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[ Abstract] In order to alleviate the problem of degraded emotional classification performance caused by fluctuation and
difference of day-to-day Electroencephalogram ( EEG) signals, an EEG feature extraction algorithm for EEG emotion
classification based on the combination of Data Space Adaptation( DSA) and Common Spatial Pattern( CSP) iteration is
proposed. For 5 days of EEG data from 12 subjects, the DSA algorithm is first used to perform spatial linear
transformation to minimize the difference between cross-day EEG signals. Then,the CSP algorithm is used to transform it
into an optimal subspace to maximize the variance between two emotional classes. The power spectral density features and
differential lateral and causal features are extracted. Experimental results show that the proposed algorithm improves the
accuracy and stability of emotional classification on EEG signals.
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