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Multi-classified motion imagery of EEG signal recognition based
on multi-feature fusion
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Abstract; To solve the problems of single feature classification and low classification accuracy of multi-classified
motor imagery EEG recognition, a four-class motor imagery EEG recognition method was proposed based on multi-
feature fusion to improve the recognition rate. Preprocessed EEG signals were treated by Hilbert-Huang transform,
one-to-multiple common spatial pattern, approximate entropy, fuzzy entropy, and sample entropy extraction
combined with the initial eigenvectors of time-frequency-space-linear dynamics. Principal component analysis was to
reduce dimensionality, and particle swarm optimization was adopted to support vector machine classification.
Through MATLAB simulation on the international standard data set BCI2005 Data set Illa, the recognition rate of
the algorithm reached 93.3% , which was higher than these of single feature and other combination features. The
motor imagery EEG data of four experimenters was collected, and the average recognition was 72.96% by using the
method proposed in this study. Results show that the feature extraction method based on multi-feature fusion can
better characterize motor imagery EEG signals. Using particle swarm support vector machine can achieve higher
recognition accuracy, which provides a new recognition method for human brain cognitive activities and a new
recognition method for human brain cognitive activities.

Keywords : EEG recognition; Multi-classified EEG; Feature fusion; Motor imagery; Support vector machine
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Fig.3 Preprocessed signal of left hand movement imagination
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