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Abstract—Clustering, as an important part of data mining, is
inherently a challenging problem. This article proposes a dif-
ferential evolution algorithm with adaptive niching and k-means
operation (denoted as DE_ANS_AKO) for partitional data clus-
tering. Within the proposed algorithm, an adaptive niching
scheme, which can dynamically adjust the size of each niche in
the population, is devised and integrated to prevent premature
convergence of evolutionary search, thus appropriately search-
ing the space to identify the optimal or near-optimal solution.
Furthermore, to improve the search efficiency, an adaptive k-
means operation has been designed and employed at the niche
level of population. The performance of the proposed algo-
rithm has been evaluated on synthetic as well as real datasets
and compared with related methods. The experimental results
reveal that the proposed algorithm is able to reliably and effi-
ciently deliver high quality clustering solutions and generally
outperforms related methods implemented for comparisons.

Index Terms—Adaptive local search, adaptive niching method,
data clustering, differential evolution (DE).

I. INTRODUCTION

DATA clustering is an important while difficult task in
data mining. The goal of which is to divide the objects

in a data set into clusters such that similar objects are
assigned to the same cluster while dissimilar objects are
assigned to different clusters. Various clustering methods have
been developed and applied to address scientific and engi-
neering problems [1]–[9]. These algorithms can be roughly
categorized into two groups: 1) hierarchical and 2) partitional
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clustering methods [10]. The hierarchical methods build a tree-
like cluster hierarchy such that each cluster is nested within
the cluster at a higher level of the hierarchy. Partitional meth-
ods, on the other hand, try to directly divide the data set into
different groups by optimizing certain criteria. Depending on
whether the data object is assigned to one cluster only or every
cluster with certain memberships, partitional methods can be
further classified as hard and fuzzy clustering [11]. In this arti-
cle, we focus on hard partitional clustering, that is, the clusters
are formed by dividing the data set into disjoint partitions.

Considering a data set Y = {y1, y2, . . . , yn}, where yi

denotes a data object with d-dimensional features and n is
the total number of objects in Y. The hard partitional clus-
tering tries to divide Y into a number of groups G =
{G1, G2, . . . , Gk} such that: 1) Gi �= Ø, 1 ≤ i ≤ k;
2)

⋃k
i=1 Gi = Y; and 3) Gi

⋂
Gj = Ø, i �= j, 1 ≤ i, j ≤ k.

This can be achieved via optimizing a certain clustering crite-
rion [10]. Among the various criteria [12] proposed in the
literature, the intracluster variation (ICV) has been widely
used. For a nontrivial data set, however, clustering by opti-
mizing the ICV is known to be NP-hard [13]. To solve
such a problem, alternative optimization techniques (AOTs),
such as k-means [14] and its variants [15], [16], which iter-
atively search the solution space, can be employed. These
techniques are able to efficiently optimize the ICV for clus-
tering. However, they are sensitive to the initialization of
solutions and may easily trap into less-promising local optimal
solutions.

Evolutionary algorithms (EAs), which are good at global
search, have become a natural choice for addressing NP-
hard problems and many EA-based methods have, therefore,
been developed for data clustering [17]–[19]. These meth-
ods can deliver better solutions than the AOT-based clustering
schemes. However, the early methods of this approach are
generally based on traditional EAs, which could be very
expensive. To alleviate such a problem, hybrid EA methods,
in which the k-means operation is incorporated as the local
search, have also been developed [20]–[22]. These hybrid
methods show that the k-means operation is able to signifi-
cantly enhance the search efficiency of traditional EA-based
clustering. In these methods, the k-means operation is typically
employed with a certain fixed number of iterations (typically,
one or two iterations of the k-means algorithm) on each gen-
erated offspring during evolution. Since EA-based clustering
is a dynamic procedure, the appropriate number of iterations
of k-means algorithm to be employed may vary at different
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stages of evolution and for different individuals in the popu-
lation. Employing it with a fixed number of iterations could,
therefore, reduce their performance significantly.

Generally, for certain clustering problems, whose search
spaces are characterized with few local optima, both EA and
hybrid EA-based methods can identify the optimal solutions
while a nontrivial clustering problem usually involves a large
or even huge number of locally optimal solutions. In this case,
these methods could be easily trapped into local optima. It
is mainly due to traditional EAs and hybrid EAs that could
have difficulty to maintain the solution diversity during evo-
lution [23]. To deal with such a situation, various niching
methods have been designed [24], [25]. These methods allow
EAs to search multiple peaks of the space in parallel. At the
same time, they can be used to maintain the diversity of popu-
lation and prevent EAs from being trapped into less-promising
local optima. However, niching methods typically carry param-
eters, which should be properly specified in order to perform
well. Generally, the optimal values of niching parameters are
problem specific and may change along with evolution [26],
[27]. Choosing certain parameter values and keeping them
fixed during evolution, as usually adopted in literature, may
restrict their performance.

A. Contributions

To address the above-mentioned issues, this work proposes
an adaptive niching scheme (ANS) along with an adaptive
k-means operation (AKO) and incorporates them into a differ-
ential evolution (DE) algorithm for partitional data clustering
by optimizing the ICV. The primary contributions are two-fold.

1) An ANS, which can dynamically adjust the size of
each niche in the population, is devised and integrated
to appropriate search the space and prevent premature
convergence of evolutionary search.

2) An AKO, which can dynamically determine the number
of iterations of k-means algorithm to be applied during
evolution, has been designed and employed at the niche
level of population to improve the search efficiency.

Specifically, the adaptive niching in the proposed algo-
rithm is based on the speciation cluster niching (SCN) method
proposed in [28]. Rather than using a single and fixed value
of niche size M for all niches, we extend this method by first
allowing each niche in the population to have its own size
Mi and then introducing a learning strategy to dynamically
control Mi for each niche, therefore preserving an appropriate
population diversity during evolution. The AKO, on the other
hand, is devised to enhance the search efficiency of evolution.
The mechanism works by dynamically adjusting the number of
iterations of k-means to be applied on the offspring according
to the goodness of its parents. This mechanism is employed
at the niche level of population. The resulting algorithm has
been evaluated on synthetic as well as real datasets, and com-
pared with related methods. The experimental results clearly
show the significance of devised ANS and AKO. The results
also reveal that the proposed algorithm generally outperforms
related methods to be compared.

The remainder of this article is organized as follows. After
describing the DE algorithm in Section II and relevant work

in Section III, we provide an overview of the proposed
method, followed by a detailed description of the ANS
and AKO, as well as other key components of the method
in Section IV. Subsequently, experimental evaluations are
presented in Section V. Finally, we conclude the work with
a summary as well as a discussion of possible directions of
future work in Section VI.

II. DIFFERENTIAL EVOLUTION ALGORITHM

DE [29] is a global optimization algorithm. The algorithm
searches for the global optima by evolving a population com-
prised of Np D-dimensional real-coded vectors (i.e., Xi =
{xi,1, xi,2, . . . , xi,D|i = 1, 2, . . . , Np}), which encode candidate
solutions. At the initial stage, the value of the jth component
of the ith individual can be generated as

xi,j = xmin,j + rand(0, 1) ∗ (
xmax,j − xmin,j

)
. (1)

Here, xmax,j and xmin,j denote upper and lower bounds, respec-
tively, of the jth dimension, and rand(0, 1) represents a uniform
random value within the range [0, 1].

After population initialization, an evolutionary procedure
consisting of mutation, crossover, and selection operators will
be performed on the population. The mutation is used to
generate a mutant for each individual Xi. Among the var-
ious mutation strategies [30], the DE/rand/1 operation has
been adopted in our method as it bears good exploration
capability and is suitable to be used for solving multimodal
problems [70]. The operation is defined as

Vi = Xr1 + F ∗ (
Xr2 − Xr3

)
(2)

where r1, r2, and r3 are integer numbers selected randomly
(but different with the index i) from the set {1, 2, . . . , Np},
and F denotes the scaling factor. After mutation, crossover
operation will be carried out on each pair of target vector Xi

and its corresponding mutant vector Vi to produce a trial vector
Ui. The process of crossover can be defined as

ui,j =
{

vi,j, if (rand(0, 1) ≤ Cr) or (j = jrand)

xi,j, otherwise
(3)

where jrand is a random value taken from the set {1, 2, . . . , Np},
which ensures that the trial vector has at least one component
different from the target vector, and Cr denotes the probability
of crossover. This crossover has been widely used in DE and
will be adopted in this work to implement the algorithm.

Finally, selection operator is performed by choosing an
individual Xi,g+1 with a better fitness between Xi,g and Ui,g

Xi,g+1 =
{

Ui,g, if fitness
(
Ui,g

) ≥ fitness
(
Xi,g

)

Xi,g, otherwise
(4)

where fitness(.) denotes the fitness function to be maximized.
The above process will repeat until a user-specified termination
condition is met.

DE has been widely used as a real parameter optimizer
due to its compact structure, ease of implementation, and
robustness. Such characteristics make it a suitable choice to
be employed for data clustering by optimizing ICV, which
is a typical real parameter optimization problem. Like other
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traditional EAs, DE is not capable of maintaining controlled
competitions among individuals corresponding to different
optima and may cause the population to convergence pre-
maturely [30]–[32]. To alleviate this problem, in this work,
an ANS has been devised and incorporated into a DE for
data clustering.

III. RELATED WORK

A. EA-Based Clustering Algorithms

Partitional clustering by optimizing the ICV criterion is
known to be NP-hard. EAs, population-based search heuris-
tics, are believed to be effective for NP-hard problems. Many
EA-based clustering methods have, therefore, been developed.
Early works are usually based on traditional EA [17], [18].
For example, Hall et al. [17] developed a genetic algo-
rithm (GA) using a binary gray-encoding scheme, flip bit
mutation, two-point crossover, and tournament selection for
partitional data clustering. While in [18], a real-coded GA with
one-point crossover, floating mutation, and roulette wheel
selection is employed for data clustering. Recently, the DE-
based clustering approach has also been reported. For example,
Georgieva and Engelbrecht [33] described and evaluated three
DE-based clustering methods (i.e., standard data clustering
DE, reinitializing data clustering DE, and data clustering
dynamic DE) to deal with temporal data. While, in [34], the
same authors proposed a cooperative data clustering dynamic
DE, in which each population is employed to search for
a single optimum.

EA-based clustering algorithms have also been devised for
automatic clustering by optimizing validity functions [71]–[82].
For example, Lai [71] presented a hierarchical GA to optimize
the Davis–Bouldin (DB) function [72] for data clustering. By
optimizing the same function, a GA-based automatic clustering
was also developed by Liu et al. [73]. In this method, noise
selection along with division-absorption mutation are designed
and used to evolve the clusters. In [74], a DE with continuous
activation-based encoding was proposed to optimize the cohe-
sion separation (CS) [75] and DB function, individually, for
automatic data clustering. Maulik and Saha [76] presented a DE
with a modified mutation process to cluster an image into homo-
geneous regions. In this method, the Xie–Beni (XB) index [77]
is employed as the objective function. Das et al. [78] developed
a multielitist particle swarm optimization (PSO) for image seg-
mentation by optimizing XB index. Su et al. [79] introduced
an artificial bee colony (ABC) algorithm with a variable string
length representation and a modified mutation operation to clus-
ter the data. Ozturk et al. [80] presented a binary ABC algorithm
based on genetic operators and applied it for image clustering
by optimizing a variant of CS function. While, in [81], Pan et al.
devised an evolutionary tabu search with a binary activation-
based encoding to deal with automatic clustering problems by
optimizing the PBM function [82]. The above studies generally
show that EA-based methods can deliver better solutions than
traditional clustering methods. However, they could be very
expensive especially for clustering problems with large search
spaces.

To improve the search efficiency, hybrid
methods [20]–[22], [35]–[42], which combine EAs with
k-means-based local search operation, have been developed
for clustering. In these methods, the k-means opera-
tion is usually used to: 1) improve initial solutions of
population [35], [36]; 2) improve final solutions identified
by EAs [37]; and 3) fine-tune solutions [20]–[22], [38]–[42]
during evolution. Among these methods, incorporating the
k-means operation to fine-tune solutions during evolution has
shown to be a viable approach. However, in this approach,
the k-means operation is usually employed with a fixed
number of iterations and applied to every generated offspring
during evolution. For example, Kivijärvi et al. [21] and
Sheng et al. [39], [40] employed either one or two iterations
of k-means algorithm for fine tuning each offspring during
evolution. Krishana and Murty [20] proposed a method, in
which one iteration of k-means algorithm is used to perform
the crossover in GA. While in [42], the k-means algorithm
is performed on each offspring until convergence. Since the
EA’s evolution is a dynamic procedure, appropriate number
of iterations of k-means operation depends on the stage of
evolution as well as the character of offspring. Applying it
with a fixed number of iterations for each offspring during
evolution, as adopted in existing methods, may limit their
performance. In addition, it should be mentioned that several
adaptive or self-adaptive k-means algorithms [68], [69] have
been devised in the literature. However, the purpose of these
methods is trying to dynamically determine the number of
clusters k in the algorithm. Rather, in this work, we intend
to dynamically adjust the number of iterations of k-means
operation to be applied during the EA-based clustering
evolution.

B. Adaptive Strength Control of Local Search

Hybrid algorithms, which combine EAs with local searches,
are also termed as memetic algorithms (MAs) [43]. In the
MA literature, it has been shown that a too high strength of
local search could easily lead the population to premature con-
vergence, while a too low strength of local search will result
in an inefficient search of MAs. Appropriately controlling the
strength of local search is thus crucial for the performance of
MAs. To deal with this issue, many studies have been car-
ried out in MA research. Liu and Li [44] proposed to control
the strength of local search based on the relative performance
of local and global search operation in MA. In this method,
the strength of local search is decreased if the average fit-
ness improvement of population delivered by the global search
operation is better than that of local search procedure, oth-
erwise increased. In [45], a predefined maximum strength of
local search is used to improve the offspring, which have a bet-
ter fitness than the best individual in population. For the rest
offspring, if they have a better fitness than the worst one in
population, a median strength of local search is performed with
a low probability; otherwise, no local search will be applied.
Nguyen et al. [46] employed the information of population dis-
tribution to estimate a theoretical bound and expected strength
of local improvement procedure. In [47], the strength of local
procedure is encoded into the chromosome of individuals and
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undergoes evolution. In this work, we devise a mechanism
such that dynamically adjusting the strength of local search
operation to be performed on the offspring according to the
goodness of its parents. Based on the devised mechanism, an
AKO is then developed and employed at the niche level of
population during DE-based clustering.

C. Niching Methods and Niching EA-Based Clustering

Optimization problems, such as clustering, typically involve
complex search spaces with many local optima. In this case,
traditional EAs and hybrid EAs may easily trap into less-
promising local optima. This problem could be attributed to the
fast takeover due to selection pressure as well as genetic drifts
due to recombination operations [25], [48]. To address such an
issue, niching methods have been introduced [24], [26]. The
niching technique works by restricting the selection and/or
recombination operations among similar individuals, which
potentially correspond to different optima in the search space,
thus alleviating the problem of fast takeover and genetic drifts.
Such methods allow EAs to search multiple peaks of the space
in parallel. At the same time, they can be used to maintain the
diversity of population and prevent EAs from being trapped
into less-promising local optima. In the literature, niching
methods are typically employed to extend EAs for multimodal
problems, which aim to simultaneously identify multiple solu-
tions. For example, a GA embedded with a niching technique
was introduced in [49] to identify multiple solutions of the
multimodal problem. Biswas et al. [31] proposed a local infor-
mative niching DE, in which an efficient niching behavior
can be induced based on an improved information-sharing
mechanism. The resulting algorithm is then integrated with
three traditional niching methods for multimodal optimization.
Furthermore, in [32], they devised a parent-centric mutation-
based DE by employing normalized search neighborhoods and
integrated it into the crowding method to deal with multimodal
problems. Yu and Suganthan [50] presented an ensemble of
niching techniques to deal with multimodal problems with the
purpose of achieving a robust performance. The above meth-
ods are devised for locating multiple optima, disregarding their
goodness. In this work, we concern of utilizing the niching
technique to preserve the population diversity thus locating the
optimal or near-optimal solution. In this case, directly employ-
ing the above methods could lead to an expensive search,
since much of the computational resource has to be spent on
searching and identifying the less-promising optima.

Since the niching technique can be used to maintain the
diversity of population, they have been previously employed
in EA-based clustering to locate the optimal or near optimal
solution. For example, in [51], a variant of the standard crowd-
ing was introduced into a MA for data clustering as well
as feature selection. Laszlo and Mukherjee [41] employed
another variant of standard crowding method for Web doc-
ument clustering. In [53], the restricted tournament selection
method is introduced into a GA for clustering the railway-
driving mission. These algorithms show that niching methods
can improve the effectiveness of population convergence and
avoid less promising local optima. However, niching methods

generally involve certain parameters, which have to be spec-
ified properly in order to have a good performance. Now, it
is well established that setting of these parameters properly is
problem specific. Furthermore, optimal values of the param-
eters may vary during evolution of EAs. The usage of fixed
values as usually adopted in existing methods (such as in the
above niching EA-based clustering methods) can result in an
inferior performance. Although a few works [48], [54], [55]
have been carried out to dynamically adjust niching parame-
ters, they are generally designed for either clearing or fitness
sharing-based methods. Here, we devise an ANS based on
a multisubpopulation niching strategy [28] and incorporate it
into DE for data clustering. In this scheme, the subspaces asso-
ciated with high performance niches will be more intensively
searched while performing a diverse search of the solution
space using the niches, thus appropriately searching the space
to identify the optimal or near-optimal clustering solution.

IV. PROPOSED ALGORITHM

This section proposes a DE algorithm, which is incorporated
with ANS and AKO, to evolve an appropriate partitioning
of the data set by optimizing ICV. In the proposed algo-
rithm, an ANS is designed and used to dynamically divide
the population into subpopulations (i.e., niches) for evolution.
Within each subpopulation, the offspring are first generated
by performing DE operators. This is followed by apply-
ing an adaptive k-means local search procedure to improve
the offspring. The evolution will be repeated until the best
individual in population does not change for g generations.
Algorithm 1 shows the procedure of the proposed algorithm.
In the following sections, we shall give the details of proposed
algorithm.

A. Representation, Initialization, and Fitness Function

The clustering solution is represented by its centers of clus-
ters. For a clustering problem with d-dimensional data and k
clusters, we use a vector with d × k real values to encode an
individual solution. The first d real values denote the center
of first cluster, and so on. These values are randomly gener-
ated within the range of attributes of the data. Note that by
employing the above representation, the corresponding clus-
ter centers of two individuals may not appear at the same
position, thus resulting in ineffective mutation and crossover.
To address such an issue, the cluster match scheme [60] has
been used to rearrange cluster centers encoded in the solu-
tions. The scheme works by choosing the best individual in
the population as a template and the cluster centers of the rest
individuals are rearranged according to the template such that
the closest cluster centers appear at the same position. After
population initialization, every initial individual will be fine
tuned by performing one iteration of k-means operation.

The goodness of individual is measured by first calculating
the ICV criterion, which can be written as

ICV =
n∑

i=1

k∑

j=1,yi∈Cj

∣
∣yi − mj

∣
∣2 (5)

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on October 28,2022 at 01:40:58 UTC from IEEE Xplore.  Restrictions apply. 



SHENG et al.: DE ALGORITHM WITH ADAPTIVE NICHING AND K-MEANS OPERATION FOR DATA CLUSTERING 6185

Algorithm 1: DE Algorithm With Adaptive Niching
Scheine and Adaptive i-Means Operation for Clustering

1 Generate an initial population of clustering solutions,
each of which is represented by its cluster centers and
encoded with a vector of real values.

2 Fine-tune each initial solution by applying one iteration
of k-means algorithm and then calculate their fitness
values according to (8).

3 Rearrange Cluster Centers in the Solutions According to
a Cluster Match Scheine [60].

4 Employing the Proposed Adaptive Niching Scheine (see
Section IV-B) to Dynamically Divide the Population Into
Subpopulations (i.e., Niches)

5 foreach subpopulation do
6 foreach individual p in the subpopulation do
7 Apply DE operators, defined in equations (2) and

(3), to generate an offspring.
8 Employ the devised adaptive k-means Operation

(see Section IV-C) to improve the offspring,
9 if the offspring is applied with the k-means

operation then
10 Calculate the fitness of the offspring.
11 Rearrange cluster centers in the offspring.
12 Pair the offspring with the most similar

solution in the subpopulation and replace its
paired solution if the offspring has a better
fitness.

13 else
14 discard the offspring.
15 end
16 end
17 end
18 Terminate the evolution if the specified stopping criterion

is met. Otherwise go to Step 4.
19 Output the best solution in the population.

where

mj = 1
∣
∣Cj

∣
∣

∑

y∈Cj

y. (6)

Here, n is the size of data set, yi is the ith data object, k is
the number of clusters, mj is the center of cluster Cj, and |Cj|
denotes the number of data objects within cluster Cj. The ICV
measures the compactness of clusters, minimization of which
will make the data objects within clusters as similar as possible
while also keeping the clusters as different as possible, thus
delivering compact and well-separated clusters. Based on the
calculated ICV values, the fitness can be defined as

f = 1/ICV. (7)

The algorithm thus tries to minimize the ICV to obtain
a solution. It should be noted that empty clusters might arise in
certain clustering solutions. These solutions carry invalid clus-
tering information and are less likely to generate promising
offspring via recombination operations, especially for those
with more empty clusters. To punish these solutions, we

further redefined the fitness function as

f = 1/
(

ICV + v

w
∗ ICV

)
. (8)

Here, w and v denote the total number of clusters and empty
clusters, respectively, in the solution. As a result, the solutions
with more empty clusters will be more severely punished, thus
reducing their possibility to take part in the recombination
process of evolution and saving computational resources.

B. Adaptive Niching Scheme

EA and hybrid EA-based clustering methods have proved
their capability to deliver good solutions. However, for cluster-
ing problems with complex search spaces, these methods could
easily trap into less promising local optima. This is due to
they are not able to effectively control the competition among
individuals and lead to premature convergence. To alleviate
the problem, various niching methods [26] have been intro-
duced. Generally, the performance of existing niching methods
depends on their parameters, and the optimal values of which
are problem specific and may vary during evolution. In this
section, we propose an ANS, which could dynamically and
appropriately adjust its niching parameter, and incorporate it
into DE for data clustering.

The proposed ANS is built on a niching strategy, called
SCN, presented in [28]. In this strategy, a speciation method
is employed to divide the population into Np/M (Np is the
size of population while M is the niche size and is fixed
to be 5) niches, and each niche undergoes evolution via DE
operation to generate offspring. The generated offspring then
compete with other individuals in the same niche for survival.
The SCN strategy will be used in our method to obtain ini-
tial niches along with their initial performance, the measure
of which is defined below in terms of Si.

The performance of SCN depends crucially on the setting of
niche size M. A small niche size will result in a large number
of niches, which is beneficial for exploring the search space.
While, a large niche size favors the exploitation aspect of evo-
lutionary search. To ensure a good performance of SCN, the
size of niche in SCN should be set appropriately, thus deliv-
ering a well-balanced evolutionary search. Since the optimal
niche size is problem specific and may vary during evolution,
using a certain value for all problem instances and keeping it
fixed during evolution, as adopted in the SCN, may limit its
performance. Moreover, this scheme assigns a single size for
all niches. Generally, different niches possess different poten-
tials to search their corresponding spaces. To appropriately
search the space, a niche with high potential should be allo-
cated with more computational resources (i.e., a large niche
size) to search the space and vice versa. By assigning a single
fixed size for all niches and ignoring their different potentials
could thus reduce the performance of SCN further.

To address the above issues, we first allow each niche in
the population to have its own size Mi and then devise a strat-
egy to appropriately control the size Mi for each niche. The
basic idea is to learn the value of Mi of each niche according
to its previous performance. Generally, a niche with a higher
performance will be assigned with a larger size (i.e., more
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resources) to search the space. Otherwise, a smaller size will
be assigned to the niche. The rationale behind such a strategy
is that a high performance of the niche indicates the corre-
sponding subspace is promising and the evolutionary search
of such a subspace is effective, thus should be allocated with
more computational resources (i.e., a large niche size). While
this is not the case for an unpromising subspace or a stagnant
niche, the size of corresponding niche should, therefore, be
reduced to save computational resources. Our proposed nich-
ing size control strategy is based on the equations presented
in [56], which is used to dynamically set the DE parameters.
Specifically, at each generation of evolution, we generate the
size Mi for each niche according to a Cauchy distribution with
a mean of Mi,mean and standard deviation of 0.5 as

Mi = Cauchy
(
Mi,mean, 0.5

)
. (9)

The Cauchy distribution is employed here to diversify the
niche sizes. Comparing to Gaussian distribution, this could
avoid them being highly concentrated around a certain value,
thus facilitating the search for proper sizes of niches. In the
above equation, the initial value of Mi,mean is set to be 5, which
is used to set M in the SCN scheme, and is updated at the end
of each generation as

Mi,mean = (1 − q) ∗ Mi,mean + q ∗
∑

Mi ∗ Si
∑

Si
∗ Si

Save
. (10)

Here, S denotes the sum over i. The term Si, which is used
to measure the performance of the niche, is defined as the
rate of generated offspring successfully replacing their corre-
sponding parents to enter the ith niche and Save denotes the
average value of all Si. A large value of Si indicates that the
ith niche has a high performance to search space and thus will
usually be assigned with a relatively large size. As a result, the
appropriate size for each niche can be learned and dynamically
varied during evolution. It should be noted that the resulting
value Mi will be truncated into [4, Np/2], where Np is the size
of population, and the minimum size for the niche is set to
be 4, which is required for the DE operation. Based on the
calculated size of each niche, the niches are reorganized as fol-
lows. First, the best individual of each niche is selected as the
seed of the niche. These seeds are then sorted in descend-
ing order according to the performance of their associated
niches. Finally, for each seed in descending order, perform-
ing the following procedure to form the niche. Selecting the
closest individuals in the population until the calculated size
of the niche is met and removing these individuals from the
population. The above procedure will repeat until all seeds
have been processed or the population is completed divided.
In case that the number of individuals in the remaining popu-
lation is equal or larger than 4, then the above procedure will
be further applied to obtain additional niches by selecting the
best individual in the remaining population as the seed along
with a niche size calculated using equation (9). In case that
the number of remaining individuals is less than 4 or no fur-
ther niche could be formed in the above case, then each of the
remaining individuals will be assigned to its nearest niche.

C. Adaptive K-Means Operation

The k-means operation has been widely used in EA-based
clustering methods to improve their efficiency. Nevertheless,
in existing methods, it is typically performed on every gen-
erated offspring with a fixed number of iterations. In this
section, we devise a mechanism and employ it to dynamically
adjust the number of iterations of k-means operation applied
on each offspring during evolution. The basic idea of the
devised mechanism is to appropriately balance the exploita-
tion and exploration of evolutionary search by distributing the
strength local search according to the potential of offspring
(measured by the goodness of their parents). An offspring with
high potential will be assigned with a large strength to exploit
the search space. Otherwise, it will be encouraged to explore
the search space by assigning a low strength of local search
or no local search at all. In our method, the population is
organized as niches and different niches generally carry with
different levels of average fitness, as they tend to search dif-
ferent optima in the space. By allowing the individuals from
different niches to compete for the k-means operation at the
population level according to the above mechanism, the off-
spring of those individuals from the niches with lower average
fitness may have little chance to receive local improvement.
Consequently, these niches could quickly disappear before
their associated subspaces being properly searched, thus ren-
dering the effectiveness of evolutionary search. To alleviate
such an issue, rather than at population level, the devised AKO
will be employed at the niche level. Specifically, the proposed
AKO works as follows. Within each identified niche in the
population at current generation, the fitness of selected par-
ent individual is first compared with the average fitness of the
niche. If the selected parent individual has a better fitness, we
then calculate the number of iterations of k-means operation
to be performed on its offspring as

tLS = T ∗ f − fave

fbest − fworst
. (11)

Here, f denotes the fitness of selected parent individual, T
is a scaling constant, and fave, fbest, and fworst are the aver-
age, best, and worst fitness, respectively, within the niche. As
a result, a k-means operation with a large number of iterations
will be assigned to the offspring, whose parents have a high
fitness. While, if the fitness of selected parent individual has
a worse fitness, then one iteration of k-means operation is per-
formed with a probability of pLS to improve its offspring. In
case that no k-means operation is employed, we simply discard
the offspring with no fitness evaluation. After performing the
AKO, the resulting offspring will then replace the most simi-
lar solution (measured by Euclidean distance) in the niche if
it possesses a better fitness. The procedure of the proposed
AKO is shown in Algorithm 2.

V. EXPERIMENTS

In this section, we first evaluate the significance of ANS
and AKO in the developed algorithm. This is followed by
comparing our algorithm with related methods. Before present-
ing results, we first describe the datasets used for evaluation

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on October 28,2022 at 01:40:58 UTC from IEEE Xplore.  Restrictions apply. 



SHENG et al.: DE ALGORITHM WITH ADAPTIVE NICHING AND K-MEANS OPERATION FOR DATA CLUSTERING 6187

(a) (b) (c) (d)

Fig. 1. Synthetic data used in experiments. (a) Syn_12. (b) Syn_20. (c) Syn_22. (d) Syn_56.

Algorithm 2: Procedure of Adaptive t-Means Operation

1 foreach selecled parent p in each niche do
2 if the fitness of p is better than the average fitness of

corresponding niche then
3 Calculate the number of iterations of k-means

Operation tLS using equation (11).
4 else
5 Generating a random value r.
6 if r is less than a specified value pLS then
7 set tLS = 1.
8 else
9 set tLS = 0.

10 end
11 end
12 if tLS > 0 then
13 Perform tLS iteration(s) of k-means Operation to

improve the offspring of parent p and evaluate its
fitness using equation (8).

14 else
15 Discard the offspring with no fitness evaluation

and go to step 2.
16 end
17 Pairing the offspring with the most similar individual

in corresponding niche.
18 if the offspring has a better fitness then
19 Replace its paired individual.
20 end
21 end

and parameter settings of the developed algorithm. All meth-
ods to be compared are coded using C++ and evaluated on
a workstation with an Intel Core CPU at 2.40 GHz and 8-GB
RAM. The results of evolutionary-based methods reported
in this work are averaged based on 100 trials, unless other-
wise stated. The 100 trials are carried out by first generating
100 random populations, each has a sufficiently large size.
Then, for each method, the first Np (a population size speci-
fied by the method) individuals of each above population will
be selected as the initial population (encoded according to
the scheme specified by the method) to conduct the trials. As
a result, initial populations of different methods will be exactly
the same in case they have the same size of population or have
the maximum overlapping in case their population sizes are

different. This could help minimize the possibility that dif-
ferent performances of various methods are originated from
different initial populations.

A. Datasets

Both synthetic and real data have been used for eval-
uation purpose. Fig. 1 shows the four synthetic datasets.
They are generated such that clusters are highly over-
lapped and have different levels of complexity for clus-
tering. For real data, we consider Connectionist, MFCCs,
Shuttle, Isolet1, Isolet2, Letter, and human activity recogni-
tion using smartphones (HARs) data, provided at UCI Machine
Learning Repository [57] as well as two image datasets (i.e.,
Flowers17 [83] and Mnist [84]). In addition, two microar-
ray datasets (i.e., Yeast2945 [85] and Cancer728 [86]), which
are widely used in bioinformatics research [87], have also
been included for experiments. A description of above datasets
can be found in the supplementary material. In experiments,
z-score technique is used to standardize all datasets. For real
datasets, principal component analysis has also been employed
to reduce the dimension by selecting the top principal com-
ponents, which account for over 95% of the variance. Table I
lists all the datasets used in experiments.

B. Parameter Settings

To implement the proposed algorithm, a few parameters
require to be specified. These involve the scaling factor,
crossover probability, population size, stopping criterion, con-
stants T and pLS in the AKO, as well as learning rate q in
ANS. We determine the values of these parameters empiri-
cally on the experimental data using the following procedure.
For each parameter, three runs of the proposed method are
completed with a wide range of the parameter values on each
case while keeping the rest parameter values to be fixed. After
that, the average solution fitness and runtime resulting from
the three runs are computed for each case of the parameter val-
ues. Finally, the one that shows the best overall performance
is used to set the parameter. As a result, the parameters are set
as follows. The scaling factor and crossover rate are set to be
0.9 and 0.1, respectively. It should be noted that by employing
the above procedure, these identified values are not meant to
be the best choice for the scaling factor and crossover rate.
It is also of interest to set these two parameters by adopting
an adaptive parameter control scheme. However, our results
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TABLE I
LIST OF DATASETS FOR EXPERIMENTS

TABLE II
PARAMETER SETTINGS OF THE PROPOSED METHOD

(which have been shown and discussed in the supplementary
material) indicate that adaptively updating these two param-
eters could have a limited impact on the performance of our
algorithm. For parameters of T and pLS in AKO as well as q
in ANS, they are configured to be 10, 0.05, and 0.1, respec-
tively. To set T and pLS, a tradeoff between solution fitness
and runtime can be found in the experiments. Generally, larger
values of either T or pLS could make the algorithm more effi-
cient, but more easily to be trapped into less promising local
optima. The experimental results show that a value between
9 and 12 for parameter T and 0.04 and 0.06 for parameter pLS

is able to make the algorithm to achieve an adequate tradeoff
performance. For the parameter q in ANS, it can be found
that a larger value of q will lead to a faster convergence but
lower solution fitness while a smaller value of q will result in
slower convergence with no significant performance improve-
ment of the algorithm. Finally, the values of 30 and 20 are
used to set the population size and parameter g, respectively.
For either of the parameters, larger values typically have little
impact of the solution fitness but longer running time. A list
of the parameter setting is shown in Table II.

C. Performance Metrics

The quality of clustering solutions depends on the appli-
cations at hand and there is no standard criterion, which can
be optimized to obtain the “best” solutions or can be used
to evaluate clustering solutions in literature [10]. Here, we,
therefore, mainly concern whether the algorithm can effec-
tively and efficiently optimize the adopted criterion (i.e., the
ICV criterion) for clustering. Consequently, the average ICV
values and running times have been used and reported. In addi-
tion, as the “true” clusters are known beforehand for synthetic

TABLE III
COMPARING RESULTS DELIVERED BY THE THREE METHODS ON 15

DATASETS OVER 100 TRIALS. THE BEST VALUES ARE BOLDED AND THE

SYMBOL “*” INDICATES THAT THE VALUE DELIVERED BY

DE_ANS_AKO IS SIGNIFICANTLY BETTER THAN BOTH METHODS TO

BE COMPARED WITH A CONFIDENCE LEVEL OF 95%

data and most of the real datasets used in our experiments,
two performance indexes, that is, accuracy of clustering (AC)
and adjusted rand index (ARI) [88] have also been used to
report the results. The AC is calculated as

AC = Ncor

N
(12)

where Ncor is the number of correctly classified objects and N
is the total number of objects in the data set.

D. Results

We first evaluate the significance of proposed ANS
and AKO. To this end, we compare the proposed algo-
rithm (denoted as DE_ANS_AKO) with its two variants:
1) DE_ANS_AKO without the ANS scheme (denoted as
DE_AKO) and 2) rather than AKO, one iteration of k-means
algorithm is incorporated for fine tuning every offspring during
evolution (denoted as DE_ANS_KO). The three algorithms are
compared using the same configuration of parameter values.

Table III shows the average ICV values and running times of
the three algorithms on experimental datasets. Comparing the
results of DE_ANS_AKO and DE_AKO, it can be observed
that the ANS can enhance the performance of DE_AKO by
preventing the best solutions from converging into less promis-
ing local optima. For example, on Shuttle data, the DE_AKO
gives solutions with an average ICV value of 156890.0,
while the DE_ANS_AKO provides solutions with an aver-
age ICV value of 155319.6. Looking at the performance
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TABLE IV
P-VALUES OF PAIRED WILCOXON’S RANK-SUM TESTS BETWEEN OUR

PROPOSED METHOD (DE_ANS_AKO) AND ITS TWO VARIANTS

(DE_AKO AND DE_ANS_KO) REGARDING TO THE INDEX OF ICV AND

RUNTIME. THE SYMBOL “*” INDICATES THAT THE PERFORMANCE OF

DE_ANS_AKO IS SIGNIFICANTLY BETTER THAN THE METHOD TO BE

COMPARED WITH A CONFIDENCE LEVEL OF 95%

of DE_ANS_AKO and DE_ANS_KO, it can be found that
by adaptively adjusting the number of iterations of k-means
operation, the AKO can enhance the efficiency of evolu-
tion. For example, on Isolet2 data, DE_ANS_KO needs
349.825 s to deliver solutions with an average ICV value
of 1914852.4. In contrast, DE_ANS_AKO takes 243.493 s
on average to provide solutions with an average ICV value
of 1912182.9. To statistically justify the above comparisons,
paired Wilcoxon’s rank-sum tests between our proposed algo-
rithm (DE_ANS_AKO) and its two variants (DE_AKO and
DE_ANS_KO) regarding to the index of ICV and runtime,
respectively, have been carried out. The p-values reported in
Table IV show that the differences are statistically significant
on most of the cases. From the results, it can be concluded
that the ANS helps to enhance the effectiveness of evolution-
ary search by avoiding less promising solutions while the AKO
can improve the convergence rate of evolution.

Next, we compare our algorithm with related work, which
are either classical or recently proposed methods for data clus-
tering by optimizing ICV. The algorithms to be compared are
listed below along with a brief description.

1) GKA [20]: The GKA is a GA-based clustering method,
which adopts an integer-encoding scheme to represent
the solution. Rather than traditional crossover opera-
tion, one iteration of k-means algorithm is used for
recombination in this method.

2) MEQPSO [58]: The MEQPSO is based on a variant
of quantum-behaved PSO algorithm, which adopts an
integer-encoding scheme to represent the solution. In this
method, one iteration of k-means is adopted for fine-
tuning every offspring during evolution.

3) EPSONS [59]: The EPSONS employed a variant of
PSO algorithm for data clustering. In this method,
two strategies (i.e., neighborhood search and diver-
sity maintenance) are devised and applied to improve
the performance of evolutionary search. One iteration
of k-means is also used to fine-tune offspring during
evolution in this method.

4) PSOKM(CM2) [60]: In this method, a standard PSO
algorithm with a cluster match mechanism was proposed
for data clustering. During evolution, one iteration of
k-means is employed to fine-tune offspring.

5) CGABC [61]: The CGABC is based on an ABC algo-
rithm. In this method, two local search procedures (i.e.,
chaotic local search and k-means algorithm) are used to
improve the best individual at each generation.

6) SHADE [62]: The SHADE is an improved version of
JADE [56]. In this method, a historical record of suc-
cessful parameter settings is used to guide the selection
of parameter values of DE during evolution.

7) TSMPSO [63]: The TSMPSO is a multiobjective ver-
sion of PSO for hard partitional clustering. In this
method, ICV and connectedness are used as the objective
functions for clustering.

8) ICMPKHM [64]: The ICMPKHM is a hybrid method,
in which an improved cuckoo search is incorporated into
a modified PSO for clustering.

9) FPAGA [65]: In FPAGA, a flower pollination algo-
rithm is combined with a GA for data clustering. Three
operators, namely, discard solution operation, elite-based
mutation and crossover operation, are introduced in this
method to improve the search capability.

To make a fair and meaningful comparison, the values of
parameters for the above nine methods are specified based on
the same procedure described in Section V-B.

The results of the ten algorithms in terms of ICV, ARI, and
AC values, as well as running times are reported in Table V.
To meaningfully evaluate the differences of results between
our proposed method and each of the related methods, paired
Wilcoxon’s rank-sum tests have also been carried out. The
Wilcoxon’s test is a nonparametric statistical test, which allows
us to judge the difference between two sets of evaluation index
values when they cannot be assumed to follow a particular
statistical distribution. The null hypothesis of the test is that
there are no significant differences between the two sets of
values, while the alternative hypothesis is that they differ sig-
nificantly from each other. If the p-values produced by the tests
are less than 0.05, then the null hypothesis can be rejected
with a confidence level of more than 95%. It should be noted
that although parametric statistical tests (e.g., t-test) could be
performed here, they are generally not preferred to analyze
EAs [89]. The corresponding p-values of Wilcoxon’s tests
between our algorithm and the nine related methods on the
three evaluation indexes (i.e., ICV, ARI, and AC) are reported
in Table VI. From the results of Table V, it can be found that
our proposed algorithm is generally capable of achieving better
clustering solutions across various datasets (including syn-
thetic, image, microarray, and activity recognition data) than
the nine methods to be compared. For instance, on Syn_22,
the methods of GKA, MEQPSO, CGABC, PSOKM(CM2),
EPSONS, SHADE, TSMPSO, ICMPKHM, and FPAGA give
solutions with an average ICV value of 53.648, 51.607,
41.219, 36.357, 36.412, 38.369, 47.460, 40.388, and 37.557,
respectively. While our algorithm provides clustering solu-
tions with an average ICV value of 35.745. Similar results
can also be found in terms of AC and ARI. For example,
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TABLE V
COMPARING RESULTS DELIVERED BY THE TEN METHODS ON 15 DATASETS OVER 100 TRIALS. THE BEST VALUES ARE BOLDED

AND THE SYMBOL “*” INDICATES THAT THE VALUE DELIVERED BY OUR METHOD IS SIGNIFICANTLY BETTER

THAN ALL THE METHODS TO BE COMPARED WITH A CONFIDENCE LEVEL OF 95%

on Mnist data, the average AC value of solutions delivered
by the GKA, MEQPSO, CGABC, PSOKM(CM2), EPSONS,
SHADE, TSMPSO, ICMPKHM, and FPAGA turns out to be
0.487, 0.475, 0.453, 0.488, 0.486, 0.490, 0.368, 0.457, and
0.473, respectively. On the same data set, the above nine meth-
ods achieve an average ARI value of 0.318, 0.309, 0.297,
0.316, 0.315, 0.318, 0.185, 0.281, and 0.311, respectively.
By comparison, our method achieves solutions carrying an
average AC and ARI value of 0.492 and 0.319, respectively.
Similarly, on HAR data, the above nine methods delivered the

solutions with an average ARI value of 0.427, 0.429, 0.353,
0.425. 0.430, 0.425, 0.338, 0.408, and 0.429, respectively,
while our method achieves 0.432. The p-values reported in
Table VI show that the differences of ICV, ARI, and AC val-
ues between our proposed method and the nine methods are
significant on most of the datasets. It should be also noted
that on certain datasets (e.g., Flowers17 data), none of the
ten EA-based clustering algorithms (including our proposed
method) is able to give accurate clustering solutions in term of
ARI. This is due to the ground-truth clusters in these datasets
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TABLE VI
PAIRED WILCOXON’S RANK-SUM TESTS BETWEEN OUR PROPOSED METHOD (I.E., DE_ANS_AKO) AND THE NINE METHODS (GKA, MEQPSO,
CGABC, PSOKM(CM2), EPSONS, SHADE, TSMPSO, ICMPKHM AND FPAGA). THE SYMBOL “*” INDICATES THAT THE PERFORMANCE OF

DE_ANS_AKO IS SIGNIFICANTLY BETTER THAN THE METHOD TO BE COMPARED WITH A CONFIDENCE LEVEL OF 95%

TABLE VII
RESULT OF CONFUSION MATRIX OF A TYPICAL CLUSTERING SOLUTION

DELIVERED BY OUR METHOD ON THE HAR DATASET. COLUMNS

REPRESENT OBTAINED CLUSTERS AND ROWS ARE ACTUAL CLUSTERS.
“W,” “U,” “D,” “SD,” “ST,” AND “L” DENOTE WALKING, WALKING

UPSTAIRS, WALKING DOWNSTAIRS, STANDING, SITTING,
AND LAYING, RESPECTIVELY

are highly overlapping by considering all the features of the
data for clustering. For these datasets, identifying relevant fea-
tures via filter or wrapper schemes [94] while performing
clustering could be a promising approach.

It is of interest to closely examine the clustering solu-
tion on the HAR data obtained by our proposed method. For
this purpose, the result of the confusion matrix of a typ-
ical clustering solution delivered by our method has been
shown in Table VII. In the table, the measures of recall and
precision are the percentages of relevant instances that have
been retrieved and retrieved instances that are relevant, respec-
tively, [90]. The results show that our proposed method is
able to achieve a good performance on the activities of lay-
ing, walking upstairs, and sitting in terms of recall. In terms
of precision, it performs well on the activities of laying and
walking downstairs. While the results also show that it is dif-
ficult to distinguish the activities among walking downstairs,
walking upstairs, and walking, as well as activities between
sitting and standing, which agrees with previous study on this
dataset [15].

In terms of efficiency, the results in Table V reveal that
our algorithm has a better or comparable performance than
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EPSONS, GKA, MEQPSO, SHADE, TSMPSO, ICMPKHM,
and FPAGA but could be outperformed by CGABC and
PSOKM(CM2). For example, on Letter data, the GKA,
EPSONS, MEQPSO, PSOKM(CM2), CGABC, SHADE, and
TSMPSO need 63.801, 859.865, 84.691, 54.421, 51.183,
764.669, 747.499, 512.757, and 552.485 s, respectively, while
our method takes 55.600 s on average to converge. Although
the CGABC and PSOKM(CM2) are efficient, they generally
end up with locally optimal solutions, which could be much
worse than our method. Based on the above results, it is
clear that our proposed algorithm is a viable method. The
performance improvement is mainly due to the incorporation
of ANS and AKO, which can be used to maintain an appropri-
ate balance of exploitation and exploration of the evolutionary
search.

VI. CONCLUSION

In this work, we have reported the implementation of an
ANS- and AKO-based DE algorithm for data clustering by
optimizing ICV. Our experimental results confirm that the
ANS can help to appropriately search the solution space and
avoid less promising optimal solutions, while the AKO is capa-
ble of improving the efficiency of evolution. Consequently, by
incorporating these two mechanisms, the proposed algorithm
can efficiently deliver clustering solutions with high quality
and outperforms related methods to be compared.

The proposed ANS and AKO can be served to address
several important issues of designing EAs or EAs for data clus-
tering. For example, in general, how to appropriately employ
the niching method and k-means operation during evolution?
To be specific, whether competitive usage of niches depending
on their performances could give a well-balanced search of the
space for identifying the optimal or near-optimal solution and
how intensive the k-means operation should be employed on
each individual during EA-based clustering, etc. Addressing
these issues could lead us to properly understand the role of
niching method and local search operation, thus helpful in
designing appropriate EAs for optimization problems.

The work presented in this article can be extended in
several directions. First, it would be desirable to design
other ANSs by employing the devised mechanism to con-
trol, e.g., the niche radius of neighborhood-based niching
methods [24], [26]. Incorporating different ANSs into DE for
clustering and comparing their performances can also be per-
formed. Second, it could be interesting to verify the usefulness
of devised ANS and AKO by incorporating them either indi-
vidually or jointly into other metaheuristic methods, e.g.,
PSO, for clustering. In addition, while the effectiveness of
the proposed algorithm has been demonstrated for clustering
with a fixed number of clusters, it is flexible to be extended to
deal with automatic clustering, in which the number of clusters
is unknown beforehand. For this purpose, clustering validity
measures [11] could be adopted as the criteria for evolutionary-
based clustering along with a coding scheme, which can
represent clustering solutions with variable number of clus-
ters. Certainly, in this case, the number of clusters encoded in
solutions should also be taken into account for measuring the
similarity of solutions. It should also be mentioned that since

the proposed ANS could be used to maintain multiple niches,
it is suitable to be applied for dynamic clustering, whose pur-
pose is to dynamically track changing landscapes [66], [67].
Finally, employing the proposed method for clustering differ-
ent forms of data, such as time series and graph data [91], [92],
as well as considering spatial information [93] could also be
investigated in the future.
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