W43 B W 2 M xR % W Vol. 43 No.7
2022 47 H Chinese Journal of Scientific Instrument Jul. 2022

DOI: 10. 19650/j. cnki. ¢jsi. J2209389

— M A EIEZ R0 B EEG-INIRS B 345 {E Bt &
S5thEasERE"

S T N R SR
(LBTFRANTHEAEEBE KA 3003505 2. BT RS RH IR REHLS AR E AU S KH 3003505
3. MIFRE AR B RE B SHL R ARG TEBE  TRYII 518083)

T R BA T LS B A AARAZ B 4 K A AR A I 1 A2 SRS (H SRS AR 5 B W A i A LA B AETE SR
B, ML, A SCHR T —Fh LT EEG 1 INIRS {5 5 B IHASERAE Bl -5 P 1) 20205 2, ) R IR ol 28 W 335 s A0 i 480475 8 0 T b
TR S SRS RG B . 4G, 3R I EEG W/INBE L RE S RRAE , 4 PSR 4 8 e A 45 ( Bi-LSTM ) $2H {NIRS A9 B 485
T 4 TR AE 2 A 15 30 5 IS4 8 B Bl R AE , 5290 EEG A1 INIRS A A2 BRI 915 B0 %h . SRJ5, FIAT 1DCNN $25K
A RIERBIRIE R . BE , R SEEMN A MG TS5 525, Wi i T AT B4 A SO iy EEG-INIRS {55
RIS B HER R g 95. 31% |, B BARE A3 24055 7. 81% ~9. 60% , 45 R LT EFE RS T W HAMS 5 s (5 2, 32
T X TR 138 sh i A JE e R

K4EA . EEG;NIRS; IRSAFAF Bl A 5 D) 4325 ;128 Sh i

RE4S S, TP391 TH776 XERERIREE . A BEXRREFER SRR 310.6110  520. 2060
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Abstract : Functional neural imaging technology can reflect the physiological change of the brain, and decode the movement state.
However, the information by the single neural imaging modality is limited. In this article, a time-frequency feature fusion and
collaborative classification method is proposed to achieve high precision motion state decoding with EEG and {NIRS signals, which
takes the advantage of the complementation of electrical activity and hemoglobin changes. Firstly, the wavelet packet energy entropy
feature of the EEG signal is extracted, the Bi-LSTM deep neural network is used to extract the time domain features of the fNIRS
signal, and the achieved features are combined to obtain the fusion features containing the time-frequency domain information. The
complementation of EEG and {NIRS features is achieved at multiple levels. Then, the IDCNN is used to extract deep-level information
from the fusion features. Finally, a fully connected neural network is used for classification. The proposed method has been tested with
a public dataset. The EEG-INIRS collaborative classification method achieves the accuracy of 95.31% , which is 7. 81% ~9. 60%
higher than those of single-modal signal classification methods. Experimental results show that this method fully integrates the time-
frequency domain information of two physiologically complementary signals, and improves the classification accuracy of left and right
hand grip tasks.
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Fig. 1 EEG-NIRS time-frequency feature fusion and collaborative classification pipeline
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Fig.2 Experimental process of left/right grip task in HYGRIP dataset
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Fig.3 The average hemoglobin concentration change curve

of the left/right grip task
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Fig.5 Bi-LSTM neural network structure
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Fig. 6 EEG-{NIRS time-frequency feature fusion and

collaborative classification pipeline
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®1 EAREZELN SVM &3t EEG 5 £ R H#EH R
Table 1 The accuracy of EEG classification using SVM

with different kernel functions %

H% R ] PCA 12 B PCA w2
i 62.5 61.0
/g 80. 8 79.6
=R 81.7 81.4
=0 82.8 87.5

e 71, 70% R X SEAERR A, T B HRE TAL B A0 500
AF Bi-LSTM 128 X 28 i BRURH s Ry il 9202, 1531 1
85. 71% M3 FEHER A, [, SR FC P2 2% 2 AR
2/ 4% ( convolutional neural network, CNN) | LSTM i £
W2 % INIRS {55 BEF 74028, 5 5L N 3% 2 7, Wl LA Hh
T FH Bi-LSTM 1 22 o0 28 1) YA 5 o o

x2 EAAREFAEN INIRS 59K AEFHE
Table 2 The accuracy of fNIRS classification by
different methods

Gr3Tr ik NES(HIERH
{NIRS-SVM 71.70
fNIRS-FC 78.57
fNIRS-CNN 81.25
{NIRS-LSTM 82. 86
fNIRS-BiLSTM 85.71

XFF EEG-NIRS {55 Wplal 432, (i 42 10 1 43 2807
X EEG-NIRS 55174025, I 52 A MR T SVM il
DNN ML [ H R o0 28 b AT e, R 3 Xt T
FHrEXT EEG L INIRS WA 5 B 432 e P R 43 25 19
5L AT AR 45 20 AR SCRT 42 1 3 T EEG-INIRS B
SIRFIE LA SR 3 27 RSB T 95, 31% 14 4 kA
R H BRGS0 R ER R BT T 7.81% M
9.60% ., [FIA, A SO 4 B A 7 vk A VE A R, E B AR

*3 FEAREMNESEFEX EEG-INIRS 7 K £ =
Table 3 The accuracy of EEG-fNIRS classification using

different collaborative classification methods

Jrid W%/ %
o EEG-Hi i SVM+PCA 87.50
HRSES
fNIRS-BiLSTM 85.71
EEG-fNIRS-SVM 89. 10
B EEG-fNIRS-DNN 90. 00
EEG-fNIRS-1DCNN+FC (A& 3) 95.31

SCH Y T57 %k T LA SR Z2 RS PR AL, 3 T i v 0 2K o

3 it ®

AR T —Fh LT EEG-INIRS {55 IR AE fl
SR NI . B RETE R T A RS EEG
FIINIRS P15 S 7E R AEEHLBE 2 1 A9 B AN, L K Hi A
SRR R W R TRME S . 34, A 1DCNN J7 v %t
A FHEEAT T IRZ RS SR T 2R E R 7
fe 1 PR IR A 2 B HE A R K BT B O R R S T O 4
HYGRIP H b7 50Uk, N5 R 0T IR 1, % EEG /N
RESE M ERAE AN Bi-LSTM $2HUAY) INIRS WA AE 17 Al &
SR 52 Y HERR S B I 5 T R B A A S R AT A2
PIMER R . YT EEG {55, (1 FH = 5t SVM+PCA J7 %}
PEEU /N RE R AR AR HEAT 4028, SEL T 87. 5% MY
WK, X NIRS {55, i A Bi-LSTM J5 % H zh# Bt
BUERAE IF 43 25528 T 85. 7T1% By ERS %, XF T EEG-
NIRS , 75 | I A 5 A, PR 1DCNN J7 325 47 ik
— 5 B ERIE R, SR 5 0 FC 28 64T 4025, 15 B A
R 95.31% , ATLIFE ), i F§ EEG-INIRS a2 ik
24y W) L Ad B EEG Y INIRS {55 % 7. 81% #1 9. 60%
AR TR B EEG A sl 4% AE A1 ANTRS Aiof 3 465 fiF B
e ST 55 rh R G % 2l i 25 55, HLAdEH IDCNN il FC 1)
X AA RIS T T — 2 A0 M5 BARBURI 328, MR T
Chiarelli 25" fiff B 445 AF 42 U 3 RS A P 432 422 i 5t
DNN 45 (9432505 1%, A SOy 15T AT IR A b 3R B 1
AR I B AME U T R A S R

53HT EEG-INIRS Blp [F] 73 2548 F B — 15 5 40 2 1y it
P

D BN, 59R8EsESH L, s S
At A £ B, AT PR AR AR S8, e 4h  EEG 1
NIRS SREEMIIGIRE X A5 5 AR R, /i H IEph 2l
55 JE A WO M LU P 2T B R B ARk, Xk [
(s PP S T 2R 20 ) T M L 1 SR T AR v 40 2 14 o

2) ARG L PR, BT EEG M INIRS {5 5 R Af
A 1000 Hz 1 12.5 Hz, FH2EIE 10° B0 2%, X
55 A TR RAE AN L R 5 s A B it 2, TR e e A
MIFLR1E5 AT RLG . 3 Ah, 16 SR 2 Al WO A5 5 Bl
Gy SIS R LA R o S v | (EUKRE R WA A5 3
WS R, A SCER B AR AR 2 AT Al A B T
Y SN E SN TN/ =) bl 8

3) B N A BEPE A st (] Bi-LSTM i
Z5 2 FR I INIRS I SR AIE | ol 19 4% BE % 2 ~J i) i) ) 51
FERDI R SRR, FE$H IDCNN+FC J7 ik Xf
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Al A RRAESE— 25 S 005 25 43 EEG-INIRS {55 Rl &
FHIEAE 2T A5 B o e, MR Pl 28 I 24 25 40 Xof 2k
PERYIE I RE ), (AU T Oy B S b S B 7 A7 T3R5 48 )
5 EEG-INIRS 2 [A] Y N FEER 3R .

FT 2SI REE S A SR 432807 1478
EFEE R, IASCAFFE B EEG FNIRS {5 5/l & 4
B, Wi 5 R AE TR B SEA BR R, HAi & oA 55 il
B PAFHE—ERIRYE, WIS BN 2525 i A4
T A SR S A A R R OR SR A, A
HIRIFSE 7 it B T T XTI S5 R AE Al & O iR ISR,
A5 B TAEK S X EEG F INIRS JR IR (S S0 % 2% %K,
ME LA L% R RAG 15 5 UEAT A A Il R A 9T TR 56
WG 53 AT 55 22 18] 1 2 Bk 2R, S8 B0 4 () b

fi B A o
4 & it

AR T — AT EEG-NIRS FPFUSRFHIE L& 5
BMAI 202605 2 B AR B EEG /Nt A0 il i R AE 5 Bi-
LSTM [ SR (NIRS IR AEHEA T2, SRR HEAT 1
[Flor2E . Bz D5 ki TE A TP AR R S8 T 95.31%
TR B RS AR 5 o 2R HER R 4R T T 7. 81%
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