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Abstract - K-Means is a very famous algorithm for 
Clustering and several scientists focus on improving it. 
In this paper, the improvement of the K-Means 
algorithm has been done, as a Balanced C-means 
algorithm for both Normal and Streaming Data is 
evolved. K-means gives extension to Balanced K-means, 
which normalize the Feature values of Dataset, to 
overcome the disadvantage of Standard K-means. Here, 
for Fuzzy clustering, we use Fuzzy C-means (FCM) 
algorithm. And for Data Stream, we need to modify 
FCM to wFCM i.e. weighted FCM. Thus, Balanced K-
means, and wFCM combines to form a novel Balanced 
C-means algorithm for both Normal and Streaming 
Data Sets.

Index Terms - Data Stream, Balanced C-means, Fuzzy C          
– Means (FCM).

I.INTRODUCTION

Assume given a record of data objects for 
scrutiny where, opposed in classification, the class 
label of each object is undisclosed. This is quite 
general in large databases, because assigning class 
labels to a large number of objects can be a very 
expensive process. Clustering is the activity of 
grouping the data into clusters or classes, so that 
objects within a cluster have high similarity in 
comparison to one another but are very dissimilar to 
objects in other clusters. We study the necessities of 
clustering procedures for huge volumes of data.
Dissimilarities are evaluated based on the attribute 
values describing the objects. Often, distance 
measures are used. A cluster of data objects can be 
regarded collectively as a single group and so may be 
considered as a form of data compression. Although 
classification is an productive means for 

discriminating classes or groups of objects, it requires 
the often expensive  collection and labeling of a large 
set of training tuples or patterns, which the classifier 
uses to model each group. Cluster analysis is a 
predominant human activity. Early in childhood, we 
grasp how to difference between dogs and cats, or 
between plants and animals, by continuously 
upgrading dormant clustering methods. Clustering is 
a useful method for the discovery of patterns and 
distributions in data. Its objective is to devise both 
the sparse and the dense areas in a dataset. Clustering 
is also known as data segmentation in some 
applications because clustering separates huge data 
sets into groups on the basis of their similarity. The 
main principle of Clustering lies on a concept of 
similarity metric or distance metric. Clustering is one 
of the most essential tasks of Data Mining. Some of 
the Application areas of Clustering are Statistics, 
Machine Learning, Biology, Neural Networks and 
Database communities with disparate stress. 
Clustering can also be used for “Outlier Detection”, 
where Outliers (values that are “far away” from
cluster). Main application of Outlier Detection is
Detection of Credit Card Fraud. There are several 
ways to deal with the problem of clustering. K-means 
[1], [2], [3] is the simple and effective algorithm in 
producing good clustering results for many practical 
applications. All of the algorithms which are for 
clustering present good result for both static data and 
data streams. 

The rest of the paper is organized as follows: 
In Section II, we review previously related work, 
Balanced K-means is explained in Section III, then 
Section IV covers the Literature Survey and we 
conclude in Section V.
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II. K-MEANS

Partitioning Clustering is one of the 
prominent clustering methods. Partitioning Clustering 
can also be called as Non-Hierarchical Clustering. As 
the Clustering algorithms have been classified 
separately for Numerical data and Categorical (Non-
Numerical) data. Further, for Numerical data there 
are two kinds of clustering algorithms, namely 
Partitioning and Hierarchical.

Partitioning method:

Given a database of ‘n’ objects, this method 
creates ‘k’ partitions [4], [5] of the data, where each 
partition serve as a cluster and ‘k ≤ n’.

Let, ‘k’, the number of partitions to create, a 
partitioning method constructs an ‘Initial 
Partitioning’. Then uses an ‘Iterative Reallocation 
Technique’, which helps to improve the partitioning 
by moving objects from one group to another. The 
general criterion of a good partitioning is that objects 
of the same cluster are ‘close’, whereas of different 
cluster are ‘far apart’ or quite different.

Partitioning method can be then classified 
under K-means and K-medoid algorithms. These are 
the popular Heuristic methods or Classical 
Partitioning methods.   ‘Heuristic’ denotes to 
experience-based methods for problem solving and 
discovery which gives a solution that has no 
guarantee to be optimal. In comparison to the 
Hierarchical method, this technique allows objects to 
change group membership through the formation 
process of cluster. Note: ‘k’ is decided by the user, 
therefore it is better to execute algorithms more times 
for the selection of ‘k’ that performs best 
characteristics. This technique was developed by 
‘Queen’ in 1967. [6]

K-Means algorithm is where each cluster is 
expressed by the ‘mean value’ of objects in the 
cluster. It is a ‘Centroid-based’ method. The K-means 
algorithm takes the input specification, ‘k’ and 
partitions a group of ‘n’ objects into ‘k’ clusters, so 
that the resulting inter-cluster similarity is low, but 
the intra-cluster similarity is high. Cluster similarity 
is measured with regard to the mean value of the 

objects in a cluster, which is viewed as the ‘centroid’ 
of the cluster, or ‘center of gravity’.

Working of K-means algorithm:

First, it randomly selects ‘k’ objects, each 
initially serve as a cluster mean or center. For each of 
the remaining objects, an object is assigned to the 
cluster to which it is the most similar, depending on 
the distance between the object and mean of the 
cluster. Now, it calculates the new mean for each 
cluster. This process iterates until the criterion 
function converges [7], [8].

Usually, the ‘square-error criterion’ is used, as:

E= ∑ |p − mi|∈C1 2
Where, 

E = Sum of the Square Error for all objects in the 
data set.

p = Point in space denoting a given object.

mi = Mean of cluster Ci.

Here, both p and mi are multi-dimensional.

For each object in the cluster, the distance 
from the object to its cluster center is squared and the 
distances are summed. This ‘square-error criterion’ 
tries to make the ‘k’ clusters as separate and as 
compact as possible. 

Algorithm: K-means:

This method consists of three stages. It is 
better to determine ‘k’ initial centroids (seed points) 
first, before moving to second stage.

1. The items are partitioned into ‘k’ number of 
clusters.

2. For each item, assign it to the cluster whose 
centroid is closest. Recalculate the centroid 
for the cluster receiving the new item and 
for the cluster losing the item.

3. Repeat Second stage until no assignments 
occurs.
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F1 F2 F3

X1 0.3 20 2
X2 0.2 11 4
X3 0.8 56 1
: : : :
: : : :
Xn 0.3 35 5

Fig 1. The values of features are imbalance, as the 
values of F2 are so large, whereas the values of F
so small.

The K-means method is relatively scalable 
and efficient in processing large data sets, because 
the computational complexity of K-means algorithm 
is O(nkt), where 

n = Total number of objects.

k = Number of clusters.

t = Number of iterations.

Normally, k << n and t << n. The algorithm 
often terminates at a local optimum.

K-means algorithm, can be applied only 
when the mean of a cluster is defined. But, this may 
not happen when data with non-numerical i.e. 
categorical attributes are involved. The inevitability 
for users to specify ‘k’, the number of clus
can be seen as a curse. The standard K-
is highly sensitive to noisy data and 
points, because a small number of such data can 
impact the mean value. All algorithms of clustering 
calculate centers from data module, that
time.

How the K-Means Clustering algorithm works?

The following figure depicts the flow chart 
working of the K – Means Clustering algorithm :

Fm

? 13
? 15
? 0.7
: :
: :
? 0.5

The values of features are imbalance, as the 
are so large, whereas the values of F1 are 

means method is relatively scalable 
efficient in processing large data sets, because 

means algorithm 

Normally, k << n and t << n. The algorithm 

means algorithm, can be applied only 
when the mean of a cluster is defined. But, this may 

numerical i.e. 
categorical attributes are involved. The inevitability 
for users to specify ‘k’, the number of clusters, prior, 

-means method 
is highly sensitive to noisy data and outlier data 
points, because a small number of such data can 

All algorithms of clustering 
calculate centers from data module, that takes a lot of 

Clustering algorithm works?

The following figure depicts the flow chart 
Means Clustering algorithm :-

Fig 2. Flow chart of K –

III. BALANCED K

Here, we present Balanced 
algorithm, which overcomes the disadvantages of 
standard K-means algorithm. As the Fig. depicts the 
standard K-means algorithm. As per the Fig., 
Elements of X - > Datasets, and Elements of F 
Feature values. In the Dataset of Fig.
of Features are very large, whereas some are very 
small. As it can be seen in the Fig. that the values of 
F2 are quite large, whereas the values of F
small. In case, if we use K-means, the large values 
would play a vital role for the results of clustering, 
whereas the small values can be neglected, this is the 
curse of K-means. For the solution of this problem, 
all the values of Features are needed to be proj
to a fixed range from 0 to 1. i.e. we need to normalize 
all the values of Features.

Transforming formula is:

Values (t) 

Here, values (target) ∈ [0, 1]

f => Feature values

=> Smoothing value ( optional)

– Means Clustering

III. BALANCED K-MEANS

Here, we present Balanced K-means 
algorithm, which overcomes the disadvantages of 

means algorithm. As the Fig. depicts the 
means algorithm. As per the Fig., 

> Datasets, and Elements of F - > 
Feature values. In the Dataset of Fig. 1 , some values 
of Features are very large, whereas some are very 
small. As it can be seen in the Fig. that the values of 

are quite large, whereas the values of F1 are very 
means, the large values 

would play a vital role for the results of clustering, 
whereas the small values can be neglected, this is the 

For the solution of this problem, 
all the values of Features are needed to be projected 

i.e. we need to normalize 

  

=> Smoothing value ( optional)
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Table. Number of Instances, Features, and Classes in 
each Dataset.

Dataset Characteristic Instances Features
Pima Real 867 9
iris Real 151 5
Wdbc Real 965 29
balance Discrete 526 5
bupa  Discrete 543 7
wine Real 871 12
ionosphere Real 153 33

The table depicts the 7 datasets.

Algorithm: Balance K – means ():

Input: X and k:

1. For i = 1 to n.

2. xi = x MIN (f)
 ( )   ( ) 

3. end for

4. Initialize ‘k’ centroids (wi… wk) such that wj

= xl.

5. Each cluster cjis associated with centroid wj

6. Repeat

7. For each input vector xi

8. do

9. Assign xl to the cluster cj with nearest 
centroid wj*, | xl – wj* | ≤ | xl – wj|.

10. For each cluster cj, do

11. Update the centroid wj

12. Compute the error function, e

13. Until do not change or cluster membership 
no longer changes.

End

Thus, the Balanced K – means extends the 
well known k – means algorithm. The Balanced K –
means is based on the concept that all the values of 
Features are normalized. Therefore, it shows that the 
Balanced K – means is very effective and takes less 
time in comparison to the standard K – means.

IV. LITERATURE SURVEY

In Hard Clustering, like the K – means
algorithm, the data is partitioned into distinct clusters, 
where each data object belongs to exactly one cluster. 
But, in Fuzzy Clustering (also called as Soft 
Clustering ), the data objects can belong to more 
than one cluster, and associated with each object is a 
set of membership levels. These indicate the strength 
of the association between that data object and a 
particular cluster. Fuzzy Clustering is a process of 
assigning these membership levels, and then using 
them to assign data objects to one or more clusters.
One of the most popular Fuzzy Clustering algorithms
is Fuzzy C – Means algorithm. (FCM). FCM has 
been used in several fields like Data Mining, Pattern 
recognition, Machine Learning, etc. 

Also, in the recent years, the continuously 
appearing Data Stream has become general 
phenomenon in several fields, like Sensor Networks, 
Internet Traffic Flow, and Web Click Stream, etc. 
Now, Data Stream has become a vital source of data. 
Thus, a lot of scientists are paying attentions on it. 
Devising efficient Data Stream Mining algorithm has 
become an essential research topic. Data Stream is of 
undefinite size, having uncertain speed of arrival, 
which can be scanned in single pass. It has to be 
processed not beyond a limited space (memory) and a 
strict time. The streaming data is a gigantic 
unbounded succession of data objects, which is 
persistently evolved at a brisk pace. Because of 
restricted memory space, each and every data should 
be inspected by only single pass. A weighted Fuzzy 
C-Means (wFCM) clustering algorithm for the 
datasets possessing streaming nature has been  
suggested [9], [10 ]
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As per my knowledge, no one has yet tried 
to implement the Balanced K – means used in [8] for 
FCM clustering technique. Thus, gave me motivation 
to propose FCM algorithm for both the FCM and 
wFCM algorithms.

In the year 1967, MacQueen in [7] devised 
the C – Means algorithm, which became a milestone 
in the Data Mining context. In 1981, Bezdek showed 
the FCM Algorithm as in [8]. Recently, in 2002 
O’Callaghan devised changes in the C – Means 
Algorithm for the streaming data [11]. Aggarwal 
proposed CluSTREAM Algorithm in [12]. In [9], a 
modified FCM Algorithm for streaming data was 
proposed.

Description of Fuzzy C – Means and Data 
Streams:

In this paper, other than crisp clustering, 
fuzzy clustering is more considered. So, 
modifications of FCM algorithm is presented, which 
adjust it to compromise with Data Streams. Though, 
the Data Stream is of indefinite size, it needs to be 
divided into fragments/chunks. Simulations show that 
this partitioning method never affects the clustering 
quality. However, correct weights can be selected for 
the data objects. 

Usually, for the crisp values, the most 
famous are K – means [7], COBWEB [8] or 
DBSCAN [9]. Let, a set X = {x1… xN} of data 
objects, the objective of the clustering is to partition 
the set X into K distinct clusters. In the above 
algorithms, the clusters are described by their centers. 
The set of cluster centers is indicated by V = {v1...

vk}. All these algorithms mentioned above are made 
for the clustering of Crisp values. In the Crisp 
Clustering, every data object can correspond to only 
one of existing clusters. A substitute is the fuzzy 
clustering. Under it, the membership degree Uij of 
data object xj to the cluster center vi takes values 
between [0, 1]. Each and every membership degree 
can be denoted by a membership matrix U = [Uij]K X 

N. The very popular Fuzzy Clustering technique is the 
Fuzzy C – Means (FCM) algorithm [10], [11], that is 
based on the K-means algorithm. Here, minimization 
of the following Objective Function takes place:

cm = ∑ ( ij)m|| i − j||211
w.r.t. Uij, 

vi, i = 1, …, K, j = 1, …, N

m > 1 is a fuzzifier parameter. 

The membership value Uij should follow:

ij = , or all j belongs to  to 
1

A lot of variations of the FCM algorithm 
have been suggested in [3], [4], [5]. All these 
algorithms are relevant for the static data, only. But, 
in order to compromise with the streaming data, these 
algorithms should be reorganized. Data Streams [6], 
are of indefinite size. Data Stream Clustering is a 
quite demanding research area [7]. Data Stream is an 
immense absolute array of the data objects regularly 
provoked at fast pace. Some of the popular softwares 
for the mining or digging out of the streaming data 
are ‘RapidMiner’, which is a freely available open-
source software used for the mining of both the static 
as well as streaming data, machine learning, etc. and 
the other software named as ‘Massive Online 
Analysis’, abbreviated as MOA, which is also a free 
open source software for data stream mining. It also 
assists intercommunication in bidirections with a 
machine learning software named as ‘Weka’. Weka 
stands for Waikato Environment for Knowledge 
Analysis. It is written in Java. Machine learning is an 
area for discovering ways to dig out information.   

A lot of algorithms have already been 
devised such as the STREAM algorithm [7], the 
HPStream algorithm [8], and the CluStream system 
[9 ]. 

In this paper, according to the concept 
discussed in [9], the alterations of the FCM algorithm 
are shown. And this changed algorithm is suitable for 
the streaming data, which is named as wFCM 
algorithm.
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The wFCM Algorithm:

It is not possible to apply the FCM 
Algorithm to the streaming data directly, a bit of 
changes need to take place. In [8], a fascinating 
solution has been suggested, which is called the 
wFCM Algorithm.                                                                                                                                                                                                                                                                                                            

Fig 3. The diagram drawn below shows block 
diagram of wFCM algorithm.

Data stream is divided into modules,          
Sp = {x1

p… xnp
p}, here p = 1, 2 … Data objects for the 

p – th module are gathered in a buffer, while the (p –
1)th module is processed. Each data object xj

p is 
supported with a weight wj

p. The main focus of the 
wFCM algorithm is to perform clustering on the 
corresponding data parts, which are associated with 
data modules. 

First part of data, X1 = First module, S1 = 
{x1

1… xn1
1} 

Each next part Xp, p > 1, is formed by 
joining the data module Sp and the set of cluster 
centers Vp-1 = {v1

p-1… vK
p-1}, acquired for previous 

part of data

Xp = Sp ⋃ Vp-1

The weights wp
np+i (for xp

np+i) are calculated 
with the help of the formula given below :

wp
np+i = ∑ Uijp − wjp − , i = , … , K, p >11

For each part of data Xp, the membership 
matrix Up and the set of cluster centers are computed 
continually. The main aim is to minimize the 
objective function shown below :

Jp
wFCM= wpj (Upij)m |vpi − pj| 2 11

The processing of the data part Xp

terminates, if the value of function Jp
wFCM changes 

insignificantly.

One of the significant points of the wFCM 
and algorithm is the assignment of weights to the data 
objects, which are incoming. 

Wj
p = 1, where, p ≥ 1, and j = 1 to np

After all, streaming data is normally time –
variant by its nature. For data module Sp, values of 
weights can be selected to follow the given 
recurrence formula:

Wj+1
p = Wj

p2λ, W1
p = 1, where,p ≥ 1,and j = 1 to np -1

Here, λ > 0 is a decay rate parameter. 

The value of λ shows the speed of forgetting 
the effect of the clustering result of the previous data 
objects. 

The last object of data module Sp-1 receives 
weight Wnp-1

p-1 = 2(n
p-1-1

)λ. After the clustering of data 
part Xp-1 is done, all weights of current cluster centers 
Vp-1 (which are covered into data part Xp as per [13]) 
are separated by 2npλ. This operation guarantees that 
the weights of the first data object from module Sp is 
2λ times greater than the weight of the last object 
from module Sp-1.

Thus, the wFCM algorithm displays poor 
exactness in comparison to its base algorithm for 
static data i.e. FCM algorithm. The wFCM algorithm 
shows poor accuracy than their basic algorithms for 
the static data i.e. FCM algorithm, still it remains 
sufficient. The outliers also influence the results of 
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the wFCM algorithm. However, this method 
dwindles the quality of the consequences of 
clustering little bit. But, still the variation of accuracy 
is on the level which can be adopted. Some 
simulation techniques shows that the algorithms are 
suitable tools for the detection of developing 
variations of data. In some what near future, a lot of 
soft computing methods are being developed in order 
to deal with the streaming data.

V. CONCLUSION

In this paper, we have tried to implement the 
Balancing method used in [1], for FCM clustering. 
And modify FCM to wFCM to work with the 
streaming data. A Balanced K – means algorithm is 
shown in brief. The Balanced K – means algorithm is 
based on the concept that Feature values are 
normalized, which makes the K – means quite more 
effective and also consumes time. Modified variant 
of wFCM was considered, which depicts how the 
partitions of the data stream into modules allows 
performing clustering of fuzzy values. 
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