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Development of Electroencephalogram brain-machine interface using convolutional neural network
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Brain-machine interface (BMI) is a system that manipulates machines directly from the brain activity data. Convolutional

Neural Network (CNN) which enables end-to-end learning allows extracting information from brain activity [Antoniades
2016][Bashivan 2016]. In the previous study [Schirrmeister 2017], CNN was used to predict four kinds of motor imagery of
right arm, left arm, foot and rest from electroencephalogram (EEG) data. In this study, we measured EEG when an individual
performed reaching movements with his right arm. We propose a BMI system by using CNN that can classify four directions

of reaching motion of the right arm from EEG data with about 78% accuracy.
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