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Abstract
Clustering is a data mining activity that aims to differentiate groups 
inside a given set of objects, with respect to a set of relevant 
attributes of the analyzed objects. Generally, existing clustering 
methods, such as k-means algorithm, start with a known set of 
objects, measured against a known set of attributes. But there are 
numerous applications where the attribute set characterizing the 
objects evolves.  
We implement in this project a k-means based incremental 
clustering method, Core Based Incremental Clustering (CBIC) 
that is capable to re-partition the objects set, when the attributes 
set increases. The method starts from the partitioning into clusters 
that was established by applying k-means or CBIC before the 
attribute set changed. The result is reached more efficiently than 
running k-means again from the scratch on the feature-extended 
object set. Experiments proving the method’s efficiency are also 
reported
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I. Introduction
Clustering is the process of locating patterns in large data sets. As 
databases continue to grow in size, efficient and effective clustering 
algorithms play a prominent role in data mining applications. Re-
clustering the whole dataset from scratch is not a good choice due 
to the frequent data modifications and the limited out-of-service 
time, so the development of incremental clustering approaches 
is highly desirable. Clustering of the data is done incrementally 
without disturbing the past dataset but incrementally improving 
or updating the content of the dataset which causes the reducing 
of the time and the effort for the clustering.
The implementation of the k-means based incremental clustering 
method, Core Based Incremental Clustering (CBIC) that is capable 
to re-partition the objects set, when the attributes set increases 
is done.
The method starts from the partitioning into clusters that was 
established by applying k-means or CBIC before the attribute 
set changed. The result is reached more efficiently than running 
k-means again from the scratch on the feature-extended object 
set.
The Core Stability Factor is identified for the efficient formation of 
clusters Experiments proving the method’s efficiency. Formation 
of the Clusters Accuracy (CA) is also identified for proving the 
method accurate formation of the clusters. Analyzing the Details 
of the Clustering formation K-Means is considered as the cheapest 
and the best method and the CBIC is performing far better than 
the K-Means In order to identify the details of the data we need 
datasets were the following algorithms are applied in the three 
dataset.

A. Existing System
Various clustering applications have emerged in diverse domains. 
However, most of the traditional clustering algorithms are designed 
to focus on clustering the data that is given in to groups based on 

some similarity measure like Euclidian distance etc., Whenever 
we are performing the clustering for the given data after any 
modifications (like updating the database) The initial clustering 
has to be done again from the scratch i.e., starting from the initial 
stage  The forming of the clusters again from the starting i.e., (from 
the scratch) making it a long and the time taking processes .
In order to avoid this we go for the newly proposed algorithm that 
is core based approach .that reduces the time for the forming of 
the clusters. And also in the existing system the stability of the 
cluster is not identified such that the user cannot know the nature 
of the clusters that are formed weather they are the good clusters 
or bad clusters.

Whenever we are performing  the clustering for the given • 
data after any modifications (like updating the database) The 
initial clustering has to be done again from the scratch.
Which is a Time  taking process.• 
The Formed Clusters Stability is not identified.• 

In this Paper we Proposed the CBIC algorithm is based on core 
value that is calculated from the each and every cluster that is 
formed. The algorithm is proposed on order to attain the clusters 
that are formed are the efficient and good clusters. To illustrate the 
formation of the good clusters we have used the three different data 
sets. This CBIC Algorithm has been applied on the three different 
data sets and the results has been calculated and observed that 
the results that is provided from the observations the lead to the 
formation of the efficient clusters for each data set and also the 
core stability factor is been identified for the clusters formed. The 
next step is that the clustering accuracy and error is also calculated 
for the clusters such that the amount of utilization of the clusters 
and the cluster formation is been identified.

A new Approach Core Based Incremental Clustering Approach • 
reducing the time for formation of clusters.
Approach reducing the time for formation of clusters.• 
Core Stability Factor is identified for the formation of the • 
efficient clusters.
Cluster Accuracy and Error is calculated for each cluster • 
finding out that how accurate the clusters are formed.

B. Proposed System Feature
The K-means algorithm takes numeric data as input, and generates 
crispy partitions (i.e., every object only belongs to one cluster) 
as the output. It is one of the most popularly used clustering 
algorithms in the research community. It has been shown to be a 
robust clustering method in practice for forming the initial clusters. 
Therefore, later the CBIC algorithm is applied in reforming the 
clusters for the data sets. let reducing the forming the clusters in 
the less time and accurate clusters the core stability factor is also 
identified which tells us user about the accuracy of the clusters that 
are formed. The number of iterations for the each data set is been 
calculated for formation of the clusters. This yielded the better 
results for the processing and the formation of the clusters.
K-means starts by randomly selecting or by specifically picking 
k objects as the centroids of k clusters. Then k-means iteratively 
assigns the objects to the closest centroid based on the distance 
measure, and updates the mean of objects in this cluster as the 
new centroid until reaching a stopping criterion. This stopping 
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criterion could be either non-changing clusters or a predefined 
number of iterations

II. Cluster Analyses
In this Project the basis of the Clustering technique that is the 
unsupervised learning is been analysed .the formation of the clusters 
is based on the similarity measure. We have used the Euclidian 
distance similarity measure for the finding of the distance between 
the objects and the cluster centroid. The efficient formation of the 
clusters s been analysed by calculating the Core Stability Factor 
(CSF), the CSF is used for the identifying the clusters formation 
based on the Core value and the clusters stability is analysed 
and calculated by using the formula. Later on in the project the 
Clustering Accuracy (CA) and Clustering Error (CE) they both too 
are identified and analysed .we have seen the efficient formation of 
the Clusters and testing the three different Datasets Cancer, Wine 
and the Iris which were taken from the UCI Datasets Repository. 
The Results that are obtained well.
Cluster analysis is the statistical method of partitioning a 
sample into homogeneous classes to produce an operational 
classification.  Such a classification may help:

Formulate hypotheses concerning the origin of the sample, • 
e.g. in evolution studies
Describe a sample in terms of a typology, e.g. for market • 
analysis or administrative purposes
Predict the future behavior of population types, e.g. in • 
modeling economic prospects for different industry sectors
Optimize functional processes, e.g. business site locations • 
or product design
Assist in identification, e.g. in diagnosing diseases• 
Measure the different effects of treatments on classes within • 
the population, e.g. with analysis of variance

What Cluster analysis does?
Generate groups which are similar.• 
Homogeneous within the group and as much as.• 
Possible heterogeneous to other groups.• 
Data consists usually of objects or persons.• 
Segmentation based on more than two variables.• 

A. Clustering Overview
Given a set of records (instances, examples, objects, observations,), 
organize them into clusters (groups, classes)

1. Cluster 
A cluster is a subset of objects which are “similar” A subset of 
objects such that the distance between any two objects in the 
cluster is less than the distance between any object in the cluster 
and any object not located inside it. A connected region of a 
multidimensional space containing a relatively high density of 
objects.

2. Clustering
The process of grouping physical or abstract objects into classes 
of similar objects .It is a process of partitioning a set of data (or 
objects) into a set of meaningful sub-classes, called clusters. Help 
users understand the natural grouping or structure in a data set. 
Clustering: unsupervised classification: no predefined classes. 
Used either as a stand-alone tool to get insight into data distribution 
or as a pre-processing step for other algorithms. Moreover, data 
compression, outlier’s detection, understands human concept 
formation.

Fig. 2: Clusters are Formed From (Grouped Data From Raw 
Data)

3. Good Cluster Formation
A good clustering method will produce high quality clusters in 
which:
The intra-class (that is, intra-cluster) similarity is high. Intra the 
inter-class similarity is low. The quality of a clustering result also 
depends on both the similarity measure used by the method and 
its implementation.
The quality of a clustering method is also measured by its 
ability to discover some or all of the hidden patterns. However, 
objective evaluation is problematic: usually done by human / 
expert inspection.

4. Ways of Representation of the Cluster

B. Incremental Clustering
In this project Incremental Clustering is used. Clustering is the 
process of locating patterns in large data sets. As databases continue 
to grow in size, efficient and effective clustering algorithms play a 
paramount role in data mining applications. Traditional clustering 
approaches usually analyse static datasets in which objects are 
kept unchanged after being processed, but many practical datasets 
are dynamically modified which means some previously learned 
patterns have to be updated accordingly. Incremental clustering 
is used to solve the temporal dynamic property of the knowledge 
improve the performance and efficiency of the mining results 
incremental results occur with the passage of time.
Re-clustering the whole dataset from scratch is not a good choice 
due to the frequent data modifications and the limited out-of-service 
time, so the development of incremental clustering approaches 
is highly desirable. Clustering of the data is done incrementally 
without disturbing the past dataset but incrementally improving 
or updating the content of the dataset which causes the reducing 
of the time and the effort for the clustering

C. Formal Problem Study
Let    be the set of objects to be classified. Each 
object is measured with respect to a set of m initial attributes and 
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is described therefore by a m-dimensional vector 
                      

Usually, the attributes associated to objects are standardized, in 
order to ensure an equal weight to all of them. 
Let    be the set of clusters discovered in data by 
applying the k-means algorithm. Each cluster is a set of objects, 

The centroid (clusters mean) of the cluster Kj is denoted by fj, 
where

The measure used for discriminating objects can be any metric 
function, d. We used the 
Euclidian distance:

The measured set of attributes is afterwards extended with one 
new attribute, the (m + 1) or last attribute. After extension, the 
objects’ vectors become.

  
We want to analyse the problem of recalculating the objects 
grouping into clusters, after object extension and starting from 
the current partitioning. We want to obtain a performance gain in 
respect to the partitioning from scratch process.
We start from the fact that, at the end of the initial clustering 
process, all objects are closer to the centroid of their cluster than 
to any other centroid. So, for any cluster j and an object  
inequality of below formula holds. (Inequality 1)

We denote by   the set containing the same objects 
as Kj , after the extension. By  we denote the mean 
(centre) of the set K’j . These sets  will not necessarily 
represent clusters after the attribute-set extension. 
The newly arrived attribute can change the objects arrangement 
into clusters, formed so that the intra-cluster similarity to be high 
and inter-cluster similarity to be low. But there is a considerable 
chance, when adding one or few attributes to objects, and the 
attributes have equal weights and normal data distribution, that 
the old arrangement in clusters to be close to the actual one. 
The actual clusters could be obtained by applying the k-means 
classification algorithm on the set of extended objects. But we 
try to avoid this process and replace it with one less expensive 
but not less accurate. With these being said, we agree, however, 
to continue to refer the sets K’j as clusters. 
We therefore start by taking as reference point the previous 
partitioning in clusters and study in which conditions an extended 
object Oij’ is still correctly placed in its cluster K’j.  For that, 
we express the distance of Oj’i to the centre of its cluster, f’ j 
, compared to the distance to the centre f’r of any other cluster 
K’r .

Inequality (1):
After the Initial Clustering• 
All objects in the Cluster are closer to the own centroid than • 
to the other centroids 

So

The Object Oij is closer to centroid fj than any other distance (for 
the other Centroid).
Inequality (2):

The Inequality (2) refers to the which Extended object(O1) • 
is closer to the centroid(C1)
Or to any other clusters centroid in the group of clusters.• 
So we place the objects (O) in that cluster which is closer to • 
that centroid in that particular cluster.

III. K-MEANS
K-Means Clustering is a method of cluster analysis which aims 
to partition n observations into k clusters in which each observation 
belongs to the cluster with the nearest mean. This results in a 
partitioning of the data space into groups.
Initially the Mean values are taken randomly. The number of the 
mean values is based on the k value. The Clustering of the dataset 
is done based on the distance measure (Euclidian Distance) Finally 
the Clusters that are formed contains the Elements that are more 
nearer to the Elements inside the cluster than that of the Elements 
that are outside the cluster that are other cluster Elements i.e., the 
Inter Cluster Similarity is high and the Intra Cluster Similarity is 
low (Good Clusters).
New Means are calculated at the Each Iterations and the K means 
Clustering algorithm stops when the Clusters are well formed 
or MAX NO of ITERATIONS or when the Good Clusters are 
formed.

A. Algorithm
Basic version works with numeric data only.
1. Pick a number (K) of cluster centres - centroids (at random).
2. Assign every item to its nearest cluster centre It is done based 
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on the similarity measure like Euclidian Distance.
3. Move each cluster centre to the mean of its assigned items.
4. Repeat steps 2, 3 until and unless the clusters formation is 
changed to the good Clustering level.

B. Illustrating K –Means

1. CBIC (Core Based Incremental Clustering)
We have used the property that is said in the previous paragraph 
in order to identify inside each cluster   those objects 
that have a considerable chance to remain stable in their cluster. 
We will use these cluster cores as seed for clustering.

The set of all objects in K’j that are closer to f’ j than to any other 
centre f’r. We denote by CORE the set   of all 
clusters cores. All objects in Corej will surely remain together in 
the same group if clusters do not change. This will not be the case 
for all core objects, but for most of them. We give next the Core 
Based Incremental Clustering algorithm. We mention that the 
algorithm stops when the clusters from two consecutive iterations 
remain unchanged or the number of steps performed exceeds the 
maximum number of iterations allowed. 

(i). Core Value Calculation
As we have chosen the cluster k= 5• 
After extending an object we find the core values• 
Core value is the objects that are been extended is place in • 
its cluster core
Since we have 5 clusters 5 cores will be there the set of all • 
cores is CORE

CORE ={core1,core2,core3,core4,core5}

“j” ranges from 1 to the number of clusters that are predefined 
here it is 5.

2. Using CBIC
For Each Cluster C1, C2, C2, C4, C5
We increase attributes of the objects in each cluster .only one 
object is each cluster is taken randomly and it is extended.
Example like:
Core 1 = {O1}
Core 2 = {O2}
Core 3 = {O3}
Core 4 = {O4}

Core 5 = {O5} these are the initial objects that are taken as 
extended.
While Performing the CBIC the objects in the core may shuffle 
between the cores that they may land in to the same cluster.
Example like:
Core 1 = {O1, O4}
Core 2 = {O2}
Core 3 = {O3}
Core 4 = {O5}
Core 5 = {  }      
Jumping of the objects takes place from place to place and the 
number of core it ended is finally found out or the calculation of 
the core stability factor.

After placing the objects in the correct clusters we will find the • 
no of iterations that are taken while performing the formation 
of the clusters.
Finding the NO OF ITERATIONS for placing the all objects • 
into its correct clusters
Finally CBIC clusters are formed.• 

3. Iterations Calculation
The NO OF ITERATIONS is the number of loops that is • 
repeated for the formation of the clusters.
Comparison between the KMEANS and CBIC is done when • 
the object is extended
A Table is represented Finally proving the Efficiency of the • 
CBIC 
CBIC is performing better than that of K means for the Object • 
that is changed.
Normally we can cluster/classify using the K means • 
classification algorithm 
So we go for the one less expensive and not less accurate• 
We therefore start by taking reference point  the previous • 
partitioning clusters and study in which condition an extended 
Object O1 is still correctly placed in its Cluster (K1)
Core is for particular Object Distance from the centroid • 
(C1)

4. CBIC Algorithm
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5. Steps for Iteration and Formation of Clusters in 
CBIC

The initial clusters that are formed by the Kmeans are taken • 
as input for the CBIC
From each cluster an object is taken and increased by its • 
attribute
Core value is calculated for each cluster i.e.,• 
The increased objects in each cluster are placed in their • 
particular cluster core based on the closeness to the 
centroid.

The For Loop is iterated until the Clusters that are formed are • 
having the proper Cluster that is MAX NO OF ITERATIONS 
like KMEANS 
Here we have done until infinite loop such that good Clusters • 
are formed whenever the cluster that is Equal to the previous 
cluster then the iterations are stopped.
CBIC Clustering is performed providing the better • 
performance to the K-means clustering

6. CSF (Core Stability Factor)
As a quality measure we take the movement degree of the core 
objects. More stable they are, better was the decision to choose 
them as cores for the incremental clustering process. We express 
the Core Stability Factor (CSF) as:

7. CA & CE (Clustering Accuracy and Error)
The performance of the proposed approach is evaluated on 
Iris dataset, wine dataset and Cancer dataset using Clustering 
Accuracy (CA) and Clustering Error (CE). We have used the 
clustering accuracy described in for evaluating the performance of 
the proposed approach. The evaluation metric used in the proposed 
approach is given below.

IV. Conclusion 
We Proposed in this paper a new method or Algorithm Core 
Based Incremental Clustering (CBIC) for clustering the Data sets 
incrementally is examined that When an Attribute set describing 
the objects increased by one. The experiments on different data 
sets like Cancer, Iris and Wine Data sets prove that the result is 
reached more efficiently using the proposed method than running 
k-means again from the scratch on the feature-extended object set. 
And also the Core stability factor(CSF) tells about the Efficiency 
of the clusters formation and the Clustering accuracy and the 
error(CA &E) is been identified which proving how accurate the 
clusters are formed finally observation is done that K Means is 
comparatively performing  very less efficient when compared to 
the CBIC.
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