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[Abstract]

Various solutions are being distributed for the prevention of dementia, but there are some inconveniences regarding the location
and use. Additionally, it is difficult to check whether the exercise is being correctly done. To address this issue, we propose a
brain gymnastic awareness program that can prevent dementia in various environments. The proposed method extracts image
frames from video recordings of brain gymnastic hand movements. The coordinates of the user's hand are detected by a model
that learned brain gymnastic hand movements through object detection. Then, skeleton extraction was performed using the
Mediapipe library. Collecting data directly, we built and labeled a dataset for each behavior. Two brain gymnastic movements
were analyzed using six machine learning classifiers. Through performance indicators such as precision, recall, and AUC score,

it was confirmed that the proposed method can recognize brain gymnastic movements.
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Fig. 11. Top 5 features with high feature importance in six classification models, a) PP motion, b) CNV motion
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