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The application of Gam-EEGNet with global attention
mechanism in SSVEP classification

Liu Junjie Xie Jun Wang Hu Hu Bo
(School of Mechanical Engineering, Xinjiang University, Urumqi 830017, China)

Abstract: Steady-state visual evoked potential (SSVEP) is an essential signal type in brain-computer interface (BCI)
systems, widely utilized in BCI research due to its high stability and ease of operation. While previous studies have
achieved significant progress in SSVEP signal classification, challenges such as low signal-to-noise ratio, non-
stationarity, and individual variability still persist. To further enhance the accuracy and practicality of SSVEP
classification, this paper proposes a novel neural network architecture—Gam-EEGNet—that combines a global
attention mechanism with EEGNet. EEGNet, known for its compact, efficient, and adaptive structure, plays a critical
role in SSVEP signal processing. By incorporating a global attention mechanism into EEGNet, Gam-EEGNet can more
accurately extract and represent SSVEP signal features. effectively reducing individual variability and noise
interference. Experiments were conducted using SSVEP EEG data encompassing 12 different frequencies, and the
performance of Gam-EEGNet was compared with that of other mainstream deep learning methods, including CCNN,
FB-tCNN, and SSVEPNet. The results demonstrate that Gam-EEGNet outperforms these methods in terms of
classification accuracy and information transfer rate (ITR) across different time windows, particularly achieving a
classification accuracy of 86. 58% within a short 0.7 s time window. In a 1 s time window, the average recognition
accuracy across multiple subjects exceeded 95% , with an ITR above 189 bits/min. Moreover, Gam-EEGNet showed
better convergence and stability during training. with faster convergence and lower training errors. These results
indicate that Gam-EEGNet offers significant performance improvements in SSVEP signal classification, making it
especially suitable for real-time BCI systems requiring rapid response, with broad application potential.

Keywords: deep learning; brain-computer interface; steady-state visual evoked potentials; global attention mechanism;
Gam-EEGNet
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Fig. 3 Comparison of training loss for different epochs

2) 43 KRR 43T

TR BE 2 2 A58 8 A e AF B ORS00 O 1 LA
s, gt A sh A SSVEP i i B35 vh 2% 21 ) &2 2% i F#1F
FoR , MALGEAA I CCA I FBCCA A T A\ L% it
BIFFAE . 25 55 32 20NN RV 1Y 52 i, e LS 43 2 9 500 19
WIERE ., MAXEEREFHREEIFERBM ., &
1 BsF 1) 57 K B8 05 45 U A o L (0 (S B M e R

¢« 80

1.0r -+
0.8
o6l
E 0.6
& 041 —— FBtCNN
-~ —— SSVEPNet
o2r w CCNN
-+- Gam-EEGNet
ok . . . . . . . .
0 25 50 75 100 125 150 175 200
AR B
4 A [A] a2 AR U B 25 o B SR B R

Fig.4 Comparison of training accuracy for different epochs

(ITRYFAR , ANEALPRI . TTR &4 5 ii-HliE 0 R4
PR R B IR bR 2 — KA TTR Bk % 5 401 B i ]
DL IG5 B8, 5% 52 B 1 FH o 139 552 B R P Ok
By, R ASZEPEBCT 1 s A9 I 1] S 3 455 780 Ay 1
BE L FF I BRI T 0. 3,0.5.0.7 1 1 s B9 B8 K B 3
74 Br. BT 4 H W 4 25 4% & #F CCNN, FB-tCNN,
SSVEPNet fl Gam-EEGNet, [ 5 fl 6 Fr /R R 10 4 #
RFEAEAS R 43248 B MER A TTR B9 15 20 SE 560 (10 - 34 45
Ro BT LLE W, B B 5 08, % 432528 19
MR R E R TE . B2 Gam-EEGNet J7 ¥k 78 4 A It ]
MR B MR R, LR AE 0.7~ 1 s (B ]
Bt METR R ETIK 90. 87 %0l 95. 40 %4, 2 B HL 4 1F 45 B A 43
R KB E . £ BAHFEATR) ik, 5 £
AN E) T AL B0 0.3,0.5,0.7 fl 1 s, Al UFE 2T Gam-
EEGNet 5 ITR ¥ FHAL T . £ 1 RBRTARRA
B EAE 1 s B E) B K BN M K ET R A G B G R,
1 s I EE 0T, % T 8 & S, 82, S10, Gam-
EEGNet 755 ABE T H AW T 2, IR0 HE 6 282 H 1090 LU
Lo AR R AT A Z R E WO MR R W T
FB-tCNN ¥ 83. 00% #1 CCNN (1) 82. 70% (p<<0.01), H.
ARICH A 1 s B E KB B0 355 B 1L B RN
189. 4 bits/min, % & T SSVEPNet [ 160. 34 bits/min
F1 FBtCNN [ 140. 35 bits/min (p<0.05), % T HA BF
SSVEP i Ji 5 fiF 1) # 3R & S6.S7..S8, A% Jy 15 X 1 ) R Al
ITR BHETHABR (p=>0.05) . R, Gam-EEGNet £ X
Sl 3 v 0 IR T A 3 L 2 A HC A AL O R AR
TIE 1) A0 LA 5 B LA B T P B A e . B AOR B AR SCHR
1) Gam-EEGNet 7 4328 HES 5 FAE B 7% % % J7 T ¥ 3R B
Stk aE, At 5] A 4 R E = AL . Gam-EEGNet 6 5%
2T T SSVEP {5 5 RAF 14 42 BUR 43 25 BE J7 e i 2 7 3
PRI ORI R, S R B AR U R
B:F SSVEP Ii-HlE: 0 R G Y B A7 3 b BA 5m i HEof
FNE B AL 5 B T Ii-BLEE O R BV T .

3) 1M il 52 56

(D S U e & i

U UE 4 JR i 7 S HLE #E Gam-EEGNet 2244 v i) T



NEAR F . EATFAL2EHEEAHY Gam-EEGNet £ SSVEP 4%+ # 5 A

%22

HEHHER/%

Fig. 5

100

80 -

60

40

20

0.3

& 5

0.3 /s

0.7 1.0

A TR B A [ 3 4T B Al 0 L

Comparison of accuracies for different algorithms

and time window lengths

*1

wmm CCNN e FBtCNN mes Gam-EEGNet s SSVEPNet

mm CCNN s FBtCNN mes Gam-EEGNet mms SSVEPNet

250

N

[=3

=]
T

ITR/(bits'min™")

Kl 6
Fig. 6

0.3

03 /s

0.7

1.0

ARFEARE K T ITR X 1

time window lengths

BWREE 1 s HEFKENARFTZRINEBHE

Comparison of ITRs for different algorithms and

Table 1 Recognition accuracies and information transfer rates of subjects in a 1-second time window using different methods
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