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Speech Emotion Recognition Based on Voice Rhythm Differences

ZHANG Jiahao,ZHANG Zhaohui, YAN Qi and WANG Pengwei

School of Computer Science and Technology, Donghua University, Shanghai 201620, China

Abstract Speech emotion recognition has an important application prospect in financial anti-fraud and other fields, but it is in-
creasingly difficult to improve the accuracy of speech emotion recognition. The existing methods of speech emotion recognition
based on spectrograms are difficult to capture the rhythm difference features, which affects the recognition effect. Based on the
difference of speech rhythm features, this paper proposes a speech emotion recognition method based on energy frames and time-
frequency fusion. The key is to screen high-energy regions of the spectrum in the speech,and reflect the individual voice rhythm
differences with the distribution of high-energy speech frames and time-frequency changes. On this basis,an emotion recognition
model based on convolutional neural network(CNN) and recurrent neural network(RNN) is established to realize the extraction
and fusion of the time and frequency changes of the spectrum. On the open data set IEMOCAP, the experiment shows that com-
pared with the method based on spectrogram,the weighted accuracy WA and the unweighted accuracy UA of the speech emotion
recognition based on the difference of speech rhythm increases by 1. 05% and 1. 9% on average respectively. At the same time, it
also shows that individual voice rhythm difference plays an important role in improving the effect of speech emotion recognition.

Keywords Speech emotion recognition, Energy frames, Spectrum, Time-frequency fusion, Voice rhythm difference
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Table 1 Model effects with different K values
%)
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Table 2 Experimental results of speech emotion recognition based

on energy frame time-frequency fusion
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WA UA
CNN_GRU-SeqCapl?] 70.1 65.5
TFCNN_DenseCap_ELM12] 68. 6 68.9
En_frame_ CNN_RNN 70.4 69.1
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Fig. 7 Comparison of ablation experiment results
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Fig. 10 Confusion matrix after data balancing
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