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3D Point Cloud Shape Completion GAN
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Abstract In the real scanning environment,due to the occlusion of line of sight or improper operation of technicians, the actual
point cloud model has incomplete shape. The incompleteness of point cloud model has a serious impact on subsequent applica-
tions. Therefore, this paper proposes a 3D point cloud shape completion generative adversarial networks to complete the shape
completion of point cloud model. The point cloud reconstruction part of the network combines the T-Net structure used for data
alignment in PointNet with the 3D point cloud AutoEncoder network to complete the prediction and fill in the missing data. The
discriminator uses the Encoder part of the 3D point cloud AutoEncoder to distinguish the completed 3D point cloud data from the
real 3D point cloud data. Finally,in the ShapeNet trained the above network structure, the trained network model is verified and
compared with other benchmark methods qualitatively. From the experimental results,it can be seen that the 3D point cloud shape
completion generation adversarial network can complete the point cloud model with missing data into a complete 3D point cloud.
In ShapeNet’s three sub-datasets chair,table,and bed,compared with the method based on 3D point cloud AutoEncoder, the F1
score is improved by 3. 0% ,3.3% and 3. 1% ,and compared with the method based on the voxel 3D-EPN method, the F1 score is
increased by 9. 9% ,5. 8% ,and 4. 3% ,respectively.
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Fig. 1 3D point cloud shape complements GAN network framework
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Fig. 3 3D point cloud shape complements GAN network structure
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Table 1  Comparison of 3D-EPN, AE,PCN and proposed point cloud shape completion network results
3D-EPN AE PCN Ours Ours+ (with T-Net)
Acc. Comp. F1 Acc. Comp. F1 Acc. Comp. F1 Acc. Comp. F1 Acc. Comp. F1

chair 52.3 64.6 58.5 69.1 61.7 65.4 77.6
table 58.5 72.1 65.3 71.3 64.2 67.8 80.9
bed 69. 8 72.3 71.1 75.8 68.8 72.6 82.1

75.2 76.4 71.5 62.4 67.0 72.3 64.5 68. 4
77.4 79.2 72.6 65.5 69.1 74.9 67.3 71.1
86. 4 84.3 77.9 70.3 74.1 79.2 71.6 75.4
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