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Point Cloud Scene Semantic
Segmentation Algorithm Based on
Density Adaptive Deep Network

WEI Gang, ZHAO Anming, WANG Zhicheng

(College of Electronics and Information Engineering, Tongji
University, Shanghai 201804, China)

Abstract: Sensor noise interference, uneven point cloud
density, complex and diverse scenes, and the occlusion
between objects pose great challenges to the research of
the semantic segmentation of 3D point cloud scenes. In
the view of the uneven sampling density of 3D point cloud
data and limited depth of graph convolutional networks,
this paper proposes a density adaptive method, which
uses a multi-layer perceptron to learn a weight function,
and uses kernel density estimation to learn a density
function. The convolution operation is performed on the
evenly sampled point cloud data. At the same time,
inspired by deep learning in the image field, residual
connection, hole convolution, and other structures were

introduced to train deeper point cloud segmentation
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networks. The algorithm achieves an excellent

performance on standard data sets of multiple point cloud

segmentation.

Key words: point cloud segmentation; graph

convolution; 3D point cloud; deep learning
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convolutions of GCN
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Fig. 3 Network architecture
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Tab. 1 Result of part segmentation in ShapeNet dataset™”
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Fig. 4 Result of part segmentation in ShapeNet da-

taset

M 3SR B S (LA 2714 s ) vh S B T 6
I RGB-D s = 8dis . B i #A K A 13
ANIIPRBE TR . $R ISR 17 A k Fr Semier

b FNME
E5 S3DIS#HIFEEP FIEN S BINATRLER

Fig. 5 Visual result of semantic segmentation in S3DIS dataset®™
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Tab.2 Result of 3D-semantic segmentation in
S3DIS dataset™!
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Tab.3 Comparison of different variables in S3DIS dataset®"
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1 e 16 64 28 42.73 0
2 B 22T N 16 64 28 48.22 5.49
3 B N 16 64 28 f9.1o 6.37
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