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Surprise 0 0 0 0 25 12.5
Angry 29.5 67.3 64 32.7 66.7 24.5
Disgust 0 0 0 0 0 0
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Angry 0 0 33.3 40 43.8 77.8
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Research on a dimension reduction method of speech

emotional feature based on convolution neural network

Bo Hongjian, Ma Lin, Kong Xianghao, Li Haifeng
(School of Computer Science and Technology , Harbin Institute of Technology, Harbin 150001 )
Abstract

A feature reduction method based on convolution neural network ( CNN) is proposed to solve the problem of
speech emotion recognition. On the basis of extracting a large number of features of the original speech emotion da-
ta, the corresponding feature matrix is obtained by normalizing the different dimension features. The CNN is used to
study the feature matrix, and the weights of the CNN network are analyzed. According to the characteristics of the
network learning feature, that is, by comparing the activation weights of each class, the features that are most fa-
vorable for classification are selected by calculation, so the feature selection criterion FR-CNN is obtained. The
multi-modal emotional database CHEAVD provided by the Institute of Automation of Chinese Academy of Sciences
is used to test all the eight kinds of emotional data, showing that the average recognition error rate of the CNN clas-
sifier constructed with all the feature sets is reduced by 2. 1% compared to the baseline results, while the average
recognition error rate of the same CNN classifier constructed with dimension reduction F feature set is reduced by
9.4% . In addition, using only 15% of original feature set’ s features on the basis of dimensional reduction of a
large number of features, can not only effectively increase the convergence speed of the classifier, but also make
the recognition error rate reduced, at the same time in the actual speech emotion recognition system, the complexity
of system can also be reduced. The study provides a new idea for the feature extraction of speech emotion.

Key words: patiern recognition, speech emotion, convolutional neural network (CNN) , feature selection cri-

terion, feature reduction
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