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Surface Reconstruction

MLODS[MLR+22] RFEPS[XWD+22]

Iterative Poisson[HWW+22a]

Differentiable Poisson[PJL+21]  FSSR[FG14] VIPSS[HCJ19]
Screened Poisson [KBH13] Structured Point Set[LA13]

Smoothness-based reconstruction

APSS[GGO07] Spectral[ACTDO07] SSD[CT11]

RIMLS[OGGO9]
IMLS[SOSO05] RMLS[FCOS05] Poisson[KBHO6]

PSS[ABCO+01] MPU[OBA+03a]

GoCoPP[YL22] Kinetic[BL20a]

Polyfit(NW17] Structured Point Set[LA13]

Primitive-based reconstruction

Efficient RANSAC[SDKO09]

Singular Cocone[DW13]
Robust Cocone[DG04] Advancing Front[SSFS06]

Interpolation-based reconstruction

Power Crust[ACK+01] Tight Cocone[DS03]

Crust[ACD+00]

G POCO[BM22] Neural Dual Contouring[CTFZ22]
Neural Marching Cube[CZ21]

DSE[RGA+21]
G Minkovski Engine[CGS19]

Learning-based reconstruction

AtlasNet[GFK+18
O-CNN[WLG+17] OGN[TDB17] [ ]

DeepSDF[PFS+19] Point2Mesh[HMGC20]



Challenges

Missing data

Sharp features

Multi-scale features
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Quadric Error Metric

d¢(x)

Squared distance to plane

p=(z,y,2,1)T, q=(a,b,c,d)T

Plane [n, d]

dist(q,p)? = (¢"p)* =p" (q¢")p = p" Qyp

a’ ab ac ad

Q, = ab b% be bd
17 | ac bc b ed
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Quadric Error Metrics

Ellipsoid = error isolevel



Quadric Error Metrics for Mesh Decimation

0, Q; =010,
0>

P D)

solve v;'Q;v; = min

[Garland, Heckbert 97]



Quadric Error Metrics
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Complexity-Error Tradeoft

error

complexity



Objective

error

reconstruction

optimized

>

complexity
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Pipeline

Input No new generator Output
[ int-wi Initialize random e
estimate po!nt S —> Partitioning |— Update F— I?Satch — Mesh solver
quadric generators generators refinement

If new generator(s)
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QEM Initialization

1. Point QEM: Q,, = [n;,p;] - [ny, pi]”
: 1 2
2. Pointarea: ap, =5 (Zpﬂ(Pi:Pj)EKNN(?)”pi - pf“)

3. Diffused QEM: Q,,, = ij|(pi,pj)EKNN(?) p, - ij

------
o* -
o*
.
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QEM Initialization

(a) Diffused QEM ellipsoids

(a) Point cloud

13



Clustering

Initialization  — Partitioning > Updating —> Refinement > Output

A
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Clustering

Initialization

Updating

Batch splitting

E(pi ;) = [c), 1]" - Qu; [ 1] + 2+ |lpi — ¢ I
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Clustering

— —> Updating —> —>

E(pi ) = [cp, 1]" - Qu; | 1] + 2+ ||pi - Cj||2

C; = argminpe]R3 [p; 1]T ) QC]' ) [p; 1]




Clustering

—> — —> Refinement >

E(pi ) = [cp, 1]" - Qu; | 1] + 2+ ||pi - Cj||2

¢/ = argmin,egs[p, 11" Q¢ - [P, 1]

A\ 4

pmax(lj):argmaxpielj[pi' ] Qc] [pi, 1]
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Meshing

Variational shape approximation!ll: “dual” partitioning — not trivial to extract triangle mesh

Our approach: optimized generators — vertices of the output triangle mesh

This approach

[1] Cohen-Steiner et al. Variational Shape Approximation. ACM SIGGRAPH, 2004. 18




Meshing

1. Construct edge candidate set: connect adjacent clusters

2. Construct facet candidate set: find 3-cycles

3. Mesh extraction via Binary Integer Programming (BIP) solver -

Clusters Facet candidates Output mesh

[1] Nan, Liangliang, et al. Polyfit: Polygonal surface reconstruction from point clouds. Proceedings of the IEEE International Conference on Computer Vision;@017.



Meshing

Fitting term

i=1

) d(m;ﬁ-))

€

Ff= ) (1

pjld(pj.fi)<e

Lt
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Meshing

Coverage term

ET) = &) by () + ) by E(f)
i=1 i=1

Fc(fi) = min (1;

F(fi) = 0.95

area(f;)

N

area(a({p;|d(p;, f.) < e}D)

E(f) = 0.65
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Meshing

ET) = &) by () + ) by E(f)
i=1 i=1

Manifold constraint

s.t.  2bg, — Z by, =0, Ve;

fjaround e;

If b, = 1, 2 faces around e; are selected

If b, = 0, no face around e; is selected

|

Manifoldness
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Implementation C G’ /gé\ L

* CGAL
 Eigen (quadrics)
* Solver: SCIP (mixed integer programming)




Sphere






Blade

>
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Results

#p: 1,537,296 : #v: 813 #p: 291,569 #v: 159 #v: 638

#f: 1,626

#p: 145,617 #v: 200 #v: 581
#f: 400 #f: 1,162

#p: 286,945 #v: 301 #v: 975
#f: 598 #f: 1,946
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L

Quality

Poisson Poisson + VSA Poisson + QEM

[1] Bauchet, Jean-Philippe, et al. Kinetic shape reconstruction. ACM TOG 39(5), 2020.

[2] Yu, Mulin, et al. Finding Good Configurations of Planar Primitives in Unorganized Point Clouds. IEEE CVPR, 2022.

[3] Rakotosaona, Marie-Julie, et al. Learning delaunay surface elements for mesh reconstruction. IEEE CVPR, 2021.

[4] Kazhdan, Michael, et al. Screened poisson surface reconstruction. ACM Transactions on Graphics 32, no. 3, 2013.

[5] Cohen-Steiner, David, et al. Variational shape approximation. ACM SIGGRAPH, 2004.
[6] Garland, Michael, and et al. Surface simplification using quadric error metrics. ACM SIGGRAPH. 1997.

Our approach
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Variational VS Greedy

Our approach

5 vertices

Input

Poisson + QEM

7 vertices

113 vertices
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apsule

Input 3D point cloud

Poisson + QEM

Our approach
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Blade

Dense

ium

Med

Coarse

Input 3D point cloud
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Initialization

#f: 566
Max-d: 0.008764

Max-d: 0.01018

Max-d: 0.01258 Max-d: 0.008587
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Robustness to Noise

F Ty
5 Qs 7 N
&/ /]
/] UMEJ 5

X

TN

#f: 7,358

#f: 3,984

No noise

#f: 4,136

0.5% noise

#f: 30,240

#f: 4,212

1% noise
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Result

#f: 1,574,526
#v: 787,259

Poisson

Poisson + VSA

#f: 694,179
#v: 353,619

Poisson + QEM

#f: 20,003
#v: 10,000

RFEPS + VSA

RFEPS + QEM

Our approach
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Discussion

* Initialization
* Learning to regress quadrics ?
e Sharp features ?

* Scheduling batches of refinement
* Parameter-free?
e Tolerance error?

* Fine-to-coarse?
* How to interleave cluster merging and relaxation?

e Surfaces with boundaries
e 2-Manifold: hard vs soft constraint
* Valid mesh as output? (no self-intersections)






PoNQ: a Neural QEM-based
Mesh Representation

Nissim Maruani, Maks Ovsjanikov, P.A., Mathieu Desbrun

CVPR
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Method

s € R% . n(s;) € R°

p; € R?

(Qualitative illustration)




Method

s € R% . n(s;) € R°
p; € R?
Q' c R4X4

n; ERB

(Qualitative illustration)




Method
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p; € R?
Q' c R4X4

n; ER?)

(Qualitative illustration)
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Method

s € R% . n(s;) € R°
p; € R?
Q_ c R4X4

n; GRg

(Qualitative illustration)




Learning Pipeline

¢ © O
bléy
—o—0 —b - =
= = O o
Regular Grid Sampling 3D CNN Points, Normals, PONQ Mesh

of SDF Quadrics



Learning-based Results

NDC [4] NMC [5] VoroMesh [6] PoNQ Gr. Truth



Learning-based Results

NDC [4] NMC [5] VoroMesh [6] PoONQ Gr. Truth




Learning-based Results

NMC [5] VoroMesh [6]



High Resolutions

Learning-based PoNQ, 5123



Extension: PONQ-lite

PoNQ PoNQ-lite

—»'b{—» :

Multiple points {p; }i=1..p Single point p = % Z Pi
3D CNN

Multiple normals {nz-}f,;zl_,p Single normal n = % E n;

Multiple quadrics {Q;}i=1..p  Single quadric Q = Z Q;



Extension: PONQ-lite
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PONQ-Ii

Extension
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PoNQ-lite

PoNQ
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Extension: PONQ-lite

;

g

N3 grid

ﬁ

2X2X2

Average pool

()3 grid




Extension: PONQ-lite

GPU-based decimation:

1283 grid of predicted points,

normals and quadrics
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Extension: PONQ-lite

GPU-based decimation:

643 grid of predicted points,

normals and quadrics




Extension: PONQ-lite

GPU-based decimation:

323 grid of predicted points,

normals and quadrics




Extension: PONQ-lite

GPU-based decimation:

163 grid of predicted points,

normals and quadrics




Extension: Open Surfaces



Extension: Open Surfaces

Gr. Truth PoNQ Closed Mesh Open Mesh



Extension: Open Surfaces

Gr. Truth PoNQ Closed Mesh Open Mesh



Comparison to NeuRBF [1]

B ‘ R —— -
! ‘N i)

PoNQ, 50k parameters PoNQ, 500k parameters NeuRBF [1], 50k parameters
#V 0.05M #V 0.5M #V 1.4M



