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Fast Construction Strategy of Abnormal Action Detection Dataset
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Abstract; We propose a fast strategy to build abnormal action detection dataset. This strategy completes the construction of dataset in a
semi—automatic way , which significantly reduces the workloads of manual operation in the construction pipeline. This method searches
and downloads videos containing specified actions automatically from the Internet in the form of web crawler. The object detection model
with the state — of — the — art performance is used as the person spatial detector. Finally, the human action annotations are completed
iteratively by combining manual annotation and action detection model. What needs to be done manually is the selection of downloaded
video, the check of person bounding boxes and a part of action annotations. In the experiment section, it demonstrates that the dataset
constructed by this method is effective and can be used as the training set of abnormal action detection model. Furthermore, it shows that
this method can quickly build a large—scale and high—quality action detection dataset,which will accelerate the development of research
and application of abnormal action detection.
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