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Abstract : Emotions play an important role in people’s thinking, behavior and communica-
tion styles. In order to improve the accuracy of emotion recognition from EEG ( electroen-

cephalogram) signals and make full use of the information in the frequency, spatial and
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temporal dimensions of EEG signals, a CNN-BiLSTM ( convolutional neural networks-
bidrectional long short term memory ) -based neural network model for EEG emotion classi-
fication is proposed. The model consists of a convolutional neural network and a bi-direc-
tional long-short-time neural network with multi-layer feature fusion, in which the convolu-
tional neural network is used to learn the frequency and spatial features of the EEG
signals, and the bi-directional long-short-time neural network mines the temporal informa-
tion between EEG slices from the output of the convolutional neural network. Emotion
classification experiments are conducted with the help of the SEED dataset for the discrete
emotion model and the DEAP dataset for the continuous emotion model. The experimental
results show that the CNN-BiLSTM model achieves the best emotion classification perform-
ance so far on both SEED and DEAP datasets. In addition, the temporal information min-
ing module of the model outperforms single-layer LSTM ( long short term memory, LSTM )
and is able to learn more temporal information.

key words ; emotion classification ; electroencephalogram ( EEG ) ;neural network ; feature
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