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Abstract

Aiming at the issues of single feature modality, inadequate temporal dependency modeling, and ne-
glected task correlations in traditional EEG-based emotion recognition, this paper proposes a spa-
tio-temporal hybrid attention EEG emotion recognition method based on multi-task learning (MT-
STCNN). At the feature level, the method integrates Differential Entropy (DE) and Power Spectral Den-
sity (PSD) features to comprehensively characterize emotional states from both information complex-
ity and energy distribution perspectives. In the network architecture, a lightweight Transformer en-
coder is introduced to enhance global modeling capabilities for long-term temporal dependencies.
Furthermore, a multi-task learning framework is constructed to jointly optimize the recognition of
valence and arousal dimensions. Through feature sharing and a cross-task attention mechanism,
the model’s recognition efficiency is improved. Experiments on the DEAP dataset demonstrate that
the proposed model achieves average recognition accuracies of 98.26% for valence and 98.67% for
arousal, significantly outperforming existing mainstream methods, thereby validating the effective-
ness and advancement of the proposed approach in EEG-based emotion recognition.
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Figure 1. Algorithm model structure diagram
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Figure 2. DE and PSD feature fusion diagram
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Figure 3. CA-CNN module structure diagram
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Figure 4. Transformer temporal feature fusion module structure diagram
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Table 1. Average performance of the model on the DEAP dataset (five-fold cross-validation)

= 1. 1HE7E DEAP BRE ER T RE (R I 3E X IGIE)

P REFE bR A Y i AR RE
Iy RUEN R 98.26% 98.67% 98.47%
ERERE 0.0497 0.0377 0.0874
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Table 2. Detailed results of five-fold cross-validation
2. AR NIIEFMEER

P LUIRIRTES e R A T R SEIZES
ER R 98.62% 98.77% 0.0794
829 98.66% 99.01% 0.0612
£ 3 97.89% 98.47% 0.1009
¥ En 98.08% 98.66% 0.0966
59 98.03% 98.46% 0.0986
YA 98.26% 98.67% 0.0873
PR ZE 0.0032 0.0021 0.0151
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Table 3. Ablation experiment design
= 3. HRL LIS
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Table 4. Ablation experiment results
4. HAKEER

SRR R HER G i A ISETES
LR Y 97.73% 98.32% 0.1104
+Transformer 93.64% 94.71% 0.2783
+BE ST 97.79% 98.04% 0.1138
TR (A ) 98.26% 98.67% 0.0874

3.3.4. SMEFEXTELEE
JIEE MT-STCNN R B 1k, K4 S5 4F DEAP B4 FR IR TS 73k T x b, 4558 an# 5
FizRo

Table 5. Performance comparison of emotion recognition for different methods
5. TREIFA RIEEIRBIMEREXTEL

DEAP-Arousal DEAP-Valence
PCRNN 90.26% 90.98%
2D-CNN-LSTM 91.92% 92.31%
ACRNN 93.72% 93.38%
MT-CNN 96.28% 96.62%
MT-STCNN (Ours) 98.26% 98.67%
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