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M OE. BRSNS K AL (Steady-state visual evoked potential, SSVEP) i AR IETE ML 1
WU POE K JE, ASCHE R 4 28 SSVEP ERFHIESS, FHHEN % T (1] SSVEP 5 521 4%
e B A TR, RS BRI 2 S ECR A RACH A &, 12— MRS M s A pls S
B B0 R AIE 1 S AR 2 M 2% (Convolutional neural networks integrating sparse attention
mechanism with temporal-frequency features, SATF-CNN) i A5 5 70 A . 1 S 705 A\ g
BRSNS %07 B gt i, BB M Top-k IR A FE S NG @EIESR ISR, 46
(A A 70 RO PR IR 12 O R AR, 3 JR A XU SCRPAE SR B X 24, 3 I P 3 45 AR I 2% 4 5
g PR A L AR AT 2% 53 S 5 ) SR IS SRR S AR AE, SR A Kolmogorov-Arnold 1)
BRI R LR ME R G . SCIRSE R, 1E 1 s BHAIE N AP 28852 i Seie, il
ik 93.54%, {5 RAEH#E %) 93.13 bit/min. SATF-CNN A ALZEFSAS WA 5 K HUSL IR AT 55
HER I BRI 2> R RE, IR TREFIR fE A8 B FE AR R AL 1 8 TR 7 %
REEE: WHEES: WVED; BRSURIE KA TEANE]; BIRZ R 2%
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Multi-Domain SSVEP Signal Recognition Based on Sparse
Attention Mechanism

ZHANG Xuejun'2, LI Xiayun'

(1. College of Electronic and Optical Engineering & College of Flexible Electronics (Future
Technology), Nanjing University of Posts and Telecommunications, Nanjing 210023, China;
2.Nation-Local Joint Project Engineering Lab of RF Integration & Micropackage, Nanjing
University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: The steady-state visual evoked potential (SSVEP) technology is rapidly developing in
the field of brain-computer interfaces. This paper targets a four-class frequency recognition
task to address the low recognition rate caused by insufficient feature extraction and the
influence of noise and other non-target signals in short time windows. To this end, a
convolutional neural network for EEG signal classification integrating a sparse attention
mechanism with time—frequency dual-domain features (SATF-CNN) is proposed. Firstly, a
dynamic sinusoidal position encoding module is embedded at the input end. Then, a channel
extraction path with a Top-k hybrid sparse attention mechanism is constructed, and key features
are selected through multi-threshold sparse fraction selection. Finally, a dual-branch feature
extraction network is built, with a time-domain convolutional network branch and a fast Fourier
transform frequency-domain network branch capturing time-domain and frequency-domain
features respectively. The Kolmogorov-Arold network is used to achieve nonlinear feature fusion.
Experimental results show that in a four-class cross-subject experiment with a 1-second time
window, the accuracy rate is as high as 93.54%, and the information transmission rate is 93.13
bit/min. The SATF-CNN model demonstrates outstanding classification performance in SSVEP

HETH :F 5 [ RR2EH£:(61977039)
Wk H . 2025-07-10; 1217 H#A: 2025-12-17



recognition tasks, providing a new solution for clinical neuroengineering and the development of
intelligent interaction devices.

Key words: electroencephalography; brain-computer interface; steady-state visual evoked
potentials; attention mechanism; convolutional neural network
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WML D (Brain computer interface, BCI) FiARAE AL R2E 55 B AT 738 &
(10 B LAY, JE I S AR R S L R R B A RE B, SRSz ORI K. BCI #%
OFR FEAFEE T RAE . FHERI, 185 =M. I ESRRETX, TR
AT SERARMIFRA R =3 AR ZE N T AR AR KN =, X7 20 B ik
We oy Z 20 RN DA T EE RS E AL, BN TR0 e A 5 =
AR AR N LA 1 ad it Sk iz 3R T W AR 322 WSO H.{5 5 (Electroencephalography, EEG),
FAP ARSI U5 A AL R TE GV | ARSI A S A3, BN BCT BRI B R TT 22—

SSVEP i /M2 TALE J GUs 8 A I MRS, R B J2 2 7 AR 5 o 32
HH IR ERARATF U R R ARSI LA 5, IR i LAt SR S8 - BE A RS A A TR )« 9
[ #2255 K David Regan il S50 5 ORI T KM B2 )20 T~ SSVEP {5 5 (1 KA,
RISy A E R E T Wi L5 RO B 58 &R, 9 SSVEP BB LI B 5E 1 R A3,
52 VEARAN R AR DA MR AW s H PRI, R GEARE TR0 ) SSVEP (& 5 R HUATAH B
HI4ES, anismpLEs AR 7). X R AT R RS, XONBRER N R AE T —FEr
WA A B, RN R 7 AN B RHTT 1A .

SSVEP HA ER AME & m G B AL # % (Information transfer rate, ITR) 4 AT,
FERHN BT HEE WU B )2, (B A5 S AE R AR AR 55 52 Sk B BELATT WL R O 28 55 16 A T4
[FI 52 2 B2 e, FEUS SRR R A .. Bk, FH&E SSVEP H5 77
REREE, MBS SSVEP 15 5 R 7715 253 Sy o i FIAH G 7 0 A i 9 o Aoy
BT 77 92 8 Ak FH s 8 FL A8 4. (Fast Fourier transformation, FFT) AT %25 B2 /047 (Power
spectral density analysis, PSDA )VZ:. Cheng S5 i e v 17 AN [0 28 A R4 4 1) R 40, L v B i
A FH B TE i FAE S, A HESER) FET ARS8 1 27.15 bits/min F-F1
LA 4, Materka 55 H PSDA J7 5% HEIX 3 AN HLECR AR 8 TSl dmidift T 732K, &
PR 9RI) AEAH R R A i, BURAH G 70 Hr (Common component analysis, CCA)
BT INGESE, @G ERZSHE T, THE S G S M SR IR H R
(o, FRATSEA CCA MRIBENER L5 1 IS 5 P AONLR D). Chen S5 H 13T U8
2R ST FH S M 5% (Filter bank canonical correlation analysis, FBCCA) , 1EF F3E%
BB b, S5 E sy, BE— PR T SSVEP HIZr RHERIEE, (H R 787 A ik
B 5 I 715 28], Nakanishi Z542H SSVEP {5 5 (I AFAE, $2 AT 5 A SCRLa 430t

(Task-related component analysis, TRCA) {5 SHalll 75k, AMUPEME 7 iHHE A, 1M HAER
I T EE S T 0 B U RS BRI RO, I K2 /I S B BT 55 AH S8 B A3 2 A

(ensemble task-related component analysis, eTRCA ) 5 7 %& FL 4 28 W 4% ( sub-band
convolutional neural network, sbCNN) @4, 7843 F]H eTRCA HIRFIEFEEAE 71 F1 sbCNN
B9 IRBIREST, KPR 70 R ORI, W15 70 S m ARV Mt FEPTS A T80
£ AU R HERA R ANME BAL fan i =000,

bEE BAR A M2 (Convolutional neural network, CNN) UIFIJEIA ML 2% (Recurrent
neural network, RNN) 24403 i) B 27 ST R ZE i B0 45 5 b TP IR AN, HEsh 1
SSVEP A RIEAR R #E— 2D R e l34, Kwak S84 TG RARHZ M 250 SSVEP 732K, AU
2ANEIEM | A ERE, 1 2 s B E TR AR ik 2] 94.03%0) 70 KIS, (HiZx



LR T EESE N F R RIT, RNAFENERETRERERHETRE . 26
P2 2% (Complex CNN, CCNN) ) TR ATUEARR IE 51 N TR 2 27 20 553925, 78 70 A F A )
R HAE B Lawhern <552 H (1) EEGNet 52 —Fh LN L5 -5 0 R i R E A BRI
W25, W 'R R BUE R W 28 R FHLE P300 5 AL 1Z280AH ¢ K2 L7 (Movement-related
cortical potential, MRCP) Z¢A[RIZ#EAEH, EARGRIZEE /U7 . EEGNet A58 H A ) [A]
BRGNS P AFAE, IR iR B ] 2 B A S R EE OB R, MRS EAD, @l T
SSVEP S/ NEEAIN G 2T o Chen XS HEIN B SSVEP 70284155, feth 17— Mt &id
EHLHEIE) tCNN S54y, g SR S BUR S 5, A0 2 R 48 Ui (Residual
squeeze-and-excitation, RSE) MA5R(5SHFME, FH tCNN #t— DB, N T 1
H A F R 08, Pan S s 2 E M2 5K AIHILIZ (Long short-term memory,
LSTM) MZfa, #2tH T SSVEPNet #8Y, FIFISHEH—LER, REHTT T SSVEP &
i AR HERED ), Liu Z9@Id7E SSVEPNet 5| NSMAMIELHASR, B TN &
FHETHRIRHMERE AR Rifl, ZHTEEEMETRIRGESEE, HRMRDERS @RS
ZRHMEAE RS2 SSVEP 55 HARIRFERY . Wan 4R H T —F s LCERA
o Mg, R RBARANIE LR, 45 G LI SSVEP 15 SHHE, kb 7T iIlZk
S8 OB P R ZR Bt 1 — R Rig e,

HAT, KZHRE S ) RSB AE AL P SSVEP {55 /7 FI AR I, 38 5 150K I [ /7 41 5
BUSAFAE ELRAE M2 AN o X B — Sl 15 30 SURFEAR BUAN 78 70 NITT SIS 5 S
FIHERANE o J TR G i B 2 o) W BRI R 75 B8 B R AR B R PR m T M R, IR AEAR
KRR L2 7 RS0 5 K ALIALRE H R ST S F I A EE M

B0 DA A, A SR Y R AR R L IS SO0 AL O 0 LA 5 AR A T

(Convolutional neural networks integrating sparse attention mechanism with temporal-frequency
features, SATF-CNN) . {55 & ZhZ M B b, R RS IUERE, vk T 1£% CNN
I A BE S AN R B IR T 22 ShM B oL, G =2 Top-k MiiiE = i ife < o
FRAE, SAUE HIENREEG, G EIEEER G RAIE Y >, IR 2 RIEERE R 4
BGER FFT FegR U 2, IR R A5 S st 1B HoR & 4e .

1 SATF-CNN =&

1 Jfi7~ 8 SATF-CNN AR [ S AR HESE [, 3= EEA 45 A B R M v E 5 7 W 2% (Position
enhanced sparse attention, PESA) FHRAFAERL G732 (Time-frequency feature extraction,
TFE) #iH.
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Fig.1 Architecture diagram of the SATF-CNN

1.1 (I EEBEREEE M

AL G FE R I S AR B I I R, AR SCHR H A B R IV R D I 48 ok Ak 3
SSVEP {55, Mty 547 B 4wt (Position encoding, PE) 1 Top-k #i i & /1 (Top-k sparse
attention, TKSA) P& FHEL4T

L1 & ZRAD

37 B 2B T LU HLA 5 rp R ECAS RIS [8] P ) 45 SRR AIE - 9l At M4 A RFALE 38
BN DA, RPRAE4ERE DY (B, 1, C, T WG N HAS AT IER XA E Y, o C
NIEIER, T ONINHAE S PR, {5 Sl A RIS 0 1E A 5% R B4 5 28 s B 4 52
fr B TR 0E SO

. ) pos
PE(pos, 21) =sin(————= 1
(pos, 2i) =si (10000mm) (1)

. pos
PE(pos, 21 +1) = coS(——— 2
(pos, 2i+1) (1oooo”m) )

A pose[0,T -1 LR FFALE, 1€[0,C/2-1] NBIERT] . i 5] NFRECL IR AR
100007, {EXBIE AL FEENL T — PSR RE DAL, 3 A Rt P A2 (5 5 A e R R
A7 B it B3N o HU B A5 5 20 E 1 ME— gl ] =, 8 /5 52 Top-k FRERTER /1 RE 7R /]
FEREXTFT P IEFRCBIETERME, AT Hh X 735 RO ZAE 3G Y I [B) R AUARAE 5 5 SO LU
By, RHIEEN [ E R4 T RS SN 5 EA R T RBARRE, TRFEEI B K8
RAWZIERE ST EASLIGF, RO ERmIDHE PE e R™ SHINKEIAT I HEAHM, 5IA
TG R, BEARLLE AL BN H Y A1 RS 1R A7 B DA K B R[] 3% 4k 1) A
11 2Top-k HELR

T R E VLI AR SR DO AR A A S BT Hae J, AT T —
T Top-k 7 B IR B E B IHLH o Top-k 73 B0% Bt 1M 7E H AR E 5 403 (Natural language



processing, NLP) A£:55H7, I8 OR B0 S O UACE TR BRI IE 70 &, e R B A
MR T, BGuR B ()R RE )2, AN[ET NLP AR5 A5 3] o) 4 ST BE AT RRAE i, A
SEOGATE FH ) & —Fh T i BB TE 4R E 1) Top-k IEFEARLRL, IXFP 773 M4E &l (@) Al (K)
AR E T B R 1450, 2 0 5 K ZIAIRSREPEA S, M b T G 5
R, R E A E EARHEAET & WIEERHE, R R EE, WGEMmsE
IR, i BTG S R IE, HT SSVEP 55 EEEF M TR X
HAGIEL XK, Top-k SREEHIFRELE R JIHLHLET EEEXT 4 B PSR TR BN B EAFIE,
MHTREGREEESER, AP THEAELZEE EEG F5HEETSE SSVEP XK
BER.

A7 B it J5 T HL A5 5 RFAE 20 I 1 X1 B RURI 3X 3 IR i BB AE K Q. K. 7,
TR HREIELEFE R 7 N2 e A T IR RN BB E T, X Q5Ki#T LA
—AAbEE, 7k NBURIE . THEARIARTE R o B R
Q.Kp

\/a ’
Xrf: Ae R¥WOC N =3 JiiE ks, X TR BB, 5 EhA L il R
oS, R R S, aalREk =C/2. k,=2C/3. k, =3C/4 R KER
IR, HAREMEENTERES M, o M, o Mg DScimisii. xmahaesh

A= d=C/N, 3)

.
SparseAtt(Q, K,V') = softmax(T, (QL))V 4)
Jd

Sir S e Top—k(ZEj1T)
0, JHAh.
B AR 5E5ERE v Ao, R 2K, @PHEEET 1x1 GIREHEEEYERE,
R AWKE N x e RET T A B I FRLAE 5 Ik
1.2 FHRYFHERL & 53 3¢

AT AR I AT AR R 1570 288 ) 2% 2 K Fo P AR U 0 2o X038 38 AT 2R A 7 Tl S BN 0 5
BSARHIE, PIMRHEBEIE L MG S, SUFERNE )5, 8 4 i A B SE I i 24 07

¥*.

1.2.1 R AE ER ER P 4%
I SRR AE S BN 4% (Temporal convolutional network, TCN) K HI VU JZ & R &5 /R HUE 5

FHIE, RIEE FRACEEI B MR ERERE S, 525 5KH B-SiLU (Bounded
Sigmoid linear unit) ¥ B& %24

HoApT, N2 S5, EX%[TK(S)]ij :{ , £ softmax WUIE B

B—SlU(@:(x+a)aoo—%qa:167 5)

AHF o(X) A Sigmoid EKH(. B-SILU 46& T SiLU BuEEREN B T80, £ERAXE
WARRRE ARG, AR TREEFAMNE XREEE;: R, SIATTET RN A
EHATHE RLAR, ARSI E SSVEP 155 = sl ST IR 5] M AR E i
N, FHEEGHAEZREETEREREPERBOR, 17 T RHE R IR e M 5 ISR . &
TR 2 AR S H = 1 Fios.

£ 1 HBERNESH

Tablel Time-domain convolutional network parameters



HRERZ BT S i Lh e

N

Convl 9OX1) 1 (Bx16x1xT)
Conv2 (1XT) 3 (Bx16x1x15)
Conv3 (1X12) 1 (Bx16x1x4)
Conv4 (1X4) 1 (Bx32x1x1)

F-NEREEA ox1 BRZTEBEREM S, RENPELS, @dfdH—)Z
HIETHRAE. 2 IxXT 38BN E 5 I FPRME, RAP KN 3 HA
N 23 A AR SIS P AR SR, 28 R — (A 38 , 38 3 S0 eR B FHRFE ] 2
FEBEA 112 RRESR, @i THEAGRBERIRME ST R, @dfH—
A JZ A eR B DRI IE R 2SI 2R RsE e SR 1x4 BN E— Bt rES
HEATUR FE R SRR PRI, W rBAS SRRIE 4R, SfH— L 5RO REUC IR 5, FRAE 7 A
Polt 32 IERHE I B AN 2IERZ, PR 4 4EH bR R IR .

1.2 20U FF A FR ER P 2%

TEAIAFAEFEE N 2% (Frequency-domain convolutional network, FCN) 1, {554t
KK 9x1 IR IZ AT IR IEE SRR, FRIA 11X 3B s A AR 1 B 8 Bk A7 R e %
Y, KNS SRR N —4ER P E S5, VR I TRl 2 P AT PR B A e, Bk T3k
PO R OR B BRIV AL o CE A AR B AN %, S0 T P51, e m1E 51
B #E% . B 18IS Kolmogorov-Arnold 485 ATUs R IE AT AE LR B, A Rl A0tk i
v .

IR IR SR R TE 5 ARUSURRAE 32 BDOE 3 Ha Y RRAE R, JR I A e 1 2 AT AR AIE 7% R) AR
o 16 48, LA — L ERBEGE R E, BRI AR BT RS, BRHIE
YEFE 4G 2 4 4, 48 softmax WU BREON B 2673 AT 55 1 H AR o BEANBEHLEA I ARIRL
HEE, IR S, $2& T SSVEP 155 IR AIMER %

2 WRERHALE

2.1 HiEKE

2.1LI80EE A

Hate A NBREHEER, SLIIEH T 8 44 SR LT IR H S IS H 1Y) SSVEP fii {5 5
Wi, KBS LR T % 4 4, FRAE 22-25 0 2 JH). SEIRAEG IR &) i i s v
BEAT SRS EOR S E AR R I 1, JER 1T, XUH SR REF 70-80 em AOTERLEEE
MUSE R R 78 B  IN RV, W] 2 s < 38 3 B-Prime 2.0 #5355 SE8L 8 Hz. 9 Hz,
10 Hz 11 Hz DU AS [R5 23 R0 5. SR S B0 8 25 20 FH R Br SR A2 € E 60 Hz 73 H R N 2 2401

400 14 &) LED EoR2%.
= — B

B 2 LS8R T s =
Fig.2 Schematic diagram of the visual stimulus interface
ARSRYGRH] 5 AEB B, BAHUE 4 FIRRFE K, SR H 3 s R 5
B ERIART 6 s IR S HAZH A - SSVEP 15 5 H1 64 31X Neuroscan R G0K 4, K% N 500 Hz.




S Ik B 3 B 26 TV FIRL I X 3 P,v POsy POs. PO,. POs. POs. Oiv O, Oy JLANIE
WEREES, DSk CIBIEIE NS, Frf EACHPTSMET 10 kQ, SEIREMILWE 3
B SEIRQTFURRS, BERRde il 3 s “7 A ienE, ZoRZ_EEFERT), M5
TR UL BN 5 s, 2 TR RERRETEA, RSB R N AR 6. B B
BR 2 RFFE IR AR, S 7 Rk e LD 5T, PRI EE S8 2 (A28 A L B
PRI A B2 3230 FL 5 A 20 BRI FELER .

KKIEEREPIS 7/

Fig.3 Signal acquisition scene diagram
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HHEAE B OUTE RS E AL 0T T BIRA S H ) Benchmark i FEEHE AR, 03 1 35 444
FESZARE I 64 i FEIBTERE, Horp Sk 18 A3, SIS A iR A 5X 8 HIFEREPF S d A
J&, ALEHINEIRCR -G 8 Hz B 15.8 Hzy 5Ky 0.2 Hz 1 40 FHINKRIIERF. B4
AT TER 6 DMXHE (block) P, EEAS XS FTA ) 40 MR RIER IR U0
VIR 6 s IR i A : 1T 0.5 s LSS EAZBr B, PR th AL (7 s 3 il B A it i
T35 e 5 s AP TTHED AR BL, 32l R AL S H AR RIS &5 0.5 s
FER S AR S TE B 240 M RS .

2.2 BUETALIE

XFTHEEEE A, S T KA R 250 Hz, @it 4.8 Hz~90 Hz 875 Vi 17 m g i s
B BRI FE {55, {8 50 Hz 7 BHIE I 28 7 B TART-H0, is F T 5y
53#r (Independent component analysis, ICA) ZEFR32IAE IR M. VIS 5 5E0IE, HIBRIE
EEEE 100 pV FHRIME 5B . IS SIS EB R P, T 5 s BBaERE, 42
UM 0.2s 3 5's Z [A] 803 v BOEAT 04

YT HAREE B, SR OB L (bR A BR324 1 i F s DAIBTE XCRAE
FOTRES X X P DAL BT A, SR G E kA 22 250 Hz, EHUSEREE A MR
DY IR ) 5 A F A OB T A T S5

SR 22 RUBEIS 18] B0 P A Sl 2t 1T 0 &1, I B 0.2s 2 1.0s, JFRLO.Ls
NIGERREEAE . o, 0.2 s B ANTEIE TR, R7EXRRBEGEN BB 8 e m
NG TR E BN E RS KE, BB BRPESHTISE R MRRYE RS . T
1.0 s PAPYISIR] B RO AR BRI, R4 PR tH AR R ZE A I 2% R TR SRR 1201, A L
PR 2RI AT A 0l R, SR I 20 B O 2R (0 i {5 5 Rl o b B, W sh K ik
BAA R E KR, HARERIY )54 H T 52 R R R BUNE 57028



3 XWE5ER

3.1 8891k

SZG/E NVIDIA RTX 4060 GPU.  i7-13700H [HEF15 % _EiEAT, R Pytorch HEZEH
SRR S DM . I ZE IR Bode ] Adam PAGES,  DAAS SURTE i 2k ek B B 0 2R AT 55
FERALEALTE 64 DMREAZWE, JL2id 500 2 IER MU, A Bh45 2 ) SR HLH| LA
PR RN GRS, WIURSE IR o BN 1 X107, MIELE 20 BIUEERER R R TR, 223
REEARNIERI— 0 R K 3758 XIGAE 1) 77 3O R SR b AT VAl 27

3.2 JEiRER

AR PR E B FH LR O R RETEAN B bR : o 2RHERIR (Accurate, ACC)
FE BAEYECR RS, X RGN REIEAT 25 A VPN« 2 SRR 2 R Al AR A% SSVEP 51
MIIERAR, LT IER 3 SR A B S AR I L o A5 S A% J i 26 AR 5T o B o7 i (1]
PR = P IE AT B AR B, (S B A S BT B 0 SRR, SR 40145 A b
R A, ITR GEa %Ry EREEME SHRKESR R, RiHEARXN

60 1-P
ITR= ?{Iog2 N +Plog, P+ (1-P)log, (N——lﬂ (6)
A TAVIEGE R AR R PR KRR N 2R ERINEE, Rt
N=4,

3.3 LGRS
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Fig.4 Accuracy of data of different lengths

& 4(a). (b)fE7~ T SATF-CNN HHULEIR 5 SSVEP 15 5 HERf R 7 H L o KFFRAS 1
PEEHRER A, 7E 1.0 s TR, BP9 70 RUEM 25 3 62.04%, Btk 77 CCNN
T 6.86 NE A . ££0.7s I E R, CCNN AR UHERZRIE L T SATF-CNN, R Il
WAE, EAEHAD 8 B HE T, SATF-CNN Zi A RO UT - 155 240 75 PREE R I i FLAS 51
HMESH, tCNN 5 SSVEPNet #E A1 I H BB 1 I&E ML R PR, AHECZ R, SATF-CNN 7Y
WEAUEARS, 1EH T 9 bR S AR AR IR T SR AR (1 F 8
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Kl 5(b) NEHE S B AEAN AT (8] & T 45 SR s A%, SATF-CNN HERUAE 0.4 s I [H]
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SEPR i B, 7 PR ) B S B ) P B KA

30

N
=)

—+— SATF-CNN

25 EEGNet

19
=

CCNN

—— NN \\\
SSVEPNet : "\’\\\M

/ 4
—+— SATF-CNN
] EEGNet
CCNN

—4+— tCNN

¥}

=1
=
S

w
3
=)

ITR(bit/min)

ITR(bit/min)

=1
S
=)

w
%)
=)

—_— e —t—  — SSVEPNet
0 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Time(s) Time(s)
() BIEE A EEFRMEEX (b) HUEE B EEFMEER
(a) ITR of Dataset A (b) ITR of Dataset B

K5 ARSI RS B
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Table 2 Comparison results on Dataset A
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Table 3 Comparison results on Dataset B

DARES ACC/% ITR/(bit-min™)
EEGNet!!7] 90.32 83.27
CCNN16] 91.49 86.71
tCNNLUS] 84.68 68.36
SSVEPNet!!¥] 88.37 77.82
SATF-CNN 92.54 89.93
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