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Abstract

In response to the challenges of significant individual differences and insufficient generalization of
time-frequency features in interdisciplinary EEG emotion recognition, this paper proposes a multi-
frequency spatiotemporal attention network FA-TSception. This model innovatively integrates multi-
frequency adaptive mechanisms and efficient channel attention, constructing a three-level processing
framework based on TSeption multi-scale spatiotemporal architecture. Multi-frequency dynamic time
layers generate adaptive convolution kernels by parameterizing scaling factors to accurately match
the time-frequency features of emotion-related frequency bands such as Alpha, Beta, Gamma, etc.; use
asymmetric spatial layers combined with hemispherical convolution kernels to extract spatial activa-
tion patterns in the frontal lobe and temporal regions; integrate with an efficient Channel Attention
Module (ECA) to achieve adaptive calibration of multi-frequency features. Interdisciplinary experi-
ments on the DEAP dataset showed that the average classification accuracy of FA-TSception in the
arousal and valence dimensions reached 62.73% and 60.12%, respectively. Compared with TSeption,
itimproved by 1.16% and only increased the model parameter count by 5.6%. FA-TSception not only
improves the accuracy of cross-individual EEG emotion recognition, but also enhances the model’s
ability to recognize emotion-related features by introducing effective attention mechanisms while
maintaining a relatively stable number of model parameters.
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Figure 1. Overall network architecture diagram
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Figure 2. Multi-frequency dynamic temporal convolutional layer
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Figure 4. Efficient channel attention module
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Figure 5. Accuracy comparison visualization
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