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Point Cloud Completion Network Based on Multiencoders and
Residual-Transformer
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School of Information Engineering, Guangdong University of Technology, Guangzhou 510006, Guangdong, China

Abstract Point cloud data has the characteristics of disorder and sparsity. The three-dimensional (3D) point cloud
completion task of recovering the missing 3D geometric shapes through incomplete point cloud data is a challenging issue in
3D vision technology. The existing 3D point cloud completion network predicts the complete point cloud shape directly
from a subset of the point cloud using the Encoder-Decoder model, which interferes with the original part of the point
cloud, resulting in noise and geometric displacement loss. In this study, an end-to-end network model is proposed, which
focuses on generating a smooth and uniformly distributed point cloud object. The proposed network model mainly consists
of the following three parts: missing point cloud prediction, point cloud fusion, and point cloud smoothing. The first
module mainly uses multiencoders to extract local information and global information from incomplete point cloud objects
to predict the missing geometric parts. The second module merges point cloud objects by sampling algorithm. The third
module is based on a Residual-Transformer (RT) to predict the displacement of the points, which can make the point
distribution more uniform without destroying the spatial structure of the original input point cloud. On the benchmark
dataset, Shapenet-Part, several experimental results indicate that the proposed network has achieved better quantitative
results and visual effects in 3D shape completion.
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Fig. 1 Point cloud completion network based on multi-encoders and Residual-Transformer
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Fig. 3 Entire completion process of the proposed model. (a) Original point cloud; (b) predicted missing part; (¢) complete point cloud after

merging Fig. 3 (a) and Fig. 3 (b); (d) point cloud after sampling; (e) complete point cloud after enhancement; (f) ground truth
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Pistol 5.092/6. 349 7.613/4.944 10.898/10. 115 5.399/3.952 3.350/4.051
Skateboard 3.441/3.766 5.562/2.788 8.981/8.996 2.693/1. 994 1.812/2.101
Table 7.257/4.709 9.919/3. 454 19.712/17. 699 6.722/2.737 4.865/2.513
Average 8.395/5. 704 11.131/4. 289 20.121/15.932 7.514/3.396 5.035/3.294
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Fig. 4 Comparison of completion visualization effects of different methods on Shapenet-Part dataset
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Table 2 Pred > GT/Pred <= GT comparison of ablation study, results are magnified by 10000

Method Airplane Bag Cap Car Chair Guitar Lamp
2.164/ 7.127/ 6.950/ 6.103/ 4.107/ 1.693/ 14. 506/
Proposed method
2. 461 3.340 3. 065 2.592 2. 050 2.168 10. 085
i 3.208/ 9.793/ 11. 605/ 8.464/ 6.407/ 1.853/ 18. 528/
Proposed method without RT
3.356 6.232 4.262 3.730 3.413 3.214 12.221
Method Laptop Motorbike Mug Pistol Skateboard Table Average
2.110/ 5.188/ 5.481/ 3.350/ 1. 812/ 4.865/ 5.035/
Proposed method
1. 195 3.701 3. 316 4. 051 2.101 2.513 3.294
. 2.975/ 5.748/ 7.922/ 5.621/ 7.391/ 6. 560/ 7.390/
Proposed method without RT
2.013 5.525 4.639 6.031 4.809 4.103 4.888
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Fig. 5 Comparison of completion visualization effects of ablation study on Shapenet-Part dataset
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