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» Image-based lighting

» 3D acquisition for faces

Faces and Image-Based Lighting « Statistical methods (with application to face
super-resolution)

» 3D Face models from single images
» Image-based faces
» Relighting for faces

Digital Visual Effects
Yung-Yn Chuang

with slides by Richard Szeliski, Steve Seitz, Alex Efros, 1i-Yi Wei and Paul Debevec

Rendering

» Rendering is a function of geometry,
reflectance, lighting and viewing.

» To synthesize CGl into real scene, we have to
match the above four factors.

Image_based lighting « Viewing can be obtained from calibration or
structure from motion.

» Geometry can be captured using 3D
photography or made by hands.

» How to capture lighting and reflectance?




DigiY[23 : , Eivex
Reflectance Rendering equation
« The Bidirectional Reflection Distribution Function
- Given an incoming ray (9, ¢;) and outgoing ray (fe, ¢e)
what proportion of the incoming light is reflected along
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9 - surface normal
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Answer given by the BRDF: p((gz, ¢i7 (98, ¢e)

Complex illumination Ve
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Point lights

CIFTVEX
Classically, rendering is performed assuming point
light sources

directional source




Natural illumination Dol

People perceive materials more easily under
natural illumination than simplified illumination.

Images courtesy Ron Dror and Ted Adelson

Natural illumination Dol

Rendering with natural illumination is more
expensive compared to using simplified
illumination

directional source natural illumination

- |:”0”U X
Environment maps IRV

HDR lighting

Miller and Hoffman, 1984




Examples of complex environment Iig@I

Examples of complex environment Iig@I

Complex illumination
Lo(p7(00)= Le(p70‘)o)
+ [, f(0,0,,0)L(p,))[cos ;| do,
B(p,0,)= [,/ (p,0,,0,)L,(p,o)|cos,|do,

B, (w,) = _Lz fp,mo ()L, (®;)

|

reflectance lighting

cos 0, |do,

Both are spherical functions

Function approximation

G(x): the function to approximate
B,(x), By(x), ... B,(x): basis functions
We want

Gx) = B(x)

Storing a finite number of coefficients c; gives
an approximation of G(x)




Function approximation

« How to find coefficients ¢;?

- Minimize an error measure
« What error measure?

- L, error

E, =16~ 51

« Coefficients ¢.=(G|B)= J‘ G(x)B.(x)dx

Function approximation

» Basis Functions are pieces of signal that can be used to
produce approximations to a function

Function approximation

e We can then use these coefficients to reconstruct an
approximation to the original signal

Function approximation

+ We can then use these coefficients to reconstruct an
approximation to the original signal




Orthogonal basis functions

» Orthogonal Basis Functions

- These are families of functions with special
properties

1 i=j
| B(x)B,(x)dx=1
0 i#]j
- Intuitively, it’s like functions don’t overlap each
other’s footprint

« A bit like the way a Fourier transform breaks a
functions into component sine waves

Integral of product

I = J.F(x)G(x) dx
F(x)=2 fB(x)  Glx)=3 g,8,(x)
[Fate)is = || S8 T 8,0 s

:IZZfl.ngi(x)Bj(x)dx= JZfl.gidx -F.-G

B,(0,)= .LZ Sro, ((ni)Ld(coi)‘(:osf)i‘afcoi

Basis functions

« Transform data to a space in which we can
capture the essence of the data better

 Spherical harmonics, similar to Fourier
transform in spherical domain, is used in PRT.

Real spherical harmonics

» A system of signed, orthogonal functions over
the sphere

» Represented in spherical coordinates by the
function

V2K " cos(me)P" (cos 6), m >0
' ((9, (D)Z «/EK,’" sin (— mqo)P[’” (cos 6?), m <0
K}'P'(cos ), m=0

where [ is the band and m is the index within the band




Real spherical harmonics Reading SH diagrams
b
Reading SH diagrams The SH functions




The SH functions Do Spherical harmonics
= S (r,y,z) = (sin#cos@,sinfsin ¢, cos )
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SH projection

e First we define a strict order for SH functions
= (I +1)+m

» Project a spherical function into a vector of
SH coefficients

.= [ sy )as




SH reconstruction Dol

» To reconstruct the approximation to a function

f(s):ic,.yi(s)

e We truncate the infinite series of SH functions
to give a low frequency approximation

Examples of reconstruction

Original
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An example e

» Take a function comprised of two area light
sources

- SH project them into 4 bands = 16 coefficients

e

1.329,

—-0.679,0.930,0.908,
—-0.940,0,0.417,0,0.278,
—-0.642,0.001, 0317, 0.837,
-0.425,0,-0.238

Low frequency light source

» We reconstruct the signal

- Using only these coefficients to find a low frequency
approximation to the original light source




SH lighting for diffuse objects

« An Efficient Representation for Irradiance
Environment Maps, Ravi Ramamoorthi and Pat
Hanrahan, SIGGRAPH 2001

e Assumptions
- Diffuse surfaces
- Distant illumination
- No shadowing, interreflection

B(p,w,)= .LZ f(p,0,,0,)L,(p,;)|cosd;|do;
B(p,n) = p(p)E(n)

irradiance is a function of surface normal

Diffuse reflection

B =pE
=

radiosity reflectance irradiance
(image intensity) (albedo/texture)  (incoming light)

..Xh

Irradiance environment maps 2™

Spherical harmonic expansion 2™

Expand lighting (L), irradiance (E) in basis functions

LO.H=Y Y 1Y, 0.9
EO.H) =YY E,7,(0.9)

. ) .67. + .36.+ -




Analytic irradiance formula

Lambertian surface T
acts like low-pass
filter ‘ 27/3
E A L Al /4
Im ~— “Im 0 YN S—
/ 01 2
cosine term [—

A =2 b & = | leven
21| 2 (1)

9 parameter approximation e
Exact image Order 0
I term

! Y,,(0,9)
RMS error =25 % 0 T . :
1

9 Parameter Approximation e
- Order 1
Exact image A terms

! Y, (0,9)
RMS Error = 8% 0 T . :
1

9 Parameter Approximation e
Exact image Order 2
9 terms

T O R
/

RMS Error =1%

For any illumination, average
error < 3% [Basri Jacobs 01]




Comparison Complex geometry

Assume no shadowing: Simply use surface normal

- .

Incident Irradiance map Irradiance map
illumination Texture: 256x256 Texture: 256x256
300x300 Hemispherical Spherical Harmonic
Integration 2Hrs Coefficients 1sec

Time oc 300x300x256%x256 Time oc 9%x256%x256

Natural illumination pioi Video pioi

For diffuse objects, rendering with natural
illumination can be done quickly

directional source natural illumination




HDRI Sky Probe

Lit by sun only




Lit by sun and sky

Lit by sky only




Real Scene Example — Light Probe / Calibration Grid e

« Goal: place synthetic objects on table

Modeling the Scene The Light-Based Room Model

light-based model

real scene \




Rendering into the Scene Rendering into the scene

» Background Plate » Objects and Local Scene matched to Scene

Differential rendering Differential rendering

» Local scene w/o objects, illuminated by model




Differential rendering

Environment map from single image? Eye as light probe! (Nayar et al)




Results




Cyberware scanners

3D acquisition for faces

face & head scanner whole body scanner
Making facial expressions from photo Reconstruct a 3D model e
« Similar to Facade, use a generic face model input photographs

and view-dependent texture mapping

e Procedure

Take multiple photographs of a person
Establish corresponding feature points
Recover 3D points and camera parameters
Deform the generic face model to fit points
Extract textures from photos

U AN W N =

generic 3D pose more deformed
face model estimation features model




Mesh deformation Texture extraction
- Compute displacement of feature points » The color at each point is a weighted
- Apply scattered data interpolation combination of the colors in the photos
~ "'-~ ~ » Texture can be:
\ ‘\ - view-independent
\ - view-dependent
\ \ » Considerations for weighting
\ - occlusion
T - smoothness
{ t - positional certainty
- view similarity
—m? —? % e ——
generic model  displacement deformed model
Texture extraction

Texture extraction




Texture extraction

view-independent view-dependent

- _|:Eﬂ- WVFX
Model reconstruction

Creating new expressions

« In addition to global blending we can use:
- Regional blending
- Painterly interface

Creating new expressions

New expressions are created with 3D morphing:

Applying a global blend




Creating new expressions

Creating new expressions

Applying a region-based blend

Using a painterly interface

. JIVFX
Drunken smile LIEIVEX

Animating between expressions

Morphing over time creates animation:

“neutral” >




Video

Spacetime faces

Spacetime faces

black & white cameras

\ o~ color cameras

||||||||||||

video projectors




stereo

active stereo

time

stereo active stereo

spacetime stereo




time=1

time=2

Spacetime Stereo

surface motion\

time=3

Spacetime Stereo

surface motion\

time=4




Spacetime Stereo

surface motion\

time=5

Better
* spatial resolution
\Q » temporal stableness

Spacetime stereo matching

A moving oblique surface

N\
!.F / \ \ \ ]r
X; X,
4 4
Left camera Right camera

Editing

Animation
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3D face applications: The one
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3D face applications: Gladiator

Statistical methods

extra 3M

Statistical methods Statistical methods e
para-  _ _ Teveel obgerved para-  _ _ [ree] obgerved
meters @) Y signal meters 2) Y signal
Example: . .
z*=max P(z|y) super-resolution Z" = mZmL(y | z) + L(z)
: de-noising
o POIDPE) TR N\
’ P(y) Inpainting data ||Iy —T(2)| a-priori

=min L(y|z)+L(z) evidence o2 knowledge




Statistical methods

There are approximately 10240 possible 10x10
gray-level images. Even human being has not
seen them all yet. There must be a strong
statistical bias.

Takeo Kanade

Approximately 8X10'" blocks per day per person.

. . _|:m IVFX
Generic priors

“Smooth images are good images.”

L(z) = 3 p(V(x))

Gaussian MRF  p(d) = d*

d’ d|<T

d =
Huber MRF  p(d) {T2+2T(\d\—T) d>T

- - _|:m IVFX
Generic priors

quadratic /1
Huber

Example-based priors

“Existing images are good images.”

six 200x200
Images =
2,000,000
pairs




Example-based priors

@ L(z)

Example-based priors

high-resolution , ;

low-resolution \

Model-based priors

“Face images are good images when
working on face images ...”

Parametric

model Wk LX)

z* =minL(y | z) + L(z)

X* =minL(y |WX + 1) + L(X)
2" =WX"*+u

PCA

e Principal Components Analysis (PCA):
approximating a high-dimensional data set
with a lower-dimensional subspace

Second principal component First principal component

Original axes




PCA on faces: “eigenfaces”

First principal component
Average

face \

Other
components

For all except average,
ugrayll = 0,

“white” > 0,

“black” < 0

Model-based priors

“Face images are good images when
working on face images ...”

Parametric

model WG L

z*=minL(y | z) + L(2)

X* =minL(y | WX + 1) + L(X)
=WX*+u

(a) Input low 24 X32 (b) Our results  (c) Cubic B-Spline
(d) Freeman et al. (e) Baker etal. (f) Original high 96128

Face models from single images




Morphable model of 3D faces ALy

« Start with a catalogue of 200 aligned 3D
Cyberware scans

3D Database

¢EEE
¢ ig: &

Morphable

™ Face Model

Morphable model ALy

shape examplars texture examplars

e | l

m—1
Smodel = S + Z i8i, Trmodet =T + Z Biti, (1)
i=1 i=1

a, 5" € R~ 1. The probability for coefficients & is given by

—— m—1
P@) ~ eapl=3 3 (@i/or)’) @)
i=1
 Build a model of average shape and texture,
and principal variations using PCA
CIFTVEX

Morphable model of 3D faces e

» Adding some variations

ORIGINAL CARICATURE MORE MALE FEMALE

¢ee¢C
¢eC@

SMILE FROWN WEIGHT HOOKED MOSE

Reconstruction from single image

2D Input

Initializing
the
Morphable Model

rough interactive
alignment of
30 average head

Automated 3D Shape and Texture Reconstruction ‘ f}'J J{-jj

\J

Rendering must
be similar to
the input if we
guess right




. . . gi\'} . . . . gi\'}
Reconstruction from single image ALy Modifying a single image
n—1 5 m—1 59 — .0
_ 1l Qj ﬁf (pj —pi)° :
£ = b ZJ%j+ZU%j+Z 7| Prior
' j=1 L= j=1 L= J i
Er = Zw,y ”Iinput(xa y) — Imodel(ifay)”Q
shape and texture priors are learnt from database
p is the set of parameters for shading including
camera pose, lighting and so on
. . . . gi] . gi]
Animating from a single image Video

3D Recenstruction

= . - ' -
Reconstruction Texture Extraction

of Shape & Texture & Fagial Expression Cast Shadow New llumination Rotation

A Morphable Model
for the
Synthesis of 3D Faces

Volker Blanz & Thomas Vetter

MPI for Biclogical Cybernetics
Tubingen, Germany




Exchanging faces in images =

Source Target

!

( S

lz el
| S Y

Exchange faces in images

93

'3

?/

5 S /g
Loy : Ee )
e . | -

Background-Layer Face-Layer Hair-Layer Result

Exchange faces in images




Exchange faces in images

Morphable model for human body

§ ¥/

&

'ﬁ— ;?( ){

L& QS k\ | R \ | S

= _.3 . A .3 -}
20 kg -40kg -20kg original +20kg +40 kg +20 kg
-20 cm +20 cm

Image-based faces
(lip sync.)

Video rewrite (analysis)

Video Model

Phoneme
— . - V/AA-B-AA/ /EH-B-AA/ [IY-B-AA/ [OW-B-AA
Bl Labeling ‘Jr |‘F|&_“_
=B
Visual _
I,L- IL» "

Labeling




Video rewrite (synthesis)

Background
Video

e

Bunege

yoeadg

SETELTY
}o919g
yoms

Pl H b

Results

e Video database

- 2 minutes of JFK
» Only half usable
« Head rotation

training video
Read my lips.

| never met Forest Gump.

Morphable speech model

Analysis

_—
o
D g
-
Pho Models M

Trajectory MMM Post- Video
Syntheslf Synlheslsf Processirg

Audic—

Synthesis

Preprocessing

DigiVI 24




Prototypes (PCA+k-mean clustering)

Morphable model

N N
norph
[moum(a’ﬁ) = ZﬁfW(]r.’W(Z ajijCr.’Ci))
i=1 j=1
analysis
I ——ap
- synthesis
We find I, and C, for each prototype image.
0 v )( = L] V )(
Morphable model TRV Synthesis TRV
E=(y—u)DTE 'D(y— )+ WTwy
e } mrg(:rr rerm 5.".!’.!00;7?}1655
o -A..-..-.I".Jl-.-lr-_l.l.-.a.l_l..nll 15 Z:
analysis . .
| . . NS 5 :
— 5
. o8 E e 0 | 0
synthesis .. ° oo °
y e b1 .||l_|l. zz *
0 5 -0 5 20 = 0 a5 0 45 & s 15
5 Z 1

0
-0.5 0 0.5 -0.5 0 0.5




Results

Results

Relighting faces




Light stage 1.0

Light stage 1.0

64x32 lighting directions

Input images

DigilVI24

Reflectance function

occlusion flare




- - DigilY[2% DigilY[2%
Relighting Results
. -
¥ E ' ".,‘ x —
normalized reflectance lighting product
light map function
lighting product rendered
pixel
vex vex

Changing viewpoints

Results




Spiderman 2

synthetic

video

Light stage 3




Light stage 6

Relighting Human Locomotion
with Flowed Reflectance Fields

Per Eina
Bruce Lamor

Application: The Matrix Reloaded

Application: The Matrix Reloaded
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