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Speech emotion recognition based on attention mechanism and LSTM
CHEN Qiaohong , YU Zeyuan, SUN Qi, JIA Yubo
(School of Information Science and Technology » Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Aiming at the problems of poor feature extraction integrity and accuracy of the existing
speech emotion recognition method, a speech emotion recognition model based on the attention mechanism
and long short-term memory network (LSTM) was proposed. The model firstly used the Mel frequency
cepstrum coefficient (MFCC) of speech signal as the input of LSTM, and the spectrum sequence was
modeled with the help of LSTM. Besides, peephole connection was carried out in the forgotten door and
the input door of LSTM, the unit state was also added to the threshold layer as input data. Then, the
emotional characteristics obtained from LSTM were input into the attention layer to calculate the weight of
each frame of speech signal. Finally, the speech features with higher weight were used to distinguish
different emotions so as to complete the emotion recognition of speech signals. Experimental results show
that, compared with the basic LSTM model, the accuracy of EMO-DB, CASIA and RAVDESS data sets
was improved by 2. 96%, 2. 66% and 7. 06 % respectively, and the recall rate and F1 value also increased,
showing that the proposed model has a good speech recognition ability and effectively improves the
accuracy of speech emotion recognition.
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