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Motor Imagery Recognition Based on Graph Convolution Network

XU Xuetian', CAI Yuexin®

1.Department of Information Administration, Guangdong Justice Police Vocational College, Guangzhou 510520, China

2.Institute of Hearing and Speech-Language Science, Department of Otolaryngology, Sun Yat-sen Memorial Hospital, Sun
Yat-sen University, Guangzhou 510120, China

Abstract: Motor imagery recognition is an important research direction of brain-computer interface (BCI), which con-
verts brain neural activity signals into code to realize mind control. In recent years, the application of deep learning algo-
rithm further improves the accuracy of motor imagery recognition. However, the current motor imagery analysis based on
deep learning takes multi-channel EEG signals as two-dimensional matrix signals, and ignores the different nodes spatial
association information. To solve this problem, the graph convolution network (GCN) is applied to the classification of
motor imagery. The EEG structure is established by the correlation coefficients of multiple nodes’ EEG signals, and the
time-frequency feature information of EEG signals is extracted as the input of GCN. Then, node time-frequency features
are aggregated by graph convolution network to learn spectral domain features. Finally, the classification results are out-
put through full connection layer. This method achieves 80.9% accuracy and 0.74 kappa coefficient on BCI Competition
IV Dataset 2a. This method can fully learn the feature information of time, frequency and spectrum domain, and achieve
better recognition effect. It provides a new idea and method for brain-computer interface of motor imagery.

Key words: graph convolution network(GCN); motor imagery; deep learning; time-frequency feature
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Fig.3 Experimental paradigm of EEG data
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Table 3 Experimental results of 9 subjects

ZIRE HETR /% kappa 2%
Subjectl 91.7 0.90
Subject2 67.4 0.56
Subject3 92.7 0.90
Subject4 79.4 0.69
Subject5 70.4 0.61
Subject6 62.1 0.49
Subject7 92.7 0.90
Subject8 87.2 0.83
Subject9 84.3 0.79
mean 80.9 0.74
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Fig.5 Confusion matrix of subject classification results
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Table 4 Comparison results of different methods

Jiik HETER /%
FBCSP 65.8
FDBN 72.2
Shallow ConvNet 73.7
Hybrid ConvNet 71.6
AX-LSTM 76.5
ATk 80.9
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