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Research on the classification of motor imagery EEG by optimized SVM

based surface-simplex swarm evolution
Wang Qingjie (Quan Haiyan

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract ; Because the optimization algorithm of support vector machine (SVM) falls into local optimum easily and has many control
parameters, a SVM optimized by surface-simplex swarm evolution (SSSE) algorithm is proposed and the classification of Motor imagery
EEG signals is studied. The fuzzy entropy and AR model parameters of MI EEG signals were extracted as input features, and then SSSE
is applied to parameters optimization of SVM to classify MI EEG signals. In the test experiment, which classified the 2003 international
brain-computer interface ( BCI) competition Data sets Il and the 2008 BCI competition Data sets 2b by left-hand and right-hand. The
results showed that the average classification accuracy and Kappa value of the proposed method were 82.47% and 0. 88 respectively.
SSSE reduced the control parameters and effectively avoided the particles falling into the local optimum. The validity of this method in
the classification of MI EEG signals was verified.

Keywords : brain-computer interface ( BCI) ; surface-simplex swarm evolution ( SSSE) ; electroencephalogram ( EEG ) ; support vector
machine(SVM)
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BRI o o . .
K Sigmoid 1% PRIEL LR A% PRER 12530745 1) B A% PR R
appa
SR E A2/ % 70.71 81.18 82.47
B BB/ % 82. 14 86.43 87.86
Kappa 0.49 0.78 0. 88

K2 3MZEHNRTHEERZEIN Kappa RE( EIE 2)
Table 2 Highest classification accuracy and Kappa values
with there kernel functions( data 2)
Sigmoid 4% BRI EL LML R R BT 1) HE A PR A
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ZilH

1 64.38 0.48 71.25 0. 40 74.63  0.49
2 58.75 0.29 61.87 0.34 60.62  0.26
3 63.76 0.52 58. 86 0.22 71.87  0.36
4 70. 94 0.61 89.23 0. 89 90.45  0.87
5 75. 64 0. 67 60. 36 0.85 92.00  0.90
6 63.31 0. 69 80. 90 0.61 89.80  0.86
7 76.32 0.33 82.85 0.55 80.23  0.65
8 71.93 0. 40 91.92 0.65 85.97 0.78
9 59.21 0.23 83. 47 0.74 67.76  0.57
FEE 67.14 0.47 75.63 0.58 79.25  0.64
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Sy B B I LSRR Y SVM FE MI iR
LA 55 S R i e A 1, SR FH AR AL SR AR 1
BP #1222 ( BPSSSE ) XJ JUr $ R AIF ) 12 14 47 40 218U 51
SVM 1% pREICR FH 151 397 48 1) A% bR BP i 48 I 45 14
B 32, Ho A JZ B At E A 2o 5l
18,32 153 R R 2 000, &S ARk SVM il
BP #2245 0P U ZR AR bt B b i AR IR 2ZE X L, HR
5 WTLE ) fEE e S 80 i f v SV
BRI 22 S SR HE BP 2 X2 RSP, b i B,
BP #2926 #H Eb, SVM fig B PR i 45 21 de f0 i, oF LA
e,

3 SVM F1 BP #4825 MI i HL 15 5 19 49 2%
gL R 3 A, B AR AR SVM 432873
AE A 2 i R IE B AR = Tz A AR B BP R4 M
%, TR0, SVM 2RI 45 1) 24 e BP

ST BOR ISR A SCH ) B LAY I S AR S i H 2 b5 - 161 -
0.50
0.45 ¢ —BPSSSE
0.40 e TS VM

BARIRE

200 400 600 800 1000 120014001600 18002 000
RS

5 SVM Fl BP 1225 1L
Fig.5 Error comparison of SVM and BP

2L 1,97, T 7 28 BN SO BB T SVM
B or R R ERSE , HEA 410z 1L he

%*3 SVM 5 BP 5 ZEHIERMZEF Kappa RE
Table 3 Classification accuracy and kappa
values of SVM and BP
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Table 4 Comparison of classification results from the
proposed method and the literatures of deep learning
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