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Abstract: Since the PointNet++ has insufficient ability to extract the spatial correlation features of point clouds and is difficult to be applied to
the high-density LiDAR point cloud semantic segmentation, we proposed a multi-feature fusion LiDAR point cloud semantic segmentation meth-
od combining with point cloud compression. Firstly, we used the point cloud compression algorithm to reduce the density of point cloud, used the
PointNet++ network to extract the deep semantic features of simplified point cloud, and utilized the fitting algorithm to obtain the deep feature of
complete point cloud. Then, we extracted the artificially designed spatial correlation features and combined with deep features. Finally, we classi-
fied the complete point cloud by the random forest algorithm. Through experiments on the standard dataset of LiDAR point cloud semantic seg-
mentation provided by ISPRS, we proved the effectiveness of proposed method with the overall accuracy improved by 5.3% compared to Point-
Net++.
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