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Abstract:  Graph neural networks (GNNs) have gained significant attention in electroencephalography (EEG)-based
emotion recognition for their ability to model spatial-temporal dependencies across brain regions and capture context-aware
neural patterns. However, most GNN-based EEG emotion recognition methods encounter two primary challenges: (1) Many
existing models fail to account for the emotional commonality and diversity across local brain regions, resulting in overly
homogeneous node embeddings for spatially or functionally adjacent regions; (2) Current approaches often rely on simple
concatenation or correlationbased priors, which are inadequate for capturing the complex and distributed emotional patterns
across multiple EEG channels and frequency bands. In this paper, we propose a tri-subspace decoupling clustering graph
neural network (TS-DCGNN) to address the above challenges. Specifically, TS-DCGNN decouples EEG signals into three

subspaces: the explicit emotional, implicit emotional, and explicit-implicit resonance subspaces, aiming to capture observ-
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able experiences (e.g., “happiness”), automatic responses (e.g., “startle”), and their coupling. Moreover, we introduce a dual-

branch propagation architecture where graph attention networks (GATs) and graph convolutional networks (GCNs) operate

in parallel to extract explicit and implicit features via attention-driven interaction and hierarchical learning. This enhances

regional emotional representations. Furthermore, we present a unified representation learning module that integrates these

features and employs information theory to obtain a minimal, sufficient, and discriminative emotional representation. Exper-

iments on three benchmark datasets demonstrate state-of-the-art performance and improved interpretability.
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T3, XA T3 T EEG 5 5 i I BRI 45T 55 B0

Relation -Metric Net

E
o]
el
el .
o]
]
H
]

(a) BUAMIEET SE Y5k

(b) TS-DCGNN
B3 A AR I B R T
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BN T A BRI AR O 1k Y G R SR R G S R
SIAE, AR e 25 H A R A OS5 A oA
RS SE PERIE . 15 5, IR AR AL R A i S i
AL S 455

1< 2
13yve0):<

Hob, £ BE INZR H s AR BCHABEE L-Lipschitz, o 4
AR T 22 U EOP K < 1L, 2RI
Adam/SGD-ZE AL 5 45 T, 2 06 B2 Y 207 O A
O(U/T)+ O() WS, U LA AT (i A ik %, AIT7E
IR S EREA B sl

E—20 L,y T SRR S A TR R RO RS E T
AR H 48 B0 3 °F- 34 (Exponential Moving Average,
EMA)&IE DV/MINE T.{5 Bt T35«

fDV-EMA (Z§ R): p(z,r)[ T¢ (Z, l”)] - log(autfl

Hl-0a) p(z)p(r)[ L } )

Hrfr, o €[0.9,0.999] FH TF-1 4B & 22 . FRATT IR
AT NW] 5 InfoNCE T 3¢, IF W45 T At — 3ok 24
At=max (L pyas Inws> Ince ). GH B 72545 A5 T R
H Ar<0.2 nat (761 10% £ IEE]) , B[] R HLFR 5
B 5 FR T Z AR (CV<1.5%) , BN AT H e A e e (45
SRR I . % E R TS-DCGN B = 125 [a] fit #5
GAT-GCN W43 37 K A5 BOR SUMCR? ML — 2, ik — 4
PETH T IR AR T E S AT

4 I§

4.1 FIFEEHIE

PAFEW "™ . PAFEW %4 4 i i E4 B 7 L) 4 Hz
Y SR B R OR 4 B2 K B 15 36 (ElectroDermal Activity ,
EDA)E %, ) Z b TGRS . h T AR S
5538 2 5 5 0 A7 3 25 5, R SO B AT
T Min-Max H—ALAC B, FF 0 FH T 11 25 PR I8 DY 4% 12F
AT F 1, LAIF B MR % O 46 = B8 Bk . R4 DEAP F
SEED & # H i) EEG £ 4 4 , A #5751 A PAFEW 4%
5 42 5 B0 3IF TS-DCGN #EHY fl3Z fLBE 11 . 1 15 45 e
P 1 A= 348 b, EDA {5 5 g b EEG $50408 2 4k B4 M
B UG BN h B M A . A L EEG 2L
Pt EDA {55 0 4 B B AIG, FLIE 53 ok ol o ik 4 F
A7 S SR A, A K b 38 i T SRR B I e R
WVE . IZ 2 I R T TS-DCGN BB 7E EEG 2 A1 1) 1%
TG BAT 5 v BT g, UE B T B RS 110 3 1
e A FRAE SRl A T e RE .

DEAP"" : DEAP 45 45 2 1 J8% 30 4008 b 0 b o
EEG 508 45 , U & £ 8 EEG FIZE BRE S . AUFosfd
T HALBLS I EEG B, JEUEAT ThRiELL , Ld 1

2(£0,)-L.) >
S (23)

(24)

TSR AR AR 22 5 L TR IR BAE R AR A 512 He,
283 N RAEJS M 2 128 He, 320 TR0 . Bdliwi o
FH 60 s (L IIR U 3 s YLLK, 25 T 5L (s
PR ER 51 A OC 1Y) EEG RHE

SEED™: SEED $¥ 4 th_F i Ac il K2pf it 2
FF RGBT EEG Bt . ZEdREm & 1545
5& (T4 B8 4wt M EEGiE s T E T8
FEB| KPR CIEG AT R BRI R B BE . EEG {5 53l
& 62 1/ 78 1Y ESI NeuroScan £ 4275 1000 Hz RFER i
SR SCR LS 15 AR R B (RERPS B 54 A
F B2 4 min, ALY 20, B4 5F %W =%

AR SCAE PAFEW . DEAP FlI SEED = /NAJF A% 25 5Ud
£ FIEAL TR (F S gk O —
b FERAE AN AR P S A B I i TCN B Sl
HIMLPs AT 2 F R ity . R B ) MAES 48 Btk
15 26 AR 25 18], SR FHIE A8 P s B S 2 o . WU
1 GAT-GCN B FH T 45 SR 25 sh 55 38
A7 8 SR R RN B AR A R o) S B [ A L RS .
Adam TEALES I ZEIFAE PyTorch Fl PyTorch Geometric [-5E
P, 5 T NVIDIA RTX 3090 GPU F1 64 GB RAM i 17
iE17.
4.2 EEZRLERHER

SR A R R 1 TR, 45 R R TR A TS-
DCGNN B 75 25 B P4k 4 Ar L s iR 3, ZE R 24K
T LT T A LA . BT 7E PAFEW %X
Pi4E I, TS-DCGNN [ HERA %5 K 87.94% , LL5F — 4 By A5
A KGAN-EEG 5 ) 1.60 1~ H 43 14, . 1€ DEAP % i 45
o, HOME KGR B T 94.32%, # i3 KGAN-EEG J5 ¥
1.87 /N E 43w, . #E SEED B#i 4, TS-DCGNN ic 5 1Y
HE B %R 97.12% , 40 ¢ KGAN-EEG J7 7% 1.63 1~ A 4
AL X sk WAE ], TS-DCGNN 75 T 5 = N84
AR, R T H AR R 246 AT 55 A AL
S HNZ AR RE Sy . A — S SRR A P E A T
T BA 34 1, {H TS-DCGNN A 28 58 A5k Fe A1 1) 3
R X R LT TS-DCGNN HE B AE R I A1 F 14543 )7
AT (47 R0, A H B R 1 5 DR AT 55 H Y — A ik KA
AU 5 H A e S A AU A EE , TS-DCGNN 2 B 5
i 14 VA T SRR B 5 1) 2 AL RE ) L 28 B T AR R TR
0K DI RE . X e B I TS-DCGNN #5551 75 18 25 11
ST 55 v A T A AR P T I S el
4.3 HELS5SH

R T AE T AR SR 25 T AR SO e T = AR
FHAE PRI S X HERT R (Accuracy ) 7 T TF 8 ) REAS
B SRR LA, SR R R M RE () DS R s FL
S BU(F1-score) K00 R 5 A B R ¥ M-8, HTF
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F1 AEEEEE SRR TS-DCONN By1EEE LB A 1 %
} PAFEW DEAP SEED
Jiik e— —— —
MRIES MiRTTES F1 TR F1
EEGNet 48.93 46.14 52.69 50.34 54.54 51.41
. ) LSTM-EEG ™ 63.48 1 60.71 1 68.27 1 65.68 1 70.76 1 67.00 T
ST URBE =S 7k o
EEG-Transformer " 64.951 61.96 1 68.90 1 66.57 1 71.90 1 68.26 1
CNN-BiLSTM P! 64.43 1 61511 68.73 1 66.22 1 70.50 1 67.24 1
GCN-EEG™® 67.45 64.79 73.99 70.34 75.60 71.68
GAT-EEG" 68.76 1 66.42 1 74331 71.94 1 76.63 1 73.76 1
Pl b 228 R 2% 7 i ST-GCN ! 69.33 1 67.571 74.99 1 72921 78.09 1 74.90 1
Dual-GCN “! 70.08 1 67421 75.69 1 73.19 1 78.49 1 75.69 1
SE-GNN 12 70.65 1 68.13 1 76.39 1 74.01 1 79.07 1 76.61 1
KG-Transformer ! 74.93 71.86 79.61 76.61 82.11 78.70
. ) SenticGCN ! 75711 72411 81.111 78.59 1 84.11 1 80.88 1
IR R 1) 7 7 o
Hybrid-KGNN 76.53 1 73.60 1 82.111 79.61 1 84.71 1 81.88 1
KGAN-EEG ™! 86.34 1 83.12 1 92.45 1 89.67 1 95.43 1 92.121
AR P TS-DCGNN 87.94 1 85.99 1 94321 92451 97.12 1 94.87 1

E SRS LR R R R R RIZ R, 1) sk (1) FoRtEaede st

254 VAN S A Ay 4 5 R 2 1 3 2 () 1Y P 5 o E
(Kappa 7 £0) i i 53 28 45 5 5 B AL I =2 18] g — B0k
RE G516 TF PRI 2 531 3 A A o3 R B A 9K — Bk, o (BB
e Ut RS A i T S

TH AL T 45 5 (UL 2) 28t T TS-DCGNN AE 22 i
EEA X R R ., B s ) R
T2 () i e PR 7 2 (B AR 2 S BCHERE I TR, B
P25 DB VAR 2R M 97.82% [ 51 95.42%. WA {5 B
(1B ) 29 HUE , B ERf 3 TR 5] 93.17% , X R T
IB 29 S AE A 5 5 2 I A4 ez Ak e o i E . BB RR
MCR> 451 2k bR B0 25 5 302 0] 43 85 B2 T B, HE B 2 N
97.38% [ 22 94.56% , UEA T MCRAE R 58 7R 11 A (1)
HRE .

%2 TS-DCGNN HI35 BhFF 2T BT %
Ik Accuracy T F1 1 x !

PN R EISSRTESTA 93.17 93.64 0.832
F R MCR? $ii2: 94.56 95.01 0.852
T3 fife 96.34 96.74 0.882
T2 fif# 97.82 98.08 0.921
{Lfl FH GAT 86.45 86.93 0.712
GCN-GAT @& 89.83 90.23 0.781
RBR LTS ] 92.15 92.60 0.801
LR T2S ] 93.76 94.15 0.821
FRILR T ] 95.42 95.77 0.854
2% B i A 95.20 95.61 0.849
LB IEAE 2 T 95.70 96.05 0.857
LD e WikAw== S8 95.40 95.82 0.852
SERELENY 97.38 97.73 0.913

4.4 WAL

K 4 JB7R T AR FBALZE DEAP B0 4 |27 > B )
(I e | i 3 E R LR S AN G R S (e AN
RE RN, & R RPUIR REAITH AR
T BRI BRI SR IELE .
fE 48 [ 3 T CNN AU RS (40 EEGNet) & AT 8% X 431
g, S R v A g A H A A A 40 GON+
EEG .KGE+EEG . EEG-Transformer 4 FF itk , H475 K fig
AR 25 SN 52 5 28 R Z AF R L &
11T TS-DCGNN 38 i — 25 [] fiff fily 55 (&1 0l 28 0 £ XL =2
SR S R i AT L R O 4 R 2 R L s
LT s

TS-DCGNN %5 & 1155 CWT 43+if 15 %5 [8] Laplacian J&
WA PR ICE AR E , I Gram-Schmidt #% 5% . PReLU
O 9 MILP L IE 22 M E AL, S8 T St | Rk S
P15 28 R E I %R . GAT-GCON XU R A% [/ S s A B [ 3
o7 b A7l 17 28 0 M R RS R e RS R A T4
VA 3 TR L AR B SRS B A R ) — B I
TIN5 K gt 5 E WAL AL A 28 N g 2k
] 7 43 B M 75 TS-DCGNN 7 EEG 15 5 1 15 25 17 1)
1145 v B & i K 2 AL B8 71, RE 05 ff 1 52 24 19 15 2%
4.5 B#IAXW
ARSCHE e UL T A F I PEAN FR AR : WA OB
1) S e & A 1 BB AL ) 52 SO0 RS- 52 il 5 UA (AR Jin
RO 5 ) - 1 S W AN s 254 T B F L 4
B R A 2% 5 3 R P 5 c(Kappa 52 850 i i 5
Y5 B HLA 0 =2 ) ) — B0ME . SCBR25 R LA Mean + Std
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(¢) KGE-EEG

# |

Vb
AN TR 4
o3 )“
Y.
Y AR

(b) GCN-EEG

e
4o}

7

(e) Dual-GCN

-"‘-A;,\\

(i) TS-DCGNN

(g) Hybrid-KGNN (h) KGAN-EEG

P4 BEIUAERT R LR

it SAE S WSS AR PR B, b 25 i i 25 SR AR e

BT YRR 72 AL BE S, AR SCR FH Leave-One-
Subject-Out (LOSO) 5 W& 47 B5 # L 30 Ik . 4 3 45 Y 5
B S BG5S, TS-DCONN 7 i A3 #6 br L3330 F 56407
. 7210 2 9 n - 4 PEBE [, TS-DCONN 35 3] 1
WA =84.1% UA = 83.4% .F1 = 82.0% .k = 0.79 , # It i
Pt 3 2% J7 1 (SE-GNN) ) WA = 80.9% . UA = 80.2% .
F1 =78.9% .k =0.75, £IA T F T, E B H e B8
R 28 U T A AR P S
4.6 EWEHHEERESIIGUELER

M AT LA R BB U EEGNet 250 i i
b TR RE bR (H AR AERR R FAETE ] R R 5 T A
Z= AN KGAN-EEG B A& B i R 3 ), (0 = 25
s [ R B S B . ML 2R AR SCHRE A TS-
DCGNN TE R R O PE BB (0 TR, 3 H 3 A% BE Ak T3 vp
IR, W B 3 B AN 24 424 epoch BIV AT 3k 21 A1
B, IR (] 5 rp S RUBTA AR 2230 |, HE B ASCR A B
T 2 3T SR FH AR 2K . 3% 2B TS-DCGNN 7E “ PR RE—4%
BB AR AR SR S b I )

5 g

AR T — R T EEG 1B 25 IR 5 i = 125 [ fi
FI IR [ 4 25 ) 2% (TS-DCGNN). TS-DCGNN ¥ EEG 5
5 R R S AT 2 s () BRI 4 2 Tl i P - B
PR ZS 1], DA PRI 25 R 06 . JC R B 15 25 A B )
T4 SN A & . 7 R B b o 31 A f
PR ENE 681, Tl 3 — 38 18 15 300R 4t e
&5 )5 v EAGHAY IS 415 B . RS F XU 3 7

®3 AEEREBFHALE THEZ AR T
2k #H el WA/% | UA/% | FU% |«
EEG-Transformer | 78.5 77.9 76.8 0.72
. Dual-GCN 80.2 79.5 78.3 0.74
3t SE-GNN 81.0 80.4 79.2 0.75
TS-DCGNN 84.6 83.8 82.9 0.79
EEG-Transformer | 76.1 75.5 74.3 0.70
Dual-GCN 78.9 78.0 76.9 0.72
> SE-GNN 79.3 78.5 77.2 0.73
TS-DCGNN 82.5 81.6 80.4 0.77
EEG-Transformer | 80.0 79.4 78.2 0.74
Dual-GCN 81.5 80.7 79.6 0.76
> SE-GNN 82.2 81.5 80.3 0.77
TS-DCGNN 85.1 84.3 83.1 0.80
EEG-Transformer | 77.3 76.8 75.5 0.71
Dual-GCN 79.4 78.7 71.3 0.73
> SE-GNN 80.5 79.9 78.6 0.74
TS-DCGNN 83.7 82.9 81.5 0.78
EEG-Transformer | 79.2 78.6 774 0.73
Dual-GCN 81.0 80.1 79.0 0.75
. SE-GNN 81.8 81.0 79.7 0.76
TS-DCGNN 84.3 83.6 82.2 0.79
EEG-Transformer | 78.0 772 76.0 0.72
Dual-GCN 79.9 79.1 77.8 0.73
% SE-GNN 80.7 80.0 78.5 0.74
TS-DCGNN 83.5 82.8 81.2 0.78
EEG-Transformer | 77.8 77.1 76.0 0.71
Dual-GCN 79.6 78.9 71.5 0.73
¥ SE-GNN 80.3 79.7 78.2 0.74
TS-DCGNN 83.9 83.2 81.8 0.78
EEG-Transformer | 79.1 78.4 712 0.73
Dual-GCN 80.8 80.0 78.8 0.74
> SE-GNN 81.5 80.8 79.5 0.75
TS-DCGNN 84.7 84.0 82.6 0.79
EEG-Transformer | 78.4 71.7 76.5 0.72
} Dual-GCN 80.1 79.4 78.1 0.74
i SE-GNN 80.9 80.2 78.9 0.75
TS-DCGNN 84.1 83.4 82.0 0.79
EEG-Transformer | 77.0 76.4 75.2 0.71
Dual-GCN 79.2 78.5 77.1 0.73
310 SE-GNN 80.1 79.5 78.0 0.74
TS-DCGNN 83.2 82.5 81.0 0.78
EEG-Transformer | 78.4 71.7 76.5 0.72
Dual-GCN 80.1 79.4 78.2 0.74
Mean =+ Std
SE-GNN 80.9 80.2 78.9 0.75
TS-DCGNN 84.1 83.4 82.0 0.79
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x4 BEHESRESIIGHELR
LAY SR /M Hepoch Y ZRAH]/s WS epoch £ SNZRRE ] /h 24 32 /ms
EEGNet 0.6 18.4 65 0.33 1.05
CNN-BiLSTM 3.9 42.7 55 0.65 2.12
EEG-Transformer 5.2 48.7 52 0.70 2.31
Dual-GCN 6.8 56.4 47 0.74 2.54
SE-GNN 7.5 61.2 45 0.76 2.63
KGAN-EEG 12.3 82.5 50 1.14 342
TS-DCGNN 9.1 67.3 42 0.79 2.88

EREJESAE SLEL RN T A7

TR 2R, A 1B T 2 0 R0 45 (GAT) il BT 45 AR I 2%
(GCN)JFAT TAE , 358 25 1 X A5 A G R ) $ETHIE 24
B Kb PR S

SIS B TS-DCGNN 7 M 5 1] i etk 7
T 5 B d 8 K L IR E 2 A fE b BB BT EEG-
Transformer . ST-GCN ., SenticGCN 25 7 3%, B /R T ﬁf
EEG 1545 50 v i 0 FHWE 77 . JUHAE 35 1 DX A 8
2R IE U F] 7R 5 T B SRR O3 . SR, AR EI’JE%‘
ZAREZ AR ST 5 et | B A2 A R4 T RE 52 e 35 1]
PEFIAT Bt . AR 53 T 38 o0 3 5 %5 32 1R Bk
PR B S Z A A g | A G —PRAL PR, 3 — 204 Tt
TS-DCGNN FYPERE | ol fif B IS BRI FH AN

5% 3Lk

[1] HAEYEN S. A theoretical exploration of polyvagal theory
in creative arts and psychomotor therapies for emotion reg-
ulation in stress and traumal[J]. Frontiers in Psychology,
2024, 15: 1382007.

[2] AHAD A, JIANGBINA Z, TAHIR M, et al. 6G and intelli-
gent healthcare: Taxonomy, technologies, open issues and
future research directions[J]. Internet of Things, 2024, 25:
101068.

[3] POURMIRZAEI M, ALI MONTAZER GA, MOUSAVI E.
ATTENDEE: An affective tutoring system based on fa-
cial emotion recognition and head pose estimation to per-
sonalize e-learning environment[J]. Journal of Computers
in Education, 2025, 12(1): 65-92.

[4] MORIUCHI E, MURDY S. The role of robots in the service
industry: Factors affecting human-robot interactions[J]. In-
ternational Journal of Hospitality Management, 2024, 118:
103682.

[5] AHUJA C, SETHIA D. TRANSIT-EEG: A framework
for cross-subject classification with subject specific adap-
tation[J]. IEEE Transactions on Cognitive and Develop-
mental Systems, 2025, 17(4): 923-937.

[6] ZHANG D Z, CHEN F L, CHANG J L, et al. Structure

aware multi-graph network for multi-modal emotion recog-
nition in conversations[J]. IEEE Transactions on Multime-
dia, 2024, 26: 3987-3997.

[7] ZHAO Y C, WANG G Y, SUN M X, et al. Methods for re-
moving artifacts from EEG signals: A review[C]//2024
IEEE 24th International Conference on Software Quality,
Reliability, and Security Companion. Piscataway: IEEE,
2024: 752-758.

[8] JONKMAN A H, WARNAAR R S P, BACCINELLI W,
et al. Analysis and applications of respiratory surface
EMG: Report of a round table meeting[J]. Critical Care,
2024, 28(1): 2.

[9] FAN X Y. Artifact removal from sleep-disordered EEG by
wavelet enhanced independent component analysis|[EB/
OL]. (2024-11)[2025-06-24]. https://ualberta. scholaris. ca/
server/api/core/bitstreams/8b0c4513-694e-4950-b200-
7e5c69c0a6f8/content.

[10] ZHANG G H, CARRASCO C D, WINSLER K, et al. As-
sessing the effectiveness of spatial PCA on SVM-based
decoding of EEG data[J]. Neurolmage, 2024, 293:
120625.

[11] WISNIEWSKI M G, JOYNER C N, ZAKRZEWSKI A C,
et al. Finding tau rhythms in EEG: An independent com-
ponent analysis approach[J]. Human Brain Mapping,
2024, 45(2): e26572.

[1I2] LIYR,LIUYJ, Al Y Q, et al. Explore the novel rela-
tionship of time-frequency domains in multivariate sig-
nals: A dynamic system perspective[J]. IEEE Transac-
tions on Bio-Medical Engineering, 2025, 72(6): 1872-
1885.

[13] LALAWAT R S, BAJAJ V. An automatic framework for
detecting autism spectrum disorder from EEG signals us-
ing TFD[J]. IEEE Sensors Journal, 2024, 24(7): 10632-
10639.

[14] GOMEZ-GIL F J, MARTINEZ-MARTINEZ V, RUIZ-
GONZALEZ R, et al. Vibration-based monitoring of agro-



o1 BE R TR L AR 0 =T (AR SR IS R A 2 R Y 4075
industrial machinery using a k-Nearest Neighbors (kNN) [25] CHENGPY,HAO W T, DAISY,J, et al. CLUB: A con-
classifier with a Harmony Search (HS) frequency selector trastive log-ratio upper bound of mutual information[C]//
algorithm[J]. Computers and Electronics in Agriculture, Proceedings of the 37th International Conference on Ma-
2024, 217: 108556. chine Learning. Cambridge: PMLR, 2020: 1779-1788.

[15] MAULANA B A, FAHMI M J, IMRAN A M, et al. Anal- [26] BELGHAZI M I, BARATIN A, RAJESHWAR S, et al.
isis sentimen terhadap aplikasi pluang menggunakan al- Mutual information neural estimation[C]//Proceedings of
goritma naive Bayes Dan support vector machine (SVM): the 35th International Conference on Machine Learning.
Sentiment analysis of pluang applications with naive Cambridge: PMLR, 2018: 531-540.

Bayes and support vector machine (SVM) algorithm[J]. [27] FEDERICIM, DUTTA A, FORRE P, et al. Learning robust
MALCOM: Indonesian Journal of Machine Learning and representations via multi-view information bottleneck[EB/
Computer Science, 2024, 4(2): 375-384. OL]. (2020-02-18)[2025-06-24]. https://arXiv.org/abs/

[16] QI Y Q, JIA W C, FENG L L, et al. Piezoelectric touch 2002.07017.
sensing and random-forest-based technique for emotion [28] SHAPIRO A. Monte Carlo sampling methods[M]//Stochas-
recognition[J]. IEEE Transactions on Computational So- tic Programming. Amsterdam: Elsevier, 2003: 353-425.
cial Systems, 2024, 11(5): 6296-6307. [29] FU Y H, OKADA S, WANG L B, et al. Context- and

[17] BHAGAT D, VAKIL A, GUPTA R K, et al. Facial emo- knowledge-aware graph convolutional network for multi-
tion recognition (FER) using convolutional neural net- modal emotion recognition[J]. IEEE MultiMedia, 2022,
work (CNN)[J]. Procedia Computer Science, 2024, 235: 29(3): 91-100.

2079-2089. [30] LIU Y, GEDEON T, CALDWELL 8, et al. Emotion rec-

[18] MANALU H V, RIFAI A P. Detection of human emo- ognition through observer’s physiological signals[EB/
tions through facial expressions using hybrid convolution- OL]. (2020-02-19)[2025-06-24]. https://arXiv.org/abs/
al neural network-recurrent neural network algorithm[J]. 2002.08034.

Intelligent Systems with Applications, 2024, 21: 200339. [31] KOELSTRA S, MUHL C, SOLEYMANI M, et al.

[19] GUO Y Q, ZHANG B W, FAN X M, et al. A comprehen- DEAP: A database for emotion Analysis; Using physio-
sive interaction in multiscale multichannel EEG signals for logical signals[J]. IEEE Transactions on Affective Com-
emotion recognition[J]. Mathematics, 2024, 12(8): 1180. puting, 2012, 3(1): 18-31.

[20] LICB, TANG T, PANY, et al. An efficient graph learning [32] ZHENG W L, LU B L. Investigating critical frequency
system for emotion recognition inspired by the cognitive bands and channels for EEG-based emotion recognition
prior graph of EEG brain network[J]. IEEE Transactions with deep neural networks[J]. IEEE Transactions on Au-
on Neural Networks and Learning Systems, 2025, 36(4): tonomous Mental Development, 2015, 7(3): 162-175.
7130-7144. (33] RFHE, H8 %, MAM, 5. ETH=ZKERER M

[21] KUANG W R, WANG Z, WEI Z W, et al. When trans- 25 DAL TN [T]. T2 40, 2024, 52(2): 500-509.
former meets large graphs: An expressive and efficient LIANG X X, XIAM M, HE Y Y, et al. Traffic flow pre-
two-view architecture[J]. IEEE Transactions on Knowl- diction based on spatio-temporal multi-head graph atten-
edge and Data Engineering, 2024, 36(10): 5440-5452. tion network[J]. Acta Electronica Sinica, 2024, 52(2):

[22] GAO Y Y, XUE Y F, GAO J. Emotion recognition from 500-509. (in Chinese)
multichannel EEG signals based on low-rank subspace [34] LAWHERN V J, SOLON A J, WAYTOWICH N R, et al.
self-representation features[J]. Biomedical Signal Process- EEGNet: A compact convolutional neural network for
ing and Control, 2025, 99: 106877. EEG-based brain-computer interfaces[J]. Journal of Neu-

[23] Saravia E. ML Visuals[EB/OL]. [2025-06-24]. https:// ral Engineering, 2018, 15(5): 056013.
github.com/dair-ai/ml-visuals. [35] HASIB M M, NAYAK T, HUANG Y F. A hierarchical

[24] MARSICANO G, BERTINI C, RONCONI L. Decoding LSTM model with attention for modeling EEG non-sta-

cognition in neurodevelopmental, psychiatric and neuro-
logical conditions with multivariate pattern analysis of
EEG data[J]. Neuroscience & Biobehavioral Reviews,
2024, 164: 105795.

[36]

tionarity for human decision prediction[C]//2018 IEEE
EMBS International Conference on Biomedical & Health
Informatics. Piscataway: IEEE, 2018: 104-107.

SONG Y H, JIA X Y, YANG L, et al. Transformer-based



4076 H, ¥

s,
&

i 2025 4F

[37]

[38]

[39]

[40]

spatial-temporal feature learning for EEG decoding[EB/
OL]. (2021-06-11)[2025-06-24]. https://arXiv.org/abs/
2106.11170.

ZENG Y Y, ZHANG R R, YANG L, et al. Cross-domain
text sentiment classification method based on the CNN-
BiLSTM-TE model[J]. Journal of Information Processing
Systems, 2021, 17 (4): 818-833.

ZHONG P X, WANG D, MIAO C Y. EEG-based emotion
recognition using regularized graph neural networks[J].
IEEE Transactions on Affective Computing, 2022, 13(3):
1290-1301.

LI X, LIJ,ZHANG Y Z, et al. Emotion recognition from
multi-channel EEG data through a dual-pipeline graph at-
tention network[C]//2021 IEEE International Conference
on Bioinformatics and Biomedicine. Piscataway: IEEE,
2021: 3642-3647.

PIKOULIS I, FILNTISIS P P, MARAGOS P. Leveraging
semantic scene characteristics and multi-stream convolu-
tional architectures in a contextual approach for video-
based visual emotion recognition in the wild[C]//2021

16th IEEE International Conference on Automatic Face

EEEN

B/ R OUL 19834 A AL WL
KT B . R o N TR
A Bl
E-mail: huang@hubu.edu.cn

Di&EtE 53, 200044 AL 2 AL W)
bR F AL B W5 A . 32 B 5T T )
FNTRGE idk ST
E-mail: 202321116012629@stu.hubu.edu.cn

# BB 197444 AL EE AL BL
KRBT RN E AR . EEOIET7 0 15 B %
& KRB PR TS R
E190197582M.

E-mail: zhangyan@hubu.edu.cn

[41]

[42]

[43]

[44]

[45]

and Gesture Recognition. Piscataway: IEEE, 2021: 1-8.
LI R F, CHEN H, FENG F X, et al. DualGCN: Exploring
syntactic and semantic information for aspect-based senti-
ment analysis[J]. IEEE Transactions on Neural Networks
and Learning Systems, 2024, 35(6): 7642-7656.
ZHUT,LILD, YANGJF, et al. Multimodal emotion clas-
sification with multi-level semantic reasoning network[J].
IEEE Transactions on Multimedia, 2023, 25: 6868-6880.
LI G Q, CHEN N, JIN J. Semi-supervised EEG emotion
recognition model based on enhanced graph fusion and
GCN[J]. Journal of Neural Engineering, 2022, 19(2):
026039.

CHENG C, YU Z K, ZHANG Y, et al. Hybrid network
using dynamic graph convolution and temporal self-atten-
tion for EEG-based emotion recognition[J]. IEEE Trans-
actions on Neural Networks and Learning Systems, 2024,
35(12): 18565-18575.

FU R R, CAI M P, WANG S W, et al. Exploring non-Eu-
clidean relationships in EEG emotion recognition: A dy-
namic graph attention network[J]. Biomedical Signal Pro-
cessing and Control, 2024, 94: 106276.

#% 8B 5198244 st . ik
KEFHEHL bR EAZ . E BRI o B gt
B RRRE%.

E-mail: stevenyc@hubu.edu.cn

R L, 197344 WIHLFEEL . WL
TR 0 248 25 i) 22 Ao e 0% . R BRSO
W25 55 {5 R &4
E-mail: sjhhubu@126.com



