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ZHANG Zhihao'?2 WANG Kunxial»2

(1 College of Electronic and Information Engineering, Anhui Jianzhu University, Hefei 230601, China)
(2 Key Laboratory of Architectural Acoustic Environment of Anhui Higher Education Institutes (Anhui Jianzhu University ),
Hefei 230601, China)

Abstract: Speech emotion recognition (SER) plays an important role in the research fields of human-computer
interaction and affective computing. Many new research methods have emerged. Recently, researchers applied
convolutional neural network (CNN) and long short-term memory (LSTM) to extract spatial and temporal
features from Log-Mel spectrum, and achieved better performance. However, when CNN and LSTM networks
extract features, they will lead to feature redundancy and reduce the performance of speech emotion recognition.
In this paper, we propose a convolution recursive neural network model based on spatiotemporal attention
mechanism (STA-CRNN). The Log-Mel spectrum, its first-order difference and second-order difference are
used as feature input. We extract spatial features by CNN and temporal features by LSTM, and adopt spatial

attention and temporal attention mechanism to further decrease the redundancy of features. The experiment
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results show that the weighted accuracy (WA) of the model on Emo-DB and IEMOCAP Speech database
are 86.8% and 69.4% respectively, and the unweighted accuracy (UA) are 84.7% and 65.5% respectively. The

proposed model STA-CRNN achieves better performance than most advanced methods for SER.

Keywords: Speech emotion recognition; Log-Mel; Spatiotemporal attention; Time features; Spatial features
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