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B-PointNet+ + model for semantic segmentation of underground
cable shaft point cloud

Wang Lihuan Ren Yu Liu Jian Li Junkuo Gong Shijie
(Economic Research Institute, State Grid Hebei, Shijiazhuang 050000, China)

Abstract: Underground cable shaft has the characteristics of large scale, wide range and complex spatial distribution. In
order to improve the efficiency of underground cable shaft screening and ensure the safe and reliable operation of
underground cable, this paper proposes a novel PointNet+ -+ model based on broad learning system (BLS) and encoder-
decoder for cable shaft point cloud semantic segmentation, termed as B-PointNet+ +. Firstly, in order to improve the
feature learning ability and efficiency of PointNet—+ + for solving large-scale point cloud data, a PointNet+ + Encoder-
Decoder model is proposed. Meanwhile, BLS algorithm is introduced into the PointNet to replace the multilayer
perceptron (MLP) and give full play to the efficiency of BLS randomization learning. Secondly, the point cloud data of
underground cable shaft in Xiong”an were collected and the data set required by real semantic label was added to the
model training. Finally, compared with the existing methods, the results show that B-pointnet + + has higher
precision, recall, intersection over union and F1 values compared with PointNet and Pointnet + =+, it is beneficial to
multi-objective segmentation of underground cable shaft scenes, and has great application potential.

Keywords: cable shaft; point cloud semantic segmentation; PointNet+ =+ ; broad learning system; encoder-decoder
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