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ABSTRACT

Due to the database size has the trend to be increased in the future and demand for data

mining. Data mining focuses on using efficient techniques and tools to discover useful

information and knowledge from data. Among various data mining, Clustering technique is an

interesting and fast growing topic. Clustering is the process of grouping data based on similarity.

Witness a resurgence of interest in new clustering technique. In this project presents k-Means

algorithm and describes method of algorithm. Also proposes new approaches to using PSO to

cluster data. It is shown how PSO can be used to find the centroids of a user specified number of

clusters. And compared to the performance of k-Means clustering. Result show that Hybrid PSO

techniques have much potential to we can bring to implement system.
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For each particle /4fmuan 15 udu*/
Initialize particle
End
Do
For each particle /*15£UAMANUININE AUVDIUAQE particle*/
Calculate fitness value
If the fitness value is better than the best fitness value (pBest?)
in history then set current value as the new pBest
End
Choose the particle with the best fitness value of all the particles as the gBest
For each particle /*1/5udoyauazanuiialumsysgithwne/
Calculate particle velocity according equation (3.1)
Update particle position according equation (3.2)

While maximum iterations or minimum error criteria is not attained
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Initialize particles with random

position and velocity vectors

I

) £

For each particle’s position

(p) evaluate fitness
If fitness (p) better than
fitness (pbest) then pbest =p

exhaust

Loop until all particles

y

Set best of pBest as gBest

4

Udate particles velocity (eq.3.1)
and position (eq.3.2)

Loop until max iter

Stop : giving gBest, optimal

solution
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