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ARiz FH 2R REFe R, IR Mok T 3 e 80 120 S o P A 5 F o B e e, — et vy 1 B 1) i
HILAE S AR IR AR AT I L5 5 R AR, WK S (I LS 5 B AT AR B, P 0T AL 47 PR i FELAS 5 AT AR AR
PRAX, e, TR [r) B AT AR 2000 R B B 45 IS 5, s & se ke R iz sh. Hal, ik
— WL DR B L LA UG TR 2 R, Ho 2 X 28 A S KF M &AL (support vector machine,
SVM) PR ki FB AT 5 40 R B s B0 AR SO 9 R i R 5428 1) R R SR AR 1T DU 7 632 3 A A 45 1k
RAS, A BT 24N S 5 R & AR 75 1 73 RO

T SEIOAR AT, AR T o L2 [E) L (improved-common spatial patterns, I-CSP) SR E(F
SMZ% (deep belief network, DBN) HEATidi L5 TR 5 7038, F H Bfridk 357 () B =X R AT A%3 e i H
GG L, SRR (PP 5 A2 3 Mg IRES) 1230 B G HRFIE(S 5, BRI RS S 4%
X BRI i FURFIE (S 5 AT HRRAE 2 2] JFEAT 43 2% (CSP-DBN). i A SCHE 1 5 52 -5 R RS 2t &5
BIREAS SMZ 1)5r 98 (DBN) AL [ AR AR B8 25 -6 SCRF M &AL (CSP-SVM) (14 RIKXT L
B, eSOk 7Y e A () 3 2 5 TR P A 2 X 4% B8 B b 2% S URRAIE, %) 22 S FRLARFAEAS 5 1 20 2R 58
1HEHf.

2 B - HUROMRIR

i - WL ORETTRAE 20 AL 60 FATFIRBARH AKX BT EML, Delgado 5 Fetz JLF- RN XFHN —
PUE VBEAT THRE. Delgado TR M 1 — 3K PR ARLES Fr, diad o 2 v ) ORI ik 2 #2815 x B i #% 3)
) H 85 Fetz T FEM 1 0 5000 240 L AN T 2 | R BRI B, SRR ZONIN — HLER DA SR BE 1
HLh.

FEREE ZERE AT R L 5 5 REROR . [F 5 ABEOR, BLRHLES 2 S VA RE, i - HLik O
BRGE TIRGFRI AR, HAl, SEE . FEE . B4 B S5 A A 2 BB — HLEE DTN,
WAL AN R A TR I — B D EORBIETE. O TR TN — Ml D30k, 25K 5 44 -
Bl AW FL 0 2 B G 25 73 “BCI competition” N — L4 H 4305638, KORAZHE Tl — ML
K.

FLRT, I - Al DETT 4 A T2 BEEAR N 5 5 R AR L TIARER B RRESR L B 5 702K
TR T, Forb, TR | RAESR ORI R I — FLE DT TR O 2 1O~81 i A5 5
TRAL T — R 25 BRI LS 5 P Dl 2 BRI B BIR 30 7 A 1) e L K v g e i 48 3
ER 0 FELAS 5 R A 25 R A X S O 3, AR AT 5 (0 e A PRI A5 J2 DOK B IR, X 2 i
HUE 5 BEAT ARSI, 4 BEA5 24T R0 00 oG AL RP AR A . OXF 0 P15 FIAR B RS R R M 72 3 L i
BeETT ik, BUEIE AN BN, A0ME 5 AR A2k T e 2 OR B BT 20 & O 328 (V0 Bicdis, oy BELIE 5 AL B
F R B4 A S 5 BB 2, Rk, TAL BRI FR A 5 i A RS B 25 0. IR BEAS S 48 0t
e Ao L 50 L DR RS IE 2 ST RE 0, R L P RELRE I ri 800 v 2 50 8 28000 FEARFALE ), X RE AL
i A i FE AR TIAURE,, A ROHEAT N FLAE 5 R

X B ARSI B AE S AT RAE SR B R R R 5 0 R RE ). HAT, SRIUIN A RF RS Sy
FEEBA RS TE  SUATIE  BATE . SR BOESE. B EE (AR) B T
%, I B RE SRR 18] R AR SRICR, AT /T — L8P0 A R — A, PRUE Fourier A2t
(FFT) S0 73 A #Js Tk dride, 232 ZRE TN AR S U b o N (p 78 8 13 o
THAE) FIMEME 5 DR, AN A DO R T AT, RO AR AR AR, RER IO R R,
HA ARG PR R, EIR A T 2R IR N A5 5, AN SOR A R R AR e B
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1 Emotiv EPOCH EESBEDE
Figure 1 Emotiv EPOC+ channel distribution of EEG
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P 2 R AR W45 | SCREIREHL (SVM) . Bayes 702888 . ZRPERIASE. Horb, SCRR) AR 4
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2870, JCHAXHRE I FA 5 RO AL BERE V), AEAZTTVELEN S 570 2K B A — @ .

3 REESRERS

i — ALz VT 5 A S B 10 i FELAS 5 1 2 b, DRI, K (5 5 SR AR R TR — AL e
BEIAAT. B LA 5 — M A [ B F A 10~20 22 b #E 1Y) AR IR BSCRAEASGEEA T R AR, R EEREE S5 i2 g4l
GG FAH SR TE R E 5. ARSI S 5 REEAUZ 3£ E Emotiv System A A K[ Emotiv
EPOC+ i FERARAY, R AR 2 T30 R Bl PRE il 10~20 2 ffihnifE, —3E220 7 14 ANHR L&A
SN, BN B AF3, F7, F3, FC5, T7, P7, O1, 02, P8, T8, FC6, F4, F8, AF4, UL S
W CMS F1 DRL, W1 1 iR,

N T ARAIE S0 R (AT SE 1, AR ST T A (i A S R AR RN S LSRR AL A B A ZUEE T
HLBN B R AR I A5 5 = A RGP 7, PRI R ZRaE L T FR 2 @KU . REE Y, A
UM RE G, TR T 6 A BUESZRE M 2 A VSR BT I RS SR R, BRI
HOSEIGHT 24 /NP A A F AT R S B0 R G I P R M AT O I R 24 SR R CRUERS b AR,
ST R TC T RGBSR, 38 S K B L RE 3.

AR S ARYE B R har 1012 30 7 RO AL G #AT T 3 PO IRIFR B A S 5 R AR, 28 1 FP
KREISHN B RATHEFIZ SR GAT LA BN, 28 2 FREBHMMRaTEE . 5, LS s 571k 3 4
E; 5 3 FeREBHERIIE. TR, . A%, LIBEHERIE L 5 NEfE.
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Figure 2 An experimental process about three types of EEG

AR RAERE (B 2 FoR) iR 5 1 FeREESLIGIFEM B (t = 0 5), 2l REFBAIR
&, KRB TARE; ¢ = 5 s B, Zik#H 20U 28 s 8 Ganid pis &, ek ai iz
Rt =8 s B, ZiXH U BIZ ST (RIS, MEWAEE RS, ¢ = 11 s, SERFIEITR
Mg )G, ZE T IESERAT %, #HATIRE, 57 FIRSER. 56 2 5 3 MR TE 1 Mk
, RJRE 2 BIOREETE ¢ = 11 s NS iEsi M QR R NIRRT, 2R E AT ik 5%, 16
t =14 s B A SHLEAZ LIRS, 2 1E5E50AT 55 58 3 FoRAETESE 2 FhdEat L, ¢ = 14 s B, 23R
HLW RS ET LR, MRYIERFE IR ¢ = 17 s B SmEiE g R AR E, ZikE
HATORIN B EN R, ¢ = 20 s WM a8 A% L5 &, MR AAT IDIRES; ¢ = 23 s I 23
EIBEN R AR, ZREHITYR R ABIIER, t = 26 s F2H LS 1L RS, (51525
f£5%, ZIREHATIRE.

I DL BRI SEG, X 2R 3 PPN [FIRR B S S AR T TR, AR — AR T T
WA FE. T4 1 B, BT t =6~ Ts Ml t =9 ~ 10 s Z A FIEEVE NS REA, X T45 2 Ff
B, T t=6~7s,t=9~10s, t = 12 ~ 13 s Z [AIFEIEVENSLIGFEAR,; X T 56 3 Phidis, &
Bl t=6~T7s,t=9~10s,t=12~13s,t =18~ 19s, t = 24 ~ 25 s Z [ FIBIEAE N ELIGREA.

T Emotiv EPOCH i B RAE (X FRAENZR N 128 Hz, BRI 14 x 128 4EREHEFE,
TSR FBCRIHERAYE, A 3 MR HERAE T 80 A, MAHEIE 5 NMURFEA, BAFAN
14 x 128 4EBHRAERE. Wik 3 Fros A7 52 0 3 S AE B A8 5 A HE AT B 1 obR 25 1 B0 — 33 A 15 5
T AR I A5 5 B R A, AN SCH%— 8 Lufgl o R T A5y, — 3BV E N INGRREAR, 5 —iB 1k
AR AR

oo & et

4 WiHTERAZIREHIERES

LA (CSP) Sk 19 16) 2 — Rl B U7k, XTI, S 8 R0 2 S A, L
)R QBR85S R EtiE (10 W 5 ZEHE R (RIS o A A, ) 22t s TR i A, J I 2 [ g e 4 14
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Figure 3 (Color online) Motion (a) and standstill (b) EEG waveform of FC5 channel
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b, trace() RonHERE Ay XHALITR AL X T5E 3 FAERE N RS S, K808 5 41, BT
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¥ 5 R APIRA, 7 ARoRIs SR IE, 52 IR AL I A 18 ) )5 296 FF Co A1 C:
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Co = KG]' 1—26;1 G 1=1239, (2)
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Cg=— Ci7 3
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Hrb, Ko, M Ko 539327 1 20l P RS RO AR K. Oxeh A K 500 )T B0 b e A 2 1) B 7 22 3R A,
133 7 PR BEE IR & 2 B W J7 ZHERE Ce:
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Figure 4 (Color online) Motion (a) and standstill (b) EEG waveform feature extraction by CSP

T4 Ao WA Co WIRFIEAR M BT AR RE, X B IEAE RN U, XHRFE (A 0 B HEAT 4 P A
B, A% R T A e
P = \/);'UL. (6)

2o ARG, 18 PCoPT X NIFIRFIEE N 1, X3 4L F Brbr e Ak 22 18] B 75 ZE it T~ A2 4k

Sq = PCaP", (7)
Sg = PCsPT, (8)
W) Se Al Sg BAMHFEEEAE, & Sq = BAeBT, W Sg = BAsBY, A\ + \g = I, I NHAHE
B, DR, W S B ERHRFEAE, WX S A B/ NRFEAE, WL HL(E 5 B A T X 2 BIAFAE.

FIFHHFE A 5B B, RGBS
W = (BTP)T, 9)

MR FEHE W, S I EAR A B A, BT A, $EEUM FBAE 5 I RHIE:
7 =WA,, (10)

Ja R AR S B N S SR Z PR JGE S IE A (e YRR, 19 22 T BRI AR,
XA A IR LS & W A AN B, SERHR R SIS, B 4 v Jeas i an i —
T (112 2 A SR RE RN L 1R i REAE 35 T P

5 AREFESMEEE

REE &ML (DBN) 17181 £ L 252 R Boltzman #l (restricted Boltzmann machine, RBM) #E
BT, R — PR A SRR IR BEAE S S I 2Rl 2 X %5 2 SZ IR Boltzman HLYIZR, W] LLidE IS
To B ST ARB E IR T R BT N 2R, X T HZ 2 IR Boltzman HUEIIZRTTZ, — ORI U RUE
(contrastive divergence, CD) #i%.
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Hidden H Node n

Weight @

Visual V Node m

5 (MKhEFE) ZR Boltzman #]

Figure 5 (Color online) Restricted Boltzmann machine

5.1 =[R Boltzman #

IR Boltzman HlJf&—RBEHLAHLE I 25 A8 (19 BA YR TCEE 1, 730 U (5 AT 402 AN RS ez
ALZ B R AR, FOBUE 2RI &5, B2 N S IE R, (HR MR Z 4
Eg%, g EE 5 ps.

$F—AZ IR Boltzman Hl, # A HUZHICH V, 35 8ECN my X RRGEE R0 H, 75 80N
n; M4, ATRLEMEEZ H R R G B REE, HEtE T RRA

E(v,h):—ii%winj—iai%—iijj, (11)
i=1 j=1 i=1 j=1

Forp, AR BT MGG Z B TR TRERPIRAS, wiy NWTRLERAL @ SEEEAL § Z AHERRPUE, a;

by WIRIRFTALERAL ¢ SRR 5 %R 1 & .l R fe s A, FIAZ AR 2 [A] 2 A0 Tk

SLH, BTUAESS E ATALE ST B R T HIE R, 54— R RBUES € R A R &, HAA

P(H|V) = ﬂp(va>, (12)
b
PV = ﬁmwm, (13)
%t TSI Boltzman L, 2T B 976 AR B LU (0096 2 HEE 4041
PV, H) = _exp(~E(V, H), (14)
Sooft, 2 R AR AT LA, T TR TR HUR #1762 Ay
Z = z‘; EH: exp(—E(V, H)), (15)

A2 Boltzman HL4MAC4 AT L2 5T SR A
1
P(V) = EZexp(—E(V, H)). (16)
H
I AT RLZ R RERUZ 2 AT IR, BTL, 745 @ aTILZ B 0L T, BRIRZ ST B E N 1 1
PH; =1|V) =0 <bj +y Viwij) (17)

i=1
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A E BEOHUR s, MM ALZ e B BN 1 IRy

P(V;=1|H) =0 (ai + iwinj)v (18)

j=1
HAr o(x) NS HBEEREL, o(x) = m-
5.2 XTEEEUE (CD) gk r55%

X2 PR Boltzman HLEJ VISR A2 % F T 4L Z FIRREUZ EHAUE I #T. Gibbs RAEFEIZRZ IR
Boltzman HLI, BEHRFF2ARENSEBE LRI L, AH2 XS T 4E 8 ki, FORMEAE— ARER KR, Al
TFNGERCRE AR, BT A, — MR B EE U 535 )11 2552 R Boltzman #L.

XFHCBR S Gibbs SRAEAE, BRARIF A sl o 2. Bl el N5, JLAE W a6 2t
Wi Gibbs RAF, HFRZEALDEIUK (—BATHFE—R) BLaeE BURLF I ARCR, K347 BUE fh
SRR (19), ATHLZ BT BUE R0 BoBh R oy

dlogp(V)
Ow;
Horb, (VH,), L (VH,) L RN BT R S KR A B, SRR, AT B4
FI AR HH B AAE AN S BRAUE 1 i 22
dlogp(V)
Owj

= <V2Hj>data - <‘/;Hj>model’ (19)

Awij =€ =€ (<‘/iHj>data - <%Hj>model)’ (20)

Horp, e RoRPRBIY 1) ) 2 RIEIXANBUE R i 22, BT BUE R SEST, MEE o 1 b; thFER
BT

Awij = 5(Vv : P(H|V)data -V. P(H|V)m0del); (21)
Aai - E(P(V|H)data - P(VlH)model)a (22)
Abj = E(P(H|V)data - P(Hlv)modcl)~ (23)

5.3 BUAEHTERASRERE ML

HRIER LA 2 P26 (R X 28 G, R Sk S 2 (R 2™ R IR R AR B0, A SOl o it A s (A A
GRS ST S ST IR 55028, B 6 otk k2 (a2 5 I BE A5 & o 2% 45 1) 1.

PR L 5 R DCR A BN LS 5 25, MRAEREE N, Xt F Bttt A7 1 Bm pise 2, 1981 1 %
AR IR0 0 0 P . R AR S 3 (A SRR SR T 2% A i R B AL A5 5 i R B AL A5
PEJSIR AR & M5 AN SR AR5 5 2021 R L AR 25 30T 1 BOINZRAOR . BUIZR 2 2R 04—
R IR Boltzman HLEEATEM B LR, X T HJE/Z A2 Boltzman L, ik FAFIEE S 1 0HA, JH
RS EERRE SR ZRERS 1 JE32 IR Boltzman HLEIAUE AN B &, 2854558 1 BRSNS 2 B2
FR Boltzman HLEAA R, k800N R T RIIGS L, BRRE NSRS K. £5 R R
Boltzman HLERAF 1AM FIAUEZ &, 7 A A0 R SRR AR R B, Be B — 210 BP JZ 300X —fa YRR AE
)&, A MR I ZR 7 2545, BP 2 A% 45 R SERR A AR EUXT, 75 31 (58 22 45 Rt S [ A& 4k 21N
i, TR R K52 R Boltzman HLRRER TR B 5 & A RIBUE XS 22 IRRFAE 1] SRS IA BIER A, FT LA
R AL e iR 245 B AR B — Z 52 IR Boltzman HLH, X EEAN W 28 HEATROM, 1R B (S &
AT 27850 I 2.
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6 (MERFE) BiftHzEER S REFS ML

Figure 6 (Color online) Improved-common spatial patterns and deep belief network

6 SEWSSh

ASCFTRERAE T 3 FhASRIRE L I eSS 8080, 55 1 FIoREE 7 120 41, 5 2, 3 Fh S SREE T 80 4.
TEES 1 Mg b, SIS REHLIEH T 60 ZHAE N UIZREEE, R 1 60 LAENINRFEAR. X128 2, 3 Ph3k
P, BEALIEEL T 60 HAEAINZREAE, T 20 AR NHAAEAR.

N T B8 UE 3 A3 TR SRR 508 BRI SR UBOR,, SBede #5 1 200t 2 M b 11 P P 5008 AR AIE 2508
HATHEXS; N T 3R UE SR FEAR N 4% 1) 7 R8O, e #8 7 SCRFm &AL (SVM) B 43 KT 34T L XS
I, SIS T 4 AT BT IR, 400 A AR FEAS M 4% 2 (DBN). 25 MR A S Hy
MEHLAE (SVM) FRIEEIE AR ENAA (CSP+SVM), LRSS AR A S H A
(CSP+DBN).

RIEGEMELEAT IG5 0 B0, RESTSHNEHERE, 28N E&H% E A Juh i s
R RRIR BEAS N 4, F 2R B A %22 Boltzman HLIJT 2L )3 BUEE .

RFEAS S M 280 — 2 01 R B B LU RO, 1 sl 22 [ 9R8 mT DA = W 28 R I B ), 62 B
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*1 FRZFAEETRDEHFETHTE 1 MEEESHERRRZE

Table 1 The correct recognition rate about first type EEG under different subjects in different classification methods

DBN (%) SVM (%) (CSP+SVM) (%) (CSP+DBN) (%)
Experimenter 1 88.33 78.33 85.83 93.33
Experimenter 2 85.83 76.67 82.50 91.67
Experimenter 3 86.67 82.50 83.33 94.17
Experimenter 4 82.50 78.33 80.83 90.83
Experimenter 5 91.67 84.17 87.50 96.67
Experimenter 6 83.33 79.17 81.67 92.50
Experimenter 7 81.67 75.83 80.83 89.17
Experimenter 8 83.33 75.00 79.17 90.00

SEINTE R E SRR TR B, R M Bz AR IR R B, T A BOd DT RE S KB R R EEER. H
T, R FRE S SR UL S R B B — BT SRR T R, GRS 2 R A4
R S S X, A SCIEI R R SLiE 3 R B TRAEM X BER R 2L fe ), XAETEREL,
B2 I RACEHE Y 500, 250, 30, REAE 28 PR R B, DRIk, ARSI 1 _E 3 v B 5 O 1 FRLARS AR
55 HR%).

TRIEEAS M 2% (1 5 S R ABUE R B R R, 2 R KK FEBUEL R, M BROABUE
AR KT AR E I BL. BRI, 2R Vv TSR AR S0 B R A8 — ke GRAE M 28 2 MRS, AT SE
BB FR N 0.1

TR PE AR S 2% TP B 88 i B 7 BN BRI S BRI A 31 IR 7, g B N AR, ot &
BUE IR B 5 Jm BUE 03y

o dlogp(V) XN ¢
Aw;j =¢ ( Drs + W ), (24)

Hr, ww™ - 4 R ARG TR T, A NIEN R, A5 b # &y 0.001.

SCREAEAL (SVM) A2 H BN IN FLAS 5 0 B i 2 KT VEZ —, 0 RRCR A3 A i,
I, ARSCIRPRZ I RITEAE AR ASCRBR I SCFE R EALNAZ K ECA RBF (radial basis function) 1%

XTE 1 Mg BRI S, RRES KSR, 8 M2 HFEAF TR FIE
BRI 1 PR,

YT 2, 3 MIEEI B RN RS T, RS A REZ, R RS BCK ] 1 ook 3 4 (AR =X 2 1) i
Weas, 8 M ZARHAEAF TR TR IERZAR IR 2 M 3 Fow.

IR 1 AT LA, AR 2 A A — R B F A 5 R 2 2R, L LS 5 B U IR R
WA ANE]. AR KRB S S FPRES AR, U N A2 R, fFE—SiRE R T & 2
. GRS [F] 0 L AE S R IE AR R G LT LA Y A 3L A (AR SO R BE A5 A X 4 A5 7= 2 Y
I RRCRISF. LI 1 AW, A5 1 2800 F A 5 R, R EAR 4 0 25 R Tl P A 5 R SRR )
FLHG AR E T 15%, LRI RES 5 53R mEL A & T R 7 7.5%.

XFEEFR 1~3 B, i S 5 R MR 2 I, O TAR AT 23 2807, IR0 40 W R .
W R R 2 FLAER AR BAI, A AN B e i U0 D HAR SR R K, U0 EEE AR & 2 1) 22 .
T3A, ASAE AR HLAE 5 RERACONTE DR BeRERAN, FER A M RO A S SR R EACREEHIRCR,
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Table 2 The correct recognition rate about second type EEG under different subjects in different classification methods

DBN (%) SVM (%) (CSP+SVM) (%) (CSP+DBN) (%)
Experimenter 1 65.00 48.33 63.33 76.67
Experimenter 2 61.67 43.33 58.33 73.33
Experimenter 3 68.33 51.67 61.67 78.33
Experimenter 4 68.33 48.33 58.33 75.00
Experimenter 5 71.67 53.33 66.67 81.67
Experimenter 6 63.33 45.00 55.00 71.67
Experimenter 7 66.67 48.33 56.67 73.33
Experimenter 8 63.33 51.67 60.00 76.67

%3 TEFAEFEANEDXFETHTE 3 LMBESHERRAR

Table 3 The correct recognition rate about third type EEG under different subjects in different classification methods

DBN (%) SVM (%) (CSP+SVM) (%) (CSP+DBN) (%)
Experimenter 1 40 25 35 47
Experimenter 2 45 22 36 49
Experimenter 3 47 28 40 51
Experimenter 4 46 30 41 53
Experimenter 5 49 27 41 52
Experimenter 6 40 29 30 43
Experimenter 7 43 31 36 48
Experimenter 8 45 33 39 52

XA 3 2 SN HELAE 5 TR ] Rk {1 Y R TR 22— S I S B, AR SO A S R A A AR
HIRBEAR & M4 1) 73 07 SR =2 BT,

[t 55 i A R SR N3 22, T R AR SR X L B 23 SR A T BRI TR KRG I, AR SR 1 it
R AU 3 55 TR A 2 R 4% 11 23 28075 QR T BRI T th KR, v, 32 B a] 46 98 78 3L 28 Al R
SR ARHIEE 5 b, DI, AT LB Bt JRAT T SR 4 R 3L 2 (R R o B ek 1)

7 HRIE

ASSCH I TN LA T X R e AR AR, SR T S A (A S SR AR A R I LA
BEATHRFAEAR IS 202K, SO 3L (A AR U AR AE AR 5, PR AR & R 40t 2 SR LA 5 AT 0 2K
TN B SRR AT 5 00 SROT IR R AT AR 72 RAOR, JCHLAE 2 S8 S S 2R, AR
MRS T iR AR T 0 R e e A T I RICR.

FESSIR I FE o, AT A — L6 o) R R B — D MR R . SO L (A RN R BE A5 A I 4 A T B i 4R 4
it vH R RIS, R 8 S5O 3 22 (R R SCHR B FEURFAEAS 5 b, AR REAE R A STz 30, #E#%
SR ISR S s R 4, IR/ E S D IRRIREE S NE I SHL, RGN
FEDRIE R G ML G0 T VIR BEATR B HE R FE S5 2527, e, RUREdE RE T R 75 it
Pt BT G S I PR v i i A

929



TG AE : T et 3 A AR 5 TR PR 15 2 X 4 O I FLAS 5 U3 SR B I

SRk

10

11

12

13

14

15

16

17

18

19

20

21

930

Zhang R. A study on brain computer interface (BCI) — based functional assistance for the seriously disabled. Disser-
tation for Ph.D. Degree. Guangzhou: South China University of Technology, 2016 [?Kfﬁﬁ THI 7 B P 8 N PP o AL 22
FIDREsH BRI 7T, L2 AR sC. )M R TR, 2016]

Hoffmann U, Vesin J M, Ebrahimi T, et al. An efficient P300-based brain-computer interface for disabled subjects. J
Neurosci Method, 2008, 167: 115-125

Li X. Study and implementation of online motor imagery based brain-computer interface system. Dissertation for
Master Degree. Beijing: Tsinghua University, 2012 [Z5. 2 TI2ZI R AL - MU O KRG S5 S28. il
T2 S JBRT: FEERAE, 2012)

Wang S F, Lee Y H, Shiah Y J, et al. Time-frequency analysis of EEGs recorded during meditation. In: Proceedings
of the 1st International Conference on Robot, Vision and Signal Processing (RVSP), Kaohsiung, 2011. 73-76

Wang K, Ye C, Shen Y Q, et al. Automatic removal algorithm of ocular artifact in electroencephalogram signal.
Comput Eng, 2011, 37: 257-260 [, M3, TEa 7w, 25, WSS IR B OER B 3h 2Bk, RN TR, 2011,
37: 257-260]

Rajesh P N Rao. Brain-computer Interfacing an Introduction. Beijing: China Machine Press, 2016 [Rajesh P N Rao.
WAL 1. Jb5: AL iR, 2016]

Gao S K. Comments on recent progress and challenges in the study of brain-computer interface. Chinese J Biomedical
Eng, 2007, 26: 801-803 [ F¥l. ¥R — HLEE A R IR SR, B A 22 TR 4R, 2007, 26: 801-803]
Dornhege G. Toward Brain-Computer Interfacing. Cambridge: MIT Press, 2007

Tang X L, Zhou J L, Zhang N, et al. Recognition of motor imagery EEG based on deep belief network. Inf Control,
2015, 44: 717-721 [JFHGHAE, FSHK, 5K, 55, JTIREEAE & ML 1S s AR RN S 5 0. 15 B 57, 2015, 44:
717-721]

Ma M Z, Guo L B, Su K F. Classification method of motor imagery EEG signals based on wavelet and common spatial
pattern. China Sci Technol Inf, 2017, 08: 83-85 [Lhiili#ik, FREEMS, FRds U, KT/ A A 3L 2% (AR =X A 12 ) 48 5 i
BG5Sk P ERBHE(E R, 2017, 08: 83-85)

Li L T. Classification method of four-class motor imagery EEG data based on common spatial pattern. Instrumentation,
2016, 05: 12-14 [ZE37 5, FEF LA AR DU 2 S A8 G LS 5 40 2073k, AUERAGR A 7, 2016, 05: 12-14)

Jia X W, Li K, Li X Y, et al. A novel semi-supervised deep learning framework for affective state recognition on EEG
signals. In: Proceedings of the 14th International Conference on Bioinformatics and Bioengineering, Boca Raton, 2014
Li XY, Jia X W, Xun G X, et al. Improving EEG feature learning via synchronized facial video. In: Proceedings of
International Conference on Big Data, Santa Clara, 2015. 843-848

Wang J W. Preprocessing methods and applications based on EEG. Dissertation for Master Degree. Beijing: Beijing
University of Posts and Telecommunications, 2015 [EAEJE7. o H ¥ BRI TTE SN, A Jba
JEETHE IR, 2015

Liang J K. EEG Analysis and BCI Research based on Motor Imagery under Driving Behavior. Beijing: National
Defense Industry Press, 2015 [ZEgfi. JE T4 GUEIAT A ML D&, dbat: BB Tl R, 2015]

Zhang S H. Analysis of motor imagery EEG. Dissertation for Master Degree. Shanghai: Shanghai Jiao Tong University,
2015 [FRFW. BB GRS T AL, L2 At . Bilg: BIATIERY, 2015]

Wang T. SMS classification methods based on deep learning. Dissertation for Master Degree. Xi’an: Chang’an
University, 2016 [E85. F TR 2 HRAE 0 BEAR I, Wit 00e 3. 152 K2R, 2016]

Yang D P. Product image classification based on deep learning. Dissertation for Master Degree Dalian: Dalian
Jinotong University, 2015 (B %54, 3 T-URREE ST IR0 fh AN 2. Bb 2018 3. o K AcilAa, 2015]

Dai R M. The motor imagery EEG classification based on deep learning. Dissertation for Master Degree. Beijing:
Beijing Institute of Technology, 2015 [ﬁﬁ%@ T REF ISR S 25, Wit A0e 0. Jbat: Jbt#E T
K2, 2015)

Gao Y B, Lee H J, Mehmood R M, et al. Deep learning of EEG signals for emotion recognition. In: Proceedings of
IEEE International Conference on Multimedia & Expo Workshops (ICMEW), Turin, 2016

Liu J W, Cheng Y, Zhang W D, et al. Deep learning EEG response representation for brain computer interface. In:
Proceedings of the 34th Chinese Control Conference (CCC), Hangzhou, 2015. 3518-3523



FEB FERE B A8E BT

Research on EEG recognition based on improved-common spatial
patterns and deep-belief network algorithm

Wei XIANG & Yingnian WU”

School of Automation, Beijing Information Science and Technology University, Beijing 100192, China
* Corresponding author. E-mail: wuyingnian@126.com

Abstract Using electroencephalogram (EEG) signals to control intelligent wheelchairs is one of the new control
methods for controlling intelligent wheelchairs. The most serious problem in the control process is recognition and
classification of EEG signals, especially a variety of EEG signals. To improve the accuracy of EEG classification,
improved-common spatial patterns and a deep-belief network algorithm are proposed and used for recognition
and classification of EEG signals. A variety of different EEG signals were collected by an Emotiv EPOC+ EEG
collector, and the characteristic signals were extracted by improved-common spatial patterns and identified and
classified by a deep-belief network algorithm. Simulation results show that the classification accuracy of improved-
common spatial patterns and the deep-belief network algorithm is higher than that of the traditional classification
method, and a research perspective is provided for the classification of various EEG signals in the future.

Keywords brain-computer interface, EEG signals, improved-common spatial patterns, deep-belief network
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