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Abstract ; Point cloud is a 3D data structure that provides support for our understanding of various problems in the real world,
while point cloud semantic segmentation refers to distinguishing the points belonging to different objects in complex point cloud
scenes ,which usually needs to construct complex computational models. The neural network, however, is becoming the primary
choice for point cloud semantic segmentation due to its powerful feature learning and generalization capabilities. This paper
comprehensively reviews the development trajectory of deep learning networks corresponding to different point cloud data
processing methods, and elaborates the principles, advantages, and limitations of various methods and networks in detail. The
systematic collation of this content provides readers with a comprehensive understanding of point cloud semantic segmentation
methods and offers data references for relevant research.
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