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Fig. 1 The process for feature extraction of EEG signals
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Fig. 2 The sequence diagram of motor imagery
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Tab. 3 Classification accuracy of training data
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Tab. 4 Classification accuracy of testing data
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Feature extraction of EEG based on DTCWT and CSP

SHE Qing-shan®, CHEN Xi-hao, XI Xu-gang, ZHANG Qi-zhong

( Intelligent Control and Robot Research Institute ; Hangzhou Dianzi University, Hangzhou 310018, China )

Abstract: Due to the facts that there are many irrelevant frequency components in motor imagery
electroencephalography (EEG), and the common spatial pattern (CSP) feature extraction method is
lack of frequency information processing, a feature extraction method combining dual-tree complex
wavelet transform (DTCWT) with CSP is presented. Firstly, three-channel EEG signals from C3, Cz
and C4 are selected to be up-sampled, then the dual-tree complex wavelet transform is used to perform
multi-scale decomposition to obtain appropriate bands and reconstruct the signals at the corresponding
scale. Secondly, all bands of three-channel reconstructed signals are combined and inputted to the
spatial filter, resulting in a 6-dimensional feature vector. Finally, support vector machines (SVM) is
employed to classify two kinds of motor imagery tasks. Compared with the CSP, FBCSP and WPD-
CSP methods, the proposed method is validated on Dataset 1 provided by BCI Competition IV, and its
average classification accuracy of training data reaches 96. 0% and that of testing data is 86. 7% in

seven subjects. Experimental results have demonstrated the effectiveness of the proposed method.

Key words: brain-computer interface (BCI); motor imagery; dual-tree complex wavelet transformj;

common spatial pattern (CSP)



