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ABSTRACT

Clustering is the process of grouping data into clusters,
where objects within each cluster have high similarity,
but are .dissﬁnilar to the objects in other clusters, The K-
means algérithm_ is used for clustering large sets of data.
The accuracy of the K-means depends upon the selection
of Centroids. The execution .of the standard K-means
algorithm need to reassign the data poinis a number of
" times, during every iferation of the loop. The hybrid
approach that includes both K means algorithm and
genetic algorithm yields good result in the process of
clustering. In this study, we proposed an implementation
of genetic algorit}un which we investigate the quality of
_clustering technique compared with standard K-means

clustering aigorithm.
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L InTRODUCTION

A cluster-is an ordered list of objects, which have some
common characteri_stics. Cluster analysis organizes cfata
by abstracting underlying structure either as 2 grouping
of individuals oras ahierarchy of groups."[l'];The distance

between two clusters involves some or all élements of the
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two clusters. A similarity measure can be used to represent
the similarity between the documents. Typical similarity
generates values of 0 for documents exhibiting no
agreement among the assigned indexed terms. The lowest
possible input value of similarity required to Jjoin two
objects in one cluster. Similarity between objects calculated
by the function, represented in the form of a matrix is
called a similarity matrix. The dissimilarity coefficient of
two clusters is defined to be thé distance between them.
If the value of dissimilarity coefficient is smaller, the two
clusters are more éimiiar. First document or object of 4
cluster is defined as the initiator of that cluster i.e. every
incoming .object’s similarity is compared with the initiator.

The initiator is called the cluster seed.

* 1.1 Basic Clustering Steps:

Step1 : Preprocessing and feature selection

» An appropriate feature is chosen

» Preprocessing and feature exiraction on the data items
are done to measure the,chosen.,feaiurg'set

¥ ltrequires a good domain knowledge and data analysis

Step 2 : Sinilarity measure’

» Objects are grouped into various chisters
The similarobjects-will be grouped inthe same cluster

>
» The dissimilar objects are grouped in different clusters
» Thisisa functjon that takes two sets of data items as

nput
The output will be a similarity measure-between the

v

two data items
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CiustenngAigonthms'
‘Divisive techmques are less common, and we will rréntxon
only one example before focusing on aogiomeratwe

technigues.

». Simple Divisive Algorithm (Minimum Spanning
Tree (MST)) '
1)  Computeaminimum spanning tree for the proximity
graph. '
2)  Create a mew cluster by breaking the link
* corresponding to the largest distance {smallest
similarity). . '
)] Repeat step 2 until only singleton clusters remain.

* This approach is the divisive version of the “single link”

agglorneratwe technique that we will see shortly

}> Agg!omeratweHlerarchlca] ClustermgAlganthm _

Many hlerarchical agglomerative techniques can be
expresse_:d by the followmg algorithm, which is known as
the Lance-Williains algorithm. |
' > Basic Agglomerative Hierarchical Clustering
Algorithm ' .
1} Compute the proximity graph, if hecessary.
(Sometimes the proximity graph is all that is

available.)
2) Merge the closest (most similar) two clusters.

3) . Update the proximity mafrix to reflect the proximity

between the new cluster and the original clusters.

4) Repeat steps 3 and 4 until only a single cluster

remains.

The key step of the pr_'evious algorithm is-the calculation
of the proximity between two clusters, and this is where
‘the various agglomgraﬁife hierarchical techniques differ.

Ahy of the cluster proximities that we discuss in this
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section can be viewed as a choice of different parameters
(in the Lance-Wiltiams formula) for the proximity between

clusters Q and R, where R is formed by merging clusters A

_and B[8].

1. K— MEeans CLUSTERING ALGORITHM

K-Means (KM) is one of the most popular methods used
in data analysis due to its good computational

performance. However, it is well known that KM might

converge to a local optimum, and its result depends on

the initialization process, which randomly generates the
initial clustering. In other words; different runs of KM on

the same input data might produce different results [2].

» Basic Algorithm

The K-means clustering technique is véxjy simple and we
immediately begin with a description of .the basic
algorithm. We elaborate in the following sections. Basic

K-means Algorithm for finding K clusters[1].

1. Select K points as the initial centroids.

]

Assign all points to the closest centroid.
3. Recompute the centroid of each cluster.

4. Repeat steps 2 and 3 until the centroids don’t

change.

Figure (a) shows the case when the cluster centers coincide

~with the circle centers. This is a global minimum. Figﬁre

(b) shows local minima.

Figure {a). A globally minimal clustering solution
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Figure (b). A locally minimal clustering solution,

The idea of K-Means is to choose random cluster centers,
one for each cluster. These centers are preferred to be as
far as possible from each other. Starting points affect the

clustering process and resuits [3]

After that, each point will be taken into consideration to
calculate similarity with ali cluster centers through a
distance measure,. and it will be assigned to the rost similar
cluster, the nearest cluster center, When this assignment
process is over, a new center will be calculated for each
cluster using the points in #t{9][10}. For each cluster, the
mean value will be caleulated for the coordinates of all the
poinis in that cluster and set as the coordinates of the

new center.

Once we have these £ new centroids or center points, the
~ assignment process must start over. As a result of this
loop we may notice that the % centroids change their

locations step by step until no more changes are made.

When the centroids do not move any more or no more
errors exist in the clusters, we call the clustering has
reached aminima. Finally, this algorithm aims at minimizing
an objective function, which is in this case a squared

error function, .

Time and Space Complexity

Since only the vectors are stored, the space requirements -

are basically O(mn), where m is the number of points and

;fn is the number of attributes. The time requirements are

O(I*K*m*n), where 1 is the number of iterations required
for convergence. 1 is typically small {5-10) and can be
casily bounded as most changes occur in the first few
iterations [‘)’]. Thus, K- means is linear in m, the numbef of

points, and is efficient, as well as simple, as long as the

number of clusters is significantly less than m,

Choosing initial centroids

Choosing the proper initial centroids is the key step of
the basic K-means procedure. It is easy and efficient to
choose initial centroids randomly, but the results are often

poor{5].

We start with a very simple example of three clusters and
16 points. Figure (a) indicates the “natural” clustering
those results when the initial centroids are “well”
distributed. Figure (b) indicates a “less natural” clustering

that happens when the initial centroids are poorly chosen,
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Figure (a): Good starting centroids and a ‘natural
clustering ' '

Figure (b): Bad starting centroids and a “less natural”
ciustering. '
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Drawback of K-Means Clustering

One drawback of KM is that it is sensitive to the initially
selected points, and so it does not always produce the

same ouiput.
I GENETIC ALGORITHMS

Genetic Algorithms are used to determine the best
initialization of clusters as well as optimization of initial
parameters. Genetic Algorithms attenipt 1o incorporate the
ideas of natural evolution [4].In general they start with an
initial population, and then a new population is created
based on the notion of survi.‘.fal of the fittest. Typically
fitness is the measure for how good this population is
and can be calculated depending on the nature of the
application, where a distance measure is the most common.
Then a process called crossover is done over the new
popu'l.ation where substrings from selected pairs are

swapped.
Goldberg’s Psendo-code of Genetic Algorithm

Begin .

L T=0
2 Initialize population P(t)
3. ~Compute fitness .P(t)
4 T=t41
5. If rermination criterion achieved go to step 10
6 Select P(t) from P(t-1) -
7. Crossover PO
8 - Mutate P(t) ‘l
9. Go to step 3
10. - Qutput best and stop
End ‘ - ”
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Where't’ represents the generation number, and P stands
for population. The first population is initialized by coding
it into a specific type of representation then assigned to a
cluster. Fitness is calculated in the evaluation step.
Selection process chooses individuals from population
for the process of crossover. Recombination {or
crossover) is done by exchanging a part (or some parts)
between the chosen individuals, which is deperident on
the type of crossover (Single point, Two points, Uniform,
etc){6]. Mutation is done by replacing few points among
randomly chosen individuals. Then fitness has to be

recalculated to be the basis for the next cycle.
Advanced Genetic Algorithm

Yan Wang et al developed an advanced genefic algorithm

for complex value encoding[10]. The algorithm is as follows:

1. . Inthe beginning, two populations with the size of
N chromosomes (g fr v e} and
(8., 8, . . By Were created randomly by system,

which and indicate the modulus and angle of
complex of allele respectively. The chromosomes®

length is m.

D=8

0.2 ] .6,10.22). & = 1.2 .9}, The
2 =& chromosomes contained the initial.
population with N chromosomes. Then the variable
x. which corresponded by allele can be expressed

as follows:

2 Evaluates the fitness of each individueal in that

. population;
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reached, then stop;
S 4. Select thé best-fit individuals for reproduction;

U s, Breed new individuals through crossover and
mutation operations to give birth to offspring; Go

back to step 2.

The proposed improved genectic algoritim is developed
with simple modification of Yan Wang et al algorithm. Then
the new algorithm is combines with X-Means and makes

the selection process of centroids.
IV. Prorosep MErHoDOLOGY

Initia] starting points generated by K-means make the
clustering results reach the local optima. The better resulis
of K-means clustering can be achieved by computing more
than 'one_ time. However, it is difficult to decide the
computation limit, which can give the better result. In this
Paper, we propose a new approach to optimize the initial
centroids for K-means. It utilizes all the clustering results
of K-means in certain times, Then, the result by combining
with Hierarchical algorithm in order to determine the initial
centroids for K-means. The experimental results show how
effective the proposed method to improve the clustering
results by K-means. The following are the advantages of
hybrid approach (combination of K-Means and genetic

algorithms).
Advantages of hybrid approach
L Embedded flexibility regarding a level of granularity,

2. Easy of handling of any forms of similarity or

distance,
k3 Conseql._aence applicability to any attributes types.

4, More versatile_.

If the pre-specified the termination criteria are é{ 3.

It converges fast given a good initialization.

6. 1t is robust to noisy data,
7. It can accept the desired number of clusters as
fnput.

Thus, the proposed advanced genetic algorithm initiates
the process of K-Means. This algorithm accuracy is
thoroughly checked with different datasets. The

experimental analyses are discussed in next chapter.
V. EXPERIMENTAL RESULTS

The proposed advanced genetic algorithm is executed
with different data sets. Then the efficiency and accuracy
of the advanced genetic algorithm is also compared with
existing algorithms such as K means. K Means algorithm
is sensitive to the initially selected points. Hence it does
not always produce the same output. So, we are éelect.ing
the initial points 1'aﬁdomly. To reduce the effect of
randomness, we have to ran the algorithm many times
before taking an average vaiues for all runs, or at least
take the median value. So, the K-Means algorithm is
executed for 50 times and the readings are noted. Similarly
the proposed and existing genetic algorithms were also
executed for 50 runs and results were noted, Finally, the
average value is caiculated for each algorithm by using
differeni datasets.The datasets used for this work are

Bupa and Breast Cancer datasets.

DATA SETS
DATASET 1 (BUPA) PATASET 2

ALGORITHM : (BREAST CANCER)
Average Average

Time Error ‘Time Ervor

Rate Rate

K - Means 01657 | 169031 | 00718 | 268303
Eceneﬁc 0.4895 | 150094 0.314 26.1343

Table 1: Resulf comparison between different

approaches -
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After conducted experiments on various dataseg, it is
clearly depicted that the proposed génetic algorithm
works. The various analyses can be seen so far. From that
we can conclude that the average error rate for k means is
higher than other algorithms, The main aim for developing
genetic algorithm is to improve the accuracy of K Means
in the process of selecting centre points of the clusters.
As per our results, we are geiting good accusacy during
execution of genetic algorithm for initialization process of
K Means. Whatever K means is very fast in computation,
the error rate is high, Due to the help of genetic algorithm

with K means, the average error rate is reduced gradually.
V1. CONCLUSION

The K- means algorithm is widely used for clustering large
sets of data, But the standard éigorithm does not
‘guarantees good results. The accuracy of the K-means
depeﬁds upon the selection of centroids. Moreover, the

execution of the standard K-means algorithm need to

reassign the data points a number of times, during every

 jteration of the loop.

The genetic algorithm improves the accuracy and
efficiency of the K means initialization process. Our
experimental evaluation scheme was used to prbvide a
common base of performance assessment and cormparison
with other methods. The proposed genetic algorithm was
then compafed with existing K means algorithm. The
resuits of this comparisor; show that the GA can achigve
better résults for the solutions in a faster time from the
execution of algorithm on the four data sets; we find that
improved algbrithm work well and yield meaningful and

good results in the terms of clustering technicpues.

The hybrid approach that includes both K means algorithm |
and geneﬁc algorithm yields good result in the process of
clustering. However, the experimental results shows that
accuracy in clustering process, the execution time is little

more than standard X means algorithm. '
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