or behavior and be different from other points in other subgroups. Clustering has a wide
spectrum of real-world applications like in spatial analysis, location-based services, trans-
portation, text analysis, marketing, engineering, and image segmentation [34,77]. Although
clustering is important in many applications, the problem is difficult to solve as an NP-hard
problem.

There is a large number of proposed algorithms for data clustering in the literature. Most of
these algorithms fall mainly within one of two categories: hierarchical clustering algorithms
and partitional clustering algorithms. Hierarchical methods can cluster the data by merging
smaller clusters into larger ones (agglomerative approach) or by splitting large clusters into
smaller ones (divisive approach). On the other hand, partitional methods cluster data directly
into disjoint clusters, while optimizing evaluation criteria over a predefined number of iter-
ations [6,8,12]. Example of such criteria is to minimize the within-cluster sum of squares
in the popular k-means partitional clustering algorithm. Main advantages of the partitional
clustering algorithms are the simplicity and low computational cost. However, the main dis-
advantages of most partitional clustering algorithms are a high dependency on the initial
solution and the probability of being trapped in local optimum solutions.

The problems of partitional clustering have been tackled in the literature in numerous
studies. Researchers have proposed different approaches to overcome these problems. One
of these popular approaches is the nature inspired based on partitional clustering [4,55]. In
this work, one of the main contributions is to develop an effective clustering algorithm using
the nature-inspired algorithm.

One of the recent metaheuristic algorithms that have gained remarkable attention in the
optimization community is the grey wolf optimizer (GWO) algorithm. GWO was first pro-
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posed in 2014 by Mirjalili et al. in [54]. The GWO mimics the ideal hunting behaviors of wolf
packs. Since the release of its code in MATLAB and Python [18,54], the GWO has demon-
strated very promising results when applied in various real-world applications [44,52,69].
Some of its advantages include its simplicity, few parameters to tune, unique population
hierarchy, and the smooth transition from the exploration phase to the exploitation.

This paper presents a new hybrid approach based on GWO and the trajectory-based search
algorithm TS for clustering. In this work, we have made the following key contributions:

— The proposed hybrid approach makes the use of TS to enhance the efficacy and the
balance between the exploratory and exploitative behaviors of the GWO algorithm. To
achieve this goal, the TS algorithm is deployed as an operator in GWO to search the
neighborhood of the leaders.

— The hybrid GWO with trajectory TS algorithm is proposed for the first time to solve the
partitional clustering tasks.

— The proposed algorithm has been tested on real datasets with different settings and char-
acteristics to demonstrate its effectiveness and quality of solutions.

The method proposed in this paper has some potential advantages compared to previous
population-based clustering methods: first, it has a higher local optima avoidance potential in
the case of stagnation problems. The proposed GWO-based method can perform a more stable
balance between exploratory and exploitative trends compared to the conventional methods
and other comparable evolutionary methods with a leadership structure. Second, this method
is locality-informed approach; that is, in the case of finding a high-quality solution, it can
deeply scan the neighborhood regions with a structural step-by-step process based on well-
known TS algorithm. Third, in view of the diversification and intensification mechanisms, this
method utilizes a TS-based strategy to exploit the neighborhood of the leader wolves, which
enrich the quality of cluster vectors found in previous stages. As this is the core engine of the
proposed clustering method, all exploitative advantages are valid for partitional clustering
scenarios.

This paper is structured as follows: Sect. 3 briefly describes the preliminaries of this
work including the TS and GWO algorithms. In Sect. 5, the details of the proposed GWOTS
for clustering problems are provided. The experiments and results are presented in Sect. 6.
Finally, the findings of this work are reported and some possible research directions are
suggested in Sect. 7.

2 Background

Evolutionary clustering-based algorithms are considered as one of the most successful and
applied types of clustering techniques in the last two decades. One of the earliest examples of
this type is GA-based evolutionary clustering. Maulik and Bandyopadhyay [51] developed
a new clustering technique based on genetic algorithm (CGA) in 2000. The exploratory and
exploitative traits of GA were employed to discover the best centroids. The attained results
verified that CGA can outperform the traditional K-means technique. Agusti et al. [2] also
proposed another version of GA called grouping GA (GGA). GGA is developed based on
applying the grouping encoding and evolutionary crossover and mutation operators on the
clustering process. The efficiency of the GGA shows that it can attain competitive accuracies.
Other variants are also available in [13,14,61,64]. A particle swarm optimization (PSO)-based
clustering approach was developed in [74]. The searching capabilities of PSO were utilized
to obtain the best clusters. To utilize the merits of PSO like fast convergence speed in early
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steps, [3] proposed a hybrid variant of PSO and K-means techniques. Parallel implementa-
tion of PSO-based clustering method was introduced in [5-8,26] proposed an evolutionary
clustering strategy according to the searching merits the firefly algorithm (FA). In this paper,
they proposed a hybrid FA-K -means technique. [47] proposed another evolutionary-based
approach to tackle 2D spatial datasets. The assessment and comparisons revealed promising
results for this technique.

In [66], ant colony optimization (ACO) was utilized to realize the best clusters. The results
revealed the superior capabilities of this method compared to previous works. Aljarah and
Ludwig [7] utilized glowworm swarm optimization (GSO) to realize the clustering tasks. In
this work, the CGSO was modified and three objectives were employed to find several best
centroids inside the solution space. The experiments revealed that CGSO-based technique can
outperform four well-established algorithms on used datasets. In [58], a new swarm-based
clustering technique has been developed based on binary artificial bee colony (BABC). Their
motivation was to propose a new solution generation approach for dynamic clustering tasks
in an effective manner based on a series of similarity metrics. Shukri et al. [68] also proposed
evolutionary static and dynamic clustering techniques based on multi-verse optimizer (MVO).
The MVO-based methods validated using 12 problems and the performance of this approach
compared to several classic and population-based clustering strategies. The obtained results
revealed that static and dynamic MVO-based solvers can beat other competitors on used
datasets.

The GWO has also been utilized to deal with clustering scenarios. Fahad et al. [16] pro-
posed a GWO-based clustering approach to deal with vehicular ad hoc networks (VANETS).
The results show the improved results compared to some advanced variants of PSO such as
comprehensive learning PSO (CLPSO). Katarya and Verma [39] proposed a movie-based
collaborative recommender technique that employs the GWO and fuzzy c-mean (FCM) clus-
tering approach to predict the score of an item for a customer with regard to his historical
activity and similarity measures. Kumar et al. [45] proposed a GWO-based technique for
clustering problems. The results were compared with different metaheuristic methods such
as GA and PSO, and the outcomes of the simple GWO-based method were satisfactory.
Kapoor et al. [37] also developed a GWO-based clustering method to deal with satellite
image segmentation problems. For clustering analysis, Zhang and Zhou [78] hybridized the
basic GWO with Powell local search, which is called PGWO, and the clusters revealed
the superior results of PGWO. To deal with large-scale scenarios, Tripathi et al. [73] pro-
posed a map-reduce-based modified GWO (MR-EGWO). Simulation results verified that
the developed MR-EGWO can show a promising performance. All aforementioned studies
on GWO-based approaches agree on the high potential and satisfactory performance of the
conventional GWO in tackling clustering datasets.

There are also some other nature-inspired algorithms utilized for clustering objectives that
can be read in [5,25,27,56,65].

3 Preliminaries
3.1 The GWO algorithm
The GWO is a recent swarm intelligence (SI) technique that was originally proposed by

Mirjalili et al. [54]. The GWO has been successfully applied to many optimization problems
[33,35,42]. The main inspiration of this algorithm came from the social behavior of the grey
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wolves and their dominant hierarchy. In nature, wolves can often be seen in the packs with
5 to 12 individuals on average. Usually, two wolves (a dominant wolf and his mate) lead
the folk, which is called alpha («), and other pack’s adult wolves follow them in the second
level, which is called beta (8), while delta (§) wolves come at the third level. Other wolves
come in the lowest level and are called omega (w). Alpha wolves are often responsible for
guiding the hunting attacks, decision making for the main activities of the pack such as
hunting, maintaining discipline, sleeping places, and waking time. Beta classes play the role
of the advisors for alpha wolves and send the feedback from the other wolves to them. Delta
members are responsible for guarding and protecting the pack from any danger, and delta
group contains the scouts, sentinels, elders, hunters, and caretakers. Group hunting is another
interesting behavior of the grey wolves. Wolves first track, chase, and approach a prey, and
then, they pursue encircle and harass it until it stops moving. Finally, the wolves attack the
stationary prey.

The social intelligence of grey wolves and their hunting mechanisms (tracking, encircling,
and attacking the prey) are mathematically modeled to design the GWO algorithm. The social
behavior is mathematically modeled to solve various problems by assigning the fittest solution
of the population as o and the next two best solutions as 8 and §, respectively. The remaining
solutions in the population are called w. The hunting process is modeled by simulating two
processes: encircling a prey and then hunting it.

3.2 Encircling a prey

Encircling a prey by the hunters is the first step in the hunting process. The distance between
each wolf and the prey can be modeled as in Eq. (1)

- = —
IC - X p(t)— X (1] (1)
2.7 2)

ol ol
I

where 7() p(t) indicates the position vector of the prey, 7() p(t) indicates the position vector
of a wolf, and ¢ indicates the iteration. C is calculated as in Eq. (1), and 7{ is a random
vector (of the same dimensions as 7 p(t) and 3() p(t)) in the interval [0, 1]. The - between
E’) and 7() p(t) means corresponding componentwise multiplication.

3.3 Hunting a prey

When hunting a prey, wolves should get closer to the prey. Based on the distance of each
%
wolf to the prey [ D in Eq. (1)], the next move of a wolf can be modeled as in Eq. (3).

— — - —
X(t+)=Xp@t)—A-D 3)
A=23-7-7 4)

where @ should be linearly decreased from 2 to O over the optimization, and r; is a random
vector inside [0, 1].

Regarding the social hierarchy of wolves, the best three hunters suppose to have more
knowledge for determining the location of the prey more than the wolves in the @ group.
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Therefore, all wolves should update their positions according to the positions of «, 8, and §.
The distance between any wolf and the leaders of the pack can be calculated using Eq. (5).

— - = —
Da=|Cl'Xot_X|a
— - = —
Dpg=|Cy- Xp— X|, 5)
— - = —
Ds=1C3- Xs5s— X|

).

— — —
X1=Xa_A1'(Da)a
— — -
Xo=Xpg— Ar-(Dp), (6)
— — -7 >
X3=Xs5s— A3-(Dy)
X+ X2+ X
%
X(t—}-l):% )

By repeating the encircling and hunting operators, the best location (prey) can be located.

As shown in Eq. (4), decreasing the values of @ from 2 to 0 means that the values of A
are random numbers in the interval [—2a, 2a]. When the values of 1_4) are inside [— 1, 1],
then a search agent can update its position to any location between his current position and
the prey’s position. The motions of wolves when |A| < 1 or |A| > 1 are shown in Fig. 1.
The 3D view of motion is also depicted in Fig. 2. When |A| > 1, the wolves will check the
unexplored space for finding any better preys. Hence, |A| > 1 has an effective role during
the exploration phase of the GWO. It encourages all agents to still search the entire space
in the first half of iterations for exploring better areas nearby the optimum. When |A| < 1,
the wolves try to focus on the observed prey; hence, it assists the GWO in exploiting the
neighborhood of solutions. It can decrease the size of jumps around the prey. The C vector
also assists GWO during all iterations in escaping from the local optima (LO) in the situation

(XPaY)
If |4/<1 If |4[>1

(Xp,Yp) (XP'X’Y) (X1 / Location of

Location of the wolves

prey essar) o 'S
2Dy ) e o Previous
(Xp-X,Yp) L %@ (X, Yp) locations

w-xxn S B curey

(Xp,Yp-Y)

Fig. 1 Effect of A on the direction of motions
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Fig.2 3D motion of agents around the victim

of immature convergence. It enriches the random behaviors of GWO in dealing with more
multifaceted landscapes. GWO intrinsically pulls all wolves toward the prey, which promotes
exploitation. The random vectors can help GWO to make an effective transition from global
to local searching phase. The pseudocode of the GWO is presented in Algorithm 1.

Algorithm 1 Pseudocode of the GWO

set the maximum number of iterations L
Initialize the population X; (i = 1,2,...,n)
Initialize a, A, and C
Calculate the fitness of wolves
X« = the best search agent
Xp = the second best search agent
X = the third best search agent
while (t < L) do
for each search agent do
Update the position of the current search agent by Eq. (5)
end for
Update a, A, and C
Calculate the fitness of all search agents
Update Xo , Xg and X5
t=t+1
end while
return Xy

3.4 Tabu search (TS)

Tabu search (TS) is a metaheuristic algorithm that was originally proposed by Fred Glover
[21]. The main feature of TS is that it uses an adaptive memory (called tabu list) to avoid
returning to recently visited solutions to prevent the search from stacking at the local optima
[72]. A key element of the tabu list is to create a balance between search exploration (diversi-
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fication) and exploitation (intensification) [23]. Exploitation strategies are based on searching
the attractive regions in the search space (the neighborhood of good solutions). Exploration
strategies, on the other hand, aim to explore new regions in the search space that were not
examined in the search process previously.

TS behaves like a hill-climbing algorithm (local search), but it accepts non-improving
solutions to escape from local optima [22]. In TS, usually the whole neighborhood is explored
and the best moves that improve the best solution so far are selected. In each iteration of the
simple TS algorithm as shown in Algorithm 2, many trial solutions are generated in the
neighborhood of the best solution. This generation process is designed to avoid the recently
visited solutions. The best trial solution will be adopted as the next solution. The TS can be
terminated if the number of iterations without any improvement exceeds a predetermined
maximum iteration number. There are several works that hybridized the TS as a local search
strategy with other optimizers such as PSO [67], SA [57], and ant colony optimization (ACO)
[38].

Algorithm 2 Pseudocode of Tabu Search (TS)

¥

Spest = Sol*Construct Initial Solution
bestCandidate = Spegy
TabuList < [ | |*Initialize TabuList™|
while (NOT StoppingCondition ()) do
Generate candidate solutions in the neighborhood of S,
set Scandidate as the first candidate in the Sy, Neighborhood
for (Scandidate I Spest Neighborhood) do
if (Scandidate NOT in TabuList AND fitness(Scandidate) > fitness(best Candidate)) then
bestCandidate < Scandidate
end if
end for
if (fitness(bestCandidate) > fitness(Spesr)) then
Shest <— bestCandidate
end if
Update T'abuList (push the bestCandidate)
if (tabuListSsize > maxTabulListSize) then
Remove the first element from the TabuList
end if
end while
return Speg;

4 The proposed hybrid GWOTS

The efficacy of the GWO is highly affected by its exploratory factors and exploitative hunting
motions. It has a sufficient exploration potential and can find high-quality solutions compared
to several well-established optimizers. When the algorithm explores a series of fruitful loca-
tions that have more chance to be the global best, the exploitation mechanism of GWO helps
it to further focus on those solutions. However, if the wolves move toward the leader wolves
during exploitation, it cannot scan the neighborhood of leader before updating all wolves
in their direction. This situation happens when the algorithm needs a deep exploitation with
occasional ‘jumps,’ but it cannot further increase the quality of solutions. After that, the algo-
rithm cannot focus on exploitation of the neighborhood of best wolves found so far, which
decreases the convergence rate and optimality of final results.
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In GWO, the movement of w wolves (the whole population except the leaders) highly
relies on the situations of the leaders ¢, f, and §. Since alpha, beta, and delta are selected to
be the best three solutions obtained so far over the course of iterations, the leaders tend to
converge to the same solution that might result in trapping in a location solution. To alleviate
this drawback, a TS-based effective operator is considered here to be integrated into the
GWO.

The key idea behind the hybrid GWOTS is to utilize the concept of adaptive memory in
TS for discovering the neighborhood of each leader before updating the positions of the rest
of the pack. Therefore, the TS algorithm is applied only to the locations of the leader wolves.
The GWOTS is equipped with the adaptive memory and responsive exploration advantages
of the TS. The role of the new TS-based operator is as an exploratory local search (ELS) that
first receives a position of a leader. Then, it starts searching some attractive regions in the
neighborhood space of the received position while considering a tabu list of recently visited
positions to avoid returning of GWOTS to them, which consequently prevents the search
from stacking at local solutions and goes toward better solutions. The movement mechanism
of GWOTS is also demonstrated in Fig. 3.

Due to the use of TS inside the main GWOs loop, its computational complexity directly
impacts that of GWO. The computational complexity of GWO is of O(r;dn?), where 1,
indicates the number of iterations, d is the number of variables, and n shows the number
of solutions. In addition, the computational complexity of the tabu search (TS) is of O(t2s),
where 1, is the number of iterations and s is the neighborhood size. TS is run in each iteration
for three of the GWO solutions, so the overall complexity is O(¢1 (25 + dnz)). Note that the
cost of objective function has not been considered in this complexity analysis since it highly
depends on the problem. The pseudocode of the GWOTS is presented in Algorithm 3.

The following remarks can explain why the GWOTS can potentially demonstrate a better
efficacy compared to the GWO:

— The GWOTS is able to show a faster convergence rate because it has an enhanced TS-
based local search engine and can explore more promising solutions from the vicinity of
leaders in each hunting phase.

— The simultaneous use of the unique local searching capacities of TS within the exploration
and exploitation phases of the GWO can constructively lead to improved results and
performance.

— The utilized TS-based operator can avoid the GWO from cycling drawback. The reason
is that it can guide the agents toward some trial positions in the vicinity of leaders, which
assists the proposed GWOTS in avoiding the recently visited locations.

— In GWOTS, the leaders are guided to reach to the better local choices around them using
the info collected throughout the hunting process.

— The use of TS within the GWO as a local search engine allows the hybrid algorithm to
preserve the diversity of wolves and prevent leading to deceptive local solutions.

5 GWOTS for clustering

In this section, the GWOTS is evaluated and applied to the clustering task. The proposed
GWOTS-based clustering approach aims to formulate the clustering problem as an optimiza-
tion problem by following the same concept of the partitional clustering-based algorithms.
The main objective of the GWOTS is to distribute some of the data instances into a number
of predefined groups. In the proposed algorithm, the GWOTS tries to locate the optimal
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Neighborhood locations X(t+1)

using the TS

X
.. . . N
Initial locations N
using GWO %)
4@ %

Current location
of'a wolf

X(0)

Fig.3 The 3D motion of wolves in GWOTS

Algorithm 3 Pseudocode of GWOTS

Initialize the grey wolf population X; (i =1,2,...,n)
Initialize a, A, and C
Calculate the fitness of each search agent
X« = the best search agent
Xp = the second best search agent
X5 = the third best search agent
while (¢ < Max number of iterations) do
for each leader in ( X , Xg and X5) do
Update the position of the leader agent by Algorithm 2 > Call Algorithm 2
end for
for each search agent do
Update the position of current search agent by Eq. (5)
end for
Update a, A, and C
Calculate the fitness of all search agents
Update Xy , Xp and X
t=t+1
end while
return Xy

centroid for each group in such a way that each wolf in GWOTS represents a solution that
contains the cluster/group of centroids. The following subsections will discuss the proposed
GWOTS-based clustering technique in details.

5.1 Clustering preliminaries
Clustering problem can be formulated as follows. Suppose we have a dataset D, which

consists of R data points; rq, r2,..., rgr. Each data point is represented with m-dimensions
such as r; = (ri1, ri2,...,rim). Given D dataset, a clustering algorithm tries to locate a
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set of k clusters such as C = {Cy, C3,...,C¢}. Clusters C are represented by centroids c;,
Jj =1,2,..., k. In general, the clustering algorithm objective is to maximize the similarity
between cluster§ members and minimize the similarity between the members from different
clusters.

5.2 The proposed GWOTS-based clustering approach

The proposed algorithm is based on GWOTS and consists of four main phases: individual
encoding and population initialization, fitness evaluation and update, centroids update, and
clustering evaluation. Each of these phases is discussed as follows:

— Individual encoding and population initialization: The method is used to encode the
population individuals and form the final clustering solution considering each individual
of the population as a complete clustering solution. Each individual of the population
represents a vector of centroids with length k, which represents the predefined number
of the clusters. Each centroid represents a sub-vector consisting of m dimensions, which
reflects the number of the attributes in the dataset D. The length of each individual S is
calculated based on the following formula: S = k x m. Figure 4 shows the encoding of
the individual.

All population individuals with size N are initialized randomly such that each individual
is initialized by S data points, which are selected from the given dataset.

— Fitness evaluation: Similarly to other optimization problems, a fitness function should
be defined to assess the clustering quality. As mentioned in the previous subsection, the
clustering algorithm tries to minimize and maximize some similarity measures to achieve
the best clustering results. In this paper, the most known clustering quality measure called
sum of squared errors (SSE) [46,62] is used as the fitness function. The SSE fitness
function is calculated based on the Euclidean distances between the data points in the
dataset and the nearest centroids in the clusters. The SSE can be calculated using Eq.

8):
k11

SSE=Y"% o(cj.r)’ ®)

j=1i=1

where o represents the Euclidean distance between the centroid ¢; and ith data point r;
and is given by Eq. (9):

(C))

o(cj,ri) =

where r;,, represents wth dimension of the ith data point that belongs to the cluster with
c; centroid.

The fitness function SSE is utilized here to evaluate the goodness of each wolf, such as
each wolf tries to minimize its fitness.

— Centroids update: Through the process of GWOTS algorithm, each individual updates
its centroids using the best three individuals (¢, B, and §). These three individuals are
further enhanced and improved by applying the TS algorithm (Algorithm 2) on each
of them independently in an attempt to improve the quality of the leaders. The resulted
enhanced leader by the mechanisms of TS will be referred to as (o/, 8/, and 8"). Then, each
individual moves toward these best individuals (¢/, 8’, and §’) by updating its centroids.
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Centroid 1 / Centroid 2 / Centroid k /

Fig.4 Individual encoding

The next step is to re-evaluate the SSE of the updated individuals. This iterative process
is continued until the maximum number of iterations is achieved. After the clustering
process is terminated, the best individual «, which contains the optimal centroids, is
utilized to evaluate the clustering results. In this procedure, the TS-based local search
exploits the vicinity of the top solutions («, 8, and §) in each iteration to find any possible
better position in the same iteration (see the dotted spheres in Fig. 3). Therefore, the new
variant of GWO is locality-informed and neighborhood of each top solution is detected
before any further progress in exploration and exploitation trends.

— Clustering evaluation: To assess the clustering quality of the final solution, we used two
popular clustering measures: purity and entropy measures [7,63,71]. The purity is the
percentage of the number of data points that are clustered correctly. Purity is calculated
using Eq. (10):

k
1
Purity = EZ'Li ﬂCiI (10)
i=1

where R represents the number of data points in the dataset; k represents the number
of clusters in the dataset; L; represents the data points that are truly assigned to the
actual cluster; and C; represents the data points that are assigned to cluster i using the
clustering algorithm. Entropy measures the semantic distribution of the data points within
each cluster, and it is calculated by Eq. (11):

k
Entropy = Z

i=1

ICil
(Cd) an
n

where E(C;) represents the individual entropy of the ith cluster. £(C;) is given by Eq.
(12):
k

N ILiCil, ILi(Cil
E(cl)-log(k)g o o) (12)

The flow chart of the GWOTS-based clustering algorithm is depicted in Fig. 5. Further-
more, Fig. 6 shows an example of a clustering process on an artificial dataset with 2 attributes.

6 Experimental results and discussion

In this section, the proposed GWOTS is applied to a series of 13 well-studied clustering
benchmark tasks with various features and instances, which are obtained from the UCI
machine learning repository [15]. Table 1 shows the details of the utilized benchmarks.

In order to further substantiate the exploration and exploitation capacities of the GWOTS, it
is compared to several well-recognized evolutionary and swarm-based optimizers such as the
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X1 X1 1
(a) Original Data set (b) Start State (¢) Final State

Fig. 6 Clustering process for the artificial dataset, a maximum number of iterations = 200. The individuals
start from an initial random data points that are selected from the given dataset and move to the solution
(optimal centroids). a The original dataset. b The initial random individual’s locations (small black crosses)
with dataset instances (red points). ¢ The final solution centroids locations after the clustering process with 4
centroids (small squares), and each cluster in the dataset has a different color based on the minimum distances
to the centroid (color figure online)

Table 1 List of utilized datasets

Dataset Features Instances Classes
Iris 4 150 3
Blood 4 778 2
Breast cancer 10 683 2
Glass 9 214 6
Seeds 7 210 3
Wine 13 178 3
Australian 15 653 2
Diabetes 8 768 2
Haberman 3 306 2
Heart 13 270 2
Liver 6 345 2
Planning relax 12 182 2
Tic-tac-toe 9 958 2

TS [23], SA[57], GA [24], PSO [40], DE [70], and original GWO [54] on clustering problems.
Several works have utilized these widespread algorithms to substantiate the competences of
their methodologies in dealing with clustering test suites, and these approaches revealed
efficient performances in handling difficult tasks [12,51,60]. Hence, they also utilized here
to validate the efficacy of the proposed GWOTS in handling the clustering tasks. In addition,
we compare the results of GWOTS with those computed by commonly used methods such
as the well-regarded K -means [36], K-medoids [59], hierarchical clustering (HC) [75], and
furthest first (FF) [11] techniques.

All the experiments and comparative evaluations in this research are performed and orga-
nized using a PC with Intel Core(TM) i5-2400 3.1GHz CPU and 4.0GB RAM. All tests are
implemented under the same fair computational conditions.

The parameters of utilized techniques are tabulated in Table 2. The maximum iterations
for SA and TS (trajectory-based algorithms) were set to 10,000, and for others (population-
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Table 2 The parameters of

algorithms Algorithm Parameter Value
PSO Inertia factor 0.1
1 2
) 2
FFA o 05
B 0.2
14 1
DE C Crossover 0.5
F Scaling [0.2 0.8]
s Pa 0.25
GA Crossover 0.8
Mutation 0.02
GWO a [20]
MFO a 2 1]
b 1
15 bw 0.01
Tabusize 5

based optimizers), it was set to 200. The population size was set to 50 for population-based
methods. The results are collected over 30 independent runs.

In order to detect the significant improvements of the GWOTS over other algorithms, the
results of the Wilcoxon rank sum test are also provided in addition to the mean and standard
deviation values. For these tests, the proposed GWOTS for each benchmark is marked as the
base method to calculate the p values versus other approaches.

6.1 Comparison with other evolutionary approaches

The results and efficacy of the proposed GWOTS and other algorithms are compared and
discussed based on the utilized measures on clustering, namely SSE, purity, and entropy.
Table 3 exposes the SSE results of GWOTS and other competitors in realizing all benchmark
datasets.

From Table 3, it is observed that the GWOTS can provide the lowest SSE results for 10
datasets: Iris, Blood, Breast, Glass, Seeds, Wine, Australian, Diabetes, Heart, and Tic-tac-
toe. It is also the second best metaheuristic on the rest of datasets: Haberman, Liver, and
Planning relax. According to STD values, the accuracy of the GWOTS is improved in all
cases compared to the basic GWO, especially for Australian, Breast, and Diabetes cases. For
Iris, Glass, and Wine, it is seen that the worst SSE results of GWOTS are still better than the
best SSE values attained by the GWO to some extent. The median index of GWOTS and TS
is similar, but the average results of GWOTS are superior to those of TS on 10 datasets.

Based on the overall ranks, the GWOTS outperforms all others and the TS, GWO, DE,
PSO, SA, and GA are in the subsequent places. The GWOTS can demonstrate improved
behaviors and searching capabilities and determine relatively preferable results because it
can switch from exploration to an extensive TS-based local search more smoothly during the
clustering process in comparison with the GWO and other examined metaheuristics. With
adding more iterations, it can avoid cycling drawbacks and convergence to local optima.

@ Springer



I. Aljarah et al.

S S S 4 S % 14 S S S ¥ 4 % JINVY
80ICI'¥¥Cl 8766C°06 8EBLL'SY 9Ty 86E OVLII'6C 1L9€€7TOI BLTI'T96 9SI'EIl  9910°Ly €¥0S6°09 1¥CTLLT 880L1°SS S16S9°T1 LSIOM
88¢¥L'00C1 GLS61°9L 8S8IS'CE B8BSSTYE STLLY'ST 9TC80' IVl ¥980°8EL ¥0L69'L8 LTBIY'0E 9S190°0F S601°SEC 9C8YT8E  CIVCI'6 LS349
9168°¢CCl C08€9°08 VISSTH'LE 9€6€°69E  TTISH9T SOLOL YOI  CIOV'E98 ¥8E9T'S6 880LO8E €9960°6y CTHOL'8¥C 6C8SS I C89T8'6 NVIAdIN

°e6£0°Cl CLOYL'E 68909°¢ LvevI'6l  16¥€0'T  9SOI'ST 98I0S0L S6S9E'L LIOVEY TIO9LY'S LO6IV6TI  S9EEE’S 61580 daLs
YTLY9 Tl 606118 19CI8'8¢ SE01'99¢ ¥87°9C $T8ET'E9T  $0S0'098 68EVT'L6  96SL'8E LOLYT 6F 8706°0ST 66098°¢t £¥080°01 NVAN qd
€ I I C I [4 C C 4 C I C € JINVY
96619°00C1 CTSTOT'09 $9L66'6C Y9CO'IEE 6C08CT'ST 9S8STICI  C060'1L9 TILI'CO €el8pe €1188°0€ CIBB'SOT COTI6'LE 69¢EVICI LSI0OM
£68¢CC8I1 18668°6S 9Y¥96'6C VP8IV CIE 6C08T'ST L8LSTICI CI6EYSY 61¥S6'8Y 8EYC0CC LI601'61 1188°SOC 10T96'LE  CTI866'9 1S349
I179er'S811 6CL86S LYP96'6C vEV'TIE 6C08C ST €6LSTICI 616€ 1S9 99096'8y ¥¥SC0TC ¥0LO9'CT [188°S0C 10C96°LE CI8669 NVIAIIN
89181°S 6L8L1°0 LO9TIO00 <C00I6'8 00000 €0000  vCLY6'L T109LTv T6evOv  €IL91'c $00000 00000 <CCIIET daLs
S961'9811 €6€S6'6S LLIL6'6T YLTI'61E 6T08T'ST I8STITI 1€0€°099 198C°0S TIYOE'€C 8STCOEC 1188°SOC COC96'LE  STBIV'S NVAN SL

C € € € € € € € € € € € 4 JINVY
G8919°L8I1 61VE €L LTSO9E vOPI'9ce BOLII'9T VEBILYSI 88TY'YOL 6£SEL'S6 SSOT8TE 98ELBTE 96179°98C 9€0€6'8C 99¥89°T 1 LSIOM
§9699°C8I11 8106099 LYS96'6C 1609°€le 8YO8T'ST S9E8CICI  SLT'6S9 $9606'S9 ¥6CY0CC ThLy'ST 9S6C90C CTEC96°'LE  SY000°L 1s349
cereesll 80€00°€L 19SS0°0€ TBCT'6IE TTIBT'ST 9L¥09'6CT  1L9°069 SEEITL TILLY'ET LO6ILT'8T SS6L°90C 6£€96°LE  VOOVCT'L NVIAIIN

61991°1 ¥0009°C €ST0ET 9¢S¥8'8  TOISE0 PSIOSTI  9T9r'0S  €8LI'6 LO9VL'E  9S6¥'C ¥e6C0'ST 9very'0  SLTHO'C daLs
80865°¢8I11 9P699' 1L LESSTIE €9VTTCE  9S6¥'ST SSOE8'EEl  ¥C060L 6VLLY'SL 9TIBSHT LB8OSL'BT €9EL'SIT BILET'8E  8066¢'8 NVAN OMD

I [4 [ I 4 ! 1 I 1 I 1 1 1 JINVY
€OLIS L8IT EYC6T09 1L966'6C €9C0°1€E TLSLE'ST ¥¥8STITI  6LT0EL9 TLO00'6Y 9Y9T0CT 6S8EL'0C 1188°S0C 10C96°LE  CTI8669 LSIOoM
I¥8€CC8I1 8L6S8°6S 9YP96'6C €8IV CIE 6C08CT'ST SBLSTICI  16E€1¥S9 SOVS6'8Y LEVCOCC T6LVE'8] 1188°60C 10C96°'LE 118669 LS99
SLLOT'ES8IT SY88'6S €6886'6C COIV'CIE 6C08C'ST L8LSTITI  16E¥S9 CTSTLO'8Y 8EVCOCC 6LCY 61 1188°S0C 10C96°LE  CTI866'9 NVIAdN

Lyeor'l 1910C°0 98+10°0 [¥€88'S  8I0€0'0  CCO00'0  €8SSTO  6SLIO0 801000 10650 1000000 00000 00000 daLs
€L6EESIT 92666'6S ¥9186'6C 8ISTYIE €868CT'SC LOLSTITI 89ST'LS9 I8SL6'8Y 1CSTOCT 8€00S'61 TI88'SOT 10T96'LE TI866'9 NVAN SLOMD
903-0B3-01], Xe[oI Suruue[q IOAT] JIBOH UBUWIIOQEH — S9JOqRI(] UeI[ElsSny QUIM Spoag sse[n)  jsearg poorgq SLI] QInseow ‘Je)§ WPLIOS[Y

§)aselep yIewyouaq 3y I0J sjnsal wﬂﬂhuuw—\:o HSS YL €9|9elL

i
[
50
=)
g
o
)
Sl



Clustering analysis using a novel locality-informed grey...

PIOQ UI PayIBW dIB SAN[BA 1S3q Y],

L L 9 9 9 9 9 L L 9 S 9 9 JNVE
£5609°85€1 SILY'0ST SLLBO'E9 6698°SSH  ¥86S1°9€ LO6SSY'OLT LEIT'666 911061 €COCTSL 1€¥C9'68 SS60'LLT ¥S6IL Y8 TIT10°0C LSIOM
Teov8eT 886LY°08 6ST98°6E €996'LLE 9980T°LT 9SLOSTLL  S166°6€8 VISOVOL  ¥OVI'Ov  TISL'TY L960°6EC €9€66°SS ¥OrvI 11 Lsdd
LY199°0¢1 9LES'STT vIVLO'8Y 1¥90°SO¥ 81+98°6C 9€L009CT L88SOV6 1870'SEL ¥88E'SS T0LTETY 1€99°LST SLTI999  TTILYI NVIAdN

C199¢'9¢ CLYOT 1T TLST'8 VLIL6'LT  SO¥89C  €96¥8°LT 8LEISTS T8IVY'ST  16SL°6 6€8STSI SISITIT 900€€'8  SI9SLC arLs
€9¢51°66C1 [E€CO91T 88C6C 6% 98SLOIY TSOVY0E 65T88CCC 1760 17e6 I¥IV'LEL  8TY'LS 800ESYY SO9S°LST 9€TE99 TEIESI NVHN VS

9 9 L L L L L 9 9 L L L L JINVY
99861°Scel COLBOTI €SHPO'8L €SL6'09Y LO6ES9E  YOLO'ICE LYY ELTT Y006'TLT SIOCTI'OL TO6L'LIT 899°C€I9 BISHOVEL €8L9L°0C LSIOM
9¢e618°8cCl 66¥61°c6 £06C0°cy T10L1°S8E  LO00E'8C LS8I'LLT  6ST'8101 ¢8C8'SOI 6CTICO'EY €89¢0°L9 TOLOBIE vroIE6Y 60967 CI Lsdd
S¥660°C6C1 LLOLOTT 9808°CS SS€6'8C 88IIS0E 1968LCST 8196601 1099°GET T899 1S 99CIT88  TOV €0V €66LE'SL 6EILI91 NVIAdIN

£CSee0¢ LOY8STT TBSYO'OL T10€EvC  LIILET 6ESTTYS S6C68°96 9165561  €9€1€°6 CLO6TEL €0SOI'S8 6066C°SC  ITICST arLs
YroL €8Tl €6v8 VI SOLTS'SS 8STOSTr €89T8°0€ 91L9S'6¥C 697 I¥IT ¥000°€El 9C800°SS VI8ET'68 LOITTEY SOLI6GYL 698L891 NVHN vD
¥ 4 ¥ S ¥ S S 4 ¥ 4 9 S S JANVY
6vLESBITI LETEC'EL TTETL'SY 1LSE0Cy  LOIT'LT LTE6Y'€0T 80ST'8CO 6SSI'LIL OVLLL'CY 9TE9TTY  60€ V1Y 60SLIVL €6TSY Tl LSIOM
LS660°€8T1 EVS8LIL 6LV96'6C VLT 6EE 6C08T'ST 8896C°LST  TIL9TIL €TLTETL SOYTTT 9LEIE'EE TEVB'06C LYCTO'6E 8ELOE'L Lsdd
LOT8O'LSTI [8IEEEL €56€9°9E€ S600°ILE 98TII9T 8ISY'SIl  S6T6'6L8 STIN9'S6 1LETO'EE 8980S°EY 16V0°SSE €619T°CS €€09¢°01 NVIAdIN
SIIY901 6016v'0 16C0Cy LT96'6C  ILOYL'O ¥CLI8 T 8LSOI'8Y TYCLSOl T1LEYS €¥P90°6 SICIEC Y TSO9TTL  €8SYL'I arLs
CST80°0611 8LET'EL TOLIV'LE TBYL'OLE L6EEE9T 8COI6'0LT  199€°€98 SECOE'SO6 LISO'TE LISTS OV 698C°0SE €LOLL'ES T110€€°01 NVAN OSd
90)-0v)-01, Xe[aI Suruued IOATT JIBOH UBWIIdQRH — SOJAQRI( UBIENSNY urp Spaas sse[D  Jsearg  poolg SU] 2INseaul Jel§ Wyod[y

panunuod ¢ ajqeL

pringer

Qs



I. Aljarah et al.

I € (4 L I € S S 14 S S € [4 JINVY
77€S9°0 6CVIL'0 TL6LSO 9SSSS0 6CSEL'0 Y01S90 LOSSS'0 8886E'0 LS8CO0 9169¢°0 €¥868°0 ¢€0T9L'0 000C80 LSI0OM
77€S9°0 6CVIL'0 T1L6LS0 0LEO80 6CSeL’0 010690 L8098°0 vE0EL'0 8€TSB0 I€I8Y'0 S9SS6'0 €0TIL0 €££€6'0 Ls34d
77€S9°0 6CVIL'0 T1L6LS0 TIIILO 6CSeL’0 9017990 L8019°0 SS609°0 9L¥080 ¢€60SY'0 8I6C6'0 €OTOL0 €EEL80 NVIAdIN
0000070 000000 000000 ¥LIOI'O 000000  8¥¥10°0 98€CI'0 1L6I1T°0 791600 10TEO'0 9L610°0 000000 LLLEOO arLs
PresIo 6CVIL'0 TL6LSO SI889°0 6TSEL0 089990 L80L9'0 TOT8S'0 8YOLL'O LYOSY'O 8ILTOG'0 €0TIL'0 €€L980 NVAN qd
I € C € I C C 4 € C C € 4 JINVY
77€S9°0 6CVIL'0 T1L6LSO 6ST6S0 6CSEL'0  L6L99°0 €EEEL'0  1T6C9°0 PILSO0 098¥Y'0 CTCPS6'0 €0TIL'0  L9999°0 LSIOM
77€S9°0 6CYIL'0 T1L6LS0 000080 6CSEL'0  L6L99°0 LOSS8'0 679960 870680 OVISSO TCPS6'0 €0TIL'0  L99880 Ls34d
77€S9°0 6CVIL'0 TL6LS0 0€96L°0 6CSEL'0  L6L99°0 LOSS8'0 vrov6'0 018880 10L0S0 TCPS6'0 €0TIL0  L99880 NVIAIIN
00000°0 000000 000000 CE€L60°0 000000 00000°0 80’0 6SCOI'0 9I€LO'0 €L920°0 000000 000000 L9010 arLs
PresIo 6CYIL'0 TL6LSO TS8TLO 6TSEL'0  L6L99°0 £€€e80 6L0C6'0 +CS980 $S90S°0 TCHS6'0 €0T9L'0  L90T80 NVAN SL
I € C C 1 9 € € C € 1 € € SINVY
77€S9°0 6CVIL'0 TL6LSO S8IS90 6CSEL'0 Y01S9°0 LOSSS'0 8886E'0 VILSO0 TI9C9Y'0 0S8¥6'0 €0TIL'0  L9999°0 LSI0OM
€590 6CYIL'0 T1L6LS0 000080 6CSEL'0  L6L99°0 LOSS8'0 LO9Y9'0 6CFI6'0 9£€CS0 S9SS6'0 €0TIL0  L9988°0 1s349
77€S9°0 6CVIL'0 T1L6LS0 61S8L0 6CSEL'0  S9€C9°0 651180 09€¢9°0 000060 €€S6%'0 S9SS6'0 €0TIL0  L99880 NVIAdIN
00000°0 000000 000000  S06%0°0 000000  8¢€L00°0 6¥6C1'0 89¢L00 S8LLO0 €ILIOO <TCCO0'0 000000 6I¥01°0 arLs
Pres9o 6CVIL'0 T1L6LS0 8¥VI9LO 6TSEL'0  TYLS90 EV0SL'0 888650 8YOL8'0 6LS6%'0 ISPS6'0 €0C9L'0 00TT80 NVAN OMD
I € [4 I ! 1 I 1 1 1 C € I SINVY
77€59°0 6CVIL'0 TL6LSO 6ST6S0 6CSEL'0  L6L99°0 €EEEL'0 0TBEO'0 1LS88'0 108CSO TCPS6'0 €0TIL'0  L99880 LSIOoM
€590 6CYIL'0 T1L6LS0 000080 6CSEL'0  LT699°0 LOSS8'0 679960 870680 OVISSO TCPS6'0 €0TIL'0  L99880 1s39
77€S9°0 6CVIL'0 TL6LSO 0€96L°0 6CSEL'0  L6L99°0 LOSS8'0 905560 870680 €L9YSO TCPS6'0 €0TIL'0  L99880 NVIAdIN
00000°0 000000 000000 €8%90°0 000000  1¥000°0 686€0'0 LI600°0 9¥C00°0 <€800°0 000000 000000 000000 aLs
Pres9o 6CVIL'0 T1L6LS 0 VOLLLO 6TSEL'0 018990 L6LES'D 90SS6'0 LS8880 6EVPS0 CCPS6'0 €OTOL'0  L99880 NVAN  S1OMD
90)-0B3-01],  Xe[o1 Suruuelq IOAT] JBOH UBWIOQEH S9leqel(  UBIensny QUIM Spaag sse[)  isearg  poolg S oInseow je)§ WOy

sjoseIep YIBWOUaq JO synsaI Sureisnp Aung  ajqel

i
[
50
=)
g
o
)
Sl



Clustering analysis using a novel locality-informed grey...

PIOQ UI PayIBW dIB SAN[BA 1S3q Y],

I 1 [ ¥ 1 4 4 9 L 9 14 € L JINVE
P¥€€9°0 6CYIL'0 TL6LSO L999S°0  6CSEL'O0  POISO0  LOSSS'O 8886€°0 6CVI90 6VP9E’0 TLTO6'0 €0T9L'0  L9999°0 LSIoM
7¥€$9°0 8LO6IL'0 TL6LSO TCTT80  6CSEL'0  PYCCTIL'O  6£LI80 1C6C9°0 619,80 I€I8%'0 80OLS6'0 €0T9L'0 000060 Lsdd
7¥7€59°0 6CVIL'0 TL6LS'O 9T60L0  6CSEL'0  ¥OISO0 911890 LTP8S'O 0000L0 LTESY'O +E9E6'0 €0CIL'0 L99ILO NVIAdN
00000°0 ¥L100°0 000000 059600 000000 +€610°0 [LLOT0 902010 S¥PP80°0 SITYO'0 6£0C0°0 000000 ¥¥S60°0 arLs
Pres9o P8VIL'0 1L6LS0 0€90L°0  6CSELO 117990  88IL90 +8STSO 9LVIL'O TSTHYO TOve6'0 €0TIL'0  L9OSLO NVAN VS
I € [4 S I S 9 € S 14 L [ 9 JINVY
P¥€€9°0 6CYIL'0 TL6LSO 8YIBS0  6CSEL'0  POISO0  LOSSS'O ¥¥ory 0 TOLYO'0 €6Eby'0 +vEBERD €0T9L'0  L9999°0 LSIoM
€90 6CYIL'0 TL6LS'O 000080  6CSEL'0  TSOOL'0  €££€8°0 €9969°0 L9998'0 TPSIS0 8LTY6'0 ¥099L°0 L99T60 Lsdd
7¥€$9°0 6CYIL'0 TL6LSO 8YIEL0  6CSEL'0  POISO0  vIOI90 9€CI90 EVILLO OLYLy'O SPEl6'0 €0C9L°0  000%L0 NVIAdN
00000°0 000000 000000 S¥I800 000000 665100 807600 8ILLOO 9S080°0 €9L£0°0 <CTISEO'0 LTIOOO €£¥80°0 ars
Pres9o 6CVIL'0 TL6LS'O 61SOL'0  6TSELO 868590 [L6€9°0 888650 C9L9L'0 TL68YO L8SO6'0 €¥CIL'O €€ESLO NVHN vD
I 1 I 9 1 L L L 9 L 9 1 S JINVY
YS90 6CVIL0 ILO6LS'O0 9SSSS0  6TSEL'OD ¥OIS90  LOSSS'O 8886£°0 18€T90 ¥ISSED 08658°0 €0TIL'0  L9999°0 LSIOM
€90 8LO6IL'0 19¢8S°0 I8VI80  6CSEL'0 90990  LLE98'0 TIT09°0 1LS880 I€I8Y'0 1S8S6°0 ¥099L°0 L99880 Lsdd
7¥€S9°0 6CYIL'0 TL6LSO 6STPL'0  6CSEL'0  POISO0  08SSS'0 8886€°0 000SL0O 19SSY'0 98706'0 €0TIL'0 €E€ELLO NVIAdN
00000°0 YL100°0  26000°0 <CI90I'0 000000 €0¥00'0  660CI'0 8LEYD'0 98SII'0 S6CYO'0 ¥0820°0 ¥¥100°0 0LT60°0 arLs
Pres9 0 P8PIL'0 000850 S8YIOL'0  6CSELO €LCS90  €I16€9°0 996170 S609L°0 90CTH0 €LLO6'0 OLTILO €EILLO NVHN OSd
90)-0v)-01],  Xe[oI Suruue[d IOATT JEOH UBWIRQEH S)RQEI(  URI[RNSNY QUIA\  SPedS sse[D  Isearg  poolg SH] QINseaw el  WIPLIOS[Y

panunuod 3jqel

pringer

Qs



I. Aljarah et al.

4 S 14 L 9 14 4 % % S S 4 C JINVY
$60£6°0 C1€98'0 ISI86'0 ¥6T86'0 GLEESD  190£6°0 S0066'0 9TrL6'0 €10€9°0 1T86L0 ¥CSSH0 6S16L°0 1C0VE0 LSIOM
8¢S16'0 01968°0 ILYL6'0 ¥€90L°0 61C€80 $60838°0 €6VSS'0 8L91S°0 00€EC0 LPIE9'0 T609C0 €998L°0 1611CT0 Ls3d
€vLT6°0 19198°'0 €9086'0 €L0S8°0 clee80 670160 LEYE6'0 865650 99SI+¥'0 8LYLO'O 99C9¢0 SE€I6L0 ¥99LTO NVIAIIN
98100°0 S0200°0 802000 ¢€0CIT0 §S000°0  9L810°0 €61S1°0 €IS8I°0 L9SOT'0 SISFO'0 9T990°0 6¥100°0 6LEVO0 arLs
09926'0 8CI980 186,60 0£ES80 €1E€€80  95806°0 LLOS8'0 167690 S86¥17'0 S0C89'0 99¥9¢€'0 +806L0 TITLTO NVAN qd
€ € 9 € % C C C € C (4 S € JINVY
£00€6°0 I8198°0 8S186'0 915960 60€€8'0 85880 SovE]'0 C908S°0 09LSSO0 €TE99'0 €6L9C0 TrI6L'0 659910 LSIOM
£0¢C6°0 198S8°0 0€I86'0 66CTIL0 60€€8'0  ¥£S88°0 CTECOS'0 EILIT'O 0992€'0 vIOPS'O0 €6L9C°0 CTVI6L'0 8S€9C0 Ls3d
£6976°0 696580 851860 9CITLO 60€€8'0  ¥£S88°0 CCC9G°0 TTCSI'0 80I€E'0 SSS8S0 €6L9C°0 CVI6L'0 8S€9C0 NVIAIIN
96€00°0 611000 CIO000 TI6IT°0 000000 €2000°0 089800 ¥8LEI'0 €61L0°0 €08€0'0 000000 000000 61+80°0 arLs
16926°0 91098°0 0S186'0 8CSO8°0 60€€8°0  6¥588°0 876190 86681°0 6CESE0 665650 €6L9C°0 TKI6L'O 6CSIE0 NVAN SL
I C S C € € € € 4 € I L 4 SINVY
0862¢6°0 C1€98'0 8SI86'0 0€L98°0 CLEERD 60£L6°0 601660 L06L60 09LSS'0 656990 89C6T0 LSI6LO 659910 LSIOM
9CIT6'0 L9¥S8'0 150860 66CIL0 OL1E8'0 6877€8°0 CSE96°0 €VLISTO 0€6LTO TIE9S0 T609C0 <CrI6L'0 8S€9T0 1s349
89CC6'0 17198°0 €€186'0 616€L°0 60€€8'0  ¥C888°0 €16¥9°0 LTrLS'0 SOEIE0 S60€9°0 T609C0 TrI6L'0 8SE9TO NVIAdIN
CTLT000 €re00'0 070000  19050°0 670000  9¥620°0 6veLT'0 T9vEI'0 L8T8O'0 00vE00 $8600°0 800000 €0C60°0 aLs
9LET6'0 01098'0 <¢CI86'0 8LO9L'O 0€e80  €9168°0 LO€TL'O TITI90 T9ere'0 TBOTO'0 9099T0 OvI6L0 SE€0TE0 NVAN OMD
[ 14 L I 14 ! I ! 1 1 C S I SINVY
08626°0 18198°0 8SI86'0 915960 11€€8°0 785880 SovE8'0 T0LBI'0 LSSEE'0 011650 €6L9C0 TrI6L'0 8S£9CT0 LSI0oM
€060 19868°0 9¥186'0 66CIL0 60€€8°0 1577880 CSS96°0 C€ILIT'O 099CE0 1¥CeS0 €6L9C0 CrI6L'0 8S€9T0 1S349
68¢C6'0 L6680 851860 9CITLO 60€€8'0  ¥£S88°0 CECOS°0  ILPPI'0 0992E°0 0O¥09S0 €6L9C°0 CTPI6L'0 8S€9T0 NVIAdIN
L9200°0 GZ100°0 900000 96LLO0 10000°0  €€000°0 60C60'0 8LCC00 €9¥00°0 I1SLIOO 000000 000000 000000 daLs
SOvC6'0 6€098'0 ¥SI86°0 ISEPLO 60¢c8'0 1€S88°0 169090 LTYPI'0 6I0€E0 LSEISO €6L9CT0 CTrI6L'0 8SE€9ITO NVAN  S1OMD
90}-0B3-01],  Xe[oI Suruuelq IOAT] B0 UuBWIOQeH SAleqel(  UeIensny QUIM Spoog sse[n)  isearg  poolg S oInseow je)§ WOy

sjoseIep yIewyouaq Jo sjjnsal Jurrdysnyd Adonuyg g ajqel

i
[
50
=)
g
o
)
Sl



Clustering analysis using a novel locality-informed grey...

PIOQ UI PayIBW dIB SAN[BA 1S3q Y],

9 1 [ S L S S 9 L L 14 € 9 SINVY
60€6°0 CIE98°0 651860 10L86'0  9L£€80 €I1€€6'0  €CI66°0 SS886'0 900890 +8918°0 1¢SHP'0 ¥916L°0 90Ty 0 LSIoM
0€916°0 966¥8°0 0vCL6'0 OISL90  OLIEBD 095980 65990 +S6¥S'0 88IEL0 0SLI9O 8CYST'O 8T8BL'O S6S¥CO Lsdd
19626°0 10€98°0 ¢S086'0 ¥8LY8'0  9€€€80 ¥SCC6'0  ¥09E8'0 LSLLYO 600¥S0 9176890 €CIveE'0 10I6L°0 v6£070 NVIAdN
€Lv00°0 98¥00'0 S¥e00'0 6C9IT°0  €90000 €1920°0  S6SIT'0 L6TBI'0 6£860°0 6C€90°0 vLELO'O STIO00 ¥8ELOO aLs
Y¥LT6°0 TL6S8'0 €88L6'0 8E0E8'0  0CEE80  S8I160 19268°0 8e¥9L'0 980TS0 00€0L'0 €86£€°0 SYO6L0 09€9¢€°0 NVAN VS
L 9 I 9 1 9 L S 9 14 L 1 L SINVY
$60€6°0 11€98°0 8S186'0 86IL6°0  9L£€8'0 80€E6'0  86066'0 1€0C6'0 000LS0O 606690 8S¥6S0 1SI6L0 1C8ISO LSIoMm
9%026°0 79868°0  16£96'0 6650L°0  L6ST80 090880  0L6¥9°0 066LS'0 9ESIE0 619960 €9€1€°0 €965L°0 9vI610 Lsdd
886760 S0C98'0 [I11860 192€80  80EE8°0 ¥P8CO6'0  TBIS6'0 16SEL0 081970 096£9°0 6CLIY'O 8LBBL'O 9CSO¥0 NVIAdN
9€€00°0 ILT00'0 0SSO0°0 959600  0SCO0'0  €LLIOO  S6801°0 8€COI'0 9€€90°0 LTIVO'O 99560°0 7T9600°0 8LS60°0 arLs
09826°0 LS198°0 088L6'0 vSO¥8'0  PITESO TIOC6'0  8YS06'0 €6ICLO S86SY'0 I¥9€9°0 TBSTHO 9PS8L'0 8666¢°0 NVHN vD
4 L € ¥ 4 L 9 L S 9 9 [4 S JINVY
§9626°0 CIe98’0 8SI86'0 €6L86'0  60£€80 £1€€6'0  €C166'0 SS886'0 ¥L66S0 SS9E8'0 0LTISO ¥916L°0 TI0TY O LSIOM
¥0126°0 65SS8°0 619L6'0 STI69'0  9LIE8O  8L916°0  9CPLS'0 8CTIN9'0 6€£8CE0 STOPO'0 €LEVTO SLY8L'O THOYCTO Lsdd
9CLT6'0 CIE98°0 S0086'0 PE66L0  60€€80 +9CE6'0  SPOL6'0 SS886'0 VOE8Y'0 SETLYO 9LSEY'0 ¥806L0 COVYED NVIAdN
L6200°0 ¥¥200'0  CLIO00 SIOLT'0  9S000°0 <C0SO0'0  SOCOI'0 TBITI'0 SOVII'O STLOO'0 CTE680°0 L9000 TSOLOO arLs
09926°0 01298°0 TS6L6'0 PLIT8O  T8CEBD 160€6'0  968L8°0 TLLV6'O0 LELSY'O 6¥869°0 €9ICr'0 LI968L'O 0STrE0 NVHN OSd
90)-0v)-01],  Xe[aI Suruue[d IOATT JEOH UBWIIRQEH S9)RQEI( URI[RISNY U\ SPedS sse[D  Isearg  poolg SH] QINseaw el  WIPLIOS[Y

panunuod g ajqel

pringer

Qs



I. Aljarah et al.

60 500 1200
awots —— awots —— awots ——
GWo e WO owo
50 IS 400 e 1000 o8
PSO PSo PSo
o —— o —o— oA —o—
L 40 sA LW 490 sA W s sA
1] 1] 1))
0 30 ] 7]
200 600
20
100 f 400
o - E=E=S== Ny
200
0 50 100 150 200 0 50 100 150 200 50 100 150 200
#lterations #lterations #lterations
(a) Iris (b) Blood (¢) Breast
200
awots —— awots —— awots ——
W0 W0 e ——
o8 120 o8 200 o8
150 PSO PSO P50
A —o— A —o oA —o—
w sA w sA w SA
) 19 @ 150 &
80
@ 100 '\k [0 \ [])
\ 100
50 \MM 40
_ 50
0 50 100 150 200 0 50 100 150 200 50 100 150 200
#lterations #lterations #lterations
(d) Glass (e) Seeds (f) Wine
1800 1000
awots —— awots —— 120 awots ——
WO e awo e W0
o o o8
1500 =3 800 =3 =3
A —o— A —o— % oA —o—
w & w & w &
) I o) 600 1]
o) 1200 n on
60
400
900 \
| e e M
\‘ 200
0 50 100 150 200 0 50 100 150 200 50 100 150 200
#lterations #lterations #lterations
. . :
(g) Australian (h) Diabetes (i) Haberman
700
awots —— awots —— awots ——
GWO —— 250 GWO —— 200 GWO ——
TS S TS
600 56 56 56
GA —— 200 GA —e— GA —o—
w & w Sh TR Sh
1)) 1)) 1]
%)) 500 ) %)) 150 7))
——s 100
400 i \ 100
I 50 T
300 = 50
50 100 150 200 0 50 100 150 200 50 100 150 200
#lterations #lterations #lterations
. . .
(j) Heart (K) Liver (1) PlanningRelax
1800
awors ——
Gwo e
S
o8
1600 ==
w sA
[}
(%] 1400
|
1200 fl
0 50 100 150 200

#lterations
(m) Tic-tac-toe

Fig.7 Convergence curves of the GWOTS versus other methods for all data benchmarks
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Table 6 P values of the Wilcoxon test for SSE results of the GWOTS versus other algorithms on all datasets
(p > 0.05 are underlined)

Dataset TS GWO DE PSO GA SA
Iris 9.35E-10 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Blood 5.48E-04 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Breast 2.14E-09 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Glass 2.31E-08 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Seeds 1.15E-04 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Wine 6.95E-01 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Australian 6.14E-06 4.81E-09 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Diabetes 1.14E-05 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Haberman 8.91E-04 1.06E-08 2.87E-11 6.11E-05 2.87E-11 2.87E-11
Heart 2.09E-05 1.06E-08 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Liver 9.00E-01 8.91E-04 2.87E-11 1.06E-08 2.87E-11 2.87E-11
Planning relax 5.99E-01 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Tic-tac-toe 2.24E-03 2.40E-02 2.87E-11 4.92E-08 2.87E-11 2.87E-11
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(a) Mouse dataset (b) Vary Density dataset

Fig.8 Synthetic datasets

Table 7 shows the purity results of different optimizers in dealing with all datasets.

Regarding the purity results in Table 7, the GWOTS can outperform all methods on 7
datasets (Iris, Glass, Seeds, Wine, Australian, Diabetes, and Heart). For Haberman and Tic-
tac-toe, all methods have found the same indexes. In the sense of other metrics, several
substantial improvements can also be detected in the purity grades. According to the sum-
mation of ranks, the GWOTS has classified more objects correctly and the TS, GWO, DE,
GA, SA, and PSO have achieved to the subsequent ranks. The TS-based mechanism has
effectively increased the chance of GWOTS to avoid the local optima stagnation problem
and deepened its exploitative patterns when it wants to exploit the neighborhood of superior
leaders during the last steps of the search (Table 4).

Table 5 shows the entropy results of the proposed GWOTS and other algorithms on all 13
datasets.

Inspecting the entropy results in Table 5, it can be seen that once again, the GWOTS
shows the highest quality (lowest entropy) compared to the GWO and other competitors.
It has enriched the semantic distribution of the data points within each cluster and can
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Table 7 Purity clustering results of GWOTS compared with other traditional clustering algorithms

Dataset Metric GWOTS K-means K-medoids HC FF

Iris Rate 0.88667 0.84267 0.84667 0.88 0.86
Rank 1 5 4 2 3

Blood Rate 0.76203 0.76203 0.56551 0.76738 0.76738
Rank 3 3 5 1 1

Breast Rate 0.95422 0.95422 0.9113 0.90987 0.83834
Rank 1 1 3 4 5

Seeds Rate 0.95506 0.94382 0.8764 0.93258 0.69663
Rank 1 2 4 3 5

Wine Rate 0.95506 0.94382 0.8764 0.93258 0.69663
Rank 1 2 4 3 5

Australian Rate 0.83797 0.73333 0.67826 0.73333 0.55507
Rank 1 2 4 2 5

Diabetes Rate 0.6681 0.66458 0.18099 0.65104 0.65755
Rank 1 2 5 4 3

Haberman Rate 0.73529 0.73529 0.52614 0.73529 0.73529
Rank 1 1 5 1 1

Heart Rate 0.77704 0.59259 0.58889 0.70741 0.56667
Rank 1 3 4 2 5

Liver Rate 0.57971 0.57971 0.26377 0.57971 0.58261
Rank 2 2 5 2 1

Planning relax Rate 0.71429 0.71429 0.4011 0.71429 0.71429
Rank 1 1 5 1 1

Tic-tac-toe Rate 0.65344 0.65344 0.58664 0.65344 0.65344
Rank 1 1 5 1 1

Mouse Rate 0.38878 0.838778 0.86612 0.91 0.8
Rank 5 3 2 1 4

Vary density Rate 0.95333 0.86733 0.85333 0.667 0.667
Rank 1 2 3 4 4
> 21 30 58 31 44
Overall 1 2 5 3 4

reach the lowest entropy in dealing with 7 datasets. The incorporation of TS as a local
enhancement operator permits the GWOTS approach to overleap LO and reveal a satisfactory
efficacy. Similar to the efficacies in the sense of purity, all algorithms have competitive entropy
indexes in dealing with Blood, Haberman, Liver, Planning relax, and Tic-tac-toe datasets.
Regarding the overall ranks, the GWO, TS, and DE are the next superior algorithms. The
overall performances also express that PSO, GA, and SA have the same efficacy.

The convergence behaviors are demonstrated and compared in Fig. 7. It is evident that
the GWOTS finds promising and superior solutions during the initial steps of the hunting for
all datasets. The reason is that the GWOTS can attain better solutions around the leaders in
every step, which assist it in maintaining a better balance between the broad exploration and
extensive exploitation inclinations as compared to the GWO algorithm.
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Fig.9 Visual comparison of purity results

Table 6 presents the statistical test for SSE results of the GWOTS versus other algorithms
onall 13 datasets. From Table 6, it is seen that the GWOTS can attain significant improvements
over GWO, DE, PSO, GA, and SA optimizers in realizing all datasets. It also provides
significantly superior results compared to the TS in the majority of problems.

6.2 Comparison with commonly used clustering techniques

In this section, we compare the results of GWOTS with those obtained by commonly used
approaches including the well-known K-means, K-medoids, hierarchical clustering (HC),
and furthest first (FF) techniques. These methods have been utilized in various applications
as the well-regarded approaches in clustering tasks.

We also include two synthetic datasets to compare the performance of the GWOTS-based
clustering approach with the commonly used techniques. The first synthetic dataset is Mouse
case, which has 490 records, two features, and three classes. The other case is Vary Density,
which includes 150 records, two features, and three classes. These datasets are shown in Fig. 8
as well. These two datasets are generated using ELKI generator and available at (https://elki-
project.github.io/datasets/).

Tables 5 and 7 expose the purity and entropy results of the GWOTS compared to K -means,
K -medoids, HC, and FF techniques.

As per results in Table 7, we see that the proposed GWOTS has obtained the best results
on 12 datasets. If we consider the overall ranks, the best method is GWOTS, followed by
K -means, HC, FF, and K -medoids techniques, respectively. For Planning relax, Tic-tac-toe,
and Haberman cases, we see the GWOTS, FF, HC, and K -means have the same purity index,
while for all datasets, the GWOTS is superior to K -medoids technique.

Based on results in Table 5, we see that the proposed GWOTS shows the best efficacy on
eight datasets including Breast, Glass, Wine, Australian, Heart, Tic-tac-toe, Mouse, and Vary
Density. The second best competitor is K -means, which only obtained the best results on two
datasets, and for Breast dataset, its entropy index is the same with GWOTS approach. Based
on the overall ranks, we detect that the GWOTS has outperformed all methods in terms of
entropy index and the next approaches are K-means, HC, K-medoids, and FF techniques,
respectively. The purity and entropy results are also compared visually in Figs . 9 and 10. It
is visually observed that the best curve belongs to GWOTS compared to other peers. Table 9
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Table 8 Entropy clustering results of GWOTS compared with other traditional clustering algorithms

Dataset Metric GWOTS K-means K-medoids HC FF

Iris Rate 0.26358 0.30548 0.28607 0.25587 0.30656
Rank 2 4 3 1 5

Blood Rate 0.79142 0.79142 0.98431 0.78254 0.78254
Rank 3 3 5 1 1

Breast Rate 0.26793 0.26793 0.34782 0.42933 0.59458
Rank 1 1 3 4 5

Glass Rate 0.56357 0.59502 0.7502 0.59921 0.64638
Rank 1 2 5 3 4

Seeds Rate 0.33019 0.33557 0.32559 0.39118 0.53748
Rank 2 3 1 4 5

Wine Rate 0.14427 0.17831 0.3342 0.22074 0.52536
Rank 1 2 4 3 5

Australian Rate 0.60691 0.83495 0.90612 0.83473 0.9799
Rank 1 3 4 2 5

Diabetes Rate 0.88531 0.56451 0.34861 0.93204 0.92655
Rank 3 2 1 5 4

Haberman Rate 0.83309 0.83309 0.99797 0.83361 0.82172
Rank 2 2 5 4 1

Heart Rate 0.74351 0.96516 0.97524 0.86958 0.94954
Rank 1 4 5 2 3

Liver Rate 0.98154 0.61931 0.40033 0.98153 0.98021
Rank 5 2 1 4 3

Planning relax Rate 0.86039 0.5443 0.70646 0.54447 0.86308
Rank 4 1 3 2 5

Tic-tac-toe Rate 0.92405 0.92624 0.96571 0.92505 0.93086
Rank 1 3 5 2 4

Mouse Rate 0.30153 0.30153 0.374223 0.30165 0.351
Rank 1 1 5 3 4

Vary density Rate 0.14481 0.22755 0.29313 0.421 0.466
Rank 1 2 3 4 5
> 29 35 53 44 59
Overall 1 2 4 3 5

shows the CPU time spent by GWOTS compared to other peers. As per results, the GWOTS is
fast enough and time results are acceptable and expected, but to be fair, all traditional methods
are faster than GWOTS. The main reason is that we proposed a swarm-based approach and the
nature of operators and the new TS-based mechanism are time-consuming and have their side
effect, despite the observed improvements in the clustering results. However, the GWOTS
can solve these datasets in a very reasonable time with better quality indexes for most of the
cases.

Based on these results, we conclude that the efficacy of the GWOTS is very competitive
and better than commonly used methods in most of the cases. The main reason is that the
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Fig. 10 Visual comparison of entropy results
Table9 Elapsed time results for GWOTS versus well-known clustering algorithms
Dataset GWO-TS K-means K-medoids HC FF
Iris 20.26 2 2 2 3
Blood 68.95 3 3 11 3
Breast 71.37 3 3 3 2
Glass 40.05 3 3 2 2
Seeds 25.64 3 3 2 3
Wine 25.74 3 3 2 3
Australian 80.66 3 3 3 2
Diabetes 78.76 2 2 10 2
Haberman 28.58 2 2 3 2
Heart 33.80 3 3 4 3
Liver 36.23 3 3 5 3
Planning relax 19.17 3 3 2 2
Tic-tac-toe 123.88 11 11 6 3
Mouse 60.9911 3 3 3 3
Vary density 16.2686 2 2 2 2

GWOTS can establish a fine balance between main exploratory and exploitative trends and
in the case of finding any high-quality solution; it is locality-informed and can intensify the
exploitation around that position, which leads to enhancing the level of quality.

6.3 Discussions

Taken together, the results supported the hypothesis of the paper. It was confirmed that
hybridizing GWO and TS improves the performance of GWO, significantly. A wide range
of case studies with different difficulties showed that this improvement is beneficial. It can
be concluded from the extensive results and comparisons that the proposed GWOTS-based
clustering approach has an improved efficacy in terms of SSE, purity, and entropy on different
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clustering datasets. Therefore, it can be considered as an capable clustering method with
several advantages inherited from both GWO and TS algorithms.

Compared to other swarm- and trajectory-based methods, GWOTS shows a very com-
petitive and superior performance and provides faster convergence behaviors, and it makes
a more stable balance between exploration and exploitation trends. The GWOTS inherits all
advantages of conventional GWO compared to other swarm-based methods such as dynamic
searching mechanisms. It also demonstrates more enhanced exploitative capacities compared
to the GA, DE, and PSO due to the effective role of TS-based local search mechanism. Com-
pared to the TS and SA, it has extensive exploration potentials that can assist GWOTS in
avoiding local optima and stagnation shortcomings. Compared to well-known traditional
methods, it provides very competitive and high-quality results. However, we observed the
computational time of the GWOTS is higher than GWO as a side effect of the TS operator.
Hence, it is obvious that the GWOTS method needs more computational time compared to
the traditional methods for obtaining the optimum clusters, while well-known methods such
as K-means and FF should be faster. We proposed a swarm-based method and compared it
with some swarm-based and trajectory-based evolutionary methods. The GWOTS method is
better than GWO and similar optimizers from the same family with comparable exploration
and exploitation operators. We did not intend to claim that GWOTS is the best method in the
world because based on no free lunch (NFL) theorem for search and optimization [76], such
a method does not exist. There is a rich literature for swarm-based optimizers for clustering,
and this is obvious and widely accepted that the traditional methods such as K-means are
often faster than swarm-based methods. However, it does not mean that methods such as
K -means are also better in terms of the accuracy of the results and local solutions avoidance.
In addition, it is evident that when adding TS, the run time of GWO will increase, but in
turn, we will get more accurate results. In addition, local search methods often increase the
time of the algorithm and they are time-consuming, especially methods like TS. Run time
is just one measure of comparison. We have used the accuracy in this word since our main
contribution is to improve the accuracy and not the speed. This holds for the majority of
swarm-based clustering methods as well. However, there are many techniques to improve
the run-time performance of swarm-based methods such as parallel computing, which can
be used to speed up the GWOTS-based method as well.

7 Conclusions and future directions

In this paper, an improved GWO-based optimizer was proposed to deal with clustering
applications. In GWOTS, an effective TS-based strategy was employed to further search in the
proximity of the best solutions obtained so far and improve the performance of GWO. Thirteen
clustering datasets were utilized besides ranksum statistical test to assess the efficiency of
GWOTS in comparison with former algorithms. The comprehensive results and analysis
disclosed the superiority of the GWOTS in terms of optimality of the results and convergence
behaviors in dealing with clustering datasets.

The future studies can utilize the proposed GWOTS for tackling other class clustering
problems. There are many spatial applications in the field of location-based services (LBS)
that the proposed GWOTS-based clustering approach can also be evaluated. In future works,
we will investigate the performance of swarm-based and evolutionary clustering methods
such as GWOTS on synthetic datasets with different sizes and arbitrary shapes. We will also
utilize parallel computing to reduce the run time of the proposed GWOTS method.
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