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ABSTRACT

In this paper, we introduce a system applied to long short-term memory using Yolo-pose. Using Yolo-pose from image
data, data divided into daily life and falls are extracted and applied to LSTM for learning. In order to prevent overfitting,
training is performed 8 to 2 validation and is represented by a confusion matrix. The result of Yolo-pose recorded 100%
of both sensitivity and specificity, confirming that daily life and falls were well distinguished.
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