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RECOGNITION METHOD OF MOTOR IMAGINATION EEG SIGNAL BASED ON
TEMPORAL-SPATIAL FEATURES CONVOLUTION NEURAL NETWORK

Xu Xuetian'  Cai Yuexin’
"( Department of Information Administration Guangdong Justice Police Vocational College Guangzhou 510520 Guangdong ~China)

*( Institute of Hearing and Speech-Language Science Department of Otolaryngology Sun Yat-sen Memorial Hospital Sun Yat-sen University
Guangzhou 510120 Guangdong China)

Abstract In order to extract the feature information of EEG signal correctly to improve the recognition accuracy of
brain motion imagination a temporal-spatial features convolutional neural network( TSCNN) method is proposed. The
optimal parameters of the time-space filter was learned through a time convolutional neural network and a space
convolutional neural network and then this method completed the recognition of motion imagination with another
convolution neural network to extract further different scales of EEG signal feature information. Training efficiency and
recognition performance was optimized in the case of small samples through signal segmentation expansion convolution
and other strategies. The method was tested on BCI competition IV dataset 2A  and the accuracy was 78.8% and kappa
coefficient was 0. 72. Compared with other methods the TSCNN method can achieve better recognition effect without

preprocessing and additional feature extraction.

Keywords Convolutional neural network Brain computer interface Motor imagery Temporal-spatial features
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