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Research on Panoptic Segmentation of 3D Point Clouds
based on Semantic Information

REN Bufan, HUANG Xiaoyan, WU Sidong, JIANG Tao, YUAN Jianying
(College of Automation,Chengdu University of Information Technology , Chengdu 610225, China)

Abstract; The accuracy of end-to-end point cloud panoptic segmentation network is insufficient, this paper designs a
panoptic segmentation algorithm based on point cloud semantic information to address this problem. This paper uses a se-
mantic model to obtain the semantic information of point cloud, and then combined with spatial information to cluster the
foreground objects (cars, people, etc. ). Specifically, to avoid the adjacent objects of the same category from being
clustered into one object,a clustering algorithm that integrates normal angle, spatial localization, and semantic informa-
tion is proposed to accurately segment foreground instance. Finally, through further analysis and research on data catego-
ries, a new category classification method is proposed, which can significantly increase the segmentation quality without
affecting the subsequent decision processing. The experimental results on the SemanticKITTI dataset show that the pro-
posed method has achieved good results in four indicators: panoptic quality, segmentation quality, recognition quality,
and average intersection ratio, respectively reaching 56.6% , 82.3% , 68.2% , 68.1% , and maintain a relatively fast
speed (175 ms) , which further indicates the effectiveness and practicability of this method.

Keywords : panoptic segmentation ;deep learning;point cloud ; clustering algorithm



