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ABSTRACT
Clustering is one of the most fundamental algorithms which have got huge
applications especially in the area of Neuro Fuzzy Systems, Data Analysis, Linear
Vector Quantization, Bio-informatics etc. Various approaches exist for clustering
of data. A few of the commonly used approaches are K-Means clustering, Fuzzy
C-Means Clustering, Subtractive Clustering, etc. Clustering may involve varied
uses. Based on these we may be required to control our clustering algorithm. The
earlier mentioned algorithms do not give us this adaptability. Hence we propose
the use of Genetic Algorithms for the purpose of clustering. In order to test the
working of the proposed algorithm, we coded it and made it work on a
randomized data set. We found that in general use, the performance of the
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algorithm was equivalent to that of the k-Means clustering. We modified the
fitness function and found that the algorithm behaved as per expectations and
generated better clusters that the k-Means clustering algorithm, that were desired.
Keywords
Clustering, Genetic Algorithms, K-Means Clustering, Fuzzy C-Means Clustering,
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1. Introduction
Ever since the explosion of data started, the need and necessity of clustering
gained importance. Clustering is needed by many basic algorithms as a
prerequisite. Clustering enables us to group up similar data into clusters. If the
original input data is too large to be worked upon, the clusters provide a good way
where we can represent big groups of data by their representatives. Clustering
hence is of ample importance to the industry [3, 6, 10, 12].
Clustering algorithms [16] usually apply an iterative approach to find the cluster
center. The iterative approach selects arbitrary cluster centers and then at every
iteration tries to improve the center. If the improvement is too low or the number
of iterations spent has been too large, the algorithm stops and the position of the
cluster centers and clusters at that point are regarded as the final positions for the
clusters.
In this paper we have used Genetic Algorithms to solve the purpose of Clustering.
Just like Fuzzy C Means Clustering and K-Means Clustering, we assume here that
the number of clusters is known. We first arbitrarily place the centers of the
clusters anywhere in the space. Then we genetically keep modifying the solutions.
The greatest advantage of genetic algorithms is that we can alter the fitness
function to change the behavior of the algorithm.
There are many clustering algorithms that are extensively being used like KMeans Clustering, Fuzzy C Means clustering, etc [4, 7, 8]. Various approaches
have been adopted to enhance the speed of the algorithms by better modeling [2,
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9, 13]. Other algorithms include hierarchical clustering, Mixture of Gaussians,
Correlation Clustering, Sublinear Clustering, QT (quality threshold) clustering,
etc. A lot of research is going on for specific Applications of clustering. Time
taken to form the cluster is one of the areas of major research [1, 7, 13]. Genetic
Algorithms also have been applied to an extent for the problem of clustering [5, 6,
11]. There is very little research in this domain.
2. The Algorithm
In this section we would discuss the algorithm and all its steps. Here we have
proposed the use of Genetic Algorithms for clustering. Genetic Algorithms also
like the other algorithms normally used for clustering are iterative in nature. They
keep improving the solution at every iteration.
2.1 Individual Representation
In Genetic Algorithms, it is important to express how a solution is represented. In
this problem are solution is a set of k nodes. Here k is the number of clusters we
need to form and this is specified at the start itself. A solution may thus be
represented by S = {C1, C2, C3…Ck}. Here C1, C2, C3…Ck are the centers of the
clusters.
A center in turn is a collection of values of the data in n dimensions. Hence a
center may be represented as given by C = <I1, I2, I3, I4… In>. We may say that a
solution may be represented as S = {<I11, I12, I13, I14… I1n>, <I21, I22, I23, I24… I2n>,
……, <Ik1, Ik2, Ik3, Ik4… Ikn>}. Every solution has two major properties. These are
discussed in the next two subsections
2.1.1 Mean of coordinates: It is mandatory for the point stated as the center of the
cluster in solution to be on the arithmetic mean of the points in that cluster. In
order to ensure this property, we make sure that after every genetic operation; we
recalculate the clusters and move the center to the mean of the points in the
cluster.
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2.1.2 Sorted Centers: The second fundamental property that exists in every
solution is that the centers are arranged in a sorted manner. This sorting is based
on the sorting algorithm given below
Sort(C)
SortedSequence = φ
While C ≠ φ
Do
If SortedSequence = φ
then Add top leftmost center Ci in SortedSequence
else Add center Ci in SortedSequence that is closest to any center
existing in SortedSequence
Delete Ci from C
Return SortedSequence
2.2 Initial Solutions
We generate random set of solutions. All the centers generated lie within the
solution space in the n dimensional input space. We also ensure that the above
mentioned properties are followed by these solutions that are generated. A good
number of initial solutions are generated to ensure that all types of features or
centers are present in the solution pool.
2.3 Selection
Selection refers to the selection of parents that ultimately evolve the new solution.
With a probability of 0.5, we select amongst the best solution generated so far as
one of the parent and any random solution as the other parent. With a probability
of 0.5, we select any two distinct solutions as the two parents.
2.4 Crossover
The crossover is done on the parents to generate the new solution. The cross over
operation is described below.
CrossOver(p,q)
P ← Centers in solution p
Q ← Centers in solution q
With a probability 0.5 Generate s by mean of P and Q
With a probability 0.5 Generate s by first half centers from P and second half
from Q
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Return s
2.5 Mutation
In this algorithm we perform mutation by moving all the centers of the selected
individuals randomly in some direction by a random amount. This amount can be
a maximum of 10% of the size of the input space. If the center after movement lies
outside the input space for any dimension, then the movement for that dimension
is cancelled.
2.6 Fitness Function
This algorithm does not insist on a specific fitness function. The fitness function
may be changed by the user to better adapt to the needs of the algorithm. In fact
this is the best part of this algorithm that we can generate different types of results
by changing the fitness function. The algorithm tries to optimize the fitness
function, thereby giving us the desired results.
3. Comparison with K-Means Clustering
In order test the working of the algorithm, we coded the algorithm and made it run
using JAVA APPLETS. The inputs were shown as crosses and the centers that the
algorithm finds out were shown with filled rectangles and circles. Red rectangles
were the outputs of the GA and the blue circles were the outputs of the K-Means
algorithm. In the next sub sections we would be discussing the 3 types of test
cases that were processed. All tests were performed on a randomly generated data
set based on heuristic based generation. Two runs of each test case were
conducted.
3.1 General Clustering
Our first aim was to imitate the working of the K-Means Clustering algorithm as it
is. We chose a much generalized fitness function for this purpose. The fitness
function was the sum of the lengths of the input points to their cluster centers from
every point that was input. We executed the two algorithms and saw the results.
The two algorithms had almost similar results. Both of them were very efficient in
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time. The results of the two algorithms for two random runs are shown in Figure
1. It may be seen in Figure 1(b) that both the outputs overlap. The closeness of the
points in the two algorithms shows that the two algorithms are very similar in their
outputs.
3.2 Clustering with equal number of elements per cluster
Now we try to cluster the data in a way that there is almost same number of
elements in every cluster. For this we modify only the fitness function in our
algorithm which mimics the disparity in the number of elements in clusters. The
K-means algorithm is not modified and the same algorithm is used for this
purpose only. The results clearly show that our algorithm tried to generate
solutions that had equal number of elements. This is shown in Figure 2 for two
random runs of the algorithm.
3.3 Clustering with unequal number of elements per cluster
We also try to do the opposite of the above. Here we try to get the maximum
number of elements in a single cluster and very few in the other. The fitness
function was reversed as that presented in section 3.2. The results again support
the cause. The results are shown in figure two random runs are shown in Figure 3.

Figure 1(a) and 1(b): Genetic
Algorithm and K-Means clustering
for general fitness function for two
random runs

Figure 2(a) and 2(b): Genetic
Algorithm and K-Means clustering
for fitness function to accommodate
almost same number of elements per
cluster for two random runs
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Figure 3(a) and 3(b): Genetic Algorithm and K-Means clustering for fitness
function to accommodate maximum difference in number of elements per cluster
4. Conclusion
In this paper we presented a novel approach to clustering using Genetic
Algorithms. Here we used Genetic Algorithms mainly for the purpose of
controlled nature of clustering that was not being done by any of the other
clustering algorithm. We coded the algorithm using JAVA APPLETS and the
results were recorded. We compared the results with the standard K-Means
Clustering. We found that our algorithm worked much better than the standard KMeans Clustering algorithm and gave more intended results.
Here we have been able to control the working of the clustering using Genetic
Algorithms. But with the increase of the input sizes or dimensionality the Genetic
Algorithms

may get

computationally expensive.

Also

Particle

Swarm

Optimizations may give even better results than the Genetic Algorithms. These
issues may be dealt in the future.
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