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Abstract
Partitional clustering is a type of clustering that can organize the data into non-overlap-
ping groups or clusters. This technique has diverse applications across the different vari-
ous domains like image processing, pattern recognition, data mining, rule-based systems, 
customer segmentation, image segmentation, and anomaly detection, etc. Hence, this sur-
vey aims to identify the key concepts and approaches in partitional clustering. Further, it 
also highlights its widespread applicability including major advantages and challenges. 
Partitional clustering faces challenges like selecting the optimal number of clusters, local 
optima, sensitivity to initial centroids, etc. Therefore, this survey describes the clustering 
problems as partitional clustering, dynamic clustering, automatic clustering, and fuzzy 
clustering. The objective of this survey is to identify the meta-heuristic algorithms for the 
aforementioned clustering. Further, the meta-heuristic algorithms are also categorised into 
simple meta-heuristic algorithms, improved meta-heuristic algorithms, and hybrid meta-
heuristic algorithms. Hence, this work also focuses on the adoption of new meta-heuristic 
algorithms, improving existing methods and novel techniques that enhance clustering per-
formance and robustness, making partitional clustering a critical tool for data analysis and 
machine learning. This survey also highlights the different objective functions and bench-
mark datasets adopted for measuring the effectiveness of clustering algorithms. Before the 
literature survey, several research questions are formulated to ensure the effectiveness and 
efficiency of the survey such as what are the various meta-heuristic techniques available for 
clustering problems? How to handle automatic data clustering? What are the main reasons 
for hybridizing clustering algorithms? The survey identifies shortcomings associated with 
existing algorithms and clustering problems and highlights the active area of research in 
the clustering field to overcome these limitations and improve performance.

Keywords  Automatic clustering · Descriptive analysis · Hybrid approaches · Meta-
heuristic algorithms · Partitional clustering
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1  Introduction

The process of exploring and analysing large data for new, valid, and profitable patterns 
is termed knowledge discovery. However, due to rapid increments in data generation and 
storage, it is becoming more and more difficult to retrieve information by traditional analy-
sis methods. Data mining is a task that can be employed to retrieve valuable information 
and patterns from this large data. Data mining techniques are being used to scour data-
bases so that new and convenient patterns can be effortlessly discovered. Data mining tasks 
are classified as predictive tasks and descriptive tasks (Tan et al. 2016). Predictive tasks 
determine the value of a particular attribute based on other attributes. Descriptive tasks 
derive patterns (correlations, trends, clusters) that summarize underlying relationships. 
Hence, clustering is a descriptive task that can group the objects based on some similar-
ity measure. Broadly, clustering can be characterized as Partitional and hierarchical. Par-
titional clustering is grouping objects into non-overlapping clusters based on inter-cluster 
distances. Hierarchical clustering is a tree clustering either by an agglomerative (Bottom-
up) approach or by Divisive (Top-down) approach. Several other clustering methods are 
reported in the literature (i) graph clustering, (ii) spectral clustering, (iii) model-based clus-
tering, (iv) spectral clustering, (v) density-based clustering, etc. Graph clustering is based 
on a collection of vertices and edges (Schaeffer 2007). Graph clustering includes group-
ing of vertices based on edges within a cluster and relatively fewer among other clusters. 
Spectral clustering is a subset of graph clustering methods that utilize spectral analysis to 
cluster data points based on their graph representation (Kannan et  al. 2004). This clus-
tering method leverages graph theory and spectral analysis (eigenvalue decomposition) to 
cluster data points based on their similarity or affinity. Spectral clustering is an efficient 
technique to handle various heuristic problems. Model-based clustering uses the concept 
of finite mixture models (Schaeffer 2007). Model-based clustering is a statistical cluster-
ing approach and it is assumed that the data can be generated from a mixture of underlying 
probability distributions. In this clustering technique, data can be viewed as a combination 
of different probability distributions each corresponding to a cluster. In model-based clus-
tering, the goal is to find the best-fitting model of the data by estimating the parameters of 
the underlying probability distributions. Density-based clustering techniques are designed 
to find clusters of arbitrary shapes. DBSCAN is a popular density-based clustering exam-
ple (Hahsler and Bolaños 2016). The DBSCAN counts eps-neighbourhood and identifies 
core, border, and noise points on user-specified thresholds to estimate density around each 
data point.

However, in the literature, it is found that Partitional clustering is a prominent one 
among all clustering methods for data analysis. Partitional clustering is a widely used 
approach in data analysis, machine learning, and data mining. It divides a dataset into non-
overlapping groups, such that each data point belongs to exactly one cluster. This clustering 
technique aims to minimize within-cluster variance and maximize inter-cluster variance, 
resulting in clusters that are as distinct and cohesive as possible. While Partitional cluster-
ing methods such as k-means and k-mediods are popular due to their simplicity and effi-
ciency, these algorithms have some limitations including sensitivity to initial conditions, 
potential convergence to local optima, and challenges in determining the optimal number 
of clusters. To handle these limitations and enhance clustering performance, meta-heuris-
tic algorithms have been proposed as alternatives or enhancements to traditional methods. 
Meta-heuristic algorithms offer a flexible and adaptive approach to Partitional clustering. 
These algorithms consist of intelligent search strategies to explore the solution space and 
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optimize clustering assignments. The metaheuristics are optimization algorithms that help 
in finding the solutions to the complex problems. Thus, metaheuristic algorithms provide 
a powerful approach to optimizing the different aspects during the clustering process. This 
helps to improve the cluster quality and can efficiently handle complex clustering problems. 
Different metaheuristics approaches have been developed and used for optimizing the clus-
tering process. The clustering process using a metaheuristic consists of various steps. The 
clustering problem is defined by initializing the number of clusters and objective function. 
Initialize the population and randomly generate the initial set of solutions. The objective 
function further evaluates the quality of each solution and the fitness values of each solu-
tion define the satisfying criteria of the clustering objective. The Metaheuristic approach 
is used for iterating thru the candidate solution and improving the fitness value and quality 
of clusters. The best solutions when found are updated in the current population. When the 
convergence criteria are met, the best solutions are returned as cluster centroid. Further, 
the quality of clusters can be evaluated using different performance measures or metrics 
such as compactness, separation, or clustering stability. Further, metaheuristic algorithms 
also help in improving the quality of clustering by modifying the cluster centres iteratively 
concerning the fitness requirements such as minimum intra-cluster distance. These algo-
rithms are also capable of handling non-convex clusters through the exploration of intri-
cate search spaces and the determination of non-linear cluster boundaries. However, it also 
observed that metaheuristic algorithms also have some limitations such as being stuck in 
local optima, convergence rate, unbalanced search mechanism, population diversity, and 
initialization issues (Yao et al. 2018; Bahrololoum et al. 2015; Bijari et al. 2018; Chang 
et al. 2016). Hence, the objective of this survey is to identify the different metaheuristic 
algorithms available in the literature for Partitional clustering, shortcomings associated 
with these algorithms, alleviation of the shortcomings, objective functions, and bench-
mark datasets for clustering. Before proceeding, several research questions are designed to 
find the accurate outcome for this survey. These research questions are highlighted below. 
Further, metaheuristic algorithms also help in improving the quality of clustering through 
modifying the cluster centres iteratively with respect to the fitness requirements such as 
minimum intra-cluster distance. These algorithms also capable to handle the non-convex 
clusters through the exploration of intricate search spaces and the determination of non-lin-
ear cluster boundaries. However, it also observed that metaheuristic algorithms also have 
some limitations such as stuck in local optima, convergence rate, unbalanced search mech-
anism, population diversity, and initialization issues (Yao et al. 2018; Bahrololoum et al. 
2015; Bijari et al. 2018; Chang et al. 2016). The visualization in Fig. 1a–d illustrates the 
examination of meta-heuristics in data clustering using VOS Viewer (Abbasi and Chouk-
olaei 2023). This analysis involved exploring various key terms within research articles 
from 2015 to 2024 from Science Direct, leveraging meta-heuristics in data clustering. VOS 
Viewer is a specialized software tool designed for constructing and visualizing bibliometric 
networks. Widely embraced in academic circles, VOS Viewer facilitates the analysis and 
visualization of relationships among scientific publications, authors, keywords, and other 
entities within a specific research domain (Emrouznejad et al. 2023). These visualizations 
assist researchers in discerning patterns, clusters, and trends within the literature, providing 
valuable insights into the structure and dynamics of the field under investigation.

The primary aim of this survey is to identify different metaheuristic algorithms pre-
sented in the literature for Partitional clustering, along with their associated shortcomings, 
methods for mitigating these shortcomings, objective functions, and benchmark datasets 
for clustering. To achieve this objective, several research questions have been formulated 
to ensure the accuracy of the survey findings. These research questions are outlined below.



	 A. Kaur et al.  287   Page 4 of 60

1.1 � Research questions (RQ)

The primary survey objective is to find answers to the following Research Questions (RQ):

RQ 1  What are the various meta-heuristic techniques available for clustering problems?

RQ 2  How to handle automatic data clustering?

RQ 3  How to handle high dimensional data (problems) with clustering?

RQ 4  What are the main reasons for hybridizing the clustering algorithms?

RQ 5  What are different objective functions (distance function), different performance 
measures, and benchmark datasets adopted to evaluate the performance of Partitional clus-
tering algorithms?

1.2 � Purpose of this survey

The purpose of this survey paper is to provide a comprehensive review of the field of par-
titional clustering. This study aims to identify the recent advancement in the context of 
meta-heuristic algorithms, exploring the structure of the meta-heuristic algorithms and, the 
strengths and weaknesses of the algorithms for handling the partitional clustering prob-
lems. This survey also synthesizes the knowledge from both classical and contemporary 
approaches for partitional clustering, including optimization-based methods (meta-heuris-
tic algorithms), improved algorithms, hybrid algorithms, and adaptive control parameters. 

Fig. 1   a–d Network analysis based on meta-heuristics in data clustering keywords
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It also highlights the various distance functions adopted as similarity measures for clus-
tering tasks and considers the benchmark datasets that can be adopted for evaluating the 
efficacy of the clustering algorithms. By examining the strengths, limitations, and potential 
areas for improvement of these methods, this paper seeks to offer insights into the evo-
lution of partitional clustering and guide future research directions. The goal of this sur-
vey is to serve as a valuable resource for researchers for selecting and designing effective 
meta-heuristic algorithms for complex clustering tasks and for understanding the current 
state of partitional clustering. To analysis this rich literature, several research questions are 
designed. The paper is divided into six sections. Section second summarizes the methodol-
ogy adopted for the survey. The different techniques adopted for cluster analysis are dis-
cussed in section three. Section four presents the diverse clustering objective functions, 
performance metrics, and datasets considered for clustering problems. Section five dis-
cusses the various open issues and challenges related to clustering. Section six concludes 
the entire article, including the research questions devised in section two.

2 � Methodology for the survey

This section including research questions, source of information, and inclusion and exclu-
sion criteria of research articles for an effective and efficient survey. Figure 2 illustrates the 
process of collecting research articles for this survey.

2.1 � Source of information

The following databases are explored for the domain of data clustering.

•	 Google scholar (www.​schol​ar.​google.​co.​in)

Fig. 2   Research articles collection process

http://www.scholar.google.co.in
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•	 IEEE (www.​ieeex​plore.​ieee.​org)
•	 Springer (www.​sprin​gerli​nk.​com)
•	 Science Direct (www.​scien​cedir​ect.​com)
•	 ACM digital library (dl.acm.org)
•	 Semantics scholar (www.​seman​ticsc​holar.​org)
•	 Elsevier (www.​elsev​ier.​co.​in) and others

2.2 � Inclusion and search criteria

The objective is to find various meta-heuristic algorithms for effective handling of cluster-
ing problems. Figure 3 describes the process of inclusion and exclusion of research arti-
cles. The meta-heuristic algorithms considered meet the following criteria:

(i)	 Related to meta-heuristic algorithms.
(ii)	 Includes data on high dimensional clustering, data clustering, dynamic, and automatic 

clustering.
(iii)	 Related to single objective and multi-objective clustering.
(iv)	 Work published in between 2015 to 2024.
(v)	 Published in SCI and SCOPUS-listed journals.

Initial search considered all relevant work with key words: (Data cluster-
ing) < OR > (Meta heuristic algorithms) < OR > (Single objective Cluster-
ing) < OR > (Multi-objective clustering) < OR > (High dimensional cluster-
ing) < OR > (Data clustering) < OR > (dynamic and automatic clustering) < OR > (Graph 
clustering).The above query generated literature rather than a title or abstract.

2.3 � Exclusion criteria

An exclusion criterion is also adopted for the exclusion of non-relevant research papers. 
Research articles from journals of high repute are only considered (SCI and free Scopus). 
The exclusion criterion includes research published in books, national and international 
conferences, magazines, newsletters and educational courses, symposium workshops, and 
journals of less repute.

2.4 � Extraction of articles

Initially, 956 articles are collected from various research databases. A huge amount of 
research articles were found due to the keyword “clustering”. The next step is to exclude 
non-relevant as per the criteria. It resulted in 455 research articles. Further, research 
articles published in the journal of repute are considered by manually removing articles 
from non-repute journals, books, and magazines. It resulted in the exclusion of 182 more 
research articles. During the study, 189 research articles didn’t fit well in the predefined 
search criteria. Finally, 130 research articles are analysed during the survey. Table 1 illus-
trates the data. Further, a team of four researchers is formed to manually select articles 
on predefined search criteria. Initially, two researchers select the articles, and the selected 
articles are further crosschecked by the third and fourth researchers. In case of a conflict, 

http://www.ieeexplore.ieee.org
http://www.springerlink.com
http://www.sciencedirect.com
http://www.semanticscholar.org
http://www.elsevier.co.in
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Fig. 3   Process of inclusion and exclusion of research articles for review
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Table 1   Journal composition after selection

Sr. No. Journal name Publisher No. of papers

1 Pertanika J. Sci. & technology University of Putra 1
2 Pattern recognition letters Elsevier 2
3 Expert system with applications Elsevier 3
4 Knowledge based system Elsevier 5
5 Neural computing and applications Springer 6
6 European journal of operational research Elsevier 1
7 Journal of big data Springer 2
8 Transactions on pattern analysis and machine intel-

ligence
IEEE 1

9 Vietnam journal of computer science Springer 1
10 Neurocomputing Elsevier 3
11 Information sciences Elsevier 2
12 Journal of clinical monitoring and computing Springer 1
13 International journal of machine learning and cybernet-

ics
Springer 2

14 Pattern recognition Elsevier 4
15 Applied soft computing Elsevier 13
16 Transactions on knowledge and data engineering IEEE 2
17 System journal IEEE 1
18 IEEE access IEEE 2
19 Transactions on evolutionary computation IEEE 3
20 Internet of things journal IEEE 1
21 Transactions on cybernetics IEEE 2
22 Transactions on neural networks and learning systems IEEE 1
23 Soft computing Springer 8
24 Signal processing Elsevier 1
25 Fuzzy sets and systems Elsevier 1
26 Engineering applications of artificial intelligence Elsevier 4
27 Information sciences Elsevier 1
28 Swarm and evolutionary computation Elsevier 1
29 Journal of intelligent systems De Gruyter 1
30 Progress in artificial intelligence Springer 1
31 Technology in cancer research & treatment SAGE 1
32 Journal of information and communication technology University of Utara 1
33 AI communications IOS Press 1
34 Applied intelligence Springer 2
35 Ain shams engineering journal Elsevier 1
36 Alexandria engineering journal Elsevier 1
37 Arabian journal for science and engineering Springer 2
38 Computers & industrial engineering Elsevier 1
39 Evolutionary intelligence Springer 6
40 Hacettepe journal of mathematics and statistics Hacettepe University 1
41 IEEE transactions on cybernetics IEEE 1
42 IEEE transactions on emerging topics in computing IEEE 1
43 IEEE transactions on evolutionary computation IEEE 1
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a collective decision has been taken by the team. This process has been repeated in every 
phase of study selection. Table 1 and Fig. 3 illustrate journals considered for the survey.

Figure 3 provides a comprehensive visualization of the distribution of research articles 
across various journals within the surveyed literature. The figure presents a tabular repre-
sentation with three columns: Sr. No., Journal Name, Publisher, and No. of Papers. Each 
row in the table corresponds to a specific journal and includes details such as the journal 
name, publisher, and the number of papers published within the surveyed literature. This 
detailed breakdown allows for a clear understanding of the publication landscape and the 
relative contribution of each journal to the body of research on clustering algorithms. From 
prestigious publishers like Elsevier and Springer to specialized journals such as IEEE 
Transactions, the table encompasses a wide array of publication outlets. It highlights the 
diversity of sources from which researchers draw when exploring clustering algorithms, 
reflecting the interdisciplinary nature of the field. By presenting this information in a 

Table 1   (continued)

Sr. No. Journal name Publisher No. of papers

44 Indian academy of sciences Springer 1
45 Intelligent decision technologies IOS press 1
46 Journal of ambient intelligence and humanized com-

pute
Springer 1

47 Knowledge and information systems Springer 1
48 Pattern analysis & applications Springer 1
49 Cluster computing Springer 1
50 Computers & electrical engineering Elsevier 1
51 IEEE transactions on fuzzy systems IEEE 1
52 IEEE transactions on knowledge and data engineering IEEE 1
53 Procedia computer science Elsevier 1
54 Proceedings of 11th international conference on bioin-

formatics and computational biology
EPiC series in computing 1

55 International journal of intelligent engineering and 
systems

Intelligent networks and 
systems society

1

56 Applied artificial intelligence Taylor & Francis 2
57 Multimedia tools and applications Springer 2
58 Natural computing Springer 1
59 Engineering with computers Springer 1
60 Journal of intelligent & fuzzy systems IOS press 1
61 International journal of machine learning and cybernet-

ics
Springer 1

62 Journal of intelligent manufacturing Springer 1
63 The journal of supercomputing Springer 1
64 Expert systems with applications Elsevier 4
65 Iran journal of computer science Springer 1
66 Knowledge-based system Elsevier 1
67 Scientific reports Springer 1
68 Symmetry MDPI 1
69 The institution of engineering and technology Wiley 1
70 Plos one Plos one 1
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structured and easily digestible format, Fig. 4 offers valuable insights into the dissemina-
tion of knowledge within the clustering research community, aiding researchers in identify-
ing key journals and publishers within the domain.

2.5 � Data classification process

Finally, articles are classified into five and explored thoroughly to find key points for com-
parative study. Articles are reanalysed and evaluated on parameters (i) Algorithm/meth-
odology used (ii) Type of clustering (iii) Data sets used (iv) Performance metrics and (v) 
Authors.

3 � Literature survey

The literature survey is divided into five subsections.
This section analyses various meta-heuristic algorithms reported for clustering prob-

lems. Further, clustering problems are divided into Partitional clustering, dynamic and 
automatic clustering, and fuzzy clustering.

3.1 � Meta‑heuristic algorithms for partitional clustering

Meta-heuristic algorithms are higher-level procedures and heuristics for optimization prob-
lems. These algorithms are optimization algorithms inspired by natural phenomena such as 
biological evolution and swarm behaviour. These algorithms aim to find the optimal and 
near-to-optimal solution for Partitional problems. Further, several assumptions are taken 
into consideration for solving optimization tasks. These algorithms have been applied to 
clustering tasks to improve the quality of the clustering process and overcome challenges 
such as determining the optimal number of clusters, handling complex data distributions, 
and dealing with outliers. In this section, we explore improved meta-heuristic clustering 

Fig. 4   Box and whiskers diagram representation of article composition during the survey
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algorithms that have been developed to enhance clustering performance, focusing on novel 
strategies and recent advancements. Meta-heuristic clustering algorithms, such as Genetic 
Algorithms (GAs), Particle Swarm Optimization (PSO), and Ant Colony Optimization 
(ACO), use population-based search strategies to optimize clustering objectives. In Par-
titional clustering, these algorithms aim to find a set of cluster assignments that maximize 
intra-cluster similarity while minimizing inter-cluster similarity. Moreover, the data are 
partitioned into a fixed number of clusters using some distance measures. It is also noticed 
that the number of clusters is fixed and known in advance. In Partitional clustering, Euclid-
ean distance is applied to determine the optimal set of clusters in most cases. Partitional 
clustering is also known as non-overlapping clustering because the data belongs to only 
one cluster. The popular example of Partitional clustering is K-mean and it is also known 
as hard clustering. Table  2, illustrates Partitional clustering literature during the survey. 
Table  2, illustrates Partitional clustering literature in terms of meta-heuristic algorithms 
that can be applied for improving the efficacy of the clustering problems.

3.1.1 � Meta‑heuristic algorithms for dynamic and automatic partitional clustering

Dynamic and automatic clustering is a sub-branch of Partitional clustering that focuses on 
grouping data points into meaningful clusters in scenarios where the data itself is changing 
over time, or new data is constantly being added. This presents a challenge because static 
clustering techniques, which rely on fixed data sets, might not be suitable for data that 
evolves. Dynamic clustering techniques aim to adapt to changes in the data set by adjusting 
cluster structures and numbers as new data is introduced or as data distribution changes. 
Automatic clustering involves algorithms that automatically determine the optimal num-
ber of clusters and other parameters required to generate the clusters. When combined, 
dynamic and automatic clustering can provide an effective approach for evolving data sets 
without requiring extensive manual intervention. Recently, meta-heuristic algorithms are 
optimization algorithms that can be used effectively in dynamic clustering because they 
provide flexible and efficient methods for exploring the search space. These algorithms are 
particularly useful in solving complex optimization problems and can adapt to changing 
environments. These meta-heuristic algorithms can be applied to dynamic and automatic 
clustering by defining an appropriate objective function, such as minimizing intra-cluster 
distance or maximizing inter-cluster distance. As the data changes over time, these algo-
rithms can adapt the clusters accordingly, ensuring that the clustering remains relevant 
and meaningful. This clustering includes very large data, data streams, incomplete data, 
noisy data, unbalanced data, and structured data. In dynamic and automatic clustering, it 
is important to evaluate the model performance regularly, ensuring that the clusters remain 
meaningful as the data evolves. The choice of the specific algorithm will depend on the 
characteristics of the data set, including its size, dimensionality, and the rate at which it 
changes over time. This subsection highlights the recent work reported on dynamic and 
automatic Partitional clustering. Table 3, illustrates various dynamic and automatic cluster-
ing algorithms considered during the survey.

3.1.2 � Meta‑heuristic algorithms for fuzzy clustering (generalization of the partitional 
clustering)

Fuzzy clustering is also known as soft clustering. It is a generalization of the Partitional 
clustering method. In this clustering, each data can belong to more than one cluster. Fuzzy 
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clustering is a type of clustering approach where each data point can belong to more than 
one cluster with a certain degree of membership. In contrast to traditional (hard) clustering 
methods, such as k-means, where each data point is assigned to one and only one cluster. 
Fuzzy clustering is particularly useful when the boundaries between clusters are not clear-
cut, or when the data itself is inherently ambiguous or overlapping. The most commonly 
used fuzzy clustering algorithm is Fuzzy C-Means (FCM), introduced by Jim Bezdek in 
1981. FCM is an extension of the classic k-means algorithm that allows data points to have 
partial membership in multiple clusters. Fuzzy clustering is widely used in various appli-
cations such as pattern recognition, data analysis, image segmentation, and bioinformat-
ics, where overlapping or ambiguous groups may exist in the data. Further, Meta-heuristic 
algorithms can be employed in fuzzy clustering to optimize the clustering process, particu-
larly in terms of finding the optimal number of clusters, the best initial cluster centroids, 
or the optimal fuzziness parameter (m). The most common fuzzy clustering algorithm is 
Fuzzy C-Means (FCM), but it can suffer from limitations such as sensitivity to initial con-
ditions and local optima. Meta-heuristic algorithms can help improve the performance of 
fuzzy clustering by exploring a broader search space and finding better solutions. By inte-
grating meta-heuristic algorithms with fuzzy clustering, more robust, flexible, and efficient 
clustering results can be obtained in complex data environments. Table 4, highlights the 
recent work reported on fuzzy clustering. Fuzzy clustering is widely used in various appli-
cations such as pattern recognition, data analysis, image segmentation, and bioinformat-
ics, where overlapping or ambiguous groups may exist in the data. Further, Meta-heuristic 
algorithms can be employed in fuzzy clustering to optimize the clustering process, particu-
larly in terms of finding the optimal number of clusters, the best initial cluster centroids, 
or the optimal fuzziness parameter (m). The most common fuzzy clustering algorithm is 
Fuzzy C-Means (FCM), but it can suffer from limitations such as sensitivity to initial con-
ditions and local optima. Meta-heuristic algorithms can help improve the performance of 
fuzzy clustering by exploring a broader search space and finding better solutions. By inte-
grating meta-heuristic algorithms with fuzzy clustering, more robust, flexible, and efficient 
clustering results can be obtained in complex data environments. Table 4, highlights the 
recent work reported on fuzzy clustering.

3.1.3 � Improved meta heuristic algorithm for partitional clustering

Meta-heuristic algorithms can explore the search space to determine solutions to optimiza-
tion problems. But, sometimes it is not possible to explore the entire search space through a 
meta-heuristic algorithm. As these algorithms are not exact; so to enhance the performance 
of meta-heuristic algorithms, a few amendments can be made to improve the efficiency and 
effectiveness of meta-heuristic algorithms. These amendments can be described as using 
neighbourhood concepts, defining new search strategies, making the algorithmic param-
eters adaptive, etc. The improved meta-heuristic algorithms can be described by enhanc-
ing their efficiency, convergence speed, exploration–exploitation balance, and robustness 
in solving Partitional-clustering problems. It can be understood as combining different 
meta-heuristic algorithms according to their strengths and offset individual weaknesses. 
Further, integrating the local search methods with meta-heuristics can refine solutions in 
promising areas of the search space. Dynamically adjust the parameters of the algorithms 
based on feedback from the search process so that these algorithms can adapt more effec-
tively to solve the clustering problems. Also, design the procedure for algorithms to self-
adapt parameters automatically during the search. These improvements can be tailored and 
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combined in various ways depending on the specific problem and application. Research 
and innovation in meta-heuristic algorithms continue to evolve, and new approaches and 
enhancements are regularly being proposed in the academic and research communities. 
Hence, this section summarizes the improvements reported in original meta-heuristic algo-
rithms for effectively solving clustering problems. Table  5, illustrates various improved 
metaheuristic algorithms in literature.

3.1.4 � Hybrid metaheuristic algorithm for partitional clustering

Hybridization is a warm area of research to improve and enhance the performance of algo-
rithms. A hybrid meta-heuristic algorithm combines different meta-heuristic approaches 
or integrates a meta-heuristic with other optimization techniques to take advantage of their 
respective strengths while mitigating weaknesses. In the context of clustering, a hybrid 
meta-heuristic algorithm can optimize cluster assignments and centroids while balancing 
exploration and exploitation in the search process. Hybrid meta-heuristic algorithms for 
Partitional clustering combine the strengths of different optimization techniques to achieve 
better clustering results. Partitional clustering involves dividing the dataset into disjoint 
clusters where each data point belongs to exactly one cluster. A hybrid meta-heuristic 
algorithm for Partitional clustering can enhance the clustering process by improving the 
selection of initial cluster centres, balancing exploration and exploitation during the search 
process, and increasing the algorithm’s robustness and efficiency. Hybrid meta-heuristic 
algorithms can be fine-tuned and adapted based on the specific clustering problem and 
dataset characteristics. This approach can be particularly beneficial for complex cluster-
ing problems where traditional methods may struggle. By leveraging the strengths of mul-
tiple meta-heuristic approaches, hybrid algorithms can potentially outperform individual 
methods, offering more robust and effective solutions for clustering problems. Hence, this 
section aims to present various hybrid meta-heuristic algorithms reported for solving clus-
tering problems. Table 6, illustrates various hybrid metaheuristic algorithms for clustering 
in literature.

4 � Objective function, performance metric and dataset

This section describes various objective functions, performance metrics, and datasets used 
to solve clustering problems.

4.1 � Objective function

Clustering is an unsupervised technique that can be applied for data exploration. Clustering 
aims to find a group of data, known as clusters. An objective function is required to find 
these groups of data. The objective function is a distance-based function that can measure 
the distance between data and clusters. Hence, the objective function in clustering aims to 
determine the quality of clusters. This can be described in terms of cluster compactness. 
The cluster compactness can be defined as the total distance of each cluster data to the 
cluster centroid. There are a lot of objective functions presented in the literature for effec-
tive clustering. Without these, the clustering cannot be performed. For effective clustering, 
it is necessary to pick the appropriate clustering objective. Table 7 depicts the well-known 
clustering objective reported for the clustering task. It is seen that Euclidean distance is a 
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widely adopted and popular objective function for clustering problems. Table 7, illustrates 
the objective functions studied during this survey.

4.2 � Performance metrics

The performance metrics are used to evaluate the performance of the clustering algorithm. 
The performance metrics should be independent and reliable measures that can assess and 
compare the experimental results of the clustering algorithm. Based on comparison, the 
validity of a clustering algorithm is described. In general, to evaluate the performance of 
the clustering, two evaluations are used i.e. external evaluation and internal evaluation. 
The external evaluation contains the information of the dataset. The internal evaluation 
can be described as the evaluation of the dataset itself. Performance metrics like accu-
racy, f-measure, normalized mutual information, and rand index are commonly used in 
external evaluation. Performance metrics like the Davies-Bouldin index, Silhouette index, 
Dunn index, and Entropy are used for internal evaluation. This paper also focuses on dif-
ferent performance metrics reported for clustering algorithms to assess the performance. 
It is seen that 42 performance metrics are reported in the literature. Table 8 illustrates the 

Table 7   List of objective functions

Objective function References

Euclidean distance Alam et al. (2015), Amiri and Mahmoudi (2016), Bahrololoum et al. (2015), Ban-
harnsakun (2017), Cruz et al. (2016), Santos and Zárate (2015), Gutierrez-Rod-
ríguez et al. (2015), Han et al. (2017), Kumar et al. (2016a), Kumar et al. (2016b), 
Kumar and Sahoo (2014), Kumar and Sahoo (2015a), Kumar and Sahoo (2015b), 
Kumar and Sahoo (2016), Kumar and Singh (2018), Kushwaha et al. (2018), 
Nguyen et al. (2015), Özbakır and Turna (2017), Ozturk et al. (2015), Pakrashi 
and Chaudhuri (2016), Serapião et al. (2016), Sheng et al. (2014), Siddiqi and Sait 
(2017), Tang et al. (2016), Xiang et al. (2015), Yu et al. (2016), Yuwono et al. 
(2014), Zhang et al. (2016c), Xu et al. (2019), Alswaitti et al. (2018), Zhou et al. 
(2019), Boushaki et al. (2018), Abualigah et al. (2018b), Abualigah et al. (2018b), 
Das et al. (2018b), Kuo et al. (2018b), Mikaeil et al. (2018), Pimentel and Carvalho 
(2019), Narayana and Vasumathi (2018), Su and Denoeux (2018), Rathore et al. 
(2018), Kuwil et al. (2019), Abasi et al. (2020), Cho and Nyunt (2020), Ahmadi 
et al. (2021), Kaur and Kumar (2022), Lee and Perkins (2021), Pacifico and Luder-
mir (2021), Kumar and Kaur (2022), Hu et al. (2023), Abualigah et al. (2023), 
Qtaish et al. (2024), Demirci et al. (2023), Singh et al. (2023), Haeri Boroujeni 
and Pashaei (2023), Barshandeh et al. (2022), Premkumar et al. (2024), Patel et al. 
(2023), Alotaibi (2022), Salih et al. (2023), Moghadam and Ahmadi (2023)

Indexing Pohl et al. (2016), Zhu and Ma (2018)
Gaussian distance Ghorbanzadeh et al. (2016), Zhang et al. (2016a)
Gene distance Elyasigomari et al. (2015)
Hamming distance Ghorbanzadeh et al. (2016)
FCM Nayak et al. (2018), Kushwaha and Pant (2018), Baykasoğlu et al. (2018), Kuo et al. 

(2018a), Singh and Srivastava (2022), Hashemi et al. (2023)
Mean square error Gupta et al. (2018), Bouyer and Hatamlou (2018), Kuo et al. (2021), Asadi-Zonouz 

et al. (2022), Hu et al. (2023)
NKCV2 function Tinós et al. (2018)
Manhattan distance Salem et al. (2018)
Cluster integrity Kaur et al. (2020)
DB index Tekieh and Beheshti (2024)
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performance metrics reported in the literature. It is observed that widely adopted perfor-
mance metrics are NMI, rand index, accuracy, entropy, f-measure, and error rate. Figure 5 
presents a dynamic 3D pie chart, offering a visual representation of key aspects related 
to clustering algorithm performance assessment. The chart portrays an intricate interplay 
of various metrics, each contributing to the evaluation of clustering algorithms. As the 
pie chart rotates, viewers can observe the distribution and significance of different perfor-
mance metrics within the clustering domain. Additionally, the performance metrics preva-
lent in the literature, shed light on the diversity and breadth of assessment criteria utilized 
by researchers. Among these metrics, certain indicators emerge as particularly prominent 
and widely embraced within the research community. Noteworthy examples include Nor-
malized Mutual Information (NMI), Rand Index, Accuracy, Entropy, F-measure, and Error 
Rate. Their prevalence underscores their significance in gauging the effectiveness and effi-
ciency of clustering algorithms across various applications and scenarios.

4.3 � Dataset

The dataset also plays an important role in validating the performance of clustering algo-
rithms. Clustering is an unsupervised method. Therefore, when a clustering algorithm is 
implemented no class information is given. The objects are assigned to different clusters 
based on the objective function. Some external evaluations are used to assess the perfor-
mance of the clustering algorithm. These evaluations require the class information (cluster 
information). Moreover, some datasets are linearly separable, whereas some others are non- 
linearly separable. The performance of the clustering algorithm may be affected due to the 
above-mentioned properties of data. Another point, the simulation results of the clustering 
algorithm also depend on attribute types, dimensions of the dataset, size of data, etc. This 

Fig. 5   3-D pie chart for performance measures



Exploring meta‑heuristics for partitional clustering: methods,… Page 41 of 60    287 

study also highlights the various datasets that are used to evaluate the performance of clus-
tering algorithms. It is seen that forty datasets are reported in the literature to evaluate the 
performance of the clustering algorithms. Table 9 demonstrates the list of these datasets. It 
is also revealed that iris, wine, glass, CMC, vowel, cancer, breast cancer, and thyroid data-
sets are widely used datasets to evaluate the performance of clustering algorithms.

Figure 6 showcases a dynamic 3D pie chart, providing a comprehensive overview of the 
datasets commonly utilized in assessing clustering algorithm performance. The chart cap-
tures the diversity and breadth of datasets employed in clustering research, offering insights 
into the range of scenarios and applications where these algorithms are applied. Each seg-
ment of the pie chart represents a specific dataset, with the size of the segment correspond-
ing to the relative frequency or significance of its usage in clustering algorithm evaluation. 
Notably, the chart underscores the prevalence of certain datasets such as iris, wine, glass, 
CMC, vowel, cancer, breast cancer, and thyroid, which emerge as widely adopted bench-
marks for assessing clustering algorithms. This visualization serves as a valuable refer-
ence for researchers and practitioners, providing a visual depiction of the dataset landscape 
and highlighting key datasets that have become standard benchmarks within the clustering 
community. By presenting this information in a visually accessible format, Fig. 5 facilitates 
a deeper understanding of the datasets employed in clustering research and their role in 
algorithm evaluation.

5 � Issues and challenges

This section summarizes the various issues that can be addressed through meta-heuristic 
algorithms. It is observed that large numbers of meta-heuristic algorithms are taken into 
consideration to solve the clustering problems effectively.

5.1 � Issues in partitional clustering

In Partitional clustering, various meta-heuristic algorithms are applied to solve clustering 
problems effectively. The main reasons for adopting the meta-heuristic algorithm for Parti-
tional clustering are listed.

	 (i)	 To determine near-optimal solutions for Partitional clustering problems.
	 (ii)	 To evaluate optimal centroid for effective clustering.
	 (iii)	 To determine similar patterns in categorical data.
	 (iv)	 To handle heterogeneous data.
	 (v)	 To determine subspace clusters in the dataset.
	 (vi)	 To handle multimodal and heterogeneous data for effective clustering.
	 (vii)	 To perform clustering of high dimensional data.
	(viii)	 To handle the educational data mining.

5.2 � Issues in dynamic and automatic clustering

From the extensive literature survey, it is inferred that some meta-heuristic algorithms are 
also adopted in the field of dynamic and automatic clustering. The main reasons for apply-
ing the meta-heuristic algorithm are listed.
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Table 9   List of datasets adopted to evaluate simulation results

Data sets Referred papers

Iris Alam et al. (2015), Amiri and Mahmoudi (2016), 
Bahrololoum et al. (2015), Banharnsakun (2017), 
Bijari et al. (2018), Chang et al. (2016), Cruz et al. 
(2016), Gutierrez-Rodríguez et al. (2015), Han 
et al. (2017), Kumar et al. (2015), Kumar et al. 
(2016a), Kumar et al. (2016b), Kumar and Sahoo 
(2014), Kumar and Sahoo (2015a), Kumar and 
Sahoo (2015b), Kumar and Sahoo (2016), Kumar 
and Singh (2018), Kushwaha et al. (2018), Leski 
(2016), Li et al. (2016), Montgomery et al. (2016), 
Nguyen et al. (2015), Özbakır and Turna (2017), 
Ozturk et al. (2015), Pakrashi and Chaudhuri 
(2016), Santi et al. (2016), Serapião et al. (2016), 
Sheng et al. (2016), Siddiqi and Sait (2017), 
Tang et al. (2016), Vo et al. (2016), Xiang et al. 
(2015), Yang et al. (2015), Yuwono et al. (2014), 
Zhang et al. (2016c), Das et al. (2018a), Deb 
et al. (2018), Alswaitti et al. (2018), Nayak et al. 
(2018), Kushwaha and Pant (2018), Baykasoğlu 
et al. (2018), Zhou et al. (2019), Queiroga et al. 
(2018), Tsai et al. (2019), Boushaki et al. (2018), 
Abualigah et al. (2018b), Das et al. (2018b), Kuo 
et al. (2018a), Aljarah et al. (2020), Kuo et al. 
(2018b), Tinós et al. (2018), Jadhav and Gomathi 
(2018), Sharma and Chhabra (2019), Lakshmi et al. 
(2018), Bouyer and Hatamlou (2018), Gupta and 
Saini (2019), Mageshkumar et al. (2019), Su and 
Denoeux (2018), Zhu and Ma (2018), Xie et al. 
(2019), Singh (2020), Abasi et al. (2020), Cho 
and Nyunt (2020), Ahmadi et al. (2021), Kaur and 
Kumar (2022), Lee and Perkins (2021), Pacifico 
and Ludermir (2021), Kumar and Kaur (2022), Kuo 
et al. (2021), Asadi-Zonouz et al. (2022), Hu et al. 
(2023), Turkoglu et al. (2022), Abualigah et al. 
(2023), Qtaish et al. (2024), Demirci et al. (2023), 
Shial et al. (2023), Singh et al. (2023), Hashemi 
et al. (2023), Haeri Boroujeni and Pashaei (2023), 
Barshandeh et al. (2022), Premkumar et al. (2024), 
Patel et al. (2023), Alotaibi (2022), Salih et al. 
(2023), Moghadam and Ahmadi (2023)
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Table 9   (continued)

Data sets Referred papers

Wine Alam et al. (2015), Amiri and Mahmoudi (2016), 
Bahrololoum et al. (2015), Banharnsakun (2017), 
Bijari et al. (2018), Cruz et al. (2016), Ferrari and 
Castro (2015), Gebru et al. (2016), Gutierrez-
Rodríguez et al. (2015), Han et al. (2017), Kumar 
et al. (2016a), Kumar et al. (2016b), Kumar 
and Sahoo (2015b), Kumar and Sahoo (2016), 
Kumar and Singh (2018), Nguyen et al. (2015), 
Pakrashi and Chaudhuri (2016), Santi et al. (2016), 
Serapião et al. (2016), Sheng et al. (2014), Xiang 
et al. (2015), Yuwono et al. (2014), Zhang et al. 
(2016c), Das et al. (2018a), Alswaitti et al. (2018), 
Nayak et al. (2018), Kushwaha and Pant (2018), 
Baykasoğlu et al. (2018), Zhou et al. (2019), Quei-
roga et al. (2018), Tsai et al. (2019), Boushaki et al. 
(2018), Abualigah et al. (2018b), Das et al. (2018b), 
Kuo et al. (2018a), Aljarah et al. (2020), Kuo et al. 
(2018b), Jadhav and Gomathi (2018), Sharma and 
Chhabra (2019), Lakshmi et al. (2018), Bouyer and 
Hatamlou (2018), Gupta and Saini (2019), Magesh-
kumar et al. (2019), Su and Denoeux (2018), Zhu 
and Ma (2018), Xie et al. (2019), Singh (2020), 
Abasi et al. (2020), Cho and Nyunt (2020), Kaur 
and Kumar (2022), Lee and Perkins (2021), Pacif-
ico and Ludermir (2021), Kumar and Kaur (2022), 
Kuo et al. (2021), Asadi-Zonouz et al. (2022), Hu 
et al. (2023), Turkoglu et al. (2022), Qtaish et al. 
(2024), Demirci et al. (2023), Singh et al. (2023), 
Hashemi et al. (2023), Haeri Boroujeni and Pashaei 
(2023), Barshandeh et al. (2022), Premkumar et al. 
(2024), Patel et al. (2023), Alotaibi (2022), Salih 
et al. (2023), Moghadam and Ahmadi (2023)
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Table 9   (continued)

Data sets Referred papers

Glass Alam et al. (2015), Amiri and Mahmoudi (2016), 
Bahrololoum et al. (2015), Bijari et al. (2018), 
Cruz et al. (2016), Han et al. (2017), Senthilnath 
et al. (2019), Senthilnath et al. (2019), Kumar 
et al. (2016a), Kumar et al. (2016b), Kumar and 
Sahoo (2014), Kumar and Sahoo (2015a), Kumar 
and Sahoo (2015b), Kumar and Sahoo (2016), 
Kumar and Singh (2018), Kushwaha et al. (2018), 
Özbakır and Turna (2017), Pakrashi and Chaudhuri 
(2016), Serapião et al. (2016), Sheng et al. (2014), 
Siddiqi and Sait (2017), Tang et al. (2016), Xiang 
et al. (2015), Yuwono et al. (2014), Alswaitti et al. 
(2018), Nayak et al. (2018), Baykasoğlu et al. 
(2018), Queiroga et al. (2018), Abualigah et al. 
(2018b), Das et al. (2018b), Kuo et al. (2018a), 
Aljarah et al. (2020), Kuo et al. (2018b), Tinós 
et al. (2018), Sharma and Chhabra (2019), Lakshmi 
et al. (2018), Gupta and Saini (2019), Mageshku-
mar et al. (2019), Singh (2020), Abasi et al. (2020), 
Cho and Nyunt (2020), Ahmadi et al. (2021), Kaur 
and Kumar (2022), Rahnema and Gharehchopogh 
(2020), Lee and Perkins (2021), Pacifico and 
Ludermir (2021), Kumar and Kaur (2022), Kuo 
et al. (2021), Asadi-Zonouz et al. (2022), Abualigah 
et al. (2023), Singh et al. (2023), Hashemi et al. 
(2023), Barshandeh et al. (2022), Patel et al. (2023), 
Patel et al. (2023), Alotaibi (2022), Salih et al. 
(2023), Moghadam and Ahmadi (2023)

Haberman Kumar et al. (2016b), Zhang et al. (2016c), Deb 
et al. (2018), Alswaitti et al. (2018), Baykasoğlu 
et al. (2018), Zhou et al. (2019), Abualigah et al. 
(2018b), Aljarah et al. (2020), Sharma and Chhabra 
(2019), Lakshmi et al. (2018), Shial et al. (2023), 
Patel et al. (2023)

CMC Alam et al. (2015), Amiri and Mahmoudi (2016), 
Yao et al. (2018), Yao et al. (2018), Banharnsakun 
(2017), Bijari et al. (2018), Kumar et al. (2016b), 
Kumar and Sahoo (2014), Kumar and Sahoo 
(2015a), Kumar and Sahoo (2015b), Kumar and 
Sahoo (2016), Kumar and Singh (2018), Kushwaha 
et al. (2018), Noorbehbahani et al. (2015), Pakrashi 
and Chaudhuri (2016), Tang et al. (2016), Xiang 
et al. (2015), Das et al. (2018a), Nayak et al. (2018), 
Kushwaha and Pant (2018), Zhou et al. (2019), 
Boushaki et al. (2018), Das et al. (2018b), Sharma 
and Chhabra (2019), Lakshmi et al. (2018), Bouyer 
and Hatamlou (2018), Gupta and Saini (2019), 
Abasi et al. (2020), Kaur and Kumar (2022), Kumar 
and Kaur (2022), Asadi-Zonouz et al. (2022), 
Abualigah et al. (2023), Qtaish et al. (2024), Singh 
et al. (2023), Haeri Boroujeni and Pashaei (2023), 
Barshandeh et al. (2022), Alotaibi (2022), Salih 
et al. (2023)
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Table 9   (continued)

Data sets Referred papers

Vowel Alam et al. (2015), Amiri and Mahmoudi (2016), 
Banharnsakun (2017), Bijari et al. (2018), Kumar 
et al. (2016a), Kumar and Sahoo (2014), Kumar 
and Sahoo (2015b), Kushwaha et al. (2018), Tang 
et al. (2016), Xiang et al. (2015), Kushwaha and 
Pant (2018), Queiroga et al. (2018), Das et al. 
(2018b), Kuo et al. (2018b), Bouyer and Hatamlou 
(2018), Kaur and Kumar (2022), Kumar and Kaur 
(2022), Asadi-Zonouz et al. (2022), Abualigah et al. 
(2023), Salih et al. (2023)

Crude oil Kushwaha et al. (2018), Serapião et al. (2016), Xiang 
et al. (2015), Kushwaha and Pant (2018), Kumar 
and Kaur (2022)

Balance Bahrololoum et al. (2015), Han et al. (2017), 
Kushwaha et al. (2018), Serapião et al. (2016), 
Siddiqi and Sait (2017), Alswaitti et al. (2018), 
Nayak et al. (2018), Kushwaha and Pant (2018), 
Baykasoğlu et al. (2018), Zhou et al. (2019), Quei-
roga et al. (2018), Xie et al. (2019), Ahmadi et al. 
(2021), Kaur and Kumar (2022), Kumar and Kaur 
(2022), Turkoglu et al. (2022), Qtaish et al. (2024)

Thyroid Bahrololoum et al. (2015), Han et al. (2017), Kumar 
and Sahoo (2014), Kumar and Sahoo (2015b), 
Kushwaha et al. (2018), Özbakır and Turna 
(2017), Xiang et al. (2015), Alswaitti et al. (2018), 
Kushwaha and Pant (2018), Sharma and Chhabra 
(2019), Bouyer and Hatamlou (2018), Xie et al. 
(2019), Cho and Nyunt (2020), Kaur and Kumar 
(2022), Kumar and Kaur (2022), Singh et al. (2023)

Cancer Bahrololoum et al. (2015), Bijari et al. (2018), Han 
et al. (2017), Kumar and Sahoo (2015a), Kumar 
and Sahoo (2016), Kumar and Singh (2018), 
Özbakır and Turna (2017), Pakrashi and Chaudhuri 
(2016), Tang et al. (2016), Xiang et al. (2015), Das 
et al. (2018a), Alswaitti et al. (2018), Nayak et al. 
(2018), Kushwaha and Pant (2018), Zhou et al. 
(2019), Queiroga et al. (2018), Tsai et al. (2019), 
Boushaki et al. (2018), Das et al. (2018b), Kuo 
et al. (2018a), Aljarah et al. (2020), Sharma and 
Chhabra (2019), Lakshmi et al. (2018), Bouyer and 
Hatamlou (2018), Gupta and Saini (2019), Ahmadi 
et al. (2021), Asadi-Zonouz et al. (2022), Abualigah 
et al. (2023), Singh et al. (2023), Haeri Boroujeni 
and Pashaei (2023), Alotaibi (2022), Salih et al. 
(2023)

Zoo Noorbehbahani et al. (2015), Özbakır and Turna 
(2017), Yang et al. (2015), Mageshkumar et al. 
(2019), Shial et al. (2023)

Votes Özbakır and Turna (2017), Salem et al. (2018)
Credit Bahrololoum et al. (2015), Han et al. (2017), Noor-

behbahani et al. (2015), Özbakır and Turna (2017), 
Ahmadi et al. (2021)



	 A. Kaur et al.  287   Page 46 of 60

Table 9   (continued)

Data sets Referred papers

Heart Cruz et al. (2016), Han et al. (2017), Özbakır and 
Turna (2017), Serapião et al. (2016), Siddiqi and 
Sait (2017), Nayak et al. (2018), Kushwaha and 
Pant (2018), Baykasoğlu et al. (2018), Zhou et al. 
(2019), Aljarah et al. (2020), Ahmadi et al. (2021), 
Kaur and Kumar (2022), Turkoglu et al. (2022), 
Patel et al. (2023)

Madelon Kaur and Datta (2015)
Banknote Siddiqi and Sait (2017), Yu et al. (2016), Jadhav and 

Gomathi (2018), Turkoglu et al. (2022), Barshan-
deh et al. (2022)

Page blocks Yu et al. (2016), Pacifico and Ludermir (2021), Hu 
et al. (2023)

Waveform Gutierrez-Rodríguez et al. (2015), Siddiqi and Sait 
(2017), Yu et al. (2016), Su and Denoeux (2018), 
Pacifico and Ludermir (2021)

Breast cancer Alam et al. (2015), Cruz et al. (2016), Jing et al. 
(2015), Kumar et al. (2016a), Kumar and Sahoo 
(2014), Nguyen et al. (2015), Serapião et al. (2016), 
Sheng et al. (2014), Yuwono et al. (2014), Zhang 
et al. (2016c), Aljarah et al. (2020), Lakshmi et al. 
(2018), Salem et al. (2018), Xie et al. (2019), 
Cho and Nyunt (2020), Kaur and Kumar (2022), 
Rahnema and Gharehchopogh (2020), Barshandeh 
et al. (2022), Premkumar et al. (2024), Moghadam 
and Ahmadi (2023)

Wisconsin Kumar and Sahoo (2014), Nguyen et al. (2015), 
Ozturk et al. (2015), Zhang et al. (2016c), Qiao 
et al. (2019), Nayak et al. (2018), Kushwaha and 
Pant (2018), Zhou et al. (2019), Queiroga et al. 
(2018), Tsai et al. (2019), Boushaki et al. (2018), 
Kuo et al. (2018a), Su and Denoeux (2018), Xie 
et al. (2019), Kaur and Kumar (2022), Rahnema 
and Gharehchopogh (2020), Lee and Perkins 
(2021), Kumar and Kaur (2022), Turkoglu et al. 
(2022), Shial et al. (2023)

Liver disease Kumar and Sahoo (2014), Kushwaha and Pant 
(2018), Aljarah et al. (2020), Kaur and Kumar 
(2022), Rahnema and Gharehchopogh (2020), 
Kumar and Kaur (2022), Turkoglu et al. (2022), 
Shial et al. (2023), Barshandeh et al. (2022), Patel 
et al. (2023)

Letter recognition Gebru et al. (2016), Pacifico and Ludermir (2021)
Ionosphere Gutierrez-Rodríguez et al. (2015), Serapião et al. 

(2016), Siddiqi and Sait (2017), Qiao et al. (2019), 
Kushwaha and Pant (2018), Queiroga et al. (2018), 
Tinós et al. (2018), Rahnema and Gharehchopogh 
(2020), Pacifico and Ludermir (2021), Kumar and 
Kaur (2022), Turkoglu et al. (2022), Shial et al. 
(2023)

Mammographic Gutierrez-Rodríguez et al. (2015), Shial et al. (2023)
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Table 9   (continued)

Data sets Referred papers

Seeds Amiri and Mahmoudi (2016), Gutierrez-Rodríguez 
et al. (2015), Alswaitti et al. (2018), Zhou et al. 
(2019), Boushaki et al. (2018), Abualigah et al. 
(2018b), Aljarah et al. (2020), Su and Denoeux 
(2018), Abasi et al. (2020), Pacifico and Luder-
mir (2021), Abualigah et al. (2023), Qtaish et al. 
(2024), Demirci et al. (2023), Shial et al. (2023), 
Patel et al. (2023)

Segment Chang et al. (2016), Gutierrez-Rodríguez et al. 
(2015), Sheng et al. (2016), Siddiqi and Sait (2017)

Sonar Cruz et al. (2016), Gutierrez-Rodríguez et al. (2015), 
Serapião et al. (2016), Siddiqi and Sait (2017), Qiao 
et al. (2019), Salem et al. (2018), Xie et al. (2019), 
Turkoglu et al. (2022), Premkumar et al. (2024)

Diabetes Bahrololoum et al. (2015), Cruz et al. (2016), Han 
et al. (2017), Serapião et al. (2016), Siddiqi and Sait 
(2017), Yuwono et al. (2014), Aljarah et al. (2020), 
Ahmadi et al. (2021), Kaur and Kumar (2022), 
Pacifico and Ludermir (2021)

Vertebral column Zhang et al. (2016c), Kuo et al. (2021)
Leukaemia Allab et al. (2017), Elyasigomari et al. (2015), Jing 

et al. (2015)
Yeast Allab et al. (2017), Chang et al. (2016), Senthilnath 

et al. (2019), Queiroga et al. (2018), Kuo et al. 
(2018b), Singh (2020), Lee and Perkins (2021), 
Pacifico and Ludermir (2021), Hu et al. (2023)

E. coli Bahrololoum et al. (2015), Han et al. (2017), Siddiqi 
and Sait (2017), Tinós et al. (2018), Bouyer and 
Hatamlou (2018), Xie et al. (2019), Cho and Nyunt 
(2020), Ahmadi et al. (2021), Lee and Perkins 
(2021), Pacifico and Ludermir (2021), Kuo et al. 
(2021), Asadi-Zonouz et al. (2022), Hu et al. 
(2023), Qtaish et al. (2024), Shial et al. (2023)

Image segment Senthilnath et al. (2019), Sheng et al. (2016), Siddiqi 
and Sait (2017), Pacifico and Ludermir (2021), 
Moghadam and Ahmadi (2023)

Subcellcycle Sheng et al. (2014)
Libra movement Chang et al. (2016)
Gesture segmentation Chang et al. (2016), Deb et al. (2018)
Dermatology Bahrololoum et al. (2015), Han et al. (2017), Ozturk 

et al. (2015), Qiao et al. (2019), Alswaitti et al. 
(2018), Kushwaha and Pant (2018), Ahmadi et al. 
(2021), Kaur and Kumar (2022), Rahnema and 
Gharehchopogh (2020), Hu et al. (2023), Qtaish 
et al. (2024)

Morro Bay Ozturk et al. (2015)
Lena Ozturk et al. (2015)
Mandril Ozturk et al. (2015)
Semeion, MF, IS, FCT, MNIST, ODR,LS, ISOLE, 

USPS,
Nazari et al. (2019)

HV Das et al. (2018a), Das et al. (2018b)
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Table 9   (continued)

Data sets Referred papers

Forest type mapping, firm teacher Clave direction 
classification data set

Qiao et al. (2019)

Parkinsons data set, Qiao et al. (2019), Su and Denoeux (2018)
Turkiye student Qiao et al. (2019)
Evaluation general (TSEG) Qiao et al. (2019)
Mice protein Deb et al. (2018), Lee and Perkins (2021)
Transfusion (BTSCD) Alswaitti et al. (2018), Pacifico and Ludermir (2021)
Landsat Alswaitti et al. (2018), Pacifico and Ludermir (2021)
Lenses Nayak et al. (2018), Baykasoğlu et al. (2018)
Hayesroth Nayak et al. (2018), Baykasoğlu et al. (2018), Zhu 

and Ma (2018)
Robot Navigation Nayak et al. (2018), Baykasoğlu et al. (2018)
Spect heart Nayak et al. (2018), Baykasoğlu et al. (2018)
Artificial dataset Two circle, Two moon Nayak et al. (2018)
Jain Kushwaha and Pant (2018), Singh (2020), Turkoglu 

et al. (2022)
Aggregation Kushwaha and Pant (2018), Tinós et al. (2018), Liu 

et al. (2019), Zhu and Ma (2018), Singh (2020), 
Kuo et al. (2021), Turkoglu et al. (2022)

High-dimensional gene expression data set Kushwaha and Pant (2018)
Magic Baykasoğlu et al. (2018), Patel et al. (2023)
Syn control Yang and Jiang (2018), Lee and Perkins (2021), 

Kumar and Kaur (2022)
HMM-generated dataset, Gun-Point, CBF, Face, 

OSU Leaf, Swedish leaf, 50Words, trace, Two 
pattern, wafe, face(four), Lightning-2, Light-
ning-7, ECG, Adiac, Yoga, CAVIAR database

Yang and Jiang (2018)

unbalance Queiroga et al. (2018), Liu et al. (2019), Su and 
Denoeux (2018)

Abalone Queiroga et al. (2018), Tsai et al. (2019), Pacifico and 
Ludermir (2021)

Artset1, artset2,artset3, artset4, a1 Queiroga et al. (2018)
D31 Queiroga et al. (2018), Kuo et al. (2018b), Liu et al. 

(2019), Singh (2020)
s1 Queiroga et al. (2018), Zhu and Ma (2018)
HTRU2, Spambase, User locations Finland Tsai et al. (2019)
Blood Boushaki et al. (2018), Turkoglu et al. (2022), Haeri 

Boroujeni and Pashaei (2023), Barshandeh et al. 
(2022)

Technical reports, web pages, TREC, MEDLINE, 
20newsgroup

Abualigah et al. (2018a)

Flame Kuo et al. (2018a), Liu et al. (2019), Singh (2020), 
Turkoglu et al. (2022)

TAE Allab et al. (2017), Yao et al. (2018), Kuo et al. 
(2018a), Qtaish et al. (2024)
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Table 9   (continued)

Data sets Referred papers

Forecasting, the year-wise enrollments of the Uni-
versity of Alabama, Lahi (crop) production, the 
monthly amount of outpatients visiting a hospital( 
inventory demand), the population of India from 
years 1930–2000

Gupta et al. (2018)

Australian, Planning to relax, Tic-tac-toe Aljarah et al. (2020)
R15 Kuo et al. (2018b), Tinós et al. (2018), Liu et al. 

(2019), Su and Denoeux (2018), Singh (2020), Kuo 
et al. (2021)

Compound Tinós et al. (2018), Singh (2020), Kuo et al. (2021)
Path-based Tinós et al. (2018), Singh (2020), Turkoglu et al. 

(2022)
US Census 1990 Rathore et al. (2018)
12 Quarries with famous dimension stones Mikaeil et al. (2018)
Adult Xu et al. (2019), Narayana and Vasumathi (2018)
Chess Narayana and Vasumathi (2018)
Mushroom Narayana and Vasumathi (2018), Salem et al. (2018)
Connect-4 Narayana and Vasumathi (2018)
Statlog Yao et al. (2018), Hu et al. (2023), Abualigah et al. 

(2023)
Golub1999v1, Golub1999v2, Amstrong2002, 

Chowdary2006, Nutt2003, pomeroy2002, 
Chen2002, Khan2001

Yan et al. (2019)

t4 Liu et al. (2019)
S2, S4, A3, Su and Denoeux (2018)
Pima Su and Denoeux (2018), Cho and Nyunt (2020)
MiniBooNE, MNIST, ACT​ Rathore et al. (2018)
4k2 Zhu and Ma (2018)
ALL_IDB2, Ozone Xie et al. (2019)
Faculty data, patient data Kuwil et al. (2019)
Image segmentation, vehicle, crop type Senthilnath et al. (2019), Hu et al. (2023)
Wechat sport user Yao et al. (2018)
Student, Germany, Thoracic, Nursery, Car Xu et al. (2019)
Spiral Singh (2020)
Horse Ahmadi et al. (2021)
Hepatitis Rahnema and Gharehchopogh (2020), Demirci et al. 

(2023), Shial et al. (2023), Barshandeh et al. (2022)
LSVT voice rehabilitation Lee and Perkins (2021)
Banknote authentication, Optical recognition, 

Pen-based recognition of handwritten digits, t), 
Ten Synthetic datasets: Disp01, Disp02, Disp03, 
Disp04, Disp05, Prox01, Prox02, Prox03, Prox04, 
Prox05

Pacifico and Ludermir (2021)

Stamps, Breast Tissue Kuo et al. (2021)
Wireless indoor localization Hu et al. (2023)
East cell cycle Hu et al. (2023)
Aniso Turkoglu et al. (2022)
Appendicitis Turkoglu et al. (2022)
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	 (i)	 To enhance the convergence rate of algorithms.
	 (ii)	 To avoid stagnation and premature convergence.
	 (iii)	 To develop an optimization strategy for dynamic clustering.
	 (iv)	 To handle dynamic streams automatically.

Table 9   (continued)

Data sets Referred papers

Diagnosis II Turkoglu et al. (2022)
Iris2D Turkoglu et al. (2022)
Moons Turkoglu et al. (2022)
Mouse Aljarah et al. (2020), Turkoglu et al. (2022)
Smiley Turkoglu et al. (2022)
Var density Turkoglu et al. (2022)
Vertebral 2, Vertebral 3 Turkoglu et al. (2022)
Hill-Valley, Hungarian Qtaish et al. (2024)
WDBC Shial et al. (2023), Premkumar et al. (2024)
Indian liver patient Shial et al. (2023)
LR Das et al. (2018a), Das et al. (2018b), Singh et al. 

(2023)
ISOLET Singh et al. (2023)
KDD CUP’99 Rathore et al. (2018), Xie et al. (2019), Hashemi et al. 

(2023)
2D15 Hashemi et al. (2023)
Divorce predictors Barshandeh et al. (2022)
WBDC Shial et al. (2023)
HTRU2 Premkumar et al. (2024), Patel et al. (2023)
Emission Premkumar et al. (2024)
Ukraine-Russia war Premkumar et al. (2024)
Alcohol QCM sensor Moghadam and Ahmadi (2023)

Fig. 6   3-D pie chart for datasets adopted to evaluate simulation results
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5.3 � Issues in fuzzy clustering

In the field of fuzzy clustering, some meta-heuristic algorithms are also reported. These 
algorithms aim to improve the quality of solutions, especially for fuzzy clustering prob-
lems. The issues handled by these algorithms are listed.

	 (i)	 To generate optimum cluster centres using the fuzzy membership function.
	 (ii)	 To handle high-dimensional dataset.
	 (iii)	 To determine relevant features in case of high dimensional data.
	 (iv)	 To develop accurate prediction models.
	 (v)	 To improve the quality of solutions.
	 (vi)	 To handle data streams in an effective manner.

5.4 � Issues in improved meta heuristic algorithm for clustering

This subsection demonstrates various issues related to the performance of the meta-heu-
ristic algorithm and the need to improve these algorithms for efficiently solving cluster-
ing problems. The various shortcomings associated with meta-heuristic algorithms and 
successfully addressed through improved versions of meta-heuristic algorithms. The 
main reasons to improve the meta-heuristic algorithms are listed.

	 (i)	 To overcome the slow convergence rate of meta-heuristic algorithms.
	 (ii)	 To avoid premature convergence problem.
	 (iii)	 To reduce noise effect and improve quality of solutions.
	 (iv)	 To handle clustering in a hierarchical manner.
	 (v)	 To reduce computational cost.
	 (vi)	 To effective trade-off between local search and global search.
	 (vii)	 To tackle overlapping and incremental clustering.
	(viii)	 To handle constraints in an effective manner.

5.5 � Issues in hybrid meta heuristic algorithm for clustering

The issues that can be addressed through hybrid meta-heuristic algorithms are listed.

	 (i)	 To overcome the shortcomings of traditional clustering algorithms like local optima 
and improve the quality of results.

	 (ii)	 To remove infeasible solutions generated during execution.
	 (iii)	 To handle local optima and convergence issues of meta-heuristic algorithm.
	 (iv)	 To improve search mechanisms of algorithms.
	 (v)	 To effectively handle exploration and exploitation processes.
	 (vi)	 To address the initialization issues of clustering algorithms.
	 (vii)	 To explore more promising solutions for clustering problems.
	(viii)	 To explore solution search space in an effective and efficient manner.
	 (ix)	 To generate a neighbourhood solution.
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6 � Conclusion

In this survey, a large number of meta-heuristic algorithms are analysed concerning 
clustering applications. It is inferred that clustering problems can be classified in terms 
of Partitional, dynamic, and fuzzy clustering. A diversity of algorithms are reported in 
the literature to solve clustering problems effectively and efficiently. Some algorithms 
address issues related to performance, population diversity, local optima, search strate-
gies, neighbourhood solutions, number of clusters, optimized cluster centres, etc. This 
paper presents a survey of high-repute publications in a particular period (2015–2021). 
These articles are categorized into Partitional, dynamic & automatic, and fuzzy clus-
tering. Moreover, they are further classified into meta-heuristic, improved meta-heuris-
tic, and hybrid meta-heuristic algorithms. Before the literature survey, several research 
questions are designed for an effective and efficient survey. The major contributions of 
this literature survey to the scientific community are.

RQ 1  What are the various meta-heuristic techniques available for clustering problems?

Answer: Large numbers of meta-heuristic algorithms employed to solve clustering 
problems are analysed. Several new algorithms are developed to solve these problems 
(CSS, MCSS, Bird flock algorithm, Electromagnetic force based algorithm, Magnetic 
optimization algorithm, Gravity algorithm, Big Bang Big Crunch algorithm). It is 
observed that these algorithms provide significant results in contrast to PSO, SA, TS, 
ACO, GA, and K-means etc. It is also observed that a smaller number of algorithms 
are based on traditional mathematical models. All recently developed algorithms are 
inspired by some natural phenomenon like the Big Bang Big Crunch, well-established 
laws like gravity law, and swarm behaviour (cuckoo optimization inspired through cuck-
oo’s behaviour). Tables 2, 3, 4, 5, 6 summarizes various algorithms.

RQ 2  How to handle automatic data clustering?

Answer: Dynamic & Automatic clustering problems are an active area of research 
due to online, web, and social mining. In these problems, the number of clusters is 
undefined, and clusters are designed according to the nature of the data. It is observed 
that several single-objective clustering algorithms are proposed to address the dynamic 
clustering problem. Again, these algorithms are based on natural phenomena (swarm 
behaviour). A few multi-objective algorithms are developed to handle dynamic cluster-
ing problems. Hence, it can be concluded that a lot of attention soon will be formed in 
this direction.

RQ 3  How to handle high dimensional data (problems) with clustering?

Answer: At present, a large number of data is generated, and this volume is increasing 
exponentially. This data contains meaningful patterns, but it is not an easy task to explore 
and analyze these patterns. So, to handle large data problems and extract meaning, several 
meta-heuristic clustering algorithms are proposed. A few are integrated with Hadoop (a 
parallel architecture) to retrieve and process data much faster than traditional approaches. 
Some ensemble clustering methods can handle high-dimensional data. It is seen that lack 
of multi-objective clustering methods to handle the aforementioned issues.
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RQ 4  What are the main reasons for hybridizing the clustering algorithms?

Answer: Many improved and hybridized versions of algorithms are proposed. An algo-
rithm is either improved/hybridized due to shortcomings associated with it or to avoid 
shortcomings related to problems being solved. Through the literature survey, it is observed 
that several shortcomings are associated with algorithm and clustering problems. These are 
local optima, convergence rate, population diversity, boundary constraints, neighbourhood 
solution structure, the effective trade-off between local and global searches of the algo-
rithm, solution search mechanism, solution search equations, and dependence on random 
functions. It is also observed that hybridization is an active area of research and hybridiza-
tion of an algorithm can improve its performance. Hence, to overcome the aforementioned 
problems, an algorithm can either be improved or hybridized to obtain significant and opti-
mized results. Till date, there is no generic algorithm for solving all types of clustering 
problems and data (categorical, nominal, numeric, text, and binary).

RQ 5  What objective functions, performance measures, and datasets are adopted to evalu-
ate the performance of clustering algorithms?

Answer: Large numbers of performance measures are employed to evaluate the per-
formance of clustering algorithms. Table  8 contains performance measures, which are 
reported in the literature. It is observed that NMI, rand index, accuracy, inner and inter-
cluster distance, and F-measure are widely adopted performance measures. Table 7 sum-
marizes objective functions to find closeness between data objects. Ten objective functions 
are reported in the literature, Euclidean Distance is a widely adopted objective function. To 
evaluate performance various datasets reported in the literature are summarized in Table 9. 
It is analysed that Iris, Wine, Glass, Haberman, CMC, Vowel, and Breast cancer are the 
most significant (benchmark) datasets for evaluation. Highlights of the survey are listed.

•	 130 SCI and/or Scopus (Free) articles are included from 70 journals that are published 
(2015-2024).

•	 Euclidean distance is adopted as a significant distance to determine closeness between 
data objects.

•	 It is analysed that partitional clustering is a widely adopted problem.
•	 Improved and enhanced meta-heuristic algorithms are hybrid algorithms for effective 

and efficient clustering of data.
•	 It is analysed that hybrid meta-heuristic algorithms are the more significant approach to 

handling various clustering problems.
•	 Fuzzy and Automatic data clustering is a new and active area of research.
•	 Lack of work reported on multi-objective data clustering, which leads to a scope in this 

direction.

In this survey, we have undertaken a comprehensive analysis of various meta-heuris-
tic algorithms in the context of clustering applications. Our investigation has shed light 
on the diverse landscape of clustering problems, which can be classified into Partitional, 
dynamic, and fuzzy clustering categories. Through an extensive review of the literature 
published between 2015 and 2024, we have identified a multitude of algorithms that 
address key challenges associated with clustering, including performance, population 
diversity, local optima, and search strategies. Our survey has revealed the emergence of 
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several novel meta-heuristic techniques for solving clustering problems, such as CSS, 
MCSS, Bird flock algorithm, Electromagnetic force-based algorithm, Magnetic optimi-
zation algorithm, Gravity algorithm, and Big Bang big crunch algorithm. These algo-
rithms have demonstrated promising results compared to traditional methods like PSO, 
SA, TS, ACO, GA, and K-means, showcasing the effectiveness of leveraging natural 
phenomena and established laws as inspiration for algorithm design.

Additionally, we have explored the ongoing research efforts in dynamic and auto-
matic clustering, which are driven by the growing demand for real-time data analysis 
in domains like online, web, and social mining. While single-objective clustering algo-
rithms have made significant strides in addressing dynamic clustering challenges, there 
remains a need for the development of multi-objective algorithms to handle the com-
plexity of evolving datasets more effectively. Furthermore, our survey has highlighted 
the importance of addressing the challenges posed by high-dimensional data in cluster-
ing. With the exponential growth of data volumes, there is a pressing need for meta-heu-
ristic clustering algorithms capable of handling large-scale datasets efficiently. Integra-
tion with parallel architectures like Hadoop and the exploration of ensemble clustering 
methods represent promising avenues for addressing these challenges in the future. 
While our survey has provided valuable insights into the state-of-the-art in clustering, it 
is essential to acknowledge certain limitations inherent in our study. From a theoretical 
standpoint, the complexity of clustering problems and the diversity of datasets make it 
challenging to devise a one-size-fits-all solution. Moreover, practical limitations, such 
as computational resources and algorithm scalability, may impact the applicability of 
certain clustering techniques in real-world scenarios.

Moving forward, future research in clustering should focus on addressing these lim-
itations and exploring new avenues for improvement. One promising direction is the 
development of hybrid meta-heuristic algorithms that combine the strengths of different 
optimization techniques to overcome the shortcomings of individual approaches. Addi-
tionally, there is a need for more extensive benchmarking of clustering algorithms using 
diverse datasets and performance metrics to ensure robustness and generalizability of 
results. In conclusion, our survey has provided valuable insights into the state-of-the-
art meta-heuristic clustering algorithms and identified key areas for future research. By 
addressing the challenges posed by clustering in the era of big data, we can unlock new 
opportunities for knowledge discovery and decision-making in various domains.
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