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What is surface reconstruction?

Surface reconstruction

Point set Surface
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Delaunay based Surface Reconstruction using interior / exterior
classification and explicit visibility modeling

1. Input point set 2. Delaunay triangulation 3. Empty / full classification 4. Surface as interface

e Labatut, P, Pons, J. P, & Keriven, R. (2009). Robust and efficient surface reconstruction from range data. In
Computer graphics forum (Vol. 28, No. 8).

e Vu, H. H,, Labatut, P, Pons, J. P., & Keriven, R. (2011). High accuracy and visibility-consistent dense multiview
stereo. IEEE transactions on pattern analysis and machine intelligence.

e Jancosek, M., & Pajdla, T. (2014). Exploiting visibility information in surface reconstruction to preserve weakly
supported surfaces International scholarly research notices.
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Input

Input Point Cloud
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Input

Input Point Cloud with Visibility Information
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Input
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Tessellated point set with visibility information
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Tessellated point set with visibility information
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Empty / full classification of Delaunay tetrahedra

Sensors
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Extracted surface
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Point cloud acquisition with noise
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Point cloud acquisition with noise
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Energy formulation for globally optimal tetrahedron labelling with learned likelihood

Labatut et al 2009

E(S) = EXSFV) +AE___(S)

-~

e Apply graph convolutions on dual
graph of Delaunay triangulation
o Aggregate geometric and
visibility information from local
neighborhood

o Independently infer empty / full
likelihood
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Training on Delaunay triangulation from defect-laden point sets

Ground truth surface Defect-laden scan Empty / fllll ground truth
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Subgraph extraction )
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Graph Neural Network operating on dual graph of Delaunay triangulation

= Start with feature information for
[]
m each tetrahedron in local
[]
O O neighborhood
[] []
- []
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Feature extraction

e 8 visibility features
o Count and min intersection
Iines-of-sigh_t_ér;aiﬁg_;_at a
point of the tetrahedron

ey J e o Count and min intersection
<?> ele—pio) Sip | Vens length of all (extended)
. ‘ lines-of-sight not ending at a

point of the tetrahedron
e 4 morphological features
o Min and max edge length
o Volume
o Radius of circumsphere
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Graph Neural Network operating on dual graph of Delaunay triangulation

= Start with feature information for
[]
m each tetrahedron in local
[]
O O neighborhood
[] []
- []
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Graph Neural Network operating on dual graph of Delaunay triangulation

Hamilton et al 2017
Apply Graph Convolution Scheme

./é—)I o W :0<W("> [xv Ibftleﬁlé\l]?(Xu )D
Vs
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e .t: k-hop cell embedding
A\. o W ®:learned weight matrix at

k-hop

e o : activation + normalization

. > . [1] Hamilton, W. L., Ying, R., & Leskovec, J. (2017). Inductive

12 64 representation learning on large graphs. In NeurlPS. .
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Graph Neural Network operating on dual graph of Delaunay triangulation

Hamilton et al 2017

Apply Graph Convolution Scheme

o X :G(W(k)[xv Tg\lfp(xu)])

H—B e .t: k-hop cell embedding
-/ o W ®:learned weight matrix at
k-hop
e o : activation + normalization
—k—a [1] Hamilton, W. L., Ying, R., & Leskovec, J. (2017). Inductive

12 64 128 representation learning on large graphs. In NeurlPS.
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Graph Neural Network operating on dual graph of Delaunay triangulation

—a

12

64

Hamilton et al 2017

Predict empty / full likelihood
o (ev B ) :MLP(xV)

e .t: k-hop cell embedding

e MLP : multi-layer perceptron

[1] Hamilton, W. L., Ying, R., & Leskovec, J. (2017). Inductive
representation learning on large graphs. In NeurlPS.
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Subgraph extraction )
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Objects of Berger et al. benchmark? Ground truth

Low resolution (LR) High resolution (HR) HR + noise (HRN) HR + outliers (HRO) HR + noise + outliers

[2] Berger, M., Levine, J. A., Nonato, L. G., Taubin, G., & Silva, C. T. (2013). A benchmark for surface reconstruction. ACM Transactions on Graphics. 23
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Objects of Berger et al. benchmark? Ground truth
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Low resolution (LR) ConvONet Screened Poisson Labatut et al.

[2] Berger, M., Levine, J. A., Nonato, L. G., Taubin, G., & Silva, C. T. (2013). A benchmark for surface reconstruction. ACM Transactions on Graphics.
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Objects of Berger et al. benchmark? Ground truth

High resolution (LR) ConvONet Screened Poisson Labatut et al. Ours

[2] Berger, M., Levine, J. A., Nonato, L. G., Taubin, G., & Silva, C. T. (2013). A benchmark for surface reconstruction. ACM Transactions on Graphics. 25
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Objects of Berger et al. benchmark? Ground truth

HR + noise + outliers ConvONet Screened Poisson Labatut et al. Ours

[2] Berger, M., Levine, J. A., Nonato, L. G., Taubin, G., & Silva, C. T. (2013). A benchmark for surface reconstruction. ACM Transactions on Graphics. 26
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Results on ETH3D dataset with 1.1 M points

Point cloud Surface Mesh
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Results on ETH3D dataset with 1.1 M points

Surface Mesh Surface Mesh 28
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Results on ETH3D dataset with 1.1 M points

Image Jancosek et al 2014 Our reconstruction
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Results on ETH3D dataset with 2.5 M points

Point cloud Surface Mesh
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Results on ETH3D dataset with 2.5 M points

Surface Mesh Surface Mesh
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Results on ETH3D dataset with 2.5 M points

Point cloud Screened Poisson Vu et al 2011 Ours

32



Scalable Surface Reconstruction with Delaunay-Graph Neural Networks

Code and data available online:
https://github.com/raphaelsulzer/dgnn

:= README.md Y

Scalable Surface Reconstruction with Delaunay-Graph
Neural Networks [SGP 2021]

MVS point cloud Ours ConvONet [1]

Paper | Video
This repository contains the implementation of the paper:

Scalable Surface Reconstruction with Delaunay-Graph Neural Networks
Raphael Sulzer, Loic Landrieu, Renaud Marlet, Bruno Vallet
SGP 2021 33



https://github.com/raphaelsulzer/dgnn
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Training data - Objects from ShapeNet
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Feature extraction

e 8 visibility features
o Count and min intersection
Iines-of-sigh_t_ér;aiﬁg_;_at a
point of the tetrahedron

ey J TE—Em o Count and min intersection
<?> ele—pio) Sip | Vens length of all (extended)
0|4 ‘ lines-of-sight not ending at a

point of the tetrahedron
e 4 morphological features
o Min and max edge length
o Volume
o Radius of circumsphere
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