5 34 55 10 1] R N A R N S A Vol. 34 No. 10
2017 410 H Control Theory & Applications Oct. 2017

DOI: 10.7641/CTA.2017.70169

T -2 A A S A SR R R AL
BRI S S TS

TutELY, &= &L WO, BERTEL, XJERE!
(1. HEKY FRITRESBE, |48 11177 5290205
2. I E ST ARk, BTN 117456)

THE: HIARY: ARZRER T MEAER, S5RAEPITHFIS S QTSN 745 2R & KB e i b E 5
HREAE, X AR LEE T AR ST e (K — A SEBR iR R AR PR AN ], ARSCERH T — P T i -2 AR SRR AE 3R BT
O, SR 18 S EAFIBEGHRM T 25 [RHFAE /38T, M AR H 518 sh A8 G S i X 0t B 55 S BEEEGE 5. ik —35,
TEVIGREE b, 3B 7338 SCERAIE, Ik 5 52 3 DT e Ao R ) B AT . LR, I 8L 25 I g it Bk T4 AIE SR . #%
J&, IR TREAIIE SN A8 SAFAE, R K I smALEEAT 20 25 7 L4 R WY 1% B VRAE 28 3 m i ML B 11 3% 3 55088
fEData IVaZ) 3 EIRIGS A2 P2 S N 94.49%, 45 AT 4455 14494.17%. BEA, 533 R F A2t
BINEA W BRI, A SCHEH RS TR B -2 AL SR VERIAH S LS5 &, 1B AR T R R, 2T
BEE G LIE R R G BEHR AL T — R A

SKHEIR): MiMLEE O IZ AR A FRs R AHSG ML

FE5 35S TP399; R318 SCHRARINAD: A

A motor imagery analysis algorithm based on
spatio-temporal-frequency joint selection and relevance vector machine
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(1. School of Information Engineering, Wuyi University, Jiangmen Guangdong 529020, China;
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Abstract: Convergent studies have reported inter-subject variability in EEG representation when subjects performed
same cognitive tasks, yielding a significant drawback for developing a practical BCI system. In order to address this
problem, we have introduced a subject-dependent specio-temporal-frequecy joint feature selection method. Specifically,
we first selected 55-channel EEG signals among the original 118-channel recordings according to the close relevance of
the signals in motor-related areas. A 7-fold cross validation approach was applied to select the optimal time-window and
frequency bands, which match individual subject based upon the training data set. Then motor imagery related features were
determined via the common spatial pattern method. The obtained subject-dependent features were feeded to a relevance
vector machine for motor imagery classification. The experiment results show that our framework demonstrated superior
performance as showing in the higher classification accuracy (94.49% in comparison with the highest classification accuracy
94.17%) in the competition III. Compared with the other three existing methods, our method also has obvious advantages.
In summary, we provided feasible framework to account for inter-subject variability, which would be a new method for the
designing of the online motor imagery brain computer interface system.
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1 5] (Introduction)

XiAL#% K (brain-computer interface, BCI)&—#HT
BNALAE B 7 RSB 7 R 54N BT 5 B
e [ 38 15U, 18 3 48 B (motor imagery, M)
BCIZB N 21—, 2 E 123 R AR %=
[A] 2 1 3 14 4 o5, HHFAiE /£ Mu (8~13 Hz) #1 Beta
(14~30 Hz) i3 Bt R I 5 W, IRk H AT <2 sh A8
GOy T LB AN [R] 52838 A AR F AR [ AT, e
B B AR50 1 B — AN [ 58 BE. STk (6145
HMuflBeta 5 45 5 K il 2 2 1) 12 3 [X 38 R B,
1412 B S BRIz B 1 7= A2, 2 5 EOR I 1) Mu
A Beta 51 1T B, 1230 R AR RS ST 2 A P
(event-related desynchronization, ERD). fij fifi % iz 2
55 B 58, MuMiBeta 4 X 2 ETF, LG AR g
5B [F] 25 (event-related synchronization, ERS). 2R
BTS2 FH A 22 5, 77 AR I B 5 TR AR AH ],
TR0 i LEE O I PEREA I 2 B2, 2 AR ILAE X B
ST TSI T - @B (= Dok = L0 R N =i 72 W A
BB TIREN X R B B A ], 7EX Hdt A T183)
REG N FLAE = 2 BTN, AT LUK FH [ g e B [ i A A
T SERR XA —Ar 324803 TR 22 R AR AR, 3R
RS S HILE R ES T, S8 B L
AN FUARFAIE 5 2 S A 0 25 T 57 (R ), R X
T — A 2R, WARAE — AN A& 2 S
I RHIES R R A 18,

ASCHE H — Py 73 A A8 G F A 5 i
15, HARFIHINGEE, R 73728 XEGE, LAy IS R
FONFEIRIR, N2k 55250 ULEC I 8] 5 5 40
HE— 20 R A 3 25 38081 X (common spatial patten, CSP)
SR AT RRAE SR B, S5 J5 R F AH 2 7] 2 Ml (relevance
vector machine, RVM) /325, H BUE R T /NEEAS B
£ NI BN AR R LG T I S AR E SR S
FERA, B TR 4 RACR, Nig s A R L fE
SO T —FhEOTIE.

2 15525 (Method and experiment)
2.1 HHEFR4E (Data collection)

ASCHARE AR 5 3 i L 1 52 S8 50 4R Data
IVa (motor imagery, small training sets)!!, {Z%HE 4t
SO fEREAZ R (aa, al, av, aw, ay) S 5128 41551
Hoi EL SR, i R 2R 1 #5 A BrainAmp /UK 4%, 0.05~
200 Hz’7 1 g i TRAL B, SR AFE 2 E 91000 Hz, ETI
HIBIE Ag/AgCIHELRK. HIBIIE FEARR ] [l Bbr v R 10/
204 B HCE, diE 118,

FLREAR R AR I B R 32 Sk i Rk
B ALTERT F b, FEPICT R 736 F, RS i s
HATEF AFLGHBRIEEE RS, FHikiER
SARFE AT IS S A SAT 55 A kiR R sl i
ITHFIBENEGATS; i kien 2 E T A Fig

AR GAE S, — D Trail AR N RGE ShEHE R E
FEFP )G, BESEAAT A, 1.75~2.25 sHf ] BE S S BEALH
A7, SRS MR PAT AN R is 3 AR R
55, 2.25~5.75 s, 2 T B AR AT H L) IE )
HGALS, PATHT R3S s SRS FRE TR T
A TR I SE B AR G FR 8, 2R AR R
B MR NERNGREE B, BASZAE NG A
TR AL A 31542804, AR A aa (train: 168, test:
112), al (train: 224, test: 56), av (train: 84, test: 196),
aw (train: 56, test: 224), ay (train: 28, test: 252).

N

G 1% | PITHE S
| T T T T T T T

0 1 2 3 e 5.|75 t/s
B 1 HBdREdEREE

Fig. 1 The diagram of data acquisition process

2.2 BHEFIALE (Data preprocessing)

ASCE SR R A I BAS Tt AT SR RISk
7% (common average reference, CAR)'?!. & CAR &
AT DASE R AT 55 18] B3 5 0 01 22 301, 92> By 328 5
AT R

AUEEAURE= oL U N

Hor: o, (O FR BRI S, 2, (1) FRECARIEN
JERSEEIEIES 5, N AIEIEE.

SR 0T FEAS 5 34T 7 I8 (7~30 Hz)JEd, s 5
J8CN0.5 dB, FHAT ZEIECA50 dB, LR MuBiiBeta 15 5%
By, £br 518 SAES LR IE E.

2.3 i8] & 53 4k (Time window and frequ-
ency band optimization)

PRI ZRBe a8 i 747 28 IRAIE, X 8] & -5 40y
Ak, BARN: $ BN ZE L 450 Bl B Ao A5 ¥ I T]
T AT B 7, e th 5 32 R R A UL G A IS
) T 5 A0ty . S PSR R £ 56 v B AT AR I (7] K
[135~280], Xf B T1.35~2.8 s. ¥ 4k 4 7 %5 & [T~
30] Hz, S5 i FEAR AR 0 A2 8 sF 8] < FEE AR Ay 9
JE£. AR 75 I T FL A 5 A0 5 B2 9 AE [fmin,
fmax] FIES 7] & K N [tmin, tmax], WA f IR 5
FE, 4% VLR ED:

{ f € fin £ AS, frnas £ AS],

fe[fminafmax:l:Af]v f € [fmin:l:Afvfmax]-
2
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Tt — ML T U A B S A SC A BN LRSS A RN RS S o Hr Sk 1405

AR, BN TANE 73 B, AT RN

€ [tmin £ AL, toax = Al],

{te [Emins tmax £ AL], t € [tuin £ Al Eay]-

(3)

R 0 B 1) 7 K P A A AN AT s B B AR AL AT A A
WA R . 8 v B 8] B 5 00 72 3l A2 4, R
R 74758 X5 Uk RN AT e th 5 5 52 30 52 UL T I
PEAL I 8] & 5 40T B
2.4  FEJEP SHAESR B (Spatial filtering and fea-

ture extraction)

CSPs2& — M B 2 7 S R B R AR SR BT 7%,
A 2 18 TE EEGHE 2 BU#% 28 10 25 18] 73 A1 gy 1%
TIVEFET PSP T 22 HE I 1) [R] S I o A 4k, TR
= {43 43 M1 (principle component analysis, PCA)F1 %%
723 (B o B R R B A AT 55 2 A . SR e
AR P HR BR 1 2 (] B 43 A 1 &% 2R S e s, (645
PRS0 2 1) 22 S e KAk, AT 58 B 2845 5 4R AIE
[ E Y. CSPHESZHREW TR IR T :

B FIGEIRESE SRR A SRR
T AMPEE SR, — A — A Trail. X (i)
(=1, ,n)M(X.(5),5 =1, ,m,), Wl B 2 F¥
AT ZRRES BN Ri(i) = X1() X1(4)T, R.(j) =
X (1) X:(4)".

THEPRFEARS B P 7 22500, nI153)

1 m ) 1 2 .
Ry = El;Rl(l)y R, = E];Rr(ﬁa 4)
o Min, RoR e IAFEARLL
X ZHERER = Ry + R, & fH
R = UyAcUy;. (5)

FHIE I B S R LR R A E il e, IS5 250
W PR A A o

P = Ac"Uy. (6)
B2 KR MR, AT HAG
S, = PRP", S, = PR.P". (7)

FIH WS BS AT M5 R, 3 BIR AR,
F (7] 1095 1) B A BT, 3 — 2B T A9 CSP B 4
W =U"P.
$4 T —rial (TEEGHU H I X (1) 5
JE15%]
Z(i) = WX(i). ®

WS WERBER A R Z (1) O T Z AN
FFEEAT 7098, AESERR SR BT, AR SCR AU
W R 400 fe K5 B/ MRFIEAEL, JE8MIOT I CSPUE S A
BEAT 2 (AR, AR KA PRI ZRAE A IR 7 22, TE B
IZRFEAR T I8 AMRFALAE.

2.5 43r2K83(Classification)
AR FRAK AR I R, %5 FEARAE VL1
MEZE R AT LR, 1R S E R4~ 2T E Bk

R P12 (automatic relevance determination, ARD)!'?!

BARIEACS: R, K S8 e T
£, SHMAETE R, IEZSHO B SR AR A 9% m)
i (relevance vectors), R EL T 8 A% O FFAENS. 5
SCRFIEAUAH LG, AH2C M B AL IR R S AR R Hh
D TRZRBTH R R, FE H AR TR 1 T ek A
it JE Mercer S5/ s 14
ARSCHR R X A A 2R ) L, 2
BR[15], Ui B RVM 1 43 2K 0 #2. % 9 28 H A U
{t, 10 ON0ER, 25 7 — NN AL S, A IR E A
TSR R IR ML A, ARYE) LA R () B i, 7E
Xy (25 w) 51 N8 Hsigmoid it #2 ki Hlo (y) = 1/1+
exp(—y), 3Pt | x) IRMAZEFI AT, AT AT 15460
ANz H bR R B2 T Ay
p(ti=1]w) =o(y(z;w)) =
1
I+ oxp( ()
HoA: y(z;w) = 12\31 wn K (z, ;) + wo, wy, AL HE;
K (x, x;) N
B AR BT A, T AR R A T

N

p(t|w) =[] o{y(z;w)}r =

=1

1= ofy(zw)}]'™", 10
Hrp:wlAE, B Ar{Et; € {0,1}. Michael E. Tipp-
ing$& H T —Fh ik T4 3% $7 Hr(Laplace approximation
procedure) FIEIT 72k EIRTTRE, FAPBRUIT

B SEEA SR A EARLE, X T

A EAE I Z 5 o, W] LA B0 R 0 MR 2 B K AL
Hawyp, B U8 B L5 Rip(w]t, @) o« p(tlw)
p(w|a), AT LIS E]

wyp = argmax(w | t,a) =
w

€))

p(t | w)p(w [ a)p(e) _
pla|t)
argur}laxp(t | w)p(w | @) =

arg max
w

argmax log p(t | w)p(w | @), (11
Bl wyep FEAR AL T T B
logp(t | w)p(w | o) =
[tilogy; + (1 —t;)log(1l — y;)] — %wTAw,

=1

(12)
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Hrp: A = diag{ag, a1, -+, an}, ¥ = o{y(zi;w)}
U AR T I AR pR B, HAL RETE
SALIER T AR AE. A 30(12) 15 AR (Hessian) 58
EF— PRl H, R 410 #:(Newton’s Meth-
od) & Mg R ke,
20  Laplace i iEmt & X 28 fF I3 T —0E
1, M ARA2)AT—Fr BB, 715
9= "Vylogp(t | w)p(w | )] =
dT(t —y) — Aw, (13)
Hort: @NFLREL,
D = [p(x1) ¢(x2) -+ P(an)],
D(x,)=[1 K(x,21) K(xp,x2) - K(x,, xN)]T,
H=V,V,log[p(t | w)p(w | a)] =

(—dTBP — A)7, (14)
Aw=—H g, (15)
wyp = wup + Aw, (16)

Hory= [y Y2 - yN]Ta B = diag{fp, B2, - -,
Bn}, Bn = oly(zn) {1 — oly(x,)]}, HUHE R .
XU ARFE B AT H A TAS B R (R W 7 ZE 56 R X

Y =-H=(¢"Bo+ A)". (17)

E3X FHEHEFR ARy = 0 &
XA17), AIfF
wyp = O Bt. (18)

FIH EHRL G R X Flwye (3 p), AR HiS
B, /R ZOE R EB RIS AW T
y*(X*, WMP) = @(X*)WMP- (19)

A5 3R TR (O, BT SR 158 51
T K1, OB HE, 485 AR 9 M Mtip(t, = 1| 2) A
Dt = 0 | 2, AN ., (450,

BEAh, BEEE SR e T R A A 2 5
o % ] (IS 7 38, HRVIMI: 31 (1525 1 B B 1R
K. S B U R BE:

K (2, x;) = exp(—gllz — z]]?). (20)
3 £ 4B 5 4 Hr(Experimental results and
analysis)

3.1 SEEGEE B (Experimental results)

AR HE RN 25 Ak 5 S A SR R AL
JE W 18 B A RN LS 5 0 M B, fEData IVa
(motor imagery, small training sets) 5445 b [¥1 1 H.5E
g R B2 R, B2 50, SR AR E 2R
K I AR & 3 A, CSPRFESEHY, RVM 7y 2K
i 1594.49%, T 55 FEER1440.32%, T 55 3852
#9.37%. FEFF1AEE FIRRIN R 738777, £

FECSP. H [7] V9 # 7 (autoregressive models, AR). i&
5 #E #% 2 £ (temporal waves of readiness potential,
TW) SMRFIESREUTE, Lt H15) 73 28857028, V873
FNE L N94.17%. F B AR T X Tral, aw, Flay 3
32K, DUR FICSPHEATRFAL IR B M0 X Taaflay
P SZ A IR T EIR 3R, I LALDA % 36
PRI e R M . 34k, i Faw (train/test: 56/
224)Flay (train/test: 28/252), B T Il Zr A A %520, fih
AR T —Ff B & N5 200 70 A A A e e
PINZRREAR, DR EHER RO AL IFR M aw, ay
PIAE SR AT REAY S, ORAF 1 XS AL il ab
JHER S —, LRI AL 321 170 K45 R BAGE I 58
T4, HSA A E- TR BHEm R m T 9614, 5
b, HHABIFITIEA L, 0 KBCR BA W BH. 5
B 5244 (EMu M Beta 17 3 4 BUR FCSPREAT Il 2
B, 1t — 0 R R i KA Jg 53 (extended expec-
tation maximization algorithm)i#f 17 7335, “F 3373 2k
JEE 5985129, SCHR [1712R FH [8] € I 8] T 55 By, A
HIKullback-Leibler common spatial pattern (KLCSP)
RFAE SR IR, LDAZY 36, ~F- 173 5 K5 i H85.92%. SCHk
[18]>KHsparse filter band common spatial pattern (SF-
BCSP) FHIEHEH, SVM72K, 11473 ShE 5 992.05%.

100 F
95+
90
85
80

HER /%

751
70

65

aa al av aw ay Rigating
== S-T-F+RVM mm (CSP+AR+TW)+LDA
mm Extended EM KLCSP+LDA

mm SFBCSP+SVM
B 2 AT 5 HANTT 100y A R L
Fig. 2 The comparison results of our method

with other methods

3.2 J@IEEFE(Channel selection)

Hig b, FEGHZ, WA 5 TR LG SRR
B AR 2 B S, TR AT R — 7 TR
TER LG 50 e TAEE Jtb, TR R FE
RN, 55— TS R IAE AT B S48 TR 2 AR g s
FITRAG S, XA A REFHIKBCLR S HITERE, FRIK5
HKIERH. BRICCAAE, T2 E MR 2 5, WIE ik
FEXT o RUMEA A R, S 3R 9118 F 5,
R S BR 20 56 A1 52 AT 12 AT A8 R B AH A X
507 5% 3 ¥ 1k FH[23:28], [32:38), [42:48], [50:57],
[59:651, [68:75], [78:84], [88:92] 554 T BE. [EI34K &k
“Naa, al, av, aw, ay FLAO 52383, 158 EUCSPH 52560 B 26
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— AT R G — AT X R 2 (R g% . I ZR i i3t
B R CSPIE e 28, i H M T B S e T AH S )38 30
G, X SPA RISCHR [19-20]1745 R —2.

Tt — ML T U A B S A SC A BN LRSS A RN RS S o Hr Sk 1407
3.3 B -SpiAk K 43283 %F b (Temporal-frequency
optimization and classifier comparison)
G T SEARERE, B IR S5 5 R e St 4
FHEH LA M. AT, BA 2, h T MAE

TN B, FORIR A (5 A N2 B AERF TSR 7,
& | TRV BRI AN 6 A7 s, i
N 2 B A& P2 2R 4, B 7 v 252,34 B 0.

a SRR UL AL ] 8 5 0 2 4 R S LR 25,
o\ R, T LA 0752 3 HO AR AL S8 5 ok 1) 27 2%
@ 2. AR SR — /B B e 1
N 33k, %S [ 52 I ) 8135 ~280] S0 7~29),

v ST RN IRVMAE 7402, TR 2 (i
(o \ W, e 402t AT LUK, BRACAUS « I ) 27 A
Zfﬁj | WL, SHZ R T HE R %04.49%, W) 535 5 T8

SE S I 8] B RIAERF%£.90.88%.

28 & 3k — 5 X b TRVM 5 SVMAEBCI competi-
tion I Data IVa¥{#a £E 1) 73 2K 11 B, R 1R, %K
A3 5% [ EHLABU(RY No.). L #: i EHA SV
No.)\ SCHRFAENER R RVM Acc.). 3 HEHLHE

N - FA(SVM Acc.) M5 FRVMItHERI.
[ | 1€ LT AL, 2 [ S0 P I 190 7 ) 4% ¢
N | ik RVM4 2605 B LLSVMEi2.73%. Hh4b, #1155 i) B
Bl 3 aa, al, av, aw, ay SHIZIRE CSPHE IR S — 1T ARG WIANBCE I BTS2 fRm BN SEIRss R 0 0
AT B L IR T AT RERLLE S) SRR L (DR, phy T 3

Fig. 3 The CSP projection matrix of five subject, which are

SR b, 4 R % T ST L
iR S22,

the first row and the last row corresponding to the

spatial filter

% 1 RVMESVM AR —INE & B 2 090 a 699 K4 R
Table 1 The comparison of classification results of RVM and SVM in
optimized frequency-window and fixed frequency-window

ZRE EEE Ui RVNo. RVM Ace/% SV No. SVM Acc./%  [EENSHRVM Acc./%
aa 118~263 12~29 3 96.42 39 88.39 87.5
al 135~280 7~29 2 100.00 15 100.00 100.00
av 114~259 10~29 4 82.14 26 80.10 79.59
aw 135~301 9~.29 3 98.66 6 98.66 96.43
ay 112~257 7~28 4 95.24 2 91.67 90.87
44 94.49 91.76 90.88

4 25w 5REH (Conclusion and prospect) AR T35 K B R 1894.49%, BT TE SR 144

A A I UG S ik 5 S A K )
BLERE € 52 i F s S AR R LS 5 e i B, Bk,
BT AN RS2 T FL A5 S A e MR ZE e, BB I AR
FH 747 58 B UE I 25 1 5 52 3835 DU C 1) N (8] 25 400
iy, 2R H 8N L A R AR AT R AR SR Y, IS
K AR A AL AT 73 28, VAl BV A R, )
FIBCI competition III Data IVa%y #5 52 i3t 17 03K, 547

0.32%, S5 IUAT I FAb 3R 7 ik BB BoAT W R A 55
RN REURR, IS BN S B I AE 2 R 5t
B TR,

AR IS E 3k IR SR B AT 2 SRR
A, FTYINGR S I 17252 10 [ R P BEAR Y, A AR A
X FE S TG I (R AN[R] 32 103 1 75 M I 2Rt
). BEEREE S )RR, AR O rh iz s
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I SEF, ) 52 M R B I kit 32k i 12324,
ARG 95 2R GO AN R 5210 I Tk, IR AR RN
P FE T A — Pk,
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