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Abstract

In this paper, we propose a computationally efficient method detecting the P300 wave for brain-machine interface.
Electrophysiological researches have shown that the P300 wave's potential is decreased when human intention matches
visual stimulation. Motivated by this fact, we can infer human intention for brain-machine interface by detecting the P300
wave's potential decrease. The P300 wave is recorded from EEG(electroencephalogram) electrodes attached on human brain
skull after giving alphabetical stimulation. To detect the potential decrease in P300, firstly we statistically model the P300
wave's negative potential. Then we infer human intention based on maximum likelihood estimation. The proposed method
was evaluated on the data recorded from three healthy human subjects. The method achieved an averaging accuracy of
98% from subject k, 9% from subject j and 79.8% from subject h.
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