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A Study on Image Classification using Hybrid Method
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Abstract

Classification technology is essential far fast retrieval in  large mmilti-media database. This  paper
proposes a combining GA(Genetic  Algorithm) and  SVM(Support  Vector Machine) model to fast retrieval
We used color and texture as feature vectors. We improved the retrieval accuracy by using proposed
model which retrieves an optimal feature vector set In  extracted feature vector sets. The first
performance  test was executed far the performance of color, texture and the feature vector combined
with color and texture. The second performance test, was executed for performance of SVM and proposed
algorithm. The results of the experiment, using the feature vector combined color and textwre showed a
good performance than a single feature vector and the proposed algorithm wusing hybrid method also
showed a good performance than SVM algorithm,

» Keyword : Hybrid method, Data mining, GA(Genetic Algorithm), SVM(Support Vector
Meachine), Image, Classification
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begin GA
=) generation counter
Initialize population P(g)
Evaluation population P(g)
while not done do
gi=g+1
Select Plg) from Plg-1)
Crossover Plg)
Mutation P(g)
Evaluation P(g)
end
end GA
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