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tor imagery, MI) it 1) B A8z 12— 8w EE MM H. AL
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B HNA G LG 3 2K (K SCRF ) 7L (Support vector machine,
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Abstract Brain-computer interface is a revolutionary human-
computer interaction. The brain-computer interface based on
electroencephalogram (EEG) induced by motor imagery (MI) is
a very important kind of brain-computer interface. The pur-
pose of this paper is to explore the effective features extrac-
tion method for EEG induced by motor imagery. Hilbert-Huang
transform (HHT) is used, which has a high resolution both in
time domain and frequency domain. Auto regressive (AR) pa-
rameters are then extracted and the average instantaneous en-
ergy of motor imagery is calculated. Thus structural feature
vector is constructed. Finally, support vector machine (SVM)
is used for classification of EEG induced by motor imagery.
The results show that for the 5.5 to 7.5 seconds of the trial,
the average classification accuracy of HHT feature extraction
method is 81.08 %, and thus this method has a good adaptabil-
ity. Moreover, the highest classification accuracy of 87.86 % is
achieved by HHT which is superior to the feature extraction
methods using the traditional wavelet transform and without
HTT. For the 8 to 9 seconds of the trial, HHT feature extrac-
tion method is also significantly better than other two feature
extraction methods. This study confirms that HHT has good
feature extraction ability for EEG induced by motor imagery
which is nonstationary and nonlinear signal. It also confirms
the event-related desynchronization (ERD) phenomenon of mo-

tor imagery. It is shown that the performance of brain-computer
interaction system based on EEG induced by motor imagery
is closely related to the performance of the subject’s imagina-
tion mental activity. This paper can lay a solid foundation for
research of online real-time brain-computer interaction control
system based on motor imagery.
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computer interface, motor imagery (MI), electroencephalogram
(EEG), Hilbert-Huang transform (HHT)
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R, T JUEAB AT FUIET CSP (1) et S5 3 FH 21 /3l 3 155
T, IS TP O LR X e AR Y 9k
SROEUAF T — 8 MR, (AR A i Al Y2 B S i
FL A8 23 28 ) A

A SCER X B B A G AT T AR P AR AR G M R A,
R AR I 3 A3 [ i LG AR o 20 8 2 B A R AR — s AR
#i (Hilbert-Huang transform, HHT)!M7=21 " a] 2247 i 42
BUE B A % RIS, HFRIHFE Mu 548 (8 ~ 13 Hz)
HI Beta i (13 ~30Hz) 17 W3 LI FH AR X 2 7 5
(Event-related desynchronization, ERD) %2224y
B R A AR BB S HOMIERHAIE ) &, )G A KM
Ml (Support vector machine, SVM) BEAT#E 432, AT
SURER Ry 1 — P IR ANAIT T2 118 B AR i R P 7 46 552 I L
AEHAEHN RG] T B SIS Al
1 #RiFnE%
1.1 #i. LHSEAFEIERE

SEIGHER: Ml Lo SRS 25 X AERRIRM: RUF. BT
(R (Trials) #S7E [ —RPEAT, SR 45 7 41, H414 40
A Trials, S 4k 280 AN, B4 Trial FrEERS N 9s, BEiRAERT
2s TREFIBORVIRAS; ¢ = 2s I, WoRAHEA R o PR
%, RN AR SRR T4, MEREaIEE,; ¢ = 35
I, S22 D A b e B 1) A sl ) A TR Sk, BROR Bl i 4% 4R
NIET ST AR A A TE . 18 S A% H R AR v X
WE 1 s, B SRR RAE T O3, Czy C4 = AN, i
WA 5 Uy Rl s, SRS 128 Hz. s &K 5556
Kl e 140 MNUIZRFEAF 140 ANWRFEALL S, IZRFEAS
BCLL PEABRAENSZ 1152 x 3 x 14015 (23K v W
ik [25]).
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Fig.1 Paradigm of EEG acquisition for motor imagery

32 SRk 7T A 4 N — LR 1 369§ Data sets 2b,
AR 3 M EHE4E: BoX01T. BOX02T. BOX03T; 2 ANl
IR AE: BOXO4E. BOXOSE. $3E% A T 764 F 4y 285k
%[26].

1.2 #iEmaE

SR, 1E 38 S R 10 AE Mu (8~
13 Hz) Fl Beta (14 ~ 30 Hz) Y BERBLE P22 Ay
Je 0 JE U i FELAE S AR AT 8 ~ 30 Hz B MUk, R
PG 8 e 2%, T B 8 ~ 30 Hz, B #ILATIZE N
7THz 1 32Hz, AR 0.5dB, ML RN 50dB. &5

X I P A S AT R AERE, B IR T BRI
SR DhIZE.
1.3 #wmARER - BT

BLAS FLAZ R GE b — AN RS R R A R, i
AEFRIAT e AT AR AT S IR AR BIG B R RT3 S I
K. S BR8] 2 e S 3 AR AIE 1 AT DAYR /SRRl 43
AR BRI I8, IITTAT RO 5 73 S I HEAf 2.

A RARRE - FR ¥ (HHT) 38 B TR B B L 545 5T
PP HHT fefs R4 1S 1 T o e th e TR 5
HHT FEAFEHH S 1) LERBES R (Empirical mode
decomposition, EMD); 2) Hilbert i 43 #T7 (Hilbert spectrum
analysis, HSA).

LIRS RN T AR AMERL % 2L (Intrinsic mode
function, IMF), ‘& BA BENYE. EAPE &% IMF 4
S BEEERPS . EMD 32 i R AR 1) 5 SR
R SR B SAZ 1; 2) {551 AR e L)
AL E R R R /M T SO TR BLES () JR BRI 0.

EMD Jf 2020 f1°F

1) SN 5 R IUTTAT AR AR s /M A

2) R RAE ORI NME RUR ] Z IR BT L S
LRSI, R AL, YRR AR AT A S A
{HWZEH h.

3) HE h T IME 4548, W2, WHE h /RN 28
1A IMF; B0, X HBEATRI 2 AE, BRI k2202 IMF
ZAT, SRIGRAFH 1A IMF, KRGS 5 IMF 21 r.

4) 07 r AR RIE S, ERFRM r o RifiE
FECE AR — MRS 1, BB R R T

S(t) = ZCi(t) + Ra(t) (1)

Hrh, S@) RIS, Ci(t) RRHE ¢ IKIFHER RN IMF 43
H, N AiERE, R.(t) ARE MR LS E.

EMD i85, #H4T Hilbert %47 (HSA), N 44
IMF 4y s 8T Hilbert 45

+oo . r
= [ e )
fEATAR o
Xi(t) = Ci(t) +3Yi(t) = Ai(t)ejpi(” 3)
ST, Rk (4) A1 (5) 20 BRI LRI AR Gz
Ai(t) = VYi(t)? + Ci(t)? (4)
P;(t) = arctan é((?) ()

) AR B P I s i Ak S i R
1.4 AR HESEUFE

RIS 1.3 30 HHT J73k 8 Jo 518 sh A% i i fs 5 ik
ITAIBE SR (EMD), f 540 IMF il 2 Bios. o
SIS AN HT R B, AT =B IMF %43 2K ook ok, A8 Mu il
Beta T 8, B ILa &Lk, WA E 2 2RIEMR. Fril
ST =B IMF %A Hilbert A8 3K I BRIS IRAL . ABF5T
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Fig.2 Each order IMF after EMD of EEG indued by motor imagery

fEH 3. 4 6+ 8+ 10+ 12, 16 By AR 8 73 5l SR B 73 5 1E
H U 6 INIELFXE R T S 10 28 5 . BT, a2k T
Burg HVEHEHL 6 Fif AR B HRE ARy, -+, ARs, 1 C3
1 C4 BB AR BRI REA K 12 GEEFIE M i {C3aRa,
-+, C3are, C4ar1, -+ ,C4ars}.

1.5 FEmRRT aE 24T

Hilbert WA He/5, BN iEE % (6) AR (7) KECF
HypEI BE AR

N
1 2
EC’N:NE_:lC’n, N < Fs (6)
1 N
2
ECy =+ > Ch N>Fs (7)
n=N-—Fs+1

X (7) b, CF 48 Trial "HEGEIE Hilbert #4845 5 n
ANRAE BRI R AL S 77, EC N AR5 R H P 1 ik i)
BEfL, Fs RAFAIR. 2 N < Fs I, 1s Z B8 i A 2
Fs AW, VH5E N ASSRRE S 0057 A EE WA 7 13
M N > Fs i, W N AR 00 Fs ASRAES (B 1s
IR B ) AR AR 7 R~ 2.

i SRR RRFAE, 20 A Trial () C3 1 C4 iiE
EEG U S b A 7R A0RE — 30788305 (R 187 i, SR ICP
B e, AR KN 1s, AL 1s I RTHRE S Z 1T 5T
B HAREAE 7 3. b F IR v S A RE SRR 1) A
{C3E, C4p}, & 2 ML

Kl 3 2 HHT Gt S D)% GRAERE #(H) B A2
IR, T M= (8) ~ (10):

Emax = max(C3Emax, C4Emax) (8)
Emin = min(C3Emin, C4Emin) (9)
Y, = (BF = Brmin) (10)

Emax - Emin
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(a) Energy diagram of left hand movement imagination
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(b) Energy diagram of right hand movement imagination
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Fig.3 EEG energy curve of motor imagery involving

right or left hand
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HA1, C3Emax AR —A Trial |1 C3 W8 H KA, C4Emax
& C4 WIE NI KA, Ewax /&K C3Emax Ml C4Emax M
KAH, FHEA KR Emin, Ef &1 C3 Bi# C4 Wi (¢ /2l
1) M5 n NMUE, Y, E— A S I1E.

BRI C3 Al C4 Fff i AR BERY R B I 12 4EFSAE
5 ie SRR 2 4ERREAL G AR 14 ERFIE R 2 {C3E,
C4g,C34R1, - ,C3aRre, C4ar1, -+ ,Cdare}. 1X 14 4
FEAE ) 8 1.6 99 IS RE M LT VAT 43 28 EANRRAE
MO FEWE 4 s,

BHRELET

i R AL T

EMD i

%F IMF #E1T
Hilbert Z-#t

HHT

: '

[ AR BRI R H Y R R ]

I |
l

[ S T EEN A G M 2 T T B A ]

K4 FRACRREGL R

Fig.4 Process of feature extraction

1.6 XFEENSLZHERMABERN

ST B ARG AL I - L /i - ML 1) e
AT N AR AR PR T, A PEAN AT 23 2) S B A
FRALAT AR AL Je, T T 20 R AL ) AR AR 2 i 4R 15 3)
1B B RS HL ) R R 7 RAEAE R DREA, RN - HLAZ
ARG S (R AL A 5 DB,

SCREIRL (SVM) S T 48 vt 27 5] BRI N LA 27 21 J7
1%, FEAC B 1) B ATARUF AR DL, &M 45 4 U foe
AMCEE, R A2 1] AP S e I 40 R - T, R AT fE 2
B PSRBT, JEAE 23 T K W S Eiehis B 2 23 2K T foe i
e T LA P 8 SR e R Al e B, O R /INPEAR 23 2
HL 2 ACRE Ty BEAR, RS N 7 I G 2 i A\ 25
PEAN R I R AS W 380 v R A 2 ), LR m oy, AN 2
2B IS LA LES ST PEREM . T, SVM W] B REAL
If M3 W 3 B ARG i HLAR 5 AL 1R SRR G 202K

FEABEFCH, 183 A5 M i EdiE B 140 A Y ZRAE A A
140 MIAKHEA LB, WA FTIRAEA )2 bR S50
EGH 140 DUNGFEARIREA SRS B, A 45 2101
RO IR FE A BEAT AR 25 TN, 5 Je L 3o T b 28 R S b
BEXTEE, TR R IR .

2 R

RIGUEASCHTIR T 2, S5 1 R AL 4T
B ARG i A AT TR R 2K B 5 (a) &
TSRS HHT A fe G B R AE ST 20 20 45 R, 1
EAEOLT, AR BB R BRI B A IS A 1) B AR
JE R SVM XK EEREAT 28, MRAREETE 5.5~ 7.5 X [A]
B33 K IE R 67.89 %, B2 IS IERI R 77.86 %;
7 8~ 9s DX UK T34 4> R IE M A 61.25 %, I i FSIEM
F I 63.57%.

Bl 5 (b) 23T R /AN M SR BURRAE 16 oy S il 2. 5K
B RAEANR Ny 128 Hz, MR FACKAE B, /N AR 471 4h A
)y 64 Hz, YEFH dbd /Nt B IEAT 3 B0, IR o AR
S5 %k 0~8Hz. 8 ~16Hz. 16 ~32Hz. 32~ 64Hz
AT, I Mu TS 8 ~ 16 Hz HEATRER IS, R85,
Mt 5T AR BERY R BORIF B Ag B R &, e SR
SVM SRR HEAT 4325, MREELE 5.5~ 7.55 XA P34 4)
RIEMIAZ 78.12%, Iim A KIEHIHIE 83.57 %; 1F 8~9s
X J¥1] (P-4 43 2K TE B 2 56.96 %, fot i 4r K IE I % 2 65 %.

K5 (c) 3T A HAT 2 HJ5 R AR B8 R 505
PHECFR R, PSS 0 &, AR5 25T SVM Xl Ak
T3 I EE . RSO, MRREEAE 5.5 ~ 7.5 X EIKF
Yoy FEMEIE 81.08 %, i 0 FIEHIH 2 87.86 %; £ 8
~9s XA B IEMFE 71.33 %, KimrRIERE R
84.29 %.

# 1 BRI T HHT . DMEAAH (WT) F5/RAA%E - 3%
A (HHT) = MEESRIT VLT, 255 SVM ££ 3 ~45. 5.5
~T7.5s Fll 8~9s 73T ] B 11345 28 TE Al 26 R i v 3 28
NRES

22 RILTH 4 W - ML D 52385045 Data sets 2b
ABIEWIA. 2 h, 1T, 2T. 3T £IIZ4E, 4E F 5E £
REE. HhlgrdE 2T nI e il iR, SERIEMEY
N 50 %, FLA AL B R K R IER R, PO HHT J7vk RN
HAELE . A FIE s G PR A

BEAh, ARSCE B B ARG A S I TR AR T2 R AR A,
SRHTEHAT. NS (WT) F /R - 354 (HHT) %5
TESET V20 53 2 A 2 53 A2 57.44 % 60.7 %~ 62.86 %.
3 1t

FTIEsh G N M - MU Bl e —RaEW E
SR - HLBE L, AR TS ARG N e A T R AR R
PERIARZE PR, X A 15 SR AL B AR S 11 o e A0 A v T4
OYIAEER. &4 Mk, FFFCE O T 35 T8 sh AR S i i g

* 1 RAK HHT. DA (WT). AR — 34 (HHT) FHERBUNEIET SVM 142K 1IEM %
Table 1 The classification accuracy based on SVM and three feature extraction methods: without HHT,
wavelet transform (WT), and Hilbert-Huang transform (HHT)

FAIESEIR T4 Jc HHT NP (WT) A RAAEE - 3 (HHT)

SFHEIFTEL (s) 3~4 5.5~7.5 8~9 3~4 5.5~7.5 8~9 3~4 5.5~17.5 8~9
PRI RIEHF (%) 55 67.89 61.25 49.49 78.12 56.96 51.16 81.08 71.33
I RIERE (%) 61.43 77.86 63.57 57.86 83.57 65 60.71 87.86 84.29
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Fig.5 Classification accuracy curves of EEG pattern induced
by motor imagery using without HHT, WT and HHT

#* 2 AT HHT 5 4 %Ki — L8 D 5838505 Data sets 2b
FRIERIH (%)
Table 2 The classification accuracy based on HHT for the 4th
brain-computer interface competition data Data sets 2b (%)

P 1T 2T 3T
4E 96.25 50 96.25
5E 91.88 50 91.25

AEAR AR HL V50 1L B8R B AT o 24 el XA 5

A n) . IS ARG U A DG [ 2P (ERD)
ELH A — AN - HLAS 5 s 5 22230 R T2 B AE 5 il
FEASE 2t 5 Al T O AR G BT 30 e A 5

AR SCH BRSO Al S EAM LS
HA, BN B AR H o 2% A HERR ) 7 A B e R 2L
P, AT AR SV AT AN B AR TP, (H R AR 2 TR
PEES TR R 3~ 6cm LAE. 1 AN HERAR I Bl I R BOR
B — AN NSRS S A (BIAC S AR), B R T
Aok Flzse (RIS k), Beisic Smah i I i A7 25 4k
M AXTE, IR R ey AR e A SCHT FH B 20k B e
H 2 TR K ZE AR T AN A2 AN H AR, MR XA 5 6.

TEAR LTI, F Trial [ 5.5~ 7.5 42 HHA], &R
AEE — $5 AR 3 (HHT) $SAESRECS /N A8 4 (WT) FRAE$REL
AL, B IE R T 4.29 N2, K IER
WIS T 2.96 M4 A HHT #5404 5 6 HHT 94T
PRV EL, S ER RS = T 13.19 AN E 81, a2k

U LG HHT RFAESR I 23 8 PERe . XS RS OfF
WA EG25: 327381 HAT st ) LE .

M4k, 7E Trial [f) 8 ~9s Zr FEMAM), A JRAAEF — 3 AL
(HHT) HFRAE4R IS NPT #He (WT) $AESR I L, 5w 4
KIEMHRIES T 19.29 NE 4 A, FHSRIEFHF RS T
14.37 AN 4y HHT $RAE$e IS5 0 HHT FRfES2U L, &
R RIEESE R T 20.72 AN E S, PR RIEMRE S
T 10.08 /NF 47 A

R e AR, HHT (85 T2 2 AH G i AR A A X
R AL TN AR e (WT) RRAEEEEC v, AR T J8 HET
FRAERRI 77k, R 5l BL-A5 ¥ (Fourier transformation,
FT) AHEG, kAR He (WT) BEIE I 46 A0 ~F- 45 iz S0 i B fs
ST 2 R4S, BT LLANE 2 A8 5 5 FELA5 5 S Ok
S TR B, RN AR T F 2 8 LR 4, A e [a] A
FE ISR AT 3 1) 4 . AR A JR A — 308 e (HHT)
T ISR ) I AT AR P 20 o X AT R 1% AL T
WT J7id#06 HHT 1 EZR . 7 =FRH eSO VAT, 43
RMERRE 22 12 HHT 73k, IEBRY T T3 %
I HEL P G — HLAS H R e, R AEAS B AR 5 11 i v A QR i 42
B O B EE FOCHE, IR B AU AR AR AR By 2, 75 4y
R ES L RN N

Kk R Z Ab, 7 Trial (1) 3 ~4s 3R], =Rl IEFLE
T RRIIAGE, AT BRI A4 3~ 4s WA AIS 8%
PAT IR LG B, 400 BE VS Bl A7 — AN i 5 A R e,
B TR RIE B ARG O BESG B). EAERE S ) 5.5~ 7.5
Wi, #oRiS MG TR e, TRBr, = eI
D7 Ay RIE R AR m AR R, I & HHT 52,
HUHE WT ik 78 8~9s BB IAT M &5 1A, B
BB GOBIE S BUR A PTG, 720 2BIEMRA R .
XATREAE— @ R EAR W TAE Trial I, 23 2 1F 1 % B i
Tl AN L. Ak, 7E 0~ 25 310, BRI O AL T
AR IR EOIRAS, 78 2~ 3s WA, iz sh AR 5 v 45 20
), AEIE AN, = b v 00 23 28 IE A B AE WL 27K T
R UL b, UERAEE T 12 B A G HL IR I - BLAE B R S R
M5 AR AR G0 BIE 2 10 5 A O

OV WF7IE HHT N 22 3 A G AT 45 5550, 256
C3 1 C4 B fe BN RIE ) KA T3S,
T T RAFIRCR P AR IR b SREC— 5 ) B
1 AR ZREURHAE [ RT3 0 i RS SR AEARAE, AR5 3R A
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>

T

ARG G REAT 7028, SRR EE SRR W 0 RIERHRAT T 5E N3

g

HHT HEMNE FHREEEFREEL B s S h B
Ay KA AEAR B BRI IR AR, IR Z N A CSP 4
VERERS K IE HUOE F T 0 M s (R DB I 2%, T2 =1 20 8808,
Sy b, AT LA K HHT F1 CSP k4T 7 kb L3R 5 4> 2K 1E 7

)5, CAWFUER N IE ) A GRS iz g JL o B a2l
(R e HLAIB=3T) ) 3t B I I8 B AR B iR - WLAS TR
BRI, o) B EPATIES G O BESIIEN, KET
HIM KL AP (ERD) L%, JFRI X — S st IE sh A8
G HLAS HL A3 122728381 ACHIF Y 3L A IR AP R AR
(HHT), 18 T4 A FEsh B MBI iR, HE 3 (a)
LA, M 4s FRURZAETF C3 MIE MR ETT4h B3% KT C4
i, M 3 (b) AT C3 fefm /N T C4 B, XX
ST T R A I s B W R A T F X L 25 (ERD)
X%,

4 it

T2 B ARG i EE 1 e B BRI ARE 243 2R T i K P Bk
L AP B A 0 S IN 2 — i s T B B i 0 SR AL IZ B A B0
FIE Z  J FLRE AR, A SO T AR I R O R B B R A
JRFRALPE T () HHT R BUE LB 5 A S i () AR i &
B A0S 2 I I e B AL, SR REfS B I HhaE s S AR %
T LA 5 B R 2 2K T VK SVML &5 S8 W, #F Trial (1
5.5~ 7.5s 72N, HHT $FRESEIHUT 20T 0 FRIEMR A
81.08 %, HA RIUFMIIENIE; s RIEMZE N 87.86 %, i
WAL HHT AEE R0 4R TR, e TEHAE
A3 1, AL T N AR R SO ¥ JUILAE Trial 7 8~9s
Ay, HHT RRAE SR B0 % B30 T )5 PR R 3R B
i AWFFIESE T A5 KR — B8 (HHT) fetsAT 2 Hein
RIS B A B RIESE T 1830455 ERD
LG, TRt 3 W 3 138 Bh AR S M R 10 s — HLEE 1 IE A 43 2%
2R R AR GO B B T AT L.

FEABF LR L, A1t — 20 R TAE 2 1) gk4:
SEE AW I TR A W75 1, JFHEIX S 7 14 il B 7R 2k SE I
K T8RS L i — WL I R R Govh; 2) AR R IAE
LI KRG, 5INAL I Se s & B — AR T
3, LA bl P B RS B, HE— R e AR
ARG NS, NP m R TEGE; 3) RAH = th
[ 9 38 N LA 2% 30 V3 I M FlL A8 S, IR R R DI
iEi
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