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Abstract

Motor imagery is a concept in the cognitive neuroscience field, referring to the activation of cor-
responding brain regions’ neurons through imagining movements without actual execution. Tra-
ditional CNNs have limitations in processing EEG signals because EEG data is a type of time-series
data, which CNNs are not adept at handling, leading to insufficient exploitation of temporal corre-
lations and feature information, thus affecting model performance and accuracy. To address this
issue, this study employs dynamic graph convolution and temporal convolution to process EEG
data. This method effectively captures the temporal dependencies and dynamic changes between
signals, thereby enhancing model performance and accuracy in handling EEG signals. The advan-
tage of dynamic graph convolution lies in its better adaptation to the characteristics of time-series
data, improving feature extraction and prediction, effectively overcoming the limitations of tradi-
tional CNNs in processing EEG signals, and bringing new possibilities to the development of
brain-computer interface technology and other fields. The main process of this method is as fol-
lows: first, EEG signals are inputted into convolutional filters for processing, filtered into eight
sub-bands, and then inputted into eight dynamic graph convolutional neural networks (DGCNNs)
respectively. Finally, these networks are concatenated and inputted into a temporal convolutional
network (TCN) for feature extraction. On publicly available datasets, the DGCNN model achieves a
higher average classification accuracy (82.5 * 4.3%) compared to the traditional CNN model (68.9
* 3.6%).
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Figure 1. Experimental configurations of dataset A and dataset B. A, distribution of EEG elec-
trodes in dataset A; B, distribution of EEG electrodes in dataset B; green dots represent the
EEG electrodes; C, flowchart of the experimental paradigm for dataset A; D, flowchart of the
experimental paradigm for dataset B
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Figure 2. Diagram of the overall framework of EEG signal processing, including signal processing, feature
extraction and feature classification. Where C is the number of EEG electrodes, T is the number of discrete
time points, and E is the number of feature channels
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Figure 3. Average classification accuracy of dataset A and dataset B on DGCNN model and conventional CNN model
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Table 1. Average classification accuracy of dataset A and B on DGCNN model and conventional CNN model

=1 BEE A FEUEE B £ DGCNN REUFIfE S CNN 152 ) FH 55 I ERE

[E5Y e CNN 455 DGCNN #7045 5
EEG A 63.3+4.7% 66.4 +6.1%
EEG B 68.9 + 3.6% 825+ 4.3%

Table 2. Results of model ablation experiments
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EAGIES TH AL E TR 45 R DGCNN HEAI45 5
DGCNN 63.1+4.5%
A 66.4+6.1%
TCN 61.1+7.2%
DGCNN 75.0 +6.5%
B 82.5+4.3%
TCN 80.4 £4.6%
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Figure 4. Confusion matrices of dataset A and dataset B on DGCNN model and
conventional CNN model. A, confusion matrix of dataset A on dynamic graph
convolution; B, confusion matrix of dataset A on CNN model; C, confusion ma-
trix of dataset B on dynamic graph convolution; D, confusion matrix of dataset B
on CNN model. where 0 is the right hand and 1 is the left hand
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