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Figure 1 TSTNet model structure
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Figure 2 Spectrogram conversion process
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Figure 4 BiGRU model structure
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Figure 6 Accuracy curve
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Table 3 Performance of different models on

accuracy, precision, recall, and F1 values %

Ttk HERIR R B FLE

MFCC+BENLZRAR™  53.24  51.39  46.23  46.20
EREE+CNN 90.17  88.55 88.41 88.48
MFCC+CNN " 90.37 88.77 88.44 88.56
TERER+CNN+RNN2Y 9112 89.59  89.13  90.43
TEREE+CNN+LSTM ™ 91.72  90.79  90.90 91.65
TSTNet 94.69 93.89 94.34 94.08
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Table 4 TSTNet model ablation experiment
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Figure 8 Model training accuracy curve
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Speech Emotion Recognition TSTNet Based on Spatial-temporal Features

XUE Junxiao'*, HUANG Shibo', WANG Yabo', ZHANG Chaoyang’, SHI Lei'"

( 1.School of Software, Zhengzhou University, Zhengzhou 450002, China; 2.School of Cyberspace Security, Zhengzhou Universi—
ty, Zhengzhou 450002, China; 3.School of Information Engineering, Zhengzhou University, Zhengzhou 450002, China)

Abstract: For differences in tone, pitch, speaking speed, etc. of social speech and information loss or redun—
dancy during filling, a speech emotional recognition method was proposed based on spatial-temporal features.
The method applied convolutional neural network ( CNN) and bilateral recurrent neural network ( BiIGRU) ,
including spatial feature extraction module, temporal feature extraction module and feature fusion module. Con-
sidering the different lengths of audio data content, the audio data was preprocessed first, and three zero-pad-
ded padding lengths were applied to obtain spectrograms of different scales. Then the spatial feature extraction
module was designed to capture the local feature of the audio, and used the temporal feature extraction module
to obtain the temporal feature and the semantic relationship of the audio data, thus obtained three spatial4em—
poral feature vectors. In addition, these temporal feature vectors were fused and input full connection layer for
classification of speech emotion. With the numerical experiment using IFLYTEK speech emotion data sets, the
experiment achieved better results in the accuracy, precision, recall, and F1 value than those of the experi—
ment of traditional speech emotion recognition model.

Keywords: speech emotion recognition; spectrogram; spatial4temporal features



