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Research on four-class motor imagery EEG classification
method based on ITD and PLV

Jiang Guihu,Chen Wanzhong,Ma Di, Wu Jiabao

( College of Communication Engineering , Jilin University ,Changchun 130012 ,China)

Abstract: Aiming at the feature extraction issue of four class motor imagerytask, this paper proposes an EEG signal feature extraction
method based on intrinsic time-scale decomposition (ITD) and phase synchronization analysis.The four-class motorimagery datasets from
the BCI Competition III and BCI Competition IV are adopted. Firstly, this method selects five channel motorimagery EEG
(electroencephalogram) signals, calculates the phase locking value (PLV) among the channels according to the phase synchronization,
and uses the PLV as a kind of feature. Then,ITD is used to decompose the five channel motorimagery EEG signals and extract the energy
feature of the first layer proper rotation component( PRC), which is combined with the PLV feature to obtain the fifteen-dimensional
feature vector. Finally, support vector machine (SVM) is used for classification recognition. The average recognition rate and Kappa
coefficient for 12 subjects reach 91. 64% and 0. 887, respectively. The results show that this method can effectively extract the feature of
EEG signals and improve the classification accuracy of four-class motor imagery task.
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Table 1 The average classification accuraciesof different subjects using single feature and combined feature (%)

FHIE St S2 S3 S4 S5 S6 s7 S8 S9 S10 S11 S12 ¥ {E
F1 77.167 67.083 63.830 42.517 82.483 88.310 84.552 42.276 63.103 88.034 66.172 73.241 69. 897
F2 95.400 88.750 94.580 83.724 90.862 89.000 89.966 75.414 90.759 92.276 96.586  88.379 89. 641

FI+F2 97.380 90.750 95.830 84.241 92.103 92.621 90.103 77.310 96.172 95.621 98.000 89.552 91. 640
x2 AEAZRERAR—HBEMASHESEATY Kappa R
Table 2 The average Kappacoefficientsof different subjects using single feature and combined feature

FHIE S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 SFE(E
F1 0.702 0.570 0.523 0.262 0.765 0. 842 0.792 0.254 0.512 0. 842 0.549 0. 643 0. 605
F2 0.938 0. 846 0. 926 0.782 0.876 0. 852 0. 865 0. 666 0. 875 0. 896 0.954 0. 844 0. 860

F1+F2  0.965 0.876 0.943 0.787 0. 893 0. 900 0. 867 0. 689 0. 948 0.971 0.973 0. 860 0. 887

R3 AXFGESHMTEERIILE
Table 3 Resultcomparison between the proposed method

and other methods

Dataset I1la Data sets 2a

i PHBIR/%  Kappa 2% IR /% Kappa %L
R 94. 653 0.927 90. 636 0. 873
Rk 28] - - - 0. 69
SCHR[29] - - 82.93 -
SCHR[30] - - 80. 984 0.743
SCHRI31] 91.46 - - -
SCHR[32] 93.3 - - -
SCHR[33] 94. 06 - - -

BCI 323% 1st 84. 446 0.792 6 - 0.57
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