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Emotional recognition of EEG signal based on mRMR and BiLSTM
ZHU Yishuai, GAN Liangzhi, WANG Shun

(School of Electrical Engineering and Automation, Jiangsu Normal University, Xuzhou Jiangsu 221116, China)

[ Abstract] Human emotions can greatly affect a person’s behavior. Emotion recognition technology has been widely used in many
fields, such as medical treatment, online learning, monitoring and so on. In order to extract EEG signal features more effectively to
improve the emotional classification effect of EEG signals, this paper proposes a multi band EEG signal feature extraction method
based on minimum redundancy and maximum correlation. In view of the redundancy and lack of correlation between EEG signal
features, the minimum redundancy and maximum correlation algorithm is used. A multi band fusion algorithm is proposed to extract
differential entropy features for selecting spatial electrodes that have a large correlation with emotional characteristics. BILSTM layer
is introduced into LSTM network for training, and emotion is divided according to arousal and potency levels. The average accuracy
rates are 96.23% and 93.16% respectively.
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Fig. 2 Basic Structure of BiLSTM model
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Fig. 3 Basic structure of emotion recognition model
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Tab. 2 Comparison of feature classification accuracy in different
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