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An Application of Representation Learning to
Human Behavior Sensing of Wheelchair Users with an Accelerometer
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Recent expansion of intelligent gadgets, such as smart phones and wristwatch shaped vital sensors, boost a
good relationship between human behavior sensing in daily lives and useful applications in ubiquitous computing.
Representation of the sensing data of human behavior has been depended on handmade feature designs based
on domain knowledges or careful observation of data. This paper reports effectivity of representation learning to
human behavior sensing with accelerometers by driving logs of nine wheelchair users.
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