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Speech Emotion Recognition Based on KPCA and CCA
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Abstract. Kernel principal component analysis (KPCA) is a learning method that uses the ker-
nel method on principal component analysis (PCA), and the KPCA method can make the in-
separable samples separable in the feature space. Canonical correlation analysis (CCA) is a sta-
tistical analysis of the correlation between the two sets of random variables. In this paper, the
KPCA method is proposed for speech emotion recognition, and the KPCA combined with CCA
method is also proposed for emotion recognition. Compared with the traditional PCA method,
the results show that the emotion recognition based on KPCA and KPCA + CCA have better
performance.
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Fig. 2 Distribution of the best two-dimensional feature when the number of training samples in each class is 15
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