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Abstract Point cloud segmentation algorithm based on deep learning can effectively segment point clouds in high-
dimensional space by designing complex feature extraction modules. However, the lack of feature mining for
boundary point set results in suboptimal accuracy in boundary segmentation. Some studies have applied the idea of
contrastive learning to point cloud segmentation to solve the problem of insufficient boundary region segmentation
performance, but the disorder and sparse characteristics of point cloud have not been fully utilized, and the feature
extraction is not accurate enough. To solve these problems, we propose CL2M to learn more accurate features of point
clouds at different locations through the self-attention mechanism, and the contrastive learning method is introduced to
improve the segmentation accuracy of point cloud boundaries. In the process of contrastive boundary learning, labels
in semantic space are deeply mined and a contrastive boundary learning module based on label distribution is designed
to make the label distribution of point cloud in high-dimensional space contain more semantic information. The model
makes full use of the label distribution law to calculate the distance between distributions, and can accurately divide
positive and negative samples, reducing the cumulative errors caused by conventional hard partition. The results on
two public data sets show that CL2M is superior to the existing point cloud segmentation model on several evaluation
indexes, which verifies the effectiveness of the model.

Key words  computer vision; point cloud segmentation; contrastive learning; self-attention mechanism; boundary

mining
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Table 1 Experimental Results of Each Model on S3DIS and ShapeNet Part Datasets
£ 1 HKHEARTE SIDIS F ShapeNet Part #3E5%E FHSIIRER %
FEEAY S3DIS ShapeNet Part
mloU mloU@boundary mloU@inner mloU mloU@boundary mloU@inner
PointNet 41.1 30.2 534 82.9 64.0 83.5
KPConv 67.1 50.5 70.9 86.0 65.1 86.6
ConvNet 67.4 50.1 71.2 85.9 65.2 85.3
Point Transformer 70.0 51.5 73.8 86.4 65.3 87.3
CBL 69.4 52.6 73.1 86.2 66.3 86.9
CL2M (A3C) 713 54.9 74.8 87.0 68.2 87.6
T RABUHFR R ILE.
Table 2 Experimental Results of Each Model in Some Categories on S3DIS Dataset
%2 HIERTE S3IDIS HIEE LA LFIHTRER %o
LAY mloU ceiling floor wall window door table chair sofa board clutter
PointNet 41.1 88.8 97.3 69.8 46.3 10.8 59.0 52.6 59 26.4 332
KPConv 67.1 92.8 97.3 82.4 58.0 69.0 81.5 91.0 75.4 66.7 589
ConvNet 67.4 94.1 98.1 83.1 53.5 73.0 91.7 82.3 76.5 66.9 60.8
Point Transformer 70.0 95.2 98.6 85.1 62.5 75.9 81.5 91.0 75.1 76.4 60.2
CBL 69.4 93.9 98.4 84.2 57.7 71.9 91.7 81.8 77.8 69.1 62.9
CL2M (A3L) 713 94.7 98.6 87.6 64.1 78.5 83.2 90.5 76.6 81.5 63.0
TE: RAB(EFR R
Table 3 Experimental Results of Each Model in Some Categories on ShapeNet Part Dataset
% 3 EIXETE ShapeNet Part #HEE FERY K FIHMKWER %
il mloU airplane cap car chair guitar knife lamp laptop mug table
PointNet 82.9 82.9 80.4 74.1 87.8 90.9 85.1 79.7 95.2 91.3 80.6
KPConv 86.0 86.1 86.5 79.0 91.8 92.5 88.5 84.3 97.1 94.0 83.3
ConvNet 85.9 85.6 85.7 78.9 91.9 92.7 88.4 84.2 97.9 94.4 83.8
Point Transformer 86.4 86.8 86.6 79.4 92.9 93.1 89.2 85.0 97.6 94.7 84.6
CBL 86.2 86.0 86.7 79.5 93.0 93.2 88.9 84.8 98.0 95.0 84.7
CL2M (A3C) 87.0 87.4 87.2 79.7 93.1 93.3 89.8 86.2 97.9 94.9 85.2

O RASER R EAE.

W& FE. B T AR 2= 2J , B4 T Point Transformer,
E4R T PERE A, W R EE AE 4R TH il AP B T mA
= AL 7R A ) R L T ST A L A
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3)W % 1 fr 7%, CL2M 7E S3DIS Al ShapeNet Part
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TR B 5 T mloU@inner. 4 I, SEEERA T CL2M
RE NS A 250HE T30 5 DX Bl o3 H0kG B
34 FEMESW
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Bl 5. &6 it , 430l o 4% 15 B AE S3DIS K4l £ Al
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Fig. 5 Boundary performance comparison of different models on S3DIS dataset
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Fig. 6 Boundary performance comparison of different models on ShapeNet Part dataset
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Fig. 7 Impact of different modules on the model
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Table 4 Effect of Temperature Coefficient on Point Cloud

Segmentation Performance

x4 BREREX IS BRI

mloU/%
R
S3DIS ShapeNet Part
0.3 70.67 86.35
0.5 70.98 86.65
1 7133 87.03
2 70.73 86.40
5 70.03 85.71

Table S Effect of Positive and Negative Sample
Segmentation Thresholds on Point Cloud

Segmentation Performance

£S5 EREARNSEEX RS EIERRRE

mloU/%
eps
S3DIS ShapeNet Part

0.1 70.05 86.23
0.3 70.87 86.69
0.5 71.33 87.03
0.7 70.74 86.65
0.9 70.02 86.21
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