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Advances in recent techniques for scientific data collection in the era of big data allow for
the systematic accumulation of large quantities of data at various data-capturing sites.
Similarly, exponential growth in the development of different data analysis approaches
has been reported in the literature, amongst which the K-means algorithm remains the
most popular and straightforward clustering algorithm. The broad applicability of the algo-
rithm in many clustering application areas can be attributed to its implementation simplic-
ity and low computational complexity. However, the K-means algorithm has many
challenges that negatively affect its clustering performance. In the algorithm’s initialization
process, users must specify the number of clusters in a given dataset apriori while the ini-
tial cluster centers are randomly selected. Furthermore, the algorithm’s performance is
susceptible to the selection of this initial cluster and for large datasets, determining the
optimal number of clusters to start with becomes complex and is a very challenging task.
Moreover, the random selection of the initial cluster centers sometimes results in minimal
local convergence due to its greedy nature. A further limitation is that certain data object
features are used in determining their similarity by using the Euclidean distance metric as
a similarity measure, but this limits the algorithm’s robustness in detecting other cluster
shapes and poses a great challenge in detecting overlapping clusters. Many research efforts
have been conducted and reported in literature with regard to improving the K-means
algorithm’s performance and robustness. The current work presents an overview and tax-
onomy of the K-means clustering algorithm and its variants. The history of the K-means,
current trends, open issues and challenges, and recommended future research perspectives
are also discussed.
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1. Introduction

Extracting meaningful and tangible information from collected data is the primary goal of data mining [4]. However, most
data are collected in arbitrary forms and categories, making such data difficult to analyse, especially when the data objects’
features are unknown. Appropriate organization of unlabeled data is an aspect of data mining handled by cluster analysis.
The meaningful grouping of such unlabeled data is regarded as data clustering. The goal is to group unlabeled data so that
the data objects whose characteristics and attributes are similar are together in a cluster such that the similarities of data
objects within the same clusters are higher when compared with other clusters’ data objects. In other words, data clustering
analysis classifies unlabeled data to ensure higher intra-cluster similarity and lower inter-cluster similarity [59]. The process
of clustering analysis can be likened to the learning process, which involves specific predictive behavior associated with
unsupervised learning when handling unlabeled datasets [55]. Fig. 1 clearly illustrates this spectrum of different categories
of learning problems of interest in pattern recognition and machine learning, as discussed in Jain [95].

Cluster analysis has been successfully applied to address data clustering problems in different domains such as medical
science, manufacturing, robotics, the financial sector, privacy protection, artificial intelligence, urban development, aviation,
industries, sales, and marketing [61,7,180,59,20,111,49]. Extracting useful information from data in these domains is essen-
tial for providing better services and generating more profits [181,148,172]. Real-world data generated are mostly volumi-
nous, unlabeled, and of different dimensions. This makes data clustering difficult. Pre-identifying the number of clusters in a
real-world dataset cannot be quickly done. Therefore, determining the optimal number of clusters in a real-world dataset
characterized by high density and dimensionality is quite tricky for standard clustering algorithms. This poses a significant
challenge to conventional clustering algorithms in which the number of clusters must be specified as input to the algorithm.

Algorithms for data clustering are grouped into two major categories [97,224,68,60], namely, hierarchical clustering algo-
rithms and partitional clustering algorithms. Hierarchical clustering algorithms partition data objects into clusters in a hier-
archical form either in a bottom-up approach (agglomerative method) or a top-down approach (divisive method). In the
agglomerative method, individual data objects are merged iteratively based on their similarity. In the divisive method,
the initial dataset is taken as a single cluster and broken down iteratively using data object similarity until each data object
forms a single cluster or a set criterion is met. The hierarchical clustering algorithm produces a dendrogram of merged (ag-
glomerative) or split (divisive) data objects depicting the corresponding cluster hierarchy generated as output for the cluster
analysis [60]. The dendrogram is a pictorial representation of the data objects’ nested grouping showing the similarity level
at which each grouping changes [97].

In the partitional clustering approach, a single partition of the initial dataset is produced instead of a clustering structure
of a dendrogram. Clusters are produced in a heuristic approach while optimizing a criterion function defined globally on all
the data objects in the set or locally on the subset of the data objects [246,9,189]. Optimizing a criterion function on a set of
the data objects using a combinatorial search of all possible values to get the optimum value is computationally prohibitive.
Therefore, partitional clustering algorithms require the specification of different k values supplied at different runs to obtain
the best configuration to produce the optimum clusters.

K-means clustering algorithm was proposed independently by different researchers, including Steinhaus [203], Lloyd
[132], MacQueen [135], and Jancey [98] from different disciplines during the 1950s and 1960s [171]. These researchers’ var-
ious versions of the algorithms show four common processing steps with differences in each step [171]. The K-means clus-
tering algorithm generates clusters using the cluster’s object mean value [197,34]. In the standard K-means algorithm, the
cluster number is required as a user parameter and is used in the arbitrary cluster center selection from the dataset. How-
ever, the K-means algorithm may converge to a local minimum because of its greedy nature [95]. Therefore, it requires sev-
eral runs for a given k value with different initial cluster center selections to obtain the optimal cluster result [243,59,19]. In
addition, the standard algorithm detects ball-shaped or spherical clusters only because of the use of the Euclidean metric as
its distance measure [95]. A typical K-means clustering process is illustrated in Fig. 2. With a set of input data supplied to the
K-means clustering algorithm, the centroid vector C ¼ fc1; c2; :::; ckg can easily be identified with K being the number of cen-
Fig. 1. Clustering analysis considered as a learning problem. The dots on the figure correspond to points without labels. In contrast, points with labels are
denoted by plus signs, asterisks, and crosses. In (c), the must-link and cannot-link constraints are denoted by solid and dashed lines, respectively [120,95].
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Fig. 2. K-means clustering: (a) randomly distributed datasets and (b) closest cluster centroid with three clusters [142].
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troids defined by the user. Fig. 2a illustrates a data set in 2D space distributed randomly with �100 � xi; yi � 100, and Fig. 2b
presents the K-means clustering result with the number of centroids set to K ¼ 3.

Despite these limitations, the K-means clustering algorithm is credited with flexibility, efficiency, and ease of implemen-
tation. It is also among the top ten clustering algorithms in data mining [59,217,105,94]. The simplicity and low computa-
tional complexity have given the K-means clustering algorithm a wide acceptance in many domains for solving clustering
problems. Several K-means clustering algorithm variants have been developed to enhance its performance. This work pre-
sents an overview of the K-means clustering algorithm and its variants with a proposed taxonomy for the variants. The algo-
rithm’s research progression from its inception, the current trends, open issues, and challenges with recommended future
research perspectives are also discussed in detail.

In this paper, the following focal research question was proposed to reflect the purpose of this comprehensive review
work:

‘‘What are the existing variants of K-means algorithms for solving clustering problems since its inception to date.”
In providing answers to the main research question, the following sub-research questions were considered:

a) Identify research that has been conducted to improve on the standard K-means clustering algorithm
b) What methods have been adopted in the various research found in (a) for improving the performance of the K-means clus-

tering algorithm?
c) What are the performances of the reported K-means clustering algorithm variants?
d) What are the current research progressions involving the K-means clustering algorithm?

This review work will be presented from four perspectives: first, a systematic review of the K-mean clustering algorithm
and its variants. Second, a presentation of a proposed novel taxonomy of K-mean clustering methods in the literature. Third,
verifications of the findings on all aspects of K-means clustering methods through an in-depth analysis. Fourth, an outline of
open issues and challenges and recommended future trends. The main idea is to present a comprehensive systematic review
that will provide current researchers and practitioners with a pathway for future novel research involving the K-means clus-
tering algorithm. The main contributions of this research work are summarized below:

� A comprehensive review of the K-means algorithm is presented, including a proposed taxonomy of recent variants and
trending application areas of the K-means clustering algorithm.

� Open research issues relating to adopting metaheuristic algorithms as automatic cluster number generators to improve
the K-means algorithm’s performance quality are identified and discussed.

� Finally, research gaps and the future scope of the K-means algorithm in general, particularly in outlining a new perspec-
tive for solving the challenges of the K-means clustering algorithm and its variants, are identified.

The rest of the paper is organized as follows: Section 1 introduces the background work on the proposed review study;
Section 2 outlines the methodology approach; Section 3 presents a proposed taxonomy of k-mean clustering methods found
in the literature, followed by a detailed discussion of the review of the K-means algorithm variants; Section 4 discusses the
review findings; Section 5 reports the current trending areas of application of the K-means algorithm; Section 6 outlines the
open issues and challenges of K-means clustering methods with recommended future trends; and Section 7 concludes the
review.

2. Research methodology

This study aims at conducting a review of the K-means clustering algorithm variants. The research methodology adopted
for the study is presented in this section. Kitchenham et al.’s [113] guidelines for a systematic literature review of computer
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technology were adopted for the study. Four phases are involved in the review: planning, study search and selection, data
acquisition, and data analysis. The planning section reported in section 1 includes establishing the problem statement, the
study objectives formulation, the research questions, and the review protocol. The study ‘search and selection’ procedure
phase includes the search keywords and the search queries. The search strategy with the selection criteria will be reported
in this section under the corresponding sub-sections. The methodology steps used for the study are presented in Fig. 3.
Fig. 3. The methodology processes used for the study.
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2.1. Search strategy and keywords for identification of relevant literature

The K-means clustering algorithm is a viral and widely used clustering algorithm, with several publications reporting its
application and enhancements. An electronic search was conducted on six major academic databases to find relevant liter-
ature for the study. Journal articles, conference proceedings, and edited books published from 1984 to 2021 were considered
for the study, with major emphasis from 2010 after Jain’s [95] comprehensive survey on clustering algorithms. Different key-
words relevant to the study on the ‘‘K-means clustering algorithm and its variants” were defined in searching for relevant
articles. The search keywords used included ‘‘K-means”, improved K-means”, ‘‘variants of K-means”, ‘‘K-means variants”,
‘‘modified K-means”, ‘‘updates on K-means”, ‘‘variations of K-means”, ‘‘K-means taxonomy”. Additional suitable keywords
were generated using the synonyms of the existing keywords, such as ‘‘enhancements of K-means”, ‘‘advances in K-
means”, ‘‘expanded K-means”, ‘‘new developments in K-means”, ‘‘innovations of K-means”, ‘‘progressive K-means”, ‘‘updated
K-means”. All English language-based articles were scrutinized to select the most appropriate ones for the study.

2.2. Search results

Relevant academic articles were searched for and retrieved from the six major academic databases listed in session 2.1
based on the queris formulated from the search keywords. A total number of 44 433 articles were retrieved. A thorough
search of the stated academic databases was performed, and the results are presented in Table 1. Duplicate copies of
retrieved articles were removed, and the remaining distinct copies were used for the subsequent screening.

2.3. Article screening and selection criteria

Three major screening exercises were conducted on the remaining distinct retrieved articles. The first screening involved
reading the title, abstract, and keywords to select the most relevant articles, and 96 articles were found to be most appro-
priate for further screening. The selection criteria were applied to conduct the second screening exercise, and 21 articles
were filtered out, leaving 77 articles for the final screening. In the final screening, the references of the selected articles were
scrutinized to search for more relevant articles concerning the inclusion criteria. Six new articles were added. Finally, a total
number of 83 articles were selected for the detailed study. The inclusion and exclusion criteria of article selection are pre-
sented in Table 2. These 83 articles were considered representative in reporting different variants on the K-means clustering
algorithm from which the taxonomy was proposed. However, 19 articles from the Neural Information Processing System
conference were added to supplement the reported variants extracted from the focused academic databases.

The distribution of the academic database from which the 83 articles were selected is shown in Table 1. Of the selected
articles, 72 articles are from journals, six articles are conference proceedings, and 5 are book chapters. The selected articles
were reviewed, and the K-means algorithm variants’ taxonomy shown in Fig. 5 is proposed as reported in section 3.2. The
improvements made to the standard K-means clustering have been grouped into two major categories: the variants based
Table 1
The search and screening results from the six databases.

Database Result of Database Queries 1st Screening 2nd Screening 3rd Screening

ACM Digital Library 3 667 5 5 6
Elsevier Journal Access 8 464 22 15 20
Wiley Online Library 10 744 8 7 5
IEEE Explore 13 248 40 35 37
Springer 8 128 16 14 14
Taylor & Francis 182 5 1 1

44 433 96 77 83

Table 2
Inclusion and exclusion criteria.

Inclusion Exclusion

The main focus of this article is on K-means and its variants Articles on other clustering algorithms
Articles that compare the standard K-means with the reporting

variants
Articles comparing the K-means algorithm with other clustering algorithms

Articles reporting the performance of a variant of K-means Articles reporting the performance of a variant of any other clustering
algorithm

Articles comparing various variants of K-means Articles reporting comparison between other clustering algorithms and K-
means clustering algorithm variants

Published articles from conference proceedings, reputable peer-
review journals, and edited books

Articles published as editorials, keynotes, speeches, abstracts and parts of
textbooks

English language-based articles only Relevant articles published in other languages.
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Fig. 4. Citation Count Per Year.

Fig. 5. Illustration of K-means algorithm. (a) Two-dimensional input data with three clusters; (b) three seed points selected as cluster centers and initial
assignment of the data points to clusters; (c) and (d) intermediate iterations updating cluster labels and their centers; (e) final clustering obtained by K-
means algorithm at convergence (figure taken from [95].
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on the modifications to the standard K-means clustering algorithm, and the variants based on the standard K-means algo-
rithm implementation. The standard K-means modification-based variants were further subdivided into four categories:
algorithm input modification; algorithm processes modification; modifications for improved algorithm outputs; and algo-
rithm concept modification. The implementation modification-based variants also have four categories: parallel machine
implementation; quantum processes implementation; implementation using MapReduce framework; and, other implemen-
tations. Section 3.3 and 3.4 provide a detailed discussion of these variants.

The citation count per year is presented in Fig. 4. The vertical axis shows the citation count, and the horizontal axis shows
the publication year. 1984 has the optimum yearly citation count, followed by the year 2000. However, high citation counts
can be observed in 1984, 1998, 2000, 2003–2005, 2007, and 2009. There were some works of literature published in these
years that received very high citation counts, for example, the works of Bezdek, Ehrlich, and Full [26], Huang [89], Kanungo
et al. [102], Likas, Vlassis, and Verbeek [127], and Park and Jun [167].
2.4. Comparison with existing survey works

This section compares and discusses the differences between existing review papers and this review work. Many existing
reviews of the K-means clustering algorithm concern its application in a specific domain, with few reviews being specific to
the variants of the K-means clustering algorithm. The literature reviewed was minimal for those particular to the K-means
clustering algorithm and variants. Steinley [205] presented a survey on the K-means algorithm which synthesized the
results, methodology, and research conducted on the algorithm in the previous fifty years. It outlined the formulation of
the minimum variance loss functions and alternative loss functions, as well as the various methods of specifying the number
of clusters and initialization, data reduction schemes, and variable preprocessing methods. Hans-Hermann [81] presented a
survey on the K-means algorithm with an historical view of the algorithm in respect of minimizing the sum of square dis-
tance measures used in the clustering process for both continuous and discrete variants.

Blömer et al. [28] presented a survey paper on the theoretical analysis of the K-means algorithm and several extensions
for its run-time analysis and approximation quality. The scalability of the algorithm concerning big data was also considered.
Pérez-Ortega et al. [171] conducted a systematic review of 79 articles on K-means algorithm improvements, classifying and
summarizing them based on the algorithm steps, namely, initialization, classification, centroid calculation, and convergence.
The reviewed articles include the recent trends in the improvements and the use in other areas. A taxonomy of the algo-
rithm’s improvement was not included.

Ahmed et al. [10] presented a simple taxonomy of K-means clustering algorithm variants under three headings: initial-
ization, data types, and applications. This taxonomy is limited and does not cover improvements to the K-means clustering
algorithm, such as parallel machine implementation, kernel-based design, and other recent innovations embedded in newer
variants. The current systematic review will present a comprehensive review of 83 existing literature items, including state-
of-the-art K-means algorithm variants, with extensive taxonomical analysis of the K-means algorithm variants.

Ahmad and Khan [9] reviewed a few K-means variants concerning mixed data clustering under the subsection related to
partitional clustering algorithms. The number of variants discussed is limited to those articles that modified K-means for
effective clustering of datasets of mixed data types. Table 3 presents a summary of previous surveys compared with the cur-
rent study of K-means variants.
Table 3
Summary of previous surveys compared with this survey on K-means variants.

Reference No of Literature
Items Reviewed

The Range of
Years Covered

Remarks

Stanley (2006) n/a* 1956–2006 Elucidated the coalescence of information on the K-means algorithm over 50 years,
summarizing the research on its performance with suggestions for future research.

Hans-Hermann [81] n/a n/a Reported the origins, mentioning some of the critical K-means extensions.
Blömer et al. [28] n/a n/a A survey on recent results of the K-means running time analysis and quality of

approximation with other extensions to the algorithm. Provides insight into how
the algorithm can be improved.

Pérez-Ortega et al. [171] 79 n/a Classification and summary of various improvements to the K-means algorithm
based on the algorithm steps.

Ahmad and Khan [9] n/a n/a A taxonomy of the study of mixed data clustering with a few mentions of those
involving K-means

Ahmed et al. [10] 27 1998–2019 The number of papers reviewed is minimal compared with existing literature on K-
means variants but with a simple taxonomy of K-means variants.

This study 83 1998–2021 An up-to-date comprehensive review of existing literature, including state-of-the
art K-means algorithm variants with a proposed extensive taxonomical analysis of
the variants

*n/a – not available.
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3. Standard K-means clustering algorithm

The K-means clustering algorithm is categorized as a partitional clustering algorithm. Partitioning given datasets into
clusters involves finding the minimum squared error between the various data points in the data set and the mean of a clus-
ter, then assigning each data point to the cluster centre nearest to it. Mathematically, given a dataset
X ¼ xif gwherei ¼ 1;2; :::n of d-dimension data points of size n,

X Is partitioned into ‘k’ clusters C ¼ cj
� �

wherej ¼ 1;2:::k
such that
J ckð Þ ¼
X

xi�ck

xi � lk

�� ���� ��2
The K-means algorithm aims to minimize the sum of the square error for each k cluster. That is,
Minimize
J Cð Þ ¼
XK

k¼1

X

xi�ck

xi � lk

�� ���� ��2
Initially, the K-means algorithm randomly chooses a specified k number of centroids from the dataset. Each data point’s
distance from all the selected centroids is evaluated, with each assigned to the closest centroid as a member of that cen-
troid’s cluster. On the assignment of a new member to a cluster, the center of a cluster is re-evaluated. This K-means algo-
rithmic process is iteratively performed until the cluster membership is stable.

The basic steps in K-means algorithm are as follows:

� Initial partition selection with ‘k’ clusters
� Generate a new partition by assigning each pattern to the nearest cluster center
� New cluster center computation
� Repetition of (2) and (3) until there is stability in the cluster membership

The K-means algorithm is credited with implementation simplicity, and it has been used widely for clustering in many
domains ([95]. According to Jain [95] and Drineas et al. [56], the objective function for the cluster formation for any given
dataset involves minimizing the sum of square error, which is considered an NP-hard problem. The K-means algorithm
may converge to a local minimum [95,10], implying that an increase in the number of clusters implies a decrease in the
square error. This invariably implies that optimum results for the objective function can only be obtained for a fixed number
of clusters. To avoid this problem, the algorithm is executed with different initial partitions (with randomly selected cen-
troids), and the partition with the least square error is then selected for any specified value of k [95].

In implementing the K-means clustering algorithm, users are required to specify-three input parameters: k – the cluster
number to be generated; the cluster centroids corresponding to the number of specified k; and the distance metric to be
used. Choosing the appropriate value for k is critical in the K-means algorithm [95,30,2] which, in fact, is a major problem
associated with the standard K-means clustering algorithm; the algorithm’s performance depends on the specified value of k,
with different values of k producing varying results [10]. Moreover, resultant clusters produced are also affected by initial
centroid selection. The algorithm chooses initial centroids randomly, and different initial centroids produce different clusters
due to the convergence of the K-means clustering algorithm, sometimes to a local minimum [2,95]. Thus, clusters depend on
the initial cluster center choices [193,90].

Typically, for the distance calculation of data points from cluster centers, the standard K-means algorithm uses the Eucli-
dean distance metric measure. K-means return spherical or ball-shaped clusters [95,199]. The K-means algorithm’s conver-
gence usually requires several iterations of repeating steps, and the accurate number of iterations cannot be determined
beforehand. This impacts the algorithm’s computational cost and becomes more pronounced with large data sets. The K-
means algorithm has also been reported to be sensitive to outliers [199]. A limited number of outliers can significantly influ-
ence the mean value in a cluster. The presence of outliers as noise considerably affects the resulting clusters.

Most of the existing clustering algorithms, including K-means, were designed based on a framework that supports natural
data classes that are either disjointed or fuzzy. However, in recent times, there are areas of clustering applications such as
biology and information retrieval where there is a clear overlap in the natural classes of data [45]. The standard K-means
algorithm clusters the data based on the properties of the data shared among the data objects, which naturally results in
crisp clusters. As a result, K-means cannot effectively detect overlapping clusters, limiting its clustering performance on
datasets in these application areas. The standard K-means clustering algorithm pseudocode is given in algorithm listing 1.
185
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Algorithm 1: Standard K-means clustering algorithm pseudocode
Input:
 Array Xfx1; x2; � � � ; xng // Dataset to be clustered

Output:
 k// Number of required clusters
Cfc1; c2; � � � ; ckg// Cluster centroids

1.
 A set of k clusters

2:
 // Initialize Parameters

3:
 X ¼ fx1; x2; � � � ; xng

4:
 C ¼ fc1; c2; � � � ; ckg

5:
 Repeat

6:
 //Distance calculations

7:
 fori = 1 to n do

8:
 forj = 1 to k do

9:
 Compute the Euclidean distance from a data object to all cluster

10:
 end j

11:
 //Data object assignment

12:
 Add data objects to the closest cluster

13:
 end i

14:
 //Update cluster centroid

15
 Compute the new cluster centroid

16:
 Until the difference between the cluster centroids of two consecutive iterations remains the same
End
3.1. K-means computational complexity analysis

The time and space complexity analysis of the K-means algorithms is very significant in understanding the scalability of
the algorithm’s performance across different dimensional datasets and clustering problem variations. Various studies
revealed that both the time and space complexities of the K-means and some of its common variant algorithms depend
on the size of the input data n of the datasets [10]. Similarly, it is always very complex and challenging to find an optimal
solution for the k-means algorithm in the Euclidean space for both the binary and multi-class clustering problems
[102,164,154,155]. Moreover, according to Nazeer, Kumar, and Sebastian [155], the standard k-means algorithm has a com-
putational time complexity of O(nkl) because of the algorithm’s iterative nature, where n is the number of data-points, k is
the number of clusters and l is the number of iterations.

However, subsequent enhancement of the K-means algorithm, as presented in Yuan et al. [232], reveals that the first
phase of determining the initial centroids for the K-means takes up to Oðn2Þ time even though it produces better results than
the classical K-means algorithm. More so, other variants of the K-means as proposed by Nazeer, Kumar, and Sebastian [155]
derived a new time complexity for finding the initial centroids of a dataset containing n elements, of Oðn klþ lognð ÞÞ. There-
fore, in summary, it can be assumed that the time complexity of all the K-means variants algorithms is in the order of
OðnlogkmaxÞ, where kmax denotes the maximum number of clusters in a dataset, while the space complexity for all the variants
is Oððnþ kÞdÞ, and where d is the number of features in a dataset [10].

3.2. Taxonomy of K-means variants

Due to the wide acceptability and use of the K-means clustering algorithm and its easy implementation and simplicity,
several algorithm variants have been proposed in the literature to address the known limitations of the standard algorithm.
The algorithm has been modified in some literature to adequately address the clustering need in a specific domain. In other
cases, the implementation technique has been considered to improve the K-means algorithm. Furthermore, hybridizing the
standard K-means algorithm with other algorithms has been considered to enhance its performance. Based on these, the K-
means algorithms variants are grouped into two major subsections: K-means algorithm design variants and K-means algo-
rithm implementation variants. The various variants reflecting the various improvements made to the standard K-means
algorithm are thus represented in the proposed taxonomy presented in Fig. 6.

3.3. K-means algorithm design variants

Most of the improvements made to the K-means algorithm to enhance its performance addressed the various limitations
of the algorithm design discussed above. These improvements cut across the three major components of an algorithm: the
input, the process, and the output. Some literature reported work on iteration reduction for the algorithm process enhance-
ments, while others improved how data objects are assigned to clusters. Other works identified non-regular cluster shapes
186



Fig. 6. Proposed taxonomy of K-means clustering algorithm variants.
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such as rough, non-spherical, fuzzy, and overlapping clusters. The K-means algorithm has been combined with suitable
existing algorithms to enhance the performance of K-means, that is, a hybridization technique has been applied in a bid
to automatically generate values of k. Most metaheuristics algorithms were hybridized with standard K-means algorithms
for solving mechanical clustering problems and the problem of local minimum convergence. In domain-based variants,
attention has mostly been paid to preprocessing the domain dataset for proper clustering.
3.3.1. Algorithm input modification
For the K-means clustering algorithm input modifications, the variants reported in the literature can be subdivided into

three categories: variants related to dataset preprocessing, variants addressing automatic specification of k, and variants
dealing with initial centroid selection. These variants addressed the initialization problems of the standard K-means cluster-
ing algorithm. Dataset preprocessing positively impacted the K-Mean algorithm’s performance, so some variants in this cat-
egory performed some preprocessing operations on the data set. Some dataset preprocessing operations involved outlier
detection and removal to address the problem of outliers in the data clustering.

a.) Dataset preprocessing
Outliers in datasets degrade data linearity and subsequently affect clustering accuracy [124]. According to Chawla and

Gionis [37], the sensitivity of the K-means algorithm to outliers is exceptionally high, and it is essential to consider this when
designing algorithms for the K-means objective [79]. Because of this, some of the variants of K-means have sought to address
this issue [194,181,162]. In other cases, some datasets may be missing values, rendering them incomplete and adversely
affecting the accuracy of the cluster output. Moreover, not all datasets are purely numerical. Some have mixed numeric data
types with categorical features on which the standard K-means cannot be used. Some applications require domain-based
data preprocessing on the dataset before efficient data clustering can be performed. To adapt the standard K-means to clus-
tering these data sets, some variants have been developed which incorporate some data preprocessing activities on the data-
set before eventual clustering. Also, there are other modifications such as the use of binary code for fast clustering [190] and
feature ranking [240] in some of the variants for effectively handling large-scale datasets to avoid expensive computation
and the high memory costs expected with large scale clustering.

Sensitivity to outliers
The presence of outliers in real datasets affects the optimal performance of the standard K-means algorithm. Olukanmi

and Twala [162] state that outliers easily mislead the classical K-means clustering algorithm. Robust K-means algorithms
focus on resolving the adverse effects of outliers on K-means clustering. There are several research works reporting on robust
K-means clustering [86,63,123]. Georgogiannis [72] presented a theoretical analysis of the robustness and consistency of
robust K-means.

Shrifan, Akbar, and Isa [194] propose a modification to the standard algorithm by combining Tukey rules with a new dis-
tance metric to improve the accuracy of the clustering algorithm. Outliers in the data set are removed adaptively using a
modified Tukey rule in consideration of the distribution of the data either to the left or right or with consideration of the
input data’s mean value. The modified algorithm eliminates the outliers before finding the cluster centroids to reduce the
effects of the outliers. Together with the proposed new distance metric, the centroid convergence and the clustering accuracy
of the modified algorithmwere significantly improved. Rathore and Shukla [181] proposed and implemented an enhanced K-
means algorithm to handle a big data environment clustering problem. In their approach, the outlier points were removed to
improve the data quality of the dataset, after which a bi-part method was used to perform the clustering operation. Normal-
ization, outlier detection, and weighted-based methods were introduced to improve the standard algorithm’s performance.

Wang and Su [214] presented another improvement to the K-means clustering algorithm through noise data filtering
using a density-based noise data detection technique. Discovering noise data and filtering them is embedded into the stan-
dard K-means clustering algorithm. The filtering detects and removes noise before dataset clustering so significantly
improves the algorithm’s performance by producing a more accurate clustering output. K-medoids [167,106] are a variant
of K-means for resolving the latter’s sensitivity to outliers. In K-medoids, the representative objects are called medoids, rep-
resenting the most centrally located object in a cluster instead of centroids, as is the case with K-means [167]. Park and Jun
[167] proposed a fast and straightforward algorithm for K-medoids that is less sensitive to outliers but simple and efficient.

Chien, Pan, and Milenkovic [43] addressed the problem of approximate K-means clustering with outliers and side infor-
mation of the same cluster queries and possible noisy answers. They applied a method that relies on the number of points
needed for accurate centroid estimation and cluster size estimation based on the novel generalization of the double Dixie cup
problem [158,54]. Their method performed approximate clustering and outlier identification simultaneously with order of
magnitude performance improvements. Olukanmi and Twala [162] proposed a K-means-sharp that modifies the classical K-
means centroid update step to avoid outliers when computing a new centroid. Outliers are detected automatically using a
global threshold obtained from the distribution of the point-to-centroid distance in their modified algorithm. Their algo-
rithm was able to detect outliers with high accuracy.

Incomplete or missing data
Considering that some datasets may be incomplete due to missing values, Honda et al. [85] introduced an extension to the

principal component analysis-guided K-means (PCA-guided K-means) to address this problem. The estimation of the prin-
cipal component scores is performed as an iterative process without inputting values, and has the capability of a rotated
solution of cluster indicators serving as the initial centroid for K-mean clustering [5]. The authors employed the computa-
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tionally efficient algorithm proposed by Shibayama [191] in calculating the principal components. Sarma et al. [187] pro-
posed the leader K-means clustering method with a varying threshold (lk-means-CMVT), a prototype-based hybrid approach
involving the partitioning of the dataset into varying small-sized partitions, each representing a prototype cluster using
modified leaders clustering method. The modified K-means clustering algorithm is then used for partitioning the prototypes
set into k number of clusters avoiding the possibility of empty clusters. Each prototype’s corresponding set of patterns then
replaces the various prototypes in the formed clusters of prototypes to generate patterns. A correcting step is embedded in
the algorithm to prevent the generated clusters of patterns from deviating from the obtained partitions of the original K-
means.

Huang et al. [88] proposed a robust deep K-means as a simple and effective method of clustering data to avoid the prob-
lem associated with the standard single-layer formulations that contain low-level features hindering data clustering based
on complex hierarchical information of the dataset. Their proposed algorithm adopted deep learning techniques for extract-
ing deep representations to improve clustering performance using the deep K-means model to learn hidden representations
of the implicit lower-level attributes. Lithio and Maitra [131] presented Km-means algorithm as an efficient variant of the K-
means algorithm, which permits the clustering of a dataset with incomplete records. When the dataset has complete records,
the algorithm is reduced to the standard K-means algorithm. The Km-means algorithm is also equipped with initialization
strategies and methods for estimating the number of clusters in the dataset. Marom and Feldman [139] proposed a K-
means variant for clustering lines for big data. The problem of the K-mean variant arises when there are missing entries
in some or all the input vectors or sometimes incomplete information in datasets. An example of this problem is typical
in computer vision, where the position of a point or set of k points turn into lines based on their projections on 2D images
through a pinhole camera model. In matrix approximation theory and data science, all possible values for missing entries in a
database’s record are considered, thereby turning a point into a line. The clustering process then considers lines that inter-
sect around the K-means centers.

Non-numerical or categorical dataset
The standard K-means algorithm can only work on a numerical dataset, so some of the variants have sought to address

this shortcoming. A modified version of the K-mean clustering algorithm was proposed by Ahmad and Dey [8] which can
handle datasets with categorical features and mixed numeric data. They proposed a distance measure and a new cost func-
tion based on the co-occurrence of value which considers an attribute significance in the clustering process. The cluster cen-
ter description of the standard K-means clustering algorithm was modified to bypass the ‘numeric data only’ feature to
characterize clusters better.

To accommodate datasets with multiple, heterogeneous feature spaces, a framework that integrates multiple feature
spaces was introduced by Modha and Spangler [145]. Their main goal was to equip the K-means algorithm with features
to represent each data object as a tuple of multiple feature vectors, assign suitable distortion measures to feature space,
and combine alterations on diverse feature spaces. Their proposed convex K-means was adapted to cluster fixed-weight data
objects and determine optimal feature weighting that enhanced the clustering result.

Chen and Yang [39] presented diffusion K-means clustering, which aims to maximize the closeness of data objects within
the same cluster based on diffusion distance. It comfortably clusters non-linear datasets and those with a non-Euclidean geo-
metric features in mixed dimensions, such as is the case with manifold clustering. K-mode [89] is a simple but fast extension
of the K-means algorithm for handling datasets with categorical attributes [75]. A simple matching dissimilarity measure is
used to cluster objects with categorical attributes using modes of clusters instead of means with a frequency-based method
for updating the modes during the clustering process. For data objects with mixed numeric and categorical attributes, K-
means and K-mode algorithms were further integrated by Huang [89] to produce a k-prototypes algorithm that uses a dis-
similarity measure that considers the mixed attributes.

Couto [47] explored the clustering of categorical data using kernel K-means. A new Hamming distance-based kernel func-
tion was proposed for embedding categorical data in feature space for clustering. In kernel methods, standard learning
machine algorithms (that rely on inner products or distance metrics) are applied to data embedded into a feature space using
a kernel function. Data are embedded into a feature space to capture and enhance the regularities and patterns in the data.
After embedding the data, the clustering algorithm is used to detect the data’s regularities in the feature space. According to
Chen et al. [38], kernel-based K-means algorithms enable the handling of non-linearly separable datasets where data points
are embedded into a high dimensional nonlinear manifold, and a nonlinear kernel distance function is employed to define
their similarity. They proposed a fast kernel K-means that uses incomplete Cholesky factorization (InCF) to generate a low-
rank full kernel matrix approximation version with linear K-means for faster kernel K-means with reduced memory space.
Dinh, Huynh, and Sriboonchitta [53] proposed K-CMM (clustering mixed numerical and categorical data with missing value)
using the mean and kernel-based methods for cluster formulation. The imputation and clustering steps are integrated into a
single process for more efficient clustering. Information-theoretic-based dissimilarity measures and squared Euclidean were
used for computing the distances between objects and cluster centers. Calandriello and Rosasco [33] proposed the Nyström
approach to kernel K-means based on sampling a subset of training set points as an approximate kernel matrix. Their pro-
posed method significantly reduced the computational cost while achieving the same accuracy as kernel K-means.

Domain-specific modification
Some dataset preprocessing is domain-based with specific operations relating to the characteristics of the dataset in the

domain. Using an order-constrained solution, Krey, Ligges, and Leisch [114] presented domain-based (musical sound record-
ing features) improvements to the standard K-means clustering algorithm to achieve clustering result stabilization and
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improve the clustering’s interpretability. Chen, Chen, and Lu [41] proposed the MK-means (multi-pass K-means) algorithm, a
variant of the standard algorithm for handling dynamic network clustering. The clustering results of a current time are
adjusted using the previous and subsequent time periods. Process adjustment back and forth ensures continual reduction
of the temporal cost. Yang and Wang [227] improved the K-means algorithm for tag clustering based on latent semantic
analysis using the min–max similarity technique with the most accurate and effective tag cluster result.

Qi et al. [177] introduced a modified K-means called text detector based on modifying K-means (K-text) by the law of
universal gravitation with a mechanism for outlier detection and sufficient context information. The K-text algorithm can
generate arbitrarily shaped texts with bounding boundaries of word level. It competently handles dense texts that have arbi-
trary shapes. The standard algorithmwas used in most of the variants that concentrated on improving the standard K-means
algorithm performance through dataset preprocessing. Most of the standard algorithm challenges are still present in the
variants. These works do not address the peculiar problems of user dependence specification of cluster numbers as param-
eters and other K-means algorithm problems.

Multiview data
Yang and Sinaga [229] proposed feature-reduction multi-view K-means (FRMVK) for K-means-based clustering of multi-

view data (e.g., webpages, social network data) where different views give different representations. It uses a learning algo-
rithm for automatic computation of individual feature weight and a schema for removing irrelevant features associated with
a small weight for feature reduction.

Two-level variable weighting-K-means (TW-K-means) was presented by Chen et al. [40] as a clustering algorithm for
multiview data characterized as an automated two-level variable weighting system. The algorithm computes weights for
individual variables and views simultaneously to identify the variable’s importance and the compactness of the views,
respectively. These weights are then used in distance functions to determine an object’s cluster. Intensive computation is
not required for the two-step operations in the computation of the weights; hence the system is efficient for handling exten-
sive high-dimensional multi-view data. Gönen and Margolin [74] proposed a multiple kernel learning algorithm that extends
the kernel K-means clustering to the multiview setting. Their algorithm combined kernels on views in a local way to better
capture sample-specific characteristics of the data.

Privacy preservation
The pervasiveness of computing devices contributes continuously to data collection and analysis growth. This data anal-

ysis has contributed immensely towards the growth of business, contributing positively to society in various fields. Despite
this, storing and transmitting sensitive data poses serious concerns about data privacy [140]. Privacy preservation in general
data mining addresses the issue of data privacy such that sensitive raw data are modified or trimmed out from the original
database to avoid compromising personal privacy. It also addresses the concern of excluding sensitive knowledge mined
from the database since such knowledge can equally compromise the privacy of data [209]. In this same vein, consideration
for privacy preservation has been incorporated into extending the standard K-means. Biswas et al. [27] proposed a privacy-
preserving approximate K-means clustering algorithm (PPK-means) where the input data is coded so that decoding back to
accurate data is difficult while ensuring that the computational clustering result from the encoded data is relatively close to
the result obtained from clustering the real data. Their K-means variant requires that the input data be coded in binary for-
mat to preserve the privacy of the data, and the algorithm is prevented from accessing the actual data vector during the com-
putation. Their approach offered better performance for privacy preservation when compared with other baseline privacy-
preserving clustering approaches. Stemmer and Kaplan [206] presented a differentially private K-means with constant mul-
tiplicative error as a privacy-preserving K-means algorithm in response to increased awareness and demand for user privacy.
In privacy preservation, differential privacy ensures that the outcome of any analysis on a dataset is not affected substan-
tially by the addition or removal of a database item.

Large scale clustering
The computational and memory cost for large-scale handling datasets is high when using the standard K-means. To

address this challenge, some variants to the K-means algorithm have been proposed in the literature. Shen et al. [190] pro-
posed a short variant of the K-means algorithm for large-scale clustering called compressed K-means (CKM). In CKM, the
high-dimensional data are compressed into short binary code for fast clustering. There is a significant reduction in the stor-
age requirement due to using binary code for data point representation. The use of Hamming metric between binary codes
for the distance computation made the proposed algorithm very efficient. According to Zhang, Lange, and Xu [240], clusters
are distinguished by only a few features in many realistic scenarios. Based on this, they proposed a simple and scalable
sparse K-means clustering via feature ranking. Their variants addressed the problem of the curse of dimensionality using
the idea of clustering under a sparsity assumption. Clustering under a sparsity assumption ignores irrelevant features in
datasets to alleviate the memory and computational demands and improve clustering accuracy.

Shindler et al. [192] proposed fast and accurate K-means clustering of large datasets. Their algorithm addressed the clus-
tering problem in a streaming model where a large dataset cannot be stored in the main memory and must be accessed
sequentially. They incorporated an approximate nearest neighbor search for the computation of K-means with a better
approximation factor and a faster worst-case running time. Ailon et al. [11] proposed a variant that optimizes the K-
means objective in a one-pass streaming setting with a very lightweight memory requirement and computational cost with-
out any assumption about data. Their algorithm, termed streaming K-means approximation, used a pseudo-approximation
batch algorithm for K-means based on the new improvement on K-means++ (where more than k centers are allowed), with a
streaming clustering algorithm with batch clustering performed on small inputs, which are then combined hierarchically.
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Sculley [188] proposed a variant to the standard batch K-means clustering algorithm called a mini-batch K-means, char-
acterized by low computational cost with excellent clustering results on large data sets. The mini-batch optimization for K-
means clustering was adopted to lower stochastic noise and to reduce the computational cost when datasets grow large.
Newling and Fleuret [156] proposed a nested mini-batch K-means to improve the mini-batch K-means further using the
approach of distance bounding [57]. In their algorithm, each data sample contributes just once to centroids to avoid biased
estimates caused by the unbalanced use of data. For the appropriate choice of mini-batch size, they balanced the premature
fine-tuning of centroids with redundancy-induced slow-down. In Table 4, the summary of data preprocessing-based K-
means variants is presented.

b.) Automatic specification of K
The standard K-means clustering algorithm requires the cluster number as a user parameter for the algorithm’s execu-

tion. Determining cluster numbers is generally reported to be a complex problem in clustering [95]. For the K-means algo-
Table 4
Summary of data preprocessing-based variants.

Data Preprocessing
Concerns

Reference Methodology

Outliers Detection Shrifan, Akbar and Isa [194] Use of Tukey Rule
Rathore and Shukla [181] Outlier detection Module
Wang and Su [214] Noise data filtering
Park and Jun [167] Use of Medoids
Chien, Pan, and Milenkovic
[43]

Outliers Query

Olukanmi and Twala [162] Modified Centroid Update
Olukanmi et al. [163]. Outlier awareness using the median of absolute deviation
Zhao et al. [242] Projected fuzzy K-means for handling noise and outliers

Missing Value/Incomplete
Record

Honda et al. [85] Extended PCA

Sarma, Viswanath and
Reddy (2013)

Prototype based clustering

Huang et al. [88] Deep learning techniques
Lithio and Maitra [131]
Marom and Feldman [139] Matrix approximation theory

Non-Numerical/
Categorical Dataset

Ahmad and Dey [8] Co-occurrence of value

Modha and Spangler [145]. Feature spaces integration
Chen and Yang [39] Diffusion distance
Huang [89] Matching dissimilarity measure
Goyal and Aggarwal [75]
Couto [47] Hamming distance-based kernel function
Chen et al. [38] Incomplete Cholesky factorization
Dinh, Huynh and
Sriboonchitta [53]

Mean and kernel-based methods with information-theoretic based dissimilarity
measure

Calandriello and Rosasco
[33]

the Nyström approach to kernel K-means

Sieranoja and Fränti [195] Adapting K-means for graph clustering using K-algorithm and M�algorithm
Domain-based Data

preprocessing
Krey, Ligges and Leisch [114] Order constrained solution

Chen, Chen, and Lu [41] Process adjustment
Yang and Wang [227] Latent semantic analysis
Qi et al. [177] Law of universal gravitation
Ben Gouissem et al. [22] Grid-based K-means
Abernathy and Celebi [1] Partitional color quantization through binary splitting formulation

Multiview Data Yang and Sinaga [229] Feature reduction
Chen et al. [40] Two-level weighting System
Gönen and Margolin [74] Multiple kernel learning
Lu et al. [133] Multi-view clustering framework that uses discrete cluster assignment matrix and auto-

weighted strategy for views
Privacy Preservation Biswas et al. [27] Input data coding

Stemmer and Kaplan [206] Use of constant multiplicative error
Yang, Tjuawinata, and Lam
[230]

The use of generalized differential privacy definition for local privacy of user’s data.

Zhang et al. [237] Use of fully homomorphic encryption (FHE) for secure multi-party K-means
Large Scale Clustering Shen et al. [190] Data compression

Zhang, Lange, and Xu [240] Feature ranking
Shindler, Wong, and
Meyerson (2011)

Approximate nearest neighbor search

Ailon et al. [11] Pseudo approximation batch
Sculley [188] Mini batch approach
Newling and Fleuret [156] Nested mini batch

191



A.M. Ikotun, A.E. Ezugwu, L. Abualigah et al. Information Sciences 622 (2023) 178–210
rithm, the choice of k is very critical. Therefore, the specification of an accurate number of clusters enhances the algorithm’s
performance [174]. Several variants have been proposed to determine the number of k for a given dataset automatically.

Non-hybridization variants
Saha and Mukherjee [184] proposed a variant of K-means called cluster number assisted K-means (CNAK), where k can be

learned during the ongoing clustering process. Their idea is based on randomly sampled large-sized datasets having the same
distribution as the original dataset, such that the number of generated cluster centroids from such a sample is approximately
the same as the original dataset. The algorithm successfully detected a single cluster, identified cluster hierarchy, and clus-
tered high-dimensional datasets. It demonstrated robustness in handling noise and cluster imbalance.

Sinaga and Yang [197] constructed an unsupervised learning schema for the K-means algorithm proposing unsupervised
K-means (U-K-means) to free the standard algorithm from initialization without parameter selection with the ability to find
an optimal number of clusters simultaneously. Sinaga, Hussain, and Yang [198] extended the U-K-means in their proposed
entropy K-means with feature reduction. They employed several entropy-regularization terms in creating a learning schema
for feature reduction so that the remaining essential features are then used in determining the number of clusters. Irrelevant
features are eliminated, and the optimal number of clusters is automatically generated.

A density-based clustering approach, the modified K-means algorithm (MK-means), was introduced by Dashti et al. [51]
and used in a guided kernel-based clustering algorithm. It allows clustering without specifying the cluster number before-
hand, coupled with the flexibility of merging similar classes to improve the guided K-means clustering algorithm. In the
guided K-means, the Euclidean distance is used to calculate the density, and the principal component analysis (PCA) is used
to find the dense groups of objects; the PCA finds the appropriate number of object groups, and the information is passed as
input into the MK-means.

X-means is a variant of K-means proposed by Pelleg and Moore [168], where the number of clusters is dynamically com-
puted [116]. The algorithm efficiently searches the cluster location space to optimize the Bayesian information criterion (BIC)
or the Akaike information criterion (AIC) measure, and dynamically updates the number of clusters in the process. In this
way, X-means handles the standard algorithm’s user-dependent specification of k and its poor computational problem.
The user specified lower and upper bound values are used in the dynamical computation of the number of clusters [116].

Hamerly and Elkan [80] proposed Gaussians-means (G-means) as a variant of K-means. G-means uses a statistical test to
decide if a K-means center is to be split into two to discover an appropriate k for any given dataset. The algorithm starts with
a small number of K-means centers and adds more centers as appropriate at each iteration. K-means centers are split into
two when their data appears not to come from a Gaussian distribution.

Harb et al. [82] proposed a new initialization method that dynamically finds the optimal cluster number in the dataset.
The method works assuming that all the data sets are initially in the same cluster. Based on a one-way analysis of variance
(ANOVA) model, this method uses dependence between measurements to determine the optimal cluster number from the
dataset. Their improved algorithm was adapted to solve similarity aggregation in underwater wireless sensor networks
(UWSNs).

c.) Improved initial centroids selection
Randomly selecting the initial centroid is another aspect of the initialization problem shared with the standard K-means

algorithm. The standard algorithm randomly generates the initial centroid without considering the position of such centroids
in the dataset, leading to unexpected convergence [10,66]. According to Fränti and Sieranoja [66], poor initialization causes
the clustering operation to get stuck into a low local minimum. Considering this, many variants of the standard algorithm
have concentrated on improving the process of selecting initial centroids.

General methods
Kant and Ansari [101] proposed an improved variant that uses the Atkinson index for initial centroid selection. The Atkin-

son index is used to measure inequality in the algorithm along with Euclidean distance to select the initial seeds accurately
and efficiently. Arthur and Vassilvitskii [16] proposed K-means++, which uses specific probabilities in randomly choosing
starting centers. A point p with the probability proportional to its contribution to the overall potential is selected as a center.
K-means ++ has a very appealing simplicity and speed compared with the standard algorithm but with no guarantee for
accuracy. Wei [216] further studied K-means++, focusing on the setting where the benchmark remains an optimal k-
clustering but sampling more than k-clusters to improve the approximation. Makarychev, Reddy, and Shan [137] also stud-
ied K-means ++ and K-means ++ parallel, providing novel analyses for guaranteed improved approximation and bi-criteria
approximation for the two algorithms. Their experimental result provided a better theoretical justification for the efficient
performance of the algorithms in practice.

Ismkhan [94] proposed the K-means-+ (iterative K-means minus-plus) clustering algorithm as an improved version of K-
means++. The K-means-+ iteratively enhances the standard algorithm’s solution quality by eliminating a cluster (minus)
from the set while dividing another one in each iteration, and the clustering process is repeated. Some methods to speed
the process of determining which cluster is to be removed and which one is to be divided are embedded within the algo-
rithm. K-means-+ performance doubles that of the standard algorithm and the K-means++.

This problem of the standard algorithm’s sensitivity to the selected initial cluster center as well as the effect of outliers on
cluster results prompted the proposal of K-means variants by Zhang et al. [239], which uses the Gaussian distance ratio in
cluster approximation to set sample weight to be used for dissimilarity evaluation instead of setting weights of all features
equally as is shared with the standard algorithm. The self-adaptive weight-based variant computes the weight for all data
based on the current clustering state without relying on the initial cluster center and weight.
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Zhang and Ma [238] also presented an improved variant that uses the Gaussian function with a weighted distance mea-
sure to compute the new center for each cluster instead of using the same weight for all the data objects. Mahmud, Rahman,
and Akhtar [136] proposed a variant that heuristically finds better initial centroids given the computational expense. The
strong dependence of cluster results on the selected initial centroids produces better cluster results with less computational
time and higher accuracy. Mishra et al. [144] presented another variant with better clustering results and reduced compu-
tational complexity. In their algorithm, pairs of data points are evaluated to determine the pair with the longest distance
apart. These points are selected as the initial cluster centroids, with data points added until a threshold for the maximum
number of data points in a cluster is reached. The procedure is repeated for each cluster until the total number of clusters
is K or K � 1. Their proposed algorithm produced more accurate and efficient results when considering larger data sets with
more attributes.

Likas, Vlassis, and Verbeek [127] presented another variant of the standard K-means clustering algorithm called the Glo-
bal K-means algorithm. The algorithm is not dependent on any initial parameter [116]. Instead cluster centers are added dy-
namically-one at a time in an incremental manner using a deterministic global search procedure while the local search pro-
cedure is carried out using the K-means algorithm. Their algorithm also includes a computational load reduction method
that does not significantly affect the resulting cluster quality. Fahim et al. [62] introduced the use of the selection rule to
acquire a good candidate for the initial center, and erasure rules for deleting one or many unqualified centers further reduced
the computation time of their variant. This variant is like the standard K-means algorithm in terms of the mean square error
of the cluster produced but with a lower execution time.

Yuan et al. [232] proposed an improved variant of the standard algorithm with a better initial centroid selection. Their
proposed algorithm evaluates the distances between every pair of data points to discover similar points consistent with
the data distribution. The initial centroids are then selected from these data points. Mirkin [143] introduced intelligent K-
means (iK-means), which employs data standardization such that the data points’ center of gravity is considered a reference
point. The anomalous pattern algorithm is then used to build clusters one by one, starting with the farthest data point from
the origin. The process is reapplied to data points that are not clustered among the data points. Clusters that are too small,
such as a singleton, are classified as outliers/noise and removed, while the centroid of the remaining clusters is taken as the
initial K-means setting.

Vij and Kumar [210] proposed a K-means clustering algorithm variant that systematically determines the initial centroids
when clustering a dataset. The variant considers a two-dimensional dataset with attributes that have negative and positive
values as input. These values are then mathematically manipulated to generate the initial centroids. Gu [76] presented an
approach for improving clustering accuracy through a novel Locality-Sensitive K-means based on Subtractive Clustering
(LKSMSC). The proposed algorithm generates the initial cluster centers using subtractive clustering instead of a random
selection of the standard algorithm to achieve a more stable clustering performance. In subtractive clustering, data objects
with the highest mountain function values are selected as the cluster centers. In locality sensitivity, the data object’s distance
from the cluster center is used to calculate the object’s weight parameter to describe its neighborhood structure. Qi et al.
[176] proposed K*-means using a hierarchical optimization principle to initialize k* cluster centers where k*>k for reduction
of the randomly seeded selection risk and used a top-n method for merging the nearest cluster based on the shortest n-edges
in each iteration until k clusters are achieved.

K-median [108] is another variation of K-means clustering where the centroids of clusters are determined by calculating
the median of the data objects instead of the mean. According to Jain and Dubes [96] and Bradley, Mangasarian, and Street
[31], the use of median minimizes the overall cluster error when considering the 1-norm distance metric in place of the
squared 2-norm distance metric of the K-means. K-median clustering has a better-formulated criterion function that gener-
ates more compact clusters than those generated using K-means clustering. Xiong et al. [222] proposed an improved K-
means text clustering algorithm that optimizes the initial cluster centers to address the initial cluster center’s sensitivity
problem. Each data object’s density is first calculated in this algorithm to determine isolated ones. A k number of high-
density data objects with the most considerable distance is selected as the initial cluster centers. Newling and Fleuret
[157] used Clarans – a K-medoids algorithm [159] for K-means initialization. Their proposed variant significantly reduced
initialization and final mean square errors.

According to Bachem et al. [18], finding initial clusters is fundamental to obtaining high-quality K-means clustering
results. They proposed a simple but fast seedling algorithm that provably produces good clustering results without assump-
tions on data. Their work is an improvement on the K-means++ seedling that does not perform well in the massive dataset
and on the Markov chain Monte Carlo (MCMC) approach, which requires assumptions on the data generating distribution
that may not hold.

The use of PCA for cluster centroids
Recent discoveries that the global solution for cluster centroids of a standard algorithm lies in the subspace of PCA

[3,226,135,167]. Xu and Tian [224] proposed an adequate search for the standard algorithm using the PCA as a guide in
the search. The PCA has a smaller subspace than the original dataset. The PCA-guided process has been more robust in han-
dling initialization problems [85,52].

Ding and He [52] proved the authenticity of the principal components as the indicators for a continuous solution to dis-
crete cluster membership for standard clustering. A new lower bound for K-means objective functions was derived by sub-
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tracting the eigenvalues of the data covariance from the total variance. The new bounds were within 0.5–1.5% of the optimal
values. It provides an excellent initial guess of centroid values for the K-means algorithm. Min and Siqing [141] proposed
another variant that finds the initial cluster center using the adaptive searchability of the Genetic algorithm. They further
adopted Li and Qin’s [126] method for reducing the impact of isolated points in the dataset.

Resolution of local optimal convergence
As stated earlier, the standard algorithm can get stuck in the local optima of the objective function. Some literature

focuses on addressing this problem of sensitivity to initialization and convergence to the local minimum of the standard
algorithm. Zha et al. [234] proposed a spectral relaxation for K-means clustering to realize optimal global solutions. In their
algorithm, the K-means minimization of the sum of squares cost function was reformulated as a trace maximization problem
associated with the Gram matrix of the data vectors. A global optimum clustering solution was obtained by computing par-
tial Eigen decomposition of the Grams matrix, a relaxed version of the trace maximization problem. The computation of a
pivoted QR decomposition of the eigenvector matrix was used in assigning data objects to the appropriate cluster. Feng
et al. [65] proposed a maximum triangle rule based variant called K-means xaximum triangle rule (KMTR) to solve the prob-
lem of optimal local convergence of the standard algorithm. It is believed that the consistency of the spatial distribution of
the chosen cluster center and dataset can be guaranteed to some extent. Therefore, the rule was adopted to select the appro-
priate initial cluster center. There was a significant improvement in the algorithm’s performance, and the local optimum con-
vergence problem was solved. Lee and Lin [121] extended the work reported by Fahim et al. [62] to user selection and
erasure rules to produce an accelerated K-means clustering algorithm. Vijayaraghavan, Dutta, and Wang [211] presented
a natural notion that captures practical instances of Euclidean K-means to define stable instances with unique optimal K-
means solutions. Their proposed algorithm recovers optimal clustering for additive perturbation stable instances. Their algo-
rithm is designed to be robust to outliers in some cases where instances have additional separation. Table 5 summarizes the
various initialization improvement approaches for the K-means variants.
Table 5
Summary of initialization improvement variants.

Area of Improvement Reference Method

Automatic Specification of K Saha and Mukherjee [184] Learning K using a randomly sampled dataset
Sinaga and Yang [197] Unsupervised learning schema
Sinaga, Hussain and Yang [198] Learning schema using entropy-regularization terms
Dashti et al. [51] The use of PCA
Pelleg and Moore [168] Optimization of BIC or AIC
Hamerly and Elkan [80] Statistical text on cluster centers
Harb et al. [82] One way analysis of variance

Improved Initial Centroids
Selection

Kant and Ansari [101] Atkinson index

Arthur and Vassilvitskii [16] Datapoint’s probability contribution
Wei [216] Sampling more than k centers
Ismkhan [94] Cluster elimination and division
Zhang et al. [239] Gaussian distance ratio for dissimilarity evaluation
Mahmud, Rahman, and Akhtar
[136]

Heuristic approach

Mishra et al. [144] Pairs with the longest distance
Likas, Vlassis, and Verbeek [127] Dynamic adding of cluster center
Fahim et al. [62] Selection rule
Yuan et al. [232] Consistent similar points between pairs
Mirkin [143] Standardization of data for the center of gravity
Vij and Kumar [210] Using negative and positive attributes values
Gu [76] Locality sensitivity on subtractive clustering
Qi et al. [176] Hierarchical optimization principle
[108] Using the median of data objects
Xiong et al. [222] Optimization of initial cluster centers
Newling and Fleuret [157] The use of medoids
Bachem et al. [18]

The use of PCA for Cluster
Centroids

Ding and He [52] New lower bound for K-means objective function

Min and Siqing [141] Adaptive search of GA
Zubair et al. [250] Using PCA and division into percentiles for efficient initial coordinates for

centroids
Resolution of local optimal

convergence
Zha et al. [234] Spectral relaxation

Feng et al. [65] Maximum triangle rule
Lee and Lin [121] Selection and erasure rule
Vijayaraghavan, Dutta, and Wang
[211]

Additive perturbation stability instances
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3.3.2. Algorithm processes enhancement
The standard K-means algorithm is run multiple times to avoid convergence to local minimal. Many program iterations

are carried out before convergence is achieved in the execution. The number of iterations cannot be determined beforehand,
which invariably impacts the computational cost, and this becomes more pronounced with a large data set.

a.) Data objects assignment process modification
In order to reduce the number of program iterations required to avoid convergence into local minimal, the standard pro-

cess of assigning data objects to clusters is modified in some of the K-means variants to improve the performance of the stan-
dard algorithm.

The use of different distance measures
Ichikawa and Morishita [91] presented a powerful heuristic variant for accelerating the large-scale dataset’s standard

algorithm clustering process. They used the Euclidean and Pearson correlation distances to quantify the dataset’s similarities
when assigning data points to clusters. They introduced a heuristic method based on an inherent property of Pearson cor-
relation distance to prune redundant computation. The computation time was remarkably reduced. Since the standard algo-
rithm uses the distance factor as the only constraint, there is sensitivity to particular data points. Geng et al. [71] proposed an
improved K-means algorithm based on fuzzy metrics to address this challenge. The algorithm introduces a new constraint
condition during the clustering process, specifying a new membership equation. A method for choosing the initial cluster
center is also given to reduce the random cluster center selection problem. Their fuzzy entropy-based cost function con-
straints yielded an optimized clustering algorithm with Gaussian distribution.

Usage of center displacement information
Lai, Huang, and Liaw [118] presented fast K-means clustering using center displacement (FKMCUCD), a variant that uses

center displacement information between successive partition processes to reject unlikely candidates when allocating data
points to clusters. The number of distance calculations and computational time were reduced considerably. The algorithm’s
linear growth with the dataset dimension instead of the usual computational complexity of the kd-based algorithms grows
exponentially with the data dimension. The remarkable performance of this algorithm is noticeable with high-dimensional
datasets and those with higher cluster numbers.

Lee and Lin [122] further worked on the algorithm Lai, Huang, and Liaw [118] proposed. They presented a faster variant
using center displacement and norms product (CDNP) deletion. Their variant introduces faster locating of the nearest cluster
in the dataset for each data point. The reduction in computational time was achieved through the use of the center displace-
ment method and an erasure test at the second stage of the standard algorithm. The proposed algorithm was three times
faster than the FKMCUCD [118], the ancestor method. Lee and Lin [122], in another of their variant algorithm, tried to accel-
erate the computational speed by combining their previous work [121] with Lai, Huang, and Liaw [118], adding the norms
product test for identifying the impossible candidate to be deleted.

b.) Iteration reduction variants
According to Na, Xumin, and Yong [150], the method of clustering algorithm directly influences the clustering results. In

the traditional K-means algorithm, the distance between each data object and all cluster centers is calculated in each iter-
ation. This reduces the efficiency of the algorithm. Several options have been proposed in the literature to address this short-
coming of the standard K-means algorithm.

The use of additional simple data structure
Na, Xumin, and Yong [150] proposed a variant that reduces the number of distance calculations required in the standard

algorithm, avoiding the repeated computation of the distance of each data object from the cluster center. Two simple data
structures were maintained to keep each data object’s cluster label and distance to the nearest cluster during each iteration
for use in the subsequent iteration to identify which data object’s distance from which cluster needs to be calculated. Data
objects whose distances from new clusters are smaller than or equal to the distance of old cluster centers are exempted.
Fahim et al. [62] proposed another variant with a lesser number of distance calculations and overall computation time. A
simple data structure was used to store relevant information in a subsequent iteration. Based on the information, only
the data points furthest from the new centroid are evaluated with other clusters and moved to the closest centroid.

Kanungo et al. [102] presented a variant referred to as a filtering algorithm that uses a Kd-tree data structure for the data
points instead of the center points, thereby reducing computation since the data points do not vary throughout the compu-
tation. As the sizes of the dataset increase, the standard algorithm’s cluster re-assignment process becomes prohibitively
expensive. To address this issue, Wang et al. [212] proposed a variant that substantially reduces the computational complex-
ity of the standard algorithm data object assignment step. Multiple random spatial partition trees are used to pre-assemble
data objects into neighboring point groups to efficiently identify active points on or near clusters’ boundaries. A closure for
each cluster is constructed using the neighborhood information to minimize the number of cluster candidates to be consid-
ered when assigning a data point to the nearest one.

Dataset dimensionality reduction
Xie, Liu, and Wei [221] aimed to solve the K-means algorithm problem of low efficiency in big data clustering by using

feature space as a dimension reduction technique for handling the dimensionality problem of big data. They adopted the
spherical K-means model using the cosine dissimilarity between the data object features and the K-medoids model to choose
the cluster center to achieve a faster and more accurate K-means clustering algorithm. In their proposed efficient K-means
algorithm, Capó, Pérez, and Lozano [34] employed a recursive and parallel approximation to the standard algorithm using a
small, weighted set of distributive representative points in the dataset instead of analyzing the entire dataset without com-
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promising the quality of the approximation. The data objects in the weighted set are chosen from regions where determining
the correct cluster assignment of the original instance is considered harder. They achieved a good algorithmic performance
tradeoff between the quality of the solution obtained and the number of distance computations performed.

To solve the problem of the curse of dimensionality, the idea of integrating dimensionality reduction and clustering in a
joint framework has been proposed in the literature. Discriminative clustering incorporates linear discriminant analysis
(LDA) [67] into the clustering framework such that while the clustering provides the labels for LDA, the LDA provides the
subspace for clustering. Based on this, Ye et al. [231] proposed disKmeans (discriminative K-means), which performs LDA
subspace selection and clustering simultaneously.

Other iteration reduction methods
Moodi and Saadatfar [146] proposed an improved version of K-means for big data clustering with an acceptable precision

rate and reduced processing loads. Their method uses the distances between points and the two nearest centroids to con-
sider their variations in the last two iterations. Points within the same equidistance threshold or the acceptable bench-
marked equidistance index are not included in the distance calculation. They are added to the same cluster as the pivot
point under consideration. Table 6 presents a summary of algorithm processes enhancement variants.

3.3.3. Algorithmic output improvement variants
The standard algorithm is known to perform well with compact and hyper-spherical clusters. However, specifying the

cluster number as an algorithm input results in different cluster shapes and outlier effects [10]. Similarly, the simple squared
distances in the clustering process model ball-shaped clusters only [224], leaving the standard K-means algorithm struggling
to discover clusters of other shapes. Some variants were proposed to address this peculiar problem. Chokniwal and Singh
[44] state that cluster shapes depend greatly on the clustering algorithm’s distance metric.

a.) Detection of clusters of other shapes
According to Chokniwal and Singh [44], real-world data always follow Gaussian distribution when collected in large

quantities. Therefore, they proposed a faster Mahalanobis K-means clustering for Gaussian distributions. Using Gaussian
mixture models (GMMs) with Mahalanobis distance enhances the identification of elliptical clusters that are real-life-like
in presentation. Berry and Maitra [24] introduced the TiK-means algorithm to extend the standard K-means for partitioning
skewed groups. The skewness-transformation parameters are estimated as observations and are assigned to groups during
the clustering process. The groups and transformation obtained are presented in the form of generally structured clusters
that can be understood through the inversion of the estimated transformation.

Cheung [42] presented the stepwise automatic rival-penalized (STAR). The K*-means variant is a generalized version of
the standard algorithm for detecting data clusters with ellipse shapes. It can also perform clustering on the data set without
specifying the number of clusters generated. The algorithm has two steps: a preprocessing procedure that assigns at least a
seed point to each true cluster, and an update section that updates each seed point based on a winner-takes-all learning rule.
Each input is then dynamically assigned to a cluster using the maximum-a-posteriori (MAP) principle. For each input to the
cluster, the ideal of the rival penalized competitive learning (RPCL) algorithm [225] was followed while the chances of rival
seeds winning were reduced to zero. The algorithm had an outstanding performance compared with the standard algorithm.

Ren and Fan [182] proposed a variant algorithm that uses variation coefficient for similarity measure instead of the Eucli-
dean distance to solve the problem of inaccurate reflection of the similarity among data objects. This decreases the effects of
irrelevant data object features, and the clustering results were better.
Table 6
Summary of algorithm processes enhancement variants.

Algorithm Processes Enhancement References Methods

Data objects Assignment Process
Modification

Ichikawa and Morishita
[91]

Heuristic variant based on Pearson correlation distance

Geng et al. [71] The fuzzy entropy-based cost function
Lai, Huang, and Liaw
[118]

Center displacement information

Lee and Lin [122] Center displacement information and norms product test
Nie et al. [160]. Reformulation of classical K-means as a trace maximization problem

Iteration Reduction Variants Na, Xumin, and Yong
[150]

Data structures for data objects labels

Fahim et al. [62] Use of relevant information for a subsequent iteration
Kanungo et al. [102] Filtering algorithm using Kd-tree
Wang et al. [212] Multiple random spatial partition trees
Xie, Liu, and Wei [221] Dimension reduction technique
Capó, Pérez, and Lozano
[34]

Recursive and parallel approximation

Ye et al. [231] Discriminative clustering based on linear discriminant analysis (LDA)
Moodi and Saadatfar
[146]

Variations in distances from two centroids

Moodi and Saadatfar
(2022).

Variations in distances from two centroids along with variation in the previous
two iterations
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b.) Fuzzy clusters
Bezdek, Ehrlich, and Full [26] presented a variant of the K-means algorithm called the fuzzy c-means (FCM), which gen-

erates fuzzy partitions and prototypes of any numerical datasets. A generalized least-squares objective function was
employed as the clustering criterion with either Euclidean, Mahalanobis, or diagonal measures as the distance measure
among data objects. The algorithm is equipped with an adjustable weighting factor for controlling the algorithm’s sensitivity
to noise with a platform for specifying variable numbers of clusters and outputs equipped with several measures for cluster
validation.

c.) Rough clusters
To efficiently represent incomplete and approximate information, fuzzy and rough set are provided based on fuzzy set

theory and rough set theory, respectively [129]. Based on the properties of rough sets, Lingras and West [129] proposed a
variant of the K-means algorithm called rough K-means, where clusters are represented as intervals (rough sets). K-
means is modified to create cluster intervals to provide an efficient method for representing clusters with vague and impre-
cise boundaries.

Guo, Han, and Han proposed a new extension of the K-means algorithm called ‘k-interval’ (2014), with variation in cluster
representation as intervals during data objects’ similarity computation instead of the center-based representation of the
standard K-means. It measures the distance between a data object and a particular cluster as the dissimilarity between
the object and the cluster’s internal representation. This variant ensures that the simplicity of the standard algorithm is kept
and preserves more information about the clusters.

d.) Overlapping clusters
Overlapping clustering presents a tradeoff between crisp and fuzzy clustering and has been found to be a good alternative

in some application domains such as biology and information retrieval [46]. Cleuziou [46] presented an extended version of
the K-means algorithm called overlapping K-means (OKM) for handling overlapping clustering. A new objective function was
defined to be minimized under multi-assignment constraints. It supports data space exploration rather than space partition
as in K-means. Table 7 presents a summary of the algorithm output of the various improvement variants of the K-means
clustering algorithm.

3.4. Algorithm concept modification

Some reported variants are focused on modifying the standard algorithm’s basic concept to reduce the standard algo-
rithm’s computational complexity. For instance, Zeebaree et al. [233] reviewed literature that reports the K-means clustering
algorithm and genetic algorithm hybridization focusing on the time complexity’s efficiency and effectiveness as well as an
automatic calculation of the number of clusters in a dataset. Their review discovered and reported that almost all the
hybridizations of the K-means algorithm with genetic algorithm have high-performance clustering quality with minimum
execution time. Moreover, the evolution process converges faster compared with other techniques.

3.4.1. General algorithm concept modification
Hussain and Haris’s [90] variant exploited the dataset’s statistical information to guide the algorithm’s iterative conver-

gence. They embedded the concepts of higher-order statistics and duality in the data into the standard algorithm to create
their K-means co-clustering (kCC) algorithm. The initialization step was modified by representing each cluster with multiple
points so that points belonging to the same clusters are closer and far apart from points representing other clusters. Cluster
center re-estimation strategy was introduced to maximize the clusters’ higher-order walks, replacing the usual re-
computation of means of medoids. They were able to record better performance compared with the standard algorithm. Con-
sistency of results obtained and quick convergence and stability were observed in the execution of their variant.

Rezaee et al. [183] proposed game-based K-means (GBK-means), a variant of K-means that leveraged the bargaining game
modeling power in the K-means algorithm for clustering data. In this work, each cluster center attracts the largest number of
Table 7
Summary of algorithm output improvement variants.

Improvement Variants References Methods

Algorithmic Output Improvement
Variants

Cheung [42] Maximum-A-Posteriori (MAP) principle and rival penalized competitive
learning

Ren and Fan [182] Variation coefficient for similarity measure
Chokniwal and Singh [44] Use of Gaussian mixture models (GMMs) with Mahalanobis distance
Berry and Maitra [24] Estimation of skewness-transformation
Bezdek, Ehrlich and Full
[26]

Generation of fuzzy partitions

Lingras and West [129] Representation of clusters as intervals
Cleuziou [46] Data space exploration using multi-assignment constraints for overlapping

clustering
Guo, Han, and Han [78], Representation of clusters as intervals during similarity computations
Wu et al. [218] Combination of canny algorithm with K-means for cluster pixel recognition
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data objects to its cluster through competition with other cluster centers by continually changing its positions to minimize
its distances with the maximum possible data compared with other cluster centers. According to Guan et al. [77], the con-
figuration of the standard algorithm is time-consuming due to its iterative nature. Hence, they proposed a reuse-centric K-
means configuration to accelerate the algorithm. Techniques such as re-use-based filtering, center re-use, and a two-phase
design that capitalizes on the re-use opportunities considering validation, number of clusters, and feature sets, were intro-
duced. From their point of view, effectively reusing computations from prior trials could greatly reduce the configuration
time. They were able to achieve standard algorithm typical configuration by 5-9X.

Borlea et al. [29] presented a unified form of K-means and fuzzy c-means algorithm as a single configurable algorithm
that facilitates the implementation of either algorithm as desired in a single system. It provides an elegant solution to the
challenges of clustering large datasets sequentially. Alguliyev, Aliguliyev, and Sukhostat [13] proposed a parallel batch K-
means algorithm for effectively handling big data. The algorithm splits the dataset into equal partitions to reduce the expo-
nential growth of computation and increases the processing speed while preserving the dataset’s characteristics. Wu andWu
[219] presented an enhanced regularized K-means type clustering with adaptive weights for differential treatment of differ-
ent features and handling of the importance of data objects in a dataset while clustering. Adaptive data weights vector and
adaptive feature weights matrix are introduced into the K-means algorithm objective function. A significant improvement in
clustering performance was observed. Niu et al. [161] proposed a variant of the K-means algorithm termed K-means + to
resolve the high complexity problem of low response time requirement in big data clustering. K-means + uses block oper-
ation and redesigned distance function to reduce clustering modeling time costs. It uses Manhattan distance in place of
Euclidean distance for calculation simplification.

The bisecting K-means (BKM) is a variant of the K-means algorithm proposed by Steinbach, Karypis, and Kumar [202]. It
assigns the entire dataset to a single cluster and uses K-means to obtain the best sub-clusters. The process is repeated on the
resultant clusters until optimal clusters evolve. BKM is reported to have higher computing efficiency with better cluster
quality, and the susceptibility to initial cluster centers is low [249]. Zhuang et al. [249] proposed a limited iteration BKM
for fast clustering of large datasets, increasing the efficiency of cluster analysis while maintaining the quality of the resulting
clusters. The number of iterations performed on the bisected clusters is limited to three, which achieves the same clustering
qualities as the unlimited iteration of the standard BKM.
3.4.2. Hybridization variants
To improve the general performance of the K-means algorithm, the algorithm has been hybridized with several meta-

heuristics optimization algorithms to improve its performance [6]. In much of the reported literature on K-means hybridiza-
tion with a metaheuristic optimization algorithm, most of the challenges of the algorithm are also addressed to enhance its
general clustering performance. In this era of big data, accurately specifying an optimal number of clusters for the dataset is
difficult. Because of this, some of the hybridized algorithms are equipped with the capability for automatic clustering.

Lam, Tsang, and Leung [119] proposed a scheme to improve the particle swarm optimization (PSO)-based K-means algo-
rithm. The clustering problem dimensionality is expanded in the standard PSO-KM hybridized algorithm because the repre-
sented clusters’ particle sequence is not evaluated. Therefore, the cluster centroid sequence encoded in a particle is matched
with the corresponding ones in the global best particle with the closest distance. This ensures the evaluation of the sequence
of centroids, optimizing it with the closest distance. Thus, the performance of the particles in collaboratively searching for
the optimum is enhanced, the clustering error is effectively reduced, and the convergence rate is improved. Zhang and Zhou
[236] developed Nclust to combine a novel niching genetic algorithm with K-means to resolve the same issues of sensitivity
to initial cluster seed, determining clusters automatically, and convergence to local optimal. Dai et al. [50], in their proposed
parallel genetic algorithm (PGAClust), addressed the issue of sensitivity to the initial cluster center and automatic determi-
nation of cluster number; it combined the efficiency K-means algorithm with the parallel genetic algorithm’s global opti-
mization ability.

Other K-means are hybridized with metaheuristics algorithms in the literature, including Zhou et al. [244], Sinha and
Jana, [201],Kapil, Chawla, and Ansari [104],Rahman and Islam, [179]- Islam et al. [93], Mustafi and Sahoo [149], Xiao
et al., [220,103,196]; Hu et al., [87] and Kuo et al. [117]. Ikotun et al. [92] extensively reviewed many nature-inspired meta-
heuristic algorithms that have been hybridized with K-means. The hybrid algorithms combine the metaheuristics algorithms
with the K-means algorithm for improved clustering performance. However, some of the problems inherent in the meta-
heuristic algorithm, such as high computational complexity and time and the need for parameter tuning for optimal results,
affect the overall performance of the resulting hybrid algorithms. Table 8 summarizes the algorithm concept of the K-means
modification variants.
3.5. Algorithm implementation variants

In some of the literature, attention is given to enhancing the performance of the K-mean algorithm based on technicalities
of implementation without any change to the algorithm structure. Implementation on a parallel machine, the idea of a quan-
tum machine, kernel implementation, and implementation using the map-reduce framework are examples in this category.
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Table 8
Summary of Algorithm Concept Modification Variants.

Concept Modification References Methods

General Concept
Modification

Hussain and Haris [90] Higher-order statistics and duality concept for Co-clustering
Rezaee et al. [183] Bargaining game modeling
Guan et al, [77] Reuse-centric configuration
Borlea et al. [29] Unified Algorithm combining K-means and C -means
Alguliyev, Aliguliyev and Sukhostat
[13]

Parallel Batch execution

Wu and Wu [219] Adaptive weights for differential treatment
Niu et al. [161] Block operation with Manhattan distance function
Steinbach, Karypis and Kumar [202] Bisection model
Zhuang et al. [249] Limited Bisection
Gocer and Sener [73] Integrating modified weighted K-means with multi-criteria decision-making

tools
Hybridization Variants Lam, Tsang, and Leung [119] PSO-based metaheuristic optimization

Zhang and Zhou [236] GA-based metaheuristic optimization
Dai et al. [50]- GA-based metaheuristic optimization with parallel execution
[173] PSO, ABC and K-mean hybrid algorithm
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3.5.1. Parallel Machine implementation
Kijsipongse and Suriya [112] proposed a variant that adopted parallel implementation of the standard algorithm on

graphics processing unit (GPU) clusters utilizing the massive parallelism in GPUs. This speeds up the time-consuming part
in each node of the K-mean algorithm. Fatta et al. [64] presented an epidemic variant of the standard algorithm that is fully
decentralized to address the problem of communication failure common to a straightforward parallel algorithm in a large-
scale geographical distributed system. The epidemic K-means algorithm has a precise parallel formulation that intrinsically
faults tolerance without requiring global communication. Its performance is comparable to an ideal centralized algorithm
that produces closely desired results. The epidemic K-means algorithm represents a practical and accurate clustering algo-
rithm implemented using a distributed framework suitable for large and highly scaled networked systems.

3.5.2. Quantum Machine implementation
Implementation of the standard algorithm using a quantummachine is another area of implementation variants reported

in the literature. Casper et al. [35] explored and evaluated a quantum modeled K-means (QK-means) clustering algorithm in
a particular domain (image segmentation) and reported that under specific conditions, there is an improvement in the accu-
racy and precision of the result obtained compared with the classical counterpart. The probability amplitude values are asso-
ciated with various self-contained qubit strings defined in the system to generate input into the standard. The convergence
rate was controllable, which guaranteed the algorithmic convergence of the algorithm and lowered the calculated variance.

3.5.3. Implementation of MapReduce framework
Implementation of the MapReduce framework is another area for improvement in the performance of the standard algo-

rithm. MapReduce is a robust programming framework in which the job is divided into several tasks and executed in a dis-
tributed environment, thus reducing the execution time of an algorithm. With the current era of big data and the attendant
challenges in its clustering, the standard K-means is not efficient enough regarding the computational time required when
clustering an extensive dataset. Hence adopting the MapReduce programming framework in the implementation of the stan-
dard algorithm.

Boukhdhir et al. [30] proposed an improved design of the standard algorithm using the MapReduce programming model
improved MapReduced K-means (IM-K means) to achieve efficiency in clustering massive datasets. The MapReduce pro-
gramming model is a simplified model designed in a parallel environment for handling data-intensive applications. The idea
is to adapt the programming model to the standard algorithm for large-scale clustering datasets for execution time reduc-
tion. Their work included two other algorithms: one for removing outliers in the dataset and the second for automatically
selecting initial centroids to stabilize the result. Their design was implemented on a1Hadoop platform. It improves the parallel
K-means (PK-means) algorithm based on MapReduce [134], Zhao et al. [241]. The report shows that the execution time for IM-
K-means is less than that of the standard algorithm, the variants PK-means, and the fast K-means. The reported limitations are
the requirement for the user-dependent specification of parameter k, and it can only work on a numeric dataset.

Van-Hieu and Meesad [208] presented the MapReduce framework for reducing the number of iterations familiar with the
standard algorithm. The proposed variant based on MapReduce termed fast MapReduce K-Means (FMR.K-means) reduced
the total iteration by 30% with 98% accuracy. According to Cui et al. [48], MapReduce is unsuitable for iterated algorithms
because of the need to restart the job repeatedly. As a result, they proposed a novel MapReduce processing model that elim-
inates iteration dependence resulting in a high-performance, robust and scalable K-means algorithm. Their algorithm
employed a sampling technique to select some subset of the big data from which the center set is obtained to cluster the
1 https://hadoop.apache.org.
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original datasets. The PK-means algorithm based on MapReduce by Lv et al. [134] and Zhao, Ma, and He [241] has three func-
tions: the map function, the combine function, and the reduce function. Map function finds each data point’s distance to the
k center and assigns it to the nearest cluster. The combine function calculates the local centroid and the reduce functions to
find the new global centroids. The variant algorithm is very efficient and can be easily implemented. It has a significant
improvement in terms of speed and scalability. However, instability and sensitivity to outliers are still a problem to be reck-
oned with. An adaptively dispersed centroids K-means (ADC-K-means) implemented using the MapReduce model on the
Hadoop platform was proposed by Wang et al. [213] to improve the accuracy and stability of clustering results. Dispersed
data points based on the distribution of the data points are searched for and selected as the initial centroids for the clusters.
3.5.4. Other implementation paradigms
In this era of big data, effectively clustering massive real-life datasets is very difficult. Hence, Ragunthar et al. [178] pro-

posed the strong reinforcement parallel implementation of the K-means algorithm using a message passing interface. The
message passing interface (MPI) programming model is adopted to increase the algorithm’s execution speed, scalability,
and performance. The MPI is implemented in a parallel environment to enhance the efficiency of the improved algorithm.
Other implementation paradigms found in the literature include the work reported by Estlick [58], who explored algorithmic
level transformation to map the K-means algorithm to reconfigurable hardware. According to the author, Euclidean distances
and floating-point arithmetic are used in the standard K-means algorithm on a general-purpose processor. However, they
have speed penalties and occupy a large area when implemented on a field programmable gate array (FPGA). For good per-
formance on an FPGA, the algorithm needs to be transformed. Estlick’s [58]. Their implementation on a reconfigurable hard-
ware resulted in approximately 200 times faster than the software implementation in terms of the computational speed.

Benchara and Youssfi [23] presented the distributed service clustering method (DSCM) – a distributed method K-means
clustering for a high-performance computing model where a virtual parallel distributed computing model is integrated with
a mechanism that supports low communication costs. The proposed algorithm is implemented as a distributed service
embedded in a cooperative micro-services team that uses an advanced message queuing protocol (AMQP) based asyn-
chronous communicationmechanism for achieving high degree scalability. Table 9 presents a summary of the K-means algo-
rithm implementation variants. Table 10 provides the details of some datasets used to test the performance of the K-means
algorithm variant implementation.
4. Discussion

This study presents an extensive literature review on the various improvements of the K-means algorithm, mainly from
2010 to date. The review has surveyed the variety of modifications available of the standard K-means algorithm design and
implementation which are intended to enhance its clustering performance and speed. The current study found that the
improvements span all the major aspects of algorithm design, including the algorithm input, processes, output, and concept
modification. In the area of implementation, new techniques such as parallel machine implementation, quantum machine
implementation, the MapReduce framework, amongst others, have been adopted by researchers to enhance the performance
of the standard K-means algorithm.
Table 9
Summary of Algorithm Implementation Variants.

Algorithm Implementation
Variants

References Methods

Parallel Machine implementation Kijsipongse and Suriya
[112]

Parallel implementation

Fatta et al. [64] Implemented using a distributed framework
He, Vialle, and Baboulin
[84]

Parallel optimization technique on central processing unit (CPU) and graphical
processing unit (GPU)

Quantum Machine
Implementation

Casper et al. [35] Quantum model

Map-Reduce Framework
Implementation

Boukhdhir et al. [30] Map-reduce programming model

Van-Hieu and Meesad
[208]

Fast map-reduce model

Wang et al. [213] Map-reduce model on the Hadoop platform
Mao et al. [138] Parallel clustering based on grid density and a local sensitive hash function (MR-

PGDLSH)
Other implementation paradigms Ragunthar et al. [178] Reinforcement parallel implementation with message passing interface

Estlick et al. [58] Algorithmic level transformation implemented on FPGA
Benchara and Youssfi
[23]

Distributed service clustering method using virtual parallel distributed computing
model

Kavitha and Kaulgud
[110]

Quantum circuit for the distance calculation.
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Table 10
Details of standard datasets used for the validation of various K-means algorithm variant implementation.

Datasets Number
of Objects

Number of
Attributes

References Datasets Number of
Objects

Number of
Attributes

References

1 3rd Road Network 434,874 3 Capó, Pérez,
and Lozano
[34]

31 MNIST 60,000 780 Chen et al. [38]

2 Abalone 4177 7 Bache and
Lichman [17]

32 Multiple features 2000 649 Bache and
Lichman [17]

3 Air Quality Monitoring 720 9 Chen, Chen,
and Lu [41]

33 Mushroom 8124 22 Bache and
Lichman [17]

4 Breast cancer 286 9 [17]. 34 Norm25 2048 15 Arthur and
Vassilvitskii
[16]

5 CIFAR-10 60,000 1024 Krizhevsky and
Hinton [115]

35 Parabolic 500 2 Chen et al. [38]

6 Cloud 1024 10 [17]. 36 PenDigits 10,992 16 Chen et al.
(2024)

7 Cloud Cover 10,000 54 Bache and
Lichman [17]

37 Post patient 90 8 Bache and
Lichman [17]

8 Color Quantization 16,000 16 Bache and
Lichman [17]

38 Ring 500 16 Chen et al. [38]

9 Corel Image Features 68,037 17 Capó, Pérez,
and Lozano
[34]

39 RNA
(RNASEQUENCES)

488,565 8 Bachem et al.
[18]

10 Credit approval 690 15 Bache and
Lichman. [17]

40 Satimage 6435 36 Chen et al.
(2025)

11 CSN(EARTHQUAKES) 80,000 17 Bachem et al.
[18]

41 Shuttle 43,500 9 Chen et al.
(2026)

12 Cylinder bands 540 39 [17]. 42 SONG (MUSIC
SONGS)

515,345 90 Bachem et al.
[18]

13 Dermatology 366 34 Bache and
Lichman [17]

43 Soybean 307 35 Bache and
Lichman [17]

14 Dow Jones Index 180 15 Chen, Chen,
and Lu, [41]

44 Spam base 4601 58 Bache and
Lichman [17]

15 E. coli 336 7 Bache and
Lichman [17]

45 Spiral 312 2 Biswas et al.
[27]

16 Flame 240 2 Biswas et al.
2019)

46 Sponge 76 45 Bache and
Lichman [17]

17 Ford 79,332 4 Chen, Chen,
and Lu [41]

47 SUSY 5,000,000 19 Capó, Pérez,
and Lozano
[34]

18 Gas Sensor 4,208,259 19 Capó, Pérez,
and Lozano
[34]

48 SUSY (SuperSym
Particles

5,000,000 18 Bachem et al.
[18]

19 Gene Expression Data 4029 96 Alizadeh, et al.
[14]

49 Synthetic 10,000 3 Arthur and
Vassilvitskii
[16]

20 Glass 214 9 Bache and
Lichman [17]

50 Tunisians Stock
exchange daily
trading

1,020,000 6 Boukhdhir
et al. [30]

21 Heart disease 303 13 Bache and
Lichman [17]

51 Two moons 10,000 2 Biswas et al.
[27]

22 Hepatitis 155 19 Bache and
Lichman [17]

52 Village 11,904 9 Chen, Chen,
and Lu [41]

23 Horse colic 299 304 Bache and
Lichman [17]

53 Voting 435 16 Bache and
Lichman [17]

24 Household Power
Consumption

2,049,259 7 Capó, Pérez,
and Lozano
[34]

54 Web Users Yahoo! 45,811,883 5 Capó, Pérez,
and Lozano
[34]

25 Image Segmentation 2310 19 Bache and
Lichman [17]

55 WEB (WEB USERS) 45,811,883 5 Bachem et al.
[18]

26 Internet
Advertisement

3279 1558 Bache and
Lichman [17]

56 Wind 6574 15 Bache and
Lichman [17]

27 Iris 150 4 Bache and
Lichman [17]

57 Wine 178 13 Bache and
Lichman [17]

28 KDD
(PROTEINHOMOLOGY)

145,751 74 Bachem et al.
[18]

58 Year Prediction MSD 515,345 91 Bertin-
Mahieux et al.
[25]

29 Letters 20,000 16 Bache and
Lichman [17]

59 Yeast 384 17 Bache and
Lichman [17]

30 Leuk72_3k 72 39 Bache and
Lichman [17]

60 Zigzag 500 8 Chen et al.
(2023)
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Regarding the first review question: ‘‘What research has been conducted to improve the standard K-means clustering algo-
rithm?”, insights have been provided on the various modifications to the standard K-means clustering algorithm that have
been reported in the literature to enhance its performance. Findings from the reviewed literature show that the main focus
has been on improving the standard process of centroid selection to improve the accuracy of the resulting clusters in algo-
rithm input modification. The efficiency of this step depends on the specified input parameter k (number of clusters to be
generated). In some cases, dataset preprocessing is performed to enhance optimum centroid selection. To reduce processing
time, some researchers concentrated on reducing the number of iterations performed in the distance calculation required
between the data objects and the selected centroid. Some improvements were also made in assigning data objects to the
various clusters.

In some of the variants, attention was focused more on improving the standard K-means clustering algorithm to detect
clusters of other shapes other than the usual spherical or ball-shaped clusters, while in a few cases, the basic concept of the
algorithm design was changed to improve its performance. The standard K-means algorithm was implemented differently
from the regular model for the algorithm implementation modifications. The primary aim of adapting this new implemen-
tation technique is to improve the processing time required by the standard algorithm. In some of the studies, parallel
machine implementation was adopted, while quantum machine implementation and the MapReduce framework were
adopted in other studies.

The second and third review questions reveal the various methods adopted by the different researchers in improving the
standard K-means clustering algorithm and the resulting performances of the adopted methods compared with the standard
algorithm. Adopted methods vary with the standard clustering algorithm’s identified area of limitations. This is summarized
in Tables 4, 5, 6, 7, 8, and 9. Researchers adopted methods in line with the area of the standard algorithm they set out to
improve upon in addressing some of the limitations of the standard algorithm. In most of the research works, one or two
limitations were addressed, while others left unaddressed still pose the existing corresponding challenges in the reported
variants. However, there are marked improvements in the new variants’ performances in all the reported research compared
with the standard algorithm. In Tables 4, 5, 6, 7, 8, and 9, the summary of methods applied in reported variants of the stan-
dard K-means algorithm is presented. The details of some of the datasets used in implementing the K-means variants are
shown in Table 10.

All the aspects of the improvements to the K-means algorithm continued to re-emerge as a research focus throughout the
years reported for further refinement to enhance their performances. It can be observed that amendment to the K-means
algorithm started with improving the clustering output in 1984 and continued till 2019 with various approaches. The need
to apply K-means for clustering non-numerical or mixed datasets introduced the corresponding variants in 1998. Research in
this area is still ongoing as one of the current research areas in 2021. In the year 2000, three different areas of modification to
the classical K-means were reported: automatic specification of k, general modification of the K-means concept, and reduc-
tion in the number of iterations performed in the classical algorithm. With the introduction of the metaheuristic algorithm
for clustering, hybridizing these algorithms with K-means is currently ongoing to automatically find the number of clusters
in any given dataset and to generate optimized cluster centers for the K-means. Not much research was available on general
concept modification of the K-means algorithm from 2000 until 2016, when research in this area was re-visited and has con-
tinued with active engagement through to 2021.

In the case of approaches for reducing the number of iterations, research reports were gathered between 2000 and 2021
with research breaks at three different periods, with the most extended break recorded between 2012 and 2020. Implemen-
tation of K-means using other paradigms and resolution of the convergence of K-means to local optimal took the research
stage in 2001, while attention to improving the initial cluster centroids selection came on board in 2003. PCA was introduced
to generate initial cluster centroids in 2004, and hybridization of K-means with other algorithms was considered in 2007.
Research on detecting outliers and variants addressing large-scale clustering was reported in the literature in 2009. In
2011, research attention was paid to clustering datasets with missing values or incomplete records, multiview data, and par-
allel machine implementation, while quantum machine implementation was introduced in 2012.

New approaches to improving initial cluster centroid selection and resolution of optimal local convergence were also
reported in 2012. In 2013, variants involving modification to data objects assignment to clusters were reported with new
approaches for other existing variants. Domain-based data preprocessing variant was reported in 2014, and implementation
using the MapReduce framework was reported in 2015. In 2016, much attention was paid to improving the procedure for
initial centroid selection with further investigation on large-scale clustering and the MapReduce framework implementa-
tion. Six areas of improvement, including outlier detection, domain-based data preprocessing large-scale clustering, mixed
dataset clustering, and avoidance of optimal local convergence, were further investigated and reported in 2017. The
hybridization of K-means took center stage in 2018, along with other areas. Privacy preservation consideration was also
investigated during the period. In recent years, from 2019 to date, research involving each of the existing variants has been
ongoing to meet new challenges posed by various domains to cater to the clustering needs within the domain, with attention
being paid to automatic clustering with reduced computational time for robust and improved clustering output.

The last review question: ‘‘What are the current research progressions involving the K-means clustering algorithm?” is a major
part of this review work. Evolving application areas such as big data with a massive dataset characterized by high dimen-
sionality is a major aspect of current research involving K-means. Adapting the traditional K-means to cluster such datasets
successfully is the current trend in K-means variants. The explosive size and dynamic nature of real-life data make it difficult
to specify the number of clusters apriori required in traditional K-means. New research directions in K-means variants
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regarding this aspect seek to make K-means clustering automatic without specifying the number of clusters as an initial
parameter. Other research regarding K-means variants and improved clustering of big data involve computational complex-
ity reduction, handling high data dimensionality, addressing the convergence into local optimum, and data object represen-
tation for effective clustering. Sections 5 and 6 detailed the current research progression in K-means variants.
5. Trending application areas of the K-Means algorithm

The K-means clustering algorithm and variants have been applied widely in many research areas, including: image recog-
nition [12], image processing [151], market analysis [70], data processing [152], medical image segmentation [153,151], risk
evaluation [248], medical diagnosis [200,245], medical services [215,100], etc. In the health sector, some parts of the human
body have been tested and examined for tumor detection (tumor in the brain, cancer), and cluster analysis in medical science
is a major issue in digital (medical) image processing. A human brain tumor as one of its most challenging issues facing med-
ical science. The template-based K-means clustering algorithm has been combined with an improved fuzzy c-means algo-
rithm to automatically detect tumors in the human brain from magnetic resonance images [12]. Nanda et al. [151]
hybridized the galactic swarm optimization (GSO) with the K-means clustering algorithm for detecting and capturing the
shape, location, and size of various brain tumors on brain MRI images. Improved ensemble learning has been combined with
K-means clustering by Singh et al. [200] as an intelligent hybrid diagnosis system for hepatitis disease. Zhu, Idemudia, and
Feng [245] combined a logistic regression classifier with PCA enhanced K-means clustering algorithm for diabetes diagnosis
and prediction at the early stage.

Nasir, Mashor, and Mohamed [153] used a variant of the standard algorithm for the malaria slide image segmentation
tool in medical image segmentation. Garg and Jindal [69] used the K-means clustering algorithm in conjunction with an opti-
mized firefly algorithm for skin lesion segmentation. Segmentation of mammography images using fuzzy c-means and K-
means clustering algorithm was proposed by Kamil and Salih [100]. In medical services, deciding on the best location to
build a new private clinic is critical for its development and survival on a long-term basis. A two-dimensional uncertain lan-
guage variables (2DULVs) integrated with a technique for order preference by similarity to ideal solution (TOPSIS), and the
Dempster-Shafer conjunctive combination rule (DSCCR) model, were combined with K-means clustering algorithm by Wang
et al. [215] to develop a feasible scheme for citing new private clinics. Li et al. [125] used the K-means clustering algorithm
with the help of quantile transformation (Song and Yang, 2019) for effectively clustering the population of overweight and
obese invididuals from a metabolic point of view, even though there is usually considerable variations in the obesity attri-
bute values, including skewed distribution of the importance and presence of outliers. Kamil and Salih [100] proposed a
novel K-means clustering algorithm for automated differential blood smear cell detection and counting for clinical
examination.

In the financial sector, the K-means algorithm has been used for early financial risk warning by identifying and analyzing
existing factors of financial risk in a financial dataset. Zhu and Liu [248] constructed a K-means clustering algorithm-based
financial risk early-warning model that avoids the subjective negative impact of artificial division thresholds, redistributing
the target dataset to obtain an optimized solution. The K-means clustering algorithm was used with Markov chains to deter-
mine inflection points at which companies’ credit risk moves from minimal to high [70].

Customer relationship management is crucial in determining which consumers are most profitable for a company’s future
growth. Nandapala and Jayasena [152] utilized the K-means algorithm for customer segmentation based on a customer’s
annual income and spending score. Lingxian, Jiaqing, and Shihuai [130] combined K-means clustering with the standard
unsupervised learning of data features with long-term advanced memory artificial intelligence models as an integrated
framework for effective allocation of resources and reduction in the cost of sale network. Furthermore, the K-means cluster-
ing algorithm has been used in borrowers’ credit quality scoring models [166], identifying sustainable manufacturing layouts
[207], and predicting exchange-traded fund (ETF) performance [228].

In aviation and automotive systems, Lim and Hwang [128] used the K-means algorithm to cluster the commuting data of
high population density areas in Seoul to show variations in the number of vertiports’ traveling time to determine appropri-
ate locations for new vertiports for personal air vehicles. Pusadan, Buliali, and Ginardi [175] used K-means in conjunction
with support vector machine (SVM) and K-nearest neighbor (kNN) to detect flight route anomalies using similarity and
grouping. The K-means clustering algorithm combined with the minimum bounding rectangle model has been used for heli-
copter maritime search area planning [223]. Sanwale and Singh [186] used the K-means clustering algorithm to train the
radial basis function neural network (RBF NN) to find the centers of the RBF for the computation of stability and control
derivatives from recorded flight data.

K-means clustering algorithm has been used in privacy protection [247], data security protection [32], smart building
electrical equipment identification applications [235], and determining the engagement level of students in an e-learning
environment [147].
6. Open issues and challenges

The main aim of the K-means algorithm and its variants is to group any given dataset into k clusters such that the data
objects within clusters are similar but different from the ones in other clusters. Open issues and challenges in the K-means
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algorithm and its variants include the challenges common to the generality of clustering techniques as well as those peculiar
to it.

Initialization Problem: - The initialization problem in K-means is twofold: defining the accurate cluster numbers to be gen-
erated from the given dataset, and solving the problem of locating the position of initial centroids. The result obtained from
K-means depends on the specified initial cluster number (k) [2,66,90]. As a result, the quest for improvement in initialization
is an aspect of the K-means algorithm that has witnessed much research, as shown in the reported variants. An accurate
number of clusters must be stated so that the algorithm iteration will not get stuck in local optimal, producing wrong clus-
ters [174]. Fränti and Sieranoja [66] presented essential factors that negatively affect the K-means algorithm’s performance
and how much the negative impact of these factors can be overcome using two major concepts as proposed by them. The
authors observed that despite their proposed approaches to alleviating the identified problems of K-means, K-means perfor-
mance on any given dataset is still unarguably dependent on the number of clusters specified.

Accurate determination of initial centroids from the given dataset is another aspect of the K-means initialization problem.
According to Fränti and Sieranoja [66]; solving the problem of locating initial centroids is very difficult. Several techniques
have been proposed in the literature addressing the issue of the K-means algorithm’s initial centroid selection. These include
random selection, furthest point heuristic, sorting heuristic, density-based, projection-based, and splitting techniques. Sev-
eral comparisons have been carried out and reported in the literature [169,83,204,36,107] in order to determine which of
them is consistently better than others in terms of comparable computational requirements. Fränti and Sieranoja [66]
reported that a clear state-of-the-art is missing. Therefore, there is a need for an initialization technique for K-means that
is simple to implement with low time complexity and no additional parameters.

Computational Complexity: The standard algorithm is burdened with the problem of needing to perform a large number of
calculations of each data point’s distance from the centroid at each iteration [109]. This requires a time proportional to the
product of the cluster number and number of data objects. The standard K-means algorithm is computationally expensive
when clustering big data due to the number of iterations involved [15,30]. This becomes relevant because big data charac-
terizes the current era. There is a dire need for a reduction in the number of iterations to be executed when clustering large
datasets to scale up the performance of the standard algorithm for efficient handling.

High Data Dimensionality: K-means algorithm cannot efficiently perform maximum-margin and information-theoretic
clustering on high dimensional data [61]. Big data analysis is a complicated task due to new challenges raised with big data.
As mentioned earlier, the high data dimensionality challenges are reflected in data distribution, size, noise, and heterogene-
ity (Xie, Liu, and We, 2020). K-means algorithm and its current variants usually encounter problems dealing with these chal-
lenges within a reasonable running time. Hadoop MapReduce technique is now commonly applied to cluster big data using
standard K-means in a distributed environment [15]; Agnivesh, [165]. Enhancement of existing variants to handle higher
dimensional data has been referred to in much of the current research as a viable future research direction [21].

Global Optimum Convergence: Random initialization of centroids often leads to unexpected convergence [10]. According to
Fränti and Sieranoja [66], K-means rarely find the global optimum for the centroid locations. This is because the movement
of centroids between clusters is impossible if there is a significant distance between clusters or if stable clusters are situated
between two such clusters. The use of metaheuristics algorithms for finding the global optimum for the clustering problem is
a new and thriving research direction now being explored [59,99]. Deploying metaheuristic algorithms for clustering further
solves the problem of automatic clustering where it is not required to specify cluster numbers beforehand [174,30]. Some of
these metaheuristics algorithms have been combined with K-means algorithm to enhance its performance. Hybridizing
these algorithms with K-means is a viable future research direction for the purpose of optimizing the standard algorithm’s
performance [59,99,185].

Data Object Representation: The standard algorithm with most variants still cannot handle various data types [10]. Differ-
ent application areas have different methods for their domain data representation. Most of the existing variants of the K-
means algorithm use numerical data for distance calculation, making them unsuitable for clustering datasets with mixed
attributes. There is a need to develop a flexible mapping for data representation and a distance calculation scheme that sup-
ports mixed data types. This will enable the K-means algorithm to quickly handle datasets with mixed data types. Ahmed
et al. [10], in their paper, suggested combining overlap measures (for categorical attributes) with Euclidean distance (for
numerical attributes) as a mixed distance measure to enhance the performance of the K-means algorithm.

Irregular Cluster Shape: The K-means algorithm performs well with compact and hyper-spherical clusters. However, the
need for apriori specification results in different cluster shapes and outlier effects [10]. Aside from this, using the simple
squared distances in the clustering process can only model ball-shaped clusters [224] which means that the K-means algo-
rithm strubbles to discover clusters of other shapes.

General Effectiveness and Scalability: Most of the proposed variants of K-means algorithms for handling some of the known
disadvantages of the standard algorithm are domain-specific and do not generalize very well [10]. A particular variant may
handle categorical datasets very well but exhibit poor performance due to the adopted initialization. According to these
authors there is no universal solution for the limitations of the standard algorithm. Existing variants are either
application-specific or data-specific. There is a need for a robust generalized K-means algorithm that can be used in various
domains with considerable effectiveness and scalability as the dataset increases in size. Pérez-Ortega, Almanza-Ortega, and
Romero [170] have suggested implementing K-means algorithms and variants using parallel and distributed computing
paradigms to enhance the algorithm performance processing speed.
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Sensitivity to outliers: A dataset with many outliers produces unstable clusters with several K-means clustering algorithm
runs. The presence of outliers in the dataset also increases the sum of square error within clusters, thus affecting the accu-
racy of the final clustering result [193]. There is a need to incorporate an outlier detection and removal scheme into the K-
means algorithm to improve its performance further.

7. Conclusion

The K-means clustering algorithm is known for its simplicity and is applied in clustering datasets from different domains.
Despite this advantage, its performance is greatly hampered due to some of the problems inherent in its implementation. As
a result, much research has been conducted to improve the algorithm’s general performance. This review work has been able
to identify the various limitations of the standard algorithm and the numerous variants developed to solve the identified
problems up to the time of this review work. This paper will benefit researchers working on extending the existing variants
to achieve a more robust and scalable K-means-based clustering technique, as well as practitioners interested in using the
state-of-the-art variants of the standard algorithm to meet the data clustering needs in their domain. Practitioners having a
problem with the existing K-means-based algorithm can easily identify which variant will adequately serve their application
need, or identify the method that can be adopted to improve their existing algorithm.

The findings of this study reveal that much focus has been placed on solving the initialization problems of K-means algo-
rithms with little focus on addressing the problem of mixed data type. New technology such as MapReduce, parallel imple-
mentation, and Kernel-based implementation is being researched to address big data clustering using the standard
algorithm. The hybridization of the standard algorithm with a metaheuristic algorithm for automatic clustering is a new
and upcoming area with little work done so far. Only a few existing metaheuristic algorithms have been reportedly com-
bined with the standard algorithm to solve the problem of convergence into local optimal. Future research can investigate
automatic clustering algorithms that hybridize the standard or variants with other swarm intelligence metaheuristic algo-
rithms. Researchers and practitioners seeking to design improved automatic clustering based on the standard algorithm or
its variants will find this survey very useful.
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