A Zh b 8 R 5 H

Techniques of Automation and Applications 99

2026 4F 55 45 % 53 M

DOI; 10. 20033/j. 1003—7241. (2026)03-0099-05

EThEBEEESNSERMESHERANER
HOREVE
( i 5 B WO B AR 2B, 1 201411)

W BTGNS RS SR IR T SIS 4 YA SE R P AR 2 RS, SRS 25 B BOR A SCIE , LA R -Hi-E £
HEEE ., BHAEREEL 2 8 T8, A4 IR MR T S Bk . b TR IS 4R 2 an 5 5 8., 32
— R B e S ) % R I AL 5 e AR 45 190 15 2 TR IR S SR IR FELAR 5 SO R RRAIE  SZARRAE T LS AN (] 450 B i
PG B RE R /010 , 45 6 A0 5 28 (UM I LB O 28 M0 e i 6 e | G 3 e 8 P 28 AR TR BB 1 23 A B TR I L 46 7
ANTRI NG DXAS ) AR, {75 3 2 B 3 TR S 0K SR {68 FH B P 6 B D 445 %o i e Bh SRR IE R A 5 20 4R 156 4 Bt e ) sh 2 28 Ak i
fiE, e AR MU a5 R . LY S5 RR I, 76 DEAP Fd 48 1 il - e i B — 5y JE VI 36 94. 97% \95. 28% , MU 4y 25 HE I 3R K
94. 62% , AHHTF I —HEFE | FTHE Al A AR T UA R THE 25 IR B RS BE

SRR AFLEVUN i FL 55 BE R 5 B P B AR S 4% AR ARSI RR TR R

RESES; TP391 MERFRERD: A TEHES: 1003-7241(2026)03-0099-05

Multidimensional fusion emotion recognition model based on EEG signals

CAO Yaxi

( Shanghai Technical Institute of Electronics & Information, Shanghai 201411, China )

Abstract: In the task of emotion recognition, EEG signals are derived from the central nervous system which is closely associated with
emotions, exhibit a strong correlation with individual emotional states, and possess time-frequency-spatial multi-dimensional information.
However, their complex information dimensions and susceptibility to noise interference pose challenges to the accuracy and reliability of
emotion recognition. To fully explore the deep-seated details of emotions, it proposes an EEG emotion recognition model integrating capsule
network, attention mechanism and temporal convolutional network. First, it extracts the differential entropy features of the EEG signals,
which can reflect the energy distribution of EEG activities in different frequency bands, and frequency domain and spatial domain
information are combined to map into multi-band feature matrices. Subsequently, spatial information is acquired through the CapsNet, and
an attention mechanism is employed to assign different weights to various brain regions, enabling the classification capsule to focus on key
leads. Then, temporal convolutional network ( TCN) is utilized to learn the temporal dynamic features, capturing the dynamic changes of
emotions over time. Finally, obtaining the emotion classification results. The experimental results show that the proposed fusion model
achieves an accuracy of 94.97% and 95. 28% for Valence-Arousal binary classification tasks, respectively, along with an accuracy of
94. 62% for four-class classification tasks. Compared with single-dimensional models, the proposed fusion model can effectively improve
the accuracy of emotion recognition.
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Fig. 4 Feature matrix mapped from different eeg frequency bands
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Fig. 6 Four-class emotion classification results at different time intervals
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