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Feature Selection by Genetic Algorithm and Information Theory
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Abstract

In the pattern classification problem, feature selection is an important technique to improve performance of the
classifiers. Particularly, in the case of classifying with a large number of features or variables, the accuracy of the
classifier can be improved by using the relevant feature subset to remove the irrelevant, redundant, or noisy data. In
this paper, we propose a feature selection method using genetic algorithm and information theory. Experimental results
show that this method can achieve better performance for pattern recognition problems than conventional ones.
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initialize population P;
repeat{
select two parents p; and p; form P;
offspring=crossover(p1 p2);
mutation{offspring);
replace(P, offspring);
} until (stopping condition);
}
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Fig. 2. Flowchart of proposed method.
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Table 1. UCI data used in our experiment.
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