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Abstract: To fully integrate multi-dimensional emotional information from EEG signals and improve emotion

recognition performance, this paper proposes a network model based on multi-attention and multi-feature fusion. The
model combines the asymmetry of the brain hemispheres and the spatial, spectral, and temporal characteristics of EEG
A parallel attention mechanism is used to

signals, performing feature extraction through parallel dual-input pathways.

enhance the expression of frequency channels and spatial information, while the size of convolution kernels is adjusted

through dynamic kernel selection. Additionally, depthwise separable convolutions are employed to further extract and
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compress features.

fusion in the Transformer encoding layer, enabling emotion classification.

dataset, the model

Finally, the temporal dependencies and global associations between features are captured through

In three-class experiments on the SEED

achieved an average accuracy of 98.53%, demonstrating the superiority of this approach.

Furthermore, visual analysis of the attention module further enhances the interpretability of the model.
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Fig. 2 Electrode matrix mapping
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Fig. 3 Frequency-separation spatial attention module
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(64,100) 97.58 97.58 97.57 97.58
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(256,80) 96. 10 96. 10 96. 08 98.08

(256,100) 96. 46 96. 48 96. 46 96. 45
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MFE 2 TTLAFE L SE Fl SAM 43 5] 78 45 2% 5 3 J2 ¥
25 8] E R _EBEAT TS8R L i CBAM W [R] s %5 45 35 8 A as
B 2T TS, WA S R T TR R MR AE . S A
o, AR SCHE ) FSSA T B B H0 /> T R Z Y
T I AE 2 R IR B3R AT T 50 RS 40 0 57 38 5 , Lk
ARG HR 00 T HoAl 7R 2 A 5000 T HoA 0

2) 73 [ FAR TV 3 7 43 B

T i — AR AR AR SC T VS A A B AR, A SR
AU A ALAE T 45 1) AU 7 2 I AE . % DE-FM il Bi-
SM WAL HEAS & 5 J5 2 I AR B a0 10 B, AT LLE
W AR S AT B B G R S B AR E R X — R
LT 2t B - e e ey | K R SO S E N TR
HUTH Sk S T YA I L A0 00 B8 A 5 R R AH G 19 K I
X 45
Dta

Theta Gamma

Beta
o

0.8

0.6

OO O @
Neutra] g l § / 5
- > 2

&l 10

Fig. 10  Spatial weight visualization
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Table 3 Module ablation experiment %
LAY MR ORME dEE FlH
J& DE-FM 94.01 93. 98 93.97 93.98
J& BI-SM 98.10 98.09 98.09 98.10
Jc DKS 97.65  97.64  97.64 97. 64
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Table 4 Comparison with similar studies

T3k HEAE R/ %
GECNN™ it 1 43 0 B 4 92.93
ResNet™* 2D-DE 94. 88

MDGCN-SRCNN™* DE-+PCC 95. 08
Conformer! EEG 95. 30
TDMNN™" 4D-DE 97. 20

Bi- ViTNet' " EEG-+PSD 97.55
A3 DE-FM+ Bi-SM 98.53
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