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Multi—feature Fusion PointNet++ Network for Point Cloud Semantic Segmentation

WANG Ziming'

(1. Geo-engineering Investigation Institute of Jiangsu Province, Nanjing 211102, China)

Abstract: The PointNet and PointNet++ methods use the maximum pooling as the aggregation function, so that the deep neural network can di-
rectly classify the unordered point cloud, and obtain high classification accuracy. However, PointNet and PointNet++ methods have insufficient
ability to extract local features of point cloud spatial correlation, which restricts the accuracy of point cloud semantic segmentation. Aiming at
this problem, we designed a multi-feature fusion PointNet++ network for point cloud semantic segmentation. We added a feature encoder to the
PointNet++ network, and used the optimal neighborhood calculated by the minimum information entropy method to calculate artificial features
as the input of feature encoder. We compared the semantic segmentation experiments on the standard dataset of 3D point cloud classification in
the Vaihingen area provided by ISPRS. The classification accuracy of multi-feature fusion PointNet++ network is 4.3% and 3.2% higher than that
of PointNet and PointNet++ respectively.
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