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Increasing complexity of our models

Trandormations

VEterias lignting, ...




How can we describe geometry?
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How can we describe geometry?
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Given all these options, what Is
the bestway to encode geometry
on a computer?




It's a jungle out there!




No one “best” choice—geometry is hard!

“I hate meshes.
I cannot believe how hard this is.
Geometry is hard.”

—David Baraff

Senior Research Scientist
Pixar Animation Studios

Slide cribbed from Jeff Erickson. (MU 15-462/662



Many ways to digitally encode geometry

AEXPLICIT

Apoint cloud
Apolygon mesh
Asubdivision, NURBS
AX

AIMPLICIT

Alevel set
Aalgebraic surface

AL-systems
AX .

AEach choice best suited to a different task/type of geometry




"Implicit" Representations of Geometry

APoints aren't known directly, but satisfy some relationship
AE.g., unit sphere is all points such thaty+2=1
AMore generally, %,y,2 = 0



Surfaces as an Implicit Function

(

0, if p € outsideo
1, if p €inside =
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Many implicit representations in graphics

algebraic surfaces
constructive solid geometry
level set methods
blobby surfaces
fractals Q

(Will see some of these a bit later.)

(MU 15-462/662



But first, let’s play a game:
I'm thinking of an implicit surface f(x,y,z)=0.

Find any point on it.



Let’s play another game.
| have a new surface f(x,y,z) = x2 + y2 + 22- 1.

| want to see if a point is inside it.



Check if this point is inside the unit sphere
How about the point (3/4,1/2,1/4)?

9/16 + 4/16 +1/16 = 7/8 y

7/8<1
YES.

Implicit surfaces make other tasks easy (like inside/outside tests).

(MU 15-462/662
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Algebraic Surfaces (Implicit)

ASurface is zero set of a polynomial inx,y, z

AExamples: 0 w 9

2 +y*+22=1 (R— /22 +y2)°+ 22 =12

9y223

:cz+ 30

AWhat about more complicated shape
AVery hard to come up with polynomia®
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Constructive Solid Geometry (Implicit)

ABuild more complicated shapes via Boolean operations
ABasic operations:

- INTERECTION

&

ANDB
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Blending Distance Functions (Implicit)

AA distance function gives distance to closest point on object
ACan blend any two distance functiong d,:

PP PO e

ASimilar strategy to points, though many possibilities. E.g.,

o di(x)? ds(x)?
f(z) = eh @) 4 d2(2) _%

AAppearance depends on how we combine functions
AQ: How do we implement a Boolean union ¢fx), ch(x)?

AA: Just take the minimum: f(x) = min(x), (X))

17



Scene made of pure signed distance function:
Art with math-- really hard!

Sh.ader w‘y Browse New Sign In

+ o
» Shader Inputs

float columna( vec3 pos, float offx

float x = pos.x
float y = pos.y
float z = pos.z

float y2=y-0.40
float y3=y-0.35
float y4=y-1.00

float di = udSqBox( vec3(x, y , z vec3(0.10, 1.00, 0.10
di = min( di, udSqBox( vec3(x, y , z), vec3(0.12, 0.40, 0.12
di = min( di, udSqBox( vec3(x, y , z), vec3(0.05, 0.35, 0.14
di = min( di, udSqBox( vec3(x y z), vec3(0.14, 0.35, 0.05
di = min( di, udSqBox( vec3(x, y4, z), vec3(0.14, 0.02, 0.14
di = min( di, udSqBox( vec3((x-y2)%0.7071, (y2+x)*0.7071, z), vec3(0.10%0.7071, 0.10%0.707
di = min( di, udSqBox( vec3(x, (y2+z)x0.7071, (z-y2)%0.7071), vec3(0.12, 0.10%0.7071, 0.1x
di = min( di, udSqBox( vec3((x-y3)%0.7071, (y3+x)*0.7071, z vec3(0.10x0.7071, 0.10%0.707
di = min( di, udSqBox( vec3(x, (y3+z)%0.7071, (z-y3)*0.7071), vec3(0.14, 0.10x0.7071, 0.10
M P 1959 39.7fps 1280 x 720 o 4 I3 1 i
- 3 ) . 84 . "I ook SL, p— YW EYESS. FA V. | "Iuvs.\_-f,.-,._— ‘l-. 20 " WITR 1 O 'l - we _
SIlseSIx (2008) ¢ 1 4 Complled in 0.1 secs 8868 chars £4)?
Views: 3904, Tags: Created by iq in 2021-07-22
procedural, 3d, raymarching, distancefield, sdf, demoscene
A Shader I made in 2008. While not my first raymarched SDF, this was my first SDF based content creation exercise.
Lots of the usual SDF techniques are used, although soft shadows and smooth minimum were not fully evolved yet.
Comments (15)
iChannel0 iChannell iChannel2 iChannel3

Sign in to post a comment.

https:// www.shadertoy.conview/ NtISDs 18



Nowadays- Neural Distance Fields (NDF)
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Chibanest al. NDFE NeurlP2020



Distance fieldfield normalsand closest points

A Distance to surfacés given by the distance field itself f(p)
flp)=minfp—all  S={pecR’|f(p) =0)}

A Surface normahre the gradients of the function

A Closest pointsare found trivially as:

a=p— f(P)Vpf(p)

20



Surface Reconstruction from Implicit

Representation

Almplicit surfaces have some nice

features (e.g., merging/splitting)

ABut, hard to describe complex
shapes in closed form

AAlternative: store a grid of values
approximating function

ASurface is found where
Interpolated values equal zero
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Marching Cubes

=

Read four slices into memory. STTTTTTTTTTN
2. Scan two slices and create a LT T T T T T T T T Z Gataset
cube from four neighbors on o f / '''''' ";/'—-“‘.‘,'.‘,--/ boundary
one slice and four neighbors | |

on the next slice.

NOo O kAW
. X X X X
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Marching Cubes

N

Calculate an index for the
cube by comparing the
eight density values at the
cube vertices with the
surface constant.

Using the index, look up the
list of edges from a

case 0

precalculated table.

case 11 case 12 case 13 case 14

28



Marching Cubes

bk wWwhE

Using the densities at each edge vertex, find the surtoige
Intersection via linear interpolation

Calculate a unit normal at each cube vertex using central
differences. Interpolate the normal to each triangle vertex
/. Output the triangle vertices and vert@ormals

o



Marching Cubes
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Challenges with Marching Cubes

AGenerating one polygon for each portion of the contour
ACan only approximate the restriction of the contour
AFails to capture the sharp detail of the surface
ADifficult to simplify the generated surface mesh

ABecoming challenging to extract surface for higher grid sizes (3D
uniform grid induces cubic cost in resolution)



Dual Contouring

ACan capture sharp edges along corners of surface

ACan leverage gradient information along edge intersections to reproduce a
wide class of polyhedral shapes as well as curved or sharp edges

AUTtilizes octree in place of a 3D uniform grid for better efficiency

AUsesnormalsto define Quadratic Error Function for each leaf of the octree,
iInspired by original Extended Marching Cubes (EMC)

EDX] = (™ (x-p))?
where pi andni correspond to the intersections ambrmalsof the contour
with the edges of cube



Dual Contouring

Signed Grid with edges Marching Cubes Contour DualContour
tagged by Hermite Data



Challenges with Dual Contouring

ALimited expressivity due to reliance on structured grids

ACannot faithfully extract very thin surfaces and features (otherwise
requiring very fine grid resolution)

ALimited by the amount of surface simplification



Dual Marching Cubes

AAlign features of the implicit function with the features of the
structured grid; enabling extraction of sharp features

ACan generate adaptiveolygonalizationshat are crackfree and
topologically manifold

ACan reproduce thin features in surface without excessive subdivision
of the octree



Dual Marching Cubes

DMC's QEF is calculated by computing a tangent planes to the implicit
surface representation f on a grid of pointg (% z) sampled over c.

Tangent plane's equation:(X, y, z) £1(x, v, Z) (X, ¥, 2} (X, V;, 2))
DMC's QEF sums over all sample points yielding:
E(f(X, Y, 2), X, y, Z\=(f(x, y, 2} Ti(X, y, ZY(L+| (X, ¥ir 2)19)

where the denominator normalizes the contribution of each tangent
plane



Comparison betweehNlarching Cubes &ual
Contouring &Dual Marching Cubes
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Comparison betweehNlarching Cubes &ual
Contouring &Dual Marching Cubes

Ground Truth Dual Marching Marching
Model Contour Contour




Challanges faced hevel Sets method

Although Level Set representation S o
provides much more explicit control v
over shape (like a texture), it L
Aruns into problems of aliasing! (Unlil -

closedform expressions)

Ainduces O(¥) storagecostsfor 3D
surface extraction

Acan save space by only storing a
narrow band around the surface.

42



Implicit RepresentationsPros & Cons

Pros:

Adescription can be very compact (e.g., a polynomial)
Aeasy to determine if a point is in our shape (just plug it in!)
Aother queries may also be easy (e.g., distance to surface)
Afor simple shapes, exact description/no sampling error
Aeasy to handle changes in topology (e.g., fluid)

cons:

Aexpensive to find all points in the shape (e.g., for drawing)
Avery difficult to model complex shapes



"Explicit" Representations of Geometry

AAIl points are given directly
AE.Q., points on sphere a(cos(u) sin(v), sin(u) sin(v), cos(v)),
for0<u<2rand 0<ov<7

AMore generally: 7 : R — R3; (u,v) — (z,y, 2)

(Y

& u

A(Might have a bunch of these maps, e.g., one per triangle!)



Many explicit representations in graphics

triangle meshes
polygon meshes
subdivision surfaces

NURBS
point clouds

e

* ill see some of these a bit Iater:)

(MU 15-462/662



But first, let’s play a game:
I'll give you an explicit surface.

You give me some points on it.



Sampling an explicit surface
My surfaceisf(u,v)=(1.23,u,v).

Just plug in any values u, v! 1y

Explicit surfaces make some tasks easy (like sampling).

47
(MU 15-462/662



Let’s play another game.
| have a new surface f(u,v).

| want to see if a point is inside it.



Check if this point is inside the torus

My surface is f(u,v) = ((2+cos u)cos v, (2+cos u)sin v, sin u )

How about the point (1.96, -0.39, 0.9)?
y

...NO!

Explicit surfaces make other tasks hard (like inside/outside tests).

49
(MU 15-462/662



CONCLUSION:
Some representations work better
than others—depends on the task!



Point Clouds

AEasiest representation: list of points,y,2
AOften augmented with normals

AEasily represent any kind of geometry
AEasy to draw dense cloud (>>1 point/pixel)
AHard to interpolate undesampled regions
AHard to do processing / simulation/...

(ZEN
r':s‘:" LT
L S

51




Poisson Surface Reconstruction

S 0.4 . 0 0 0
\\\ 4 ' 3 \, X N %
A — :_:: O <= O
- VEgNy 0w
P 0
- -~ 0
’ - w 0 0
- ~ -
{1\ R 0 0
Oriented points Indicator gradient Indicator function Surface
V Vi XM oM

Kazhdaret al. PSR ESGP, Ju®06



Poisson Surface Reconstruction

Given an oriented point cloud P with poinis, . . . 1, and
corresponding (outwardacing) normal observatiorss,, . . . £, we
consider the implicit reconstruction task of finding a functionR Iy w

such that

"My=0 "My =cx! D {L,...£g}.
PSR first utilizes convolutional kernel F to interpo&atmto a vector
field V : R %wefined in box B containing P as

V(X) =l"d:(X, )gzég

Kazhdaret al. PSRESGP, Jurg®06



Poisson Surface Reconstruction

QRM w Ad 0KSY RSTAYSR Fa | Fdzy Ol
"zargminoK;~ V(w "B, dx
Variational problem above is equivalent to the Poisson Equation
nen V@

which is solved by PSR via discretization using the Finite Element
Method on an octree and solve using a purpdsat multigrid
algorithm

Kazhdaret al. PSRESGP, Jurg®06



Poisson Surface Reconstruction

QRM w Ad 0KSY RSTAYSR Fa | Fdzy Ol
"zargminoK;~ V(w "B, dx
Variational problem above is equivalent to the Poisson Equation
nen V@

which is solved by PSR via discretization using the Finite Element
Method on an octree and solve using a purpdsait multigrid
algorithm. In Screened P3kaghdaret.al, 2013) authors use

"Q=argmin. Kz~ V@ N6, dx +h 2 H(p)?

Kazhdaret al. PSRESGP, Jur06



(Screened) Poisson reconstruction

ACan extract the surface from oriented point clouds
A(Screened PSR) efficiently implements sparsity constraints

ACan better capture the details of the underlying surface

A(Screened PSR) implements efficient octree structure and multigrid
algorithm to reduce the time complexity

However, these methods limit themselves to outputting the likeliest
surface given the point cloud observations and their assumed prior.
Whereas in reality there could be theoretically infinite number of
possible surfaces representing same set of Points motimals




(Screened) Poisson reconstruction

Poisson % Wavelet x SSD Screened

57



Neural Stochastic Screened Poisson Surface
Reconstruction

ATake a step even further and models the posterior multivariate
Gaussian distributions representing the likelihood of all possible
reconstructions for the given Point Set wiibrmals

AProposes the parametrization of mean and covariance functions using
neural networks, optimizing them through gradidmhsed methods
for a more efficient and flexible approach

AEnabling computation of the statistical quantities over the
reconstruction

Sellan and JacobsoNeural Stochastic Screened PSRGGRAPH Asia 20



Neural Stochastic Screened Poisson Surface
Reconstruction

Fine-tune our pretrained model to obtain new reconstruction

rotated
view

Surface
likelihood

Volumetric
likelihood

Variance

Mean

Initial scanned point cloud  Our reconstruction \‘) Statzstzclizé{(t)rcrggllésrrg ggg}’g{fg: ptimal Our updated reconstruction

Sellan and JacobsoNeural Stochastic Screened PSRGGRAPH Asia 20



Neural Stochastic Screened Poisson Surface
Reconstruction

p, ST o .
j. R4 ‘9)'" ‘*.{

'g -

3 £,

'Y\ ot .P’;.
> "

Input

[Kazhdan et al. 2006]

Sellan and JacobsoNeural Stochastic Screened PSRGGRAPH Asia 20



Neural Stochastic Screened PSR

WA

@

P(x € 09)

Mean Variance Pz € Q)

Sellan and JacobsoNeural Stochastic Screened PSRGGRAPH Asia 20



Polygon Mesh

AStore vertices and polygons (most often triangles or quads)
AEasier to do processing/simulation, adaptive sampling
AMore complicated data structures

Alrregular neighbourhoods

62



Triangle Mesh (Explicit)

AStore vertices as triples of coordinatesy(2
AStore triangles as triples of indicag,k)

2
AE.g., tetrahedron  VERTICES  TRIANGLES 0
ord = © 2 I
1: 1 -1 1 0O 3 2
2: 1 1 -1 3 0 1 1
3: =1 1 1 3 1 2
AUse barycentric interpolation to define points inside triangles:

Pjy
P;

‘ l Px /\ P
(1,0,0) Qbi
0,01) P = ¢ip; + ¢ip; + PiPy

bi+ 0+ 9 =1
(Pir ¢]’ (pk >0

Pk



Triangle Meslq Normals(Explicit)

AOption1:Normalsper face Phong
P2

n = (p2 —p1) X (p3 — p1)

P1 D3

AOption2: Interpolate incident face normal at each vertex, and
Interpolate with barycentric interpolation for points inside the
triangle

n(¢17 ¢27 ¢3) — ¢1n1 - ¢2n2 - ¢3’TL3



Distance gueries and closest points

ASmooth parametric surface
A Evaluationf (u, v)
ANormals n(uv U) — fu (uv U) X fv (ua U)
A Distance and closest point. Find surface poiap(such that:

a— f(u,v)] x n(u,v) =0

AMesh

A Distance and closest point:
A Find closest triangle and then find closest point in triangle, and then finding point in triangle
A Use Kdree, AAB Tree, to find closest triangles



Subdivision

AAlternative starting point for curves/surfaces: subdivision

AStart with "control curve"
ARepeatedly split, take weighted average to get new positions

AFor careful choice of averaging rule, approaches nice limit curve
A Often exact same curve as wkHown spline schemes!

< 3OO C

Q: Is subdivision an explicit or implicit representation?



Subdivision Surfaces in Computer Vision

3 ‘.V‘: : . - -
7 I a - Re: f:’ﬁ;

o'g el " o -0 __,f"_ y .. 5.;& i

oi-... 8 :_. 0 1 4 .‘__,.- ‘ g 7= " ‘:

Cashman & Fitzgibbon. What shapes are dolp



Subdivision Surfaces (Explicit)

AStart with coarse polygon mesh ("control cage")
ASubdivide each element
AUpdate vertices via local averaging

AMany possible rules:
A CatmuliClark (quads)

A Loop (triangles)
AX

ACommon issues:
Ainterpolating or approximating?
A continuity at vertices?

AEasier than splines fonodeling harder to evaluate pointwise
AWidely used in practice (2019 Academy Awards!)

68



Subdivision in Pixar ‘(Pixar's "Geri's_, Game")

e dePoxeet d, A ©divison Surfacesin Garader Animetiono

QVUI5462/662 69



Slide credits and further reading

AKeenan Crane Computer Graphics Lecture CMU-462/662.
Lecture 09:Introduction to Geometry.



Point Cloud Denoising

Problems with Poisson
Surface Reconstruction:

A cannot handle noise A
Input point cloud

A unevendistribution of
points OF Yy YI |
estimation unreliable

Lipman et alLOR ACM (TOG), Jup07



Locally Optimal Projection Operator

Given an unorganized set of points R for )N JO R, we define a set
of projected points X = foriv | O R by a fixed point iteration to

minimize
Lini U alXibpyll 22 Ol +
S Limngy " UGB XD A 450D

In practice, n = |l| is often significantly smaller than m = |J|.

Lipman et alLOR ACM (TOG), Jup07



Locally Optimal Projection Operator

Contaminated MLS Projections LOP Projections
Point Set

Lipman et alLOR ACM (TOG), Jup07



Locally Optimal Projection Operator

However, LOP has the following disadvantages:

AwSLlzZ aA2y GSNY ' 6N RSONBIFasa

A Imposes strong attraction between point clusters

Weighted LOP improves over original LOP by

AwSLI FOAy 3 GKS 2NAIAYBIE 4ANSILAZ ' aOAN
which decreases more gently and penalizes more at a large r

A Using weighted local density for each point in a Point Set that
enables the attraction of point clusters to be relaxed and the
repulsion force from points in dense areas togdteengthened

Lipman et alLOR ACM (TOG), Jup07



Operator

IoNn

t

| Projec

Weighted Locally Optima

T,

(a) Réw scan. (b) LOP (old n). (c) LOP (new 7).

(d) WLOP.

Huang et aWLOP ACM (TOG), Decemt2809



Weighted Locally Optimal Projection Operator

< ) W,
41 \

\

A

Original. RBF. RBF.  Original. Poisson.  Poisson.

Huang et aWLOP ACM (TOG), Decemt2809



(Weighted) Locally Optimal Projection Operatt

A not learning patterns from data

A mainly relied on parameters set heuristically

A applies Local PCA for estimation of point cloxdmals

A cannot recover sharp features and handle missing data

Huang et alWLOR ACM (TOG), Decem!3i&09



ScoreBased Point Cloud Denoising

A Learns to estimate the &
score of the noisy point \’Qs

A lteratively updating
each point to increase |

log-likelihood via ol / Jo| \|l\e) / /ol \ll\o
gradient descent | | ' Sl | e W
. . ' o |
A Can learn variety of of [Tall\ %/ [ 14 )
noisy models Estimated Score Function

Luoet al. ScoreBased Point Cloud DenoisingCCV, July 20z



ScoreBased Point Cloud Denoising

|
Feature :> I Score :> ! 11;
Extraction Network P19 > L
h; > i 7 A
. S~ Hx““‘*nh Pointwise
Underlying Surface - — Features
O Point z; h;| Feature of Point z;
Neighborhood N (z;) © Coordinates of — G.T. Score s(z) l T '
Sample = ~ N (z;) Samples - — Estd. Score S;(x) :

Luoet al. ScoreBased Point Cloud DenoisingCCV, July 20z



ScoreBased Point Cloud Denoising

Noisy . 84| PCN DMR | ours

- g T
.tp;\.-,. ;
"

_ W

v ¥ e X ’- .

s o o R » 4
wiad AT -l

Luoet al. ScoreBased Point Cloud DenoisingCCV, July 20z



ScoreBased Point Cloud Denoising

Although performing

A implements synthetic datasets generation by perturbgrgund
truth point clouds

A thus not scalable with the real world data

A restricts evaluation to preletermined set of noise models, including
Gaussian noise, simulated LIDAR noise;isotiopic Gaussian
noise,uni-directional noise, Laplace noise, uniform noise, and

discrete noise

Luoet al. ScoreBased Point Cloud DenoisingCCV, July 20z



Total DenoisindJnsupervised Learning of 3D
Point Cloud Cleaning

AAllows learning point cloud cleaning from noisy examples alone

AEnforce convergence to the unique closest out of many possible
modes on a manifold of point clouds

Hermosillaet al. Total Denoising ICCV, Aprd019



