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pair methods have poor performance in repairing point clouds with unclear

Abstract: Traditional poi
features. Therefore, this oses a point cloud repair algorithm based on deep learning, which includes an
automatic encoder, agv eration network, and reinforcement learning module. This algorithm first trains the
Generative Adversarial ork (GAN) on potential spatial representations. Then, an automatic encoder network is
introduced, the encoder of which can compress the input point cloud into potential spatial representations. Finally, a
reinforcement learning module is introduced to select suitable vectors for the generator of the GAN to synthesize the
potential spatial representations of the complete point cloud. Experiments have shown that the proposed algorithm can
repair point clouds with unclear features and effectively repair missing areas of point clouds within milliseconds.
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Fig. 1 Forward propagation of the network
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Fig. 3 Point cloud repair results with different missing degrees
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Tab.1 Completion time of point cloud repair
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Tab.2 Quantitative comparison of ShapeNet dataset results: CD <100

Jitk ®HL BHE WA R OITR Bk OET ORI P
3D-EPN 131 217 202 186 256 21 215 183 2

AtlasNet 085 249 142 158 182 267 146 23 182
FCAE 07 14 11 129 172 137 116 1334 126
PCN 066 135 11 141 146 136 114 123
AScHiE 030 077 084 078 116 1.00 0.50 0.76

&3 ShapeNet HiFEERERLILE : EMD X1
Tab.3 Quantitative comparison of ShapeNet daf

Jiik KBl B WA R TR
3D-EPN  6.28 792 893 778 823 836 833
AtlasNet 327 891 42 507 8.11 6.53
FCAE 4.1 112 7 764 164 7 777 722 832
PCN 344 879 444 6.89 1545 628 6.84 6.56 7.34
ARSIk 231 742 46 471 1322 489 432 420 5.71

4 Z5i8(Conclusion)
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