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Abstract

Recently, deep learning has been widely used as a new approach to improve the overall performance of electroencephalography
(EEG)-based classification of mental states and intentions. To address the issues regarding the limited amount of available EEG
data, various data augmentation (DA) methods have been actively studied. However, the performance of the currently available
DA methods for EEG classification has not been fully validated. In this study, we compared the performances of five DA methods
by applying them to convolution neural network (CNN)-based motor imagery classification data.
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