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[Abstract]

It is very dangerous to lose consciousness or to prevent normal movement due to injury after a fall. In the dangerous situation,
immediate response from surrounding people, protector and medical personnel is required. In order to recognize this complex
situation, a data-fusion technique that utilizes various sensor data and related information together is required. In this paper, we
propose data-fusion based dangerous-situation aware mechanism that combine user's various movement data with previous context
data. The proposed mechanism collects data every 100 ms to classify states as activity, falls, driving, and dangerous. Also it
classifies activity state into five sub-state. We analyzed the performance of the proposed mechanism through experimentation. The

proposed mechanism will be utilized in dangerous situation alert services.
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Table 2. Motion data analysis results by target motion

State LMV V(Velocity) Step
Sit 2 1 1
Squat 2-3 1 1
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