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Abstract ; In the multi—emotion speech emotion recognition, the partial recognition rate is reduced because of the confusion of some emo-
tional states. At the same time,the penalty factors and kernel function parameter also have some influence on the recognition results for
different training sets. On the basis of traditional support vector machine ( SVM) , we propose a decision tree SVM speech emotion recog-
nition algorithm based on parameter optimization for improving the accuracy of speech emotion recognition. In this algorithm , the decision
tree SVM framework is firstly established by calculating the confusion degree of emotion. Then the genetic algorithm is used to optimize
the penalty factor and kernel function parameters of each SVM in the decision tree SVM. Finally, the decision tree SVM model with opti-
mized parameters is applied to speech emotion recognition. The experiment on the Chinese emotion speech database shows that the pro-
posed method can improve the average recognition rate of 6 emotions by 6. 5% ,compared with speech recognition based on traditional
SVM classification algorithm.
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