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Classification of multi-class motor imagery EEG data based on spatial frequency and time-series

information

ZHOU lJie, YANG Guoyu, XU Tao

Institute of Intelligent Control and Robotics, Hangzhou Dianzi University, Hangzhou 310018, China

Abstract: By combining common spatial pattern (CSP), discrete wavelet transform and long short-term memory (LSTM), a multi-
class motor imagery feature extraction method based on spatial frequency and time-series information is proposed. Firstly, time-
series electroencephalogram (EEG) data are obtained using a sliding rectangular window, and discrete wavelet transform is used
to extract the sub-band wavelet coefficients associated with motor imagery from each EEG segment. Secondly, the further feature
extraction of the wavelet coefficients is achieved by one-versus-the-rest CSP, and the obtained featuresare used as the input of
LSTM. Then, the time-series output of LSTM network is averaged over time steps, and finally, Softmax classifier is used for
classification. Experimental results show that the accuracy rate of the proposed algorithm is 92.23%. Compared with CSP features
and CSP features with frequency or time-series information, the proposed algorithm achieves a much higher classification accuracy
rate, which reveals the complementarity and effectiveness of space, frequency and time-series information.
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Fig.1 Block diagram of multi-resolution analysis of discrete wavelet transform (DWT)

1.2 OVR-CSP

CSP ik I . 1556, PRSI R I (B 22
SRR ) [l Bt X f Ak, IR =5 o2 i HE R B b
155 W L R0 4 SR BOR R4y o (R, P i 2= 1)
PRI =F R IO 194 7255 8] 3k 38 25 6 5 22 15 5 B4 4R B
Ko AT CSP B £ 43 28 [n) R R —XF 207
B 1207 R — R Y il — 2 AR R T
AR S AN — 2, AT e — A~ W2 1 CSP,
X REAR O B — 2505 B354 1 (1) CSP 2% 8] U

o LI—A AR ZERIPREE 1) 4 2818 3 8 4 ik
Beli ), 2R BRI RIS T
B X, eR™,i=1,2,3, 4 7MFoR 4 Kz iR
J5 45 BEG, Ferh N 27 ik o 8500 4 A0 i TE R, i TR
7N EEATE TE A SRAE SR, U AT A4S 2 BEG B9 U3 —1k
W7 2
XX
o trace(XiXiT)

e, X7 R X, 5B, trace(X,-Xf) e

,1=1,2,3,4 (1)



1

- 83 -

X X! XSHALITEM SR, XH—2A0 % shfE L2k
I 45 3 B9 25 (8] P 5 22 50 1 B 45 3 S 2 B O 22
TE RS

R,:Cli;lei (2)

Hr, ¢ FRE i 80K EL, R, FRra e ik
SRS 22 FE R 2 R, ) 4 28 B SF- 3 B 22 22 TR
R=R+R,+R,+R, , X R ¥t 17 45 1iF {5 2 f#
R=UAU, , WA W, .

W, =A"U! (3)
Hp, AMRESE G FEER R, U, &5 5 EE
S B AFDGT O ORI [ S . I 1 o — 2,
T2 2.3 4 B I — RO H AL SR, D),
W RLKESP- S5 Wy 22 50 B4

S,=WRW' (4)

S,=W(R,+R,+R,)W/ (5)

Al LLUER S, AT S, AT A TR A 4R AE ) A, B
3=YAY", 3 =Y AY',A+A,=1 ,Hrh [Effi
FE. F TP REAR N AR LR 1, R T S,
HA R REHHER R X T S, HA S INFIE(E,
RZIRR o PRI i B AR (R A RN B R U,
R RFAE ) AR UK R 2/ INHES , SR )5 3 e 3 06 1
F A A, H m AR 2m ANFAE [, TR
— SRR U EATR TR AR R . K
P U, AR R W, R 35 2850 1 Y25 [l 4% -
SF,=(U'\)'W, o [al Bl AT 45 H A28 51 Y 25 ) 98 I 2
SF,=(U",)'W,, SF,=(U',)'W,, SF,=(U",) W, , ¥4
BRI Sl i 42 ISR A e IS 1521 Y
ANE S AR MIES . 2,=[2+2+Z+Z]],
jel, - n, i n 2R EEG B3, &5 RERS 51
J5 ZEIAL O HU A B & A RFAE -

P ) (6)

gvar(zf)

1.3 LSTM

RNN RS i A A A 2L A - — 12 S Al
I 220 B, 93— A 2 i — IR 221 BSOBUZ A i
1, RNN BATIEAZIIRE , nl LIAT SOM I A {5 f i
15 S AT I B P 510 208 o (EAEAZSERY RNN H
B S 1) A B B Ta) , 6 5 £ 5 ] E 22K (5 s [
AR 2 ) e LA BEE i 280 2 1) 7 e i A
W o AnSRFE R P A ACEEAR DN, U] RE S B0H R AR,
RS Hh 2 > RO G 2R i1 B L 2845 S T

ME AHB , ISR AN R B ACEAR S, )R] RS 2L
B EHEAE o

X LE[AUR B ) LSTM AT Y 2301, B 5 1A
TACHZT0, N 2 Bs o iC1Z ot 44> 200
A BA A SRR o0 (5 A SR )
AT e Mg T A R D 1.0, 9
HERER N TR BT 22 ST AR S AT LA
AN TRIAE 2 55— AW P AR R E o S AT AT
LA VFR A 5 R s PR B ICAZ R IR S o 5 —
D7 T i T SR VFICAZ BT R AR A e 22 5T
AR E . RJa, e TR DR RCAZ o
4 F Bl R, SRR TR I EC i U e
HTEPIRAE

Y Y1

Iﬂ 7
BIEil L
Xt
Y 0 Wo
o @ ciy
0 ] “Yu

LSTMigfZ %50

2 LSTMIigIZ& T
Fig.2 Memory units of long short—term memory (LSTM)

WX, O e 2R S T AR SR T
LSTM FAICEER , TE [ LR i o A XU E

z,=h(W.X,+Ry,_ +b) (7)
i,=c(WX,+Ry,_ +b) (8)
f=0(W.X+Ry, +b,) (9)
¢, =ixz, +fxc, (10)
0=0(W,X+Ry,  +b,) (11)
y,=o*h(c,) (12)

Horp | 32 %5 Sigmoid PREX o FIAET AU IEIE PR, XUl
1E V) pR AL tanh 38 5 FHVEICIZ 5 o0 A H 30 PR
h A5 « FoRFETTR I

S5 AWER T x,, 1y, 000, 1, Z5LL, LSTM #
2 P2 1 A= — N RUF S v, v, oo,y o BERE



- 84 - Hh R B2 3646

23S BEG W) 43 28 [l f81, AR SCHs i b 7 9 FE Fir A
R BR8£S B e 2 oy, 1K i A —
R AR 2 A B 2 A G PR AU tanh
PR, AN 3 TR

SEZERER
A

y

Mean pooling

3 LSTM 432458
Fig.3 LSTM classification model

1.4 IRAFETER

AL HETHE BAE S EEG 1923 )45 2% 5 st 7] i 57
R LRI —Fh 2252 3 5 EEG I ARIESR IO 2%
PN - (1) 1 Se I 2L IR iR EEG s
AT B E N AR UGS S AR GAT 55 AH -5 /N
280, B8 FI ] OVR-CSP HHATHHIESR I, %) n 23z
SRR GAT S5 A n A WIS 28 [ , Ik A Al —
M Z A BINE AT o (2) ¥ VI 2R ) 4G EEG A8 id o
WEEIE (K 1 s, HE 50%) $HUH 2 BL EEG,
FEKs X 28 BEG i B i A ] 7y 471) 21 B et [ )7 57)
EEG. )5, X ita] 41 EEG H i 5 BL s 5 kA7 5
FINE i, BEIGE A8 5 BEG AH AT (1) /Nl 2R
B BN REE 48k 22 20 255 (o] I 4 U8 R 0T 3105y
TiF , TS 3 [ 4 1 DWT-CSP I 6] 5 51 45 1F . (3) %+
YIZREE) DWT-CSP B B P FIRFAEVE S LSTM 2% i
I FELSTM Z 5 BN n— 2 & RS2 Kk
2 B A Softmax 43288 15 BN ZRAE I 432
G5R . RV B ) I AR R SN 2R M 45, I [l A%
FEALFEPIA 7 1]« — A S WA (R A8 52 1) A6 4% , BDA 24
HIES ZIFF 46, T A B 20 R 25505 55— U2
BRI ) [ — 254 . (4) 1 ASE /Y EEG £ Kk
283k DWT . 22873 [H] I8 % 25 U8 U ANl 25419 LSTM
K2, T A 2 i 8] 25 _E P339 DWT-CSP-LSTM ¢
fiE, F#1IE 28 Softmax 7r A5 BN AR 1 432845 .

2 KRG RERSH

2.1 SLIGHEIER AR

AR SR FH 2005 4F BCI 5 3% 111-a K048 45 K3 3238
LB | %32 I AT 4 2538 S R AT 55, 43l
KAEF AT LR E K o SEEGH A 38 [ Neuro 24
) Neuroscan i LR A1 45, IX R A1 64 FHRHE
B G FLE , DA BCR RS R 250 Hz iR % . Ik
A, 2 ki P SR B TR 8 M SR 45 3] 1) i FL R LA GDF 4%
e

EBIEEN LR 4 PR . ZiE LT
HERT 22 8 0 S 58 PR 45, I LA A0 is 190 R 265 A 7 S 56
R bo b T B AR R TG B RS R G R,
FAES W BRI . MR , 2 E T
B2, 24 =2 s, BCT R G 4 H i 75 41 /R 32 3%
HIRIIEL T, I R Bonas L —4 47,
PR ZIRETEFGETEE T . =3 sh, R
fr DHBLEA R AR 4k, v B A
LS AEF AF W ERBEE SN, 7
T e FEOR TR) 7 1) 77 Sk ASCHE AR R 38 B AR % . %88
PEAERT 3k R R W% 1 siFIa], N 7E =4 s, 1757k
MR R FIH G B2 T e T is sh A 4
1E%HZE =T s,

E4 WTER
Fig.4 Timing of the paradigm

2.2 SHEHAEL

FESE 25 ] AR AR (] 7 30 45 8L 18 R IF 4 i
T L DWT 150 2400, CSPARFIE SR B Fi 2
23 [A) 0 AR T e B R AIE T s 4 H , DAL LSTM #h22
W25 B 2 A0S B2 RTINS SR, X e S R ik
K B2 AR SCRAE SR U 73 2R IE R R . AR SR
FHVNZRREAR B 5 $7 5 SUHUE 1) 7 22k e A e BX

H Tzl 4 EEG AR N o 19:(8~12 Hz)
Fl B 15 (14~30 Hz) , HiZBHREEFERFEIFZ 250 Hz,
A3 Daubechies 2 db4 /N, %145 EEG #1742
INBE i AR TR S IR 1 s, MR 1AL
Al D, F1 D, T BSAIE ] 5i2 3% EEG AT
AL AT, R D, A1 D, FH7R/INIE 2R 8
A BUHT I FL /NI (55 [D., D] o

OVR-CSP L M & 21~ 25 A1 g I A% , B
23 IR P A e B — A B — 28 R B R



- 85 -

®1 RERES4RNEDHE
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signals using 4-layer wavelet decomposition
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Fig.8 Two—dimensional feature distribution
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