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3D Point Cloud Semantic Segmentation of Urban Scene Based on
Multi—feature Fusion

LIU Xian-mei, LIU Peng-fei,JIA Di,ZHAO Ya
(School of Computer and Information Technology , Northeast Petroleum University , Daqing 163318 ,China)

Abstract: The semantic segmentation of urban scene 3D point cloud has the problems of wide point cloud coverage, large data scale,
sparse local point cloud volume, and different styles of urban buildings,etc. The segmentation method relying only on shape features and
color features cannot accurately segment the urban point cloud. We propose a semantic segmentation method MFFN ( Multi — Future
Fusion Network) based on multi—feature fusion for 3D point cloud of urban scene. 3D point cloud is meshed during the preprocessing
phase, which reduces the amount of data in the point cloud, while preserving the geometric features of the point cloud to the maximum.
The normal vector feature of each sample point is introduced to effectively compensate for the shortcomings of geometric and color
features. A multi—feature local aggregation module is designed, which combines the normal vector feature, geometric shape features and
color features of point cloud to enhance the learning ability of the network for objects with different surface concaveness and convexity in
urban scene. The results on the SensatUrban urban dataset show that the mean intersection over union of the proposed method is
55.90% ,and the overall accuracy of it is 91.90% , which is 3. 21 percentage points and 2. 12 percentage points higher than that of the
RandLA-Net network , respectively,and the segmentation accuracy is greatly improved in several urban categories.
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