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Abstract: - Clustering analysis is a descriptive task that

seeks to identify homogeneous groups of objects
based on the values of their attributes. K-medoid
clustering algorithms are widely used for many
practical applications. Original K-medoid algorithm
select initial centroids and medoids randomly that
affect the quality of the resulting clusters and
sometimes it generates unstable and empty clusters
which are meaningless.
The original k-means
algorithm is computationally expensive and requires
time proportional to the product of the number of data
items, number of clusters and the number of iterations.
Improved k-Medoid clustering algorithm has the
accuracy higher than the original.
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I. INTRODUCTION
The huge amount of data collected and stored in
databases increases the need for effective analysis methods
to use the information contained implicitly there.

Clustering is important data mining technique to
extract useful information from various high
dimensional datasets. A wide range of clustering
algorithms is available in literature and still an open
area for researcher. One of the primary data analysis
tasks is cluster analysis, which helps the user to
understand the natural grouping or structure in a
dataset. Therefore, the development of improved
clustering algorithms has been received much
attention. The goal of a clustering algorithm is to
group the objects of a database into a set of
meaningful subclasses [3].
Clustering has been a widely studied problem in a
variety of application domains including data mining
and knowledge discovery [10], data compression and
vector quantization [11], Clustering is the process of

partitioning or grouping a given set of patterns into
disjoint clusters. pattern recognition and pattern
classification [7], neural networks, artificial
intelligence, and statistics. Existing clustering
algorithms can be broadly classified into hierarchical
and partitioning clustering algorithms [17].
Hierarchical algorithms decompose a database D of
n objects into several levels of nested partitioning
(clustering), represented by a dendrogram, i.e., a tree
that iteratively splits D into smaller subsets until each
subset consists of only one object. There are two types
of hierarchical algorithms; an agglomerative that
builds the tree from the leaf nodes up, whereas a
divisive builds the tree from the top down. Partitioning
algorithms construct a single partition of a database D
of n objects into a set of k clusters. Optimization based
partitioning algorithms typically represent clusters by
a prototype. Objects are assigned to the cluster
represented by the most similar prototype.
This is done such that patterns in the same cluster are
alike, and patterns belonging to two different clusters
are different. An iterative control strategy is used to
optimize the whole clustering such that, the average
squared distances of objects to its prototypes are
minimized. These clustering algorithms are effective
in determining a good clustering, if the clusters are of
convex shape, similar size and density, and if their
number k can be reasonably estimated. Depending on
the kind of prototypes, one can distinguish k-means, kmodes and k-medoids algorithms. In k-means
algorithm [8], the prototype, called the center; is the
mean value of all objects belonging to a cluster. The kmodes algorithm [16] extends the k-means paradigm
to categorical domains. For k-medoids algorithms [7],
the prototype, called the “medoid”; is the most
centrally located object in the cluster. The algorithm
CLARANS, introduced in [20], is an improved kmedoids type algorithm restricting the huge search
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space by using two additional user-supplied
parameters.
It is significantly more efficient than the well known
k -medoids algorithms PAM and CLARA, presented
in [7].Among clustering formulations that are based on
minimizing a formal objective function, perhaps the
most widely used and studied is k-means clustering.
Given a set of n data points in real d-dimensional
space, Rd, and an integer k, the problem is to
determine a set of k points in Rd, called centers, so as
to minimize the mean squared distance from each data
point to its nearest center. Although the k-means
method has a number of advantages over other data
clustering techniques, it also has drawbacks; it converges
often at a local optimum [2], the final result depends on

the initial starting centers. Many researchers introduce
some methods to select good initial starting centers;
you can see [5] and [6]. Other researchers try to find
the best value for the parameter k that determines the
number of clusters or the value of k must be supplied
by the user. You can see [22] and [21]. In recent years,
many improvements have been proposed and
implemented in the K-means method; you can see [9].
The k means clustering algorithm attempts to
determine k partitions that optimize a certain criterion
function. The average square error criterion, defined in
(1), is the most commonly used (cj is the mean of
cluster Ci, n is the number of objects in the dataset).

taking the mean value of the objects in each cluster
[16]. The algorithm takes the input parameter k, the
number of clusters to be partitioned among a set of n
objects [6]. A typical KMedoids algorithm for
partitioning based on Medoid or central objects is as
follows:
Input:
K: The number of clusters
D: A data set containing n objects
Output: A set of k clusters that minimizes the sum of the
dissimilarities of all the objects to their nearest medoid.

Method: Arbitrarily choose k objects in D as the initial
representative objects;
Repeat:
1. Assign each remaining object to the cluster with
the nearest medoid;
2.

Randomly select a non medoid object Orandom;

3.

Compute the total points S of swap point Oj with
Oramdom

4.

new set of k medoid

k n
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If S < 0 then swap Oj with Orandom to form the

Until no change;

j
1i
1

The average square-error is a good measure of the within
cluster variation across all the partitions. Thus, the average
square error clustering tries to make the k clusters as
compact and separated as possible, and works well when
clusters are compact clouds that are rather well separated
from one another [12].

II. RELATED WORK

.
B. K-Medoids algorithm:
The basic strategy of K-Medoids clustering algorithm is to
find k clusters in n objects by first arbitrarily finding a
representative object (the Medoids) which is the most
centrally located object in a cluster, for each cluster [11].
Each remaining object is clustered with the Medoid to
which it is the most similar. K-Medoids method uses

representative objects as reference points instead of

III. MODIFIED K-MEDIOD ALGORITHM
A. Modified K-mean algorithm:

The K-mediod algorithm is a popular clustering
algorithm and has its application in data mining ,image
segmentation, bioinformatics and many other
fields[14].This algorithm works well with small
datasets.In this paper we proposed an algorithm that
works well with large datasets. Modified k-mean
algorithm avoids getting into locally optimal solution
in some degree, and reduces the adoption of cluster error criterion.
Modified K –Medoid Algorithm
Input: k: The number of clusters
D: A data set containing n objects
Output: A set of k clusters that minimizes the sum of the dissimilarities of
all the objects to their nearest medoid
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1 Method: Arbitrarily choose k objects in D as the initial representative
objects;

2 Else
3 For j=1 to k

2 For each data-point di , find the closest centroid cj and assign di to cluster j
Select initial

4 Compute squared Euclidean distance

k=1;

d2(xi, mj);

3 Do

5 endfor

4 OldMSE=MSE;

6 Find the closest centroid mj to xi;

5 MSE1=0;

7 mj=mj+xi; nj=nj+1;

6 For j=1 to k

8 MSE=MSE+d2 (xi, mj);

7 mj=0; nj=0;

9 Clustered[i] =number of the closest centroid;

8 endfor

10 Pointdis[i] =Euclidean distance to the closest

9 For i=1 to n

centroid;

10 For j=1 to k

11 endfor

11 Compute squared Euclidean distance d2(xi, mj);

12 For j=1 to k

11.1 Repeat assigns each remaining object to the cluster with the nearest
medoid;

13 mj=mj/nj;
14 endfor

11.2 If D < 0 then swap O j with O random to form the new set of k medoid
12. Randomly select a non medoid object O random;

IV. EXPERIMENTAL RESULTS AND ANALYSIS

12.1 compute the total points S of swapping object Oj with O ramdom;
12.2 Until no change
12.3 end for
13 Find the closest centroid mj to xi;
14 mj=mj+xi; nj=nj+1;
15 MSE1=MSE1+d2(xi, mj);

In this Paper, the most representative algorithms KMediod, and proposed algorithm Modified K-Mediod were
examined and analyzed based on their basic approach for
large data set, using student class dataset. The best
algorithm in each category will found out based on their
performance. Comparison between K-Mediod and Modified
K-Mediod algorithm with Number of Clusters and
Execution Time (in milliseconds) is shown in the table.
TABLE II: K-MEDOID AND MODIFIED K-MEDIOD
PERFORMANCE

16 endfor
17 For j=1 to k
18 nj=max (nj, 1); mj=mj/nj;

Time taken to execute

Time taken to execute

(In millisecond)

(In millisecond)

K-Mediod Algorithms

Modified K-Mediod
Algorithm

300

95672

59735

400

123272

89332

500

139826

106243

600

170231

128338

Number of
Records

19 endfor
20 MSE=MSE1; while (MSE<OldMSE)

Sub Algorithms: calculate Distance
1 For i=1 to n
Compute squared Euclidean distance
d2(xi, Clusterid[i]);
If (d2(xi, Clusterid[i])<=Pointdis[i])
Point stay in its cluster;
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Graph shows the comparison between K-medoid and
Modified K-mediod algorithm on the basis of various
numbers of clusters and execution time. Modified KMediod gives better performance in comparison to KMedoid algorithm.
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V. CONCLUSION
From the experimental results,it is observed that the
comparison between K-mediod and Modified K-mean
algorithm shows that when number of clusters is less,
Modified K-mediod takes less time to execute than the Kmediod and if the number of clusters is more, then it is again
true that modified K-mediod takes less time to execute than
the K-mediod.
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