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Abstract

More than 80% of the construction safety accidents are caused by the hazardous behavior of con-
struction personnel, and the lag of traditional manual management limits the monitoring effect.
To improve the monitoring accuracy and real-time performance, there is an urgent need to intro-
duce intelligent algorithms. First of all, this paper evaluates and classifies the construction ha-
zardous behavior through the statistical data of the accident report. Taking a certain quarry park
as an empirical case, a set of optimal layout scheme of monitoring points is put forward. On this
basis, the accurate identification of hazardous behavior is realized by using YOLO v5 and
CNN-LSTM algorithm. The results show that after the layout of the monitoring site is optimized, the
coverage parameters are improved in varying degrees, the monitoring coverage rate is increased
by 2.17%, and the cliff monitoring coverage length is increased by 40.33%. In the aspect of state
behavior recognition, the recognition accuracy of 97.2% is achieved by using YOLO v5 algorithm.
For action behavior, the CNN-LSTM algorithm is introduced, and its accuracy is 95.8%, and the
number of video frames can reach 30 frames/s, which meets the needs of real-time monitoring.
This study provides effective technical support for hazardous behavior monitoring of construction
workers in practical application scenarios.
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Figure 1. A certain quarry park
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Figure 2. Architecture diagram of YOLO v5
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Figure 3. Unsafe behavior recognition model based on CNN LSTM
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Table 1. Statistics on construction hazard behaviors and types of safety accidents
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Figure 4. The surveillance visual range of the cameras
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Figure 5. Comparison of the plan for the positioning of camera measurement points
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Table 2. Comparison of the coverage parameters between two monitoring plans
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Figure 6. Schematic diagram of UAV terra-following flight
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Figure 8. Recognition effectiveness of wearing safety helmets
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Figure 9. Recognition effectiveness of climbing
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Table 3. Comparison of the effects of behavior recognition models
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