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Trends in Online Action Detection in Streaming Videos
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ABSTRACT

Online action detection (OAD) in a streaming video is an attractive research area that has aroused interest
lately. Although most studies for action understanding have considered action recognition in well-trimmed
videos and offline temporal action detection in untrimmed videos, online action detection methods are
required to monitor action occurrences in streaming videos. OAD predicts action probabilities for a current
frame or frame sequence using a fixed-sized video segment, including past and current frames. In this article,
we discuss deep learning-based OAD models. In addition, we investigated OAD evaluation methodologies,
including benchmark datasets and performance measures, and compared the performances of the presented
OAD models.
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