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Abstract With the development of the construction industry,the use of construction machinery is becoming more and more fre-
quent,and the resulting safety problems are becoming more and more serious. In recent years,among the production safety acci-
dents that have occurred nationwide, construction lifting machinery accidents account for a significant proportion. Therefore, how
to effectively monitor and prevent the potential risks between construction site workers and construction machinery become a hot
topic of current research. Firstly. this paper systematically summarizes the distance detection technologies between workers and
construction machinery based on positioning technology and deep learning method, focusing on the method of deep learning and
expounding its key technologies. Secondly.according to the distance detection method, the research status at home and abroad is
summarized ,and the advantages and limitations of each method are compared and analyzed. Then,through the challenges faced by
the current research,the corresponding improvement strategies are proposed. Finally, the future development trend is given for

the follow-up research,which provides valuable reference for researchers in related fields.
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Fig. 2 Flow chart of monocular depth estimation
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Table 3 Advantages and limitations of positioning technologies
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Table 4 Monocular depth estimation methods
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