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Abstract: This pap
on the fusion of CSP (

problem of low classifi

a motion imagination EEG (Electroencephalogram) signal processing method based
patial Pattern) and DTSVM (Decision Tree Support Vector Machine), to address the
n accuracy caused by interference in EEG signal acquisition. Firstly, the CSP algorithm is
used to extract the features of the EEG feature values of motion imagination. Then, the features are classified by
methods of LDA (Linear Discriminant Analysis), Adaboost (Adaptive Boosting) and DTSVM. Finally, through
experimental comparison, it is found that using DTSVM for classification has the best classification effect, with a
maximum classification accuracy of 92.52% .
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Fig. 2 Position of electrodes
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Fig. 4 CSP feature extraction diagram
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Fig. 5 Relationship diagram between decision tree and

classification accuracy
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