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Previous work: mainly generate voxels and points
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Advantages:
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- unlimited number of points can be
sampled on the surface.

I
I
I
I
I
I
- natural UV parametrization
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1. How to generate a mesh with a neural network? by 2 migh—y y
2. How to generate beyond a fixed set of points? o -
Qualitative results Quantitative results Applications
Single-View Reconstruction 3D surface reconstruction Single-View Reconstruction Optimising texture maps
Image => 3D meSh 3P pOint CIOUd => 3D m,gsb - — pla. | ben. | cab. | car | cha. | mon. | lam. | spe. | fir. cou. | tab. | cel. | wat. | mean

Ours Metro | 1.31 | 1.89 | 1.80 | 2.04 | 2.1 | 1.68 | 2.81 | 239 | 157 | 1.78 | 2.28 | 1.03 | 1.84 | 1.89
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Quantitative Auto-encoder results
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| Method | CD | Metro
| Oracle 2500 pts 0.85 1.56
| Oracle 125K pts - 1.26
L Points baseline 1.91 -
ow | Points baseline + normals| 2.15 | 1.82 (PSR)
L. | Ours - 1 patch 1.84 1.53
"o Ours - 1 sphere 1.72 1.52
| Ours - 5 patches 1.57 1.48 E .EE
_ A— | Ours - 25 patches 1.56 1.47 . . -
II II | Ous-125patches | 151|141 Code and results in the project webpage i
h | Quantitative Generalization results Elﬁp-ﬁ-.-
R N | Category Points [ Ours Ours [1] A point set generation network for 3D object reconstruction from a single image, Fan et al. 2017
| baseline | 1 patch | 125 patches
. chair | FOO | 300 | 343 29 [2] 3D-R2N2: A unified approach for single and multi-view 3D object reconstruction, Choy et al. 201
Ground Poisson ours 0 car LOO | 3238 2.96 2.49 Ui hical ¢ dicti . D obi ) 3 |
. . urs All 1.59 2.28 1.56
Input PointSetGen 3D-R2N2  HSP _ Truth Surface o050 e L6 [3] Hierarchical surface prediction for 3D object reconstruction, Hane et al. 2017
) Ours . 1 Sphere 25 squares watererall | A | 1.69 1.69 1.23
image [1] [2] [3] Reconstruction 1 LOO | 647 | 6.15 3.58
plane All 1.11 1.04 0.86




