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Abstract: In order to solve of low classification accuracy problem caused by insufficient feature extraction a-
bility of electro-encephalogram signals, a novel hybrid neural network model (EEG-MSTNet model) is pro-
posed to achieve time-frequency-spatial domain feature extraction and recognition of EEG signals. Firstly,
EEG MSTNet model adopts a multi-scale convolution that is suitable for the characteristics of EEG signals,
four sets of features of different sizes convolutional kernels are extracted, and they are concatenated together to
enhance the time-frequency domain extraction ability of the original EEG signals. Secondly, the spatial features
and high-dimensional temporal domain features of the signals are further extracted through the channel atten-
tion mechanism, and ultimately used for EEG signals recognition. The EEG-MSTNet model is tested on the

BCI Competition [V Dataset 2a dataset, the results show that each module of the EEG-MSTNet model contri-
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to the improvement of classification accuracy, with a maximum classification accuracy of 95. 83% and an aver-
age accuracy of 83.52% , which is significantly better than that of the other models.

Keywords: convolutional neural network; channel attention mechanism; EEG recognition; feature extraction
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Tab.1 Parameters of EEG-MSTNet model
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Tab. 4 Performance comparison of classification for the proposed model and recent research models
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