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Abstract: With the development of brain computer interfaces and deep learning, the decoding technology of motor imagery (MI) based on
electroencephalography (EEG) has been widely studied. However, most exisling research ignores the synergistic effects between different re-
gions of the brain, and fixed adjacency matrices cannot effectively capture complex graph structural changes. To this end, a hierarchical spa-
tiotemporal attention network based on graph convolution (LAGA-Net) is proposed, including shallow spatiotemporal network (LST), ad-
vanced spatiotemporal attention network (ASTA) , graph convolution based spatiotemporal feature network (GST) , and attention feature fu-
sion (AFF) classifier. The graph network is used to represent the relationship between EEG signal channels, and dynamic attention scores are
used to simulate the weight changes between channels, in order to improve the ability to extract key features. Firstly, fine-grained features are
learned through hierarchical RNN and CNN; Secondly, enhance local features through ASTA; Finally, use graph networks to capture spatio-
temporal features for motion imagery classification. Experiments on the Physionet and CHO datasets showed that LAGA—Net achieved average
classification accuracies of 89.76%, 89.24%, 91.60%, and 91.41% for subject independent and subject dependent classification, respective-
ly, outperforming other classification methods. This improved the accuracy of EEG in motor imagery classification and revealed the influence
of different brain channels and information changes on decoding results.
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Fig. 1 Overall framework of the model
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Table1 LAGA-Net network hyperparameters
#£1 LAGA-Net MBS

SRR S
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2R 0.000 05
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tAess Adam
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RlAIL R 0 0.2
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D TPi/i

ACC = = - (22)
R
z(xi_:““)z

ag = 4j:l n (23)

S TP R TN A IE AR A BB 5 1o IE R AR 5,
RIREAAE s A FEATSE s n AR S
23 LEZIE
23.1 HEFE

ST HRAS TR 35 AT R ik AT AR . D3 A
AR (R T E80) ; @7 T EEAIEAL . X Fksr 3
R PEAL , R SCR 5 32 RPEAG 5 vk B o B — L
(BPESRAPEAL ) o FEIX A7 ik v B 2850 2 I G bE
i, N R B T RO BRI 2R i B — > ERH
TFIEAS , AT U Tl ZrAsi Al
232 SERLR

DY 432 L B R 4045 . (DCP-MixedNet & — A 5 Tk
e 2h B 14 5 14 32 Bl 5 G FR 1] B 7 v s @ RLA-
CNN & — P I T 5 25 2 2] [ 01 W 4% iz 2l 2 U
5 ; @CNN+LSTM & — M 454 CNN 5 LSTM M 2% IR &
TR W 45, g R ORI 24 2] M FL {5 5 B9 45 [a] B[R] 43R AIE
@S3T 3l 3 A A ML /Ny i ORI EEG 7 %
() s 25 AR I EAT S s @ GAT AU 5| AT 32 L, A
BEASTT ARFR T AN R AR, DA kc3E: GON AR 75 [ i 25
BN OE S

TR A4 . DEEGNet %31 T — NSk 5L
FH B CNN, 3 5 3 B 0] 43 25 45 X EEG #4743 25 ; @ Con-
vNet J&—F T CNN AR B 2 2 B AT EEG f# S 14 J5
5 ; @OMIDNN & —Fh AL T DNN AR 4 23 A5 A0, DA 6 i
L T 5 TR B BOR 5 RRAE A 7 MIDNN #5578 1) iy A CRRAE 5
@EEGNet Fusion J& 3 T HA =43 % EEGNet 224 (1) CNN;;
GS3T A #5177 1 HLHUE A EEG {55 59 I 23 BRAE JEA T fit
s @CAT BRI 5| A AL, SR B4 o5 00 208 s it 7
ANTFALEE , DA GON BT AR [ il 28 P 2% - 1 3 80 .

5, 3T U421 Physionet 048 2 9E1T 520 . AN
BLRYAE MI-EEG DU 43 24T 55 v i - 35 1 1 B b o 22 n

FoF R LRI, B R AE PR R O T ad 2 B4R N
P 1 B LA AR AR | A v 2 T S AIG T AR | e R e e
TP, . R, BT 240 2510 CHO B 2 E 1755 5 .
RRIBETIAE MI-EEG 430 24T 45 v 9 s M e afy 185 4n 3% 3 e
No HIERTIED, LAGA-Net BEAUE — 43 2608 5% 1A F HiAth
A R RL, bR o 22 800 T H A A AR SIE B T A OB A A
B8 T AR A A AR | A 3 R R T A R R

Table 2 Comparison of different models in four—class classification

tasks
*2 AFEEBAENSEK FHHATEER

Models Accuracy/% Std Subject
FBCSP-CNN!'7! 72.35 13.54 90
CP-MixedNet''™ 75.60 6.13 90
RLA-CNN'"/ 77.65 6.89 105
CNN+LSTM'?! 82.06 12.05 90
DFL" 82.66 11.10 90
S37!?! 84.75 12.69 90
GAT'!? 83.18 9.31 90
LAGA-Net 89.76 4.56 90

Table 3 Comparison of different models in binary classification tasks

F3 AEEBEZSEEFHHREER

Models Accuracy/% Std Subject
EEGNet'?' 77.12 11.67 52
ConvNet!?*! 80.42 17.63 52
MIDNN'? 82.22 3.55 52
MSCNN!2¢) 83.14 11.82 52

EEGNet Fusion' > 82.97 8.49 52

S3T 12! 83.01 12.21 52

GAT'?! 84.65 5.26 52
LAGA-Net 91.60 242 52

2 b, TR 2 A o A O A R A R OC B 1
B SRTEM B B A O T A RAT B AL TR
JIr A A0 AR B BT B O AR T B O R B
U o RIS, ARSOOT 15 09 std Ab T HARBPIRES , B M 2% 78
PEATIZ S AR SR i B B AR e
233 HHEmA

B T LA o 2R 0 B AR 22 40 T H A R 8 T
FERL Y R VERE . O T S G LA 4 I 45 R 5 T HA
THEAETT S NA T T B PL S, A2 A Es 46 B aEAT AR 1L
BT AFR . 7 BRI RIS, A SCHOR Ry S M 7 g
S, BN — S Bl B T B FE] . R 4 TR, LAGA-
Net FH4 T L85 125, AR AR B 9 U0 B RE W 2., 7 Cho |
Physionet I (V- 25002 171 5] 7351 4 3.08 5.3.28 s

Table 4 Testing time of different methods on two datasets

R4 ERMEURE LR T EHKEE

" . EEGNet Fu- .
A% Channel C LAGA-Net/s  MSCNN'/s o S3T12/s
sion'?'/s
Cho 64 3.08+0.06 4.02+0.37 4.43+0.05  5.42+0.08
Physionet 64 3.28+0.03 4.57+0.06 3.89+0.07  4.65+0.30




%6

¥ YR TE ST WA, S AT RS AR R I A T 4% 93 A S S - 61 -

24 HEAXE

AR SC o T Fl S EG B ST LST L ASTA L GST  AFF 5 5 X}
MI-EEG 43 2850 1 52 ), ELAA Ky ff F Physionet £04f 45
BB 5 A1 CHO a4 vh iy Bl ikl 8 AT SE 0, 45 SR ik 5
JiiR o BRSO GST RS M R ME R T [ e W
{1 FH GST AR Al FH v 3 7 43 A0 Ay 408 4 e ) T 285
PERB TR T AR AR A T ANl FH GSTALHR 11 I 2% 43
FEPERETE R o SCITIEBH I 2 B foft v ) o B
Bl AR B B 1Y F B B f , LST L ASTA \GST \AFF
TEARIRERE _E A BhF W48 % iz sh A G 647 g hd .
2.5 BRI

R T URATR IR 1) 190 £ $5 BURRAIE (9 31 B g £t
t=SNE 1] WAk 2] B RHE . —SNE ¥4 HUE EEG RFAE AT

+ lefthand + lefthand

k3
+¢+++

v right hand v right hand
B both hand + B both hand
both feet + both feet

W - ’ -

5 P

(a) LAGA-Net
(a) AWM

+ lefthand

v right hand

B both hand
both feet

e

L ¥
"
n

+v v

"

(d) LAGA-Net without GST
(d) FMEEERDGSTHER

Table 5 Performance comparison of missing different sub modules

£S5 BREREFERRAERELLER

[LEES —ak
Accuracy  Std  Accuracy  Std
LAGA-Net 89.76 4.56 91.60 242
Network without LST 84.64 5.81 83.25 2.73
Network without ASTA 84.28 5.62 82.91 3.37
Network without GST 81.11 8.17 80.77 5.44
Network with GST not use Attention score ~ 84.75 7.31 83.37 4.75
Network without AFF 85.37 5.23 84.52 4.08

(b) LAGA-Net without LST
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(e) LAGA-Net without AFF
(e) AMLEHRDAFFIELR
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Table 6 Brain topology results
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