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Abstract

Real point cloud scenes usually contain very complex environments. Coupled with the discrete,
disordered and uneven distribution properties of 3D point cloud data, detailed analysis of point
clouds is often very challenging. Aiming at the above problems, an encoder-decoder-based seg-
mentation network is proposed. First, the shape features of the point cloud are obtained through
the key point extraction module and the shape key points are extracted through the fully con-
nected layer; then, the spatial detail features based on key points are obtained through the spatial
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detail extraction module; finally, the shape features and spatial detail features are combined to
obtain the rich spatial information and contextual connections of point clouds improve the gene-
ralization ability of the network. Experimental results show that our network achieves an average
intersection ratio of 93.44% and 81.45% on public datasets Urban Semantic 3D (US3D) and ISPRS
Vaihingen 3D semantic labelling benchmark (ISPRS), respectively. Our network has good segmen-
tation performance and good generalization ability.
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Figure 1. Overall network architecture
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Table 1. Classification results on the US3D test dataset
= 1. US3D MINBIREM A ER

Network MloU OA
PointNet++ 0.8358 0.9437
PointSIFT 0.8401 0.9651
Ours 0.9334 0.9870

Table 2. Classification accuracy for each category of the US3D test dataset
= 2. US3D MR BHIRE N TN EK AR 5 20EFM

Ground High vegetation Buildings Water Elevated roads
PointNet++ 0.9695 0.9268 0.8675 0.6714 0.6941
PointSIFT 0.9666 0.9447 0.8420 0.8918 0.5556
Ours 0.9910 0.9826 0.9235 0.9236 0.8578
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Table 3. Classification results on the ISPRS test dataset
5% 3. ISPRS MK BRI 1y R LR
Method MloU OA
PointNet++ 0.6403 0.8582
PointSIFT 0.6535 0.8561
Ours 0.8145 0.9104
Table 4. Classification accuracy for each category of the ISPRS test dataset
= 4. ISPRS MK R E A BN KA K 57 0 EM I
PointNet++ PointSIFT Ours
Powerline 0.205 0.312 0.532
Low vegetation 0.820 0.800 0.888
Impervious surfaces 0.887 0.925 0.943
Car 0.475 0.521 0.813
Fence/Hedge 0.159 0.269 0.542
Roof 0.913 0.916 0.963
Facade 0.464 0.486 0.615
Shrub 0.439 0.484 0.545
Tree 0.769 0.775 0.851
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