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Abstract

Clustering, a fundamental technique in machine learning, plays a pivotal role in pattern recognition, data
mining, and exploratory data analysis. This paper provides a comprehensive exploration of clustering
algorithms, evaluation metrics, applications, challenges, and recent advancements in the field. We discuss
various types of clustering algorithms including partitioning-based, density-based, hierarchical, and
distribution-based methods, along with their strengths and limitations. Evaluation metrics for assessing the
quality of clusters are examined, encompassing both internal and external measures. Real-world
applications of clustering across diverse domains such as image segmentation, customer segmentation,
anomaly detection, and document clustering are elucidated. Furthermore, we delve into the challenges
faced by clustering algorithms including sensitivity to initialization, scalability issues, and interpretability
concerns.
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Introduction
Clustering, a fundamental concept in machine learning, is the process of grouping similar data points into

clusters or segments based on their inherent patterns and characteristics. It serves as a cornerstone in
various domains including data mining, pattern recognition, and exploratory data analysis. The primary
goal of clustering is to discover underlying structures within datasets, enabling better understanding and
organization of complex data. This introductory section provides an overview of clustering algorithms,
evaluation metrics, applications, challenges, and recent advancements in the field. By elucidating the

significance and implications of clustering in machine learning, this research paper aims to provide a
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comprehensive understanding of this essential technique and its diverse applications across different

domains [1].

Concept of Clustering

Cluster analysis is a powerful technique that divides data into meaningful groups, known as clusters, with
the goal of capturing the inherent structure of the data. These clusters should reflect the natural
relationships or patterns present in the data. For instance, cluster analysis has been instrumental in grouping
related documents for browsing, identifying genes and proteins with similar functionality in
bioinformatics, and pinpointing spatial locations prone to earthquakes in geospatial analysis.

However, cluster analysis serves various purposes beyond just identifying meaningful clusters. It can also
be used as a starting point for other tasks such as data compression or efficiently finding the nearest
neighbours of data points in algorithms like K-nearest neighbours (KNN). Whether the goal is
understanding the underlying structure of the data or achieving practical utility, cluster analysis has found
applications across a diverse range of fields.

Indeed, cluster analysis has a long history of application in fields such as psychology, biology, statistics,
pattern recognition, information retrieval, machine learning, and data mining. There are several categories
of clustering algorithms, each with its own approach to grouping data points into clusters. These categories
include partitioning methods (e.g., Kmeans), hierarchical methods (e.g., agglomerative clustering),
density-based methods (e.g., DBSCAN), grid-based methods (e.g., CLARANS), and model-based
methods (e.g., Gaussian Mixture Models) [2]. The below figure 1. Shows the graphical representation of
clustering.

(Created using python, scikit learn, seaborn , matplotlib).
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Figure 1 Clustering in Machine Learning

Importance of Clustering

Clustering is valuable across various fields such as exploratory pattern analysis, grouping, decision-
making, and machine learning tasks like data mining, document retrieval, image segmentation, and pattern
classification. In many of these scenarios, there's limited prior information available about the data, and
decision-makers aim to minimize assumptions about the data.

Under these circumstances, clustering methodology is particularly suitable for exploring relationships
among data points to understand their structure, even if it's just a preliminary assessment. However,

different research communities use the term "clustering™ with varying terminologies and assumptions
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about the clustering process and its applications. This diversity presents a challenge in defining the scope

of any survey on clustering methods [3]. Clustering Algorithms

Clustering algorithms are methods used in machine learning to group similar data points together based on
certain criteria. These algorithms aim to identify patterns and structures within datasets without prior
knowledge of the groups. There are various types of clustering algorithms, each with its own approach and
characteristics.

A clustering algorithm is a computational method used in machine learning to organize data points into
groups or clusters based on their similarities. The goal is to identify natural groupings within the data
without prior knowledge of the groups. Clustering algorithms examine the characteristics of data points,
such as distance or density, to determine which points belong together in the same cluster. By grouping
similar data points together, clustering algorithms help uncover patterns, structures, or relationships within
the data, which can be valuable for various applications such as data analysis, pattern recognition, and
anomaly detection. These algorithms come in various types, each with its own approach to defining
clusters, such as partitioning, hierarchical, density-based, or model-based methods. Ultimately, clustering
algorithms play a crucial role in understanding and organizing complex datasets, facilitating insights and

decision-making in diverse fields [4]. The below Figure 2 Shows the representation of types of clustering

[5].
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Figure 2 Types of Clustering Algorithm

Hierarchical Clustering

This category is a paradigm of cluster analysis to generate a sequence of nested partitions (clusters) which
can be visualized as a tree or so to say a hierarchy of clusters known as cluster dendrogram. Hierarchical
trees can provide a view of data at different levels of abstraction. This hierarchy when laid down as a tree
can have the lowest level or say leaves and the highest level or the root. Each point that resides in the leaf
node has its own cluster whereas the root contains of all points in one cluster. The dendrogram can be cut
at intermediate levels for obtaining clustering results; at one of these intermediate levels meaningful
clusters can be found. The hierarchical approach towards clustering can be divided into two classes: a)
agglomerative b) divisive. Hierarchical clustering solutions have been primarily obtained using

agglomerative algorithms.!
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The below Figure 3 Shows the graphical representation of Hierarchical clustering. (created using python,

scikit learn, seaborn, matplotlib).
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Figure 3 Hierarchical Clustering
Partitioning-based Clustering
Partitional clustering algorithms partition the dataset into a predetermined number of clusters, aiming to
minimize specific criteria, such as a square error function, which can be viewed as optimization problems.
However, these optimization problems are often NP-hard and involve combinatorial complexity.
The advantages of hierarchical clustering algorithms contrast with the drawbacks of partitional algorithms,
and vice versa. Due to their advantages, partitional clustering techniques are more commonly employed in
pattern recognition compared to hierarchical techniques.
Partitional clustering algorithms typically involve iterative processes that converge to local optima.
Drawing from the general iterative clustering framework proposed by Hamerly and Elkan, the steps of an
iterative clustering algorithm include:
1. Randomly initializing the centroids of the K clusters.
2. lterating through the following steps:
- For each pattern in the dataset, computing its membership to each centroid and its
corresponding weight.
« Recalculating the centroids of the K clusters based on the updated memberships and
weights.

This iterative process continues until a stopping criterion is met, such as convergence of cluster centroids
or reaching a maximum number of iterations. Through this iterative approach, partitional clustering
algorithms iteratively refine the cluster centroids to partition the data into meaningful clusters [7].
The below Figure 4 Shows the graphical representation of Partitioning-based clustering.
(created using python , scikit learn, seaborn , matplotlib).
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Figure 4 Example of Partitioning-Based Algorithm

Density-based Clustering

Density-based clustering is a method used to identify clusters of arbitrary shapes within spatial databases
while accounting for noise. This approach forms clusters based on sets of points that are densely connected
in terms of their proximity to each other. Two crucial concepts in density-based clustering are density-
reachability and density-connectivity. To perform density-based clustering, two input parameters are
required: Eps (radius) and MinPts (minimum number of points needed to form a cluster). The algorithm
starts by selecting an arbitrary starting point that hasn't been visited. It then retrieves the eneighbourhood
around this point, and if it contains enough points, a cluster is initiated. Otherwise, the point is labelled as
noise.

Two commonly used density-based clustering algorithms are DBSCAN (Density-Based

Spatial Clustering of Applications with Noise) and OPTICS (Ordering Points to Identify the Clustering
Structure). These algorithms are designed to efficiently identify clusters in spatial datasets while handling
noise and allowing for clusters of varying shapes and densities.[® The below Figure 5 Shows the graphical

representation of Density-based clustering. (created using python, scikit learn, seaborn , matplotlib).
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Figure 5. Density Based Clustering

Model-Based Clustering
Model-based clustering is a statistical technique used to group data points into clusters based on their

observed features. It assumes that the data has been generated from a finite combination of component
models, where each component model represents a probability distribution. These distributions are often

parametric and can capture the underlying structure of the data.
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For example, in a multivariate Gaussian mixture model, each component represents a multivariate

Gaussian distribution, which helps describe the data's variability across multiple dimensions. The
component model that generates a specific observation determines the cluster to which that observation
belongs.
Model-based clustering aims to improve the fit between the observed data and a mathematical model by
assuming that the data are generated by a combination of these component probability distributions. This
approach allows for a more nuanced understanding of the data's underlying patterns and facilitates the
identification of distinct clusters within the dataset [9].
Model Specification:

» We aim to find the overall probability distribution function g(y) that represents the entire dataset.

This function will be a combination of the probability distributions of each individual cluster.
* We represent each cluster k by its probability density function fk(y). This function describes the

pattern of data points within cluster k.

* We introduce 7k, which represents the proportion of the dataset that belongs to cluster
k. It indicates the relative size or weight of each cluster in the dataset.

» To obtain the overall distribution g(y), we sum up the contributions from each cluster. For each
cluster k, we multiply its proportion zk by its probability density function fk (y), representing the

likelihood of a data point being in that cluster.

» Putting it all together, we arrive at the formula:
9(y) = XFk=11k f(k)y.[10]
The below Figure 6. Shows the graphical representation of Model-based clustering.

(Created using python , scikit learn, seaborn , matplotlib).
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Figure 6 Model-Based Clustering

Fuzzy Clustering

Fuzzy cluster analysis is a technique that allows data points to belong to clusters to varying degrees,
measured on a scale from 0 to 1. This flexibility means that data points can belong to multiple clusters
with different levels of certainty. Instead of rigidly assigning data points to clusters, fuzzy clustering

considers the uncertainty inherent in cluster assignments. In this approach, clusters are represented as
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fuzzy sets rather than strict subsets of the data, allowing for more nuanced interpretations of cluster
membership. Each data point is assigned a membership degree to each cluster, indicating how strongly
it belongs to that cluster. Rather than assigning a single label to each data point indicating its cluster
membership, fuzzy clustering assigns a vector of membership degrees, capturing the data point's
relationship with each cluster.
The fuzzy partition matrix summarizes these membership degrees for all data points and clusters,
providing a comprehensive view of the data's clustering structure. This approach is particularly useful
when clusters are ambiguous or overlapping, as it allows for a more flexible and detailed representation
of the data.[11]
Algorithm for Fuzzy Clustering:
The Fuzzy C-Means (FCM) algorithm is a method used to divide a collection of data points
X={X1,X2,....Xn}into a set of clusters C, where each data point Xi is represented as a vector with d
dimensions.
In FCM, we aim to assign each data point Xi to one or more clusters represented by cluster centers
V1,Va,...,Vc. This assignment is determined by a membership matrix U, where U(i,k) represents the degree
to which Xi belongs to cluster k.
Key characteristics of the membership matrix U are:
U(i,k) denotes the membership value of Xi in cluster k, with 1<i<N and 1<k<C.
The values of U(i,k) range from 0 to 1, indicating the degree of confidence that Xi belongs to cluster
k.
For each data point Xi, the sum of its membership values across all clusters k equals 1, ensuring
that each data point is fully assigned to a cluster.
The objective function of the FCM algorithm, denoted by J(U,V), is defined to minimize the
dissimilarity between data points and cluster centers. This objective function is computed as the
sum of squared distances between each data point and the cluster center it is assigned to, weighted
by the membership values U(i k).
Mathematically, the objective function is expressed as:

N
U= Zm Ly, , Ul K)MU(I. K)?
Where:
m is a weighting exponent that controls the degree of fuzziness in the clustering.
D(i,k) represents the distance between data point Xi and cluster center VK.
In summary, the FCM algorithm aims to minimize the objective function J(U,V) by iteratively
updating the membership matrix U and the cluster centers V until convergence, effectively

partitioning the data into fuzzy clusters based on the degree of membership of each data point.[12]
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The below Figure 7 Shows the graphical representation of fuzzy clustering. (created using python , scikit

learn, seaborn , matplotlib).

Fuzzy Clustering(FCM)

° % 'Q. ..o
o Kptide tt

4 . ¢ L .-‘6‘"{.0.
“e s,

° o® 32 000° b
3 '0 S e o o @
% ‘,v?ﬁ"-.
3, L e
& . . oo
. L

-3 -2 -1 0 1 2 3
Feature 1

Figure 7 Fuzzy Clustering

Utilizations of Clustering

Cluster analysis has found widespread success in diverse fields for uncovering valuable patterns in data.

In this section, we delve into the multitude of domains where clustering techniques have been effectively

applied.

1. BANKING

The banking sector, a leading force in global digitization, faces numerous challenges due to technological

advancements. Among these challenges, money laundering stands out as a significant threat. To combat

this threat, clustering analysis offers a valuable solution. One prominent example is the implementation of
the DBSCAN clustering algorithm within the Anti Money Laundering Regulatory Application System

(AMLRAS). This system utilizes DBSCAN to detect and flag suspicious financial transactions, thereby

addressing the issue of money laundering effectively. Through extensive testing on substantial financial

datasets, AMLRAS has demonstrated its ability to identify potential fraudulent activities, thus mitigating
the risk of money laundering.
2. Healthcare

The healthcare sector plays a critical role in society and requires continuous advancement to keep pace

with modern civilization. Clustering analysis has emerged as a valuable tool in modernizing healthcare

services, particularly in the field of diagnosis.

In the realm of disease detection, clustering algorithms have proven to be instrumental. They streamline
the process of identifying ocular diseases by segmenting retinal blood vessels, offering a more efficient
approach to diagnosis. Moreover, techniques like the Multivariate m-Medoids-based classifier have been
deployed for detecting neurovascularization in retinal images, contributing to improved diagnosis and
treatment planning. Additionally, the Kmeans clustering algorithm has been utilized in the detection of
tumours, aiding in the early diagnosis and management of cancer.[13] Challenges of clustering

In our survey, we've identified several potential issues with cluster analysis:
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1. Identification of Distance Measures: While distance measures like Euclidean, Manhattan, and
maximum distance are commonly used for numerical attributes, finding suitable measures for categorical
attributes is challenging.

2. Determining the Number of Clusters: It's difficult to determine the appropriate number of clusters,
especially when the number of class labels is unknown beforehand. A careful analysis of the data is crucial
to avoid merging heterogeneous tuples or splitting similar tuples unnecessarily, which could lead to
incorrect results. This is particularly problematic in hierarchical clustering, where incorrectly merging tuples
into a cluster cannot be undone.

3. Lack of Class Labels: Real-world datasets often lack explicit class labels, making it challenging to
understand the underlying distribution of data. Understanding where class labels might exist within the
dataset is essential for effective clustering analysis.[14]

CONCLUSION

In conclusion, clustering algorithms are essential tools for uncovering patterns and structures within datasets
across diverse domains. This research paper has provided an overview of various clustering algorithms,
includiOng hierarchical, partitioning-based, density-based, model-based, and fuzzy clustering. Each
algorithm offers unique approaches to clustering, addressing different data types and objectives.

We have also discussed the significance of pre processing techniques, parameter selection, and evaluation
metrics in ensuring the effectiveness of clustering solutions. Moreover, we explored the wide-ranging
applications of clustering in real-world scenarios, such as customer segmentation, anomaly detection, image
segmentation, and recommendation systems.

Despite its utility, clustering in machine learning presents challenges like sensitivity to initialization,
handling of missing values, and high-dimensional data. Overcoming these challenges requires careful
consideration of pre processing steps, algorithm selection, and evaluation methodologies. In summary,
clustering remains a powerful tool for extracting meaningful patterns and insights from complex datasets,

driving innovation and advancements in data-driven decision-making processes.

REFERENCES

[1]-https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-anddifferent-methods-of-

clustering/
[2]-M.S. Nathiya, Mrs. S.C. Punitha, International journal of computer science and Information security.

Vol.7, no-3, March 2010.
[3]-A. K. Jain, M.N. Murty and P.J. Flynn. Data clustering a review ACM computing surveys, vol 3, no 3
, September 1999.

[4]-https://www.pickl.ai/blog/types-of-clustering

[5]-

https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA enIN1051IN1051
&sxsrf=ACQVn0 zJGJjt7mchP8Gi6sM4i8C4R41hq:1710219241796&q=types+of+clustering+i
n+machine+learning&tbm=isch&source=Inms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEw iZrJST9-
2EAXW71jgGHdONBKEQOpQJeqQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=cllgZkPm YJF6QM

[6]-Komalpreet Bindra , Anurajan Mishra , A detailed study of clustering algorithm. IEEE 2017

IJCRT2403343 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ c769


http://www.ijcrt.org/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.analyticsvidhya.com/blog/2016/11/an-introduction-to-clustering-and-different-methods-of-clustering/
https://www.pickl.ai/blog/types-of-clustering
https://www.pickl.ai/blog/types-of-clustering
https://www.pickl.ai/blog/types-of-clustering
https://www.pickl.ai/blog/types-of-clustering
https://www.pickl.ai/blog/types-of-clustering
https://www.pickl.ai/blog/types-of-clustering
https://www.pickl.ai/blog/types-of-clustering
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM
https://www.google.com/search?sca_esv=e3cfa09dc78e108c&rlz=1C1GCEA_enIN1051IN1051&sxsrf=ACQVn0_zJGJjt7mchP8Gi6sM4i8C4R41hg:1710219241796&q=types+of+clustering+in+machine+learning&tbm=isch&source=lnms&prmd=ivsnbmtz&sa=X&sqi=2&ved=2ahUKEwiZrJST9-2EAxW71jgGHd0NBKEQ0pQJegQIERAB&biw=1536&bih=742&dpr=1.25#imgrc=clIqZkPmYJF6QM

www.ijcrt.org © 2024 1IJCRT | Volume 12, Issue 3 March 2024 | ISSN: 2320-2882

[7]-Mahamed Omran, Andries Engelbrecht , Ayed A. Salman, An overview of Clustering Methods Article
in Intelligent Data Analysis November 2007.

[8]-Attri Ghosal, Arunima Nandy, Amit kumar Das , Saptarsi Goswami and Mrityunjoy Pandey, A short
review on Diferrent clustering techniques and their applications. Springer Nature Singapore 2020.
[9]-Glory H.Shah , C.K. Bhensdadia , Amit p. Ganatra . An empirical evaluation of densitybased clustering
techniques, International Journal of soft computing and Engineering(IJSCE).

ISSN: 2231-2307, vol 2 , issue 1, march 2012.

[10]-Charles Bouveyron, Camille Brunet. Model-Based Clustering of High-Dimensional Data: A review.
Computational Statistics and Data Analysis, 2013, 71, pp.52-78. ff10.1016/j.csda.2012.12.008ff.
ffhal007509009f.

[11]-Rudolf Kruse , Christian Doring and Merie — Jeanne lesot, Fndamentals of fuzzy clustering and its
application. John wisely & sons LTD.

[12]- Tran Dinh Khang , Nguyen Duc Vuong , Manh-Kien Tran and Michael Fowler. Fuzzy C-Means
Clustering Algorithm with Multiple Fuzzification Coefficients. Licensee MDPI, Basel, Switzerland
Published: 30 June 2020.

[13]-Attri Ghosal, Arunima Nandy, Amit kumar Das, Saptarsi Goswami and mrityunjoypandey . A short
review on Diferrent clustering techniques and their applications. Springer Nature Singapore 2020
[14]-Parul Agarwal, M. Afshar Alam , Ranjit Biswas, Issues challenges and tools of clustering algorithms.

(JCSI) International journal of computer science issues, vol -8 , issue 3, No-2 , May 2011.

IJCRT2403343 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ c770


http://www.ijcrt.org/

