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Point Cloud Deep Learning Network Based on Dynamic Graph Convolution and Spatial Pyramid
Pooling
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Abstract The classification and semantic segmentation of point cloud data have important applications in automatic driving,intel-
ligent robot and holographic projection. While using the traditional method of manually extracting point cloud features or the fea-
ture learning method of firstly transforming three-dimensional point cloud data into data forms of multi-view and volumetric grid,
there exist problems such as many processing links and great loss of three-dimensional features,resulting in low accuracy of clas-
sification and segmentation. The existing deep neural network PointNet, which can directly process point cloud data,ignores the
local fine-grained features of point cloud and is weak in processing complex point cloud scenarios. To solve the above problems,
this paper proposes a point cloud deep learning network based on dynamic graph convolution and spatial pyramid pooling. On the
basis of PointNet,the dynamic graph convolution module GraphConv is used to replace the feature learning module in PointNet,
which enhances the network’s ability to learn local topological structure information. At the same time,a point-based spatial py-
ramid pooling structure PSPP is designed to capture multi-scale local features. Compared with the multi-scale sampling point
cloud of PointNet+ + and the repeated grouping method for multi-scale local features learning,it is simpler and more efficient.
Experimental results show that,on the three benchmark data sets of point cloud classification and semantic segmentation task, the
proposed network has higher classification and segmentation accuracy than the existing network.
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Table 1 Experimental configuration
CPU GPU CUDA cuDNN  Ubuntu Tensorflow Python
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Table 2 Experimental parameters setting

Num . X L Learning Weight Batch
Datasets . K Pyramid Pooling Optimizer Momentum . Epoch
points Rate Decay Size
ModelNet40H% 1024 20 N,N/4.N/8.N/16 Adam 0.001 1x10 * 0.9 32 300
ShapeNet! 7] 2048 30 N.N/4,N/8,N/16 Adam 0.001 1x10* 0.9 16 200
S3DIS ! 4096 30 N,N/4.N/8,N/16 Adam 0.001 1X10°° 0.9 24 60

3.2 3D Biro 3
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2468 LRI F MR . 2 3 1 T A 30 45 FBLA N 45 A
DI AR 0 A 2 2O B2 P 249 43 20K 1 LA R o B ]

# 3 ModelNet40 Bdi gk 119 53 25 52 45 SR X 1L
Table 3 Comparison of classification experimental results on

ModelNet40 data set

Model Accuracy Accuracy Model Forward
avg class /%  Overall/ % Size/MB  Time/ms
VoxNet!? 83.0 85.9 - —
Sul)volumergi 86.0 89.2 — —
MVCNNE 90. 1 - — —
EccH 83.2 87.4 - -
PointNet"? 86. 2 89.2 40.0 25.3
LightPointNet ") - 89.5 - —
Kd-Net ) — 91. 8 — —
PointNet+ +[12] — 90. 7 12.0 163. 2
SpiderCNNL 92.4
DGCNNE) 90.2 92.2 21.0 94.6
GAPNet*! 89.7 92.4 23.0 14.8
Ours 90.7 93.1 44,9 28.3
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Table 4 Comparison of classification effects with different PSPP

parameter settings

CRAL 20
PSPP Accuracy avg class Accuracy overall
x 89.7 92.3
N.N/4.N/16 89.8 92.9
N,N/4,N/8,N/16 90.7 93.1
N.N/2.N/4.N/8.N/16 90. 2 93.2
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Table 5 Comparison of classification effects with different k values

CRLA 2 20
k Accuracy avg class Accuracy overall
10 90. 2 93.0
20 90.7 93.1
30 89.5 92.7
40 88.9 92.6
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Table 6 Experimental effects of comparison of component segmentation on ShapeNet data set
A 20)
ear . X X skate
model mean aero bag cap car chair guitar  knife lamp laptop motor mug pistol rocket table
phone board
PointNet!?’ 83.7 83.4 78.7 82.5 74.9 89. 6 73.0 91.5 85.9 80. 8 95.3 65.2 93.0 81.2 57.9 72.8 80. 6
PointNet+ +12) 85,1 82.4 79.0 87.7 77.3 90. 8 71.8 91.0 85.9 83.7 95.3 71.6 94. 1 81.3 58.7 76.4 82.6
Kd-Nettt] 82.3 80. 1 74.6 74.3 70.3 88.6 73.5 90. 2 87.2 81.0 94.9 57.4  86.7 78.1 51.8 69.9 80.3
DGCNNH?] 85. 1 84.2 83.7 84.4 77.1 90.9 78.5 91.5 87.3 82.9 96. 0 67.8 93.3 82.6 59.7 75.5 82.0
GAPNet 18] 84.7 84.2 84.1 88.8 78.1 90. 7 70.1 91.0 87.3 83.1 96. 2 65.9 95.0 81.7 60. 7 74.9 80. 8
Spider(,ﬂ\ﬁ\lLSJ 85.3 83.5 81.0 87.2 77.5 90. 7 76.8 91.1 87.3 83.3 95.8 70.2 93.5 82.7 59.7 75.8 82.8
Ours 85.3 84.1 83.4 86. 4 78.0 90. 7 74.7 91.2 87.6 82.7 95.8 66. 4 94. 8 81.1 63.5 75.6 82.7
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Fig.4 Component segmentation effects of 16 categories on

ShapeNet data set
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Fig.5 Segmentation effects of chair parts
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Fig. 6 Comparison of actual value and part segmentation effects

of PointNet and the proposed network
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Table 7 Semantic segmentation effects of 3D scene on S3DIS

data set
CHLL 6D
Model Mean IoU Overall accuracy
PointNet(baseline) 20.1 53.2
PointNet 47.6 78.5
Ours 56.2 84. 3
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Fig. 7 Comparison of semantic segmentation effects in

different scenes
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