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Rhythm adaption method for extracting spatial features of MI-EEG

WU Yelan, ZHANG Yue, CAO Pugang, LIAN Xiaoqin, YU Chongchong

School of Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China

Abstract: Objective To propose a method for spatial feature extraction based on rhythm adaption for addressing the problem
of poor recognition of multi-class motor imagery electroencephalogram (MI-EEG) caused by the individual differences in
MI-EEG and the dependence of feature quality on frequency band selection. Methods The spatial features under different
frequency bands were extracted with filter bank common spatial pattern (FBCSP). The immune particle swarm optimization
algorithm was used to optimize the frequency band and spatial feature extraction parameters in feature extraction for realizing
the adaptive adjustment of the rhythm and spatial parameters and obtaining the FBCSP spatial features under the optimal
rhythm, thereby improving the recognition accuracy of multi-class MI-EEG. Results The proposed method had an average
accuracy of 85.49% on BCI-IV Dataset 2a and BCI-III Dataset 3a, which was 10.84% higher than the original FBCSP
method. Conclusion The proposed method is advantageous in EEG feature extraction and can effectively improve
classification accuracy, providing a new solution for MI-EEG classification.
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2 MRAE

2.1 FBCSP

FBCSP H T4 0L EEG W28 4 1E . R DI
IR YE I 25K MI-EEG {5 520t N n [ 52 14
o RS AT TR KRB S AT S5 B T
ZHER,, :

x,x;
Rx\c, = T
trace (x;x;)

(1)
Hr x &N x TN x TR EEG (55 N @5, T H
RHES e (1= 1,2,3,4) REARKIMGAT S5 2, B i
KAT 45 %4 137 19 EEG 155, trace 40 B (0305, IR
LSl T 5 RO R, 35 i 4T 45 D TG BE
ENGOR BNy P =L isl

R=R, +R., +R, +R,, (2)

XF R BEATAF SO0, A B (LR RE P f 42
B G AE S i 1R 2, A 3
W2, Lli= 1R, BAEICER, MR,

R =R, (3)

R,-R. +R. +R. (4)

R LB R PS5 R IR, 3647 111k
AT , SR FCRE AR A v, FVRFAE ARV U, BURT m A
A [ o K BT S U, T S B RS R W, =
UT™P. VLILISHE 1551 4 41 15 50 00 M | A e 240 2 1)
e W = (W, W, W, W,]. FIFEE W55 x
PERY T 25 e AR B 2 AT 5 n AN 1 25
FEE DR B VR SRR F=L £, o fomale T
PURE A f ARSI CITLAE B R A LA B
B R MR ARG, B 2 2 U IEE S = { f) ) =
1’ ...,ko

JEH FBCSP H1 %3 [RIE 28 W 224 i 5 3705 14
EEG #4725 B8 i 1015 2 BRR AF B 30 5 1 3



- 1272 -

N e

5540 %:

Fas WA SRS B m &, B % e e | 25
MR SETE o T m e M s LR 2% Wi DG B ke
FE T HRFIEBCR, QSR m R kol K AR B R 2 o) M5 B 42
TUAAR BRI a5 m A0 kad /N £ B8 0 25 (Rl
BD SRS SRR R AT A3 T PR, 5 B
RN ZS SRR S S Em RN k64T 00, A5 24T A
m kW B A -

2.2 IPSO &%

b % s (Immune Algorithm, 1A ) & 52 4= ¥ e )%
RGR RIE R e RA W, A& 2R R
HL kL B L 4k B 1% (Particle Swarm
Optimization, PSO) Ji T S #2170, © AR H &
FURER (048 R 250, ) S5 0 fff () 5 iy R AR . AR SC
Wit T —Fh IPSO 5.3 AR 3% S 9l & 1 24
A2 BRI B S B 7R 1A 928 S5 3R 4 5 | A KL+
R A S, BRI s ) B HLPE 20 28 S5 07 =, ZE Pk
Tl 3 A AR B AR AR SR RS, PR B B i, 5
J 4 FBCSP J5 i i BB | 25 SRR S S Bom &
()T, i el ke S T 8T, LD R U F s

Stepl : WIRALIERIREL G = 30, BriA%E N = 60,
L& 0={q,qmqy, PU K B OE V=
{visvs v g, = (gl gl 40,40, ql) il 2
R ES8. SR & XWMELFR, v, =
(Vv vl vl Vi R A5 T ER 6 N ) B B v TR R
[-5,5].

1 kTR
Table 1 Antibody elements
FRE q) 4 q; a q
A m k EAIEHT 1 W SEE w K n

W [1,22] [2,4mn]  [4,36] [2,6] [1,9]

Step2: ¥4 PLIA g, 75 A F FBCSP i, F 7 FEAF
B, I SVM 4328, 10 3E W {E fitness, fitness A
AL H bR, RIS JSUERG 2, N R 3 FREAR B, m, W IE
W 2R i S RIREAEL

" omy

le (5)

Step3 : I W& 756 M B QL 1k SR, 250 A D 2%
IEFRFE i Fe O 3 0 B2 E fitness Xof L A HT A4, RIA
SZHq, = [m, k, [, w,n], FWAESEAT Stepd

Stepd : W BT 1A F4c HEGE V7 B AH fitness MK 2 /NHE
J¥ R HE Y SEHT Y 12 BUOR ve B, 18 IBGE 1 B2 A HE 44
S — U AT BRI Gearo

fitness =

StepS : XJ sw BEHLAR A 5, B S 1T SR R g 1T
R TR R AT (6) SRR AR TR A B
BT EYUR A A AR S . Hod, o 15
PERF I E N 0.8, c, W=+, EN 18, H
[0, 1 ]2 [H Ay BEHLEL

vi(t+1)=ov,(t)+ c,ry[ G - 4,(1) ] (6)

g,(t+ 1) =q,(t)+v,(t+1) (7)

Step6 - kil Hr F HE , FHTWI IR Ak N2 APk, A O
StepS HE 1 FE(EFERTAY 1/2 P04, iR 1] Step2.

2.3 TEEENMTIEFERINA X

BEF 5 A [ 3% I (9 MI-EEG 2 SRR AF £2 50 12
SRS B R A 3 BT R o BN 2k B B, R
IPSO F LW A b NI 25 S804 ¢, 3 FBCSP 4.
AR AT P46 25 SRR IE 4, R SVM i
R b (10 B B 8 (R R T U B AL AR A BES
£, SHER R 25 SHUE ¢, W i, %t g, T
e HEACARTF A 25 S8 g, T B RSB 2
AT B2 BURRAE . BERIIA R B, FH SVM it 47
FRHEAP2S 15 B i R4y 254k

3 BRGNS

3.1 M-S HARUMNBERNERS SR

SR UE T ¥ WA RO X6 T A 8 R B d A
FTFRE SR IR 732, 4 2545 R i Wi A% SVML, P4 24K
PR M FRCR A 2R EE R MFE 2 PR, ATLLE
P R XA TR R A, X1 R 23 SRR AR B2
SRR T B S N PR R R T B
A 25 S HORTE R BT AS [F 9 & 2 1) 1Y) 22
S

5T %W, EEG {5 5 5 4 4~40 Hz, 4 Z il &
PEATIB SRR, mu T (8~12 Hz) 7= A T 32 3l
X, BN BT R B, Y A2 A TR R
A, beta 15 HE (13~30 Hz) &A= A T Fg it 362
Hh R A R B AR 4 7E 4~40 Hz, AO1,A02,
A04 .A05,A07 .A08.A09 . K6b L1b#f ik 345 (4
Woe BT T mui AL, A03 . A06 K3b #4151
Koy 7 55 1 HR A mu A, X T beta T HEE, 12 44 90k
B e & w0 S, A EEG RS
AR X T 28, RIS B N £, /W
At AT R AR 4 ECRE B 4 b R 1iE MI-EEG
5.

2¢ 2 {1 BCI-IV Dataset 2a 1 BCI-III Dataset 3a %%
P 5 10 7 X4 UE B K 3K 3] 85.49%, Kappa & £ ik F|
0.806. WA HAHEIA Y 43 2R , BCI-IV Dataset 2a
F1 BCI-III Dataset 3a 4 48 5>l € 1) o5 o o 1 o



10

- 1273 -

RBKIFEHL (IPSO)

RILSH: W ok FERIHE TH: WTRHERH SEbE HEHE
HO OO 08O OEHD
I
l h
SRFFERR N FHIEERE

kY

2 n i . n % dm

k

SRR

i

W& HER> E E N Sy
=1 —
IR ERAE=SEE (FBCSP) . ZISAE (SVM)
1 |}
R EAE > Em S HMAYFBCSP > ESTngiaing > AR > SRR

B3 2ESHRRE

Figure 3 Overall implementation process

# 2 BCI-1V Dataset 2a. BCI-1IIl Dataset 3a #{1&$E57i-Z5 & MWK ZSIFHE 2 K2R
Table 2 IPSO optimized spatial feature classification results on BCI-1V Dataset 2a and BCI-III Dataset 3a

e iR ] m k MR %  Kappa 5240
A01 4~8 Hz,6~10 Hz.8~12 Hz,10~14 Hz 12~16 Hz14~18 Hz,16~20 Hz, 18~22 Hz,20~24 Hz 22 100 88.79 0.850
A02 4~10 Hz 8~14 Hz,12~18 Hz,16~22 Hz,20~26 Hz,24~30 Hz,28~34 Hz,32~38 Hz 10 251 70.68 0.609
A03 9~13 Hz . 11~15 Hz 19 79 9224 0.896
A04 6~12 Hz,10~16 Hz,14~20 Hz,18~24 Hz,22~28 Hz.26~32 Hz 9 140 82.75 0.770
A05 4~10 Hz 8~14 Hz ,12~18 Hz16~22 Hz,20~26 Hz.24~30 Hz 28~34 Hz 32~38 Hz 22 338 82.75 0.770
A06 9~14 Hz,12~17 Hz . 15~20 Hz 18~23 Hz.21~26 Hz.24~29 Hz 11 194  68.10 0.574
A07 4~10 Hz 8~14 Hz 12~18 Hz16~22 Hz,20~26 Hz.24~30 Hz 28~34 Hz 32~38 Hz 2 42 9482 0.931
A08 4~10 Hz ,8~14 Hz ,12~18 Hz,16~22 Hz 22 80  89.65 0.862
A09 4~8 Hz.6~10 Hz 8~12 Hz . 10~14 Hz .12~16 Hz,14~18 Hz.16~20 Hz .18~22 Hz .20~24 Hz 8 211 85.34 0.804
K3b 11~16 Hz14~19 Hz,17~22 Hz.20~25 Hz,23~28 Hz.26~31 Hz.29~34 Hz.32~37 Hz 6 114 100.0 1.000
K6b 4~10 Hz 8~14 Hz,12~18 Hz,16~22 Hz,20~26 Hz,24~30 Hz,28~34 Hz ,32~38 Hz 22 120 83.33 0.777
L1b 4~10 Hz,8~14 Hz 12~18 Hz16~22 Hz,20~26 Hz.24~30 Hz 28~34 Hz 32~38 Hz 2 25 87.50 0.833
F-HME 85.49 0.806
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FRAUNEE 3 TR ERD/ERS B 2 0] R X 412
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Table 3 ERD/ERS phenomenon for different tasks
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Table 4 Comparison among different methods
e LS RS CSP+SVM FBCSP+SVM EEGNet Shallow ConvNet
1
WERIF% Kappa RE0  MEWIF% Kappa REL  MEWIFR% Kappa 250 iR % Kappa 28 HiFiR% Kappa 25
A0l 88.79 0.850 78.44 0.712 84.48 0.793 85.35 0.804 87.93 0.839
A02 70.68 0.609 55.17 0.402 56.89 0.425 50.00 0.333 63.79 0.517
A03 92.24 0.896 81.03 0.747 86.20 0.816 93.96 0.919 93.10 0.908
A04 82.75 0.770 47.41 0.298 62.06 0.494 69.82 0.597 72.41 0.632
A05 82.75 0.770 42.24 0.229 61.20 0.482 48.27 0.310 76.72 0.689
A06 68.10 0.574 51.72 0.356 56.03 0.413 62.93 0.505 63.78 0.517
A07 94.82 0.931 82.75 0.770 89.65 0.862 86.27 0.816 93.96 0.919
A08 89.65 0.862 77.58 0.701 81.89 0.758 83.62 0.781 87.93 0.839
A09 85.34 0.804 71.55 0.620 79.31 0.724 86.20 0.816 80.74 0.743
K3b 100.0 1.000 93.05 0.907 90.27 0.870 97.22 0.962 95.83 0.944
K6b 83.33 0.777 58.33 0.444 68.75 0.583 66.67 0.555 68.75 0.583
Lib 87.50 0.833 68.75 0.583 79.16 0.722 81.25 0.750 87.50 0.786
A 85.49 0.806 67.33 0.564 74.65 0.661 75.96 0.679 81.03 0.743
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Figure 5 Overall confusion matrix
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Figure 6 Evolution process of different optimization algorithms
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