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Abstract

The chromosomes of Genetic Algorithm(GA) are
classified to be good or not to be by Support vector
machines(SVM), and then the only good chromo-
somes are adopted to the evolution process. By this
way, computational load becomes low, so the
evolution speed of Genetic Algorithm modified by SVM
can be much accelerated than the conventional GA.
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2.
(DEvaluate initial population
Generational loop

@Assign fitness-value to entire population

@ Generate training data and do SVM

@Select individuals for breeding

®Recombine selected individuals (crossover)

®Perform mutation on offspring

@Adopt the SVM criterion

(classify GOOD and BAD individuals)

®Evaluate offspring, call objective function

®@Reinsert offspring into current population
loop end.
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