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Constructing a Large-Scale Video Dataset for Human Action Recognition at Home and Office
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This paper introduces a new large-scale video dataset for human action recognition at home and office, named
STAIR Actions. At January, 2017, STAIR Actions contains 63,000 videos in total and 100 types of action labels.
The length of most of the videos is five seconds, and each video corresponds to a single action label. In this paper,
we explain how we construct STAIR Actions in details, along with showing the list of action labels and examples
of the videos in STAIR Actions. Then, we show the result of human action recognition using STAIR Actions.
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