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[Abstract]

Electroencephalogram (EEG) signals serve as a core input for brain—computer interface systems, and
EEG-based emotion recognition has been widely studied. The Band Feature Extraction Network
(BFE-Net) effectively extracts frequency band—specific features; however, it does not consider
interactions between frequency bands. To address this limitation, this study proposes the Band-Attention
BFE-Net (BA-BFE-Net), which incorporates a self-attention mechanism to explicitly learn dependencies
among frequency bands. The proposed model captures non-linear relationships among five frequency
bands and enables more effective feature fusion. Subject-independent experiments conducted on the
SEED and SEED-IV datasets demonstrate that the proposed model improves classification performance
by 1.19% and 2.04%, respectively, compared to the original BFE-Net.
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I. Introduction
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II. Related works

1. BFE-Net
BFE-Net[11]& & o] viE gndlg ] AR=sim, 1
2l 393 A7 Graph Convolutional Network,

=]
GCN)| 5 57 st % A0} Zta W@.‘%‘ 5*32 2

qolq 24 DE% M A 1%;5) } }q %

o i, o>
ool Jm o ;E‘_

o] Tt oS BE e AlRolTt 25
B A8 JEY] AR A4S whdshy] s A9
A A 2AHl(linear dynamical system, LDS) AR

Aof, ol2 £3 FA WEo] AN ujnate A
Glo]El 2 ARHEICk BRE-Neto] ZWIAlel T4 Fig. 13}
20} MY S95L BRE-Netole} 2ol S39l of
9 vEYIS 83 4 Fup lgEs A
BFE-Net 7] 4| @72 799 5% 54 55 1Y
2 AR,



Band-Attention BFE-Net for Subject-Independent EEG Emotion Recognition 63

BFE-Net

CNN layer Multi-graphic GCN layer " .

Delta

> (3Convad) || layer construction | (3GCNlayers) | | 1
BFE-Net
] CNN layer Multi-graphic GCN layer : 1
2 (3Convad) || layer construction || (3GCNlayers) [ > f2 l
BFE-Net < | Output
8
© > ]
2 - CNN layer Multi-graphic GCN layer —— 1, 3 >
= %> (3Conv2d) | layerconstruction | (3 GCN layers) > ‘ £ v
S
2
BFE-Net
8 CNN layer Multi-graphic GCN layer 2 1|
E (3 Conv2d) layer construction || (3 GCN layers) " fa
BFE-Net
e p
Bl iy CNNlayer Multi-graphic GCN layer : ‘_
o
L]

(3Conv2d) || layer construction || (3 GCN layers) 2 fs

Fig. 1. Overview of BFE—Net model architecture
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Fig. 2. Overview of the proposed attention—-based BFE—Net
band aggregation process
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IV. Experiments
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(Shanghai Jiao Tong University, SJTU)OA =5
o, <Ato]E(https://bemi.sjtu.edu.cn/home/seed)
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2. Implementation Details

20| QI3 HolHE (N,62, 7.5) ejo] 4zt &
Mz ddt 71 Aol 7dsHAl vlushy] sl 7t
Zuks tjodo] S410 2% SEED 9 SEED-IV SlojEjAlo]

of. o714 N ZAl AE(Trial)e] 7|+ <lulsiy,
SEED Hlo]EjAle] 742 & 67570(15% WA x 3 Al
X 15 Trial), SEED-IV djo]E{Al19] 4L & 10807H(15F
m&AL x 3 A X 24 Trial)2 A=} 62= EEG A
2 7§35 YERY, 5= Foks 0 (6, 6,2, 8, 7)) N
S5 ottt o & Fo1, SEED Hlo]EAlof|A] shte] Al
=90 (62, 265, 5)9] FEjZ BIE D, o]= 627§9] EEG
A, 265 Zol9] AIRE &, Z2ja oAl 7l ok gielo
2 A" EXS oju)sic}. A|7F x4 T9] . SEED
clo]Ej Al 1850014 2657FA] ©festal, SEED-IV Hlo]E
AL 12004 647K Trefstct. meta A= o Trial 4
olF Y57 Hall Az mdS A&stlen, SEED ¢
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SE|OPolAE AMESIL, S5E2 0.001, HiA] F7]=
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+ WA} Oﬂﬁﬂ(cross-entropy) SAZ AESINe
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3. Experimental Results

3.1 Comparison with State-of-the-Art Models

AIQFer BA-BFE-Net®] 7275 455171 5, SEED
2 SEED-IV tj|o]EjAlS AFL3H 714 91A] mel=qto] A
s HlwE 2345 vlu 2= AEAQl Haled
71989l SVM[7]a} DAMGCN[9], DGCNN[5], RGNNI6],
TANN[14], BIHDM[15], SOGNN[8], 12|11 & ¢119] 7]
ub wolo] BFE-Net[11]S Z3lstgich BE vlw Alge
=43t tlolE] &2 YA(LOSO)IA 48] Tt

}\1 Kﬂ%ﬂf' Differential Entropy(DE) %‘78% /\]‘-8-6]‘93\ SEED Eﬂo]]ﬂ}}ﬂ }‘\;-!634 7‘?:])7_}‘ Kﬂ?_]_'ad' EGE]% ﬁéﬂ_
Table 1. Summary of SEED and SEED-IV datasets used in this study
Dataset Subjects Sessions iz .per thal Emotion Classes Channels szl
Session Trials Rate
SEED 15 3 15 675 Positive, Neutral, Negative 62 200
SEED-IV 15 3 24 1080 Neutral, Sad, Fear, Happy 62 200
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Latel BE vl Bduct go
| AR SMELT3H) ) 2

onj, SOGNN(86.81%) tiid] 6.67%,
7]1& SOTA & J BFE-Net(92.29%) 4] 1.19%9] ‘ds

_JH:I r

Fe 712 a0t

R dolesl o Be U JiA 2 AElS Zatets
SEED-IV dolsiMloli s Aokt wale @3 Aste
81.85%(+4.74%)2 BE v 2 % 7} =o Ao
251t SVM(37.79%)it BliLstel 2 A% ARIE B
o0, OhE Yy 73 DRS) ushiE QusA
A3 45e yemic S8 i =g
BFE-Net(79.81%) ti8] 2.04%0] AL 3FALS sl
k. ol2igh Auke ARk tfd ofshA 7|8t 54 g3 o]
AYzol Fupe ofe} 7t 4E JENE AYHOR o
Fozi 2 AN A5 Pl ARFOE J|ojgg A

ARgte} 7w AR v Table 20 UERJQICT

Table 2. Comparison of average accuracy and standard
deviation by model for SEED and SEED-IV datasets

Model SEED SEED-IV
SVM 56.73%(116.29%) 37.79%(£12.52%)
DAMGCN 73.21%(£8.35%) 68.22%(17.03%)
DGCNN 79.95%(1£9.02%) -

RGNN 85.30%(16.72%) 73.84%(18.02%)
TANN 84.41%(18.75%) 68.00%(18.35%)
BiHDM 85.40%(1+7.53%) 69.03%(£8.66%)
SOGNN 86.81%(15.79%) 75.27%(£8.19%)
BFE-Net 92.29% (£ 4.65%) 79.81%(£4.11%)
foAu_rBs)FE_Net 93.48%(13.19%) | 81.85%(*+4.74%)

3.2 Ablation Study
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3.3 Model Complexity Analysis
A|oFst BA-BFE-Net R@o] AAF B E

9J5}| 71E BFE-Netu} uj2}olg] 42
Table 40j

J‘I_}L

3 856 763710114 3, 868 7937HE oF O 31‘7
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Table 4. Model complexity comparison

Model Parameters Increase
BFE-Net 3,856,763 -
BA-BFE-Net 3,868,793 +12,030 (0.31%)

Table 3. Ablation study of the proposed self-attention-based band fusion module

Method

SEED

SEED-IV

BFE-Net (paper reported)

92.29%(+4.65%

79.81%(t4.11%

BFE-Net (reproduced)

92.59%(+5.05%

80.65%(12.46%

Multi-Head Self-Attention
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3.4 Band Attention Map Visualization and Analysis

& o= AP] offIAd 17M£Ol 7} Zapa O 710
HEAES of@A S5slAEAlE B 9ol akad
0] oS F15A12 51E el APIEISISiC. Fig
3(a)?} Fig. 3(b)= 247} SEEDet SEED-IV Ho]EfAllof|A]
gt LIRS oAz 278 Hat offlAd e UEICH
o714 x5 AE KﬂL fS(source band, key)s, y&
2 Y Al t9(target band, query)S Qjujsict,

A SEED tlo]&Al9] 4% of=] 7 AJEollAl alpha
% gamma Tj9o] HtiHoR =2 Fx mES Hol=
20| UEPRT. ol 7 HHIE sk 1PdollA i
T U9 FEIt 5% AES & 4 S AXRITH
FEot A5 A JHoIME= delta E+= beta tf9o] ThE
ool FuE HAachk: iH e WAL QL SEED-IV ¢
o[F AN = 77 AJEiol Tt Mz o oY 1 AR
j&lo] YRt ol 201 &5 JEIolA= beta t9o]
U0 A =2 U2 ARk o] UEHoH, 52 4

Efof| A= delta T O] A}7)Akx 738Fo] atg]Qlc}, w3t

s
=
A
a

[=1d
=l

Delta

- 0032

Beta

- 0.000 [NUEE

10
% 0025 0002 0059 0010 (RECH 0245 0001 0058 0.008
8

- 0274
- 0.074
- 0.036

- 0.250

3.5 Confusion Matrix Analysis
Rzt £5 U $AL 29 13 Fig
4(a)?}t Fig. 4(b)= Z¥2t SEED & SEED-IV gJo]gjAllof
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Fig. 3. Visualization of Band Attention Map by Emotion.

(a) SEED and (b) SEED-IV datasets. (Heatmap values

indicate the weight contributed by the Source Band to the Target Band)
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