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Fig. 1 The mean of the four-dimensional feature vectors of the two classes for subject S2003
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SPRT-based classification method for motor imagery electroencephalogram

LIU Rong"', LI Chun-yue',

WANG Yong-xuan®,

WANG Yuan-yuan', LI Xiang’

( 1.Faculty of Electronic Information and Electrical Engineering, Dalian University of Technology. Dalian 116024, China;
2. Zhongshan Affiliated Hospital of Dalian University, Dalian 116001, China;
3. The Second Affiliated Hospital of Dalian Medical University, Dalian 116027, China )

Abstract: To extract and classify the electroencephalogram (EEG) signal features fast and accurately

is a key issue for the brain-computer interface (BCI) systems. Based on the human decision-making

model, a motor imagery EEG dynamic classification method is proposed based on the sequential

probability ratio testing (SPRT) combined with an adaptive wavelet feature extraction method.

Without pre-fixed sample size, this classification method samples and accumulates classification

information successively. It is helpful to solve the real-time control problems in the BCI. In order to

evaluate the effectiveness of the algorithm,

a 10 times 10-fold cross-validation

is used. The

experimental results show that the average classification accuracy of three motor imagery datasets of

eight subjects is above 87%. The results of mutual information and classification time also show that

the method can effectively improve the performance of BCI system and has good practicability.

Key words: brain-computer interface (BCI); motor imagery; adaptive feature extraction; dynamic

classification



