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Abstract
Clustering is an unsupervised learning technique used to place 
data elements into related groups without advance knowledge 
of the group definitions. Among various types of clustering 
techniques, K-Means is one of the most popular algorithms. 
The objective of K-Means clustering algorithm is to make the 
distances of objects in the same cluster as small as possible. In 
this paper a new hybrid K-Means algorithm is implemented by 
modification of both the phases of original k-means algorithm. 
Results show that the new algorithm gives best results for all 
performance parameters than original k-means algorithm and 
enhanced algorithm. Although the proposed algorithm solves the 
problem of accuracy and better clusters are produced to some 
extent, more hybrid algorithm in the future can be developed 
from previous enhancements. 
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I. Introduction
The field of data mining and knowledge discovery is emerging 
as a new, fundamental research area with important applications 
to science, engineering, medicine, business, and education. Data 
Mining is the process of discovering interesting patterns and 
knowledge from large amounts of data. Data mining is often 
treated as synonym for another popularly used term, Knowledge 
Discovery in Databases (KDD). The data sources can include 
databases, data warehouses, the Web, other information 
repositories, or data that are streamed into the system dynamically. 
Size of databases in scientific and commercial applications is 
huge where the number of records in a dataset can vary from 
some thousands to thousands of millions [21]. The overall goal 
of the data mining process is to extract information from a data 
set and transform it into an understandable structure for further 
use. Data mining uses information from past data to analyze the 
outcome of a particular problem or situation that may arise.

The clustering is a class of data mining task in which algorithms 
are applied to discover interesting data distributions in the 
underlying data space. Cluster analysis or Clustering is the task 
of grouping a set of objects in such a way that objects in the 
same group (called a cluster) are more similar (in some sense or 
another) to each other than to those in other groups (clusters). 
Data clustering [20] (or just clustering), is an unsupervised 
classification method aims at creating groups of objects, or 
clusters, in such a way that objects in the same cluster are very 
similar and objects in different clusters are quite distinct. There 
are many clustering algorithms used for clustering. 
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Fig. 1: Types of Clustering Algorithms

There are many clustering algorithms which are used for clustering. 
The major fundamental clustering methods can be classified into 
the following categories:-

Partitioning methods:- The general criterion for partitioning • 
is a combination of high similarity of the samples inside of 
clusters with high dissimilarity between distinct clusters. Most 
partitioning methods are distance-based. These clustering 
methods works well for finding spherical –shaped clusters in 
small to medium size databases. At present commonly used 
partitioning clustering methods are K-Means, K-medoids, 
PAM, CLARA etc.
Hierarchical methods:- In this method hierarchical • 
decomposition of the given set of data objects is created . It can 
be classified as being either agglomerative or divisive based 
on how hierarchical decomposition is formed. Agglomerative 
approach is the bottom up approach starts with each object 
forming a separate group. It then merges groups close to one 
another until all the groups are merged into one e.g. AGNES. 
Divisive approach is top down approach starts with all the 
clusters in the same cluster and then in each iteration step 
a cluster is split into smaller clusters until each object is in 
one cluster e.g. DIANA
Density-based methods:- Most partitioning methods cluster • 
objects based on distance between objects. Spherical shaped 
clusters can be discovered by these methods and encounter 
difficulty in discovering clusters of arbitrary shapes. so for 
arbitrary shapes a new methods are used known as density-
based methods which are based on the notion of density. In 
these methods the cluster is continue to grow as long as the 
density in the neighbourhood exceeds some threshold e.g. 
DBSCAN, OPTICS etc.
Grid-based methods:- Grid based methods quantize the • 
object space into a finite number of cells that form a grid 
structure. It is a fast method and is independent of the number 
of data objects and depend only on the number of cells in 
each dimension in the quantized space e.g. STING, CLIQUE 
etc.
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II. K-Means Clustering Algorithm
The k-means clustering algorithm is the basic algorithm which is 
based on partitioning method which is used for many clustering 
tasks especially with low dimension datasets. It uses k as a 
parameter, divide n objects into k clusters so that the objects in 
the same cluster are similar to each other but dissimilar to other 
objects in other clusters. The algorithm attempts to find the cluster 
centers, (C1 …… Ck), such that the sum of the squared distances 
of each data point, xi , 1 ≤ i ≤ n, to its nearest cluster center Cj, 
1 ≤ j ≤ k, is minimized. First, the algorithm randomly selects 
the k objects, each of which initially represents a cluster mean 
or center. Then, each object xi in the data set is assigned to the 
nearest cluster center i.e. to the most similar center. The algorithm 
then computes the new mean for each cluster and reassigns each 
object to the nearest new center. This process iterates until no 
changes occur to the assignment of objects. The convergence 
results in minimizing the sum-of-squares error that is defined as 
the summation of the squared distances from each object to its 
cluster center [15, 18]. The following procedure summarizes the 
k-means algorithms [19]:
Algorithm1: K-means:-The K-means algorithm for 
partitioning, where each cluster’s center is represented by 
the mean value of the objects in the cluster.
Input: k: the number of clusters and D: a data set containing n 
objects.
Output: A set of k clusters.
Method:
(1) randomly choose k objects from D as the initial cluster 
centers;
(2) repeat
(3) (re)assign each object to the cluster to which the object is
the most similar, based on the mean value of the objects in the 
cluster;
(4) update the cluster means, i.e., calculate the mean value of
the objects for each cluster;
(5) until no change;
The K-means clustering algorithm

II. Enhancements on K-Means Algorithm
Ahamed Shafeeq B M et al., [5] presents a modified K-means 
algorithm with the intension of improving cluster quality and 
to fix the optimal number of cluster. The K-means algorithm 
takes number of clusters (K) as input from the user. But in the 
practical scenario, it is very difficult to fix the number of clusters 
in advance. The proposed method works for both the cases i.e. for 
known number of clusters in advance as well as unknown number 
of clusters. The user has the flexibility either to fix the number of 
clusters or input the minimum number of clusters required. 

Azhar Rauf et al., [6] propose a new method of K-mean clustering 
in which we calculate initial centroids instead of random selection, 
due to which the number of iterations is reduced and elapsed time 
is improved.

Assigning data points to clusters [2,8,9] is done in these methods. 
Firstly distance between each data point and the initial centroids 
are calculated for all the clusters. The data points are then assigned 
to the clusters having the closest centroids. This results in initial 
grouping of the data points. For each data point the cluster to 
which it is assigned and its distance from the centroid of nearest 
cluster are noted. Now during the iteration if the saved distance 
is less than or equal to the new distance then the data point will 

stay in this cluster itself. The loop is repeated until no more data 
points cross cluster boundaries, which indicates the convergence 
criteria.

Harmanpreet Singh et al. [2] presents a new method for finding 
initial cluster centroids for k-means in which centroid selection 
is by calculating mean of cluster rather than randomly selection 
of initial centroids.

Khaled Alsabti et al., [17] presented a novel algorithm for 
performing k-means clustering. Our experimental results 
demonstrated that our scheme can improve the direct k-means
algorithm by an order to two orders of magnitude in the total number 
of distance calculations and the overall time of computation.

P.S. Bradley et al., [16] extend K-means to insure that every 
cluster contains at least a given number of points. Using a cluster 
assignment step with constraints, solvable by linear programming 
or network simplex methods, can guarantee a sufficient population 
within each cluster.

Charles Elkan [13] shows how to accelerate k-means algorithm 
dramatically, while still always computing exactly the same 
result as the standard algorithm. The accelerated algorithm 
avoids unnecessary distance calculations by applying the triangle 
inequality in two different ways, and by keeping track of lower 
and upper bounds for distances between points and centers.

Madhu Yedla et al., [8] proposed a new method for finding the 
better initial centroids and to provide an efficient way of assigning 
the data points to suitable clusters with reduced time complexity. 
According to our experimental results, the proposed algorithm has 
the more accuracy with less computational time comparatively 
original k-means clustering algorithm.

K. A. Abdul Nazeer et al., [9] presents an enhanced k-means 
algorithm which combines a systematic method for finding initial 
centroids and an efficient way for assigning data points to clusters. 
This method ensures the entire process of clustering in O(n) time 
without sacrificing the accuracy of clusters. 

Dan Pelleg et al., [15] presented a new K-means based algorithm 
that incorporates model selection. By adopting and extending 
algorithmic improvements to K-means, it is efficient to the extent 
that running it once is cheaper than looping over K with the fixed-
model algorithm. It uses statistically-based criteria to make local 
decisions that maximize the model’s posterior probabilities.

Kohei Arai et al., [11] proposed Hierarchical K-means algorithm. 
It utilizes all the clustering results of K-means in certain times, 
even though some of them reach the local optima. Then, we 
transform the all centroids of clustering result by combining 
with Hierarchical algorithm in order to determine the initial 
centroids for K-means. This algorithm is better used for the 
complex clustering cases with large numbers of data set and 
many dimensional attributes.. 

Haitao Xu et al., [1] presents an improved k-means algorithm 
based on optimized simulated annealing is used to segment the 
stations of Hangzhou Public Bicycle System. The optimized 
simulated annealing (SA) algorithm is used to assign k-means 
initial cluster centers.
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Mrs. S. Sujatha et al., [4] uses the partitioned data along the data 
axis with the highest variance for assigning the initial centriod 
for K-Means clustering.

Tapas Kanungo et al., [14] present a simple and efficient 
implementation of Lloyd’s k-means clustering algorithm, 
which we call the filtering algorithm. This algorithm is easy to 
implement, requiring a kd-tree as the only major data structure. 
We establish the practical efficiency of the filtering algorithm 
in two ways. First, we present a data-sensitive analysis of the 
algorithm’s running time, which shows that the algorithm runs 
faster as the separation between clusters increases. Second, we 
present a number of empirical studies both on synthetically 
generated data and on real data sets from applications in color 
quantization, data compression, and image segmentation.

Nazeer, K. A. A. et al., [7] proposes an improvement on the 
classic k-means algorithm to produce more accurate clusters. The 
proposed algorithm comprises of a O(n logn) heuristic method, 
based on sorting and partitioning the input data, for finding the 
initial centroids in accordance with the data distribution.

S. Deelers et al., [10] proposes a novel initialization algorithm of 
cluster centers for K-means algorithm. The algorithm was based 
on the data partitioning algorithm used for color quantization. A 
given data set was partitioned into k clusters in such a way that 
the sum of the total clustering errors for all clusters was reduced 
as much as possible while inter distances between clusters are 
maintained to be as large as possible.

Fahim et al., [12] proposed an efficient method for assigning 
data-points to clusters. The original k-means algorithm is 
computationally very expensive because each iteration computes 
the distances between data points and all the centroids. Fahim’s 
approach makes use of two distance functions for this purpose- 
one similar to the k-means algorithm and another one based on 
a heuristics to reduce the number of distance calculations. But 
this method presumes that the initial centroids are determined 
randomly, as in the case of the original k-means algorithm. Hence 
there is no guarantee for the accuracy of the final clusters.

III. Proposed Work
The k-means algorithm is sensitive to outliers because such 
objects are far away from the majority of the data which affects the 
mean of the cluster due to which accuracy of k-means algorithm 
is affected. K-means algorithm is also sensitive to initial centers 
selection. K-means algorithm does not give accurate results for 
large datasets. So a new method for assigning objects to clusters 
is needed which also solve the problem of initial center selection 
problem. The proposed method is outlined as Algorithm 2.

Algorithm 2: The proposed method
Input: Set of n data items and k number of desired clusters. 
Output: A set of k clusters.
Steps: 
Phase 1: Determine the initial centroids  of the clusters by using 
Algorithm 3.
Phase 2: Assign each data point to the appropriate clusters by 
using Algorithm 4.
In the first phase, the initial centroids are determined systemically 
so as to produce clusters with better accuracy and efficiency 
[2].

Algorithm 3: Finding the initial centroids
Input: Set of n data items and k Number of desired clusters.
Output: A set of k initial centroids. 
Steps: 

User supplies the value of k i.e. number of clusters.1. 
Arithmetic mean of the whole data is calculated, this will 2. 
be the first cluster centre.
Data is then divided into two parts.3. 
Mean of these two parts is then calculated these will be 4. 
second and third cluster centres respectively.
This process is repeated until k cluster centres are found.5. 

Algorithm 3 [2] describes the method for finding initial centroids 
of the clusters. Initially, value of k is supplied by the user. 
Arithmetic mean of the whole data is calculated which will be 
first cluster. Then data is divided into 2 parts and mean of both 
these parts is calculated which will be second and third cluster 
respectively. This process is repeated till k cluster centres are 
found. The initial centroids of the clusters are given as input to 
the second phase, for assigning data-points to appropriate clusters. 
The steps involved in this phase are outlined as Algorithm 4. The 
second phase makes use of a variant of the clustering method 
discussed in [9].

Algorithm 4: Assigning data-points to clusters
Input: set of n data-points and set of k centroids.
Output: A set of k clusters.
Steps: 
1. Compute the distance of each data-point di (1<=i<=n) to all 
the centroids cj (1<=j<=k) as d(di, cj);
2. For each data-point di, find the closest centroid cj and assign 
di to cluster j.
3. Set ClusterId[i]=j; // j:Id of the closest cluster
4. Set Nearest_Dist[i]= d(di, cj);
5. For each cluster j (1<=j<=k), recalculate the centroids;
6. Repeat
7. For each data-point di,
7.1 Compute its distance from the centroid of the present nearest 
cluster;
7.2 If this distance is less than or equal to the present 
nearest distance, the data-point stays in the cluster; 
Else
7.2.1 For every centroid cj (1<=j<=k)
Compute the distance d(di, cj);
Endfor;
7.2.2 Assign the data-point di to the cluster with the nearest 
centroid cj
7.2.3 Set ClusterId[i]=j;
7.2.4 Set Nearest_Dist[i]= d(di, cj);
Endfor;
8. For each cluster j (1<=j<=k), recalculate the centroids; 
Until the convergence criteria is met.

The first step in phase 2 is to determine the distance between 
each data point and the initial centroids of all the clusters. The 
data-points are then assigned to the clusters having the closest 
centroids. This results in an initial grouping of the data-points. For 
each data-point, the cluster to which it is assigned (ClusterId) and 
its distance from the centroid of the nearest cluster (Nearest_Dist) 
are noted. For each cluster, the centroids are recalculated by 
taking the mean of the values of its data-points.
The next stage is an iterative process which makes use of a 
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heuristic method. During the iteration, the data-points may get 
redistributed to different clusters. The method involves keeping 
track of the distance between each data-point and the centroid of 
its present nearest cluster. At the beginning of the iteration, the 
distance of each data-point from the new centroid of its present 
nearest cluster is determined. If this distance is less than or equal 
to the previous nearest distance, that is an indication that the data 
point stays in that cluster itself and there is no need to compute 
its distance from other centroids. . On the other hand, if the new 
centroid of the present nearest cluster is more distant from the 
data-point than its previous centroid, there is a chance for the 
data-point getting included in another nearer cluster. In that case, 
it is required to determine the distance of the data-point from all 
the cluster centroids. Identify the new nearest cluster and record 
the new value of the nearest distance. The loop is repeated until 
no more data-points cross cluster boundaries, which indicates 
the convergence criterion.

IV. Experimental Results
Proposed algorithm is evaluated on 4 datasets from UCI Machine 
Learning Repository [22]. To evaluate the performance of new 
technique, the hybrid k-means algorithm is compared with the 
simple k-means clustering algorithm and enhanced k-means 
algorithm [2]. Results are taken on the basis of chosen dataset.

A. Accuracy 
Accuracy is defined as the proportion of number of objects that 
are correctly predicted to its cluster over the total number of 
objects present in the dataset.

Accuracy (in %age) = Accuracy * 100

Fig. 1: Accuracy for Different Datasets

In the fig. results are shown for best value of k for all datasets 
used i.e. when number of clusters (value of k) is equal to the 
number of classes present in the dataset. This graph shows that 
when the size of dataset is small k means gives best result as the 
size of dataset keep on increasing the value of accuracy keeps 
on decreasing. In case of hybrid algorithm for small dataset the 
accuracy value increment is less than the increment in value of 
accuracy for large dataset.

B. Precision
Precision is defined as a measure of exactness which is proportion 
of number of objects that are correctly predicted to its actual 
cluster over the total number of objects allocated to it.
Precision =    TP
      TP+FP

Fig. 2: Precision for Different Datasets

In the figure results are shown for best value of k for all datasets 
used i.e. when number of clusters (value of k) is equal to the 
number of classes present in the dataset. This graph shows that 
when the size of dataset is small k means gives best result as the 
size of dataset keep on increasing the value of precision keeps 
on decreasing. In case of hybrid algorithm for small dataset the 
increment in value of precision is less than the increment in value 
of precision for large dataset.
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C. Recall
Recall is defined as a measure of completeness which is proportion 
of number of objects that are correctly predicted to its actual 
cluster over the total number of objects that are actually to be 
allocated to the cluster.

Recall =     TP
               TP+FN

In the fig. results are shown for best value of k for all datasets 
used i.e. when number of clusters (value of k) is equal to the 
number of classes present in the dataset. This graph shows that 
when the size of dataset is small k means gives best result as the 
size of dataset keep on increasing the value of recall keeps on 
decreasing.

Fig. 3: Recall for Different Datasets

In case of hybrid algorithm increment in value of recall is same 
for both small datasets and large datasets.

D. f-measure
f-measure is the harmonic mean of precision and recall.
f-measure =        2*Precision*Recall
                Precision+Recall

Fig. 4: f-measure for Different Datasets

In the figure results are shown for best value of k for all datasets 
used i.e. when number of clusters (value of k) is equal to the 
number of classes present in the dataset. This graph shows that 
when the size of dataset is small k means gives best result as the 
size of dataset keep on increasing the value of f-measure keeps 
on decreasing. In case of hybrid algorithm for small dataset the 
increment in value of f-measure is less than the increment in 
value of f-measure for large dataset.

E. Specificity
Specificity is defined as the proportion of objects assigned to 
other cluster that are correctly identified over the total number 
of objects allocated to other cluster.

Specificity =    TN
          TN+FP

In the figure results are shown for best value of k for all datasets 
used i.e. when number of clusters (value of k) is equal to the 
number of classes present in the dataset. This graph shows that 
when the size of dataset is small k means gives best result as the 
size of dataset keep on increasing the value of specificity keeps 
on decreasing. In case of hybrid algorithm for small dataset the 
increment in value of specificity is less than the increment in 
value of specificity for large dataset.
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Fig. 5: Specificity for Different Datasets

V. Conclusion 
This paper presents an overview of the K-means clustering 
algorithm and a new hybrid K-Means algorithm is implemented 
by modification of both the phases of original k-means algorithm. 
K-means have 2 phases. In literature review it is being studied 
that various researchers have done enhancement of k-means 
clustering algorithm. Some enhancements have improved either 
phase 1 or phase 2 and some enhancements have improved 
both the phases. In our proposed method both the phases of the 
original k-means algorithm are modified and a new algorithm is 
presented. To evaluate the performance of new technique, the 
hybrid k-means algorithm is compared with the simple k-means 
clustering algorithm and enhanced k-means algorithm. Results 
are taken on the basis of chosen dataset. Comparison analysis 
for various performance parameters such as accuracy, precision, 
recall, f-measure and specificity is done. Results show that the 
new algorithm gives best results for all performance parameters 
than original k-means algorithm and enhanced algorithm. 

VI. Future Work
Although the proposed algorithm solves the problem of accuracy 
and better clusters are produced to some extent, more hybrid 
algorithm from previous enhancements can be developed. A 
limitation of the proposed algorithm is that the value of k, the 
number of desired clusters, is still required to be given as an input, 
regardless of the distribution of the data points. Evolving some 
statistical methods to compute the value of k, depending on the 
data distribution, is suggested for future research. 
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