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Abstract: An electroencephalogram (EEG) emotion analysis model (LTNet) that combines long short-term memory (LSTM)

and Transformer modules is proposed for addressing the shortcomings of traditional emotion recognition methods in dealing

with long-term dependencies. After data preprocessing, the extracted features are input into LTNet. LSTM module and

Transformer module model the input sequence independently, and from which deep local features and global features are

extracted and then fused using a weighted fusion strategy. Finally, Softmax function is used to classify emotions into 4

categories. Experimental results show that LTNet has an average recognition accuracy of 96.56% in the 5-fold cross-

validation on the DEAP dataset, which is 2.74%-21.31% higher than traditional machine learning algorithms and other deep

learning methods.
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Figure 1 Two—dimensional emotion model
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F1 score = 2 x Precision x Recall (4)

Precision + Recall
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LSTM 73.67 65.72 68.09 65.72 0.64 0.96
Transformer 95.16 82.22 82.59 82.22 0.82 0.12
LTNet 96.56 83.68 83.87 83.68 0.83 0.08
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Figure 8 Comparison of average precision, recall rate and F1-score of the models on the test set

of L 45 B i 32 4 TR, LTNet #2780 /i SR A 4 T ) 2%
T B4 A B 55 28 DR 1) ST 56 VR A R 0 2.74%~21.31%

R4 SEAMRERIILE

Table 4 Comparison with similar research results

PONER T Jrik WEWR% M
SCHk[2] GCNN+LSTM 85.27 2
SCHk(3] CNN+LSTM 92.48 4
SCHk[4] Bi-LSTM 77.28 2
SCHER[6] STS-Transformer 88.20 2
SCiik[21] GLFANet 92.92 2
CHk[22] SPD+SVM 86.71 4
k23] DA-CapsNet 75.25 2
SCHik[24] MS-FTSCNN 93.82 2
k[ 25] mRMR+SVM 76.82 2
AR JE LSTM+Transformer 96.56 4
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Transformer 155 A1 | LTNet #5 AY i) 7 R 3L 5 1.40%~
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