HRILX E52% F8H1/2026 F£8 B/HENIE

3

58 43 8 B & B #ME B9 SSVEP & 35 1[5 i 75 7 53

WP AE R AR, B
CRIFPE T IR B¢ » LY & rh 030600)

W OE. LTRSS L AL (SSVEP) I IALE: O (BCD f TN 22 5 AR B Fr i3 T 30 0 10 15 5 280 5
i, B R M AR RAR T i T S A2 R Z B AR . b, 3 — Pl ue 43 8 A 18 I A2
SSVEP Z2 3 3 ) fife i 53 » HAZ O A 35 5 43 B 1 0 N b 25 57 W He R 5 2 3 A M A B U P . B oL 6T
PE AR B 2000 JE A (5 W B 5 B 25 MR 75 1Y) 1 305 7 P AR TR e 8 A5 ) 4 A 28 SV T e 3 S A AR R i 0
R B 0 AL ZRAE 2 SRR BT LG 0 (R B 11 55 1E AR RS AT e ma s A4 22 =2 A RS2 e 5 4R ) - 48 4
— T Z2 S A AR S5 5 AT EUAE 248 S IR A1 253 Sl % B WM ) o P 5 ) A B e] K i B R A2 (BILSTMD [ 6 %f
B 7 4 SR A o R B AT AR ASE T B e L Jmy sz Y 5 K i R SCUBBE 1 B A RRIE RS . 1E 3 N JT SSVEP
BAELE LLLO0.5 s AL O s PIANAS[A] B B Bsf () 1 20 A 7 30A0E 25 5 3R BH  ZE T A S I e B 1 - Ak 1 2418
SHER R AR5 BAL S R AR RO 7 vk AR s HLAE . Tl 52 50 26 B, 008 40 B0 ) A I AME DL A 45 S0 00 1%
TIRERAEAE R R AR T 6 R MERR R R = REER T 18 T 43 A, R WL T Iy b 28 s v ) A AR 3 0
oAl 5 BRI fl G AL T 8T ) S

KR ML O RS S A AT s IR0 A0 AR A i H R Z2 3 ]

ERADEESRE . https: /github. com/shutingjia/Multi-Domain-Collaborative-Decoding-of-SSVEP

hESZES: TP391 AR SR A DOIL: 10. 19678/j. issn. 1000-3428. 0070595

Multi-Domain Collaborative Decoding of SSVEP with Adaptive Visual
Distraction Compensation

JIA Shuting, WEN Xin, HAO Yanrong, CAO Rui
(School of Software, Taiyuan University of Technology, Jinzhong 030600, Shanxi, China)

[ Abstract] Brain-Computer Interface (BCI) systems based on Steady-State Visual Evoked Potential (SSVEP) show
classification performance limitations due to<individual differences and interference from non-target stimuli.
Moreover, existing methods have not thoroughly explored the quantitative relationship between visual distraction
interference and individual differences. To address these issues, we propose an SSVEP multi-domain collaborative
decoding algorithm with adaptive compensation for visual distraction. The algorithm includes an adaptive label
smoothing technique for visual distraction and a multi-domain joint decoding model. First, based on the theory of
the visual crowding effect, an adaptive quantitative model linking signal amplitude and label noise is constructed. By
dynamically adjusting the intensity of label smoothing, the model achieves a quantitative representation of individual
visual distraction levels, thereby mitigating model overfitting while reducing interference from non-target stimuli
and suppressing the adverse effects of individual differences. Subsequently, a multi-domain joint decoding model is
proposed. This model first achieves deep collaboration across time-frequency-spatial domains through a feature
extraction framework and then introduces a Bidirectional Long Short-Term Memory (BiILSTM) network to model
temporal global dependencies, forming a composite feature representation that combines local receptive fields with
long-range contextual awareness. Validation on three publicly available SSVEP datasets using time windows of
0.5 sand 1.0 s demonstrates that, under all experimental settings, the proposed algorithm exhibits superior
average recognition accuracy and average information transfer rate compared to other state-of-the-art methods.
Ablation experiments reveal that the adaptive compensation mechanism for visual distraction is effective across all
experimental settings, with accuracy improvements of up to 18 percentage points in short time windows. The
findings indicate that the proposed approach provides new insights for optimizing individual adaptability and fusing

time-frequency features in neural decoding.
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@ Vo N 616742463 x = 83,00417.92% % 269341429 % x x 4587422, 18% x x  70,50419.25% x + 86, 414+11.63% x =
®» Y Vo 92.67HT.57x % x 98,2042, 13x x 63.93423.41% x x 88,7321, 63% x x  78.3317.26% x x  02.3340.26% * x
© J o 9L3349.09% x %  98.0042.21 % * 56.19422.24% « »  78.67427.52% x x  82.45415.23% x x 94, 7248.53% x *
@ v Y 95,0045, 43% » x 99,0041, 53 67.05423.03% % x  90,33418.50 % 86.53413.24% x x 972642 31 %
) J oJ o 91.33E2.49 99.33+1.32 74.19£16. 73 90.95+17. 15 90. 1210, 42 97.56%2. 11
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BRI A1 BB AR R AT 55 1 st sk A
e N PR e R PN ERTE S A s
YERR R R e JE N AL 21 1 B oAt 2k e Bioxt
BEARR A A 22 S A7 1k S0 HAT B
BRAG 54 A BRI 25 B R P RE L 31, R 7R
0.5 s INFTRITE T o S/ AR 5 fE SR AL e e T RURN
I ITT BV . e SR RIZE S T FT
AR PEH A4S IR TR BRI T e LA PR BE
UERA T X LR SR TSR ERA 5 T A P R
4.3 AFEIEEIE T HERER

I3RITE 0.5 s M 1.0 s IRV T R 22 BB & fift
PRI 5 A SSVEP 23 2R500E HEAT LA 8 A8
5 B AR 3 PR,

XFF 12-JFPM Sl 4 L SRR s 22 38000 5 i
RO TR AT AT IF (8] 7 0 AT B 8 20 S T %
15 1.0 s IR . 5 HAY 8 RO iE M L, 22 53 4 3

2% (SSVEPNet: p<<0. 05; HAth: p<<0. 001), 7&
0.5 s B[] B T &AL o0 2B R A BT T
Ko (H Z2 3B G R A BTSSR B AR s HL S X0 LU T vk 44
A BE2EF (all p<<0.001),

XF T Benchmark #4848 . 22 Sl 0K & fiff A A AU 7
1.0 s BB T 09735 40 28 5 2R 2 9000,
SSVEPNet £5 A1 8- 1 43 ZE e i F 2 9026, 44
IR ¢ K Won, R R TR E T (p >
0.08) o 7E 0. 5 s B [A] B &, A SCAE A 25 J 5 T
SSVEPNet #5i#1, H HA B E L #H (p<<0. 05, §
340 5 M AR LG TEATART I R 2 T A SO AP fg
HBEAT 0 2 L (all p<<0. 001D,

X} F Wearable 464 . e i A 55 F I & T . A
SCELRIHER E HLAR 4, H 25 7l 2 (SSVEPNet: p <<
0. 05; HAth . p<<0. 001, #F 0.5 s JHBFEIE ZKF T,
AR SCASE AR (1) TR A B 5k 90. 1206, B IR A AL A
SSVEPNet4# F 2. 5 & 43 i, H b5 i 22 B %
3.14%., & KB [H 6 3 & T, A SCH A Gk 3
97. 56 VoMITERG R, B A% 4 77 1 DG-Conformer
PEFFS. 44 4305,

£3 TREMEETHFEHERELER

Table 3 Comparison of average accuracy under different time windows %

12-JFPM
T2

Benchmark Wearable

0.5s 1.0s 0.5 s

1.0s 0.5s 1.0s

DG-Conformer 317 89. 33414, 32 % * =

C-CNN28J 85.33--13.27 % % % 90. 6741315 % 4 x

SSVEPformer?)  87.67416.13 % % *

FBtCNNLZ 81.33416.41 % % * 92,6749, 40% + »  37.10£24.52% » *
SSVEPNet'2]  92.33+7.61% » »  98.20+2. 13 64. 48422, 26 *
AttentCNNEZ) 883541586 % * x 96,6744, 71 % » x 55 764-24.39 % x x

TTCCAP 86,1149, 21 % * % 95,005, 24 % % % 48.93424. 46 % * *

DDGCNNLZZ) 64.33-£24. 13% % %0 75,3322, 47 % x *

Ours 97.331+2.49 99.33+1.32

97.67425.33 % % %« 57, 76+16.59 % % *
35.487419.75 % % *
94,0011, 04 % % » 46,33426.19 % * *

18.62+12. 03 % * x
74.19416.73

80.63421.36 % * x  83.56+18.29 % % x 94, 124+12, 74 % % x

56.38+25.03 % % x  72,85421.93 % % x  85.42420.16 x % x

76.86427.62% * x  80.36+19.88% » x  91.75415.36 % % x

53.57430.72% % x  67.92424.62% % x  82.56423.63 % x x

90. 33+17.15 87.62+13.56 x x x  95.88+8.23

76.33424.99 % * x  79.25418.12% % x  89.03£16.10 % * x

82.68419.68% % % 76.42+20.93 % % x  88.36+17.54 % % x

32.00+19. 10 % % x  54,12426. 78 % % x  67.32424.57 x % x

90.95+17.15 90. 12110. 42 97.56+2. 11

FK3WET 0.5 s F 1.0 s B [EE T2 HA
2R HERR 3, S5 SR 0,1. 0 s IR BT T B A A
TR B BEAS T AF M FR 5 55 0 A AR 1
JUAE QI AR SCHE S SR R 2 AN BRI R R
P S e R e Ho M T ik, JUILAE 1.0 s B[]
W Fit— R F T 220 BB T AR PG S 2k
PR S, DRI, JC VRS2 A A B ] 7 3 2 K B[]
T AR SRR A LA A )3 O PR AT A L eI A
X2 IO B8 1 AR 3 3 20 25 9 Y M e I R e R A
RGeS 1 AT SO 0 e A8 S A
4.4 AEAEIE THREKERE

BAIYE 12-JFPM BUIEEE T X B A AMAR ) 425k
RN 4,385 PR . WP ER SRR BRI

IR TFRE 3 U HUEAE 0.5 s BFal % 1R . 5% ke
TR E R R E I . X T 10 ok il B
& S1.S2.S3.89.,S10 (PERERA .55 T H AL il g
B TR S e R A B o R R G R i T
FUSGER A E T R A SO T Se 8 55 9%
B 1 53 28 U] P T AR B A, JE R X T
SI,7E 0. 5 s B [E] ] T o A SO AL 43255 1 ff 2235 3|
96. 670, FHAY 8 MO i P RIMER R 5 33 H 4T
FE 0.5 s BRI T, 2508 A a2 2 B —
FEMIEEN, HRME R K, A SUERTE Z A1
R B L T M Uy vk, AR A AR B
SSVEPNet Fl AttentCNN) 75 #8439k 12k o 26 70 i1
o A OB fE K 25l rh R T 5 i e
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A 4 7> 2 B8 J7 - JEHORAE B ST A S2 2R8I
HERRR AN O T RBABIRE . 1 1. 0 s IF[] 2
B AR A TR T R AE S5.86,S7,
S8 SR L I A AL A R BRI B TR R KR
SR RIEAE X R A I 1] 77 1 ASSORE R IR B A
PEFAEBR SO SN P AT B s B iR s TR R . 6

RFE AR R Bl rh R B 5 (HA
SCRERITE 2 NI 7 T S B T B R FE
AR R U AR BRI TR 8 T 0 R R T
XY L T AL PRI P55 A 55 I BRI 8] 7 BB S
G R BRI BE F7  JU R AR P15 5 R B R IPIK
(CE W18

F4 0.5sHHEETAFKKERE

Table 4 Individual subject accuracy in a 0.5 s time window %
Pl DG-Conformer C-CNN  SSVEPformer FBtCNN SSVEPNet ~ AttentCNN TTCCA DDGCNN Ours
S1 85. 33 73.33 80. 00 66. 67 90.00 86. 67 60. 26 53. 33 96. 67
S2 85.33 70. 00 73.33 50. 00 85.33 60. 00 64. 32 26. 67 93.33
S3 87.33 90. 00 93.33 73.33 90. 00 100. 00 93.33 73.33 100. 00
S4 96. 67 96. 67 96. 67 93.33 96. 67 100. 00 96. 67 70. 00 100. 00
S5 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 80. 00 100. 00
S6 100. 00 100. 00 100. 00 96. 67 96. 67 100. 00 100. 00 83.33 93. 33
S7 96. 67 96. 67 100. 00 96. 67 100. 00 100. 00 100. 00 96. 67 100. 00
S8 86.67 86. 67 96. 67 93. 33 96. 67 93. 30 96. 67 90. 00 96. 67
S9 86. 67 80. 00 90. 00 80. 00 93. 33 86.67 89.43 43.33 96. 67
S10 68. 63 60. 00 46,67 63. 33 73.33 56. 67 60. 32 26. 67 96. 67

£S5 1.0sHEETTRFERERE

Table 5 Individual subject accuracy in a 1.0 s time window %
ik DG-Conformer. 'C-CNN . SSVEPformer FBtCNN SSVEPNet  AttentCNN TTCCA DDGCNN Ours
S1 98. 03 90. 00 86. 67 76.67 100. 00 86. 67 87.58 76.67 100. 00
S2 56. 67 56. 67 63. 33 83.33 96. 67 90. 00 73.42 30. 00 96. 67
S3 95. 33 76. 67 96. 67 76. 67 100. 00 93. 33 95. 67 83.33 100. 00
S4 100. 00 100. 00 100. 00 96.67 100. 00 100. 00 100. 00 86. 67 100. 00
S5 96. 67 96. 67 100. 00 100. 00 100. 00 100. 00 100. 00 73.33 100. 00
S6 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 96. 67 100. 00
S7 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
S8 100. 00 93. 33 100. 00 100. 00 100. 00 100. 00 100. 00 96. 67 100. 00
S9 100. 00 96.67 100. 00 100. 00 93. 33 96. 67 100. 00 70. 00 96. 67
S10 96. 67 96. 67 93. 33 93. 33 100. 00 100. 00 93. 33 40. 00 100. 00

4.5 AEREE THFESEREHRER
IYIAE BAER R LA ANEE 6 Fin. ARYE 3 AL
PEEETE 0.5 s A1 1. O s BA]HT (1% ITR g el
ARSI EAE P B R 6 R IR 5 405 T
fl 8 Fhs k. BN, £ 12-JFPM $d64E 19 0. 5 s Aif
[ T . 23 A AL ) TTR 35 %] 425 bit/min,
% — # SSVEPNet # Jtif 9%, X — 22 ¥ £
Benchmark 33 I 1 22 L M8 75 K R 25040 4 rh F
— ¥ K, Z BB A B A G F] 310 bit/min,
SSVEPNet J& 280 bit/min, X534 aT G 2 K Ky
2SS R X B 2 AR AIE (6 AR )l B A
PE T A AR A ML 58 T = R AT T S
ERRE,
el B K BE X ITR A — & % m. L

SSVEPNet 4, 7 Benchmark %4 I, A 7] i
M O0.5 s FEKZ 1.0 s B}, ITR M 280 bit/min 45 f¥,
420 bit/min, 30T 50% . 3% A K AR 0
T REPE R T 522 2T kRN T IR RS A R Y 1R
00 . SR 78 12-JFPM X F i B Bodle s v,
R[] 0 384 0 o 19 05 8 A% i 32 34 AR XA R . 151
U, 23 A 425 bit/min [ FFE] 455 bit/min, Y
$Em 7%,
a5 BRI gm0 B 8. 7F
Wearable iX 2 Z W4 . Z 3B RLLE 2 ASHF[R]
N ITR 4351543 410 bit/min £1 450 bit/min,
B A SC 5 vk X W RS B0 B8 ) B, X T
Benchmark % 42 £, FBtCNN [ ITR ¥ i it +
260 bit/min, Ifij Z B RT fE 4E4F 430 bit/min 1Y
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FTERE . UL B A iz AR RE 1. EAh . DDGCNN 1
A Yy st R B i 2% 1] AR5 LM I 0 i R

JEE TR 2R DA 56 3 0 AR AR R i A iR 1 T
5 1A

R6 ARMEETHESEREILER

Table 6 Comparison of information transmission rates under different time windows BAf7 . bit/min
wim 12-JFPM Benchmark Wearable
0.5s 1.0s 0.5s 1.0s 0.5s 1.0s
DG-Conformer 365, 52+12. 15 420.41+11.72 220. 44+21. 22 340. 78+20. 14 340. 71+15. 74 415. 86+25.03
C-CNN 340. 52+15. 23 385.42+13. 45 150. 23+25. 63 230.56+24. 68 280.46+19. 63 370.47+13.78
SSVEPformer 355.85+13.42 410. 12+10. 25 190. 43+23. 78 320.78+22. 57 324.65+17.45 405. 23+15. 25
FBtCNN 315.63+16.73 400.53+11. 24 160. 41+28. 22 25079727, 74 260.75+23.12 350. 47+19. 72
SSVEPNet 390. 41+8.13 435.63+11. 83 280.42+16. 14 420. 52715, 75 375.89+12. 16 440. 2347. 35
AttentCNN 360.57+12. 34 415.26+13. 25 210. 42+21. 59 310.57+20.54 315.25+17.49 390. 58+14. 59
TTCCA 350. 74+14. 65 405.85+17.54 200. 47424. 38 335.23+17.12 300. 154+19. 49 380. 51+13. 52
DDGCNN 245.12+28. 16 320.75+24. 67 80. 63+27.43 140. 52421. 23 200. 06 £25..03 270.14+20. 12
Ours 425.74%6. 26 455.27%1.56 310. 77+ 18. 64 430.83%15.73 410. 69%10. 13 450. 65%6. 75
4.6 IS RIHLEI TR B 10 s .
ARSCHR Y F 38 AR 2 T B R X 12-] FPM 0.8 & !
Bl AR B R N P 3 T R A s oo fe « n 4
L BRI B PRI o BUAGE (K 0. 5. 1) o - Fxed o A
SRBE KRS AT B 44030 Hf IR B0 5 0 . 7 A o i S B I
75 80 85 90 95 100

& EUE R o P 3 T8 A B % I
[ o (I BRI AR . IR bR A
T TE B ARIC 17 » 277 I Sl sk i A B 2 o5
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DIV L SRR (7 Lk TR B 0
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SRR AR T Ry L R AR AL A B D I R A
AMH . Horh ARSI RN SSVEPNet #7122 520
B . C-CNN Al FBtCNN 52 82 #¢ 8, AE ) [8]
KRR 1.0 s R 43 ey 82 209 1 BT A% SR Y
55 SSVEPNet #RIAR L, 73 FHER R ARILF) 99 20 LA
B BAWIR SR TEHARTEOLT A SR Y 7326
VR A0S = T SSVEPNet #C8Y, 45 R AT % k.
5 DG-Conformer, C-CNN, FBtCNN, AttentCNN,
SSVEPformer, TTCCA, DDGCNN 2§ 7 Fh Jy 322 4
PO ASSCRER O B L EARIG TS HCXT ¢ K56
R A SRR JEEE A 55K 8 MRRIZERAE 0.5 s
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RT FRNEGETHFHEBEILE(0.55)

Table 7 Comparison of average accuracy under different training amounts (0.5 s) %
R} DG-Conformer C-CNN  SSVEPformer FBtCNN SSVEPNet  AttentCNN TTCCA DDGCNN Ours
2:8 70.53 47.58 59. 58 43. 67 79. 00 64. 75 65.12 45. 83 94.75
4:6 79.63 69. 89 72.78 66. 65 90. 33 78. 56 75.63 53.33 95.78
6:4 85. 33 77.83 78.83 76. 50 91.79 86. 33 84.23 57.50 96. 33
8:2 89. 33 85. 33 87.67 81. 33 92. 33 88. 33 86. 11 64. 33 97.33

x8 ARNEZETHEMERELLRA.05)

Table 8 Comparison of average accuracy under different training amounts (1.0 s) %
L DG-Conformer C-CNN  SSVEPformer FBtCNN SSVEPNet  AttentCNN TTCCA DDGCNN Ours
2:8 78.52 48. 00 74.17 59.17 87.75 75.17 79.55 58.92 89. 58
4:6 87. 56 71.78 85. 22 80. 33 95. 33 88. 56 89. 65 70. 00 97. 00
6:4 94. 63 84. 00 89. 50 87. 50 96. 00 95. 00 94. 32 72.00 98. 83
8:2 97.67 90. 67 94. 00 92. 67 99. 00 96. 67 95. 00 75.33 99. 00
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