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Multi-Task Classification of Motor Imagery Based on
MHSA -EDSCNet Hybrid Model
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(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: Decoding motor imagery-based electroencephalography (EEG) signals is a crucial step in brain-
computer interface (BCD technology. To address the challenge of capturing global EEG information, this
study proposes a model that combines a multi-head self-attention mechanism with an improved depthwise
separable convolutional network (EDSCNet) for multi-task classification of motor imagery. Firstly, spa-
tial features of different subbands are extracted using a filter bank common spatial pattern technique to cap-

ture fine-grained characteristics of motor imagery EEG accurately. Secondly, an enhanced one-
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dimensional convolutional network, the EDSCNet, is employed to capture local spatial information and
spatial correlation of EEG signals. The model further incorporates a multi-head self-attention mechanism
better to capture the global spatial information of motor imagery EEG, enhancing feature representation
and improving multi-task classification accuracy, while reducing model parameters and computational com-
plexity. Finally, the proposed model is validated and evaluated on the BCI Competition 1V 2a motor imag-
ery EEG dataset, and the visualizations of EEG features for the left hand, right hand, both feet, and
tongue motor imagery tasks are presented. The results demonstrate that the model achieves average classi-
fication accuracies of 95.35% and 96.87%, with Kappa coefficients of 0.937 9 and 0.958 6, respec-
tively, on the two motor imagery datasets. The feature visualizations show distinct patterns for different
motor imagery tasks in the brain. Moreover, the model exhibits consistent performance across all subjects.
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Tab.2 Mean classification accuracy and Kappa coefficient of differ-

ent methods in BCI IIT I11a dataset

o IYRUERR ) %
Bk
CcSsp EEGNet ARICTT 8
K3b 91.11 95.11 98.75
K6b 73.75 73.00 95.62
L1b 86.25 78.17 96.25
Avg Acc 83.70 82.09 96.87

Kappa 0.767 9 — 0.958 6
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Fig. 11  Characteristic visualization of four types of motor imagery tasks
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