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Abstract: Motor imagery-based brain-computer interface (MI-BCD is a cutting-edge technology that can realize
information interactior between brain and computer by decoding electroencephalogram (EEG) signals associated
with motor intention. However, left-right hand MI tasks exhibit highly overlapping spatial features in EEG
signals, reducing signal distinguishability and increasing challenges for decoding accuracy and model gener-
alization. This study focused on the EEG signals of four-class hand motor imagery, and designed an EEG data

acquisition paradigm, and performed data preprocessing, and built a convolutional neural network model based
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on spatio-temporal feature fusion to enhance cross-channel information integration, enabling the capture of more
discriminative spatio-temporal features. The results demonstrate that the proposed model improves classification
performance on four-class hand motor imagery EEG data from five healthy subjects. The model reaches an
average classification accuracy of 90.89% and an average Kappa coefficient of 0. 88, with the highest clas-
sification accuracy of 98.44%, The model achieves an average classification accuracy of 61.85% and the
highest classification accuracy of 85% on the public BCI Competition IV 2a dataset. Ablation experiments with
varying proportions of training samples and removal of key frequency bands verifies that the model maintains
stable classification performance under conditions of limited samples and missing frequency bands. In addition,
compared with mainstream models EEGNet and ATCNet, the overall classification accuracy increases by
3.9 percentage point and 4.1 percentage point, respectively, demonstrating good decoding performance,
stability, and strong robustness. However, the model still requires further investigation on larger-scale datasets
and real-time EEG decoding, and may have potential applications in human-computer interaction and intelligent

rehabilitation in the future.
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Fig. 11 Confusion matrix for MI-EEG classification
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