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Optm izng the Parameter s of Support Vector M achne's

Classifier M odel Based on Genetic Algor ithm
Chen Guo

(College of Civil Aviation, Nanjing U niversity of A eronautics and A stronautics, Nanjing 210016 )
Abstract: The support vector machine (S/M) , which is based on the datistical leaming theory (3. T) and the
structural risk minimum principle, guarantees the largest generalization ability of amodel It is therefore, theoreti-
cally more perfect than the neural netvork model that is based on the empirical risk minimum principle The paper
established the pattern recognition classifier model and studied the parameters that influence the classifier model’ s
classification ability; on the basisof analyzing the parameter' s influence on the classifier' s recognition accuracy, it
proposed the self-adgptive optimization algoritm for the S/M classifier model using genetic algoritm.  Finally, cal-
culation instances show the effectiveness of the optimization algorithm.
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