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Abstract

Clustering deals with grouping up of similar objects. Unlike classification, clustering tries to group a set of objects and find whether
there is some relationship between the objects whereas in classification a set of predefined classes will be known and it is enough to
find which class a object belongs. Smply, classification is a supervised learning technique and clustering is an unsupervised learning
technique. Clustering techniques apply when there is no class to be predicted but rather when the instances are to be divided into
natural groups. These clusters presumably reflect some mechanism at work in the domain from which instances are drawn, a
mechanism that causes some instances to bear a stronger resemblance to each other than they do to the remaining instances. It
naturally requires different techniques to the classification and association learning methods .Clustering has many applications in
various fields. In Software engineering it helps in reverse engineering, software maintenance and for re-building systems. It aims at
breaking a larger probleminto small pieces of understanding el ements. There are many approaches available to carry out clustering.
Since clustering has no particular methodology there are many methods available for carrying out clustering. There are many
traditional as well as evolutionary methods available for carrying out clustering. In this paper various types of the above mentioned
methods are described and some of them are compared. Each method has its own advantage and they can be used according to the
needs of the user.
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1. INTRODUCTION

Clustering is a technique for finding similarityogipsin data,
called clusters. It groups data instances thatsarélar to
(near) each other in one cluster and data instaheesire very
different (far away) from each other into differecitisters.
Clustering is often called an unsupervised leartaskas no
class values denoting an a priori grouping of thdnstances
are given, which is the case in supervised learrigstering
can be used in software maintenance and re-userdir to
maintain software, understanding the source code
mandatory. Therefore source code should be clustérbe
main purpose is to understand the system , adifatovery
and identifying the relationships among the soeamte.
Clustering can be done in many ways and theresaveral
methods for carrying out clustering .Traditional thuals
includes partitional based, hierarchical and dgnsiased
clustering. There are some evolutionary clustespgroaches
as well like relocation approaches, grid based dadsity
based [1].

The partitional approaches includes k-means, gthpbretic
clustering and density based clustering and so Tdrese
approaches construct various partitions and ewaltlém
using some criterion.
approaches are used for solving optimization probleHere

On the other hand evolutignar

the evolutionary operators and clustering strustue
converged to give an optimal solution. Both thespreaches
are useful according to the circumstances in whigy are
used. Each of them have their own pros and conscande
used effectively according to the user needs.
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Fig.1 Various Clustering approaches
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2. VARIOUS CLUSTERING APPROACHES

This section focuses on the two approaches of eriingt
Traditional and evolutionary approaches.

2.1 Traditional Approaches

The traditional approaches of clustering includere¢h
categories—patrtitional, hierarchical and density seoa
approaches. Since clustering do not have any greawtion
there are many clustering methods available toycaut
clustering. According to [2] Farley and Raftery 989
clustering can be divided into two main groups eréichical
and partitioning methods. Apart from these sevemathods
can proposed based on the induction principle.

2.1.1 Hierarchical Methods

In hierarchical clustering clusters are built bycuesively
partitioning the instances in either a top downaobottom-
down fashion.

Agglomerative Hierarchical Clustering: It is a bottom-up
approach in which each object itself is a clusteits own.
Then these clusters are merged until a desiredeclasucture
is obtained. Ying Zhao and George Karypis [3] dedicertain
clustering criterion that can be used to determividch
clusters to merge at each step.

[3] For example in am document dataset and the solution has
been obtained aften merging steps. The solution included
clusters as one cluster, as one cluster will beoved in each
step. So accordingly the next pair to be merged ba
selected which will lead to a-2 solution that optimizes the
selected clustering criterion. That is one of thelY*(n-2)/2
pairs of merges will be evaluated and the particdlastering
criterion with the minimum value is selected.thatecion
function will be locally optimized in that partiar stage of
the algorithm. Since agglomerative algorithm has
computationally expensive steps and its complesdtynot be
reduced for any particular clustering criterion ig not
effective.

Divisive Hierarchical Clustering: [22] Christopher D.
Manning, Prabhakar Raghavan and Hinnich Schutze theay
top-down clustering is conceptually more complexanth
bottom-up clustering since a second, flat clusteatgorithm
as a subroutine is needed.. Divisive algorithm fias
advantage of being more efficient if a completerdniehy is
not generated down to individual document leaves.aHixed
number of top levels, using an efficient flat aigfom like k-
means, top-down algorithms are linear in the numbkr
documents and clusters. So they run much faster H&C
algorithms. Bottom-up methods make clustering decss
based on local patterns without initially takingamccount the
global distribution. These early decisions cannetumdone.
Top-down clustering benefits from complete inforimat

about the global
partitioning decisions

distribution when making top-level

The result of a hierarchical clustering is a demdoy
including the nested grouping of objects with tlmilgrity
level. The clustering can be obtained by cutting th
dendogram at the desired similarity level. [9] LRokach and
Oded Maimon.

[4] Jain et al 1999 classifies the hierarchicaktduing further
based on the manner in which their similarity measuare
calculated.

Single-linkage Clustering: Also known as minimum method
or nearest neighbour method .In this method theawmiée
between the two clusters are said to be equalecshiortest
distance from any member of one cluster to any neznolp
other cluster. If similarities are present in theta then the
similarity between two clusters will be equal te threatest
similarity from any member of one cluster to anynmber of
other cluster. [5] Sneath and Sokal 1973. [6] Gehal 1998
summarizes the disadvantages as chaining effefgw/Aooints
forming a bridge between two clusters may causetiie
clusters to become one.

Complete-link Clustering: Also known as maximum method
or furthest neighbour method. Here the distancevden two
clusters are considered to be equal to the lortiststnce from
member belonging to one cluster to other membeuniyihg
to another cluster [7] King 1967.

Average-link Clustering: Minimum variance method. Here
the distance between two clusters are said to bal ¢q the
average distance from any member of one clusteany
member of another cluster. But the disadvantageaisit may
cause the elongated clusters to split and neighbafusters
to merge.

The main disadvantage of hierarchical clusteringtbigse
methods can never undo what has been done preyi@usit
cannot be backtracked. And since its complexitynisre it
requires huge i/o costs.

2.1.2 Partitioning M ethods

Partitioning methods of clustering are flexible hots based
on the iterative relocation of data points betwelsters. The
quality is measured by a clustering criterion [&n® A"
yra'mo” Tommi Ka'rkka'inen

[21] Witten, lan H, Eibe Frank,2005,says that ausig
techniques apply when there is no class to be qestlibut
rather when the instances are to be divided intorabgroups.
Clustering naturally requires different techniques the
classification and association learning methodse Thassic
clustering technique is called k-means. First, thenber of

Volume: 02 Issue 12 | Dec-2013, Available @ http://www.ijret.org 443



IJRET: International Journal of Research in Engineering and Technology

el SSN: 2319-1163 | pl SSN: 2321-7308

clusters needed should be mentioned in a pararoalied k.
Then k points are chosen at random as cluster rsente
According to the Euclidean distance metric evetdance is
assigned to its closest cluster center. Next thanmef the
instances in each cluster is calculated—this is “theans”

part. These means forms the new center value of the

corresponding clusters. The whole process is regeaith the
new cluster centers. Iteration continues until sgroiats are
assigned to each cluster in all rounds, and thiécates the
cluster centers are stabilized and will remainghene forever.
This clustering method is simple and effectiveislteasy to
prove that choosing the cluster center to be thetece
minimizes the total squared distance from eachefctuster’s
points to its center. Once the iteration has ogach point is
assigned to its nearest cluster center, so thaladfect is to
minimize the total squared distance from all poitdstheir
cluster centers. But the minimum is a local onerehis no
guarantee that it is the global minimum. If thes@ichange in
the initial random choice fully different arrangeme can
arise. It is almost always infeasible to find glipaptimal
clusters.

2.2 Evolutionary Approaches

Clustering lacks in a general objective and thighis main
reason for having many clustering methods. Nata® teen
offering us many concepts or ideas for solving roptation
problems faced by modern human society. Evolutipnar
computation techniques are general methods forirgplv
optimization problems and since clustering can dresiclered
as an optimization problem it can be solved usir@igionary
approaches.

[9] Lior rokach and oded maimon et al says thatgianary
operators and a clustering population can be usedrnverged
into a global optimal solution. Clustering compotseare used
as chromosomes and evolutionary operators are tigglec
recombination and mutation. In EC fitness functi@iue is
calculated and those chromosomes that are havirgd go
fitness values are able to survive to the nextlle@enetic
algorithm (GA) is the most frequently used evolotoy
algorithm. Each cluster will be associated with atipular
fithess value. Since fitness value is inverselypprtional to
the squared error, clusters with small squaredevalili have
high fitness value.

In GA’s selection operator promotes solution fromeo
generation to the next level depending on the $agnealue.
Selection is carried out based on the probabilistdues
depending on the fithess value. Crossover is thestmo
popularly used recombination operator in use.kesea pair of
chromosomes as inputs and produces a pair of oftspr
Mutation can also be used. But a major problem V@t is
their sensitivity to various parameters like popiola size,
crossover and mutation etc. Many researchers staghes

various guidelines but of no use. Better resultslmaobtained
by using hybrid genetic algorithms.

2.2.1 Relocation Approaches

Since in EC techniques solutions evolve from oneegation
to other in an iterative process , clustering isied out using
relocation methods. At first the idea of using letionary
techniques to carry out clustering was proposeflLByKrovi
et al in 1991 where a genetic algorithm was progdsesplit
the data into two clusters. Here the solution drings of
integers of length that of size of the dataset. fanatively
this algorithm suffers from drawbacks like redundarand
invalidity. The algorithm maximizes the ratio betmethe sum
of squares and within the sum of squares. This weasl by
[11] Krishna and Narasimha murtyl999 for searchimg
partition with a fixed number of clusters using niiedi
genetic operators. Instead of crossover single ek
iteration is used.

Partition is carried out as a boolean k x n maasxproposed

by [12] Bezdek et al 1994 and focuses on redudiegstim-of-
squared-errors criterion. Experiments are carried with
different distance metrics in order to detect wis of
different shapes. Here the crossover operator gisyéps the
columns between chromosomes and mutation changes th
cluster assignment of one object randomly.

[13] Luchian et al 1994 came up with a new encodimg
which search for simultaneous optimum number oftelts
and optimum partition are allowed. Partition is riat out
similar to k-means , according to the proximitiegaditems
are assigned to clusters. Crossover and mutatieratips are
extended to work with variable-length chromosomed eeal
encoding. A new operator called Lamarckian operatiing
at gene level which modifies a cluster to match nirean of
the corresponding cluster is introduced. This ccaddcalled
as hybridization with k-means because the clustsigament
procedure and the updating of the cluster reprateatleads
to one iteration if the traditional clustering. Biliis leads to
premature convergence due to an increased selgu&ssure.
[14] Hall et al(1999) extended the same algoritlemciarrying
out searching in fuzzy partitions with fixed numieérclusters.
Cluster elements are represented using gray caaiagthis
became the most successful clustering literatuse]fdaulik
and Bandyopadhyay 2000. This kind of approachedased
on the distances between the data items and teeeckentres.

[13] Luchian et al 1994 proposed a centroid bagembding,
which gives continuous optimization. They are mosated in
clustering based on PSO and are also useful tcctsdar
cluster representatives. Their performance is coatpaly
higher when compared to that of k —-means algoriému are
much more better than or equal to k —means provieigal
best initial configuration. This is due to the ieased
exploration capabilities and are not much strordgpendent
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on initialization. [16] Abraham et al 2007 presehte survey
on swarm intelligence techniques. Centroid baserbding
and differential evolution was used in supervisad well as
unsupervised scenario.

2.2.2 Density Based Approaches:

In density-based approaches for clustering, mudtdah
evolutionary algorithms that search for clustertEnlying in
the dense region in the feature space are used [17]
Dumitrrescu and Simon 2003. The correctness othhster
centroids are measured using the Gaussian functid®$
Nasraoui et al 2005 says that when data are distdb
according to the normal distributions then each ohehe
clusters will be a hyper-ellipsoid associated veitmean and a
covariance matrix. Local maxima of a density fuoctiare
traced out using a multi-modal genetic algorithmacli
individual is represented using a point in the mmelsional
space in order to identify centres of the densmsreg

[19] Zaharie et al 2005 observes the use of a reiffal
evolution algorithm in the same context. It is naly
concerned with the number of clusters but alsohenhyper-
ellipsoid scales. The method proposed by [18] Nasrat al
2005 generates only one descriptor whereas inaghyisoach
asset of descriptors can be associated to the shster. It
provides a reliable identification of clusters ibisy data.

2.2.3 Grid Based Approaches:

[20] Sarafis et al 2002 proposed a genetic algaritthat
searches for a partition of the feature spaceaisatprovides a
partition of the data set. The algorithm generatéess that will
build grid in the space. Each individual has a eétk
clustering rules corresponding to one clusterubn ach rule
is derived from m genes and each gene corresporidtetval
involving one feature. Many attempts were made i@imize
square-error criterion by using a flexible fithéssction and it
has a high computational cost because of the fdrfitress
function.

3. CONCLUSIONS

This paper gives a survey on various techniquesdanrying
out clustering. It covered both traditional as welk
evolutionary approaches. Evolutionary approachee ar
performing better than traditional approaches. Baach
approaches have their own performance levels.[BpYdhao
and George Karypis says that for every criterioncfion,
partitional algorithms always lead to better clusig results
than agglomerative algorithms, which suggests phatitional
clustering algorithms are well-suited for clustgrinarge
document datasets due to not only their relativiiw
computational requirements, but also comparableewgn
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