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Abstract 

Determining the optimal number of clusters and their corresponding centroids, known as automatic 

data clustering, is an NP-complete problem. Most of the traditional automatic data clustering 

methods rely on thresholds or other user-specified parameters to determine the number of clusters, 

making their performance highly dependent on threshold settings and failing to work well for 

datasets with varying shapes, sizes, densities, and noise levels. In order to address these limitations, 

in this paper, we propose a novel automatic clustering method based on Variable Structure 

Learning Automata (VSLA). The proposed ACVSLA algorithm automatically identifies both the 

optimal number of clusters and their centroids from the data, without requiring threshold settings 

or predefined assumptions. The performance of the proposed algorithm was tested against various 

state-of-the-art automatic clustering methods over sixteen benchmark datasets from the UCI 

Machine Learning Repository. Experimental results show that ACVSLA can identify the number 

of clusters more accurately and is more stable and robust in producing clustering results. 
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1. Introduction  

Data clustering, or data clustering analysis, is an essential technique in data mining that partitions 

unlabeled data objects in a dataset into groups based on inherent similarities[1]. Accordingly, 

objects within a cluster have a minimum distance from each other, and the maximum distance 

separates objects from different clusters. Data clustering algorithms are widely used across various 

fields, including pattern identification, web mining, data science, market research, image 

processing, natural language processing, software evolution, data analysis, document clustering, 

and machine learning[2-16].  

There are two main clustering algorithms in the literature [17, 18]: hard and fuzzy. In hard 

clustering, each data point is either entirely in a cluster or not in any cluster. Instead of categorizing 

each input data point into a specific cluster, fuzzy clustering assigns each data point a probability 

of belonging to each cluster. Hard clustering algorithms can be classified into four distinct 

categories [9, 17]: 1) hierarchical, 2) partitional, 3) density-based, and 4) grid-based clustering 

algorithms. In addition, these categories use distinct methods to analyze data, and each method has 

advantages and disadvantages. 

In hierarchical clustering algorithms, clusters are formed in a hierarchical manner. Hierarchical 

clustering provides a flexible method for determining optimal object groupings without the need 

to predefine the number of clusters. Hierarchical clustering algorithms can be divided into two 

classes [19, 20]: agglomerative and divisive. Agglomerative clustering starts by treating each 

object as its own cluster. In each step, clusters are merged using similarity measures. The merging 

process employs an iterative method until all data objects are consolidated into a single cluster. In 

divisive clustering, all data points are placed into a single cluster, which is then recursively divided 

into smaller clusters.  

Partitional clustering algorithms split datasets into clusters according to specific criteria; 

hierarchical clustering algorithms apply this partitioning in a tree structure. One challenge 

with such an approach is that its results are sensitive to the init ial choice of centers. 

Furthermore, these algorithms require a pre-defined number of clusters [21].K-means is one of 

the well-known algorithms in this field [22]. 

In density-based clustering algorithms, clusters are generated through multi-resolution grid data 

structures. These algorithms can significantly identify data outliers and generate clusters with                               

non-uniform shapes, but are limited in their capability to cluster high-dimensional data and clusters 

with varying densities [23]. 

Grid-based clustering methods use a multi-resolution grid data structure, dividing the data 

items into a predefined number of cells to obtain a grid layout. This method has the benefit 

of a relatively quick processing time [24]. It is independent of the number of objects given, 

but is dependent on the number of cells that can fit within each dimension.  

Although most data clustering algorithms have high accuracy, the number of clusters is not 
predetermined. This is a significant challenge, as automatically determining clusters is a difficult 
task [25]. As a result, automatic clustering has become a promising approach to addressing these 
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challenges [26]. Recently, several studies have attempted to address problems associated with 
automatic clustering [27-40]. Most reported methods are based on nature-inspired metaheuristic 
algorithms. All mentioned algorithms commonly use threshold values to identify clusters. 

Determining a suitable threshold value is a challenging task that can significantly affect the quality 

of the obtained clusters. 

This paper proposes a new automatic clustering algorithm, i.e., Automatic Clustering based on 
Variable Structure Learning Automata (ACVSLA), to address the automatic clustering problem. 
Unlike many traditional automatic clustering methods that rely on a parameter or threshold 

settings, the proposed method is independent of threshold settings, more robust and accurately 
estimates the best number of clusters for any dataset size with cooperation of learning automata. 
The proposed method organizes cooperative automata into Level 1 and Level 2. The automata in 
Level 1 automatically determine the number of clusters. In contrast, the automata in Level 2 are 

responsible for finding the clusters corresponding to the number specified by Level 1. The 

cooperation between automata at these two levels works as follows: the automaton in Level 1 

randomly selects an action from its available action set. It applies to the automata in Level 2. The 

automata in Level 2 act as a random environment for Level-1 automata. Based on the 

reinforcement signal received from Level 2, the automaton in Level 1 decides whether to reward 

or penalize its selected action. This learning process is repeated until the optimization function 

reaches its minimum value. Once this minimum value is achieved, the exact number of clusters 

and their corresponding centroids can be identified. 

Our primary contributions to this paper are summarized as follows:  

1.  A novel framework to perform automatic data clustering based on VSLA is proposed.  

2. The proposed framework does not require a predefined threshold value to identify 

active clusters, which improves robustness and reduces dependency on heuristic 

parameters. 

3. Unlike most metaheuristic clustering algorithms that require multiple control parameters, 

the proposed ACVSLA only requires tuning the reward and penalty parameters of learning 

automata, which significantly reduces the complexity of parameter tuning. 

4. Experimental results on benchmark datasets show that ACVSLA accurately identifies the 

exact number of clusters and achieves superior performance compared to existing state-of-

the-art automatic clustering methods. 

The remainder of this paper is organized in the following sections: Section 2 presents related work 

on existing methods. The ideas associated with learning automata theory and its variants are 

discussed in Section 3. Section 4 presents the proposed automatic data clustering algorithm using 

variable structure learning automata. The performance evaluation results are provided in Section 

5. Finally, a summary of the main findings of this paper and some suggestions for future work are 

provided in Section 6. 
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2. Related works 
 
This section reports and summarizes several clustering-method studies. The classification of these 

studies is as follows: 1) fuzzy, 2) center-based, 3) search-based, 4) graph-based, 5) density-based, 

6) model-based, 7) subspace-based, 8) nature-inspired-based metaheuristic, 9) learning-based, and 

10), other clustering algorithms. 
 

2.1 Fuzzy Clustering Algorithms  

Fuzzy clustering allows each data object to be assigned to multiple clusters rather than one. 

Bellman et al. [41] proposed several clustering algorithms based on fuzzy set theory. Pal and Mitra 

[42] presented a three-stage automatic fuzzy clustering algorithm. An automatic fuzzy clustering 

algorithm was proposed by Maulik and Saha [43] using a modified differential evolution method.  

 2.2 Centroid-based Clustering Algorithms 

These algorithms represent each cluster with a single element, called the cluster center. A center-

based algorithm seeks to minimize the objective function. One of the most popular centroid -

based algorithms is K-means, which iteratively partitions a dataset into groups based on the 

distance to their centroids [44]. In centroid-based algorithms, clusters are typically convex, and 

each is defined by its center. These algorithms are especially effective for classifying high-

dimensional datasets. 

 2.3 Search-based Clustering Algorithms 

These clustering algorithms find globally optimal solutions by exploring the entire search space. Tabu 

Search (TS) and Harmony Search are the most popular optimization techniques used in these algorithms. 

Al-Sultan and Fedjki [45] introduced a new TS-based method to identify a global solution. 

2.4 Graph-based Clustering Algorithms 

These algorithms use an unsupervised learning approach to cluster nodes in a graph based on 

shared characteristics. The proposed method does not require prior knowledge of the dataset's 

number, size, density, or cluster structure. As a result, graph-based clustering algorithms are useful 

for identifying patterns in complex datasets [46]. Karypis et al. [47] presented a method that 

partitions graphs to group data objects in suitable sub-clusters. 

2.5 Density-based Clustering Algorithms 

This method can even identify clusters with different shapes and sizes in a large dataset, even in 

the presence of noise and anomalies. DBSCAN is a well-known clustering algorithm [48].  
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2.6 Model-based Clustering Algorithms  

 
This algorithm is a statistical method that analyzes data using a mixture model. In this approach, 

data are generated through a combination of probabilistic features, where each cluster is 

represented by a normal or Gaussian distribution. Additionally, each dataset is characterized by its 

likelihood of belonging to a cluster [49] . 

2.7 Subspace Clustering Algorithms 

A subspace clustering technique finds clusters in a dataset across different subspaces. Clustering 

algorithms face two primary challenges when dealing with high-dimensional datasets:  they apply 

dimension reduction when the distances between data objects are nearly identical [50], and distinct 

clusters may be found in different subspaces [51]. Parsons et al. [52] proposed a study of various 

subspace clustering algorithms, including a classification system that groups them based on their 

unique characteristics. 

2.8 Nature-inspired Metaheuristic Algorithms 

Nature-inspired metaheuristic algorithms are often more effective than conventional methods for 

solving clustering and global optimization problems [46]. These algorithms tend to converge 

quickly but may stop at local minima. The local optima can influence the final optimal solution. 

Furthermore, they enable fast convergence in clustering algorithms. In recent years, researchers 

have proposed several nature-inspired metaheuristic algorithms to automatically cluster data, 

addressing the limitations of conventional optimization methods. Among these techniques are 

population-based algorithms, swarm intelligence, and evolutionary algorithms [40, 53-61] . 
Das et al. [62] introduced an automatic clustering technique that employs an enhanced 

differential evolution algorithm (ACDE). This method incorporates two novel techniques to 

optimize and partition the number of clusters. Their algorithm consists of two steps: the first step 

uses a fixed-length chromosome encoding representation and applies a threshold value to identify 

active clusters. The second step enhances algorithm efficiency using the differential evolution 

approach. Using a K-means algorithm, Kuo and Zulvia [60] proposed an improved version of 

artificial bee colony optimization (iABC) for automated clustering. Their enhanced iABC 

guides onlooker bees toward better locations, improving the behavior of these bees compared to 

the traditional ABC. Additionally, by providing a better initial clustering center, the upgraded ABC 

enables faster and more effective solution searching by onlooker bees. By providing a better initial 

centroid for the K-means clustering algorithm, the enhanced ABC enables onlooker bees to search 

for solutions more quickly and efficiently compared to their previous movement patterns. The 

clustering results from the iABC algorithm show that it outperforms other well-known clustering 

techniques in terms of stability, although it requires relatively high computational time. Das et al. 

[27] introduced an automatic clustering approach based on an evolutionary computing method 

known as the Bacterial Evolutionary Algorithm (BEA). Their simulation results showed that the 

proposed algorithm outperformed the comparison algorithms they evaluated. AHPSOM (Adaptive 

Hybrid Particle Swarm Optimization with Mutation) is an advanced algorithm designed for 

automatic data clustering, especially in dynamic and continuously generated data scenarios. 

Proposed by Sharma [63] , AHPSOM enhances the traditional Particle Swarm Optimization (PSO) 

method by adding a mutation operator, which helps increase the diversity of solutions and prevents 
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premature convergence. Ibrahim et al. [64] introduced a hybrid clustering algorithm that combines 

Grey Wolf Optimization (GWO) with a Trajectory-based Search (TS) algorithm to improve the 

clustering process. This hybrid approach aims to enhance the effectiveness of the GWO algorithm 

by achieving a better balance between exploration and exploitation phases. While the GWO-TS 

algorithm is a powerful clustering tool, it faces challenges related to computational cost, 

scalability, and parameter sensitivity. Hussain et al. [65] proposed an ABC optimization-based 

algorithm designed for clustering large, high-dimensional datasets. This method integrates co-

clustering principles within the ABC framework. Instead of using Euclidean distance, the 

algorithm applies higher-order correlations to obtain results. It also enhances diversification by 

exploring the search space through three distinct approaches. The study highlights the algorithm's 

scalability for parallel architectures, supporting both shared memory and distributed environments. 

While innovative and well-suited for large, high-dimensional datasets, the algorithm has 

drawbacks, including higher computational complexity, resource demands, and parameter 

sensitivity. The Improved Artificial Bee Colony Optimization with K-means algorithm (iABC), 

proposed by Kuo and Zulvia  [60], is an enhancement of the classical Artificial Bee Colony (ABC) 

algorithm. This improvement results in better initial centroids for the K-means algorithm, which 

accelerates and enhances the onlooker bees' ability to find solutions compared to their original 

random movement. The results showed that iABC outperformed other algorithms in terms of both 

effectiveness and stability, although it required more computational time. It was specifically 

designed to optimize the process of automatic data clustering, particularly for customer 

segmentation. 

2.9 Learning-based Clustering Algorithms 

Recently, Learning Automata (LA) has been used as an optimization tool to address the problem 

of automatic clustering. Anari et al. [66] developed a dynamic clustering algorithm called 

ACCALA to optimize the number of clusters and their corresponding centroids. The method uses 

cluster centroids encoding and threshold settings to determine active clusters. Hasanzadeh-Mofrad 

et al. [67] proposed a clustering approach called learning automata clustering (LAC) for clustering 

data objects. In this method, each data object is initially assigned a learning automaton. In the 

second step, each automaton determines the degree of membership to the desired cluster. Finally, 

the assignment of each cluster is determined by comparing the new and previous cluster centers 

using the reinforcement signal. However, this method does not perform automatic clustering and 

assumes that the number of clusters is predetermined.  

2.10 Other Clustering Algorithms 

In this section, several text-based clustering techniques are presented. Mehta et al. [10] examined 

and evaluated various proximity measures for the data clustering problem and also introduced a 

theoretical approach for selecting the appropriate proximity measure for clustering purposes. 

Additionally, Mehta et al. [11] proposed a document clustering method called WE Clustering for 

large text datasets. Their method combines the benefits of statistical scoring methods like TF-IDF 

with advanced deep learning models such as BERT. In a recent research, Mehta et al. [12] 
developed a semantic clustering approach that combines statistical features and semantic features 

in textual datasets. In another study, Mehta et al. [13] reviewed and analyzed various text clustering 

techniques, ranging from conventional non-semantic methods to advanced state-of-the-art 
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semantic text clustering approaches. Chander et al. [14] provided an overview of the taxonomy of 

clustering, highlighting the usage of unsupervised clustering methods and deep learning-based 

unsupervised clustering models. Moya et al. [15] applied clustering techniques to datasets related 

to traumatic brain injury (TBI) to group similar patients. The Random Swap (RS) Algorithm, 

introduced by Fränti and Kivijärvi [68], proposed a simple yet effective method to improve 

clustering performance by randomly swapping centroids and refining the solution iteratively.  Zhao 

et al. introduced a new cluster validity index, called the WB-index, designed to evaluate the quality 

of clustering results, particularly for sum-of-squares based clustering algorithms like k-means. The 

WB-index is computationally efficient and performs well for datasets with varying cluster sizes 

and densities. Kärkkäinen et al. [69]proposed a Dynamic Local Search algorithm to address the 

clustering problem. Their approach enhances traditional clustering methods by dynamically 

adjusting local search operations to improve clustering accuracy and efficiency. Fränti et al.[70] 

investigate the performance of K-means on six benchmark datasets. The primary goal of the study 

is to identify the strengths and weaknesses of K-means when applied to different data structures 

and to propose strategies for improving its performance. Rezaei and Fränti[71] proposed the issue 

of determining the optimal number of clusters in clustering algorithms using external indices. The 

authors explore external validation indices, which leverage prior knowledge, such as ground truth 

labels, to assess clustering quality and determine the appropriate number of clusters. Table 1 

summarizes the recommended algorithms for automatic data clustering problems, and Fig. 1 

illustrates the clustering algorithm categories, organizing the concepts hierarchically to show the 

relationships between different clustering methods. 

 

Fig. 1. Clustering algorithm categories 
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Table 1. Summary of recommended algorithms for automatic data clustering. 

Author Name Clustering method Data-sets Cluster validity index Application Area Used 
threshold 

Anari et al. [ 74] Continuous Action-Set 
Learning Automata 

(ACCALA) 

Real life 
data sets 

S_Dbw index Cluster analysis 
and image 

segmentation 

Yes 

Alinya et al. [ 89] Imperialist Competitive 
Algorithm for solving 

automatic clustering problems 
(AC-ICA) 

Synthetic 
data sets 

Rand Index (RI), 
Adjusted Rand Index 
(ARI), Entropy and F-

measure 

Real world 
application 

Yes 

Kuo et al. [56] Artificial Bee Colony 
optimization algorithm and K-

means algorithm (iABC) 

Synthetic 
and real-
life data 

sets 

VI index and ARI Customer 
segmentation 

Yes 

Sharma et al. [ 90] Automatic Hybrid PSO with 
Mutation for generating the 

clusters 
automatically(AHPSOM) 

Synthetic 
and real-
life data 

sets 

Intra cluster and Inter 
cluster distance, 

Adjusted Rand Index 
(ARI), Rand index (RI), 

and F-measure 

Mobile network 
data and sensor 
network data 

Yes 

Merikhi et al. [ 91] Nature-Inspired Binary 
Optimization Algorithms for 

Automatic clustering 
(NIBOA) 

Synthetic 
and real 
life data-

sets 

DB-index Cluster analysis Yes 

Harifi et al. [89] Swarm-based Emperor 
Penguins Colony (EPC) 
algorithm for Automatic 

Clustering (EPC) 

Real-world 
data sets 

DB-index and CS index Cluster analysis Yes 

Zhou et al. [47] Automatic Data Clustering 
using Nature-Inspired 

Symbiotic Organism Search 
Algorithm (SOS) 

Artificial 
data-sets 
and real-

world data 
sets 

Fitness function 
evaluation 

Cluster analysis Yes 

Liu et al. [69] Dynamic Local Search based 
Immune Automatic Clustering 

Algorithm (DLSIAC) 

Real-world 
data-sets 

and 
artificial 
data sets  

Reconstruction error, 
Minkowski Score (MS) 

Cluster analysis 
and image 

segmentation 

Yes 

Omran et al. [23] Dynamic Clustering using 
Particle Swarm Optimization 

(DCPSO) 

Real life 
data sets 

Dunn index (DI), Turi 
index, and S_Dbw 

index 

Cluster analysis 
and image 

segmentation 

 

Yes 

Masoud et al. [30]  Dynamic Clustering using 
Combinatorial Particle Swarm 

Optimization (CPSOII) 

Artificial 
and real-
life data 

sets 

Variance Ratio, 
Criterion Davies-

Bouldin (DB) index 

Cluster analysis 
and 

combinatorial 
optimization 

problem 

Yes 

Das et al. [12] Automatic Clustering using 
Differential Evolution 

Algorithm (ACDE) 

Real life 
data sets 

DB and CS indices Cluster analysis 
and image 

segmentation 

Yes 

Maulik et al. [35] Automatic Fuzzy Clustering 
using Modified Differential 

Evolution (AFCMDE) 

Real life 
data sets 

XB index Image 
segmentation 

Yes 

Ozturk et al. [58] Dynamic Clustering with 
Improved Binary Artificial 
Bee Colony (DCIBABC) 

Real life 
data sets 

VI index and correct 
classification 
percentage 

(CCP) 

Cluster analysis Yes 

Chowdhury et al. 
[59] 

Automatic Clustering based 
on Invasive Weed 

Optimization (ACIWO)  

Artificial 
and real-
life data-

sets 

Sym-K index Cluster analysis Yes 

https://www.sciencedirect.com/topics/computer-science/hybrid-particle-swarm-optimization
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Das et al. [22] Bacterial Evolutionary 
Algorithm for Automatic Data 

Clustering (BEADC) 

Artificial 
and real-
life data 

sets 

CS index Cluster analysis Yes 

Kumar et al. [24] Automatic Cluster Evolution 
using Gravitational Search 

(ACEGS) 

Real life 
data sets 

Point symmetry-based 
cluster validity index 

Cluster analysis 
and image 

segmentation 

Yes 

Liu et al. [68] Population-based Clustering 
Technique using Particle 

Swarm Optimization and k-
means 

Real life 
data sets 

PMB index Image 
segmentation 

Yes 

Zhou et al. [47] Automatic Data Clustering 
using Nature-inspired 

Symbiotic Organism Search 
(ADCNSO) 

Real life 
and 

artificial 
data sets 

Fitness function 
evaluation 

Cluster analysis Yes 

Pacheco et al. [60] Ant Colony Optimization for 
Automatic Data Clustering 

Problem 

Real life 
data sets 

SI Cluster analysis Yes 

Ezugwu et al. [57] A Comparative Performance 
Study of Hybrid Firefly 

Algorithms for Automatic 
Data Clustering 

Real life 
data sets 

DB and Compact-
Separated (CS)index 

Cluster analysis Yes 

Nanda et al. [65] 
 

Automatic clustering 
algorithm based on Multi-
objective Immunized PSO 

(MOIMPSO) 

Artificial 
and real 
data sets 

Pareto Optimal Front 
(POF) and Minkowski 

Score (MS) 

3D human 
models 

Yes 

Elaziz et al. [68] 
 

Automatic Data Clustering 
based on Hybrid Atom Search 
Optimization and Sine-Cosine 

Algorithm (ASOCSA) 

Real life 
data sets 

Dunn, Silihouette, 
Davies Bouldin, and 

Calinski 
Harabasz(CH)index 

Cluster analysis Yes 

 

3. Automatic data clustering and learning automata 

This section will describe the concepts related to automatic clustering and learning automata. 

 

3.1 Problem definition 

Consider 𝐷 = { 1ܺ, ܺ2, … ,  ܺ௡} represent a dataset consists of n data objects, where each dataset d 

has real-value features. The ݅௧ℎ data object is denoted as:  xi = {xi1, xi2, . . . . , xij, . . . , xid }, where xij denotes the ݆௧ℎ attribute of the data object  xi, and ݀ represents the number of features. The 

entire dataset X can be represented as a matrix in the following form. 

ܺ = [   
   [௡ݔ⋮௜ݔ⋮2ݔ1ݔ  

  = [  
   
௡,1ݔ⋮௜,1ݔ⋮2,1ݔ   1,1ݔ

2,2ݔ⋯  1,2ݔ ⋯ ௡,2ݔ⋰     ⋮⋯ ௜,௝ݔ⋮      ⋮…

  [௡,ௗݔ⋮௜,ௗݔ⋮ௗ,2ݔௗ,1ݔ
     

                      (1)              

Let Kmax be the maximum number of clusters in a dataset. The automatic clustering algorithm 

attempts to identify determine the optimal partitioning of the dataset into ݇ clusters, represented 
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as C = {c1, c2, … , ck}, where 1 ≤ ݇ ≤ Kmax. It optimizes cluster formation by minimizing the 

objective function, thereby maximizing intra-cluster cohesion and inter-cluster separation. 

 

3.2 Clustering Validity Index  

Several validation methods were used to evaluate the effectiveness of the clustering algorithm. 

The validity index was used to evaluate clustering quality. This paper uses the S_Dbw validity 

index as optimization function to evaluate clustering performance. This index aims to minimize 

intra-cluster variance while maximizing inter-cluster separation. Therefore, it is particularly                    

well-suited for density-based clustering. The validity index is described as follows [72]: 

 S_Dbw = Scat(k) + Dens_bw(k) (2)                                    

In this equation, Scat(k) represents the compactness of clusters. It is calculated as the ratio of the 

average intra-cluster variance to the variance of the entire dataset. Eq. (3) represents the average 

scattering for clusters. 

Scat(k) = 1k ∑ ఙ೔ఋ೏ೌ೟ೌki=1  (3)       

Where ߪ௜ is the variance of cluster i, ߪௗ௔௧௔ is the variance of the entire dataset, and k is the number 

of clusters. Dens_bw(k) measures how well-separated clusters are by examining the density of 

points between them. It is calculated by comparing the density at the midpoint between two clusters 

with the densities of the clusters themselves. A lower S_Dbw value indicates better clustering, as 

it reflects: 1) Higher compactness of clusters (low intra-cluster variance. 2) Better separation 

between clusters (low inter-cluster density). It is particularly useful in situations where other 

metrics like Silhouette Score or Davies-Bouldin Index might not adequately capture the cluster 

structure. Eq. (4) represents the inter-cluster density, Eq. (5) represents density(C), Eq. (6) 

indicates the function݂(ݔ,  and Eq. (7) defines the mean standard deviation of clusters. In the ,(ߤ
equation above, σ(Ci) denotes the variance of cluster Ci, k indicates the total number of clusters 

in ܥ, σ(D) denotes the variance of the dataset, μ denotes the centers of C = {c1, c2, … , ck}, and |C| 
indicates the number of data items within cluster C.  

                                              𝐷݁݊ݏ_bw(݇) = 1௞(௞−1) ∑ (∑ ௗ௘௡௦௜௧௬(஼೔∪஼ೕ)௠௔௫{ௗ௘௡௦௜௧௬(஼೔),ௗ௘௡௦௜௧௬(஼ೕ)}௞௝=1 )௞௜=1  
  

(4)                                    

density(C) = ∑f(xi, μ)|C|
i=1  

  

(5)                                    

f(x, μ) = { 0     if   f(x, μ) > stdev1           otherwise                 

(6)                                    
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stedev = 1k √∑‖σ(Ci)‖k
i=1  

 

     

(7)                                    

3.3 Learning Automata 
 
A learning automaton (LA) is a self-operating machine that can be used in a random environment 

[73, 74]. The learning method selects the best action from a limited set of allowed actions. Each 

LA selects a single action from a finite set. This action is then sent to the random environment. 

The random environment evaluates the automaton's actions and produces a reinforcement signal. 

The LA uses a reinforcement learning method to determine whether the selected action results in 

a reward or a penalty. Each automaton's learning process is repeated until the optimal action is 

obtained. A LA is a machine that operates in an unpredictable environment and enhances its 

abilities in a specific manner [73, 75]. LA is a valuable tool and is used in numerous applications, 

such as computer networks [76], image processing [66], deep reinforcement learning [77], fuzzy 

applications [78], chaos theory [79], social networks [80], optimization problem [81], graph theory 

[82], clustering[83], and load balancing [84]. Fig. 2 illustrates the relationship between the LA 

model and the random environment. 

 

Fig. 2. Interaction between the LA model and the random environment. 

The environment is described by <α, β, c>, where α ≡ ,1ߙ} ,2ߙ … ,  ᵣ}denotes the limited set ofߙ

actions (inputs), β ≡ {β1, β2, … , βr} indicates a set of values selected from the reinforcement 

signal, and c ≡ {c1, c2, … , cr} represents a set of penalty probabilities. LA can be categorized into 

two types: fixed structure learning automata (FSLA) and variable structure learning automata 

(VSLA). In the FSLA model, the action probability remains constant, whereas the probability 

vector changes over time in the VSLA model. The following sections explain the concept of 

VSLA, which is used in this study.  A VSLA is represented by the quaternion  < α, β, p, T >. Here, α = {α1, α2, … , αr} denotes the allowable set of actions, β = {β1, β2, … , βr} denotes the input set, 

sp ≡ {p1, p2, … , pr} indicates the action probability vector. In this set, each pi is an action 

probability vector that serves as the basis for the selected action αi. Finally, T denotes the learning 

algorithm, and r represents the number of actions the LA can select. The learning algorithm is a 

recurrence formula employed to alter the action probability vector. When the LA selects action αi, 
it receives a performance evaluation signal from a random environment. If the received signal is 

positive (ߚ = 0 ), the action probability (ݐ)݌ is updated by the linear learning algorithm described 

by Eq. (8). If the LA obtains a negative response from the random environment (ߚ = 1 ), action 
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αi is penalized according to Eq. (9). In Eqs. (8) and (9), the parameters a and b represent the reward 

and penalty parameters, respectively. Additionally, these parameters determine the probability of 

increasing or decreasing actions. Suppose a = b, the formula mentioned above is called the linear 

reward-penalty (ܮோ−௉). For 0 < ܾ ≪  ܽ < 1, they are known as the linear reward ߝ-penalty 

ܾ Finally, when .( ோఌ௉ܮ) = 0, they are known as the linear reward-inaction (ܮோ−ூ) algorithm. 

ݐ)௝݌  + 1) = (ݐ)௝݌} + ܽ[1 − ݆                           ,[(ݐ)௝݌ = ݅(1 − ݆∀                                        ,(ݐ)௝݌(ܽ ≠ ݅  

  (8)                                  

ݐ)௝݌ + 1) = { (1 − ݆                                          ,(ݐ)௝݌(ܾ = ݅( ݎܾ − 1) + (1 − ݆∀                        ,(ݐ)௝݌(ܾ ≠ ݅                                             

(9)                                

4. The proposed ACVSLA algorithm  
 

This section explains the proposed ACVSLA algorithm.  

4.1 Proposed framework  

The proposed framework for automatic data clustering is shown in Figure 3, which uses a team of 

learning automata.  

  

Fig. 3. The proposed framework. 
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Specifically, the framework employs a cooperative learning automata architecture. In this 

architecture, LA1is determines the optimal number of clusters, while LA2to LA௡act as 

cooperating automata that constitute the environment of LA1. Their objective is to identify the 

corresponding clusters based on the action selected by LA1. Each automaton from LA2to LA௡operates within its own stochastic environment. The learning process for determining the 

optimal number of clusters and their associated cluster assignments proceeds as follows: First, LA1selects an action from its action set and applies it to the environment. Based on the 

reinforcement signal generated by LA1, one automaton from LA2to LA௡is activated. Once the 

active automaton is identified, all cooperating automata select their respective actions. The 

environment then evaluates these actions and provides either rewards or penalties. Using feedback 

from the active automaton, LA1updates its action by applying the appropriate reward or penalty. 

Meanwhile, the remaining automata continue to identify their corresponding clusters. This process 

is repeated iteratively until LA1converges to the optimal number of clusters. 

Let  Kmax shows the maximum number of clusters in the clustering problem.  The algorithm 
requires Kmax×(Kmax+1)2  automaton. The action set of LA1 is described  as follows: actionSet(LA1) = {α21 , α31 , … , αkmax1 } (10) 

Each action of LA1 is associated with a unique cluster. If 1ܣܮ selects action αi1, where ݅ ∈(2, 3, … , ݇௠௔௫), the number of clusters identified will be i. LAj,(2≤j≤௞೘ೌೣ)  consists of j automata, 
labeled as LAj,1, LAj,2, … , LAj,j. The action set of  LAj,i,(1≤i≤j) is described  as follows:  ActionSet(LAj,i) = {α0j,i, α1j,i, … , α௞೘ೌೣ−1j,i } (11) 

Each action corresponds to one cluster. Suppose an automaton in LAj,i chooses action αkj,i for some 

k where 0 ≤ ݇ ≤ ݇௠௔௫−1,it means that the automaton has selected the ݇௧ℎ cluster. For example, α3j,i means that the automaton LAj,i has selected the third cluster.  

4.2 Automatic data clustering using the proposed framework 

The proposed automatic clustering algorithm can be divided into three steps, which are: (1) 

action selection, and applying the actions to the random environment, and (2) the learning 

process. The flowchart of ACVSLA algorithm is shown in Fig. 5. 
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Fig. 5. Flowchart of the proposed ACVSLA algorithm. 

4.2.1 Actions selection  

The algorithm has no prior knowledge of the actual number of clusters. Suppose  that the maximum 
number of clusters(݇௠௔௫) is set to 6. The action set associated with 1ܣܮ is (1ܣܮ )ݐ݁ݏ݊݋݅ݐܿܣ , 21ߙ}= , 31ߙ , 41ߙ , 51ߙ  Automaton LA1 selects an action corresponding to the maximum number .{ 61ߙ

of clusters and applies it to the random environment. Depending on the selected action, one of the 
automata from 2ܣܮ to 6ܣܮ is activated. Let, the action probability vector of LA1 be (0.2,0.2,0.3,0.1,0.2).  If automaton LA1 chooses action 41ߙ, this indicates that LA1 considers 4 

clusters as the optimal number of clusters. As a result, 4ܣܮ is activated and the cooperating learning 

automata, denoted as {LA4,1 , LA4,2 , LA4,3 ,  LA4,4}, are activated. Let the action probability vectors 

of automata LA4,1 , LA4,2 , LA4,3 ,  LA4,4 be (0.1,0.3,0.2,0.2,0.1,0.1), (0.1,0.1,0.2,0.3,0.1,0.2), (0.4,0.1,0.1,0.1,0.2,0.1) and  (0.1,0.1,0.5,0.2,0.05,0.05) respectively. These steps are shown in 
Figure 6. This figure shows that the automata 4,3ܣܮ ,4,2ܣܮ ,4,1ܣܮ, and 4,4ܣܮchoose clusters 1, 3, 
0, and 2, respectively, for clustering with four clusters. 

 

Fig. 6. An example of a VSLA implementation. 

4.2.2 Apply Selected Actions to the Environment  

After selecting the actions, the automaton determines the optimal number of clusters and assigns 

them to the data. By performing clustering on the selected clusters, the S-DbW clustering index 

can also be determined. For instance, in the above case, after the automaton chooses the number 

of clusters, four corresponding clusters, namely 1, 3, 0, and 2, are selected for clustering. The data 

are then clustered using these four clusters, and the S-DbW clustering index is subsequently 

calculated. 
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4.2.3 The Learning Process  
 

Let ݅ ∈ (2, 3, … , ݇௠௔௫) denote the optimal number of clusters specified by the LA1 automaton,  and 
let ݆ denote the corresponding selected cluster. We save the minimum value obtained by s-dbw 
index for the number of clusters determined by i , with the j-th cluster in the localbest[i][j]  matrix. 
To determine whether the selected action j has been appropriate or not, it is sufficient to compare 
the s-dbw index value with the value of localbest[i][j]. If the s-dbw value is lower than the value 
of localbest[i][j], it means that the selected action j has performed better in clustering with i clusters 
and can be rewarded; otherwise, action j is penalized. When action j is rewarded, the s-dbw index 
value is stored in localbest[i][j] as the best value found for clustering with i clusters by cluster j. 
Following the example above, assume the S_Dbw value is 0.6, with the previously obtained values 
as follows: localbest[4][1] = 1.6, localbest[4][3] = 0.9, localbest[4][0] = 0.7, and localbest[4][2] = 
1.5.  We find that only cluster 0 (04,3ߙ) is rewarded, but the actions for clusters 1, 3, and 2 
 are penalized.  We use a one-dimensional array, GlobalBest[i], to store the lowest (24,4ߙ ,34,2ߙ ,14,1ߙ)
S_Dbw index for each of the i clusters. After the S_Dbw index value is determined, it is compared 
with the value in GlobalBest[i]. If the S_Dbw value is lower than the value in GlobalBest[i], the 
action selected by automaton LA1 is rewarded, and this new value is stored in GlobalBest[i]. 
Otherwise, the action selected by automaton LA1 is penalized. In this way, automaton LA1 learns 
to find the optimal action, i.e., the optimal number of clusters. Let the obtained S_Dbw value be 
0.6, and suppose GlobalBest[4] = 0.4.  Therefore, the action selected by the Learning Automaton LA1 (14ߙ)  is penalized. The algorithm will continuously repeat its three steps: 1) select an action, 
2) execute the chosen action in the environment, and 3) the learning update until it converges to 
an optimal number of clusters and their corresponding assignments. 

4.3 Pseudo-code of the proposed ACVSLA algorithm 

The pseudocode for each phase's implementation is presented in Algorithms 1-6. The main 

body of the proposed algorithm is described in Algorithm 1. In Algorithm 2, the user inputs 

for the proposed algorithm are given. The user defines the required inputs, such as the 

maximum number of iterations (Max_It) and the number of clusters (Kmax). The learning 

automata implementation details are provided in Algorithm 3.  

 



16 

 

 

 

Algorithm 4 provides the implementation details for action selection. In Algorithm 4, LA1 chooses 
randomly the action representing the optimal number of clusters (Line 1). The corresponding 

automata to this action are activated in Lines 5 to 7. The output of this function provides the 

optimal number of clusters and the respective cluster number for each step (Line 8). Each action 

for an automaton is kept in a vector called “Actions” (Line 2). 
 

 

Algorithm 5 provides a detailed implementation of clustering quality evaluation. In this phase, 

clustering is performed based on the action selected in the previous phase, and the S-DBW 

evaluation index. The Euclidean distance is used to measure the distance of each data point to the 

cluster centers, and the data point with the minimum distance is assigned to that cluster. The                         

S-DBW index is then calculated to assess clustering quality.  
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Once S_Dbw is calculated, the learning process begins by deciding whether to reward or penalize 

the selected action, as described in Algorithm 6. So, LocalBest[i][j] has the best value found for 

all clusters while clustering with i clusters. If S_Dbw is lower than the corresponding value in 

LocalBest, the chosen action is rewarded, and its outcome is saved; otherwise, the action is 

penalized (Lines 2–9). A one-dimensional array, GlobalBest[i], is also used to find the number of 

clusters identified by  LA1. For each of the i clusters, the algorithm checks whether the S_Dbw 

value is a new global best. If the obtained value is lower than the current GlobalBest for i clusters, 

then the choice is accepted, and the action taken by  LA1 is rewarded. Otherwise, the choice is not 

accepted, and the action is penalized. Thus,  LA1learns to find the optimal number of clusters. 

4.5 Complexity analysis 

In this section, the time complexity of the proposed algorithm is explained. Let ݊ denote the 
number of data objects, ܭ௠௔௫ represent the maximum number of clusters, and ݀  denote the number 
of attributes. The VSLA algorithm comprises these steps: Step (1) comprises the Initialize() 
function. Steps (1 and 2) require O(1). Steps (3 to 5) require a maximum complexity of O(2ݔܽ݉ܭ). 
Thus, the overall complexity of the Initialize () function is O(2ݔܽ݉ܭ). Step (3) of the VSLA 
algorithm requires O(MaxIt). The SelectActions() function in Step 4 consists of the following 
substeps:  Step (1) requires O(ܭ௠௔௫).  Lines 2- 3 and 4 - 6 also require O(ܭ௠௔௫). Thus, this function 
requires O(ܭ௠௔௫). Step 5 involves the CalculateClusteringMetric () function, which uses the                      

S-DbW () algorithm. The complexity of this function is O(Kmax²) + O (n × ܭ௠௔௫). The maximum 

complexity of Step 6 in the VSLA algorithm is O(2ݔܽ݉ܭ). Step 7 requires O (1). Thus, the total 
time complexity of proposed algorithm is:  O(MaxIt) × [O(2ݔܽ݉ܭ) + [O(2ݔܽ݉ܭ) + O (n × ܭ௠௔௫)] 
+ O (1)]. By simplifying this expression, we obtain: O(MaxIt)× [O (2ݔܽ݉ܭ) +O(n×ܭ௠௔௫)]. 
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5. Performance evaluation and discussions 
 

5.1 Performance metrics 

All experiments were conducted using Java on a Dell laptop with an Intel Core i7-10700 U 

processor at 3.5 GHz, 16 GB of RAM, and Windows 11. The proposed ACVSLA algorithm was 

evaluated for effectiveness and compared to eight other automatic data clustering algorithms: 

Automatic Clustering based on Continuous Action-Set Learning Automata (ACCALA) [66], 

Imperialist Competitive Algorithm (ICA) to address automatic clustering issues (AC-ICA) [85], 

Artificial Bee Colony Optimization Algorithm and the K-means Algorithm (iABC)[60], 

Automatic Hybrid Particle Swarm Optimization with Mutation (AHPSOM)[63], Nature-Inspired 

Binary Optimization Algorithms (NIBOA)[39], Emperor Penguins Colony (EPC) algorithm 

(EPC)[86], Automatic Data Clustering using Nature-Inspired Symbiotic Organism Search 

algorithm (SOS)[87], HDBSCAN[88] , and Dynamic Local Search using Immune Automatic 

Clustering algorithm (DLSIAC)[89]. These algorithms were run independently 40 times on each 
of the eight datasets, and the average and standard deviation of the results were calculated. The 

efficiency of the ACVSLA algorithm was assessed based on various criteria, including the number 

of clusters generated, unpaired t-test, intra-cluster, and inter-cluster distance. In addition, the 

ACVSLA algorithm was assessed using the validity DB index [35], which measures the ratio of 

the distance between clusters to the distance within clusters. 

5.2 Dataset and parameter preparation 

To assess the efficiency of the proposed method, we performed tests on 16 real-world datasets 

obtained from the UCI Machine Learning Repository [90] and  the KEEL repositories[91]. Table 

4 provides an overview of the main characteristics of the datasets, including the number of data 

objects, attributes, and clusters. The compared algorithms are ACCALA, AC-ISA, iABC, 

AHPSOM, NIBOA, SOS, EPC, DLSIAC, and HDBSCAN. Additionally, each algorithm's 

maximum number of iterations is set to 200, and each algorithm was run independently 40 times. 

Table 4. Features of the sixteen clustering datasets. 
Data-set Number of Data 

objects 

Number of 

Attributes 

Number of 

Clusters 

 
 

Real-world 

dataset 

Iris (IR) 150 4 3 

Wine (WI) 178 13 3 

Glass (GL) 214 10 6 

Breast cancer (BC) 683 9 2 

Vowel (VO) 871 3 6 

Ecoli (EC) 335 7 8 

Yeast (YE) 1484 8 10 

Soybean (SO) 47 35 4 

Shape dataset Spiral (SP) 312 2 3 

Flame (FL) 240 2 2 

Higher 

dimensional 

dataset 

DARWIN(DA) 174 451 2 

TUANDROMD(TU) 4464 241 2 

Dim032(DI) 1024 32 16 

Synthetic 

dataset 

S1(S1) 5000 2 15 

A1(A1) 3000 2 20 
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Birch1(BI) 100000 2 100 

 

5.3 Analysis of experimental results and evaluations 

This section describes the obtained experimental tests. In this research, the simulation results of 

the proposed method were analyzed and compared with those of nine other automatic clustering 

methods. 

Experiment 1.  

In this experiment, we calculated the optimal number of clusters using ACVSLA and other 

compared algorithms, based on the S_Dbw metric. The results are presented in Table 5. 

Table 5. Number of clusters obtained from the different algorithms with S_Dbw metric. 

Data-set ACVSLA ACCALA AC-ICA iABC AHPSOM NIBOA SOS EPC DLSIAC HDBSCAN 

IR 3.1±0.38 2.9±0.12 2.73±0.25 3.23±0.02 2.08±0.03 2.27±0.02 2.65±0.01 2.9±0.18 3.2±0.22 2.0±0.00 

WI 3.3±0.42 3.2±0.24 3.3±0.01 3.25±0.033 3.05±0.065 2.9±0.03 3.4±0.055 3.2±0.02 3.2±0.07 2.0±0.00 

GL 5.8±0.35 6.0±0.33 6.3±0.55 6.33±0.02 5.8±0.025 5.84±0.03 5.55±0.056 5.76±0.32 6.1±0.22 3.0±0.00 

BC 2.0±0.00 2±0.00 2±0.00 2±0.00 2.2±0.02 2.0±0.01 2.23±0.03 2.0±0.051 2.0±0.0 2.0±0.00 

VO 6.3±0.41 5.75±0.25 5.9±0.11 5.89±0.18 7.4±0.03 5.02±0.001 7.1±0.044 6.01±0.11 5.98±0.21 4.0±0.00 

EC 7.97±0.32 8.2±0.33 8.4±23 8.3±0.13 7.2±0.14 7.5±0.11 8.6±0.023 8.4±0.22 7.8±0.23 2.0±0.00 

YE 10.1±1.02 10.4±2.22 10.24±2.16 10.6±1.11 6.4±1.34 13.3±1.19 13.8±3.2 10.8±1.78 10.65±1.12 3.0±0.00 

SO 3.9±0.41 4.22±0.21 4.2±0.12 4.22±0.18 3.4±0.02 3.4±0.03 3.8±0.12 3.87±0.33 4.2±0.25 2.0±0.00 

SP 2.8±0.23 3.3±0.17 2.3±0.17 2.7±0.12 2.2±0.15 2.8±0.34 2.2±0.27 3.5±0.24 4.5±0.19 11.00±0.00 

FL 2.1±0.11 2.9±0.02 3.9±0.18 5.3±0.11 3.5±0.03 3.2±0.13 2.9±0.09 4.1±0.31 6.3±0.12 6.00±0.00 

DA 2.2±0.33 3.9±0.11 4.3±0.12 4.2±0.15 4.9±0.11 2.9±0.07 2.7±0.06 5.9±0.18 2.7±0.34 2.00±0.00 

TU 2.4±0.21 2.7±0.21 3.1±0.26 2.8±0.21 3.1±0.01 2.6±0.61 6.1±0.31 3.3±0.21 3.1±0.41 82.00±0.00 

S1 14.7±0.37 13.9±0.68 12.45±0.32 12.65±0.36 12.40±0.23 12.10±0.46 12.36±0.42 13.2±0.29 11.4±0.46 53.0±0.00 

A1 19.4±0.64 16.4±0.17 14.4±0.17 11.4±0.17 12.4±0.13 14.4±0.25 13.4±0.36 10.4±0.42 9.4±0.66 23.0±0.00 

BI 98.9±0.94 98.9±0.96 85.3±0.32 67.4±0.23 45±0.36 79.1±0.13 89.1±0.23 59.3±0.17 23.1±0.76 3575.0±0.00 

DI 16.3±0.28 16.5±0.48 14.3±0.22 11.2±0.18 14.3±0.78 13.1±0.57 18.3±0.34 14.1±0.75 12.2±0.19 16.0±0.00 

The results in Table 4 demonstrate that the algorithms EPC, AC-ICA, iABC, EPC, and DLSIAC 

were able to determine the optimal number of clusters for the IR, WI, GL, BC, VO, EC, YE, and 

SO datasets. However, non-bold results indicate cases where these algorithms failed to identify 

precise cluster numbers. The ACCALA algorithm can accurately determine the number of clusters 

for all datasets except FL, TU, and A1. NIBOA identified precise cluster numbers for BC, SP, and 

FL datasets. Notably, for the AHPSOM algorithm, WI and BC could accurately determine the 

number of clusters. The SOS algorithm for the WI, BC, and EC datasets could accurately determine 

the number of clusters. Finally, for the HDBSCAN algorithm, BC, DA, and DI could accurately 

determine the number of clusters. In contrast, the proposed algorithm consistently achieved high 

accuracy in identifying the number of clusters across all datasets.  These results highlight the 

proposed algorithm's ability to precisely determine the number of clusters, particularly for large 

and complex-shaped datasets. 
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Experiment 2.   

This experiment statistically evaluated the proposed ACVSLA and other clustering algorithms 

using the unpaired t-test. This measure identifies statistically significant relationships between the 

two algorithms. Table 6 provides the results obtained from the unpaired t-test, which compares 

ACVSLA to ACCALA. This comparison identifies any significant differences between the 

algorithms. The results demonstrate that ACVSLA was not statistically significant for the WI, BI, 

and YE datasets but was statistically significant for the remaining datasets. 

Table 6. The clustering results obtained from an unpaired t-test between ACVSLA and ACCALA. 

Data-set Standard error t 95% confidence interval Two-tailed P Significance 

IR 0.063 3.1742 0.0746 to 0.3254 0.0022 Very significant 

WI 0.076 1.3074 -0.0523 to 0.2523 0.1949 Not significant 

GL 0.076 2.6295 -0.3514 to -0.0486 0.0103 Statistically significant 

BC - - - -- - 

VO 0.076 7.2437 0.3988 to 0.7012 <0.0001 Extremely significant 

EC 0.073 3.1645  -0.3747 to -0.0853  0.0022   Very significant 

YE 0.386  0.7779  -1.0677 to 0.4677 0.4390  Not significant 

SO 0.084 3.8049 -0.4884 to -0.1516 0.0003 Extremely significant 

SP 0.052 9.5753 -0.6045 to -0.3955 <0.0001 Extremely significant 

FL 0.020 39.1277 -0.84093 to -0.75907 <0.0001 Extremely significant 

DA 0.064 26.7681  -1.8271 to -1.5729 <0.0001 Extremely significant 

TU 0.054 5.5328 -0.4085 to -0.1915 <0.0001 Extremely significant 

DI 0.088 2.2763 -0.3749 to -0.0251 0.0256 Statistically significant 

S1 0.065 13.8339 0.7705 to 1.0295 <0.0001 Extremely significant 

A1 0.105 28.6528 2.7916 to 3.2084 <0.0001 Extremely significant 

BI 0.212 0.0000   -0.4229 to 0.4229 1.0000 Not statistically significant 

Experiment 3.  

In this experiment, we compute the intra-cluster distance. The lower value represents well-compact 

clusters. Table 7 displays the ratios of intra-cluster distances for all the automatic clustering 

algorithms. The experimental results prove that the ACVSLA algorithm produced well-compact 

clusters on the GL, YE, DI, A1, S1, and BC datasets. 

Table 7. Intra-cluster distances were calculated for each algorithm.  
Data-set ACVSLA ACCALA AC-ICA iABC AHPSOM NIBOA SOS EPC DLSIAC HDBSCAN 

IR 0.8456±0.21 0.8322±0.43 1.322±0.12 3.44±0.05 3.89±1.17 3.72±3.01 3.96±1.98 1.28±0.22 1.11±0.27 1.31±0.16 

WI 1.2318±0.021 1.22±0.017 1.26±0.012 4.5±0.01 5.3±0.19 4.8±1.85 5.4±1.15 1.32±0.11 1.27±0.14 7.62±0.25 

GL 14.22±0.23 14.42±0.12 15.85±1.22 590.26±0.16 677±7.15 670.12±4.3 685.8±18.11 17.22±1.5 15.64±0.23 0.86±0.17 

BC 4.11±0.43 4.13±0.22 7.44±0.14 4.25±0.16 4.99±0.44 5.18±0.8 4.5±0.78 4.86±0.43 4.66±0.23 5.86±0.16 

VO 301.2±1.2 291.77±1.8 176.45±3.54 1522.66±0.9 1578.26±4.2 1579.2±9.4 1576.25±11.8 304.8±4.5 200.13±3.11 424±2.10 

EC 0.18±0.1 0.171±0.22 0.173±0.1 0.16±0.02 0.24±0.18 0.45±0.86 0.28±0.14 0.1697±0.19 0.17±0.12 0.35±0.41 

YE 0.157±0.01 0.18±0.02 0.15±0.04 0.19±0.09 0.3±0.08 0.35±0.11 0.31±0.12 0.16±0.27 0.1623±0.34 0.45±0.21 

SO 2.24±0.1 2.12±0.11 2.14±0.02 1.95±0.08 4.01±0.12 5.3±0.12 4.5±1.01 2.15±0.08 2.1485±0.05 3.1±0.56 

SP 3.45±0.12 2.74±0.33 1.74±0.03 2.95±0.05 3.39±0.07 1.85±0.18 1.95±0.08 2.45±0.06 5.31±0.07 0.54±0.06 

FL 4.31±0.11 5.20±0.09 3.91±0.16 5.21±0.04 4.51±0.10 3.61±0.17 2.45±0.23 1.38±0.18 6.20±0.03 0.94±0.72 

DA 1591.26±2.9 1628.26±3.2 1563.26±3.1 1201.26±3.5 1378.10±4.2 1620.16±2.9 1501.54±1.2 1510.26±3.1 1433.26±2.3 1672.26±3.9 

TU 1.28±0.26 0.96±0.39 1.19±0.56 2.26±0.19 0.86±1.41 0.96±2.10 2.10±0.23 1.46±0.32 2.23±0.56 0.02±0.36 

DI 0.09±0.38 0.13±0.22 0.23±0.52 0.43±0.22 0.41±0.56 0.33±0.24 0.63±0.42 0.28±0.44 0.53±0.27 0.10±0.24 

A1 0.03±0.216 0.06±0.27 0.05±0.44 0.07±0.22 0.07±0.13 0.05±0.28 0.08±0.44 0.06±0.16 0.06±0.41 0.04±0.46 

S1 0.01±0.21 0.02±0.17 0.04±0.21 0.04±0.24 0.09±0.78 0.08±0.29 0.09±0.21 0.03±0.63 0.05±0.27 0.02±0.46 

BI   0.04±0.43   0.04±0.7   0.06±0.23   0.05±0.26   0.08±0.23   0.07±0.19   0.06±0.73   0.05±0.48   0.06±0.83   0.03±0.75 

Experiment 4.  
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In this experiment, we calculate the inter-cluster distance ratio. A high value for this criterion 

suggests that the clusters are well-separated. Table 8 displays the distances between clusters for 

the various clustering algorithms. According to these results, our algorithm generates distinct 

clusters for the EC, DI, A1, S1, and BI datasets. 

Table 8. Inter-cluster distances obtained for each algorithm.  
Data-set ACVSLA  ACCALA    AC-ICA      iABC   AHPSOM    NIBOA      SOS        EPC   DLSIAC HDBSCAN 

IR 3.1±1.02 3.06±1.22 4.43±0.3 2.73±0.04 2.23±0.77 2.84±1.43 2.06±1.06 3.04±1.08 3.04±1.1 3.97±0.04 

WI 3.65±0.19 3.8458±0.16 3.46±0.003 3.26±0.04 2.49±1.8 2.8±1.89 2.41±1.47 3.51±0.16 3.71±0.18 11.91±0.33s 

GL 35.25±1.23 32.99±2.88 22.86±10.22 852.85±10.34 895.38±5.16 854.91±1.89 886.13±12.45 29.14±2.8 32.46±3.11 3.64±1.10 

BC 6.11±1.2 6.10±1.65 6.99±0.21 3.15±0.14 2.54±0.033 2.65±1.76 2.76±1.96 6.2±0.8 6.2±0.66 6.2±0.66 

VO 690.3±20.1 697±10.56 630.89±11.98 2718±0.12 1914.23±20.58 1962.43±18.4 2951.42±22.14 693.13±18.77 834.45±22.19 834.45±22.19 

EC 3.15±0.3 3.11±0.23 3.10±0.44 3.14±0.71 2.66±0.44 2.27±0.43 2.1±0.21 3.11±0.61 3.9±0.16 3.9±0.16 

YE 3.63±0.11 3.44±0.21 3.66±0.66 3.33±0.65 2.8±0.45 2.2±0.23 2.5±0.32 3.69±0.89 3.43±0.66 3.43±0.66 

SO 7.8±1.1 7.99±1.2 7.6±1.3 7.7±1.09 8.01±0.56 6.56±0.85 6.89±0.9 8.02±0.12 8.23±0.56 8.03±0.23 

SP 8.12±1.7 7.34±1.31 6.12±0.63 7.12±0.45 7.9±0.08 6.81±0.28 6.85±0.68 7.35±0.08 10.41±0.06 1.10±0.34 

FL 8.43±0.23 9.31±0.36 7.38±0.33 8.84±0.21 9.11±0.32 6.86±0.63 6.15±0.39 3.68±0.69 10.34±0.08 1.61±0.42 

DA 2113.36±1.8 2316.11±2.2 2443.26±2.9 2315.73±1.9 2264.23±3.1 2355.32±3.4 2210.32±4.3 1936.91±4.2 1835.27±4.1 4.48±0.31 

TU 3.41±0.32 2.33±0.56 4.23±0.03 5.51±0.08 3.22±2.19 2.94±3.11 6.32±0.27 4.31±0.19 6.18±0.38 1.39±0.65 

DI 6.57±0.67 5.32±0.42 5.26±0.35 4.86±0.92 4.41±0.72 4.26±0.37 4.86±0.12 5.77±0.38 4.26±0.82 6.36±0.32 

A1 8.94±0.25 8.23±0.26 8.17±0.77 7.22±0.28 6.55±0.24 4.56±0.37 5.36±0.46 8.12±0.14 7.97±0.16 8.67±0.56 

S1 25.56±0.34 20.78±0.34 19.45±0.99 24.28±0.81 18.56±0.27 22.29±0.17 20.25±0.24 19.45±0.58 19.64±0.38 23.41±0.11 

BI 33.60±0.22 32.53±0.16 31.44±0.16 31.37±0.67 30.29±0.25 30.64±0.11 32.26±0.58 32.17±0.59 31.82±0.29 1484.15±0.71 

Experiment 5.  

In this experiment, we calculated the distances between clusters and compared them with the 

distances within each cluster. A significant amount of this feature suggests that the clusters are 

distinct and tightly compact. Fig. 7 illustrates the inter/intra distance ratio provided by every 

clustering algorithm being compared. The results show that ACVSLA provides superior clustering 

performance to other clustering algorithms for the Glass and Breast cancer datasets. ACCALA 

generates closely compact and distinctly separated clusters for the Iris and Wine datasets. DLSIAC 

obtained superior results on the VO and EC datasets. In addition, AC-ICA for the Yeast dataset 

and iABC for the Soybean dataset produced good results. 

 

Fig. 7. The ratio of inter/intra-cluster distance. 
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Experiment 6. 

This experiment was conducted to analyze the convergence of the proposed algorithm by 

examining the total number of iterations. Fig. 8 shows that the proposed ACVSLA converges to 

the minimum of S-Dbw in under 5,000 iterations. Fig. 9 shows the minimum value of the S-Dbw 

measure for the test datasets. It was observed that ACVSLA obtained the minimum S-Dbw for the 

Glass dataset. 

 

Fig. 8. Convergence of ACVSLA on the number of iterations in the test data sets. 

 
 

Fig. 9. Minimum value of S-Dbw in test data sets. 

Experiment 7.  
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This experiment investigates how different values of ܭ௠௔௫  (i.e., 5, 10, 15, 20, 25, 30, …, 150) 
impact the proposed algorithm. Fig. 10 illustrates the impact of ܭ௠௔௫ on the resulting clusters. For 

the WI, IR, SP, FL, DA, TU, and Breast Cancer datasets, increasing these values did not affect the 

appropriate number of clusters obtained. The cluster numbers increased by 5 ≤ Kmax < 10 for the 
GL and SO datasets. The cluster numbers increased by 5 ≤ Kmax < 20 for the A1 datasets. They 

increased by 15 ≤ Kmax < 20 in the VO, DI, S1, and EC datasets. Aslo, increased by 45 ≤ Kmax 
< 100 in the BI dataset. Finally, they increased to 20 ≤ Kmax < 30 for the YE dataset. 

 

 
Fig. 10. The effect of ܭ௠௔௫ by increasing cluster numbers in the proposed ACVSLA algorithm. 

 

 

6. Conclusions 

This paper introduces a new method for automatic data clustering, called ACVSLA, based on 

Variable Structure Learning Automata (VSLA). ACVSLA uses a team of learning automata to 

address the challenges of automatic data clustering. Unlike existing algorithms, it autonomously 

finds the optimal number of clusters without requiring parameter settings and achieves robust, 

reliable, and high-quality clustering on datasets with varying characteistics. The performance of 

ACVSLA was evaluated by comparing it with several state-of-the-art automatic clustering 

algorithms, namely ACCALA, AC-ICA, iABC, AHPSOM, NIBOA, SOS, EPC, and HDBSCAN. 

The results show better intra-cluster compactness and inter-cluster separation. Statistical analyses 

using unpaired t-tests further confirm the significance of these performance improvements. 
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Experimental evaluations conducted on various benchmark datasets demonstrate that ACVSLA 

consistently and accurately determines the optimal number of clusters, providing stable and high-

quality clustering results. In future works, we will work to generalize the method for large-scale 

datasets as well as to other unsupervised and optimization problems. 
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