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3D Point Cloud Semantic Segmentation Method Fused with Multidimensional Spatial Information
WEI Dong,ZHANG Xiaohan,LIU Huan,SUN Tianyi, LI Changkai
(Shenyang University of Technology, Shenyang 110870,China)

Abstract: The 3D point cloud semantic segmentation method fused with multi-dimensional spatial information can process scene
level 3D point cloud with low time complexity. Aiming at the problem that the lack of local features leads to the decline of percep-
tion ability, the normal vector estimation and hybrid pooling are introduced to enhance the local features. For the network structure
that is difficult to handle the subtle semantic objects of large-scale 3D point clouds, multi-layer feature diversity can be preserved
by using long-hop multi-layer fusion and short-hop multi-dimensional feature fusion. The experimental results show that the average
intersection and union ratio of 6-fold cross-validation in the S3DIS (Stanford Large-Scale 3D Indoor Spaces Dataset) dataset is 70.2%.
Key words: semantic segmentation; multilayer fusion; normal vector estimation; multi dimension feature fusion
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PointNet" 66.2 78.6 47.6
PointNet++* 67.1 81.0 54.5
SPG"¥! 73.0 85.5 62.1
PointCNN'" 75.6 88.1 65.4
PointWeb” 76.2 87.3 66.7
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KPConv"’ 79.1 - 70.6
Ours 81.7 87.9 70.2
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