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Parallel Multi-scale with Attention Mechanism for Point Cloud Upsampling

XIAO Xiao,BAI Zhengyao, LI Zekai, LIU Xuheng and DU Jiajin

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract The current deep learning-based point cloud upsampling method lacks the attention to a local area feature correlation
and multi-scale extraction of global features,resulting in the dense output point cloud with too many outliers and low fine-grained
granularity. To solve the above problem,a parallel multi-scale with attention mechanism for point cloud upsampling(PMA-PU)
network is proposed,which consists of a feature extractor,a feature expander,a coordinate refiner and a coordinate reconstructor.
Firstly,giving an N X3 sparse point cloud as input,a parallel multi-scale feature extraction module(PMA) with an embedded at-
tention mechanism is designed to map the point cloud in 3D space to the high-dimensional feature space to obtain the global and
local feature information of the point cloud. Secondly, the high-dimensional point cloud features are obtained after expanding the
dimensionality of the point cloud features using the edge convolution feature expander to better preserve the edge information of
the point cloud features,and the high-dimensional point cloud features are converted back to the 3D space by the coordinate re-
constructors, Finally, the output point cloud details are fine-tuned by using the coordinate refiners. The results of the PMA-PU
comparison experiments on the synthetic dataset PUTK show that the generated dense point cloud has significant improvement in
the three evaluation metrics, Chamfer Distance(CD) . Hausdorff Distance(HD) ,and P2F (point-to-surface) , which are significantly
better than the second highest performance. The network models with the second highest performance are optimized by 7. 863 % ,
21.631% ,and 14. 686 % , respectively. The visualization results demonstrate that PMA-PU has a better performce feature extrac-
tor, which can generate dense point clouds with higher fine granularity and a shape closer to the true value.

Keywords 3D point cloud,Deep learning.Point cloud upsampling, Parallel multi-scale feature extraction, Attention mechanism
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Fig. 1 Parallel multi-scale with attention mechanism for point cloud upsampling(PMA-PU)
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Table 1 Effects of the number of region points £ on network
performance
i 35 AF k=5 k=10 k=15 E=20
CDy 1.025 0.539 0.697 0.631
HD ¥ 13. 090 5.938 8. 700 6.878
P2Favg ¥ 4.766 2.132 3.328 2.512

¥ PMA-PU 5 22 80 323 09 7 36 A7 22 2 f0 5 % b
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Table 2 Comparison results of PMA-PU vs. mainstream methods

on PUIK dataset

o i EHEV/ HEHE Y/
CDy HDy P2Favg v kB ms

PU-NET3! 1.155 15.170  4.834 814.3 10. 00
MpUL] 0.935 12.327  3.551 76. 2 13. 80
Dis-PUL13] 1.074  14.294  3.061 1036.9 5.50
PU-GCNESJ 0.585  7.577 2. 499 75.9 8.83
PU-EVAL6] 0.649  8.870 2.715 2869.0 12. 80
PU-GACNet[8] 0,665 9,053 2.429 41.3 6. 40
PMA-PU 0.539 5.938 2.132 68.9 11.70
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Fig. 6 Qualitative results of point cloud upsampling on PU1K dataset
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Fig. 7 Qualitative results of point cloud upsampling with different

number of input point clouds
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Table 3 Qualitative results of robustness experiments

o i

SR CDy HD vy P2Favg v
=0 0.919 11.862 3.854
6=0.01 0.539 5.938 2.132
6=0.02 0.599 6.812 2.577
6=0.03 0.590 6.807 2.739

EHELE R E 8 iR . PMA-PU % 4 55 4 P8 3% 05 2 {4
BT R AR L AR 0 A TR A M RR SRR  RE M b M BB AT
75 B9 PU-GCNPT /N JEAR B8 322301 B S 4 2 i Gt 5 A T
W 3T
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Fig. 8 Qualitative results of robustness experiments
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Qualitative results of point cloud surface reconstruction
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visualization
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Table 4 Qualitative results of PAM module ablation experiments

ng o 5 i

%5 A B C CDy HDv P2Favgy
1 N < 0.649  9.695 2.756
2 PMA # # N; < 0.574 6.882 2.313
3 NG N 0.625  8.538 2.417
6  PMA-PUCKX) / N < 0.539 5,938 2.132
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Fig. 10  Qualitative results of ablation experiments
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Table 5 Qualitative results of feature expander modules ablation
experiments
. Ji
L5 HE B 4 i " N
CD vy HDYV P2Favgy
4 % M 0.601  6.755 2.419
6 HEEERCR  0.539  5.938 2.132
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Table 6 Qualitative results of coordinate refiners ablation
experiments
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