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A Three-dimensional Reconstruction method of Pavement Macro-texture

Using a Multi-View Deep Neural Network

MA Tao, TONG Zheng ¥ , ZHANG Yi-ming, ZHANG Wei-guang
(School of Transportation, Southeast University, Nanjing 211189, Jiang Su, China)

Abstract: To improve the accuracy and efficiency of the three-dimensional (3D) reconstruction of
pavement macro-texture and to achieve high accurate evaluation of pavement anti-skid and anti-
abrasive performances, a multi-view deep neural network has been proposed to perform pavement
macro-texture reconstruction. First, a multi-view camera was used to collect pavement images
with different perspectives. Then, a deep convolutional neural network was used to exact high-
dimension features from each image, and the features were then mapped into a 3D matrix by a

feature mapping unit. The 3D matrix was converted into a 3D voxel model by several
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deconvolution layers. Finally, the 3D voxel models in different views were combined by Bayesian
rule, which was the 3D reconstruction result of pavement macro-texture, which was used to
evaluate the anti-skid and anti-abrasive performances. The multi-view images and the 3D point
cloud data were collected from 16 asphalt pavements by a multi-view camera and a 3D scanner,
respectively. The two types of pavement data were combined to build a dataset to demonstrate
the accuracy and stability of the proposed method. The test results showed that the multi-view
deep neural network reconstructed the pavement macro-texture with the values of intersection
over union (IoU) of 0. 858 and 0. 769 under 50 DPI and 70 DPI resolutions. The IoU results were
not affected by the road surface material and background noise. The accuracy and stability of the
proposed method were better than that of MVF-CNN, 3D-FHNET and stereo-vision methods.
The 3D reconstruction results were used to evaluate mean texture depth (MTD) and dynamic
friction coefficient (DFC) with the measured error is 6. 82% and 7. 28%, respectively, which
meet the requirements of pavement performance detection. In addition, the test speed of MTD
and DFC was 60 km « h™', which had high efficiency. The 3D model of pavement macro-texture
can be used to build the highway digital twin in the future.

Keywords: road engineering; pavement macro-texture; deep neural network; multi-view images;
three-dimensional object reconstruction
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Fig. 1 Process of Three-dimensional Reconstruction on Pavement Macro-texture Using Multi-view Deep learning
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Table 1  Structure Parameters of Multi-view

Deep Neural Network
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