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Two-level Feature Extraction Method for Multi-class Motor Imagery EEG

MENG Ming' ZHU Jun-Qing’ SHE Qing-Shan' MA Yu-Liang' LUO Zhi-Zeng*

Abstract Common spatial pattern (CSP) is a popular method of feature extraction for motor imagery based brain-
computer interface (BCI). However, the classification accuracy of multi-class tasks is obviously lower than that of two-
class tasks with CSP. By employing the stacked denoising autoencoders (SDA), a two-level feature extraction method
for multi-class motor imagery electroencephalogram (EEG) is proposed. Firstly, one versus rest CSP (OVR-CSP) is
adopted to convert EEG into low dimensional space in which the discrimination of signal variances is maximized. Then,
SDA network is used to extract the higher level abstract features which can characterize the category attributes more
effectively. Finally, the motor imagery tasks are classified with Softmax classifier. In the classification experiment with
four-class motor imagery tasks from Data-sets 2a of the BCI competition IV, this method achieves the average Kappa
value of 0.69. The results show that the proposed method is effective and robust.
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Fig.1 The autoencoder architecture
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Table 2

combination of the number of units in the hidden layer

Mean Kappa coefficient variation with the

& 24-24-24-24 24-20-16-8 24-28-32-40
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Table 3  Comparison of Kappa coefficient obtained from proposed method, first three teams of
the competition and other reference method
ane
Ao1 A02 A03 A04 A05 A06 A07 A08 A09 RSN ElEE
EB14 0.68 0.42 0.75 0.48 0.40 0.27 0.77 0.75 0.61 0.57 + 0.183
24 0.69 0.34 0.71 0.44 0.16 0.21 0.66 0.73 0.69 0.52 + 0.230
F3 4 0.38 0.18 0.48 0.33 0.07 0.14 0.29 0.49 0.44 0.31 + 0.153
ik [22] 0.73 0.46 0.76 0.48 0.21 0.33 0.76 0.75 0.81 0.59 £0.221
0.82 0.49 0.68 0.65 0.54 0.51 0.86 0.81 0.81 0.69
A3 +0.104 +0.084 +0.109 +0.126 +0.118 +0.134 +0.105 +0.089 +0.096 +0.146
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