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Research on behavior monitoring of tower crane drivers
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[ Abstract] The prevention of tower crane accidents in the construction industry has always been a difficult problem. Considering

the particularity of tower crane driving environment, reducing the non-standard driving behavior of tower crane drivers and the

incidence of tower crane accidents, this paper puts forward the behavior monitoring method of tower crane drivers combined with

hand detection, improves the Faster R—CNN algorithm model, integrates the pruning, channel attention mechanism, and other

algorithms, and puts forward the CF—~R—CNN model. The F1 value of the improved network is only 2.1% lower than that of the

original network, but the FPS is increased by 23.0%. Compared with FRC—-Tiny and Cut—YOLOvV3 algorithms, the experimental

results show that the network has a certain improvement in performance, meets the requirements of real-time detection, and can be

deployed at the mobile terminal.
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Tab. 1 Performance comparison under each module added one by

one

EES F1 FPS (Frame/s)
Faster—R—CNN 0.915 16.38
Faster—R—CNN+5§ 1 0.872 22.86
Faster—R—CNN+il i i & /1 0.923 16.12
CF-R-CNN 0.897 20.16
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Tab. 2 Performance comparison with other ( different) models in

the introduction

[ 2% F1 FPS (Frame/s)
Cut-YOLOv3 0.866 19.38
FRC-Tiny 0.906 18.45
CF-R-CNN 0.897 20.16
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