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Brain-Computer Interface Classification Based on AdaBoost
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Abstract Using the adaptive boosting (AdaBoost) algorithm, the traditional classifiers, i.e. the BP neural
network, the support vector machine (SVM) and the linear discriminant analysis (LDA) classifier, are trained into
stronger ones. Based on traditional classifiers, the function weights and data processing are first adjusted according
to the mapped output of classifiers. This method could effectively decrease the dependence on data features. These
trained classifiers are then used to identify a group of data elicited by motor imagery. Based on the AdaBoost
algorithm, the trained classifiers can obtain higher classification accuracy than the traditional ones. These results
confirm the potential valuation of AdaBoost algorithm in BCI applications.

Key words brain-computer interface; classifier; EEG; motor imagery; support vector machine

i ML4% I (brain-computer interface, BCI)A4 Ak
LA A SR AL T — P E R R B R IE . i X
I, KA EANEE SR AR P E T AE
R INER AT P R K =SSN E il R SR
B % e A AT 55 . — M BCIR AR AHEE TR E.
BHEACFE DL AN G340 o AEEE AL FE R,
EEGHS 5 #3070 22 BCLAR G b 75 B 1% H K (5
JSYiP S A

Har, HTmiyLE sk iRz, H
FH T & P R0 B R B 1 T H S AR — B AN
JEy SPERARK I R, S LAHES o HIBPAZE i 25 36
BT S R e, SIS Ee, HHAE
TESHTIN B — o BRI, A Z 45 i Hll Zhad 12
2R3 51 543 26 2% (linear discriminant analysis, LDA)
J& TR ds, — O I ZREE R B R OB ™
MR, BUEHN AR —E MR, FFHWMS

WS E . 2012 — 06 —19; &R H#: 2013 — 01 11

IR YER IR ME ;s SCHE R E AL (support vector machine,
SVM) 7 5 BRI T e A, 12 BRI
E2 T AR N R 2R AR i 2 T SR e /N FE S
PRI 2% 7 — e S B 15 K8, AdaBoost i AH7E 55
PaE LR iE Y Mo NUTE E& e s (S [ S
ol b, TERGESY 258, NIMHEm T 2 e % .
BN B SRS, B R SR A R
BT A SRR A SR IFBPIIL NS . SVM K
LDAZE 3R G 53 R E N T 70 2eas, TR AS FAK
#5 AdaBoost AR X F IR 4 KR AT A ZRTE ik
SR, DR SE SRS R RBER, AE
IR T — BB AT 7T R

)
AR 73 SR A 5E AdaBoost 8 AR X A%
GOy RAs (AL T BPHIZ M2 732845 . SVM 7P

REWH: EHEKARE#IE4 (31100745, 61175117, 31170953); H P i #Z0 H (KJ110502)
TEF TR HRQA972-), &, @IBIZ, FEIEREETAI ., NSRS A



792 SRR S N 5 A N =

42 35

Hdg . LDAG )TN, e Ras, FHE
FH 955 280 B AT 40 2K
11 B8R NERIE
ASCHTR A I K IETBCI competition 11T
Va5, 23l RER e — M E T i h
FIZHEGATE I MEEGE 5. HA, IZkEEA210
AFEA, MR A 280 MEA . TEVNZREEREA AN X
ERARY, EAFEsB R RS .
TEXT B AT REAE S, 8 FH 1 iy e 8 2%
(388 5 V0 Rl 2 11 ~27 Hz, TEJEN, 5 1 F Hh 2 A s =
(common spatial pattern, CSP)yZH B H i AH S 4%
fiE, FEFH6M AL I CSPUE AR AT LR, TR
FEART 6 MNMFIEME . H “17 RG220 NI
FEAR AL FI2 i G AL R IEE; H “-17 IR
552206 RERT I ZRFE A 02 A FF18 3 A8 B AL 1) SRR AE
o BIEMSCOURAR R E 0 AR AL 555028
AR FER | 5970 AR N R ST | 5853 FAAN 7344 ko
12 HIEMALIE, BUEMIRL
XF TG 28 K s, TE 5 RATIG B dE 24T
A — A A B T LVH B & A H 0 (R g i 22 0,
G N it B3 i 2 2 R ORI G DR R 8% ) ol
WA, MIMRE S RMAETRR . (B2 A — b
50 2 M ) ) 240 BT P s KRR AU A P % B2 () AR )
H AT, A I ZR B S M ) — 4 2 25 i
T PR SR AE 18] () R S R, PR T o SRR Y
FIBER, s2ma T R TE . BT BPR&
I 28 732 DL S SVM 73 FR 28 5% F B K e /M0 43
FRHARHATH— AT, G
X = (Xk - Xmin)/(xmax - Xmin) (1)
o, X AFEARXI RN TTER s Xmin M Xmax 73 I N FE AR
X H ) f /N B A B KR o W R B 1) 43 A AU
D,(i))=1/m
1.3 SEnAFME
FRAEBPHIZ M 2% . SVM UL A LDA [ AH I EE i 43
S T BPAHIZ M4 . SVMEE 42585 UL KX LDASS 4y
Hdy. HABPHIZA MK ZE SHCN6. B
TR RBICNT RN S, IGREARIR L
20Uk, % >)iHFN0.01;  HHLDAZ AR I A AL A
TFEN:
Max — |¢7iTSb¢i| _ 4 |¢iTSb¢’i| 2 @)
|¢iTSw¢i| |¢’iTSw¢7i| I
T, So RIS, 7 il g 285 1) T F5 P AR 24 PN 550 I
FERIIESVM 4 R A8 I I B A% s v tn R 1%
[EEEEAE

Ko (%, %) = exp(=7[x = %) ©)
FHEFE T XIIE AT SVM S HG TS, B
ASVMIP) S B vl LL 2% LIBSVM(a library for
support vector machines).
1.4 5857 B[N E T
55 KA NG R T
1) WZRER 15950 A0, FUIZREEE 2001
ZBPHZ M4 . LADKSVM, F H 1 24 1)
By, 4B g (t) B R E A
e, =>.D,(i) (4)

A, 1212, m(gt)=y), g(t) AT LR,
y NHIEE G REE R

2) THETIM A ECE g(t) B TR 2 e,
S RFHNHIBLE R

o, :%ln(lgtetj ©)

3) MK E e B a W HE T — R I R A IO AL
E) U%%UA\Z_&?SI:
D, (i)

Doy (1) =—g—exp[-a,y,9,(X)] (6)

B, 9L T

A, 1=12,-m;
1.5 RRsRsr s

22 ik N I 25 J5 B AT 45 2N 25 55 4 25 bR 2K
f(9,,a), BIRGEATEATHE, W1F2IHAMHE
REEhX), HA:

09 =sin 37 (0, Q

SEPLE R LT R o

i A

| smeesm |

.///??;;??7Y:\H\\\m

[ 9 55 55 55
A 5 5 4 5

i i 2 i
s 2 3 4 N

K1 Adaboost4& i) i AR K



53 AR, %

FET-AdaBoost I i i1z 1 7 FEEVEWT 7L 793

2 # R
DR EE R B 7T YT VPl I 2R 4T 1 3 R 8 1A S
B> AR, TR B 1) 7 A 28 ek B il
ATTE, FEr R, 15 RRINR2M 4,
®1 ERSERNDEYR

S rEd RAFAE A T U (%)
SVM 13 280 95.36
LDA 16 280 94.29
HLZBPHIZE W 4% 141 280 51.79
F2 BOLEBHNSLYR
KRB RARANE MR Iy RUETZE) (%)
SVM_AdaBoost 9 280 96.79
LDA_AdaBoost 15 280 94.64
BP_AdaBoost 1 280 99.64
3 W i
AT R IR, K BLKF AdaBoost B AR X

BPAHIZE M 45 . SVM [ 2% FILDA W 4% 33 17 514 1)1 £5
Jei s BERAT AR A3 SRR B — {5 X L W 48 AT
Ir RIS I RO A A FFRREE e . MERER$
mIALE THEIEP RIS H G MR Ry R R EH T
WIREAR AR, TR 43 A0 A eSO AN 43 R MU A
ALE T — R BEAOE R 3 2 T BORIRLE, Al
AW R FI NS

KX — 7 AE— BB L oGE TSVMa s
TEVIGRIT,  RONIE 3K f/)s JRURG: FE T 22008 G B JE 1
BRPE . W T A L A 2RKaE, RV R IA—
oeng, fE— e FE B Ly T A0 s R Z= 0,
¥ G T BR A N i SO 0 2 AR P A T
LN S T N =P DO e | s e S S i
T AL EE, @G T GRS R T3 — AR
Y SR SR PE A R ACR . B TR XA RIS Y
(5 2R e R T AFE TR EE vk, fiidk—b g
i1 1 Adaboostit T~ 55 73 A8 I ZRR -

TE AL I 3T 7 245 35 Hh R LA FH BP A 28 ) 45
5 AR, BAREEN T2 B 7 SRR AR
A FILDALL L SVM YN ZRIN I ROR BT, {H2BPHIZ MY
25 55 43 SRR TV IR 5 43 S 2% 10 20 R0 R A B
(17, ULBATE SR KR, B E A 2K
WAL 2 2, T — N AR RE R 2 25 88
4 %R OE

I RN R B, T AdaBoost/E AR |
SRRV 5 5y SR A8 REAS [ FE BE MO AR i A G 7 R 28 1 40
FAH . ARSI H I SRR AR AdaBoost AR X AN [F]
(1) 50 R AT AL I 2RI, RE AR I 2 288 1 il 5

MOAEERUE A ek, fE— @R ERRIR T RA
Adaboost 77 % Il 25 55 73 28 &5 I X H 4 45 K iR A Rt
PE, IE— P mod o R KR, B —
SEMHET B BT ZEIETE 2R 2380 BETE —
SEFERE I/ D RS B ER, X B AL
{55 A BT R RE )], MBS Eh R SL
s R RO A, ARSCHE I VAR L4 1 4
ARIIFF I o BAG B (0 S ANME AT 7). FER SR
TAEH, Wt — 20N R 7 V2 R B S0 = K R
PIHLIELR RS L, KNZ IR TELR 2 266 ).

& £ X M

[1] e, XUKZE, RH5. BEFREM—IEO: KR

AFINARIR[]. BFRHXAFFIR, 2009, 38(5): 550-
553.
YAO De-zhong, LIU Tie-jun, XU Peng. Electroencephalogram
based brain-computer interface: Key techniques and
application prospect[J]. Journal of Uniuersity of Electronic
Science and Technology of China, 2009, 38(5): 550- 553.

[2] WPLPAW J R, BIRBAUMER N, MCFARLAND D J.
Brain-computer interfaces for communication and control[J].
Clinical Neurophysiology, 2002, 113(6): 767-791.

[3] JING G L, DU W T, GUO Y Y. Studies on prediction of
separation percent in electrodialysis process via BP neural
networks and improved BP algorithms[J]. Desalination,
2012, 291(2): 78-93.

[4] WU W, WANG J A, CHENG M S. Convergence analysis of
online gradient method for BP neural networks[J]. Neural
Networks, 2011, 24(1): 91-98.

[5] WANG H Q. Improvement of the recognition probability
about camouflage target based on BP neural network[J].
Spectroscopy and Spectral Analysis, 2010, 30(12):
3316-3319.

[6] CAO A L, ZHU Q J, ZHANG S T. BP neural network
predictive model for stray current density of a buried
metallic pipeline[J]. Anti-Corrosion Methods and Materials,
2010, 57(5): 234-237.

[7]1 KIM T, STENGER B, KITTLER J, et al. Incremental linear
discriminant analysis using sufficient spanning sets and its
applications[J]. International Journal of Computer Vision,
2011, 91(2): 216-232.

[8] MOURAO-MIRANDA J, ECKER C, SATO JOAO R.
Evaluating SVM and MLDA in the extraction of
discriminant regions for mental state prediction[J].
Neroimage, 2009, 46(1): 105-114.

[9] OHKAWA'Y, SURYANTO C H, FUKUI K. Image set-based
hand shape recognition using camera selection driven by
multi-class AdaBoosting[J]. Advances in Visual Computing,
2011(6939): 555-566.

OH R OE



