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Abstract

Measuringre ection propertiesof a 3D objectinvolvescapturing images for numeous viewing and lighting

directions We presenta methodo selectadvantgeousmeasuementirectionshasedon analyzingtheestimation
of the bi-directionalre ectancedistribution function (BRDF). The selecteddirectionsminimizethe uncertainty
in the estimatecparametes of the BRDF. As a result,few measuementssufce to producemodelsthat describe
there ectancebehaviorwell. Moreover, theuncertaintymeasue canbe computedaston moderngraphicscards
by exploiting their capability to renderinto a oating-point framebuffer. This formsthe basisof an acquisition
plannercapableof guiding expertsand non-expertsalike throughthe BRDF acquisitionprocess\We demonstate
that spatiallyvaryingre ection propertiescan be captued more efciently for real-world applicationsusingour

acquisitionplanner
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1. Intr oduction

In the eld of 3D objectacquisitionprogresrasbeenmade
both in the areaof geometryand appearanceacquisition.
Appearancer re ection propertiesarein mostapproaches
measuredy capturinga numberof samplesof the BRDF
of theobject. Thesamplesarecommonlyacquiredby a sen-
sor (a digital cameran our set-up)anda point-light source.
Onepair of light sourceand camergposition(calleda view
collectively in theremaindeiof this paper)capturesa single
re ectancesamplefor eachpointthatis visible andlit.

A numberof researcheriave built specialgantriesto
performarobot controlleddensesamplingof there ection
properties® 28 10630 Qtherspositionthe cameraandthelight
sourcemanually?3 2519 20,

The basicquestionfor both, the automaticandthe man-
ual approachs: How to samplethe re ection propertiesin
an efcient way? The acquisitionof re ection properties
needsto be plannedin orderto measureef ciently, failing
to planmayresultin insufcient datafor the modelingtask
or leadto highly redundanbver-sampling.Measuremenis

Y Thiswork wasconductedat MPI Informatik.
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Figure 1: Comparisonof Spatially Varying BRDF Models.
Themodel® on the left containsholesin the BRDF dueto
undesampling The modelon the right obtainedfrom the
samenumberof views suggestedby our plannersampleghe
surfaceevenly

typically aninvolving taskandef ciency in theprocesss of
paramountmportance.

In this papermwe presenta methodthatassessetheuncer
tainty in the parametersf a Lafortunemodel*® (Theunder
lying methodis however also applicableto other paramet-
ric modelsand may be adaptedto non-parametrianodels
aswell.) Basedon this uncertaintymeasureve develop an
acquisitionplanningalgorithmthatcomputesrom whereto
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samplenext in orderto minimize the uncertaintyin the pa-
rametersi.e.,whereto placethecameraandthelight source
with respectio a setof previously acquiredviews. For 3D
objectswe have to evaluateand combinethe predictedun-
certaintyof eachsingle surfacepoint. A goodsetof views
will measuresachpoint on the surface several times with
variedviewing andlighting directionssamplinga highlight
at eachpoint. The view planningis in uenced by a num-
berof furtherconstraintsncludingthe 3D shapeTheshape
limits the numberof visible andlit surfacepointsin aview.

One of the goalsof acquisitionplanningis to perform
measurementsf ciently . Time spenton the planningitself
thereforehasto be reasonableWe computethe uncertainty
measurein moderngraphicshardware with oating-point
frame buffers. The evaluationis performeddirectly on the
texture atlasof the object.

The measuremertheorybehindour approactis well es-
tablishedin other elds; physicists and other natural sci-
entistsapply it quite routinely to their measurementasks.
Our contrikution in this areais to adaptsomeof the natural
sciencesmeasuremertheoryto the task of measuringhe
BRDF for computergraphics.Our papermakesthreemain
contritutions:

the de nition of a function to measurethe reductionin

uncertaintyaddedby oneview (cameraandlight source
position),

a view planning algorithm that combinesthis function
with geometriaconstraintsmposedby a 3D objectto pre-
dict thenext bestview for ef cient measuremengnd

a hardware-accelerateinplementatiorfor evaluationof

the objective functiondirectly on thetexture atlas.

In the next sectionwe discussrelatedwork before we
presentan overview over the acquisitionplanningand the
measuremergrocessn Section3.

2. RelatedWork

Work relatedto theautomateécquisitionof re ection prop-
ertiesof completeobjectscan be found in different elds
including computergraphics,computevision, roboticsand
visualmetrology We startour review with a brief summary
of work in computevision, followed by a discussiorof au-
tomatic scanningof 3D modelsincluding sometheoretical
issuesandwe concludeour review with work on BRDF ac-
quisitionandrepresentatiom computergraphics.

The task of exploring unknovn spatially-\arying BRDF
of anobjectrelatedirectly to viewpointcontrolin computer
vision, e.g.,in minimizing uncertaintyof 3D objectrepre-
sentations® andin sceneexploration!®> Relatedto BRDF
acquisitionare also visual metrology taskswhich are re-
viewed by TarabanisandTsai*2. In metrologythe planning
taskis to positiona sensorto satisfy somesensingquality
criterion,e.g.,work by CowvanandKovesi® andMasonand

Griin 25, The quality criterion of interestin our work is the
certaintyin the acquiredBRDF. We aim at achiezing high
quality by choosingadvantageousiewpointsof cameraand
light sourcepositions.

The placemenbf a camerarelative to anobjecthasbeen
plannedfor geometricmodel acquisitionwith a robotic fa-
cility 3617 andwith anautomatedcommerciakcannegs. In
practice view planningis oftenstartedafteraninitial rough
acquisitionof theobject'sgeometryfrom pre-sewiewpoints,
asin the geometrymodel acquisitionsystemby Reedand
Allen 3637 The taskin this situationis to Il holesin the
existing model stemmingfrom tight visibility restrictions.
Filling holesis anexamplewhereanautomateglannercan
beverybene cial.

The incrementalNext Best View planning stratgy of
WhaiteandFerrie*® is closelyrelatedto ours.Their stratey
exploresthegeometryof a 3-D modelwith a priori unknavn
shapeThey applya synthesisapproachwhichis basecona
probabilisticmodelof an objects geometryto be explored.
The approachminimizesuncertaintyof a parametricobject
model.Objectsarerepresentetly setsof superquadricsJs-
ing anactive sensingstrat@y anext view is selectedThese-
lectedview minimizesthe currentuncertaintyof the object
model.The algorithmis appliedto explorethe environment
of a robotic agentenablingobjectrecognitionand manipu-
lation.

An alternatve approachto view planningis to delegate
the (computationallycomple) taskto a humanbut to pro-
vide real-timefeedback.This hasbeendemonstratedguc-
cessfullyby Rusinkiavicz et al. 38 for geometryscanningof
objects.Planningthe acquisitionof re ectancepropertiesn
this fashionis however impossiblesince humanscan gen-
erally not reasonaboutthe four-dimensionaBRDF on the
surfaceof complex objectsin real-time.

In computationalgeometry visibility in polygonalenvi-
ronmentis considerec® with applicationsin geographical
dataprocessingsecurityand military 22. Acquiring realis-
tic re ectancepropertiesof a 3D objectrequiresmagingits
completesurface.This completenessonstraintrestrictsthe
setof possiblesolutionsin acquisitionplanning.Findingthe
minimal setof views which coverthe completesurfaceof an
objectis aNP-hardproblem#3. A plannedsetof views may
still fail in practicedueto positioningor modelingerrorsand
off-line plansneedto consideruncertaintyto ensurecover-
ageof thecompletesurfacewhenactuallyexecuted*3 40,

In computergraphics,the imaging of visible surfacesis
relevant in radiosity ray-tracing,scenewalk-throughsand
texturing of surfaces*! aswell asfor image-basedender
ing 13444 |In the BRDF measuremenand representation
eld, quite a numberof articleshave beenpublishedbut,
to the bestof our knowledge,so far only Kay and Caelli 14
have investigatedthedependencbetweemmeasuremerand
the qualtiy of the estimatedBRDF. McAllister 30 computes
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Figure 2: View planning interacts with the entire pipeline of appeaance measuements:An optimal view is proposedand
captured. Manual placemenif camer and light souice requiresregistration with the 3D object. isibility and shadowsare
computedandthedatais resampledFromtheresamplediataof all viewsthe BRDF parametes per clusterare updatedwhich

againin uencetheplanningof the next view.

the numberof samplegequiredto denselycover the hemi-
sphereabove a point with a light source Ramamoorthand
Hanrahar#® examinetheproblemof globalinverseillumina-
tion within a signal processingramevork. Existing BRDF
measuremerdapproachesanbeclassi ed by the numberof
imagesnecessarandthe generalityof the estimatedBRDF
model.

A family of methodsmeasurere ectance propertiesby
performinga very densesampling.Someof them are de-
signedfor at surface samplesonly 730 while otherscan
dealwith 3D objects? 27.28 2910, Sincea densesamplingal-
lowsto renderdirectly fromthemeasurediata there ection
propertiesareunrestrictedn thoseapproachesThe quality
of theoutcomewhenno BRDF modelis t mainly depends
onthe samplingdensity

A variety of technique®stimateheappearancef anob-
jectfrom asparsesetof imagesln mary of theseapproaches
the specularpart of the BRDF is restrictedto be constant
over a small patchor even over the entire object. Measure-
mentsin theseapproachearetypically performedeitherby
using a point light source39 252431:182021 or by perform-
ing inverseglobalillumination46 11 1:3532 | enschetal. 1920
andLi etal. 21 demonstratetiow to estimateavaryingspec-
ular partfrom asparsesetof views. In bothapproacheslus-
teringtechniquesareappliedto the BRDF parametersver
the objects surface.In this paper we alsofollow a sparse
samplingapproactbut at the sametime assuringhe quality
of themodel.Thefully spatiallyvaryingmodelin our work
is identicalto theoneemplo/edby Lenschetal. 20,

Next, we introduceour methodwhich is ableto selecta
sparsesetof measurementand ensureghe quality of the
BRDF modelatthesametime.

3. Acquisition Loop

The measurementf re ection propertiesis executedas a

numberof successie stepswhich are shawvn in Figure 2.

Prior to the acquisitionof re ectancepropertieshe 3D ge-

ometry of the object hasto be acquired.The acquisition
startswith the planningof the rst view. Eachnew view is

plannedbasedn the currentestimateof the BRDF parame-
tersandthevisibility andshadeving constraintsmposedby

the 3D geometryof theobject.

In the secondstepthe plannedview is acquired Next, the
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view is registeredwith the 3D object!8, sincetherealcam-
eraandlight sourcepositionmay deviate from the proposed
view. Therecoreredpositionsareusedto determinethe re-

gionsof the objects surfacewhich arevisible andlit. The

valid pixelsareresamplednto atextureatlas.

For theplanninga coarseexture atlasis usedto speedup
the processLocal viewing andlighting directionare com-
putedperpixel. Fromtheresamplediataa newv setof BRDF
parametergs estimatedAs thenumberof measurementer
asinglepoint aretoo few to obtaincredibleBRDF parame-
ters, clustersof pointsareusedto t the parametersPoints
canbe clustereceitherbasedon their diffusecolor or using
themethodby Lenschetal. 20. Theestimatedspatiallyvary-
ing BRDF parameterarethenusedin the next executionof
the planningstep.

After the capturingprocesds complete all measurement
datais resampledgain usinga high resolutiontexture atlas
anda nal spatiallyvaryingre ection modelis estimated.

Planningis performedby minimization of an objectve
functionthattakesinto accounthepreviously acquireddata,
thegeometnyof theobjectandthecurrentlyestimatedBRDF
parametersThe objectie function is basedon co-variance
matricesasan uncertaintymeasureThe co-variancematri-
cesare compactand summarizeall necessarynformation
aboutthe views acquiredso far. Their storagecostandthe
computatiortime of planningalgorithmis constantandin-
dependendf thenumberof acquiredviews. In particular we
donothaveto storeeachlocal viewing andlighting direction
perpixel for eachmeasurement.

In the next sectionwe detailthe relationshipbetweerthe
co-variancematrixandmeasurementncertaintywith anob-
jectconsistingof asinglepixel asatutorial example.

4. One-PixelObjects

Measuringthe BRDF of a single point on an objectis al-

readya taskwhich involves someeffort. It is necessaryo

understanchov measurementsf the re ectanceof a sin-

gle pixel in uence thereliability of parametersf theBRDF

modelwe aregoingto t. Webrie y summarizébackground
materialon parameterestimationand measurementheory
relatedto our tting approachWe concludethatnotall pos-
siblemeasurementontritutein thesamewayto thequality

of the tted modelparameters.
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For the purposeof the discussiorin this andthe next sec-
tion, theprior information! for our measuremertaskis that
we would like to estimatea Lafortunemodel f; with one
isotropic speculardobe (seeEquationl) for an objectcon-
sistingof one-piel.

fr(b;w) = rg+ (Cxwi,Wo, + Cywi, Wo, + czwizwoZ)N Q)

wherer 4 denoteghe diffusere ectance,N the exponentof
the speculalobe, cx, ¢y andc; theweightingcoefcients of
the dot productbetweenw; andwo; w; is theincidentlight
directionandwg theexitantlighting direction.In thefollow-
ing, we denoteheseparametersollectively asb. Themodel
M(b;w) calculateshere ectancefor agivenw; andwo (col-
lectively w). Equation2 shavsthe standardegressiomrob-
lem for m measurementwith an additive error term e re-
sultingin mre ectancesamplesRm. For the purposeof this
discussionwe assumehatthe errortermsareindependent
andidentically distributed (iid) sampledrom a distribution
centeredatO.

Rm = M(b;Wm) + ém 2

A principledapproacho solve this model tting taskis by
emplgying Bayestheorem

P(Mj1)P(DiM) .
PO

Bayestheoremdescribeshow to obtainthe posteriorprob-
ability distribution of the re ectance model P(MjDI). It
dependson our prior belief of possiblemodel parameters
P(Mjl), themeasuremertr predictive probabilityof amea-
surementP(Djl) with acquireddataD and our model of
themeasuremerirocesd?(DjM) which hereis Equation2.
Measurementsire a principled way to changeone’s prior
beliefs.If theobsenationsprovide strongevidence thedata
term dominateswhile with a lack of evidencethe prior re-
mainsunchangedThe certaintyin the modelis described
by thefull distribution P(Mjl). Thedistributionis in the di-
mension®f the modelandrequiresa summaryfor interpre-
tation. The most probableparametewnalue and con dence
intervals are commonsummaries(See,e.g.,Bretthorst? or
Hastieetal. 12 for amorecompletentroductionto Bayesian
modelestimation).

P(MjDI) =

An approacho nd themostprobablemodelis minimiza-
tion. Thesumof squarecerrors

Q= & (Rm M(b;wm))? @3)

is the most commonerror measureto minimize. This er
ror measurecoincideswith the mostprobablemodelin the
Bayesiamapproactgiventhe modelis linearin the parame-
tersb, thenoisee in the measurements Gaussiarandour
prior beliefsare uninformatve (at priors) 12. Underthese
circumstancesthe uncertaintyin the mostprobablemodel
parameterslependinearly on the co-variancematrix CoV.
The co-variancematrix CoV is the inverseof the Hessian

matrix H with entriesH;.; = %ﬁ%j (seeAppendixA for the

derivatives).Thesingularvaluess of the co-variancematrix
de ne thelengthof the major axesof the hyperellipsoidof
a given Q. In linear modelsthis hyperwlume boundedby
the hyperellipsoidfor a given quadraticerror measureQ is
directly relatedto the posteriomprobability

In the non-linearLafortunere ectancemodelthe simple
relationshipbetweertheleast-squaressidualQ andtheun-
certaintyin the parametersloesnot hold. The mostpopular
way to proceeds to emplgy anon-lineadeast-squarsolver
to minimize Q but analyzethe t with the co-variancema-
trix CoV. The co-variancematrix is only strictly valid for
linearmodels however, emplagying CoV is justi able if Qis
well approximatedy a quadraticnearthe minimum 34, We
performedsomeMonte-Carlobootstrapanalysis® 3 in order
to con rm thevalidity of thelinearapproximatiorwhen t-
ting the non-linearLafortunemodel. We do not reportthe
detailsherebut in summaryour conclusionis thatthe non-
linearity of the Lafortunere ectancemodelpreventsusfrom
statingcon denceintenals basedon the linear approxima-
tion. However, the co-variancematrix is a goodindicatorof
parameteuncertaintyandif we would like to obtainmea-
surementsn a way suchthatwe are mostcon dent in the
estimatedparametersminimizing the co-variancematrix is
a sensiblestratgy. This conclusionis also consistentwith
the reasoningof WhaiteandFerrie 4. The co-variancema-
trix of the Lafortunemodeldependsnly on the chosenin-
cidentandexitantlight directiongivena x edestimateb. A
recipeof how to choosehelight andviewing directionsfor
theone-pixel objectis describedn the next section.

5. Uncertainty Minimization

The uncertaintyin the estimatedparameterdor a set of
views is minimumi if the co-variancematrix is minimal. If
we are exploring unknavn re ectancepropertieswe only
learnour modelparametergaiswe acquirenev views, gain-
ing informationincrementally The certaintygain of a view
is thereforethe reductionin the co-variancematrix from the
previous view to the currentone and hence,the objective
function

F = KCoV(by;Wr.)k  KCOV(By;Wrvs DK (4)

We would like to maximizethe certaintygain, i.e., we have
to maximizeF. A greedystratgy selectsafter eachview v
theonewhich maximizesthe expectedgain of the next view
v+ 1. This greedystrateyy is optimalin thelinearcasewith
x ed estimatesh becausehenthe co-varianceis indepen-
dentof theorderof views. In ourscenarighisapproximation
becomeanore appropriateasthe certaintyin the estimates
increases.

The selection stratggy must also deal with a rank-
degenerateHessianmatrix H during the viewsv= 1:::L,
whereL is thenumberof parameter# the Lafortunemodel
fr, in our caselL = 4. Theseinitial views have to bechosen
in orderto arrive ata smalljjCoVjj afterview v= L. While
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jjCoVjj = 1 forv< L, wecancalculatethe Pseudo-lverse
of the Hessiamtmatrix instead Figure 3(a) shavs the singu-
lar valuess of the pseudo-imersewhich approximatelyin-
creaseexponentiallywith k. We maximizethe information
gain basedn this pseudaco-varianceuntil the Hessiarma-
trix reachedull rank. The gain can be consideredn nite
with eachrankgained,i.e,achoiceof F(k L) = Inf sy
suggestdtself. We illustrate this strategyy in Figure 3 for
the one-pixel object. (We pick Inf = 10° andthe parame-
tersb= (rqg= 0:3;Ns= 10;cx = ¢y = 0:8;cz = 0:8) for
the Lafortunemodel(Equationl)). A bettercontinuationof
theobjective functiontowardsthe rst view canbeobtained
with F(k L) = 10- X (Inf  sg) whichis shawvn in Fig-
ure3(b). Thedifferencen thetwo consideredhoiceds only
of importancein multi-pixel objectswhenthe information
gain atonepixel hasto becomparedo theinformationgain
at anotherpixel. Under thesecircumstancesthe exponen-
tially increasingfunctionwill stronglyfavour low rank up-
datesover highrankupdates.

log(F)

10, T ——— 10
2 4 6 8 2 4 6 8
# Views Views
(a)sk of CoV (b) Obj. FunctionF

Figure 3: ObjectiveFunction F for In nite Co-\ariance
Thesingularvaluessy of the CoV showan exponentialin-
creasewith k. Figure S(ba showstwo choicesfor F when
k L F(kk L)y=10- K (Inf sy)inredandF(k
L) = Inf sy (Inf = 10°)in blue

5.1. Maximization

Thetaskof view planningis to maximizetheobjective func-
tion F in Equation4. Our obsenation is that the objective
functionis partially smoothdependingon thevisibility of a
given view. Globally, it canhave mary discontinuitiesdue
to shadevs andvisibility. In orderto maximizethe objective
functionwe applyatwo-stepproceduravith randomization:

Searchor the bestpair of initial positionsof cameraand
light sourceon a discretizedsphere Randomizethe ori-
entationof the discretizatiorbeforeeachnew view.

Usea local continuousoptimizerto improve the discrete
solutionfound.

The randomrotation of the spherediscretizationimproves
thediscretesearcheventuallyevaluatingall views. This pro-
cedureallows usto useacoarsadiscretizatiorin thediscrete

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.

searchachiezing acceptableoverageat leastover multiple
views.

We have testedwo downhill non-gradient-baseaptimiz-
ers: the Simplex methodand Powell's methodwith non-
gradientbasedinear search?. The Simplex methodis ini-
tializedwith thestartingvalueof thediscretesearctplusran-
dompointswithin its neighborhoodAlthoughbothmethods
may corvergeto local maxima,we still achieze goodresults
dueto the discreteinitialization. In Figure 4, we showv the
norm of the co-variancematrix achiezed by maximizing F
in Equation4 with both, the Simplex and Pawell's method.
We have obsered that Pavell's methodrequirestypically
lessfunction evaluationsbut achievesslightly worseresults
thanthe Simplex method Figure4 alsocomparethe beha-
ior of the optimizationwith the 2 norm jjCoVijj, versus
the Frobeniusnorm jj CoVjjgrop. The differenceis negligi-
ble dueto the exponentialrate of decayin the size of the
singularvaluesof the co-variancematrix. Besidesplanning

x10°

log(lICoVIl, ¢, )

10 #fgllews 3’0; — 40 O'fio 20 4 Views 30 40
Figure4: NormoftheCo-\arianceMatrix during Optimiza-
tion. GreenjjCoVjj2 andredjj CoVjj rop are obtainedwith
Powell's method while blue jj CoVijj» and cyanjjCoVijj grop
are obtainedby the simplex method . Theoptimizationis ap-
plied to the one-pixelobject.

the next bestview, the objective function canbe employed
to determinewhento stop acquiringmore views. Obsere
that the norm decaysroughly exponentiallyas the number
of sample®f theone-pixel objectincreasesdlt indicateghat
onecanstopthe optimizationafterthe gainin con denceis
below apre-de nedthreshold.

6. Multi-Pixel Objects

We arenow generalizingour insightsfrom the one-piel ob-
jectto 3D objects.There ectanceof real-world 3D objects
cannotbemodeledwith sufcient accurag by asinglepoint.
Thecompletesurfaceareaof a 3D objectis notvisible from
ary singlegivencameraandlight sourceposition.Thus,the
geometricshapen uencesthe objective functionandplays
animportantrole in the uncertaintyminimization.

6.1. Homogeneouws. Spatially Varying BRDFs

Calculationof model uncertaintyfor a real 3D object re-
quiresthe computatiorof the the HessiarmatricesH; con-
sideringall previous measurementat eachpointi on the
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Figure 5: Texture Atlas. Lighting and the derivativesof an isotropic Lafortune BRDF (seeAppendixA) are computedn a

texture atlas.

surface.Assumingall points on the surface have identical
re ectancethentheoverall co-variancematrix of all surface
points is KCOVKnomgenous= K(&;jHi) Yk: In this norm
thereis no relationshipbetweensamplesand surfaceloca-
tion. It doesnot ensurean even samplingof the surfaceand
thusis only applicableif the object’s surfaceconsistsof a
single homogeneousnaterial without the slightestspatial
variation.

KCoVkonj = & kH; 'k: (5)
i

An approachmoreapplicableto real-world 3D objectsis to
treat eachsurface point individually, assuminga different
BRDFfor eachpixel. Theuncertaintymeasurén this cases
Equation5. This uncertaintymeasureanonly bedecreased
by imagingeachsurfacepointrepeatedlyThisis requiredif
thegoalof themeasuremergrocesss to modeleachsurface
pointwith a differentBRDF but aswell if surfacepointsare
eventuallyto be clusteredandrepresentedby a smallerset
of BRDFs.

6.2. Real-World Constraints

While performinga real measuremenne hasto take into

accountanumberof additionalconstraintsTheplanningal-

gorithm mustpreventplacemenof light sourceandcamera
atthe samelocation.In orderto achieve this, we simply set
the objective function to zeroin thesecasesFurthermore,
thereliability of collectedsampless notindependentf the

viewing anglesfor real measurementsSamplesat grazing
anglesare typically hardto measuresincethe registration
of the 3D objectwith the 2D imageis not be perfect. We

follow theapproactby Lafortuneetal. 16 andweightthein-

uence of eachsampleby the cosineof the anglebetween
the surfacenormal and the viewing direction and between
the normalandthe lighting direction. The weight is setto

zerofor all pointswhereoneof the anglesis largerthan80

degrees.

7. Implementation

We have de ned the objective function F in Section5 and
constraintsn the previous section.Here,we detail the im-
plementationof an ef cient optimizationwhich resultsin

a usableview planningalgorithm. The view planninghas
to simulatethe next view in orderto evaluatethe objective
function. We calculatethe norm of the co-variancematri-
cesfor eachpoint on the surface.This computationhasto
be very ef cient sinceit is executedseveral hundredtimes
during one step of the optimization.We achie/e this ef -
cieng by exploiting newly availablegraphicshardwarewith
oating-point precisionframebuffers.

7.1. Texture Atlas

Since all quantitiesneedto be computedfor all surface
points we representhe objects surface by a texture atlas
(seeFigure5(b)). We constructhetextureatlasfrom the 3D
mesh All subsequertalculationsareperformeddirectly on
the texture atlas.Using a vertex programit is very easyto
performcalculationonthetextureatlas:the nal vertex po-
sitionis setto thetexture coordinate®f thevertex while the
original vertex positionis usedfor othercomputationse.g.
lighting andshadaving.

7.2. Visibility and Shadows

Thetexture atlasshaws all pointson the object's surfaceat
the sametime, but the derivatives may only be computed
for thosepointswhich are visible andlit for a given view.

We accomplishthis by rst computingtwo depthmapsof

the 3D object,onedepthmapfor the cameraview andone
from the view of the light source As in traditionalshadev

mappingthe pointis visible andlit if the transformedixel

hasthe sameor smallerdepththanthe correspondingpoints
in the depthmaps.Figure 5(c) shaws the resultingtexture
atlasof all visible andlit pointsof the correspondingiew

Figure5(a)).

7.3. Derivativesand Matrix Norms

Given the 3D meshand someBRDF Parameterave setup
a fragmentprogramwhich computeshe derivatives of the
BRDF modelwith respecto its parameterfor thevalid tex-

els on the graphicsboard(seeFigure 5(d)—5(g)). We take

the spatially varying parametersbtainedby the clustering
into accountThecalculatedlerivativesarethendownloaded
from a oating-point framebuffer to mainmemory Hessian
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Figure 6: Comparisorof Plannerand HumanExpert.Fir standthird rowsshowresultswith the planner while resultsobtained
by the humanexpertare shownin the secondand forth row. (Imagesshownare after every 31d view.) Noticehowthe planner
selectsamplego covertheobjects surfaceevenly Thehumanexpertacquiresredundansample®f somesurfaceareas(front)
while otherareasremainundesampledbad andbottom).Theimagesshowl og(kCoVk) color-codedin matlabjet style Blue
meanshigh con dencein the estimatedBRDF parametes while the uncertaintyincreasesowardsred. Bladk regionshavenot

beenupdatedo full ranksofar.

matricedfor the currentview arecalculatecandaddedo the
accumulatedHessiammatricesof previousviews. Theresult
is invertedusingsingularvaluedecompositiorio obtainthe
normsof the co-variancematricesThe nal valueof theob-

Task 9qf=fb  Download H SVD  Total

Time

0.119 0.477
[s]

0.021 0.523 1.138

Table 1: Time consumedor computingthe derivatives,to
downloadtheresultsto mainmemoryto addto the Hessian
matricesand to performthe remainingcalculations(SVD)
in softwae in orderto evaluatethe objectivefunctionof one
view on a 512x512texture atlas. Notethat on aveiage only
onefourth of the 147444valid pixelswere visibleandlit.

jective functionis thencomputedasthe sumof the objective
functionsof eachpixel. All softwarecomputationsaredone
only atthosepixelsin thetextureatlaswhich arevisible and
lit. A total of approximatelyd40evaluationsof the objective
functionareperformedn the optimizationof oneview.

Table 7.3 lists how muchtime is spendfor eachof the
computationsteps.A considerableamountof time is un-
fortunatelyconsumedy downloadingthe frame buffer. To
save bandwidthwe currentlyusea monochromatigsotropic
LafortuneBRDF modelwith onelobe (4 parametersfor the

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.

view planning.The methodcanhowever be easilyextended
to work with morecomplex or multi-lobe models.

8. MeasurementResults

We comparethe views selectedy our methodto the views
selectedby a humanexpertprior to our method.The 3D ob-
ject for which the spatially varying BRDF is acquired,are
the angelsshaovn in Figure 1. There ectancemodelof the

Rank #Pixels #Pixels S| k1 SL kel
k Planner Expert Planner Expert
0 10 857 - -

1 300 2013  0.06587 0.04482
2 1755 973 2.3804 0.9823
3 1412 583 39.170  75.075
4 5767 4818 745.16 2308.94

Table 2: Comparisonof kCoVk Obtainedby Plannerand
HumanExpertafter 27 views.Shownrare thesingularvalues
averaged over all pixels. The planneracquired more pixel
with higherrankandhighercon dence (Notethe consider
ably smallersingularvaluein thelastrow).

angelshaspreviously beencapturedwith a setof 27 views
(not shawn). Figure 9 shaws the imagesacquiredwith our
planner The plannerselectscameraand light sourceposi-
tion in orderto collect samplesf eachsurfacepoint under
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variousangles.A comparisonof the resultinguncertainty
log(kCoVK) shavsthatthe plannercoversthesurfaceof the
objectquite evenly (seeFigure 6). The humanexpert sam-
plesthe front of the modelfrequentlybut missesareason
the rear bottomandsidesof the model(seeFigurel). The
even samplingwith our planneris even more appearanby
studyingthe smallestsingularvalue s of the CoV in Fig-
ure 8. The averagesingularvaluesarecomparedn Table2.
Theplannerincreasesherankof the CoV per pixel evenly.
Table2 shavs thatafter27 views the CoV hasreachedull
rankat 62:4% of pixels. Thelower rank (pseudo)CoV have
alreadymostly gainedrank 2 or 3. The CoV obtainedby
the humanexpertare mainly either rank 4 (52:1%) or still
rank 1 and rank O (unobsered). Additionally, the norms
kCoVk with highrankareconsiderablyargerthanthenum-
ber obtainedwith the planneri.e., the measurementesult
in higheruncertainty

Highlightshave to beobsenedin orderto updatetherank
of onepixel beyondrank 1 becausehreeof the derivatives
evaluateto nearly zero for non-highlight directions (Ap-
pendixA andFigure5). For ahumanit is hardto keeptrack
of theobsenedhighlightareasandto reasoronhow to place
the cameraandthe light sourcein orderto obsere a high-
light ata speci ¢ surfaceregion. The plannerautomatically
considerghis by maximizing the proposedobjective func-
tion (seeFigure9).

Theobjective functionevaluatedaftereachview is shavn
in Figure 7. The serieswith the plannerhasbeencontin-
uedin simulationto 50 views. Note, thatwhile local minima
are encounteredvy the planney it successfullyreduceghe
error measuren eachstepand the stepsdecreasapprox-
imately exponentiallyas expected.(Note, that | og(Fop;) in
Equation5 is a differenceand the numbershave to be ac-
cumulatedfor absolutevalues.) The optimizationper view

# Views 10 20 30 40 50
Figure 7: ObjectiveFunctionfor Angel Acquisition.Thered
curveis obtainedwith the uncertaintyminimizationplanner
while the blue dashedcurveis the objectivefunctionevalu-
atedfor the seriestakenby a humanexpert.

took lessthan 2 minutes,computedon a 2.4GHzPentium
PCwith an ATI Radeor9700.The computationsverecar
ried outonatextureatlaswith resolution128x128 Thistime
is constananddoesnotdependn the numberof previously

Figure 8: SmallestSingularValue: Comparisorof Planner
and HumanExpert. Top row showresultswith the planner
while the bottomrow showsresultsobtainedby the human
expert. Noticehowthe plannerselectssamplego cover the
object's surfaceevenly The humanexpert acquires redun-
dant samplesof somesurfaceareas(front) while other ar-

easremainunobservedbad andbottom).Theimagesshow
log(ks1k) after 27 viewscolor-codedin matlabjet style

seernviews, sincetheinformationis accumulatedn the per
pixel Hessiarmatrix H.

In summarythe plannerhelpsto samplethe angels'sur
facemoreevenly resultingin highercertaintyin the BRDF
parametersThe numberof views (27) is generallytoo low
for beingableto judgethe t of BRDF parameterst each
pixel. Theresultshoweverarevisually alreadyquitepleasing
over the entire surface(Figure 1). The simulationsuggests
thatafter48views on morethan90%of thesurfacethe CoV
wouldreachfull rank.Over 90%of thesurfacehave already
beenimagedonceafter5 views (> 99% after 10 views) in
the actualmeasurementd he actualcapturingprocesshas
beenslightly sloved down by the planningbut mainly be-
causeview registrationhasto be performedduring acqui-
sitionwhenusingthe planner Theregistrationalsorevealed
thatsomeadditionalcueswould bevery helpfulin settingup
cameraandlight source A low quality real-timeregistration
algorithmwould integratenicely into the planner

9. Conclusion

We have presentedh novel methodto analyzeandplanthe
acquisitionof realisticre ection modelsof 3D objects.Cen-
tral part of the methodis a measureof uncertaintywhich
allows oneto assesshe quality of the samplingso far and
to selectfrom whereto view the object. This uncertainty
measurecan be evaluatedef ciently in graphicshardware
with oating point precisionand hasbeenintegratedinto a
view plannerfor BRDF acquisition.The performancef the
plannercomparedavorably to the view selectionby a hu-
manexpert.lt is extremelyhardfor humango reasorabout
the 4D BRDF on the surfaceof 3D objects.Consequently
it is very dif cult for themto selectgoodcameraandlight
sourcepositionsin orderto obtaina high-qualityre ectance
model.Our view planningalgorithmcanassistexpertsand

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.
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Figure 9: Views Plannedfor the Angels. Our algorithm positionsboth the camen and the light source to minimizeBRDF
uncertainty Asa resulta highlightis observedt ead surfacepoint.

enableovicesto measurehe BRDF of 3D objects.Auto-
maticmeasuremengscquiringdenselysampledBRDFsmay
alsobene t from this methodsincethe samequality canbe
achiezedwith lessplannedviews. Sincethe automaticsetup
doesnot requirea registrationstepacquisitionof oneview
andplanningof the next mayberunin parallel.

Appendix A: HessiarMatrix

The Hessianmatrix for Lafortunemodel (Equationl) is given by
thefollowing equation:
TQ_ , LTI ©)
fb? b fb’
Thedervatives % of the singlespeculatobe Lafortunemodelare
TL=Tra=1,

L
oo - (CxyWi, Wo, + CryWi, Wo, + CzWi,Wo,)N  IN(Wij, Wo, + Wi, Wo,);
Xy
L N1 .
o = (CxyWi, Woy + CryWiy W, + CWi,Wo,)"™  “N(Wi,Wo,);and
Z
L N
N = (CxyWixWoy + CxyWi, Woy + CzWi,Wo,) "N
10g(Cxy Wiy Wo, + CxyWi, Wo, + CzWi,Wo,):
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