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Abstract: Aiming at the fact that Electroencephalogram ( EEG) induced by motor imagery has the characteristics of non-stationary non-
linear and low SNR  various analysis methods are widely used in the feature extraction of motor imagery EEG. However the single—
channel EEG analysis method is difficult to effectively depict the interactive information of multi-channel EEG signals and the existing
feature indicators do not take into account the nonlinear dynamics coupling characteristics among the channels adequately. Aiming at
these problems this paper proposes a motor imagery EEG analysis method that fuses single—<hannel time-Hrequency feature and multi—
channel coupling feature. The multivariate empirical mode decomposition ( MEMD) is introduced to decompose the EEG signals into
intrinsic mode functions ( IMFs) with common oscillation modes. Then from the IMF components in the effective characteristic
frequency band the time-frequency characteristics of the marginal spectrum ( MS) and instantaneous energy spectrum ( IES) of single—
channel and the coupling features of the cross sample entropy ( CSampEn) phase locked value ( PLV) and frequency locking value
( FLV) of multichannel are obtained. The fused characteristics are inputted into a weighted linear discriminant analysis ( LDA) to
identify the patterns of motor imagery. In the experiment the BCI 2008 competition dataset IIb and the actually measured data were
introduced to conduct analysis. The results show that the proposed method can effectively improve the recognition rate of motor imagery
EEG. In the experiment the average recognition rate and the average Kappa coefficient of 9 subjects from the competition dataset reach
80. 1% and 0. 62 respectively. Compared with other methods the proposed method can improve the classification accuracy and provide
a new idea for the study of motor imagery brain-computer interface system.
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Table 2 The maximum recognition rate under different parameters (%)
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Table 3 Comparison of the recognition rate between the
proposed method and other methods (%)
- +
Hjorth
CNN-SAE CSP + BELM
+ LDA
+ LDA
S1 78. 1 77.8 80.6 71.6
S2 63.1 59.4 61.6 64.3
S3 60. 6 54.4 60. 6 58.4
S4 95.6 98.8 98. 1 97.5
S5 78.1 84.3 81.8 88.4
S6 73.8 68.0 84.3 82.5
S7 70 84.1 72.5 80
S8 71.3 89.3 86.2 92.5
S9 85 83.9 86 85.9
75.1+£10.8 77.8 £14.5 79.1+12. 1 80.1+13
Friedman
Friedman p 4 o
4 Friedman P

Table 4 The p values obtained with Friedman test for the

proposed method and other methods

Hjorth
CNN-SAE CSP + BELM
+ LDA
- +

0.088 3 0.0530  0.063 2

+ LDA
4 p 0.1
0.1
5
Kappa

5 Kappa

Table 5 Comparison of the maximal Kappa value between

the proposed method and the champion

28

S1 0.4 0.48
S2 0.21 0.29
S3 0.22 0.19
S4 0.95 0.95
S5 0. 86 0.78
56 0.61 0. 65
S7 0.56 0. 60
S8 0.85 0.88
S9 0.74 0.72
0.60 =0. 28 0.62 +0.26
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