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Spacing detection of construction scaffolding based on DeepFlux algorithm
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[ Abstract] In the context of occasional scaffold collapse accidents, in order to avoid the inefficiency and high—risk drawbacks of
traditional manual scaffold measurement methods, computer vision is used to detect scaffolds in a safe and standardized way. First,
the DeepFlux algorithm is used to extract the skeleton information of scaffold pictures, and for the problem that the extraction effect
as well as the accuracy cannot meet the actual demand, the VGG16 feature extraction network in the DeepFlux algorithm is replaced
by the InceptionV3 network, which effectively improves the skeleton extraction accuracy. Secondly, according to the extracted
skeleton information, an intersection detection algorithm is proposed to calculate the scaffold intersection information. Finally, the
pixel spacing between scaffold poles is calculated based on the intersection point information, and converted to the actual spacing
using the target marking method. The test experiment results show that the average error of calculating scaffold parameters in the task
of testing scaffolds is about 5%, which satisfies the accuracy of scaffold testing and can achieve the safety specification testing of
scaffolds instead of manual measurement.
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Fig. 1 Network architecture
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Tab. 1 Scaffold skeleton data set
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Fig. 2 Results of different network training
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Fig. 3 Skeleton extraction effect
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Fig. 4 Flow chart of intersection calculation
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Fig. 5 Inspection results of scaffolding spacing
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Tab. 2 Calculation error analysis
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Tab. 3 Association rule results

id FL] support confidence

1 39—34 0.667 0.925

2 32—34 0.688 0.914

3 11—34 0.624 0.906

4 21—34 0.720 0.893
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