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Abstract ; Considering the issue of low recognition rate for electroencephalograph (EEG) signal of motor imagery by
using current single feature extraction method, a feature extraction method based on wavelet transform and sample
entropy is presented in this paper. The EEG signals are decomposed to three levels by wavelet transform and the av-
erage energy and its difference of wavelet coefficient corresponding to the B rhythm of EEG signals are computed.

The feature vector is composed of the average energy, its difference of wavelet coefficient and sample entropy of
EEG signals. Finally, the lefi-right hands motor imagery EEG signals are classified by a support vector machine
classifier. The experimental resulis show that the feature extraction method combining wavelet transform and sample
entropy is much better than the ways of only using wavelet transform, sample entropy, or others, and its highest
recognition rate is 91.43%.
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Fig.1 Emotiv EEG acquisition instrument
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Fig.2 Electrode positions on Emotiv
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Fig. 3 The EEG signals of FC; channel for imagery

left-right hands movement
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Fig.4 The average energy of wavelet coefficient
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X RERH) FCs JFCo BRI AL A T8 SRR K
HUES , FIRE AR AE SR 5 vk T 45 3 — 4R 4R AE 1)
B /PR B =R 8, 58 2 M5k
AR FYERAE 1 8 , By A SCH R E SR B e £
2.3 SVM 43

SVM B—p 2T G it S Bg R IR 7
%, A ROE AL R KT BT TERE 2 ) (Y
OIS R/ NG R, 3 B/ MEAR R TR
BA REFHZARES. ASCKAH SVM A AF
RSN E S BT K. B Sl SVM BB 5
B, R ERIUIGREE AT B SVM B9S4 (nd 4%
BIHRT o BB FHE K S E w AW EE b
%) IEBEFN A RIS (») , BIG AR, 1R
i sgn(f(%) ) BE, 2. IR sgn(f(%)) A 1,
MHAFNERABRETF BB S; MR
sgn(f(x) )24 - 1, AR &5 R AR A Fia s i
HAES.

3 ERE R

FERSEH) 150 HBAZET , BB 75 A
SRR T 75 AR IRAEA. LR/ R
BURg = 4ERRAE 1) B R AR 4R B — R4 1E 1) B
VAR P RSB 1) IAERFE 1 B 0 A SVM 43



FAH

KB, AR S DB R BRI A AR AR BT - 343 .

Ko, BEAAFAZRE A RAKRFLERBOTET
R IEB R AR W 2, Hrb SVM 4% RECR R 2
LB R

x2 FEZRREFEFREFIERRAE THERRANE
Table 2 The right recognition rates of different subjects u-

sing different feature extraction methods %

FFER
1 2 3 4
. RRE1 RRAE2 REAE3 ZRH
INEBH 85.33 83.33 88.00 80. 67
ReAdE  70.67 75.33 60. 67 75.33
AR+ 91.43 89.33 90. 00 86. 67
FEANE

M= 2 LB, XA AFEsE NEs
SHIRBI P, /N AR e R A R 45 A I AR AE
REBERBI MR R EHIRAERN 91.43% ,{Lf#
FR/IN R B IR AR5 2 B B 5 LIE B R A2 45 3
88.00% 1 75. 33% , M #ESCER[6-7 ] 1, {X# F AR
FHIESRPUT 18 B B 5 = IE B IR 5 2 5 5185. 00%
M75% . B, R /N e f e AR A 45 B I
JIE SR BUR VA B IE B TR 2R B B 8 TR /M R
B A O HHE £ IR vk B AE R R 2R, R A
TFREN M AR FERBUT A IEF IR A 2.

4 HRIE

AR T — PGB /N BB A R R
RO 7RI R/NEAE B AN 2 A Fi83h
RS AT T 2047, 3F3h B A R B4R E 2
BAFE R A SVM 2, LT £ A Fie
SHESKMAE A SRR BIRSREN, S8/
B R RIS AN A Fia SR R e
RS HIER IRA R 88/ T ORI/ BB HEA
W LA B A AR SRR AR 4R BV A B9 IE 7 TR 2R, bR
R IERRAIZRER 91.43% . Bk, %75 #67E BCL #
AN AHHE.

SEM:

[1]MUGLERR E, BENSCH M, HALDER S, et al. Control of
an internet browser using the P300 event-related potential
[J]. Int J Bioelectromagn, 2008, 10(1) : 56-63.

[2]E%, kKFP, TES, % W—NEOFRERIT].
FRRRGEIR, 2011, 6(3) : 189-199.

WANG Fei, ZHANG Yuzhong, NING Tinghui, et al. Re-
search progress in a brain-computer interface [ J]. CAAI
Transactions on Intelligent Systems, 2011, 6(3) ;: 189-199.

[3]TANAKA K, MATSUNAGA K, WANG H. Electroencepha-
logram-based control of an electric wheelchair[ J]. IEEE
Trans Robotics, 2005, 21(4) ; 762-766.

[4]REBSAMEN B, GUAN G T, ZHANG H H, et al. A brain
controlled wheelchair to navigate in familiar environments
[J]. IEEE Trans Neural Syst Rehabil Eng, 2010, 18(6) :
590-598.

[5]POLAT K, GUNES S. Artificial immune recognition system
with fuzzy resource allocation mechanism classifier, princi-
pal component analysis and FFT method based new hybrid
automated identification system for classification of EEG sig-
nals[ J]. Expert System with Applications, 2008, 34(3) :
2039-2048.

[6]%BEE, REE. BREIHERM A RRERBNLG

[J]. e RZEZR: AP, 2007, 37(4): 629-
633.
XU Baoguo, SONG Aiguo. Feature extraction and classifica-
tion of single trial motor imagery EEG[ J]. Journal of South-
east University; Natural Science Edition, 2007, 37 (4):
629-633.

[715%%, B, 28, %. BT AR M SVM Bz s RN

RESIRAI[T]. £BREREER: ARPEMR,
2011, 39(suppl.2) : 103-106.
ZHANG Yi, YANG Liu, LI Min, et al. Recognition of mo-
tor imagery EEG based on AR and SVM[J]. Joumal of
Huazhong University of Science & Technology: Natural Sci-
ence Edition, 2011, 39 (suppl-2) ; 103-106.

[8] PFURSTCHELLER G, NEUPER C. Motor imagery and di-
rect brain-computer communication[ J]. Proceedings of the
IEEE, 2001, 89(7): 1123-1134.

[91Z=01%, &, WM& BRAAFEIRMNE LR

BESEBIS[T]. PEEYWEZETREZER, 2009, 28
(2): 166-170.
LI Ming’ ai, WANG Rui, HAO Dongmei. Feature extrac-
tion and classification of EEG for imagery left-right hands
movement[ J]. Chinese Journal for Biomedical Engineer-
ing, 2009, 28(2) : 166-170.

[10] RAFIEE J, RAFIEE M A, PRAUSE N, et al. Wavelet
basis functions in biomedical signal processing[ J]. Expert
Systems with Applications, 2011, 38(5) : 6190-6201.

[I]®REH, REE, BWIR. ERRHEDPRNEESH

FHESRBE 4R TTE[T]. BT #), 2011, 39(5):
1025-1030.
XU Baoguo, SONG Aiguo, FEI Shumin. Feature extrac-
tion and classification of EEG in online brain-computer in-
terface[ J]. Acta Electronica Sinica, 2011, 39(5) ; 1025-
1030.

[12] 708, BERN, B4, ¥ ETHEAENESIERS
H5ELI]. ER5EH, 2008, 37(2): 191-196.
ZHOU Peng, GE Jiayi, CAO Hongbao, et al. Classifica-



344.

tion of motor imagery based on sample entropy[J] .. Infor-
mation and Control,2008,37(2) ' ; 191-19%.

[13] RICHMAN J S, MOORMAN J R. Physiological time-series
analysis using approximate entropy and sample entropy
[1. American Journal of Physiology—Heart and Circula-
tory Physiology,2000,278(6) ) H2039-H2049.

,1966 , ,

, ,1987

,1972 ,

2012 2

2nd International Conference on Computer Science and

Network Technology(ICCSNT 2012)

2012 2 , IEEE

1 ICCSNT 2011 ; ,
IEEE , EEEXplore El

12

10 ; 5, 3

: :htip: //ww.iccsnt.org/.

29-31



	PSPPro 62_ F__2012_工程_应用科技_王娜_wj_张毅.pdf
	PSPPro 63_ F__2012_工程_应用科技_王娜_wj_张毅.pdf
	PSPPro 64_ F__2012_工程_应用科技_王娜_wj_张毅.pdf
	PSPPro 65_ F__2012_工程_应用科技_王娜_wj_张毅.pdf
	PSPPro 66_ F__2012_工程_应用科技_王娜_wj_张毅.pdf
	PSPPro 67_ F__2012_工程_应用科技_王娜_wj_张毅.pdf

