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Abstract

K-Means clustering is a widely used unsupervised learning algorithm for partitioning a dataset into
distinct clusters. Despite its popularity and simplicity, K-Means has several limitations, such as sensitivity
to initial centroids, convergence to local minima, and inefficiency with large datasets. This study reviews
recent advancements aimed at addressing these challenges and enhancing the performance of the
K-Means algorithm. Innovations include improved initialization methods, such as K-Means++, which
significantly reduce the chances of poor clustering results by selecting more optimal starting centroids.
Additionally, optimization techniques, such as using advanced optimization algorithms and parallel
processing, have been developed to accelerate convergence and handle larger datasets more efficiently.
We also explore hybrid approaches that combine K-Means with other clustering algorithms to achieve
more accurate and robust clustering outcomes. These advancements collectively contribute to the
enhanced performance, scalability, and robustness of the K-Means algorithm, making it more suitable for
a wider range of applications in data analysis and machine learning.
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INTRODUCTION

K-Means clustering is a popular unsupervised learning algorithm valued for its straightforward
approach and efficiency in grouping data into separate clusters based on shared features. Introduced by
Stuart Lloyd in 1957 and later generalized by MacQueen in 1967 [1], the algorithm has become a
fundamental tool in various fields such as image processing, market segmentation, and bioinformatics.
Although widely used, the traditional K-Means algorithm has its shortcomings. It is highly sensitive to
the choice of initial centroids, which can lead to suboptimal clustering results and convergence to local
minima. Additionally, K-Means struggles with large datasets due to its computational inefficiency and
the requirement for multiple iterations to achieve convergence.
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such as K-Means++, which selects initial centroids
in a way that significantly enhances the chances of
finding a globally optimal solution. This reduces the
likelihood of poor clustering outcomes and
enhances the overall performance of the algorithm.
Optimization techniques, including advanced
optimization algorithms and the utilization of
parallel processing, have also been proposed to
accelerate convergence and improve computational
efficiency. These methods enhance K-Means'
ability to efficiently process large datasets.
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Moreover, hybrid approaches that integrate K-Means with other clustering algorithms have been
explored to leverage the strengths of different methods and achieve more accurate and robust clustering
results. These combined approaches overcome the limitations of K-Means while maintaining its
straightforwardness and clarity.

This study aims to review these advancements in K-Means clustering, highlighting how these
innovations have contributed to boosting the algorithmic performance, scalability, and robustness of the
K-Means algorithm. By understanding and leveraging these improvements, practitioners and researchers
can apply K-Means clustering more effectively in various complex and large-scale data analysis scenarios.

The strategy behind the approach is to make k clusters by data defined say n. Distance between each
cluster and centroid is obtained. K number of clusters must always be less than the number of data sets
also called as data objects i.e. n. The research work is so designed to have literature survey part after
introduction; followed by proposed work methodology; after that result in the form of graphical
representation of samples; which again is followed by future work and scope of proposed methodology.
The methodology approach gives us a solution that how system can select the number of clusters and
how much iterations are to be formed. The results also produce the 2-D samples on X and Y axis; and
3-D samples’ results are shown in X, Y, and Z axis.

LITERATURE SURVEY

Singh and Bansal introduced a concept related to clustering techniques and how noise affects
them [2]. Their approach offers a straightforward method for classifying a dataset into a predetermined
number of clusters (denoted as k). The selection of k depends on the specific problem and domain, and
users typically experiment with different values. The algorithm is designed to minimize an objective
function, specifically a squared error function, where the chosen distance measured between a data point
and the cluster center indicates how far the n data points are from their respective cluster centers.

This paper by Lamirel et al. proposed little efficient clustering algorithm with improved cluster
quality [3]. For improvement in the cluster quality, this paper is using clustering aggregation and spectra
analysis by understanding the properties of data before actual clustering. Then this modified algorithm
is applied to online retails data set. And the results show that proposed algorithm is little efficient and
but producing quality clusters. The performance of proposed and standard k-means is compared by four
performance metrics such Clustering Accuracy, Sum of Square Error, Compactness and Running Time.

Joshi et al. present a survey in their paper on enhancements made to the traditional K-means
algorithm to overcome its limitations [4]. Additionally, they compare the K-means clustering algorithm
with other clustering techniques. Qi et al. gave a technique that has three principles, known as novel
optimized hierarchical clustering method [5]. This approach effectively increased the chance of getting
the best local optima, as well top-n nearest clusters.

The papers by Ikotun et al. and Tang et al. explored the incorporation of nature-inspired optimization
algorithms into K-means clustering. They discussed how integrating bio-inspired optimization techniques
enhances clustering performance [6, 7]. Extended versions of these algorithms demonstrate improved
outcomes, and experiments are conducted to validate the effectiveness of the proposed approach.

Arthur and Vassilvitskii introduced K-Means++, an initialization technique that selects initial centroids
in a probabilistic manner, ensuring that they are spread out. This method significantly reduces the chances
of poor clustering outcomes and often leads to faster convergence and better clustering results [8].

Likas et al. introduced the Global K-Means algorithm, which progressively incorporates one cluster
center at a time through a systematic global search approach [9]. This method avoids the local minima
problem by considering multiple potential solutions during each iteration.
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Ackermann et al. developed Streaming K-Means; an algorithm designed to cluster data in a single pass [10].
This method works especially well for real-time applications where data is constantly coming in.

PROPOSED WORK

The aim of this proposed work is to further enhance the performance of the K-Means clustering
algorithm by addressing its current limitations through innovative approaches [11]. Building upon the
advancements highlighted in the literature survey, this work will focus on developing and integrating
new techniques that improve initialization, optimization, and scalability. Additionally, hybrid models
and application-specific enhancements will be explored to ensure the algorithm's robustness and
versatility in diverse real-world scenarios [12].

They are given a collection of data instances that need to be grouped based on a defined similarity
criterion. According to the study, the number of clusters should not exceed the database length. This
research work introduces two mathematical formulas to determine the total number of similar slots for
a large set of data elements that do not fall under the category of local optima [13-19]. k-means
clustering defines to partition n observations into k clusters in which each observation belongs to the
cluster with the nearest mean, serving as prototype of the cluster [20].

Applied K-Means

The clustering method used in the study is easy, and we instigate with an explanation of the initial
version of algorithm. Algorithm steps initially pick C initial centroids, where C is an initially defined
limit by user, namely, the number of clusters required. Each element is allocated its place to the nearby
centroid, and group of same elements allocated to a centroid is a cluster. After that, center point of
cluster is modernized based on the elements allocated to the slots called as cluster group. This step is
repeated until no element or objects altered [21-24].

Process Flow
The stages of the K-means clustering set of rules are (Figure 1):
1. Set k centroids, for ease select randomly m1, m2, ..., mk.
2. Recurrence until all centroids retain constant:
Assign an element xi to the cluster Sj, according to:
S] = {xi”xi - XJ”Z < ”xl - mtllz, 1<t< k}
3. Update the center of Sj, namely, mj.

Preset k

v

Initialize

Assign items

v

Update centers

Figure 1. Flow-chart of K-means clustering set of rules.
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Assigning Elements or Objects from a Dataset to their Closest Reference
Point is Known as the Centroid Method

To determine the closest center of mass, we need a measure of proximity that accurately defines
“closeness” based on the specific data being analyzed. In Euclidean space, the commonly used metric
is Euclidean (L2) distance, whereas for document comparisons, trigonometric function similarity is
often more appropriate. For example, Manhattan (L1) distance is often used for geometer knowledge,
whereas the Jaccard live is usually utilized for documents [25].

The similarity measures used in the K-means algorithm are generally straightforward because the
algorithm continuously determines the similarity between each data point and its respective centroid.
However, in certain situations, such as when working with low-dimensional Euclidean space, it is possible
to bypass numerous similarity calculations, which can greatly enhance the algorithm’s efficiency. Bisecting
K-means is another approach that accelerates K-means by reducing the number of similarities computed.

We have overturned the k-means methodology, and some new features like cluster calculation,
density fixation are added. The main thing is that we have also given a bit modification to the distance
formula to overcome the fact that the previously used Euclidean function took longer time.

Number of clusters formed is controlled depending upon the sample, due to the fact that quantity of
samples does not lie into a particular cluster group range. This control is also required because no fixed
data is available with time and development time shall also be increased and then the number of slots
shall be required at every iteration of algorithm. The two equations used in this work are as:

I:  when samples <10,000,00 then,

r=\n/3 )

Where n= number of sample points, r= cluster
No. of Iterations= "C,
I: when samples >10,000,00 then,

r=no4 2)

Centroid formation: We have two distinct formulas for different ranges of clusters since we must
determine the number of ideal clusters of data items that do not fall within the local optima range. Here,
below are the example describing the formulas that work for all range of sets of data:

o Example 1: Let we have a set having data elements and objects not more than 10,00,000.

Datasets n=15678
Number of clusters formed r=\n/3 is 41
If we use formula Il in Eq. (2), i.e. r=n%*is 47
Hence 41 is minimum number of ideal data clusters where we can group elements.
e Example 2: If set of data elements is greater than10,00,000. So here,
Datasets n=2222222,
Number of clusters are formed r=vn/3 is 496
If we use formula Il in Eq. (2), i.e. r=n%*is 345
Hence 345 is minimum number of ideal groups or clusters found by the equation r=n%4

RESULTS
This section presents the potential outcomes derived from the simulation of the compiled code based
on the experimental work conducted above.

First Iteration

Figure 2 shows Iteration having 10 data points in two dimensions. However, the algorithm calculated
the number of centroids that comes out to be 2 clusters, with a set of 2 centroids.

e Data elements: 10
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K-means clustering with 2 clusters
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Figure 2. 2D cluster graph on 10 data points.
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Figure 3. 2D cluster graph representation for over 100 data points.

e Dimension: 2
e Cluster formed: 2
e Centroids: (59.6535910928749, 122.29868592805366); (95.12803406026305, 165.5778410030529)

Second Iteration
Figure 3 shows the resultant graph obtained in Second iteration having 100 data points in two
dimensions. The centroids obtained from algorithm that comes out to be 4 clusters, having 4 centroids sets.
o Data elements: 100
e Dimensions: 2
o Clusters formed: 4

Third Iteration

Figure 4 shows the resultant graph obtained for 2-dimensional data in iteration having 500 data.
According to the method, there are eight clusters with eight centroids.

e Data points:500

e Dimensions: 2

e Clusters formed: 8

Fourth Iteration

Figure 5 shows the resultant graph obtained for 3-dimensional data in iteration having 10 data points.
The centroid estimated by algorithm comes out to be 2 clusters having 2 centroids.

e Data elements: 10

e Dimensions: 3

e Resultant slots or cluster: 8
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K-means clustering with 8 clusters
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Figure 4. Cluster graph representation with large data.

K-means clustering with 2 clusters
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Figure 5. 3D cluster graph representation or fover 10 data points.
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Figure 6. 3D cluster graph representation for over 150 data points.

Fifth Iteration

Figure 6 shows the result generated in iteration 5 for three-dimensional data sample consisting of 150
data points in three dimensions. However, the algorithm calculated the number of centroids that comes
out to be 5 clusters, with a set of 5 centroids.

e Data points: 150

e Dimensions: 3

e Clusters formed: 5
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K-means clustering with 6 clusters
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Figure 7. 3D cluster graph representation for over 250 data points.

Sixth Iteration

Figure 7 shows the result generated in iteration 6 for three-dimensional data sample consisting of 250
data points in three dimensions. However, the algorithm calculated the number of centroids that comes
out to be 6 clusters, with a set of 6 centroids.

e Data points: 250

e Dimensions: 3

e Clusters formed: 6

CONCLUSION

Based on the experimental results and compiled code analysis, it is evident that identifying the
optimal cluster and selecting the appropriate centroid play a vital role in the proposed work. The
proposed implementation of new formula on widely used algorithm as k-means enhances the algorithm
performance and makes it ideal for clustering purpose. The challenge we faced here is that the algorithm
gets slow as when the clusters go above 20 lacs and requirement of the system also goes to high level.

After the experimental setup we can conclude that K-means Clustering technique could be very
crucial when we need to fragment data on large scale and also to analyze it. Clustering technique can
be very handy while analyzing big data, and to convert data into a relatable data is a big plus.

This research offers several benefits, including the automatic determination of cluster numbers and
the ability to form clusters using both two-dimensional and three-dimensional sample points. Also, the
two dimensional sample points could go up to 20 lakh sample points without an issue, though for more
than 20 lakhs, the system requirements go bit high and are not easy to compile as they make take some
time as well.
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