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Semi-supervised semantic segmentation method of 3D high-density point cloud in
welding scene of auto bodies
HAN Songjie, LIU Yinhua = LI Yanzheng » CHEN Hao

(School of Mechanical Engineering. University of Shanghai for Science and Technology. Shanghai 200093, China)
Abstract: The accuracy of digital process simulation model is the core of body welding process development, and the
segmentation and identification of process equipment based on point cloud in the welding scene is the key to realize
the consistency between physical operation environment and simulation environment. For the problems of uneven
point cloud density, large local feature differences and dependence on labeled samples in point cloud segmentation of
welding assembly site, a semi-supervised point cloud semantic segmentation method based on generative adversarial
network under the condition of few samples was proposed, and the segmentation accuracy by fusing the labeled and
unlabeled point cloud data was improved. The RandLA-Net was improved by adopting the farthest point sampling
and adjusting the coding and decoding structure to enhance the complex feature learning ability. The adversarial
structure and self-training mechanism were introduced to utilize the unlabeled sample information fully. Further-
more, the segmentation performance was improved by introducing smoothness constraints and selecting highly relia-
ble pseudo-labels to reduce the introduction of mislabeled information. The experimental validation was performed
on the self-generated welding station point cloud. Results showed that on the welding station dataset, the proposed
method achieved a comparable segmentation performance to that of the fully supervised method, and the segmenta-
tion accuracy was improved by 8.40% compared with the semi-supervised point cloud segmentation method.
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