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Abstract

With the emergence and development of smart construction sites, the requirements of various
monitoring technologies on construction sites are increasing day by day. In order to better moni-
tor the compliance of various behaviors on construction sites, the accuracy of target detection al-
gorithms needs to be improved. In order to more accurately detect the real image in the construc-
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tion site scene, this paper uses MOCS data set to verify the target detection effect. Firstly,
Noise2noise, an unsupervised deep learning denoising network, is used for denoising. Secondly,
the denoised images are sent to YOLOv3, a deep learning network for target detection. After de-
noising, the effect of image target detection is improved to some extent.
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Figure 1. Network structure
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Table 1. Configuration parameters of the test environment

# 1L MRFENEES Y

SH FRAS B
HIERS Ubuntu18.04
CPU Intel(R)Core(TM) i7-10875H CPU @ 2.30GHZ
GPU GeForce RTX 2060 with Max-Q Design
CUDA CUDA10.2
Keras Keras2.4.1
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Figure 2. The target detection result of the original image
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Figure 3. The target detection result of the denoised image in this paper
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