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Fig.1 Examples of LiDAR point cloud data
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Tab.1 Point cloud building extraction results in 2017
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Tab.2 Point cloud building extraction results in 2019
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Fig.6 Low buildings and trees
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Tab.3 Accuracy comparison of the building extraction method
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Tab.4 Change detection results
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RandLLA - Net —based detection of urban building change
using airborne LiDAR point clouds

MENG Congtang' , ZHAO Yindi', HAN Wenquan®, HE Chenyang', CHEN Xiqiu’
(1. School of Environment Science and Spatial Informatics, China University of Mining and Technology, Xuzhou 221116, China;
2. Nanjing Insititute of Surveying, Mapping and Geotechnical Investigation Co. Lid. , Nanjing 210019, China)

Abstract: Using remote sensing to detect changes in urban buildings can obtain the change information of building
coverage quickly and accurately. However, it is difficult to detect 3D changes quickly and accurately based on
image data alone. Moreover, conventional point cloud — based methods have low automation and poor precision. To
address these problems, this study used the airborne LiDAR point clouds and employed the RandLLA — Net’ s point
cloud semantic segmentation method to improve the accuracy and automation of change detection. Meanwhile, the
failure in differentiating two — period data due to point cloud disorder was overcome through point cloud projection.
The standard RandLLA — Net method, with the location and color information of points as features, is mainly used for
semantic segmentation of street — level point clouds. In this study, urban large — scale airborne point clouds
combined with the inherent reflection intensity and the spectral information of point clouds given by images were
used to explore the influence of different feature information on the precision of the results. Furthermore, it was
found that in addition to the point cloud intensity and spectral features, the coordinate information of points is
equally important and can be converted into relative coordinates to significantly improve the result precision. The
experimental findings show that the results obtained using RandLA — Net are significantly better than those using
conventional methods for building extraction and change detection. This study also verified the feasibility of using
deep learning methods to process LiDAR data for building extraction and change detection, which can realize
reliable 3D building change detection.

Keywords: airborne LiDAR; point cloud; change detection; 3D semantic segmentation
(RERE: BF 2)



	正文3

