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Abstract
Measuringre�ection propertiesof a 3D object involvescapturing images for numerous viewing and lighting
directions.Wepresenta methodto selectadvantageousmeasurementdirectionsbasedonanalyzingtheestimation
of the bi-directional re�ectancedistribution function(BRDF). Theselecteddirectionsminimizethe uncertainty
in theestimatedparameters of theBRDF. Asa result,few measurementssuf�ce to producemodelsthat describe
there�ectancebehaviorwell. Moreover, theuncertaintymeasurecanbecomputedfastonmoderngraphicscards
by exploiting their capability to renderinto a �oating-point framebuffer. This formsthe basisof an acquisition
plannercapableof guidingexpertsandnon-expertsalike throughtheBRDFacquisitionprocess.Wedemonstrate
that spatiallyvaryingre�ection propertiescanbecapturedmore ef�ciently for real-worldapplicationsusingour
acquisitionplanner.

Categories and SubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealismVirtual RealityI.4.1 [ComputerVision]: DigitizationandImageCapture,Re�ectance

1. Intr oduction

In the�eld of 3D objectacquisitionprogresshasbeenmade
both in the areaof geometryand appearanceacquisition.
Appearanceor re�ection propertiesarein mostapproaches
measuredby capturinga numberof samplesof the BRDF
of theobject.Thesamplesarecommonlyacquiredby asen-
sor(a digital camerain our set-up)anda point-light source.
Onepair of light sourceandcameraposition(calleda view
collectively in theremainderof this paper)capturesa single
re�ectancesamplefor eachpoint thatis visibleandlit.

A numberof researchershave built specialgantriesto
performa robotcontrolleddensesamplingof the re�ection
properties8; 28; 10; 30. Otherspositionthecameraandthelight
sourcemanually23; 25; 19; 20.

The basicquestionfor both, the automaticandthe man-
ual approachis: How to samplethe re�ection propertiesin
an ef�cient way? The acquisitionof re�ection properties
needsto be plannedin order to measureef�ciently , failing
to planmayresultin insuf�cient datafor themodelingtask
or leadto highly redundantover-sampling.Measurementis

y Thiswork wasconductedatMPI Informatik.

Figure 1: Comparisonof SpatiallyVarying BRDF Models.
Themodel19 on the left containsholesin theBRDFdueto
undersampling. The modelon the right obtainedfrom the
samenumberof viewssuggestedbyour plannersamplesthe
surfaceevenly.

typically aninvolving taskandef�ciency in theprocessis of
paramountimportance.

In thispaperwepresentamethodthatassessestheuncer-
tainty in theparametersof aLafortunemodel16 (Theunder-
lying methodis however alsoapplicableto otherparamet-
ric modelsand may be adaptedto non-parametricmodels
aswell.) Basedon this uncertaintymeasurewe develop an
acquisitionplanningalgorithmthatcomputesfrom whereto
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samplenext in orderto minimize theuncertaintyin thepa-
rameters,i.e.,whereto placethecameraandthelight source
with respectto a setof previously acquiredviews. For 3D
objectswe have to evaluateandcombinethe predictedun-
certaintyof eachsinglesurfacepoint. A goodsetof views
will measureeachpoint on the surfaceseveral times with
variedviewing andlighting directionssamplinga highlight
at eachpoint. The view planningis in�uenced by a num-
berof furtherconstraintsincludingthe3D shape.Theshape
limits thenumberof visibleandlit surfacepointsin aview.

One of the goalsof acquisitionplanning is to perform
measurementsef�ciently . Time spenton theplanningitself
thereforehasto bereasonable.We computetheuncertainty
measurein moderngraphicshardware with �oating-point
framebuffers. The evaluationis performeddirectly on the
textureatlasof theobject.

Themeasurementtheorybehindour approachis well es-
tablishedin other �elds; physicists and other natural sci-
entistsapply it quite routinely to their measurementtasks.
Our contribution in this areais to adaptsomeof thenatural
sciences'measurementtheoryto the taskof measuringthe
BRDF for computergraphics.Our papermakesthreemain
contributions:

� the de�nition of a function to measurethe reductionin
uncertaintyaddedby oneview (cameraandlight source
position),

� a view planning algorithm that combinesthis function
with geometricconstraintsimposedby a3D objectto pre-
dict thenext bestview for ef�cient measurement,and

� a hardware-acceleratedimplementationfor evaluationof
theobjective functiondirectlyon thetextureatlas.

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

2. RelatedWork

Work relatedto theautomatedacquisitionof re�ection prop-
ertiesof completeobjectscan be found in different �elds
includingcomputergraphics,computervision, roboticsand
visualmetrology. We startour review with a brief summary
of work in computervision, followedby a discussionof au-
tomaticscanningof 3D modelsincluding sometheoretical
issues,andweconcludeour review with work onBRDFac-
quisitionandrepresentationin computergraphics.

The taskof exploring unknown spatially-varying BRDF
of anobjectrelatesdirectly to viewpointcontrolin computer
vision, e.g., in minimizing uncertaintyof 3D object repre-
sentations45 and in sceneexploration 15 Relatedto BRDF
acquisitionare also visual metrology taskswhich are re-
viewedby TarabanisandTsai 42. In metrologytheplanning
task is to positiona sensorto satisfysomesensingquality
criterion,e.g.,work by CowanandKovesi 6 andMasonand

Grün 26. The quality criterion of interestin our work is the
certaintyin the acquiredBRDF. We aim at achieving high
qualityby choosingadvantageousviewpointsof cameraand
light sourcepositions.

Theplacementof a camerarelative to anobjecthasbeen
plannedfor geometricmodelacquisitionwith a robotic fa-
cility 36; 17 andwith anautomatedcommercialscanner33. In
practice,view planningis oftenstartedafteraninitial rough
acquisitionof theobject'sgeometryfrom pre-setviewpoints,
as in the geometrymodelacquisitionsystemby Reedand
Allen 36; 37. The task in this situationis to �ll holesin the
existing model stemmingfrom tight visibility restrictions.
Filling holesis anexamplewhereanautomatedplannercan
beverybene�cial.

The incrementalNext Best View planning strategy of
WhaiteandFerrie45 is closelyrelatedto ours.Theirstrategy
exploresthegeometryof a3-D modelwith a priori unknown
shape.They applya synthesisapproachwhich is basedon a
probabilisticmodelof anobject's geometryto beexplored.
Theapproachminimizesuncertaintyof a parametricobject
model.Objectsarerepresentedby setsof superquadrics.Us-
ing anactivesensingstrategy anext view is selected.These-
lectedview minimizesthe currentuncertaintyof the object
model.Thealgorithmis appliedto exploretheenvironment
of a robotic agentenablingobjectrecognitionandmanipu-
lation.

An alternative approachto view planningis to delegate
the (computationallycomplex) taskto a humanbut to pro-
vide real-timefeedback.This hasbeendemonstratedsuc-
cessfullyby Rusinkiewicz et al. 38 for geometryscanningof
objects.Planningtheacquisitionof re�ectancepropertiesin
this fashionis however impossiblesincehumanscangen-
erally not reasonaboutthe four-dimensionalBRDF on the
surfaceof complex objectsin real-time.

In computationalgeometry, visibility in polygonalenvi-
ronmentis considered5 with applicationsin geographical
dataprocessing,securityandmilitary 22. Acquiring realis-
tic re�ectancepropertiesof a 3D objectrequiresimagingits
completesurface.This completenessconstraintrestrictsthe
setof possiblesolutionsin acquisitionplanning.Findingthe
minimalsetof viewswhichcover thecompletesurfaceof an
objectis a NP-hardproblem43. A plannedsetof views may
still fail in practicedueto positioningor modelingerrorsand
off-line plansneedto consideruncertaintyto ensurecover-
ageof thecompletesurfacewhenactuallyexecuted43; 40.

In computergraphics,the imagingof visible surfacesis
relevant in radiosity, ray-tracing,scenewalk-throughsand
texturing of surfaces41 aswell as for image-basedrender-
ing 13; 4; 44. In the BRDF measurementand representation
�eld, quite a numberof articleshave beenpublishedbut,
to thebestof our knowledge,so far only Kay andCaelli 14

haveinvestigatedthedependency betweenmeasurementand
thequaltiy of theestimatedBRDF. McAllister 30 computes
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Figure 2: View planning interacts with the entire pipeline of appearancemeasurements:An optimal view is proposedand
captured.Manual placementof camera and light source requiresregistration with the 3D object.Visibility and shadowsare
computedandthedatais resampled.Fromtheresampleddataof all viewstheBRDFparametersperclusterareupdatedwhich
again in�uencetheplanningof thenext view.

thenumberof samplesrequiredto denselycover thehemi-
sphereabove a point with a light source.Ramamoorthiand
Hanrahan35 examinetheproblemof globalinverseillumina-
tion within a signalprocessingframework. Existing BRDF
measurementapproachescanbeclassi�edby thenumberof
imagesnecessaryandthegeneralityof theestimatedBRDF
model.

A family of methodsmeasurere�ectancepropertiesby
performinga very densesampling.Someof them are de-
signedfor �at surfacesamplesonly 7; 30 while otherscan
dealwith 3D objects8; 27; 28; 29; 10. Sinceadensesamplingal-
lowsto renderdirectlyfrom themeasureddata,there�ection
propertiesareunrestrictedin thoseapproaches.Thequality
of theoutcomewhenno BRDF modelis �t mainly depends
on thesamplingdensity.

A varietyof techniquesestimatetheappearanceof anob-
jectfrom asparsesetof images.In many of theseapproaches
the specularpart of the BRDF is restrictedto be constant
over a small patchor even over the entireobject.Measure-
mentsin theseapproachesaretypically performedeitherby
usinga point light source39; 25; 24; 31; 19; 20; 21 or by perform-
ing inverseglobalillumination46; 11; 1; 35; 32. Lenschetal. 19; 20

andLi etal. 21 demonstratedhow to estimateavaryingspec-
ularpartfrom asparsesetof views.In bothapproachesclus-
tering techniquesareappliedto the BRDF parametersover
the object's surface.In this paper, we also follow a sparse
samplingapproachbut at thesametime assuringthequality
of themodel.Thefully spatiallyvaryingmodelin our work
is identicalto theoneemployedby Lenschetal. 20.

Next, we introduceour methodwhich is ableto selecta
sparseset of measurementsand ensuresthe quality of the
BRDFmodelat thesametime.

3. Acquisition Loop

The measurementof re�ection propertiesis executedas a
numberof successive stepswhich are shown in Figure 2.
Prior to theacquisitionof re�ectancepropertiesthe3D ge-
ometry of the object has to be acquired.The acquisition
startswith the planningof the �rst view. Eachnew view is
plannedbasedon thecurrentestimateof theBRDFparame-
tersandthevisibility andshadowing constraintsimposedby
the3D geometryof theobject.

In thesecondsteptheplannedview is acquired.Next, the

view is registeredwith the3D object18, sincetherealcam-
eraandlight sourcepositionmaydeviatefrom theproposed
view. Therecoveredpositionsareusedto determinethere-
gionsof the object's surfacewhich arevisible andlit. The
valid pixelsareresampledinto a textureatlas.

For theplanningacoarsetextureatlasis usedto speedup
the process.Local viewing andlighting directionarecom-
putedperpixel.Fromtheresampleddataanew setof BRDF
parametersis estimated.As thenumberof measurementsfor
a singlepoint aretoo few to obtaincredibleBRDF parame-
ters,clustersof pointsareusedto �t theparameters.Points
canbeclusteredeitherbasedon their diffusecolor or using
themethodby Lenschetal. 20. Theestimatedspatiallyvary-
ing BRDF parametersarethenusedin thenext executionof
theplanningstep.

After thecapturingprocessis complete,all measurement
datais resampledagain usinga high resolutiontextureatlas
anda �nal spatiallyvaryingre�ection modelis estimated.

Planningis performedby minimization of an objective
functionthattakesinto accountthepreviouslyacquireddata,
thegeometryof theobjectandthecurrentlyestimatedBRDF
parameters.The objective function is basedon co-variance
matricesasanuncertaintymeasure.Theco-variancematri-
cesare compactand summarizeall necessaryinformation
aboutthe views acquiredso far. Their storagecostandthe
computationtime of planningalgorithmis constantandin-
dependentof thenumberof acquiredviews.In particular, we
donothaveto storeeachlocalviewing andlighting direction
perpixel for eachmeasurement.

In thenext sectionwe detail therelationshipbetweenthe
co-variancematrixandmeasurementuncertaintywith anob-
ject consistingof asinglepixel asa tutorial example.

4. One-PixelObjects

Measuringthe BRDF of a single point on an object is al-
readya taskwhich involvessomeeffort. It is necessaryto
understandhow measurementsof the re�ectanceof a sin-
glepixel in�uence thereliability of parametersof theBRDF
modelwearegoingto �t. Webrie�y summarizebackground
materialon parameterestimationand measurementtheory
relatedto our �tting approach.Weconcludethatnotall pos-
siblemeasurementscontributein thesamewayto thequality
of the�tted modelparameters.
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For thepurposeof thediscussionin this andthenext sec-
tion, theprior informationI for ourmeasurementtaskis that
we would like to estimatea Lafortunemodel fr with one
isotropicspecularlobe (seeEquation1) for an objectcon-
sistingof one-pixel.

fr (b;w) = r d + (cxwixwox + cywiywoy + czwizwoz)
N (1)

wherer d denotesthediffusere�ectance,N theexponentof
thespecularlobe,cx, cy andcz theweightingcoef�cients of
the dot productbetweenwi andwo; wi is the incidentlight
directionandwo theexitant lighting direction.In thefollow-
ing,wedenotetheseparameterscollectively asb. Themodel
M(b;w) calculatesthere�ectancefor agivenwi andwo (col-
lectively w). Equation2 showsthestandardregressionprob-
lem for m measurementswith an additive error term e re-
sultingin m re�ectancesamplesRm. For thepurposeof this
discussion,we assumethat the error termsareindependent
andidenticallydistributed(iid) samplesfrom a distribution
centeredat0.

Rm = M(b;wm) + em (2)

A principledapproachto solve this model�tting taskis by
employing Bayestheorem

P(MjDI) =
P(MjI )P(DjM)

P(DjI )
:

Bayestheoremdescribeshow to obtainthe posteriorprob-
ability distribution of the re�ectance model P(MjDI). It
dependson our prior belief of possiblemodel parameters
P(MjI ), themeasurementor predictiveprobabilityof amea-
surementP(DjI ) with acquireddata D and our model of
themeasurementprocessP(DjM) whichhereis Equation2.
Measurementsare a principled way to changeone's prior
beliefs.If theobservationsprovidestrongevidence,thedata
term dominateswhile with a lack of evidencethe prior re-
mainsunchanged.The certaintyin the model is described
by thefull distribution P(MjI ). Thedistribution is in thedi-
mensionsof themodelandrequiresasummaryfor interpre-
tation. The most probableparametervalue and con�dence
intervalsarecommonsummaries.(See,e.g.,Bretthorst2 or
Hastieetal. 12 for amorecompleteintroductionto Bayesian
modelestimation).

An approachto �nd themostprobablemodelis minimiza-
tion. Thesumof squarederrors

Q = å
m

(Rm � M(b;wm))2 (3)

is the most commonerror measureto minimize. This er-
ror measurecoincideswith the mostprobablemodelin the
Bayesianapproachgiventhemodelis linear in theparame-
tersb, thenoisee in themeasurementsis Gaussianandour
prior beliefsareuninformative (�at priors) 12. Under these
circumstances,the uncertaintyin the mostprobablemodel
parametersdependlinearly on theco-variancematrix CoV.
The co-variancematrix CoV is the inverseof the Hessian
matrixH with entriesH i; j = ¶2Q

¶bi¶b j
(seeAppendixA for the

derivatives).Thesingularvaluess of theco-variancematrix
de�ne the lengthof themajoraxesof thehyperellipsoidof
a given Q. In linear modelsthis hypervolumeboundedby
the hyperellipsoidfor a given quadraticerror measureQ is
directly relatedto theposteriorprobability.

In thenon-linearLafortunere�ectancemodelthesimple
relationshipbetweentheleast-squaresresidualQ andtheun-
certaintyin theparametersdoesnot hold.Themostpopular
way to proceedis to employ anon-linearleast-squaresolver
to minimize Q but analyzethe �t with the co-variancema-
trix CoV. The co-variancematrix is only strictly valid for
linearmodels,however, employing CoV is justi�able if Q is
well approximatedby a quadraticneartheminimum 34. We
performedsomeMonte-Carlobootstrapanalysis9; 3 in order
to con�rm thevalidity of thelinearapproximationwhen�t-
ting the non-linearLafortunemodel.We do not report the
detailsherebut in summary, our conclusionis that thenon-
linearityof theLafortunere�ectancemodelpreventsusfrom
statingcon�denceintervals basedon the linear approxima-
tion. However, theco-variancematrix is a goodindicatorof
parameteruncertaintyandif we would like to obtainmea-
surementsin a way suchthat we aremostcon�dent in the
estimatedparameters,minimizing theco-variancematrix is
a sensiblestrategy. This conclusionis alsoconsistentwith
thereasoningof WhaiteandFerrie45. Theco-variancema-
trix of theLafortunemodeldependsonly on thechosenin-
cidentandexitant light directiongivena �x edestimateb̂. A
recipeof how to choosethelight andviewing directionsfor
theone-pixel objectis describedin thenext section.

5. Uncertainty Minimization

The uncertaintyin the estimatedparametersfor a set of
views is minimum if the co-variancematrix is minimal. If
we are exploring unknown re�ectanceproperties,we only
learnour modelparametersaswe acquirenew views, gain-
ing informationincrementally. Thecertaintygain of a view
is thereforethereductionin theco-variancematrix from the
previous view to the currentone and hence,the objective
function

F = kCoV(b̂v;w1;:::;v)k � kCoV(b̂v;w1;:::;v+ 1)k: (4)

We would like to maximizethecertaintygain, i.e.,we have
to maximizeF. A greedystrategy selectsaftereachview v
theonewhichmaximizestheexpectedgainof thenext view
v+ 1. This greedystrategy is optimalin thelinearcasewith
�x ed estimateŝb becausethen the co-varianceis indepen-
dentof theorderof views.In ourscenariothisapproximation
becomesmoreappropriateasthe certaintyin the estimates
increases.

The selection strategy must also deal with a rank-
degenerateHessianmatrix H during the views v = 1: : :L,
whereL is thenumberof parametersin theLafortunemodel
fr , in our caseL = 4. Theseinitial views have to bechosen
in orderto arrive at a small jjCoVjj afterview v = L. While
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jjCoVjj = 1 for v < L, wecancalculatethePseudo-Inverse
of theHessianmatrix instead.Figure3(a)shows thesingu-
lar valuessk of thepseudo-inversewhichapproximatelyin-
creaseexponentiallywith k. We maximizethe information
gain basedon this pseudoco-varianceuntil theHessianma-
trix reachesfull rank. The gain can be consideredin�nite
with eachrankgained,i.e, a choiceof F(k � L) = Inf � s k
suggestsitself. We illustrate this strategy in Figure 3 for
the one-pixel object.(We pick Inf = 109 andthe parame-
tersb = (r d = 0:3;Ns = 10;cx = cy = � 0:8;cz = 0:8) for
theLafortunemodel(Equation1)). A bettercontinuationof
theobjective functiontowardsthe�rst view canbeobtained
with F(k � L) = 10L� k � (Inf � sk) which is shown in Fig-
ure3(b).Thedifferencein thetwo consideredchoicesis only
of importancein multi-pixel objectswhen the information
gainatonepixel hasto becomparedto theinformationgain
at anotherpixel. Under thesecircumstances,the exponen-
tially increasingfunction will stronglyfavour low rank up-
datesoverhigh rankupdates.
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Figure 3: ObjectiveFunction F for In�nite Co-Variance.
Thesingularvaluessk of theCoV showan exponentialin-
creasewith k. Figure 3(b) showstwo choicesfor F when
k � L: F(k � L) = 10L� k � (Inf � sk) in red and F(k �
L) = Inf � sk (Inf = 109) in blue.

5.1. Maximization

Thetaskof view planningis to maximizetheobjectivefunc-
tion F in Equation4. Our observation is that the objective
functionis partially smoothdependingon thevisibility of a
given view. Globally, it canhave many discontinuitiesdue
to shadowsandvisibility. In orderto maximizetheobjective
functionweapplyatwo-stepprocedurewith randomization:

� Searchfor thebestpair of initial positionsof cameraand
light sourceon a discretizedsphere.Randomizethe ori-
entationof thediscretizationbeforeeachnew view.

� Usea local continuousoptimizerto improve thediscrete
solutionfound.

The randomrotationof the spherediscretizationimproves
thediscretesearch,eventuallyevaluatingall views.Thispro-
cedureallowsusto useacoarsediscretizationin thediscrete

searchachieving acceptablecoverageat leastover multiple
views.

Wehavetestedtwo downhill non-gradient-basedoptimiz-
ers: the Simplex methodand Powell's methodwith non-
gradientbasedlinearsearch34. TheSimplex methodis ini-
tializedwith thestartingvalueof thediscretesearchplusran-
dompointswithin its neighborhood.Althoughbothmethods
mayconvergeto localmaxima,westill achievegoodresults
dueto the discreteinitialization. In Figure4, we show the
norm of the co-variancematrix achieved by maximizingF
in Equation4 with both,theSimplex andPowell's method.
We have observed that Powell's methodrequirestypically
lessfunctionevaluationsbut achievesslightly worseresults
thantheSimplex method.Figure4 alsocomparethebehav-
ior of the optimizationwith the 2� norm jjCoVjj 2 versus
the Frobeniusnorm jjCoVjj Frob. The differenceis negligi-
ble due to the exponentialrate of decayin the size of the
singularvaluesof theco-variancematrix. Besidesplanning
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Figure4: Normof theCo-VarianceMatrix duringOptimiza-
tion. GreenjjCoVjj 2 andredjjCoVjj Frob are obtainedwith
Powell's method,while bluejjCoVjj 2 andcyanjjCoVjj Frob
are obtainedby thesimplex method.Theoptimizationis ap-
plied to theone-pixelobject.

the next bestview, the objective function canbe employed
to determinewhen to stopacquiringmoreviews. Observe
that the norm decaysroughly exponentiallyas the number
of samplesof theone-pixel objectincreases.It indicatesthat
onecanstoptheoptimizationafterthegain in con�denceis
below apre-de�nedthreshold.

6. Multi-Pixel Objects

Wearenow generalizingour insightsfrom theone-pixel ob-
ject to 3D objects.There�ectanceof real-world 3D objects
cannotbemodeledwith suf�cient accuracy by asinglepoint.
Thecompletesurfaceareaof a3D objectis not visible from
any singlegivencameraandlight sourceposition.Thus,the
geometricshapein�uencestheobjective functionandplays
animportantrole in theuncertaintyminimization.

6.1. Homogeneousvs.Spatially Varying BRDFs

Calculationof model uncertaintyfor a real 3D object re-
quiresthecomputationof the theHessianmatricesH i con-
sideringall previous measurementsat eachpoint i on the
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(a)Object (b) Texture (c) Lit Atlas (d) ¶f =¶r (e)¶f =¶Cxy (f) ¶ f =¶Cz (g) ¶f =¶N

Figure 5: Texture Atlas. Lighting and the derivativesof an isotropic LafortuneBRDF (seeAppendixA) are computedin a
textureatlas.

surface.Assumingall points on the surfacehave identical
re�ectancethentheoverall co-variancematrixof all surface
points is kCoVkHomogenous= k(å i H i)

� 1 k: In this norm
thereis no relationshipbetweensamplesandsurfaceloca-
tion. It doesnot ensureanevensamplingof thesurfaceand
thus is only applicableif the object's surfaceconsistsof a
single homogeneousmaterial without the slightestspatial
variation.

kCoVkobj = å
i

kH� 1
i k: (5)

An approachmoreapplicableto real-world 3D objectsis to
treat eachsurfacepoint individually, assuminga different
BRDFfor eachpixel.Theuncertaintymeasurein thiscaseis
Equation5. Thisuncertaintymeasurecanonly bedecreased
by imagingeachsurfacepoint repeatedly. This is requiredif
thegoalof themeasurementprocessis to modeleachsurface
pointwith adifferentBRDFbut aswell if surfacepointsare
eventually to be clusteredandrepresentedby a smallerset
of BRDFs.

6.2. Real-World Constraints

While performinga real measurementonehasto take into
accountanumberof additionalconstraints.Theplanningal-
gorithmmustpreventplacementof light sourceandcamera
at thesamelocation.In orderto achieve this, we simply set
the objective function to zero in thesecases.Furthermore,
thereliability of collectedsamplesis not independentof the
viewing anglesfor real measurements.Samplesat grazing
anglesare typically hard to measuresincethe registration
of the 3D objectwith the 2D imageis not be perfect.We
follow theapproachby Lafortuneetal. 16 andweightthein-
�uence of eachsampleby the cosineof the anglebetween
the surfacenormaland the viewing directionandbetween
the normaland the lighting direction.The weight is set to
zerofor all pointswhereoneof theanglesis larger than80
degrees.

7. Implementation

We have de�ned the objective function F in Section5 and
constraintsin 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 stepof the optimization.We achieve this ef�-
ciency by exploiting newly availablegraphicshardwarewith
�oating-point precisionframebuffers.

7.1. TextureAtlas

Since all quantitiesneed to be computedfor all surface
points we representthe object's surfaceby a texture atlas
(seeFigure5(b)).Weconstructthetextureatlasfrom the3D
mesh.All subsequentcalculationsareperformeddirectlyon
the texture atlas.Using a vertex programit is very easyto
performcalculationsonthetextureatlas:the�nal vertex po-
sition is setto thetexturecoordinatesof thevertex while the
original vertex positionis usedfor othercomputations,e.g.
lighting andshadowing.

7.2. Visibility and Shadows

The textureatlasshows all pointson theobject's surfaceat
the sametime, but the derivatives may only be computed
for thosepointswhich arevisible and lit for a given view.
We accomplishthis by �rst computingtwo depthmapsof
the 3D object,onedepthmapfor thecameraview andone
from the view of the light source.As in traditionalshadow
mappingthepoint is visible andlit if the transformedpixel
hasthesameor smallerdepththanthecorrespondingpoints
in the depthmaps.Figure5(c) shows the resultingtexture
atlasof all visible andlit pointsof the correspondingview
Figure5(a)).

7.3. Derivativesand Matrix Norms

Given the 3D meshandsomeBRDF Parameterswe setup
a fragmentprogramwhich computesthe derivativesof the
BRDFmodelwith respectto its parametersfor thevalid tex-
els on the graphicsboard(seeFigure5(d)– 5(g)). We take
the spatiallyvarying parametersobtainedby the clustering
intoaccount.Thecalculatedderivativesarethendownloaded
from a �oating-point framebuffer to mainmemory. Hessian
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Figure6: Comparisonof PlannerandHumanExpert.Firstandthird rowsshowresultswith theplanner, while resultsobtained
by thehumanexpertare shownin thesecondandforth row. (Imagesshownare after every3rd view.) Noticehowtheplanner
selectssamplesto covertheobject'ssurfaceevenly. Thehumanexpertacquiresredundantsamplesof somesurfaceareas(front)
whileotherareasremainundersampled(back andbottom).Theimagesshowlog(kCoVk) color-codedin matlabjet style. Blue
meanshigh con�dencein theestimatedBRDFparameters while theuncertaintyincreasestowardsred.Black regionshavenot
beenupdatedto full ranksofar.

matricesfor thecurrentview arecalculatedandaddedto the
accumulatedHessianmatricesof previousviews.Theresult
is invertedusingsingularvaluedecompositionto obtainthe
normsof theco-variancematrices.The�nal valueof theob-

Task ¶f =¶b Download H SVD Total

Time
[s]

0.119 0.477 0.021 0.523 1.138

Table 1: Time consumedfor computingthe derivatives,to
downloadtheresultsto mainmemory, to addto theHessian
matricesand to performthe remainingcalculations(SVD)
in software in order to evaluatetheobjectivefunctionof one
view on a 512x512texture atlas.Notethat on average only
onefourthof the147444valid pixelswerevisibleandlit.

jective functionis thencomputedasthesumof theobjective
functionsof eachpixel. All softwarecomputationsaredone
only at thosepixelsin thetextureatlaswhicharevisibleand
lit. A totalof approximately440evaluationsof theobjective
functionareperformedin theoptimizationof oneview.

Table 7.3 lists how much time is spendfor eachof the
computationsteps.A considerableamountof time is un-
fortunatelyconsumedby downloadingthe framebuffer. To
savebandwidthwecurrentlyuseamonochromaticisotropic
LafortuneBRDFmodelwith onelobe(4 parameters)for the

view planning.Themethodcanhowever beeasilyextended
to work with morecomplex or multi-lobemodels.

8. MeasurementResults

We comparetheviews selectedby our methodto theviews
selectedby ahumanexpertprior to ourmethod.The3D ob-
ject for which the spatiallyvarying BRDF is acquired,are
theangelsshown in Figure1. The re�ectancemodelof the

Rank # Pixels # Pixels s̄L� k+ 1 s̄L� k+ 1
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
HumanExpertafter27views.Shownarethesingularvalues
averaged over all pixels.Theplanneracquired more pixel
with higherrankandhighercon�dence. (Notetheconsider-
ablysmallersingularvaluein thelast row).

angelshaspreviously beencapturedwith a setof 27 views
(not shown). Figure9 shows the imagesacquiredwith our
planner. The plannerselectscameraand light sourceposi-
tion in orderto collectsamplesof eachsurfacepoint under
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variousangles.A comparisonof the resultinguncertainty
log(kCoVk) showsthattheplannercoversthesurfaceof the
objectquite evenly (seeFigure6). The humanexpert sam-
ples the front of the model frequentlybut missesareason
the rear, bottomandsidesof themodel(seeFigure1). The
even samplingwith our planneris even moreappearantby
studyingthe smallestsingularvalues1 of the CoV in Fig-
ure8. Theaveragesingularvaluesarecomparedin Table2.
Theplannerincreasestherankof theCoV perpixel evenly.
Table2 shows thatafter27 views theCoV hasreachedfull
rankat 62:4% of pixels.Thelower rank(pseudo)CoV have
alreadymostly gainedrank 2 or 3. The CoV obtainedby
the humanexpert aremainly either, rank 4 (52:1%) or still
rank 1 and rank 0 (unobserved). Additionally, the norms
kCoVk with highrankareconsiderablylargerthanthenum-
berobtainedwith theplanner, i.e., themeasurementsresult
in higheruncertainty.

Highlightshaveto beobservedin orderto updatetherank
of onepixel beyondrank1 becausethreeof thederivatives
evaluate to nearly zero for non-highlight directions (Ap-
pendixA andFigure5). For ahumanit is hardto keeptrack
of theobservedhighlightareasandto reasononhow to place
the cameraandthe light sourcein orderto observe a high-
light at a speci�c surfaceregion. Theplannerautomatically
considersthis by maximizingthe proposedobjective func-
tion (seeFigure9).

Theobjective functionevaluatedaftereachview is shown
in Figure 7. The serieswith the plannerhasbeencontin-
uedin simulationto 50views.Note,thatwhile localminima
areencounteredby the planner, it successfullyreducesthe
error measurein eachstepand the stepsdecreaseapprox-
imately exponentiallyasexpected.(Note, that log(Fobj ) in
Equation5 is a differenceandthe numbershave to be ac-
cumulatedfor absolutevalues.) Theoptimizationperview

10 20 30 40 50
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Figure7: ObjectiveFunctionfor Angel Acquisition.Thered
curveis obtainedwith theuncertaintyminimizationplanner
while thebluedashedcurveis theobjectivefunctionevalu-
atedfor theseriestakenbya humanexpert.

took lessthan2 minutes,computedon a 2.4GHzPentium
PC with anATI Radeon9700.Thecomputationswerecar-
riedoutonatextureatlaswith resolution128x128.Thistime
is constantanddoesnotdependonthenumberof previously

Figure 8: SmallestSingularValue: Comparisonof Planner
and HumanExpert.Top row showresultswith the planner,
while the bottomrow showsresultsobtainedby the human
expert.Noticehowtheplannerselectssamplesto cover the
object's surfaceevenly. Thehumanexpert acquires redun-
dant samplesof somesurfaceareas(front) while other ar-
easremainunobserved(back andbottom).Theimagesshow
log(ks1k) after27viewscolor-codedin matlabjet style.

seenviews,sincetheinformationis accumulatedin theper-
pixel HessianmatrixH.

In summary, theplannerhelpsto sampletheangels'sur-
facemoreevenly resultingin highercertaintyin theBRDF
parameters.The numberof views (27) is generallytoo low
for beingableto judgethe �t of BRDF parametersat each
pixel.Theresultshoweverarevisuallyalreadyquitepleasing
over the entiresurface(Figure1). The simulationsuggests
thatafter48viewsonmorethan90%of thesurfacetheCoV
would reachfull rank.Over90%of thesurfacehavealready
beenimagedonceafter 5 views (> 99% after 10 views) in
the actualmeasurements.The actualcapturingprocesshas
beenslightly slowed down by the planningbut mainly be-
causeview registrationhasto be performedduring acqui-
sitionwhenusingtheplanner. Theregistrationalsorevealed
thatsomeadditionalcueswouldbeveryhelpful in settingup
cameraandlight source.A low quality real-timeregistration
algorithmwould integratenicely into theplanner.

9. Conclusion

We have presenteda novel methodto analyzeandplan the
acquisitionof realisticre�ection modelsof 3D objects.Cen-
tral part of the methodis a measureof uncertaintywhich
allows oneto assessthe quality of the samplingso far and
to selectfrom where to view the object. This uncertainty
measurecan be evaluatedef�ciently in graphicshardware
with �oating point precisionandhasbeenintegratedinto a
view plannerfor BRDFacquisition.Theperformanceof the
plannercomparesfavorably to the view selectionby a hu-
manexpert.It is extremelyhardfor humansto reasonabout
the 4D BRDF on the surfaceof 3D objects.Consequently,
it is very dif�cult for themto selectgoodcameraandlight
sourcepositionsin orderto obtainahigh-qualityre�ectance
model.Our view planningalgorithmcanassistexpertsand
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Figure 9: Views Plannedfor the Angels. Our algorithm positionsboth the camera and the light source to minimizeBRDF
uncertainty. Asa resulta highlight is observedat each surfacepoint.

enablesnovicesto measuretheBRDF of 3D objects.Auto-
maticmeasurementsacquiringdenselysampledBRDFsmay
alsobene�t from this methodsincethesamequality canbe
achievedwith lessplannedviews.Sincetheautomaticsetup
doesnot requirea registrationstepacquisitionof oneview
andplanningof thenext mayberun in parallel.

Appendix A: HessianMatrix

The Hessianmatrix for Lafortunemodel (Equation1) is given by
thefollowing equation:

¶2Q

¶b2
= � 2

�
¶L

¶b

� T ¶L

¶b
: (6)

Thederivatives ¶L
¶b of thesinglespecularlobeLafortunemodelare

¶L=¶r d = 1 ,

¶L

¶cxy
= (cxywixwox + cxywiywoy + czwizwoz)

N� 1N(wixwox + wiywoy);

¶L

¶cz
= (cxywixwox + cxywiywoy + czwizwoz)

N� 1N(wizwoz);and

¶L

¶N
= (cxywixwox + cxywiywoy + czwizwoz)

NN �

log(cxywixwox + cxywiywoy + czwizwoz):
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