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Decoding of motor imagery EEG signals based on loose WNN
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Abstract: The brain computer interface based on motor imagery can control external devices and has important clinical significance
in the field of medical rehabilitation. In order to improve the classification accuracy of motor imagery EEG signals, a loose wavelet
neural network is proposed, namely, the dual-tree complex wavelet transform and neural network are computed separately and then
combined. The pre—processed EEG signals are decomposed using DTCWT, multiple eigenvalues of the complex wavelet coefficients
are calculated and feature vectors are constructed, and the combined feature vectors are fed into the neural network for classification
and recognition. The experimental results show that the algorithm has an average accuracy of 76.03% on dataset 2a of BCI
Competition IV. The effectiveness of the loose wavelet neural network is verified by comparing it with different classifiers and
existing methods.
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Tab. 1 Decoding results of different classifiers based on DTCWT

WNN SVM LGBM
ZARE i

Accuracy/ % Kappa Accuracy/ % Kappa Accuracy/ % Kappa
A01 82.86 0.77 77.43 0.70 76.03 0.68
A02 68.21 0.58 57.98 0.44 58.68 0.45
A03 87.86 0.84 80.03 0.73 77.26 0.70
A04 72.50 0.63 57.30 0.43 57.11 0.43
A05 61.79 0.49 46.87 0.29 43.59 0.25
A06 57.86 0.44 46.71 0.29 47.56 0.30
A07 87.50 0.83 80.55 0.74 72.57 0.63
A08 89.64 0.86 79.34 0.72 76.38 0.69
A09 76.07 0.68 66.31 0.55 67.89 0.57

FAE 76.03 £11.10 0.68 +0.15  65.84 £13.31 0.54 £0.17  64.12 =12.13 0.52 £0.16
ICONIER 89.64 0.86 80.55 0.74 77.26 0.70
e/ MHE 57.86 0.44 46.71 0.29 43.59 0.25
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Tab. 2 Comparison results with existing methods

Accuracy/%
ZRE RS ]
AR ITr EEGNet! '] FBSF+TSCNN['!  Siamese NNI'3) Z2484iF + CNN2)
AO1 82.86 71.88 85.8 85.94 84.48
A02 68.21 51.04 60.1 63.99 72.41
A03 87.86 79.17 87.8 84.10 89.66
A04 72.50 57.99 64.2 65.84 72.41
A05 61.79 64.58 48.6 56.59 53.45
A06 57.86 51.04 56.9 64.27 65.52
A07 87.50 66.32 83.0 68.87 86.21
A08 89.64 74.31 81.6 82.59 84.48
A09 76.07 72.57 80.2 86.74 74.32
RSGLEl 76.03 65.43 72.0 73.21 75.88
SN 89.64 79.17 87.8 86.74 89.66
/MY 57.86 51.04 48.6 56.59 53.45
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Fig. 4 Accuracy of each method IV classification recognition
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