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Abstract: - This paper presents a comparative study on clustering methods and developments made at various
times. Clustering is defined as unsupervised learning where the objects are grouped on the basis of some
similarity inherent among them. There are different methods for clustering objects such as hierarchical,
partitioned, grid, density based and model-based. Many algorithms exist that can solve the problem of clustering,
but most of them are very sensitive to their input parameters. Therefore it is essential to evaluate the result of the
clustering algorithm. It is difficult to define whether a clustering result is acceptable or not; thus several clustering
validity techniques and indices have been developed. Cluster validity indices are used for measuring the
goodness of a clustering result comparing to other ones which were created by other clustering algorithms, or by
the same algorithms but using different parameter values. The results of a clustering algorithm on the same data
set can vary as the input parameters of an algorithm can extremely modify the behaviour and execution of the
algorithm the intention of this paper is to describe the clustering process with an overview of different clustering
methods and analysis of clustering validity indices.
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1. Introduction 3
These problems cannot be solved by one specific

algorithm, but it needs various algorithms that differ
significantly in their notion of what makes a cluster and
how to depend on the individual data set and intended use of
the results. Clustering is considered to be more difficult than
supervised classification as there is no label attached to the
patterns in clustering. The given label in the case of
supervised classification becomes a clue to grouping data
objects as a whole. Whereas in the case of clustering, it
becomes difficult to decide, to which group a pattern will
belong to in the absence of a label. One of the most
important issues in cluster analysis is the evaluation of
clustering results to find the partitioning that best fits the
underlying data. This is the main subject of cluster validity.
Cluster validity indices are used for measuring the goodness
of a clustering result comparing to other ones which were

The data mining technique refers to extraction of
dedicated Particular statistical distributions. Clustering can,
therefore, be formulated as a multi-objective optimization
problem. The appropriate clustering algorithm and
parameter settings information from a large, bulky and
robust data set and transform it into an understandable
structure for further supplementary use. It can also be
termed as "knowledge discovery in databases". And in basic
terminology, it can be called as classification. In
classification, the guided classification refers to when the
classes of the object are given in advance. Whereas the
unguided classification refers to when the class label is not
attached to an object in advance. This unguided
classification is commonly known as Clustering.
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created to efficiently find the area of the data space,
intervals or by other clustering algorithms, or by the same
algorithms but using different parameter values. The results
of a clustering algorithm on the same data set can vary as
the input parameters of an algorithm can extremely modify
the behaviour and execution of the algorithm.

2. Clustering Techniques

Here we will discuss various clustering approaches
with basic techniques. As we have multiple techniques,
multiple approaches are there. This is because there is no
such precise definition for "cluster". That is why different
clustering approaches have been proposed, each of which
uses a different inclusion principle. In one of the related
work [1], it is suggested dividing the clustering approaches
into two distinct groups that are hierarchical and
partitioning techniques. In [2] proposed the following three
additional categories for applying clustering techniques:
density, model and grid-based methods.

2.1. Hierarchical clustering methods

It is also known as connectivity based clustering. It
is based on the idea of objects being more related to nearby
objects than to objects farther away. Hierarchical clustering
algorithms connect objects in clusters by their distance. A
cluster can be described mainly by the maximum length
needed to connect parts of the cluster. At different distances,
different clusters will form [3].

Connectivity-based clustering is a family of
methods that differ by the way distances are computed. It is
based on the choice of distance functions. The hierarchical
clustering can agglomerative or divisive. Hierarchical
clustering techniques use various criteria to dedicate at each
step which clusters should be joined as well as where the
cluster should be partitioned into different clusters. It is
based on measure of cluster proximity. There is three
measure of cluster proximity: single-link, complete-link and
common link.

2.1.1 Single-linkage clustering
This type of clustering is called the connectedness,
the minimum method or the nearest neighbour method. In

single-linkage clustering, the link between two clusters is
made by a single element pair, namely those two elements
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(one in each cluster) that are closest to each other.
2.1.2. Complete-linkage clustering

In complete-linkage clustering also called the diameter, the
maximum method or the furthest neighbour method, the
distance between two clusters is determined by the longest
distance from any member of one cluster to any member of
the other cluster [2].

2.1.3Average-linkage clustering

In average linkage clustering also known as minimum
variance method, the distance between two clusters is
determined by the mapping of complete linkage clustering.
average distance from any member of one cluster to any
member of the other cluster[2].

2.2 Partition clustering methods

Partition clustering algorithm separates the data points into
number of different partitions. These partitions are referred
as clusters. The partition clustering organizes data into
single partition instead of representing data into nested
structure like hierarchical clustering. Partition clustering is
more useful for large data set in which it is difficult to
represent data in tree structure. The most commonly used
criterion is the Euclidean distance, which finds the
minimum distance between points with each of the available
cluster and assigning the point to cluster.

2.2.1. Distance-based clustering

Distance-based is also known as centroid-based
clustering; clusters are represented by a central vector,
which may not necessarily be a member of the data set.
Most K-means type algorithms require the number of
clusters k to be specified in advance, which is considered to
be one of the biggest drawbacks of these algorithms. Also,
the algorithms prefer clusters of approximately similar size,
as they will always assign an object to the nearest centroid.
K-means has a number of interesting theoretical properties:

a) It partitions the data space into a structure known as a
Voronoi diagram.

b) It is conceptually close to nearest neighbour
classification.

c) It can be seen as a variation of model based classification.
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Fig.1. Mapping of single linkage clustering.

Figure 2. Mapping of average linkage clustering
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Figure 3. Hierarchical clustering dendrogram
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Fig. 4. Mapping of complete linkage clustering.
A. K-means Clustering

K-means algorithm is one of the best-known, benchmarked
and most straightforward clustering algorithms [4], which is
mostly applied to solve the clustering problem. In this
procedure, the given data set is classified through a user-
defined number of clusters, k. The main idea is to determine
k centroids, one for each cluster. The objective function J is
given as follows

k
Minimize ] = zn: | %2 — <l b

j=1 i=1

In this context, prototype vectors are called code words,
which constitute a codebook. VQ aims to represent the data
with a reduced number of elements while minimizing
information loss. Although K-means clustering is still one
of the most popular clustering algorithms yet few
limitations are associated with k-means clustering, include:

a) There is no efficient and universal method for identifying
the initial partitions and the number of clusters k and

b)k-means is sensitive to outliers and noise. Even if an
object is quite far away from the cluster centroid, it is still
forced into a cluster and thus, distorts the cluster shapes.

Fuzzy c-means clustering

Fuzzy c-means (FCM) is a clustering method
which allows one point to belong to two or more clusters,
unlike K-means where only one cluster is assigned to each
point. This method was developed in [5] . The procedure of
fuzzy c-means [4] is similar to that of k- means. It is based
on the minimization of the following objective function.
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21<m< oo

Jm = Z ZUmHXz

i=1 j=1

Where m is fuzzy partition matrix exponent for controlling
the degree of fuzzy overlap, with m> 1. Fuzzy overlap refers
to how fuzzy the boundaries between clusters are, that is the
number of data points that have significant membership in
more than one cluster, ujjis the degree of membership of x;
in the cluster j, x i is the i th pattern of D-dimension data , v;
is j th cluster centre of the D-dimension.

2.2.2 Density-based clustering

In density-based clustering, clusters are defined as
areas of higher density than the remainder of the data set.
Obijects in these sparse areas that are required to separate
clusters are usually considered to be noise and border points.
Density-based clustering algorithm finds clusters based on
density of data points in a region. The key idea is that each
instance of cluster based on density of data points in a
region. The key idea is that each instance of a cluster the
neighbourhood of a given radius has to contain at least a
minimum number of objects i.e. the cardinality of the
neighbourhood has to exceed a given threshold. This is
completely different from the partition algorithms that use
iterative relocation of points given a certain number of
clusters. One of the density-based clustering algorithms is
the DBSCAN.

2.2.3 Model-Based clustering.

These algorithms find good approximate of model
parameters that best fit the data. They can be either
partition or hierarchical, depending on the structure or
model they hypothesize about the data set and the way they
refine this model to identify partitioning. They are closer to
density-based algorithms, in that they grow particular
cluster so that the preconceived model is improved.
However, they sometimes start with a fixed number of
cluster and they do not use the same concept of density.
Some of the advantages of partitioned based algorithms
include that they are (i) relatively scalable and
straightforward and (ii)suitable for the database with
compact spherical cluster that is well-separated.

3. Clustering validation
Techniques

The procedure of evaluating the results of
clustering algorithms is known under the term cluster
validity. In general terms, there are three approaches to
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investigate cluster validate (Theodoridis and Koutroubs,
1999). Here the basic idea is the evaluation of a clustering
structure by comparing it to other clustering schemes,
resulting by the same algorithms but with different
parameter values. There are two criteria proposed for
clustering evaluation and selection of an optimal clustering
scheme.

e Compactness: The member of each cluster should
be as close to each other as possible. A common
measure of compactness is the variance.

e Separation: The cluster themselves should be
widely separated.

Three common approaches are measuring the distance
between two different clusters: the distance between the
closest member of the clusters, the distance between the
most distant members and the distance between the centers
of the cluster. There are three different techniques for
evaluating the result of the clustering algorithms:

. External Criteria
. Internal Criteria
. Relative Criteria

Both internal and external criteria are based on statistical
methods and they have high computation demand. The
external validity methods evaluate the clustering based on
some user specific intuition. The internal criteria are based
on some metrics is its computational complexity. The basis
of the relative criteria is the comparison of the different
input parameters on same data set. The aim of the relative
criteria is to choose the best clustering scheme from the
different results. The basis of the comparison is the validity
index. Several validity indices have been developed and
introduced.

3.1 Validity Indices

In this section several validity indices are
introduced. The indices are user for measuring the
"goodness" of a clustering result compared to other ones that
were created by other clustering algorithms, where no
overlapping between partitions is allowed.

3.1.1 Dunn and Dunn like indices

These clusters validate indices were introduced in [2]. The
index definition is given by Equation

] ] d(c,,c/)
D = min < min T tonle
1= n =i+ n

- |/+n| max (diam(c,))

,where

d(c c )_ min Jd(\’)) and diam(c,)= maxfa'(x y)}

i’
J X€C;,VEC, X,Y€EC;
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If a data set contains well-speared clusters, the distances
among the cluster are usually large and the diameters of the
cluster are accepted to be small [6]. Therefore larger value
means better cluster configuration, the main disadvantage if
the Dunn index is the following: the calculation of the index
is time-consuming and this index is very sensitive to noise
(as the maximum cluster diameter can be large in a noisy
environment).

3.1.2 Davies Bouldin Index The Davies

Bouldin index [7] is based on the similarity
measure of clusters (Rij) whose bases are the dispersion
measure of the cluster (si) and the cluster dissimilarly
measure (dij). The similarity measure of clusters (Rij) can be
defined freely but it has to satisfy the following conditions

[7]:

R, =0

R; =R,

ifs;, =0ands; =0thenR; =0

if's; >s, and d;; =d; then R;; > R,

if s;=s, andd;<d, thenR; >R,

Then the Davis- Bouldin index is defined as

DB = LZCR“ where

c

R. = max (Ry.), i=1..n

1 . . .
Jj=l..nc,i=j

3.1.3. RMSSDT and RS validity Indices

Usually, hierarchical clustering algorithms use
these indices, but they can be used for evaluating the results
of any clustering algorithms. The RMSSTD (root - mean -
square standard deviation) index [9] is the variance of the
clusters. As the aim of the clustering process to identify
homogenous groups the lower RMSSTD value means better
clustering.

n; 9
Z[:],,ncZ(xk _xj)
J=ld o
2 ictne(m, 1)

Jj=l..d

The motivation RS (R Squared) index [9], described on
Equation, the index is to measure the dissimilarity of the
cluster. Formally it measures the degree of homogeneity
degree between groups. The values of RS range from 0 to 1
where 0 means there is no difference between the cluster and
1 indicates that there is a significant difference among the
clusters.

RMSSTD =
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RS = M where
SS

13

S8, :ii(m ~x,). 88 =2 Z( %)

j=1 k=1 =l.d 4o
3.1.4 SD validity Index

The bases of SD validity index [10] are the average
scattering of clusters and total separation of clusters. The
scattering is calculated by the variance of the clusters and
variance of the dataset, thus it can measure the homogeneity
and compactness of the clusters. The variance of the dataset
variance of a cluster is defined in Equation.

The variance of the dataset:
Variance of a cluster:

| o _ b
ol =— (x,ﬁ’ - X ) k=1
n = 1

o' Ojv[

* o(v)=|:

o(x)= o
0';’ Vi

The average scattering for clusters is defined as

Hcr H

Scatt =

(_'tl

The total separation of cluster is based on the distance of
cluster center points thus it can measure
the separation of clusters. Its definition is given by Equation.

-1
max ([, -

.o n R
i,j=1..n ( <

T D& &

Dis =

: v, =,
min k=1| j=1,
i,j=l.n, i#j

The SD index can be defined based on equation 7 and 8 as
follows

SD= a . Scatt + Dis
Where « is a weighting factor that is equal to D is a
parameter in case of the maximum number of clusters.

Lower SD index means better cluster configuration as in fact
the cluster are compacted and separated.
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4. Conclusion and Future Scope

The classification of objects is primary in many
data processing application including data mining, medical
diagnostics, pattern recognition and social paradigms. The
objects already labelled are placed in supervised classified
groups whole non labelled are grouped in unsupervised
classified groups. This paper presented the method used for
clustering and their limitation. In the hierarchical type of
clustering methods, clusters are formed by iterative dividing
the patterns into top-down or bottom up manner accordingly
agglomerative and divisive or splitting hierarchical
clustering methods are discussed. As opposed to hierarchical
clustering, partitioned clustering assign data into k-clusters
without any hierarchical structure by optimizing some
criterion function. The most common criterion is finding
Euclidean distance between the points with each of the
available clusters and assigning the point to the cluster with
minimum distance.

The benchmark k-means clustering validity index.
Cluster analysis is one of the major tasks in the various
research area. However, it may be found under different
names in different contexts. Thus based on a certain
clustering criterion the data are grouped so that data points
in a cluster are more similar to each other than points in
different clusters presented in a data set, there is a need of
some kind of clustering result validation. Here, we have
discussed several validity indices like Dunn and Dunn like,
Davies Bouldin index, RMSSDT and RS validity index and
SD validity index. There is an abundant amount of literature
available in clustering and its applications, it is possible to
cover the entirely, only basics and few important methods
are included in this paper with their merits and demerits.
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