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Abstract: Improper behavior of escalator passengers can easily lead to public safety accidents and property losses. Accu-
rately identifying dangerous behaviors of escalator passengers based on surveillance videos is of great significance for en-
suring public safety. However, existing behavior recognition methods rarely focus on the dangerous behaviors of passen-
gers in escalator scenes, and lack modeling and analysis of spatial-temporal interactions between people and escalators.
Therefore, spatio-temporal information from human skeleton and human-object interactions were extracted, and a two-
stream human-object interaction graph convolutional network considering distance metrics to identify dangerous behav-
iors of escalator passengers was designed. Firstly, features from both human skeleton and escalator keypoints were ex-
tracted, supplementing scene information for human skeleton features using escalator keypoints. Secondly, distance met-
rics between humans and escalators to dynamically capture changes in human-object relationships within dangerous be-
haviors was utilized, enhancing the model’s modeling of spatio-temporal interaction information in dangerous behaviors.

Finally, to fill the gap in existing publicly available datasets regarding videos of dangerous behaviors on escalators, a data-
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set called ESC-Danger for escalator passenger dangerous behaviors was constructed. This dataset contains eight classes of

escalator passenger dangerous behaviors, including lean, climb, crouch, reach out, poke head out, retention, retrograde,

and run. The recognition ccuracy of the proposed model on the ESC-Danger dataset is 95.06%, demonstrating higher rec-

ognition accuracy and good generalization performance compared to other state-of-the-art algorithms.

Key words: dangerous behavior recognition, human-object interaction, two-steam graph convolutional network, skeleton

sequence, escalator
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