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Chapter  10

INTRODUCTION

Data clustering is often used in a variety of ap-
plications, such as Vector Quantization (VQ) (Lai 
et al., 2002), pattern recognition (Theodoridis 
& Koutroumbas, 2003), knowledge discovery 

(Fayyad et al., 1996), pattern recognition (Liu & 
Kubala, 2004), debugging and web / data mining. 
Among the clustering formulations that minimize 
a cost function, k-means algorithm is possibly the 
most widely used and studied (Kanungo et al., 
2002). It is also known as the Generalized Lloyd 
Algorithm (GLA) is a special case of a general-
ized hard clustering scheme, when representatives 
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ABSTRACT

K-means is an unsupervised learning and partitioning clustering algorithm. It is popular and widely used 
for its simplicity and fastness. K-means clustering produce a number of separate flat (non-hierarchical) 
clusters and suitable for generating globular clusters. The main drawback of the k-means algorithm is 
that the user must specify the number of clusters in advance. This paper presents an improved version 
of K-means algorithm with auto-generate an initial number of clusters (k) and a new approach of defin-
ing initial Centroid for effective and efficient clustering process. The underlined mechanism has been 
analyzed and experimented. The experimental results show that the number of iteration is reduced to 
50% and the run time is lower and constantly based on maximum distance of data points, regardless of 
how many data points.
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of section are adopted and squared Euclidean 
distances are used to measure the distortion (the 
difference) between a vector X and its representa-
tive cluster (cluster center) C (Lai & Huang, 2010).

Existing clustering algorithms can be merely 
divided into two categories: hierarchical cluster-
ing and partional clustering. Classic algorithm 
K-Means (KM) clustering algorithm is the most 
popular for its simplicity and efficiency. Although 
the k-means algorithm is widely used to solve 
problems in many areas and very sensitive to 
initialize, the better centers have been chosen, the 
better results have found. Furthermore, it is easily 
trapped in local optimal. Recently, various work 
has been done to overcome these problems (Khan 
& Ahmad, 2004; Jiang et al., 2010).

Different approaches have been proposed for 
improving k-means algorithm, which gradually are 
more successful. These progressive approaches 
to the cluster are calculated by solving all the 
problems of intermediate clustering (Bagirov, 
2008; Hansen et al., 2005; Likas et al., 2003). The 
global k-means algorithm has been proposed in 
Likas et al. (2003) and modified global k-means 
algorithm has been proposed in Bagirov (2008) 
and Bagirov and Mardaneh (2006) are gradually 
clustering algorithms. Bagirov (2008) presented 
a new version of the global k-means algorithm. 
The numerical experimental result shown that 
these algorithms allowed to find a global or near 
global clusters minimize (or error) function. These 
algorithms are memory intensive because they 
require storage of the affinity matrix. Alternatively, 
this matrix can be calculated each iteration, but 
would extend the computing time significantly 
(Bagirov et al., 2011).

K-Means (MacQueen, 1967) is one of the 
simplest unsupervised learning algorithms to 
solve the well-known clustering problem. The 
procedure is simple and easy to classify a data 
set through a certain number of clusters (assume 
k clusters) fixed a priority. The main objective is 
to define k centroids, one for each cluster. These 
centroids should be placed strategically because 

different location causes different results. So the 
best option is to place them as much as possible 
from each other. The next step is to take each data 
point and assign it to the nearest center centroid. 
When all points are assigned, the first step has 
been completed. At this point have to re-calculate 
k new centroids of the clusters resulting from 
the previous step. After that it has these k new 
centroids, a new binding has to done between the 
same set of data sets and the newest centroid. The 
process has been repeated. As a result of this loop, 
it notes that k Centroid change their location step 
by step until centroid does not move. Finally, this 
algorithm is to minimize an objective function, in 
this case, a-squared error function. The objective 
function, J is defined as in formula (1).
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The algorithm is composed of the following 
steps:

1. 	 Place K points into the space represented by 
the objects that are being clustered. These 
points represent initial group centroids.

2. 	 Assign each object to the group that has the 
closest centroid.

3. 	 When all objects have been assigned, recal-
culate the positions of the K centroids.

4. 	 Repeat Steps 2 and 3 until the centroids no 
longer move. This produces a separation 
of the objects into groups from which the 
metric to be minimized can be calculated.

The Pseudo-code of the Lloyd’s K-Means algo-
rithm has shown in Algorithm 1 (Dunham, 2003).

K-Means is a simple algorithm that has 
adapted to areas with many problems. Similar to 
other algorithm, K-Means clustering has several 
limitations (Ming et al., 2011; Pelleg & Moore, 
2000; Xu & Wunsch, 2005; Jain & Dubes, 1988; 
Jain et al., 1999).



 

 

11 more pages are available in the full version of this document, which may

be purchased using the "Add to Cart" button on the publisher's webpage:

www.igi-global.com/chapter/improved-parameterless-means/75906

Related Content

Evolutionary Optimization for Prioritized Materialized View Selection: An Exploratory Analysis
Heena Madaanand Anjana Gosain (2022). International Journal of Information Retrieval Research (pp. 1-

18).

www.irma-international.org/article/evolutionary-optimization-for-prioritized-materialized-view-selection/300295

Nesting Strategies for Enabling Nimble MapReduce Dataflows for Large RDF Data
Padmashree Ravindraand Kemafor Anyanwu (2018). Information Retrieval and Management: Concepts,

Methodologies, Tools, and Applications  (pp. 811-838).

www.irma-international.org/chapter/nesting-strategies-for-enabling-nimble-mapreduce-dataflows-for-large-rdf-

data/198577

A Framework for Automated Scraping of Structured Data Records From the Deep Web Using

Semantic Labeling: Semantic Scraper
Umamageswari Kumaresanand Kalpana Ramanujam (2022). International Journal of Information Retrieval

Research (pp. 1-18).

www.irma-international.org/article/a-framework-for-automated-scraping-of-structured-data-records-from-the-deep-web-

using-semantic-labeling/290830

On Measurement Instruments for Fatalism
Lijiang Shenand Celeste M. Condit (2013). Online Instruments, Data Collection, and Electronic

Measurements: Organizational Advancements  (pp. 134-150).

www.irma-international.org/chapter/measurement-instruments-fatalism/69738

Some Aspects of Implementation of Web Services in Load Balancing Cluster-Based Web Server
Abhijit Boraand Tulshi Bezboruah (2020). International Journal of Information Retrieval Research (pp. 48-

72).

www.irma-international.org/article/some-aspects-of-implementation-of-web-services-in-load-balancing-cluster-based-

web-server/241918

http://www.igi-global.com/chapter/improved-parameterless-means/75906
http://www.irma-international.org/article/evolutionary-optimization-for-prioritized-materialized-view-selection/300295
http://www.irma-international.org/chapter/nesting-strategies-for-enabling-nimble-mapreduce-dataflows-for-large-rdf-data/198577
http://www.irma-international.org/chapter/nesting-strategies-for-enabling-nimble-mapreduce-dataflows-for-large-rdf-data/198577
http://www.irma-international.org/article/a-framework-for-automated-scraping-of-structured-data-records-from-the-deep-web-using-semantic-labeling/290830
http://www.irma-international.org/article/a-framework-for-automated-scraping-of-structured-data-records-from-the-deep-web-using-semantic-labeling/290830
http://www.irma-international.org/chapter/measurement-instruments-fatalism/69738
http://www.irma-international.org/article/some-aspects-of-implementation-of-web-services-in-load-balancing-cluster-based-web-server/241918
http://www.irma-international.org/article/some-aspects-of-implementation-of-web-services-in-load-balancing-cluster-based-web-server/241918

