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Brainprint recognition based on spatiotemporal gated graph convolution
WANG Yong' FANG Fang' HU Xuanye® CHEN Xiaoli'
(1. School of Mechanical Engineering and Electronic Information, China University of Geosciences (Wuhan), Wuhan 430074,
China; 2. Wuhan Neuracom Technology Development Co. , Ltd., Wuhan 430070, China)

Abstract Aiming at the problems that traditional convolutional neural networks are insufficient in modeling the topological and
spatial dependencies of electroencephalogram (EEG) channels, and that existing methods rely on multi-channel and long-duration
signals, a brainprint recognition algorithm based on spatio-temporal gated graph convolution is proposed in this paper. First, multi-
channel EEG signals are modeled as a graph structure, with each channel regarded as a graph node, characterizing the non-Euclidean
topological features of EEG. Second, gated recurrent units are introduced into the graph convolution process to recursively update
node features, achieving adaptive fusion of spatial correlation features among channels. Then, the graph feature sequences updated by
gated graph convolution are input into a long short-term memory network to capture the temporal evolution and long-term
dependencies of EEG features. Finally, an efficient channel attention mechanism is introduced to highlight key channel information
that contributes greatly to identity discrimination. The proposed method was verified on the PhysioNet and DEAP datasets. The
results show that the performance of the proposed model is superior to that of most existing methods, which verifies its effectiveness
and superiority under the conditions of low-channel and short-duration EEG signals.
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