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Abstract

In general, non-invasive Brain-Computer

Interface (BCI) wuses neural

activity information recorded through

electroencephalogram (EEG). EEG have developed mainly into motor imagery (MI) with a low risk of contamination because
they can be contaminated by various artifacts during the collection process. The purpose of this study was to find out which of
the motor imagery and movement execution (ME) of knee is good classification performance. To this end, Ml and ME data of
four types of knee exercise were collected from 10 subjects. The data collected through deep learning were classified, and as a
result, a study found that ME (98.90%) can be classified more accurately than Ml (98.37%). These results are expected to be
used for various controls such as mobility and robots through combination of MI and ME.
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