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Abstract
One of the most widely used clustering techniques is the k means 
algorithm. It has been applied in many fields of science and 
technology. Solutions obtained from this technique are dependent 
on the initialization of cluster centers that are assigned randomly. 
The major problem of the k-means algorithm is that it may produce 
empty or small clusters depending on initial center vectors because 
of random initialization. Our paper  presents a modified versions 
of the k-means algorithms that efficiently eliminates  this empty 
or small cluster problem. we propose  algorithms to compute 
initial cluster centers for K-means clustering. The algorithms will 
partition the whole space into different partitions and calculates 
the frequency of data point in each partition. The partition which 
shows maximum frequency of data point will have the probability 
to contain the centroid of cluster. The algorithms keep the centers 
of any two partitions far apart as possible. The calculated data point 
of the K partitions become the initial cluster centers for K-means. 
We propose different methods to initialize cluster centers like 
equidistance method, equal data partitioning method, k-means++ 
method of initializing centers using weighted probability.  
Preliminary experiments show that the our proposed algorithms  
improves both the speed and the accuracy of k-means. Comparison 
of algorithms is done by considering time complexities using bar 
charts and line charts.
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I. Introduction 
Clustering is an unsupervised classification mechanism where a 
set of patterns (data), usually multidimensional, is classified into 
groups (clusters) such that members of one group are similar 
according to a predefined criterion. Clustering of a set forms a 
partition of its elements chosen to minimize some measure of 
dissimilarity between members of the same cluster. Clustering 
algorithms are often useful in various fields like data mining, 
pattern recognition, learning theory etc. The k-means [10] is 
possibly the most commonly-used clustering algorithm. It is most 
effective for relatively smaller data sets. 
Many clustering algorithms have been proposed, and there are 
many classifications of clustering algorithms. We focus on distance 
based, and density based algorithms. In distance based methods 
n objects are formed into k different clusters (k<n.The k-means 
finds a locally optimal solution by minimizing a distance measure 
between each data and its nearest cluster center [11]. Many parallel 
versions of the k-means algorithm [6] use the basic serial k-means 
at their core. Besides, a number of stochastic clustering algorithms 
make use of the basic k-means or some of its variations. Very often 
these algorithms are based on Simulated Annealing  or Genetic 
Algorithms 
The k-means clustering algorithm faces two major problems. One 
is the problem of obtaining non-optimal solutions. As the algorithm 
is greedy in nature, it is expected to converge to a locally optimal 
solution only and not to the global optimal solution, Algorithms 

that use the k-means at their core suffer from the empty cluster 
problem too. A very common practice to solve these problems is 
to repeat the initialization until we receive a set of good initial 
center vectors.
In this paper, we have presented a modified k-means algorithms 
which eliminates the problem of generation of empty clusters 
(with few exceptions). Here, the basic structure of the original 
k-means is preserved along with all its necessary characteristics. 
The modified Algorithm is found to work very satisfactorily, 
with some conditional exceptions which are very rare in practice. 
Our main objective is to develop enhancements to the k-means 
algorithm by tackling the problem of initializing the prototypes. 
We develop a method that finds the mean of the points using 
statistical information from data set, and initialize the prototypes 
around this mean. The rest of this paper is organized as follows:
in Section 2 we will review some related works; Section 3 will  
discuss in detail our existing algorithm; Section 4 will  discuss 
in detail our proposed algorithm; in Section 5 we will view the 
experimental results; Section 6 will conclude.

II. Related Works 
A non-metric distance measure for similarity estimation based on 
the characteristic of differences [1] is presented and implemented 
on K-Means clustering algorithm. The performance of this kind 
of distance and the Euclidean and Manhattan distances were 
then compared. A new line symmetry based classifier (LSC) [2] 
deals with pattern classification problems. LSC is well-suited for 
classifying data sets having symmetrical classes, irrespective of 
any convexity, overlap and size. The shortcomings of the standard 
K-Means clustering algorithm can be found in the literature [3] 
in which a simple and efficient way for assigning data points 
to clusters is proposed. Their improved algorithm reduces the 
execution time of K-Means algorithm to a great extend. A simple 
and efficient implementation of K-Means clustering algorithm 
called the filtering algorithm shows that the algorithm runs faster 
as the separation between clusters increases. The various types 
of clustering algorithms along with their applications in some 
benchmark data sets were surveyed in [7]. Several proximity 
measures, cluster validation and various tightly related topics 
were discussed. A new generalized version of the conventional 
K-Means clustering algorithm which performs correct clustering 
without pre-assigning the exact cluster number can be found in 
[8]. Based on the definition of nearest neighbor pair C. S. Li et 
al. [9] proposed a new cluster center initialization method for 
K-Means  algorithm. In iterative clustering algorithms, selection 
of initial cluster centers is extremely important as it has a direct 
impact on the formation of final clusters.

III.Existing System 

A. Implementation of  K-Means Algorithm
The K-Means Clustering algorithm is one of the simplest 
unsupervised learning algorithms that solve the well known 
clustering problem. In 1967, Mac Queen [12] firstly proposed 
the K-Means algorithm. During every pass of the algorithm, 
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each data is assigned to the nearest partition based upon some 
similarity parameter (such as Euclidean distance measure). After 
the completion of every successive pass, a data may switch 
partitions, thereby altering the values of the original partitions. 
Various steps of the standard K-Means clustering algorithm is 
as follows: 

The number of clusters is first initialized and accordingly the 1. 
initial cluster centers are randomly selected.
A new partition is then generated by assigning each data to 2. 
the cluster that has the closest centroid.
When all objects have been assigned, the positions of the K 3. 
centroids are recalculated.
Steps 2 and 3 are repeated until the centroids no longer move 4. 
any cluster.

The main objective of K-Means is the minimization of an objective 
function that determines the closeness between the data and the 
cluster centers, and is calculated as follows:

 
where, d(Xi , Cj ) is the distance between the data Xi and the 
cluster center Cj.
The downside of K-Means algorithm is that, the result of clustering 
mostly depends on the initially selected centroids. Spherical data 
sets cannot be efficiently clustered using K-Means. And only 
numerical values attributes can be ably clustered.

IV. Proposed Work Done
Modified K-Means Clustering Algorithms

A. Equidistance k Means
This  initialization method that involves finding the dimension 
with maximum variance, and dividing this into K groups where the 
corresponding datapoint for the median of each group will initialize 
the K-means algorithm. A summary of steps is as follows:

Find the maximum and minimum points or longest diagonal 1. 
points of total dataset. (min x,min y) and (max x, max y)
Find the distance between diagonal points.2. 
Divide the distance in to k parts. 3. 
Assign nearest  point intersecting the diagonal at each part 4. 
as initial center to cluster.
The centroids are spread diagonally at equal distance in data 5. 
space.
Now that the initial centers have been chosen, proceed using 6. 
standard k-means clustering.to obtain k clusters .

B. Partition k Means
This  algorithm depends on finding the best location to initialize 
the prototypes of k-means using statistical information from the 
data set. To get this information we must know the distribution 
of the data set. This will be done by using Central Limit Theory 
(CLT)[1], which states that the distribution of a sufficiently large 
number of independent variables, each with its own distribution, 
will be approximately normal. the best initialization of prototypes 
is “around” the mean of this distribution. So we need to estimate 
the mean of data set (assumed its distribution is normal). One of 
the most known estimators is Maximum Likelihood Estimator 
(MLE) [4], it states that the desired probability distribution is the 
one that makes the observed data “most likely”, which means that 
we must seek the value of the parameter vector θ that maximizes 
the likelihood function. The parameters of a Gaussian distribution 
are the mean (μ) and variance ( ). i.e. θ= {μ, }. Given a data set 
D={ X1, X2, …, Xn} ,

We can then find the values of μ and that maximize the log 
likelihood by taking derivative with respect to the desired variables 
and solving the equation obtained. By doing so, we find that the 
MLE of the mean is:

By using MLE we can estimate the parameters θ= {μ, }, for the 
normal distributed data. We use the mean μ of the samples, to be 
used as a location to initialize the prototypes. We cannot initialize 
all prototypes using the same location, this will cause all points 
to be assigned to one cluster, and all other clusters are considered 
empty. So we initiate prototypes around the mean of the data, we 
use a hypersphere with center equals to μ, and use its surface to 
initiate the prototypes, also we need to find the
radius of this hypersphere to find a location for each prototype in 
this surface consider we want three clusters, so we will find the 
mean of data (red circle) using MLE, that will be used as a center 
for a circle (2-d hypersphere), then , initializing prototypes start 
from angle zero, and moves on the surface by 120 degree, so the 
first point will be calculated using angle 0, the second 120, the last 
will be 240, Another issue which arises here is how to calculate 
the best value of the radius. We here propose a method to calculate 
the radius, it depends on calculating the distance between the 
mean, and the variance, and gets half of the distance as a radius 
of hypersphere,  We use  Euclidean distance (any distance can be 
used d) we will use half of this as a value for radius.
For n dimentional hypersphere with radius r, and n-1 angular 
coordinates 

C. K  Means ++ Algorithm 
The k-means algorithm has at least two major theoretic 
shortcomings,first, it has been shown that the worst case running 
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time of the algorithm is super-polynomial in the input size. second, 
the approximation found can be arbitrarily bad with respect to the 
objective function compared to the optimal clustering.
The k-means++ algorithm addresses the second of these obstacles 
by specifying a procedure to initialize the cluster centers before 
proceeding with the standard k-means optimization iterations. 
With the k-means++ initialization, the algorithm is guaranteed to 
find a solution that is O(log k) competitive to the optimal k-means 
solution.
With the intuition of spreading the k initial cluster centers away 
from each other, the first cluster center is chosen uniformly at 
random from the data points that are being clustered, after which 
each subsequent cluster center is chosen from the remaining data 
points with probability proportional to its distance squared to the 
point’s closest cluster center.
1. Choose one center uniformly at random from among the data 
points.
2. For each data point x, compute D(x), the distance between x 
and the nearest center that has already been chosen.
3. Choose one new data point at random as a new center, using a 
weighted probability distribution where a point x is chosen with 
probability proportional to D(x)2.
Choose the next center ci,selecting ci

 
4. Repeat Steps 2 and 3 until k centers have been chosen.
5. Now that the initial centers have been chosen, proceed using 
standard k-means clustering.
This seeding method gives out considerable improvements in 
the final error of k-means. Although the initial selection in the 
algorithm takes extra time, the k-means part itself converges very 
fast after this seeding and thus the algorithm actually lowers the 
computation time too. The authors tested their method with real 
and synthetic datasets and obtained typically 2-fold improvements 
in speed, and for certain datasets close to 1000-fold improvements 
in error. Their tests almost always showed the new method to be 
at least as good as vanilla k-means in both speed and error.
Additionally, the authors calculate an approximation ratio for their 
algorithm. The k-means++ algorithm guarantees an approximation 
ratio O(log k) in expectation (over the randomness of the algorithm), 
where  is the number of clusters used. This is in contrast to vanilla 
k-means, which can generate clusterings arbitrarily worse than 
the optimum.

VI. Experimental Results
The below are the experimental results obtained for standard k 
means and modified versions of k means. The results explains 
the importance of selecting initial centers for efficient working 
of k means algorithm.

Table 1: Table Representing Minimum and Maximum Iterations 
for Each Algorithm Considering 50 Data Points

Type
 

k-means Equi kmeans Modified
K means

K means 
++

min max min max min max min max
K=3 4 10 8 8 6 6 3 4
K=4 5 12 5 5 2 2 4 6

The below is the graph representing time complexities of the 
algorithms. The performance of k means algorithm seems to be 
better than remaining versions of algorithmns.

Fig 1:Traditional k-means with Random centriods with k=3

Fig. 2: Traditional k-means with Random Centriods with k=4

From fig 1 and 2, We can notice that the centers are selected by 
random and red square represents them. The possibility of that 
centers are very close to each other lead to poor performance 
and consumes time. The out put is not accurate and require more 
iterations.

Fig. 3: Equi k means with Equidistance Centroids in Data Space. 
with k=3
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Fig. 4: Equi k Means with Equidistance Centroids in Data Space. 
with k=4

From fig. 1 and 2, We can notice that the centers are spread along 
the diagonally at equal distances. The min and max points are used 
to obtain diagonal length and then divided in to k parts to obtain 
the centers. red square represents them. The possibility of that 
centers are not close to each other. This lead to better performance 
and consumes less time. The out put is reasonably accurate and 
require less iterations. This approach is not better if outliers at far 
distance which leads to more iterations.

Fig. 5: Partition k means with Portioning Data Space Into Equal 
Parts with k=3

Fig. 6: Partition k Means with Partioning Data Space Into Equal 
Parts with k=4

From Fig 5 and 6 , We can notice that the centers are selected 
by dividing data space in to equal partitions using statistical 
information like mean and variance and then calculating radius 
and obtaining centers with teta value. red square represents them. 
The possibility of that centers are not close to each other and 
are spread in data space. This lead to better performance and 
consumes less time .than standard k means. The out put is accurate 
and require reasonable  iterations. This approach is not better if 
outliers present in calculated partition. 

Fig. 7: k-means++ seeding technique: The centroids based on 
weighted probability function with k=3

Fig. 8: k-means++ seeding technique: The centroids based on 
weighted probability function with k=4

From fig. 7 and 8 , We can notice that the centers are selected by 
dividing data space in to unequal partitions. The centers are selected 
by using weighted probability function called D2.the centers are 
selected with that probability factor. red square represents them. 
The centers are not close to each other and are spread in data space. 
This lead to better performance and consumes less time .than 
standard k means. The out put is accurate and require reasonable  
iterations. This approach is  better even if outliers present. This 
approach meets features of far efficient method and partition 
methods by interpolating both methods. 

VI. Conclusion
The new algorithms are proposed to solve the problems generated 
from randomly initialized k-means algorithm, it depends on 
initializing prototypes according to statistical information 
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calculated from data, it initiates prototypes as points located on 
a surface of hyper sphere centered in the mean of the sample. 
This paper also proposes a modified versions of the well known 
k-means clustering algorithm. The modified algorithms maintains 
all important characteristic features of the basic k-means and at the 
same time eliminates the possibility of generation of empty clusters. 
It has been shown that the present algorithms are semantically 
equivalent to the serial k-means algorithm. A detailed comparison 
of this new algorithms with the basic k-means has been reported. 
The proposed algorithm achieved good results in decreasing the 
time of k-means,  its strength arising when working with very large 
data sets. Experimental results show that the proposed clustering 
scheme is able to solve the empty cluster problem, to a great extent, 
without any significant performance degradation.
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