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Figure 1 Initial residual module
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Figure 2 Diagram of the walking curve
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Figure 7 Visualization of segmentation effect
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Figure 8 Visualization of segmentation effect

x4 A EHEBITE Toronto-3D HIEE FWIRER

Table 4 Experimental results of different models

on the Toronto-3D dataset

e ToU/ %
*ﬁﬂ [8] [19] [25] : [22]
DGCNN™! MS-TGNet'") PCT™*’ DiffConv VNS
iH % 90.6 90.9 79.8 83.3 83.1
jises 0.4 18.8 59.5 51.1 59.8
WA 81.3 92.2 75. 8 69.0 85.3
#H 64.0 80.6 84.3 79.6 86.9
ST 47.1 69. 4 77.8 80.5 81.9
ML 56.9 71.2 82.0 84. 4 88.2
HE 49.3 51.1 79.5 76.2 80. 6
Fl 2 7.3 13.6 95.9 89.8 95.7
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Table 6 Comparative experiments with different K %

mloU mAce 0A
K ShapeNetPart ModelNet40 ModelNet40
16 85.9 90. 6 93.5
24 86. 1 91. 6 9.2
32 86.4 91.1 93.9
40 85.8 90.7 93.5
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Table 5 Ablation experiments for different modules %

e i e mloU mAcc 0A

PartSeg M40 M40
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Table 7 Experimental results of different models

on ModelNet40-C dataset

| CER/%
PointNet'® 28.3
PointNet++'7) 23.6
DGCNN'™ 25.9
DiffConv"*! 21.4
AL ALY 22.5
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Point Cloud Classification and Segmentation Based on Graph Walk and Graph Attention

LI Wenju', JI Qianqian', SHA Liye’, CHU Wanghui', CUI Liu'

(1. School of Computer Science and Information Engineering, Shanghai Institute of Technology, Shanghai 201418, China; 2. Shanghai
Precision Dosing & Weighing System Co. , Ltd. , Shanghai 201108, China)

Abstract: Aiming at the shortage of distance feature and local geometric structure information in feature extraction,
a point cloud classification and segmentation network based on graph walk and graph attention was proposed. First-
ly, a guided graph walk algorithm was used to supplement additional geometric information and remote feature infor-
mation to the whole feature of point cloud. Secondly, the graph attention mechanism was embedded to make the
model on the key areas of the point cloud and improve the feature extraction ability of the network. Finally, dis-
tance features were extracted from the initial point cloud and embedded into the network as initial residuals to avoid
oversmoothing. Point cloud classification experiments were carried out on ModelNet40 dataset and ScanObjectNN
dataset, and point cloud component segmentation and point cloud semantic segmentation experiments were carried
out on ShapeNetPart dataset and Toronto-3D dataset, respectively. The experiment results showed that, compared
with the benchmark network DGCNN, classification accuracy increased by 1.3 percentages and 5. 6 percentages,
respectively; The segmentation accuracy was improved by 1.2 percentages and 33.1 percentages respectively.
Through the robust analysis on ModelNet40-C dataset, it was proved that the proposed network had strong robust-
ness.

Keywords: point cloud classification; point cloud segmentation; graph neural network; graph walk; graph atten-

tion mechanism



