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Abstract: During the recognition of emotion based on electroencephalography (EEG) signals, traditional machine learn-
ing and deep learning methods cannot establish a general classification and detection model for EEG data due to the dif-
ferences in EEG signals among subjects. Each subject was treated as an independent domain, a multi-source cross-subject
emotional EEG recognition model was established, and the model was verified on the public dataset. The evaluation re-
sults show that compared with single-source domain model, the proposed model has better cross-subject feature extrac-
tion and classification capabilities.
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