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Deep learning networks for motor imagery EEG signal classification

Hu Bo Xie Jun Liu Junjie Wang Hu
(College of Intelligent Manufacturing Modern Industry, Xinjiang University, Urumgi 830017, China)

Abstract: Motor imagery (MI) EEG signals are more difficult to recognize due to the inclusion of long, continuous
eigenvalues as well as their own strong individual variability and low signal-to-noise ratio. In this study, we propose a
model that combines a convolutional neural network (CNN) with a Transformer, aiming to effectively decode and
classify motor imagery EEG signals. The method takes the original multichannel motor imagery EEG signals as input.
and learns the local features of the entire one-dimensional temporal and spatial convolutional layers by firstly performing
a convolutional operation on the temporal domain of the signals in the first temporal convolutional layer, and then
subsequently performing a convolutional operation on the null domain of the signals in the second spatial convolutional
layer. Next, the temporal features are smoothed by averaging the pooling layers along the temporal dimension and
passing all the feature channels at each time point to the attention mechanism to extract the global correlations in the
local temporal features. Finally, a simple classifier module based on a fully connected layer is used to classify the EEG
signals for prediction. Through experimental validation on the publicly available BCI competition dataset IV-2a and
dataset IV-2b, the results show that the model can effectively classify MI EEG signals with average classification
accuracies of up to 80. 95% and 84. 79% , which is an improvement of 6. 45% and 4. 31% in comparison to the EEGNet
network, respectively, and effectively improves motor imagery evoked potential signals of the brain-computer interface
performance.

Keywords: motor imagery;attentional mechanisms;electroencephalogram signals; brain-computer interface
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Table 1 Accuracy and Kappa value of this paper’s method and other methods on dataset 2a

it FBCSP™ ConvNet""” EEGNet"" c2cMM FBCNet"*" A7k
Acc Kappa Acc Kappa Acc Kappa Acc Kappa Acc Kappa Acc Kappa
S01 76.00 0.6800 76.39 0.6852 85.76 0.8101 87.50 0.8333 85.42 0.8056 88.32 0.8287
S02 56.50 0.4200 55.21 0.4028 61.46 0.4861 65.28 0.5371 60.42 0.4723 58.33 0.444 4
S03 81.25 0.7500 89.24 0.8565 88.54 0.8472 90.28 0.8704 90.63 0.8751 92.36 0.8981
S04 61.00 0.4800 74.65 0.6620 67.01 0.5601 66.67 0.5556 76.39 0.6852 86.25 0.8157
S05 55.00 0.4000 56.94 0.4259 55.90 0.4120 62.50 0.5000 74.31 0.6575 65.54  0.5277
S06 45.25 0.2700 54.17 0.3889 52.08 0.3611 45.49 0.2732 53.82 0.3843 66.71 0.564 8
S07 87.25 0.8300 92.71 0.9028 89.58 0.8611 89.58 0.8611 84.38 0.7917 96.18 0.9491
S08 8§1.25 0.7500 77.08 0.6944 83.33 0.7777 83.33 0.7777 79.51 0.7268 88.58  0.8333
S09 70.75 0.6100 76.39 0.6852 86.81 0.8241 79.51 0.7268 80.90 0.7453 86.24 0.8333
Average 67.75 0.5767 72.53 0.6337 74.50 0.6599 74.46 0.6595 76.20 0.6826 80.95 0.7439
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Table 2 Accuracy and Kappa value of this paper’s method and other methods on dataset 2b
. FBCSP- ConvNet™* EEGNet™"" SPCNNH" RICTIT
ZiH
Acc Kappa Acc Kappa Acc Kappa Acc Kappa Acc Kappa
SO01 70. 00 0.400 0 76. 56 0.531 2 75.94 0.518 8 73.61 0.472 2 81.50 0.630 0
S02 60. 36 0.207 2 50. 01 0.000 2 57. 64 0.152 8 75.74 0.514 8 66. 36 0.327 2
S03 60. 94 0.218 8 51.56 0.031 2 58.43 0.168 6 77.78 0.555 6 63.75 0.2750
S04 97.50 0.950 0 96. 88 0.937 6 98.13 0.962 6 93. 24 0. 864 8 96. 31 0.926 2
S05 93.12 0.862 4 93.13 0.862 6 81. 25 0.6250 91. 22 0.824 4 90. 75 0.8150
S06 80. 63 0.612 6 85. 31 0.706 2 88.75 0.775 0 81. 94 0.638 8 89. 33 0.786 6
S07 78.13 0.562 6 83.75 0.675 0 84. 06 0.681 2 84.03 0. 680 6 88.93 0.778 6
S08 92. 50 0. 850 0 91. 56 0.831 2 93. 44 0. 868 8 84. 21 0.684 2 92. 38 0.847 6
S09 86. 88 0.737 6 85.62 0.712 4 89. 69 0.793 8 76.39 0.527 8 93.76 0.875 2
Average 80. 00 0.600 1 79.37 0.587 5 80. 48 0.616 3 82.02 0.640 4 84.79 0.695 7
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