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An airborne point cloud roof plane extraction algorithm based on deep learning

LI Jie ', LI Qingqing ', LI Li*, LIU Zhao', SHEN Yang', TU Jingmin'*
(1. School of Electrical and Electronic Engineering, Hubei University of Technology, Wuhan 430068, China; 2. School of
Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China)

Abstract: In order to accurately extract the individual planes from various types of building roof point clouds, metric
learning was used to learn separate high-dimensional depth features for the points on each plane, and each plane was considered
as a separate instance. Then the extracted high-dimensional depth features were used to perform preliminary clustering of the
plane points. The unclustered points were assigned to each plane by a combined metric of simple Euclidean distance and feature
space distance. The proposed method was trained and tested on a synthetic dataset and the publicly available airborne point cloud
building roof dataset RoofN3D, respectively. The results show that on the synthetic dataset, the accuracy, recall, and F| scores
of the extracted building planes are 0.990, 0.998, and 0.994, respectively. On the airborne point cloud dataset RoofN3D, the
accuracy, recall, and F| scores of the extracted building planes are 0. 945, 0. 971, and 0. 957, respectively. The proposed
method not only can accurately and effectively extract different building roof planes, but also the extracted plane edges are very
accurate. In addition, the method can also accurately distinguish between the planar and non-planar contents of building roofs,
which provides important help for further 3-D modeling of buildings.
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Fig. 1  Building roof plane extraction network structure
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Table 2 Effect of different clustering radius on segmentation accuracy

clustering weighted

radius r coverage coverage precision recall F | -score
0.4 0.9597 0.9775 0.9897 0.9965 0.9930
0.5 0.9618 0.9786 0.9901 0.9972 0.9836
0.6 0.9626 0.9791 0.9900 0.9982 0.9940
0.7 0.9620 0.9785 0.9895 0.9982 0.9938
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Fig.5 Extraction results for each roof plane of the synthetic dataset
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Table 3 Segmentation results of different methods on synthetic datasets

instance-level point-level

methods weightal o i

coverage precision recall F | -score
coverage

RANSAC)  0.7623  0.7905  0.8423  0.9602  0.8882
region growing!*')  0.8027  0.8295  0.8706 0.9811 0.9183
PointGroup[®')  0.8214  0.8708  0.8745 0.9987 0.9313
our work 0.9626  0.9791  0.9900  0.9982  0.9940
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Fig.6 Plane extraction results of different methods on synthetic datasets
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Fig.7 Plane extraction results of the proposed method on RoofN3D dataset
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Table 4  Segmentation results of different methods on RoofN3D datasets

instance-level point-level

methods weighted

coverage coverage precision  recall ~ F-score

RANSAC 0.6331 0.7555  0.8230 0.9715 0.8883
region growing  0.6212 0.7345 0.7952  0.9510 0.8633
PointGroup 0.8082  0.8156  0.8486  0.9989  0.9090
our work 0.8757  0.8801 0.9453  0.9708  0.9573
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Fig.8 Plane extraction results of different methods on RoofN3D dataset
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