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Recreate a 3D model of a real object through physical acquisition
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3D DATA ACQUISITION WITH ASPECT

Recreate a 3D model of a real object through physical acquisition

m Shape (surface)
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3D DATA ACQUISITION WITH ASPECT

Recreate a 3D model of a real object through physical acquisition

m Shape (surface)

m Aspect (surface color)
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APPLICATIONS

FILING (HERITAGE) OFF-SITE STUDY VIRTUAL ENVIRONMENTS

= Buildings m Experts m Cinema
m Historical objects m Amateurs (art gallery) = Gaming
m Shape
m Aspect
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Picture projection on mesh
Aspect as a light field
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m Light-weight, transportable devices : mobile scanner and hand-held camera

m Constrained space : fixed objects, obstacles, ...

uView 2

uView 1

W

ON LocAL INPUT

Surface mesh

” LF REPRESE
GLOBAL INPUT

i m LF Rendering [LH96] / Lumigraph m poor sampling
m incomplete [GGSC96] distribution

coverage m View-Dependant Texture Mapping

B Ssparse
m unstructured (DTM96] P
m Surface Light Field H NOis!
COMETQ — Through factorization (global) Yy
[CBCGO2]

— Per surface unit (local) [WAA*00]
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m Light-weight, transportable devices : mobile scanner and hand-held camera

m Constrained space : fixed objects, obstacles, ...

uView 2

uView 1

W

, LF REPRESE ON LOCAL INPUT
GLOBAL INPUT
m poor sampling

m incomplete e
P distribution
coverage

Surface mesh

m sparse
m unstructured P
coverage

= Surface Light Field m noisy

— Per surface unit (local) [WAA*00]
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ACQUISITION AND RECONSTRUCTION PROCESS
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{(wi, vi)} "

w; is a local observation direction ; .
v; is a color. nm

RECONSTRUCTION ALGORITHM

OUTPUT : LIGHT FIELD FUNCTION

f(w) = X¢¢j(w)

where the coefficients ¢; are to be estimated.
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CONTRIBUTIONS

1. SIMPLE ROBUE¥

Increasing variance Increasing bias

Precision Stabilty
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EXAMPLES
STABILIZATION THROUGH ENERGY MINIMIZATION
STABILIZATION ENERGY CHOICE

ROBUST RECONSTRUCTION

PROBLEMS

m Under-constriction

ArgMinc(Emse)
where Eyse = >, || (wi) — vi||?

FirTinG

Which solution to choose ?

CONSEQUENCES

m Several solutions
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ROBUST RECONSTRUCTION

PROBLEMS

ArgMinc(Ewmse) m Non-covered parts
where Eyse = > [ (w;) — vill?

FirTiNnG

CONSEQUENCES

m Unexpected solutions
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EXAMPLES
STABILIZATION THROUGH ENERGY MINIMIZATION
STABILIZATION ENERGY CHOICE

ROBUST RECONSTRUCTION

PROBLEMS

ArgMinc(Ewmse)

where Epse = 3, ||f(wi) — vil|? = Perturbations (noise)

FirTiNnG

ONSEQUENCES

m Unstable result
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EXAMPLES
STABILIZATION THROUGH ENERGY MINIMIZATION
STABILIZATION ENERGY CHOICE

ROBUST RECONSTRUCTION

LEAST SQUARES ON SQUARE ERROR

PROBLEMS

. m Under-constriction
ArgMinc(Ewmse)

m Non-covered parts
where EMSE = Zi Hf(w,) — V,'H2

m Perturbations (noise)

GENERIC AND SIMPLE METHOD FOR :

CONSEQUENCES
m well constrained
m penalizing unexpected colors m Several solutions
m increasing stability w.r.t. m Unexpected solutions

perturbations

m Unstable result
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EXAMPLES
STABILIZATION THROUGH ENERGY MINIMIZATION
STABILIZATION ENERGY CHOICE

ROBUST RECONSTRUCTION

MINIMIZATION OF WEIGHTED ENERGIES

PROBLEMS

ArgMinc((1 — \)Ewse + AEstab) m Under-constriction

m Non-covered parts
where Eyse = 32, [|f(wi) — vill?

GENERIC AND SIMPLE METHOD FOR :

m well constrained

m Perturbations (noise)

CONSEQUENCES

m penalizing unexpected colors m Several solutions
m increasing stability w.r.t. m Unexpected solutions
perturbations m Unstable result
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EXAMPLES
STABILIZATION THROUGH ENERGY MINIMIZATION
STABILIZATION ENERGY CHOICE

ROBUST RECONSTRUCTION

ArgMinc((1 — XN)Emse + AEstap)

Ep : FUNCTION ENERGY

Evea = Eo = / / IF)12
Q

Defined in [LLWO06] for :

m reducing compression noise

A =0.05

m Spherical Harmonics

DOES NOT SUIT OUR PURPOSE

Pulls function values towards 0.
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EXAMPLES
STABILIZATION THROUGH ENERGY MINIMIZATION
STABILIZATION ENERGY CHOICE

ROBUST RECONSTRUCTION

MINIMIZATION OF WEIGHTED ENERGIES

ArgMinc((1 — X)Epse + AEstap)

E> : THIN-PLATE ENERGY

Eon= = //Q(Af)2

Defined in [WAAT00] for :
m local under-constriction problem

m Lumispheres

EFFICIENT, BUT ...

m Generates expected colors in most cases

m Does not penalize extrapolations
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EXAMPLES
STABILIZATION THROUGH ENERGY MINIMIZATION
STABILIZATION ENERGY CHOICE

ROBUST RECONSTRUCTION

MINIMIZ/

ArgMinC((l - )\)EMSE + )\Estab)

E1 : GRADIENT ENERGY

Evas = Eu :// ik
Q

Defined for :

= Limit high frequency variations and
extrapolations

m Generates expected colors

m Disallows extrapolations

m Tends towards constant value

RoOBUST FITTING ON POORLY SAMPLED DATA FOR IBR



EVALUATION
pI(I-lC‘lSIO.\I/S’I'/\H]IAI'I Y TRADE-OFF
COMPUTATION & INTERPRETATION

CAL ROBUSTNESS ANALYSIS

PART 3 / 4

STATISTICAL ROBUSTNESS ANALYSIS

VANHOEY, S SoNnVNO PNy RoBUST FITTING ON POORLY SAMPLED DATA FOR IBR



EVALUATION
PI{PLC[SION/S’]‘AR] LITY TRADE-OFF

AL ROBUSTNESS ANALYSIS
h COMPUTATION & INTERPRETATION

PRECISION MEASURE

STABILITY MEASURE

ROBUST FITTING ON POORLY SAMPLED DATA FOR IBR



EVALUATION
PT{PLCISIO.\I/S‘I'AR]LI'[‘Y TRADE-OFF

AL ROBUSTNESS ANALYSIS 0
COMPUTATION & INTERPRETATION

IBjF{eiily ROBUST FITTING ON POORLY SAMPLED DATA FOR IBR



EVALUATION
PRECISION /STABILITY TRADE-OFF

JAL ROBUSTNESS ANALYSIS
by COMPUTATION & INTERPRETATION

PRECISION MEASURE

=

Lo

sensitive to difficult conditions, e.g. :
m poor sampling conditions (bad coverage,
sparsity)
m perturbations (input data noise, missing
observation directions)

RoBUST FITTING ON POORLY SAMPLED DATA FOR IBR




EVALUATION
PRECISION /STABILITY TRADE-OFF
COMPUTATION & INTERPRETATION

38

m Precision error (bias)

m Stability error (variance)

m Expected prediction error E 'NOiSZ
inpu \
samples

Increasing variance Increasing bias 3
A= P
0.00 .

& ] o o
o= B P E B o o

L L L L L L L L L 0.10 3 3 .

A=0 2 A=1
K o oo 0.99 oo a 0o o oo o

Precision Stability
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. - pHI’*lClSIO.\I/S’I'AR]LI'I'Y TRADE-OFF
ISTICAL ROBUSTNE AL 5
o R0BUS COMPUTATION & INTERPRETATION

COMPUTATION & INTERPRETATION

m Analyzing stabilization behavior
w.r.t. input data, function basis,
basis size, ...

EXAMPLE

m Derive optimal A

m Compare energies

Specific conditions [HTF01]

m No statistical model of input data
(noise)

m Scarcity (finite data set to run
statistical process on)

Bootstrap method
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NEED FOR STABILIZATION

(d) CLS . / : ; " :
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S AND CONCLUSION

ENERGY COMPARISON

MPARISON RESULTS

All energies generate
stable fittings.

m Ep generates

Ey
unwanted colors
m E; generates
expected colors
E m E) generates
expected colors in
some conditions
Ep

m Function basis

m Color space
(2) SH,RGB (b)PB,RGB (c) SH,LUV (d) PB, LUV m Sparsity
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ENERGY COMPARISON

All energies generate
stable fittings.

m Ep generates
unwanted colors

m E; generates
expected colors

m E; generates
expected colors in
some conditions

m Sparsity

m Basis size
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A\ CHOICE

CHOOSE A

m Small enough for precision

m High enough for stability

FOR OUR SETTING

m )\ € [0.01,0.05] for Ep and E;
= )\ € [0.001,0.005] for £,

SETTING-DEPENDENT

Run bootstrap to derive your own optimal A
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GENERIC METHOD

Works for any type of hemispherical functions.
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RESULTS AND CONCLUSION

CONCLUSION

Robust reconstruction method for surface light fields and image-based relighting
applications

m difficult conditions (sparsity, distribution, noise, basis type and size)
m compromise between precision and stability

Statistical tool
m derive an optimal precision/stability compromise

m assess results

FUTURE WORK

Reliable data for post-processing
m simplification
m level-of-detail visualization
m interpolation (for mip-mapping)

Issue

m holes : how to fill them?
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Thank you for your attention!
|

Questions ?

PAPER AVAILABLE

m soon in Computer Graphics Forum

m now at http ://dpt-info.u-strasbg.fr/~kvanhoey
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