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Faster RCNN-bhséd Detection Method for Violations of Crossing Fences

WANG Zhi-Peng, WANG Tao
(College of Computer Science and Technology, China University of Petroleum, Qingdao 266580, China)

Abstract: Safety fences play an important role in power construction sites. However, violations of crossing the fence are
widespread, causing great safety hazards to the construction sites. To intelligently supervise, this study proposes a Faster
RCNN-based detection method for crossing fence that combines the object detection and the ideas of frame difference
method. The proposed method first obtains the information of the fence location and human keypoinni:s By object detection
from the captured frames in the video and then recognizes the violations at the constructlon siteswith the frame difference
method. The experiment results show that the method can effectively detect Vlolatlons of crossing fences at construction
sites and meet the real-time requirements. '

Key words: object detection; frame difference method; action recognition; Faster RCNN; fence crossing; deep learning
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