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A Method of Speech Emotion Recognition Based on
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Abstract; A method of speech emotion recognition is proposed based on complex frame segment feature. Through
combining several successive frames as a segmental unit witch is treated as an input vector for Gaussian Mixture
Model( GMM). The inter-frame correlation information is effectively introduced into the process of speech emotion
recognition. Furthermore , principal components analysis neural nerwork ( PCANN ) is adopted before GMM for the
purpose of frame parameter compression,to improve the performance of output probability density function. Corre-
sponding experiments are performed and the results show that the recognition rate of the proposed method is im-
proved to some extend comparing with the traditional status output independent GMM , thus the effectiveness of intro-
ducing dynamic inter-frame correlation information into the process of speech emotion recognition is validated.
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