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Abstract: Current emotion recognition methods for eletroencephalogram (EEG) signals seldom fuse
spatial, temporal and frequency information, and most methods can only extract local EEG features,
resulting in limitations in global information correlation. The article proposes an EEG emotion recognition
method based on 3D-CNN-Transformer mechanism (3D-CTM) model with multi-domain information
fusion. The method first designs a 3D feature structure based on the characteristics of EEG signals,
simultaneously fusing the spatial, temporal, and frequency information of EEG signals. Then a
convolutional neural network module is used to learn the deep features for multi-domain information fusion,
and then the Transformer self-attention module is connected to extract the global correlations within the
feature information. Finally, the global average pooling is used to integrate the feature information for
classification. Experimental results show that the 3D-CTM model achieves an average accuracy of 96.36 %
in the SEED dataset for triple classification and 87.44% in the SEED-IV dataset for quadruple
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classification, which effectively improves the emotion recognition accuracy.
Key words: electroencephalogram (EEG); emotion recognition; convolutional neural network;

Transformer; self-attention
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Fig.4 Accuracy and loss trend chart
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Table 3 Classification accuracy for different
frequency band combinations

%

S+ 0+ 0+at O+0+at

abBty Bry+y Bty
SEED 93.59 96.36 95.83
SEED-IV-1 80.76 87.25 85.16
SEED-IV-2 79.09 85.81 84.16
SEED-IV-3 82.66 89.27 88.04
SEED-[V-Ave  80.84 87.44 85.79

B

A Transformer ® JGTransformer
SEED

SEED-IV -session 1
SEED-IV -session 2
SEED-V -session 3

SEED-IV-Ave
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W/ %

5  Transformer £ 3 114 fl B 55

Fig.5 Ablation study of Transformer module



1550 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

B Transformer B8 J5 , ER R 35 FFE T 2.93% .4.30% F14.00% , e & W55 P T 3.74% .
It B, Transformer B HUG A R B AT 5 25 0 H, B 0% AR 40 4 42 i CNINASE B 2 BUY RRAIE A B0 1 42 JR 56
B, A AR B S B 2 MER R . B AN LI T Transformer 25 5 GE 0% 3& F T 5] 69 B4 5 A0 Bt Ja]
B, B R & i R mT R
2.6 FHiEXLLSHT

R T i — 2 BRSO IR A e, DA B s (] - ) A5 S AR Sl A A Transformer X EEG 1% BGR 51
(P T, 4 40 2R 25 5 5 30 5 41 ok 5 S ik (A IR I RN ST AT T IR B SR R A s . Hoh . DGCNN
T RGN A% 43 31 5 FH 2 285 18] 3 ARl 28 190 46 AR IE DU A 1] o 2 0 4% 5k 2 o R[] EEG 3l 18 22 [8] 1 149 78
FZ, EE N EEG 923 [ {5 K7 W #4720 Hr o R2G-STNN R X3 7 EEG 19 i i) F1 25 i) 15 B, , 2%
JH R Ta] S i 312 W 2% (Bidirectional LSTM, BiLSTM ) 3R 2 2] K g X 38k A1 42 J5y (1) i 25 SR fE A7 0 2
VA D7 AR A T 25 18] R i) R0 3 455 8 01— b i 79 o, 5 226 T 15 1) 45 R AR Gt 41K

R4 MHEXFEIL

Table 4 Comparison of relevant methods

(i 7 SEED M %/ % SEED-IV #E i %/
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