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Research on hybrid BCI system combined SSVEP and SSA
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Abstract ; The current somatosensory selective attention based brain computer in terface ( BCI) system has disadvantage of less command
for multi-degree deviceandlow information transmission rate. To solve these problems,a novel hybrid BCI system combing steady-state
visual evoked potential (SSVEP) and somatosensory selective attention (SSA) is proposed in the paper. The SSVEP and event related
desynchronization ( ERD) can be elicited withtheaidof visual and somatosensory stimuli. In order to overcome the shortcomings of
conventional feature extraction method which needs more heuristic knowledge, a deep learning algorithm is used to decode the EEG
signal. In this method, the temporal-domainsignals of several channels are converted into temporal-frequency-spatial domain feature
image. Eight subjects arerecruited to participate the experiment. The average accuracy of offline test is 81.35% , which indicates that the
proposed multi-modal hybrid BCI based on SSVEP_SSA is feasible for instruction set extension and decoding precisely.
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related desynchronization, ERD) "' — ¥ 52 || [& P 4F F 58
BRIz R, HrP RS IS K AR 7E—E PRI
PG DA AR RIS, 78 I A0 50 DX A5 &t X o7 A48T 242 11 il P,
%% (electroencephalogram , EEG) " | 3 i3 figi H {5 5 45
SRR (8 B HRUTT LA ) IR I G 8 R 5 RO 4 T
ERD W2 7EAR R Bz 3l i B b, I xs iz 2l Jdeoe [X
PRI FL A 5 2 T R AT P 3 I D I A B S
(ERD) BUG . {HJE, £6 6 7 v R 24 20% ~ 30% ) 8
G AREVE L AR ERD {55 (B “BCIE ™)™ k™
|2y T EETE G BCI RGEMSETE, Bopiiboe &
B A 8% 38 $& P 73: B ( somatosensory selective attention ,
SSA) WX BA s ShAR G 2K LA 2 A LI, 7E
HMRAR S BRI B B T, B BRI AE K iz Bl B X
PEAHI A ERD B4 BT, Yao %R T — Rl
PR E R AW BC R4, AL F L
[vi) BN Tt T TLARAIR 50 o 8 47 300 33, 8 o e M o, A
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BCT RGAFAERE AR 20D, 73 2 IE#f R A DA% i %
i A T i 4 Ry 6 i O A 45 ) R I VO A2
WAL AW ERERNT R 7RI — R84S
45 SSVEP F1 SSA (UL #, 42 i — R 5 B Y 2 151 25
£ (SSVEP FI SSA Fil &) IR G BCI R4, [FIHS, fE4
SRS BCT R Ger, SR Y H A0 A2 LB 3l 033
BT R R A N R i e T LR S B
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VLA, 2R8G9 A BCI(hybrid BCT, hBCI)
YEAics BCI PR RE Y 223852 3 71z & TE . hBCI 3 i il
A A IFREZS (P300 SSVEP 1, MI) 75 & I L5 5, AE 2

AR R BCT 72 IE A 58, [R] Ik 5 in R i ] &t i) 45
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KGR PN TR 4 B e, T 20 4 BRAR M 4k 3] ¢ 42 DL e
AR RRAE , 25 5 i A A B R

YER R EE %)M E T B, &M s Mg
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FZ St (15 3h 484 BCI'™ P3¢ P300BCI" 4 ) ; R
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Table 1 Information of subjects and classification accuracy

ik sl ) S3 s4 S5 S6 s7 S8 SR
el 5 8 5 5 5 £y % %
ARk Y 21 23 21 22 24 21 22 22

RIEMZ/% 85.05+6.75 72.32+5.83 89.65+7.62 83.12+8.83 74.49+7.47 87.15+4.26 77.53+6.20 81.49+9.63 81.35+7.07
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T B ARG B S B, bR R R A A [R) AR
K P55, RV 58 1 ms , IR0 BE B XA [ 13
AT IRAE DL R A XL 220 375 BT 7 KB 4 s B S g, N
AT R R R, AR BT 4 2R finh o S 52 2 XF

20~50 Hz [P0 INI JAE X f508%, Hor 26 Hz S Bl &,
BT ATFAAFBHA B IR R, T aalH 4k
G, W22 A Tt LA [R) (%) SR 00 % (— e A 2% 6 Hz
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Fig.1 Diagram ofexperimental sequence
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B g BR T4, B S IBCR F I B 10720 REEATE .,
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Ao, m FR B M SSA B trial S, ASCAE
F oA FBEBEEE R 4000 40 ¥R STFT(-) ZXT T
PEIE B {5 5 17 %6 B 8 B o AR #& ( shorttime Fourier
transform, STFT) ¥ EEG B 5548 ik, HF
Fing =

STFT(1,f) = jmx(f)f*u e Py (2)
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Fig.2 Schematic diagram of hBCI decoding
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Fig.3 Construction of the CNN model
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(a)The temporal-frequency spectrum of C3 when right SSA
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(b) The temporal-frequency spectrum of C4 when left SSA
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Fig.4 The temporal-frequency spectrum of SSA
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(a) The frequencies of O1 under 6 Hz stimulation
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(c) The frequencies of O1 under 7.5 Hz stimulation
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(b) The frequencies of O2 under 6 Hz stimulation
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(d) The frequencies of O2 under 7.5 Hz stimulation

K5 RIERIBERA T ) SSVEP 5 5455
Fig.5 The frequencies of SSVEP modality under different stimulations
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B B A IR AE LA, AT SSA TUIFE o (B ATLEL P H B 8 25 e
TS o W TE S B N A 3 25 R, iX O hBCT /Y
P 4RI T BRI AR P . B IEJE 3 T Ik, AR SOR A G
B 0 BB A I A EL AT B 0 - 23 BUE B REAE
[ESpEi s i

1 RZHRIS hBCI R4 . WK 1 afLIAE
L7 8 Akl E T, B A R IE R A0 89. 65% , J Ik
72.32% ,SEHIE Ay R0 81.35% , i1t 15 T VU 4 2K W AL 7K S
(25% ), It Him T 70% WEBRIA AT Ko 3% 1 B A SCHE
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W H R A A TR 038, 3 a2iE
HRAE 80% 247 (AR SC I 43 2% 1E 1 3R B 3k 3 A B K
) B J2:, 75 Breitwieser 257 ) = 20235 50, 1y
ARIEFRAGEE] 56% o X ULIAASCHE H A9 FEF SSVEP_
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HE S5 R i A F 22 S ER RGN A .

[, AR SOXE R 284 55 19 EEG 040 2547 W 2 #
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ESI i Lo L | B e P s
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A BE 5 1z B TR fin UK, 375 & FLASLIRMBL K5 17 SSA
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AT RS . I, 78 BCT RET Ry shan A, 7l LA
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Table 2 Classification of confusion matrix

CNN SSVEP7. 5 SSVEP6 SSA_R SSA_L
SSVEP7. 5 82.11 8.43 4.26 5.20
SSVEP6 7.19 83.07 5.67 4.07
SSA_R 6.75 4.61 78.43 10. 21
SSA_L 5.79 6.21 12.21 75.79
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hBCT 5, 1238 A RS 25 A0 5 A0 S0 R v, 3R P
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P TE 25 SRR A7 B DX ol o 2 S Rl
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75 hBCI 3, 2R A R 8 75 3, % 26 45 T LA
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ey MIJECP g BCLF 7 R,
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1 H S ICr28 a2 T T A RO B A T2
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FRIERR  BOR B2 A RES SL I Z S hBCT REEHY
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S 3L Hk
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