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Abstract 

Data clustering is broadly exploited across a broad spectrum of industries, including teaching, 

healthcare, and innumerable decentralized business settings. The miscellaneous 

datasets are effectively handled and analyzed through various classification 

procedures to enhance the eminence of essential data sharing in decentralized 

environments. K-Means represents a widely recognized and intuitive clustering 

method employed to segment a set of data values into a predetermined count of 

clusters. It has proven successful in addressing numerous practical clustering 

challenges. However, the critical aspects of choosing the initial cluster centers and 

congregating to local optima present significant limitations in the K-Means method. 

Various optimization methods are implemented to enhance the clustering's 

accuracy. Here, a 2D Chaotic based Hybrid Coyote Optimization with 

K-Means for Clustering (2CHCOKC) method is implemented and utilized to 

categorize a substantial amount of varied datasets, with the goal of enhancing the data 

retrieval proficiency and K-Means performance. The central aim of the 2CHCOKC 

approach is to accomplish resourceful and exact scattering of data values within a dataset. 

This is accomplished by utilizing 2D chaotic map for establishing populations. 

The addition of 2D chaotic map is anticipated to enrich the calculation and 

employment skills of search agents within the optimization framework for 

attaining the optimal and exact classification of centers and members within a 

cluster. The development of the 2CHCOKC methodology using MATLAB 2022a 

tool on five huge datasets highlights the exceptional effectiveness of the 

method. This is marked when comparing it to former approaches such as K-

Means, ALO, GO, and CO. This comparison is established through various aspects 

containing F-Measure, Accuracy, Standard Deviation, Root Mean Square 

Error, Time Complexity, Purity Index, Intra-Cluster Distance, and Statistical 

Explication. 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 10 , October - 2026

IJERTV15IS101457 Page 1

(This work is licensed under a Creative Commons Attribution 4.0 International License.)

mailto:pradeepatulker@gmail.com
mailto:rajendragupta1@yahoo.com
mailto:khareankur94@gmail.com


Keywords: Chaotic Map, Clustering, Coyote Optimization, F-Measure, K-Means, Statistical 

Explication, Time Complexity. 

1. Introduction 

The researchers delve into the management and investigation of extensive datasets across 

various applications, harnessing factors such as space, execution, and database organization 

[1, 2]. Pre-processing is employed to mitigate data ruin, while also increasing data exactness 

and proficiency. A prevailing scattered design is put into action, facilitating swift and cost-

effective data exploration for both sequential and parallel message passing [3, 4]. Multiple 

optimization strategies based on population dynamics [5], such as Grey-Wolf Optimization 

(GO) [6], Ant Lion Optimization (ALO) and Moth Flame Optimization (MO) are employed 

to thoroughly and exactly explore the abundant data volume in diverse scenarios [7, 8, 9]. 

Decorative cerebral and deep learning techniques utilizing neural networks are employed in 

the investigation of large-scale data. In this context, relevant insights are engaged for query 

management, targeting to sensible query recovery rates and enrich recovery intervals. Health-

related data is scrutinized to identify ailments with qualitative and quantitative excuses, 

certifying the supreme medical interventions [10, 11]. 

Convex optimization is highlighted as a prominent method for extensive data analysis in 

distributed settings, mostly across various origins. Convex signal dispensation methods are 

harnessed alongside the least squares approach for the sampling and valuation of vast 

datasets. The adjoining operator, uncertainty management, and scattered valuation play 

pivotal roles in optimizing data exploration [12, 13]. Deep learning is instrumental in 

implementing distributed clustering on miscellaneous data through the utilization of an auto-

encoder. The auto-encoder freely decides cluster totals and distributes cluster members with 

the aid of a deep learning framework. The results are evaluated alongside the widely 

recognized clustering technique, K-Means [14, 15]. 

Furthermore, a fusion of machine learning techniques with Convolutional Neural Network 

(CNN) is arranged to enrich clarity and meticulousness in the selection and management of 

disease categories. Parallel calculation, containing the application of auto-encoders, is 

utilized to determine optimal grouping tactics for healthcare supervision and informed 

understanding of illnesses [16]. Decision supervisory concerning illnesses is conducted 

through the aid of artificial intelligence, thoroughly inspected and confirmed using medical 

archives. A range of cancer types are analyzed employing support vector machines to certify 

accurate and applicable disease supervision [17]. Machine learning is further engaged 

alongside tensors and core operators for actual supervision and endorsement of datasets. Data 

endorsement is conceded out over deep learning methods, relevant across miscellaneous 

platforms such as Bing and self-motivated applications [18, 19]. 

Categorization, similar to clustering, entails organizing a multitude of datasets into different 

groups for various purposes. Within the medical domain, a decision support structure is 

engaged for the purpose of combination medical information and envisaging illnesses [20, 

21]. In the realm of medical data classification, a CNN is applied in conjunction with a novel 
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loss function. The employment of a multi-pooling structure is engaged to seizure the spatial 

details of key characteristics within medical data, aiding in the valuation of disease brutality 

and determination of applicable treatments [22]. 

The preceding literature demonstrates the application of diverse clustering methodologies and 

optimization strategies such as GO [6], ALO, MO and K-Means [14, 15] across numerous 

datasets, with the aim of enhancing data retrieval and search proficiencies. While certain 

clustering methods exhibit favorable outcomes with explicit datasets, their effectiveness 

might differ with other datasets, as suggested by the no-free-lunch theorem. This theorem 

underscores that no singular clustering approach comprehensively outperforms all problems. 

Additionally, the convergence rate stands as a key factor in evaluating optimization 

techniques. 

To tackle these obstacles, a fresh methodology referred to as a 2D Chaotic based Hybrid 

Coyote Optimization with K-Means for Clustering (2CHCOKC) method is presented. This 

approach is employed to group widespread datasets and represents an enhanced version of the 

Coyote Optimization (CO) method. In contrast to the conventional qualitative evaluations 

seen in earlier studies, the innovative 2CHCOKC method places emphasis on quantitatively 

assessing clustering methodologies designed for extensive datasets. 

The key contributions of the proposed 2CHCOKC are outlined below: 

1. The primary objective of 2CHCOKC is to achieve an actual scattering of data element 

values through miscellaneous outlets in a distributed context. 

2. Data scattering is achieved through harnessing 2D chaotic map [23, 24] for population 

production. 

3. The overarching aim is to optimize the scattering of data elements, certifying the well-

organized deployment of heterogeneous assets across distributed environment. 

4. The execution of the 2CHCOKC method using MATLAB 2022a tool on five widespread 

datasets is demonstrated through various metrics containing F-Measure, Accuracy, Standard 

Deviation, Root Mean Square Error, Time Complexity, Purity Index, Intra-Cluster Distance, 

and Statistical Explication.This comparison highlights the superiority of the 2CHCOKC 

method over former approaches such as K-Means, ALO, GO, and CO. 

Section 1 delivers an overview, whereas Section 2 offers a comprehensive review of data 

clustering techniques, as well as extensive data analysis. This segment investigates plentiful 

parameters within these domains. In Section 3, we delve into the Coyote Optimization (CO) 

and K-Means method, serving as the groundwork for the proposed 2CHCOKC method 

elucidated in Section 4. Section 4 encompasses exhaustive details, including flowcharts and 

algorithms pertinent to the 2CHCOKC method. Section 5 is dedicated to the datasets utilized 

in the implementation, performance metrics, and the outcomes derived from implementing 

the 2CHCOKC method. It illuminates the practical effectiveness of the suggested method. 

Finally, Section 6 encapsulates the paper's conclusions, summarizing the principal 

discoveries and consequences of the research. 
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  2. Literature Review

The article on Decision Support Systems (DSS) [25] delves into the augmentation of device 

to handle the intricate process of extracting diverse and complex data from various scattered 

origins. The paper presents the idea of Big Data [26, 27]—sophisticated multidimensional 

structures for supervising information—which supports stakeholders in employing 

contemporary data-driven strategies to solve problems. The predominance of Big Data in 

ensuring nutrition safety is highlighted, as information within the nutrition distribution 

sequence is detached and exhibits miscellany in terms of arrangement, quantity, and 

topographical origin. Overall, the study and dialogue presented aim to foster the adoption of 

Big Data and DSS in nutrition safety, eventually increasing risk debt and certifying 

nutritional well-being within the framework of climate erraticism 

The process of combining data into related clusters, known as clustering [28], is extensively 

employed. Nevertheless, latest clustering schemes define clusters using occurrence values 

and deliberation, requiring precise semantic meaning. To tackle this problem, a fresh 

Evolutionary Clustering Algorithm (ECA) has been established, incorporating shared group 

placing, population centred strategies and K-Means method. The calculation encompasses the 

utilize of 32 miscellaneous datasets, calculating their usefulness through both intra-cluster 

and inter-cluster measures. In summary, the ECA scheme offers a noteworthy advancement 

in clustering mixed and multi-dimensional datasets, exhibiting improved cluster validation 

and enriched strength through a range of dataset features. 

The article [29] centers around strategies for mining association procedures and their 

utilization in assessing the excellence of institution students. These techniques are employed 

to unearth potential connections among various aptitudes of university students through their 

occurrence and awareness data. This aids educators in recognizing distinct students' assets 

and flaws, facilitating customized instruction. The aim is to tackle concerns linked to the 

elimination of associative rules and investigate the impact of incorporating such procedures 

in evaluating university student performance. The experiment verifies the effectiveness and 

practicability of the procedure for evaluating student performance, endorsing its pragmatic 

implementation in real-world circumstances. On the whole, the research underscores the 

advantages of employing association procedure mining policies in systems for evaluating 

university student superiority, laying the groundwork for more efficient and tailored teaching 

approaches. 

The article presents an innovative heuristic method for data clustering utilizing the MO 

scheme [30], a fresh metaheuristic stimulated through intellect of moths in the ordinary 

world. Despite the extensive acknowledgment of the k-means approach for clustering, its 

progression heavily depends on initial cluster mid points and can become ensnared in local 

optima due to limited search skill. The MO is suggested as a promising remedy for tackling 

intricate problems, and its performance has been deemed satisfactory in various studies. To 

assess the usefulness of the MO, trials are conducted engaging UCI datasets. 
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The article [31] explores the aggregate capability to amass an extensive variety of 

miscellaneous data, with a specific emphasis on time-series information, which harbors a 

substantial reservoir of untapped insights. Former data mining tactics frequently encounter 

constraints when considering time-series information, especially when handling with multi-

dimensional time-series that necessitate joint inspection to extract significant insights. In 

answer, the paper employs an alternative clustering method termed K-MDTSC (K-Multi-

Dimensional Time-Series Clustering), specifically designed to tackle the grouping of multi-

dimensional time-series. The results demonstrate that K-MDTSC yields satisfactory grouping 

results, mainly in the context of intricate artificial datasets. In a broader context, the article 

underscores the importance of grouping multi-dimensional time-series and showcases the 

usefulness of the K-MDTSC system in both simulated and real-world settings. The 

discoveries indicate that K-MDTSC has the potential to be a appreciated instrument for 

mining information from intricate multi-dimensional time-series information, especially in 

manufacturing uses like extrapolative preservation. 

The Particle Swarm Optimization (PSO) method, as outlined in reference [32], is a 

extensively employed technique for computing the optimal solution across several variables 

in objective functions. In this investigation, a novel PSO approach is recognized with the 

precise aim of computing the optimal value for multidimensional objective functions. The 

PSO iterative process encompasses several extensive iteration steps, each comprised of two 

stages. During the initial phase, a developmental procedure is utilized to effectively explore 

the multi-dimensional parameter space. The subsequent phase employs the conventional PSO 

methodology to ascertain the global optimum value of the function. In sum, the article 

introduces a fresh PSO scheme tailored for optimizing functions, showcasing its efficacy and 

heightened precision through comprehensive examination and exploration. This scheme has 

the prospective to prove valuable across a spectrum of systematic and engineering 

solicitations. 

The article [33] delves into the active illustration of clusters to comprehend their 

characteristics pertaining to size and arrangement. Since uncertain approaches alone might 

not provide a holistic view of cluster structures, independent theoretical investigations are 

necessary to achieve a comprehensive understanding of the proportioned processes and 

attributes of the clusters. To identify multiple minima and ultimately ascertain the global 

minima for the clusters, potential energy surfaces (PES) are explored. Numerous optimization 

methods are devised and applied to resolve regular isomers within distinct functional sets, 

such as the utilization of the Genetic Algorithm (GA). This paper aims to scrutinize the 

optimization techniques, assessment methodologies, and the accuracy of results attained 

through the implementation of these schemes across diverse cluster categories. 

The article [34] tackles the significant issue of the Oath of Dimensionality, a challenge that 

hinders development across numerous domains, containing bioinformatics. In response to this 

obstacle, the authors present a collaborative explanation that merges a clambering based 

approach for reducing dimensionality with estimation scheme based on PSO scheme. The 

paper concentrates on attribute assortment for cancer prophecy, employing a sophisticated 

Spark Distributed PSO (SDPSO). The offered methodology merges Binary PSO (BPSO) with 
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the standard PSO approach to attain competent and accurate attribute choice. In conclusion, 

the introduced SDPSO technique demonstrates remarkable productivity and exactitude in the 

context of attribute assortment for cancer prophecy, underscoring its prospective to combat 

the Oath of Dimensionality and enhance efficiency in solicitations within the realm of 

bioinformatics. 

3. Hybrid K-Means - Coyote Optimization Method 

3.1. K-Means Method 

K-Means is an extensively used clustering method grounded on a specific exploration of 

variances methodology. It segregates the entire dataset into T clusters through eq. (1). 

𝜗 = ∑∑𝑑2(𝑁𝑔 − 𝐸ℎ)                                     (1)

|𝐷|

ℎ=1

𝑇

𝑔=1

 

Here, 

𝑑2(𝑁𝑔 − 𝐸ℎ) = Euclidean distance square from gth cluster centre to hth data element value 

|𝐷| = Dataset Size 

The K-Means method assigns all data element values to the cluster that is in proximity to the 

centre (whole data element values mean inside a cluster) of that cluster. Subsequently, it 

computes the resemblance between data element values and the centre, subsequently 

reassigning the data element values in the dataset to the centre of the cluster. This process of 

data element values reallocation to cluster centres persists until a convergence criterion is 

met. 

3.2. Coyote Optimization (CO) 

A CO technique represents the most recently formulated strategy relying on the coyote's 

adaptive behaviors within the environment and its adaptive learning. The CO ensures a 

balanced harmony between exploration and implementation. 

The CO method commences with the utilization of the overall population (O) and the 

complete count of coyotes (Y) as the original solution. The social behavior inherent in 

coyotes is employed as the objective function, accounting for the model's cost (M_C) (as 

defined in eq. (2)). 

𝑀_𝐶𝑦
𝑜,𝑡 = 𝜑 = [𝜑1, 𝜑2, 𝜑3, … . . 𝜑𝑛]                                         (2) 

Here, 

y = Coyote value 

o = Coyotes set 
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t = Coefficients formulating Time 

𝜑𝑛 = nth coyote cost 

At first, a couple of casual coyotes is acquired as preliminary solutions in the assessment 

region, which are assessed using eq. (3). 

𝑀_𝐶𝑦,𝑗
𝑜.𝑡 = 𝐵𝑇𝑗 + 𝜏 × (𝑇𝑇𝑗 − 𝐵𝑇𝑗)                                       (3) 

Where, 

TTj & BTj = Top Threshold and Bottom Threshold value of jth variable in assessment zone. 

𝜏 = Indiscriminate numeral (𝜏 ∈ [0,1]) 

Each coyote's performance is measured by the target function (TAR); defined in eq. (4). 

𝑇𝐴𝑅𝑦
𝑜,𝑡 = 𝐹𝑢𝑛(𝑀_𝐶𝑦,𝑗

𝑜,𝑡)                                               (4) 

This method alters the group`s location in a random manner. Additionally, agents adjust their 

positions by transitioning from single group to another. The process of transitioning is 

determined using a probabilistic design (as defined by eq. (5)). 

𝑂 = 0.005 × (𝑌)2                                                                    (5) 

At this time, deliberate the values of 𝑌 ≤ √200 &  𝑂 > 1. The maximum number of coyotes 

is allowed in each group is limited to 14, aiming to diversify the methodology, i.e., promoting 

traditional shifts among coyotes. The best solution from each iteration is referred to as the 

Chi (χ) coyote and is computed through eq. (6). 

𝜒𝑜,𝑡 = 𝑀_𝐶𝑦
𝑜,𝑡           ∀     𝑚𝑖𝑛𝑖𝑚𝑢𝑚(𝑇𝐴𝑅𝑦

𝑜,𝑡)                                        (6) 

The common features of coyotes in terms of Cultural Conversion (CC) are appraised via eq. 

(7). 

𝐶𝐶𝑗
𝑜,𝑡 =

{
 

 
𝑄𝑌+1

2
,𝑗

𝑜,𝑡                                         , 𝑌 =  𝑜𝑑𝑑 𝑛𝑢𝑚𝑒𝑟𝑎𝑙

1

2
(𝑄𝑌

2
,𝑗

𝑜,𝑡 + 𝑄𝑌
2
+1,𝑗

𝑜,𝑡 )                                 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                 (7) 

Where, 

Qo,t = Coyotes social state of jth variable on behalf of group o at time t. 

The CO also takes into account the Coyotes' Life Cycle (CLC), integrating a fusion of 

ecological elements and the communal conduct of the parent coyotes (expressed in eq. (8)). 
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𝐶𝐿𝐶𝑗
𝑜,𝑡 = {

𝑀_𝐶𝑎1,𝑗
𝑜,𝑡                                             , 𝑎𝑗 < 𝐵𝑑  𝑜𝑟  𝑗 =  𝑗1

𝑀_𝐶𝑎2,𝑗
𝑜,𝑡                               , 𝑎𝑗 ≥ 𝐵𝑑 + 𝐵𝑟  𝑜𝑟  𝑗 =  𝑗2 

𝜔𝑗                                                                          , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                    (8) 

Here, 

aj = Capricious number (𝑎𝑗 ∈ [0,1]) 

a1 & a2 = Capricious coyotes in group o. 

j1 & j2 = Capricious developmental variables. 

𝜔𝑗 = Capricious value within the scope of developmental variable. 

Bd & Br = Distribute and Relationship prospects illustrating the cultural conversion of 

coyotes in group (eq. (9) & eq. (10)). 

𝐵𝑑 =
1

𝑚
                                                                            (9) 

𝐵𝑟 =
1

2
(1 − 𝐵𝑑)                                                        (10) 

Where, 

m = Dimensions of Variable. 

The process of equating CLC is outlined in algorithm 1. 

Algorithm 1: Coyotes` Life Cycle (CLC) 

Choose u and v 

If (u = 1) 

CLC survives and coyote in v end 

Else if (u > 1) 

CLC survives and ancient coyote in v end 

Else 

CLC end 

END if 

Where, 

u = Overall group coyotes 

v = Coyotes worst outputs. 
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The likelihood of coyote elimination is set at 10%. The cultural conversion between groups is 

elucidated using two expressions (𝜆1&𝜆2) (eq. (11) & eq. (12)). 

𝑜,𝑡𝜆1 = 𝜒𝑜,𝑡 −𝑀_𝐶𝑒1  (11) 

𝜆2 = 𝐶𝐶
𝑜,𝑡 −𝑀_𝐶𝑒2

𝑜,𝑡  (12) 

Here, 

𝜆1 = Culture separation among frontrunner (Chi) and acquired coyote (e1). 

𝜆2 = Culture separation amoung group culture designing and acquired coyote (e2). 

Eq. (13) is employed to alter the social behavior based on the interaction between the 

frontrunner and the group. 

𝐿𝑀_𝐶𝑦
𝑜,𝑡 = 𝑀_𝐶𝑦

𝑜,𝑡 + 𝑎1 × 𝜆1 + 𝑎2 × 𝜆2  (13) 

Where, 

a1 and a2 = Capricious values in the range of [0, 1]. 

The modified cost is computed using eq. (14) and eq. (15) ultimately with the aid of 

adjustment formulas. 

𝐿𝑇𝐴𝑅𝑦
𝑜,𝑡 = 𝐹𝑢𝑛(𝐿𝑀_𝐶𝑦

𝑜,𝑡)  (14) 

𝐿𝑀_𝐶𝑦
𝑜,𝑡  , 𝐿𝑇𝐴𝑅𝑜,𝑡 < 𝑇𝐴𝑅𝑦

𝑜,𝑡

𝑀_𝐶𝑦
𝑜,𝑡  , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑀_𝐶𝑦
𝑜,𝑡+1 = {

𝑦
                             (15)

A notable aspect of these methodologies is their capacity to escape from local optima. 

3.3. Hybrid Coyote Optimization with K-Means (HCOK) 

The usefulness of the K-Means clustering technique is elevated through the utilization of the 

Hybrid Coyote Optimization with KMeans (HCOK). At the start, the K-Means method is 

employed to conduct clustering on the provided datasets, partitioning them into designated 

clusters based on the smallest Euclidean distances. Subsequently, the optimized centres for 

whole clusters are computed utilizing the CO approach. In this process, all clusters are 

adjusted as a coyote, and all data element values are prepared as a search agent. 

Consequently, all coyote modifies its position based on its fitness value, aiming to diminish 

intracluster distances mean total. For all cluster, the coyote assesses its optimal position in 

order to determine the optimal centres. 
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4. 2CHCOKC - A 2D Chaotic based Hybrid Coyote Optimization with K-Means for 

Clustering 

The CO method is altered utilizing 2D chaotic dynamics. The practical outcomes for 

numerical optimization are achieved through the CO method, which is well-suited for 

assessment and execution in an extensive search space. Nevertheless, the data clustering 

approach significantly differs from numerical optimization. Currently, multiple crucial 

characteristics are accustomed, and the employment of 2D chaotic dynamics for data 

clustering is executed via a 2CHCOKC method. 

4.1. 2D Chaotic based Population Production of CO Method 

An modified CO is formulated employing 2D chaotic dynamics to mitigate unwise 

convergence catastrophe. The incorporation of 2D chaotic in the CO method is designed to 

address the concern of regional optima by employing arbitrary numbers. 

This map exhibits significantly more intricate chaotic dynamics and a faster rate of iteration 

compared to its 1D counterpart, a characteristic lacking in high dimensional chaotic systems. 

The mathematical representation of the 2D chaotic dynamic is provided below (eq. (16) & eq. 

(17)): 

𝐽𝜃+1 = 𝑡𝑎𝑛
−1 [

𝑟

10 ∗ 𝑞 ∗ 𝐾𝜃
+ tan (𝑞 ∗ 𝜋 ∗ 𝐽𝜃)]                               (16) 

𝐾𝜃+1 = 𝑡𝑎𝑛
−1 [

𝑟

𝑞 ∗ 𝐽𝜃
+ tan (10 ∗ 𝑞 ∗ 𝜋 ∗ 𝐾𝜃)]                                 (17) 

Here, 

q & r = Coefficients 𝑞, 𝑟 ∈ (−∞,+∞). 

Within the framework of 2D chaotic, the tan-1 function is employed for map compression. 

While the use of the tan-1 function as a monotonic operation ensures an additional identical 

scattering of the chaotic arrangement. Furthermore, the chaotic system encompasses a 

broader chaotic system, rendering it better fit for data clustering.. 

The preliminary population (O) of the CO are established by evaluating the 2D chaotic 

dynamics (eq. (16) to eq. (17)), with the goal of amplifying the efficiency of the CO method 

over the appropriate exploitation of an extensive solution zone. 

4.2. The Overall 2CHCOKC Method for Data Clustering 

 

The integration of 2D chaotic focussed assortment of the population is engaged to attain an 

optimal outcome for data clustering within the 2CHCOKC framework (as depicted in Fig. 1 

and outlined in Algorithm 2). To initiate the process, the 2D chaotic dynamics (eq. (16) and 

eq. (17)) are engaged to construct the population (O) within the CO method. All individuals 

within this population are signified as a matrix indicated by Wx = W × T, where (Wx = 
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Separate attributes, W = Whole elements in the dataset, T = Whole cluster centers). The 

locations of the T cluster centers are organized in a matrix, through all centers connected to 

its corresponding collection of W attributes. The preliminary values of these definite matrices 

are casually and consistently generated inside the range defined by the minor and superior 

element values extant in the dataset, over an recapitulation threshold (G). Subsequently, the 

2CHCOKC method is realized to estimate the entire individuals fitness values (eq. (2) to eq. 

(15)). 

Algorithm 2: The Overall 2CHCOKC Method 

Algorithm           Number of Operations 

START 

Select T capricious values as cluster centres      1 

WHILE end condition is not attained DO      G+1 

 FOR each data element value       G*(W+1) 

  Compute Euclidean distance from cluster centres to  

            the data element values (eq. (1))     G*W*T 

  Assign the data element values to least distance cluster  G*W 

 END FOR 

Measure the data element values average in all cluster   G*T 

Assign the average values as latest cluster centres    G*T 

END WHILE 

Return T Clusters         1 

FOR all clusters         T+1 

Initialize population (O) and Coyotes (Y) (eq. (3))    T 

Measure the coyote’s performance (Target function) (eq. (4))  T*O*Y 

WHILE end condition is not attained DO     T*(G+1) 

             FOR every coyote set o DO      T*G*Y 

   Describe the χ coyote of o coyote set (eq. (6))  T*G*O 

   Evaluate the Cultural Conversion (CC) of coyote set  

                        (eq. (7))       T*G*O 
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   FOR every y coyote of coyote set o DO            T*G*(Y+1) 

    Modify the social behaviour (eq. (13))  T*G*Y 

    Calculate new coyote performance (target function)  

                                    (eq. (14))      T*G*Y 

    Modify Model Cost (eq. (15))    T*G*Y 

   END FOR 

   Develop Coyote Life Cycle (CLC) (eq. (8) & Algorithm 1) T*G*O 

  END FOR 

  Transition between coyote set (eq. (5))    T*O 

END WHILE 

Choose the optimal coyote       T 

END FOR 

STOP 
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Fig. 1: The flowchart of 2CHCOKC Method 

5. Results and Analysis 

This section provides a brief description of the five massive datasets (as shown in Table 1) 

and the assessments metrics for 2CHCOKC method. All of these methodologies are 

employed in the MATLAB 2022a software, working on a Windows 10 environment. 

Validation was performed using five complete datasets. The outcomes for the 2CHCOKC 

method are achieved over 400 iterations, encompassing various aspects containing F-

Measure, Accuracy, Standard Deviation, Root Mean Square Error, Time Complexity, Purity 

Index, Intra-Cluster Distance, and Statistical Explication. A comprehensive evaluation is 

executed against former methodologies such as K-Means, ALO, GO and CO conducted over 

35 separate runs. 

5.1. Datasets 

The 2CHCOKC method is applied to five noteworthy, massive datasets (HTRU, Dry Bean, 

Codon_Usage, Online_Shoppers_Intention, Credit Card Clients) (Table 1) sourced from the 

UCI repository. 
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Table 1: Datasets 

Sr. 

No. 

Datasets Overall 

Elements 

Overall 

Attributes 

Overall 

Clusters 

1 HTRU 12330 9 2 

2 Dry Bean 13611 17 7 

3 Codon_Usage 13028 69 9 

4 Online_Shoppers_Intention 12330 18 2 

5 Credit Card Clients 30000 25 2 

 

5.2. Assessment Metrics 

The 2CHCOKC method is assessed in various aspects containing F-Measure, Accuracy, 

Standard Deviation, Root Mean Square Error, Time Complexity, Purity Index, Intra-Cluster 

Distance, and Statistical Explication. 

5.2.1. Standard Deviation 

The fixed data clustering inside the average value range is reached utilizing a geometrical 

attribute identified as Standard Deviation (η). The most precise categorization is 

accomplished by exploiting the tiniest value of η (eq. (18)). 

𝜂 = √
∑(𝑆 − 𝑆̅)

|𝐷|
                                                                           (18) 

Here, 

S = Dataset Elements Points 

𝑆̅ = Average Value of Dataset Elements 

Table 2: Standard Deviation 

Datasets K-Means ALO GO CO 2CHCOKC 

HTRU 0.3245 0.2174 0.2019 0.1627 0.0892 

Dry Bean 0.4623 0.3182 0.2435 0.1278 0.1028 

Codon_Usage 0.1526 0.2637 0.3425 0.1426 0.0927 

Online_Shoppers_Intention 0.3452 0.2172 0.2736 0.1728 0.1126 

Credit Card Clients 0.4567 0.4253 0.3254 0.2232 0.1627 

 

As per the data presented in Table 2, the 2CHCOKC method identified the minimum η value 

among the five massive datasets. In relation to Standard Deviation (η), the 2CHCOKC 

outperforms CO, GO, ALO and K-Means by 16%, 32%, 34%, and 61% correspondingly 

through whole five datasets (Fig. (2)). 
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Fig. 2: Standard Deviation 

5.2.2. Intra-cluster Distance 

To initiate the process, the distances among data elements inside a cluster are calculated. 

Subsequently, the intra-cluster distance is identified as the average of these computed 

distances. The most optimal clustering is attained by picking the tiniest value of intra-cluster 

distance. By calculating the average of distances among cluster center and overall data 

elements inside the cluster, the distance mean is achieved. This practice is continued for 

every cluster. In the end, the average intra-cluster distance is deduced by amalgamating the 

average distances from whole clusters. 

Table 3: Average Rank (Intra-Cluster Distance) 

Dataset K-Means ALO GO CO 2CHCOKC 

HTRU 97.37 (5) 71.36 (3) 79.36 (4) 57.38 (2) 43.28 (1) 

Dry Bean 846.37 (4) 935.37 (5) 743.48 (3) 648.37 (2) 523.46 (1) 

Codon_Usage 7.836 (3) 8.374 (4) 9.372 (5) 7.483 (2) 4.372 (1) 

Online_Shoppers

_Intention 

10.368 (4) 12.364 (5) 9.327 (3) 8.382 (2) 6.372 (1) 

Credit Card 

Clients 

65.387 (5) 45.373 (3) 56.497 (4) 36.682 (2) 23.282 (1) 

Average Rank 

(𝑉∅) 
4.2 4 3.8 2 1 

 

Based on the data provided in Table 3, the 2CHCOKC method is identified the tiniest intra-

cluster distance among the five massive datasets. In terms of intra-cluster distance, the 

2CHCOKC demonstrates a superior efficiency compared to CO, GO, ALO and K-Means by 

17%, 36%, 39%, and 49% respectively through all five datasets (Fig. (3)). The strategies are 
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arranged in a hierarchy on the basis of the mean of their intra-cluster distances, spanning 

from the lowest to the highest (ranging from 1 to 4.2). 

 

Fig. 3: Average Rank (Intra-Cluster Distance) 

5.2.3. Root Mean Square Error (RS) 

The RS value measures the dissimilarity between expected and calculated values. The 

optimal clustering is managed by exploiting the tiniest RS value (eq. (19)). 

𝑅𝑆 = √
1

|𝐷|
∑(𝐸ℎ − 𝐸̂ℎ)

2

|𝐷|

ℎ=1

                                                        (19) 

Where, 

𝐸ℎ& 𝐸̂ℎ = hth element calculated and expected values in dataset. 

Table 4:  Root Mean Square Error (RS) 

Datasets K-Means ALO GO CO 2CHCOKC 

HTRU 0.304 0.235 0.215 0.198 0.132 

Dry Bean 0.327 0.274 0.263 0.187 0.103 

Codon_Usage 0.374 0.232 0.264 0.164 0.123 

Online_Shoppers_Intention 0.312 0.204 0.236 0.183 0.164 

Credit Card Clients 0.332 0.251 0.217 0.194 0.173 

 

The information presented in Table 4 demonstrates that the 2CHCOKC is produced the 

lowest RS value among the five massive datasets. In terms of Root Mean Square Error (RS), 

the 2CHCOKC outperforms CO, GO, ALO, and K-Means by margins of 18%, 61%, 65%, 

and 78%, respectively, through whole five datasets (Fig. (4)). 
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Fig. 4: Root Mean Square Error 

5.2.4. F-Measure 

Initially, Precision (C) and Recall (L) are measured to regain the information (eq. (20) & eq. 

(21)). Following this, C and L are joined to assess the F-Measure (M) (eq. (22) & eq. (23)). 

𝐶(𝛾, 𝛿) =
|𝐴𝛿𝛾|

|𝐴𝛿|
                                 (20) 

𝐿(𝛾, 𝛿) =
|𝐴𝛿𝛾|

|𝐴𝛾|
                                         (21) 

𝑀(𝛾, 𝛿) =
2 × 𝐶(𝛾, 𝛿) × 𝐿(𝛾, 𝛿)

𝐶(𝛾, 𝛿) + 𝐿(𝛾, 𝛿)
                                             (22) 

𝑀 =∑
|𝐴𝛾|

|𝐷|
𝑚𝑎𝑥{𝑀(𝛾, 𝛿)}

𝑇

𝛾=1

                                (23) 

Where,  

|𝐴𝛾|= γth class size. 

|𝐴𝛿|= δth cluster size. 

|𝐴𝛿𝛾|= Whole data elements of γth class entrusted to δth cluster. 

Table 5: F-Measure 

Dataset K-Means ALO GO CO 2CHCOKC 

HTRU 0.72 0.78 0.76 0.85 0.91 
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Dry Bean 0.73 0.8 0.78 0.86 0.9 

Codon_Usage 0.75 0.81 0.8 0.86 0.91 

Online_Shoppers_Intention 0.71 0.76 0.79 0.82 0.9 

Credit Card Clients 0.73 0.78 0.81 0.85 0.91 

 

As per Table 5, the 2CHCOKC is identified the utmost M value for the five massive datasets. 

In terms of F-Measure (M), the 2CHCOKC achieves a performance surpassing CO, GO, 

ALO, and K-Means by 8%, 15%, 19%, and 23% correspondingly through whole five datasets 

(Fig. 6). 

 

Fig. 5: F-Measure 

5.2.5. Purity Index 

Purity (U) functions as an indicator of the proficiency of clustering methods, showcasing the 

accuracy of formed clusters for data elements. As a result, whole elements attributed to a 

particular cluster can be exclusively assigned to that cluster. The Purity Index (I) is measured 

employing eq. (24) and eq. (25) derived from purity (U). Supreme purity is reached when the 

I value approaches 1. 

𝑈(𝐴𝛿) =
𝑚𝑎𝑥(|𝐴𝛿𝛾|)

|𝐴𝛿|
                                       (24) 

𝐼 = ∑
(|𝐴𝛿|𝑈(𝐴𝛿))

|𝐷|

𝑇

𝛿=1

                                    (25) 

Where, 

𝑈(𝐴𝛿) = δth cluster purity. 
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Table 6: Purity Index 

Dataset K-Means ALO GO CO 2CHCOKC 

HTRU 0.74 0.8 0.78 0.87 0.93 

Dry Bean 0.75 0.82 0.8 0.88 0.91 

Codon_Usage 0.76 0.84 0.82 0.89 0.92 

Online_Shoppers_Intention 0.73 0.78 0.81 0.85 0.92 

Credit Card Clients 0.75 0.79 0.83 0.87 0.93 

 

The information presented in Table 6 indicates that the 2CHCOKC is produced the highest I 

value among the five massive datasets. In accordance with the Purity Index (I), the 

2CHCOKC outperforms CO, GO, ALO and K-Means by margins of 7%, 14%, 17%, and 

25%, correspondingly, through whole five datasets (Fig. (6)). 

 

Fig. 6: Purity Index 

5.2.6. Accuracy 

The Accuracy (R) is measured by considering the arrangement of accurate clusters (i.e., 

estimating the proportion of correct determinations) and specifying the section of clusters 

within the predominant cluster (eq. (26)). 

𝑅 =
∑ 𝐴𝛿
𝑇
𝛿=1

|𝐷|
∗ 100%                                   (26) 

Table 7: Accuracy (%) 

Dataset K-

Means 

ALO GO CO 2CHCOKC 

HTRU 75 85 81 91 94 

Dry Bean 74 81 78 86 92 

Codon_Usage 76 80 78 87 92 

Online_Shoppers_Intention 73 79 80 86 91 
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Credit Card Clients 77 82 83 88 93 

 

The information in Table 7 indicates that the 2CHCOKC is achieved the highest R (%) value 

among the five massive datasets. In terms of Accuracy (R), the 2CHCOKC surpasses CO, 

GO, ALO and K-Means by margins of 9%, 15%, 19%, and 26%, respectively, through whole 

five datasets (Fig. (7)). 

 

Fig. 7: Accuracy 

The application of K-Means in combination with the CO approach for clustering guarantees 

exact and proficient distribution of data points inside the dataset. The inclusion of 2D chaotic 

behavior is integrated into the first population creation of the CO approach to enrich the 

search and employment skills of coyotes inside the group, a technique substantially engaged 

for the scattering of cluster members. As a result, the 2CHCOKC method creates cluster 

centers and members of superiority. Therefore, 2CHCOKC produces superior results 

compared to the CO, GO, ALO and K-Means methodologies. 

5.3. 2CHCOKC method Time Complexity 

The time complexity is measured through executing the clustering and counting the overall 

operations. The cost per step is agreed at 1 unit for every operation. The entire Execution 

Cost (C_X) is computed through algorithm 2 in conjunction with eq. (27) and eq. (28). 

𝐶_𝑋 = 1 + 𝐺 + 1 + 𝐺 ∗ (𝑊 + 1) + 𝐺 ∗ 𝑊 ∗ 𝑇 + 𝐺 ∗ 𝑊 + 𝐺 ∗ 𝑇 + 𝐺 ∗ 𝑇 + 1 + 𝑇 + 1 + 𝑇 + 𝑇 ∗ 𝑂 ∗ 𝑌 + 𝑇

∗ (𝐺 + 1) + 𝑇 ∗ 𝐺 ∗ 𝑌 + 𝑇 ∗ 𝐺 ∗ 𝑂 + 𝑇 ∗ 𝐺 ∗ 𝑂 + 𝑇 ∗ 𝐺 ∗ (𝑌 + 1) + 𝑇 ∗ 𝐺 ∗ 𝑌 + 𝑇 ∗ 𝐺 ∗ 𝑌

+ 𝑇 ∗ 𝐺 ∗ 𝑌 + 𝑇 ∗ 𝐺 ∗ 𝑂 + 𝑇 ∗ 𝑂 + 𝑇                                                         (27) 

𝐶𝑋 = 𝐺 ∗𝑊 ∗ 𝑇 + 𝑇 ∗ 𝑂 ∗ 𝑌 + 5 ∗ 𝑇 ∗ 𝐺 ∗ 𝑌 + 3 ∗ 𝑇 ∗ 𝐺 ∗ 𝑂 + 2 ∗ 𝐺 ∗ 𝑊 + 4 ∗ 𝐺 ∗ 𝑇 + 𝑇 ∗ 𝑂 + 2 ∗ 𝐺 + 4 ∗ 𝑇

+ 4                                                                                                                         (28) 

Recognize that whole factors are indistinguishable in eq. (28) under worst-case conditions; 

thus, eq. (29) is formulated in the following manner: 
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𝐶_𝑋 = 10𝑁3 + 7𝑁2 + 6𝑁 +  4                                                                 (29) 

In the most unfavorable situations, for the 2CHCOKC, CO, GO, and ALO methods, the time 

complexities amount to O(N3), whereas for K-Means, it stands at O(N2). Consequently, all 

methods demonstrate a polynomial time complexity. 

5.4. Statistical Explication 

The statistical explication is conducted to determine the extent of significant differences 

among the effects of clustering approaches. In this situation, a nonparametric Friedman 

Valuation (FV) is performed to examine variations among the array of consecutive significant 

variables. Each clustering method is evenly effective, corroborating the null hypothesis (H₀). 

The Friedman Valuation (FV) is measured utilizing eq. (30). 

𝐹𝑉 =
12 ∗ 𝛼

𝛽 ∗ (𝛽 + 1)
[∑(𝑉∅)

2 −
𝛽 ∗ (𝛽 + 1)2

4

5

∅=1

]                                          (30) 

Where, 

α = Whole Datasets 

β = Whole Clustering Methods 

𝑉∅= ∅th Method Average Rank 

The FV critical value of 2.33274 is measured using F-distribution reference [35] utilizing 

degrees of freedom (α - 1) and (α – 1) * (β – 1), within the interval of 4 (for (5 - 1)) and 16 

(for (5 – 1) * (5 – 1)) to accommodate the application of 5 clustering methods (α = 5) on 5 

datasets (β = 5) with a significance level of µ = 0.10. The computed FV score surpasses the 

critical value for null hypothesis (H₀) rejection; otherwise, H₀ is embraced. The calculated FV 

value (equation (27)) is 36.16 for the utilization of 5 clustering methods (α = 5) across 5 

datasets (β = 5) with a significance level of µ = 0.10. Thus, the determined FV value 

surpasses the critical FV threshold, leading to the refusal of H₀. 

Therefore, a subsequent examination is conducted using the Holm methodology, wherein the 

suggested 2CHCOKC is subjected to statistical assessment with other clustering methods 

within this analysis. Initially, the Z-score is calculated through eq. (31) and eq. (32), followed 

by the computation of Probability (P) using the Z-score and a standard normal distribution 

reference [36]. Finally, the Hρ value (as provided in Table 8) is determined using the formula  
𝜇
(𝛼 − 𝜌)⁄ . 

𝑍 =  
𝑉𝜌 − 𝑉∅

𝜀
                                                                                     (31) 

Where, 
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𝜀 = √
𝛼 ∗ (𝛼 + 1)

6 × 𝛽
                                      (32) 

Table 8: Holm Methodology Analysis 

𝝆 Methods Z-value H-value 𝜇
(𝛼 − 𝜌)⁄  Hypothesis 

1 K-Means -3.2 0.00069 0.025 Rejected 

2 ALO -3 0.00135 0.033 Rejected 

3 GO -2.8 0.00256 0.05 Rejected 

4 CO -1 0.15866 0.10 Accepted 

 

Based on Table 8, the 
𝜇
(𝛼 − 𝜌)⁄  ratio surpasses the Hρ value, implying the null hypothesis 

rejection across all scenarios. As a result of the aforementioned analysis, the suggested 

2CHCOKC and CO methods demonstrate superior clustering proficiency when compared to 

the GO, ALO and K-Means methods. 

6. Conclusions and Future Work 

data clustering plays a crucial role across diverse industries, including education, healthcare, 

and decentralized business environments. Utilizing various classification techniques, different 

datasets are effectively managed and analyzed to enhance the quality of data sharing in 

decentralized setups. While K-Means stands as a well-established and intuitive clustering 

method, it faces challenges related to selecting initial cluster centers and converging to local 

optima, which can hinder its effectiveness. To address these limitations and enhance 

clustering accuracy, optimization methods come into play. In this context, the innovative 2D 

Chaotic based Hybrid Coyote Optimization with K-Means for Clustering (2CHCOKC) 

method is introduced. Its primary objective is to achieve precise and efficient distribution of 

data values within datasets. This is accomplished by leveraging a 2D chaotic map for 

population initialization. The incorporation of this chaotic map aims to enhance the 

capabilities of search agents within the optimization framework, leading to more accurate and 

optimal classification of both cluster centers and members. 

The implementation of the 2CHCOKC method using MATLAB 2022a on massive datasets 

showcases its exceptional efficacy when compared to existing approaches like K-Means, 

ALO, GO, and CO. This comparison spans various critical metrics, including F-Measure, 

Accuracy, Standard Deviation, Root Mean Square Error, Time Complexity, Purity Index, 

Intra-Cluster Distance, and Statistical Explication. The success of the 2CHCOKC method 

underscores its potential to significantly improve clustering outcomes, making it a promising 

avenue for advancing clustering techniques in various real-world applications. Moving ahead, 

the envisaged approach is anticipated to project and authenticate using extensive databases 

within the realm of big data. Furthermore, consistent communication is anticipated to furnish 

and corroborate within the framework of the Internet of Things (IoT) in the times ahead. 
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