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Label-efficient weakly supervised semantic segmentation for
airborne LiDAR point clouds
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(1. School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China;
2. Qingyuan Surveying and Mapping Institute Co. , Ltd. Qingyuan 511500, China)

Abstract: Semantic segmentation of airborne point clouds provides essential data support for downstream applications.
Fully supervised deep learning methods typically rely on large amounts of annotated data, while some weakly super-
vised approaches struggle to learn representative features effectively due to the randomness in label selection. To address
these challenges, a label-efficient semantic segmentation method is proposed, which integrates an active learning strate-
gy to progressively update the training set by actively selecting the most informative points based on information entropy
in each learning cycle. Experimental results on the LASDU and H3D datasets show that, with only 0. 5% and 0. 1% la-
beled data, the proposed method outperforms existing approaches in segmentation accuracy, demonstrating its efficien-
cy in weakly supervised conditions.

Key words: photogrammetry and remote sensing technology, weakly supervised, active learning, information
entropy, airborne point clouds
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tion based on active learning

Workflow of weakly supervised semantic segmenta-
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Fig. 2 Schematic diagram of the feature fusion module
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Qualitative comparison results of different methods
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Table 2 Quantitative comparison results of different methods on the LASDU dataset

F1
AvgF1 OA
Method Urb- Vert-  Chim-
LowVeg  ImpSurf Vehicle Roof Facade Shrub.  Tree Soil (%) (%)
Furn. Surf ney

Full PointNet++ 88.3 86.9 27.9 49.6 93.6 71.1 58.3 95.0 48.9 57.7 57.3 66. 8 85.5
Sup. KPConv 88.6 87.7 80. 8 63.5 94.7 78.1 61.7 95.6 33.2  T7I1.1 68.4 74.9 87.2
SQN(1%) 80.4 79.7 34.6 54.4 92 75.2  54.2 92.6 2.4 49 64.2 61.7 80.1
SQN(10%) 84.3 83 37 545 93.5 75.5 56.8 93.1 3.5 50.5 66.9 63.5 8.5
Weak PSD(1%) 84.5 85.7 37.8 544 93.9 71.9 56.7 94.7 453 49.5 58.9 66.7 83.7
Sup.  OCOC(1pt) 85.4 86. 1 60.8 59 93.4 80.9 58.3 945 259 80.6 80.5 73.2 85.2

This article
87.3 88.3 72.6 61.9 95.1 80.7 60.3 94.5 21.1 79.1 87.1 75.3 86.8

(~0.1%)
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Fig. 8 Qualitative comparison results of different methods

on the H3D dataset
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T LB AT RE 76 0. 5% bRk R AT ik
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