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Study on Classification of EEG during image recall
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In Japan, the birthrate is rapidly declining and the population is rapidly aging. Against this backdrop,a
shortage of caregivers for the elderly is becoming an issue. In addition, some people in need of care who
are physically unable to move themselves also want to live their lives without inconveniencing. BMI(Brain
Machine Interface),which measures neural activity in the brain and operates machines based on the signals
obtained, is attracting attention as a solution to these problems. There are BMIs that use various stimuli
such as P300 and motor imagery. In this study, I focused on BMIs that use image recalling and achieved
high average accuracy of 78.7% in three-class classification.
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