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Abstract. Themeasurementof accuratematerialpropertiesis animportantstep
towardsphotorealisticrendering. Many real-world objectsare composedof a
numberof materialsthatoftenshow subtlechangesevenwithin asinglematerial.
Thus,for photorealisticrenderingboth thegeneralsurfacepropertiesaswell as
thespatiallyvaryingeffectsof theobjectareneeded.
We presentanimage-basedmeasuringmethodthatrobustly detectsthedifferent
materialsof realobjectsand�ts anaveragebidirectionalre�ectancedistribution
function (BRDF) to eachof them. In orderto modelthe local changesaswell,
we project the measureddatafor eachsurfacepoint into a basisformedby the
recoveredBRDFsleadingto a truly spatiallyvaryingBRDF representation.
A high quality modelof a real objectcanbe generatedwith relatively few in-
put data.Thegeneratedmodelallows for renderingunderarbitraryviewing and
lighting conditionsandrealisticallyreproducestheappearanceof theoriginalob-
ject.

1 Intr oduction

The useof realistic modelsfor all componentsof imagesynthesisis a fundamental
prerequisitefor photorealisticrendering.This includesmodelsfor thegeometry, light
sources,andcameras,aswell asmaterials. As moreandmorevisual complexity is
demanded,it is more and more often infeasibleto generatethesemodelsmanually.
Automaticandsemi-automaticmethodsfor modelacquisitionarethereforebecoming
increasinglyimportant.

In this paperwe concentrateon theacquisitionof realisticmaterials.In particular,
wedescribeanacquisitionprocessfor spatiallyvaryingBRDFsthatis ef�cient, reliable,
andrequireslittle manualintervention. Othermethodsdescribedin the literature(see
Section2 for an overview) are either focusingon homogeneousmaterials,or make
assumptionson the typeof materialto bemeasured(e.g. humanfaces).In our work,
we measurespatiallyvaryingBRDFswithout makingany additionalassumptions.In
particular, our contributionsare

� arobustandef�cient BRDF�tting processthatclusterstheacquiredsamplesinto
groupsof similarmaterialsand�ts a Lafortunemodel[11] to eachgroup,

� a methodthatprojectsevery sampletexel into a basisof BRDFsobtainedfrom
theclusteringprocedure.Thisprojectionaccuratelyrepresentsthematerialatthat
point andresultsin a compactrepresentationof a truly spatiallyvaryingBRDF.

We require only a relatively small numberof high-dynamicrangephotographs
(about20-25imagesfor oneobject),therebyspeedingup theacquisitionphase.



As a resultof the �tting, clustering,andprojectionprocess,we obtaina compact
representationof spatiallyvaryingmaterialsthat is well suitedfor renderingpurposes
(seeFigure5 for anexample).Themethodworksbothfor objectsconsistingof a mix-
tureof distinctmaterials(e.g.paintandsilver, seeFigure7), or for smoothtransitions
betweenmaterialproperties.

In the following we �rst review someof thepreviouswork in this area,beforewe
discussthe detailsof our own method. We startby describingthe acquisitionof the
measurementdata(Section3), explain theresamplingof this datainto our datastruc-
tures(Section4), theBRDF�tting andmaterialclusteringsteps(Sections5 and6), and
�nally presentamethodfor projectingthematerialsinto a basisof BRDFs(Section7).
Section8 brie�y describesour renderingmethod. In Section9 we presentour results
andthenwe concludein Section10.

2 RelatedWork

Therepresentationof real-world materialshasrecentlyreceiveda lot of attentionin the
computergraphicscommunity. Theapproachescanbegroupedinto threedifferentcat-
egories:light �eld andimagedatabasemethodswith staticillumination,densesampling
of thelight andviewing directionsto generateatabularrepresentationof theBRDF, and
�nally the�tting of re�ection models,oftenbasedonasparsersetof samples.This last
approachis theonewetake andextendto spatiallyvaryingBRDFs.

In the �rst category, therehasbeena numberof approachesrangingfrom a rela-
tively sparsesetof imageswith a geometricmodel [4] over the Lumigraph[7] with
moreimagesanda coarsermodelto the light �eld [13] with no geometryanda dense
imagedatabase.Recentlysurfacelight �elds [27, 18] havebecomepopular, which fea-
turebotha densesamplingof thedirectionalinformationanda detailedgeometry. In
contrastto theseapproaches,bidirectionaltexturefunctions[1] alsowork for changes
in the lighting conditions,althoughat very high storagecosts.In our work we usean
algorithmsimilar to thefunctionquantizationapproachproposedby Woodetal. [27] to
resampletheimagedatainto a compactrepresentation.

Thetraditionalapproachfor densesamplingof re�ectancepropertiesis to usespe-
cializeddevices(goniore�ectometers),that positionboth a light sourceanda sensor
relative to thematerial.Thesedevicescanonly obtainonesamplefor eachpairof light
andsensorpositionandarethereforerelatively slow.

More recently, image-basedapproacheshave beenproposed.Thesemethodsare
ableto acquirea largenumberof samplesatonce.For example,WardLarson[25] uses
a hemisphericalmirror to sampletheexitant hemisphereof light with a singleimage.
Insteadof usingcurvedmirrors, it is alsopossibleto usecurvedgeometryto obtaina
largenumberof sampleswith a singleimage.This approachis takenby Lu et al [15],
who assumea cylindrical surface,andMarschneret al. [17] who obtainthegeometry
usinga rangescanner. Our methodis similar in spirit to the methodof Marschneret
al., but wearealsodealingwith spatiallyvaryingBRDFsandweare�tting a re�ection
modelratherthanusinga tabular form in orderto achieveacompactrepresentation.

A numberof researchershave alsodescribedthe �tting of re�ection modelsto the
acquiredsampledata[2, 11, 22, 25, 28]. Of thesemethods,the onesby Ward Lar-
son[25] andLafortuneet al. [11] do not considerspatialvariations.Satoet al. [22] �t
a Torrance-Sparrow model[24] to thedata,andconsiderhigh-frequency variationsfor
the diffusepart but only per-trianglevariationsfor the specularpart. This is alsothe
casefor thework by Yu et al. [28], whichalsotakesindirectillumination into account.
In our work, we performthemeasurementsin a darkened,blackroom,sothat thereis



no indirect light comingfrom theoutsideof theobject. Indirect light within theobject
is assumedto benegligible,whichexcludestheuseof objectswith extremeconcavities.

Debevec et al. [2] describea methodfor acquiringthe re�ectance�eld of human
faces.In onepartof theirwork they �t aspecializedre�ection modelfor humanskin to
themeasureddata(consistingof about200images).Both specularanddiffuseparam-
etersof the re�ection modelcanvary rapidly acrossthesurface,but otherparameters
like thede-saturationof thediffusecomponentat grazinganglesareconstantandonly
apply to humanskin. In our work we try to avoid makingassumptionson thekind of
materialwearemeasuring.

Several different representationhave beenusedfor �tting BRDF data. In addi-
tion to themodelsusedfor measureddata(e.g.Koenderinket al. [10], Lafortune[11],
Torrance-Sparrow [22, 28], Ward[25]), Westinetal. [26] haveusedsphericalharmonics
for projectingsimulatedBRDF data.In our work we usetheLafortunemodelbecause
it is compact,well suitedfor optimizationalgorithms,andcapableof representingin-
terestingBRDF propertiessuchasoff-specularpeaksandretro-re�ection.

3 Acquisition

Weobtainthe3D modelswith astructuredlight 3D scannerandacomputertomography
scannerbothgeneratingdensetrianglemeshes.The trianglemeshesaresmoothed[5,
9], manuallycleaned,anddecimated.

All imagesareacquiredin a measurementlab usinga professionaldigital camera.
An HMI metalhalidebulb servesaspoint light sourcefor the BRDF measurements.
The interior of the photo studio is coveredwith dark and diffusely re�ecting felt to
reducethein�uence of theenvironmenton themeasurements.

Several views of eachobjectarecapturedwith differentcameraand light source
positions. For eachview we acquirethreesetsof images:two imagesto recover the
light sourceposition,oneimageof theobject'ssilhouetteto registerthe3D modelwith
the images.We thenacquirea high dynamicrangeimage[3] of the objectlit by the
point light sourceby takingaseriesof photographswith varyingexposuretime.

In addition,a seriesof calibrationimagesof a checkerboardpatternis takenwhen-
ever the lenssettingsarechanged.Thecalibrationmethodproposedby Zhang[29] is
usedto recover the intrinsic cameraparameters.Anotherhigh dynamicrangeimage
of a graycardwith known cameraandlight positionis taken in orderto computethe
brightnessof thelight source.

To registertheimageswith the3D modelweuseasilhouette-basedmethod[12] that
yieldsthecamerapositionrelativeto theobject.Thelight sourcepositionis triangulated
basedonthere�ectionsin anumberof mirroringsteelballs.Thedetailsof thatapproach
will bedescribedelsewhere.

4 Resamplingof RadianceValues

After acquisitionof thegeometricmodel,high-dynamicrangeimagerecovery, andreg-
istration,it isnecessaryto mergetheacquireddatafor furtherprocessing.Foreachpoint
on themodel'ssurfacewe collectall availableinformationusingtwo datastructures.

The �rst oneis a so called lumitexel denotedby L , which is generatedfor every
visible surfacepoint. Eachlumitexel storesthegeometricandphotometricdataof one
point,i.e. its position~x andthenormaln̂ in world coordinates1. Linkedto thelumitexel

1hatsdenoteunit vectorsandarrows denotevectorsof arbitrarylength.



is alist of radiancesamplesR i , eachrepresentingtheoutgoingradiancer of thesurface
point capturedby oneimageplusthedirectionof thelight û andtheviewing direction
v̂. û andv̂ arebothgivenin thelocal coordinateframeof thesurfacepoint spannedby
n̂ anda deterministicallyconstructedtangentandbi-normal.

A lumitexel can be seenas a very sparselysampledBRDF. We de�ne the error
betweena givenBRDFf r anda lumitexel L as:

E f r (L ) =
1

jLj

X

R i 2L

s � I (f r (ûi ; v̂i )ui;z ; r i ) + D(f r (ûi ; v̂i )ui;z ; r i ); (1)

wherejLj standsfor thenumberof radiancesampleslinkedto thelumitexel, I (r 1; r2)
is a function measuringthe intensity difference,and D(r 1; r2) measuresthe color-
difference.We introducetheweights, to beableto compensatefor noisydata(e.g.a
slightly wrong normalresultingin a wrong highlight). We alwayssets � 1. Please
notethatsincer representsradianceandnot re�ectance,theBRDFhasto bemultiplied
by thecosinebetweenthenormalandthelocal light direction,which is uz .

4.1 AssemblingLumitexels

Collectingall radiancesamplesfor alumitexel requiresaresamplingof theinputimages
for theparticularpoint on thesurface.At �rst, onehasto determinethesetof surface
pointsfor whicha lumitexel shouldbegenerated.In orderto obtainthehighestquality
with respectto theinput images,thesamplingdensityof thesurfacepointsmustmatch
thatof theimages.

n
x

Fig. 1. Thecorrespondencebetweenpixel posi-
tion andpoint position~x on the object is com-
putedby tracing a ray throughthe imageonto
the object. At every ~x a local normaln̂ canbe
computedfrom thetriangle's vertex normals.

Every triangle of the 3D model is
projectedinto eachimageusingthepre-
viously determinedcameraparameters.
Theareaof theprojectedtriangleis mea-
sured in pixels and the triangle is as-
signedto the image I best in which its
projectedareais largest.For every pixel
within thetrianglein I best a lumitexel is
generated.

Theposition~x of thesurfacepointfor
thelumitexel is givenby theintersection
of the ray from the camerathroughthe
pixel with themesh(seeFigure1). The
normaln̂ is interpolatedusingthe trian-
gle'svertex normals.

A radiancesampleR j is now con-
structedfor eachimageI j in which~x is visiblefrom thecamerapositionandthesurface
point is lit by thepoint light source.Thevectorsûj andv̂j canbedirectly calculated.
The associatedradianceis found by projecting~x onto the imageplaneandretrieving
the color cj at that point usingbilinear interpolation. Note, that for I best no bilinear
interpolationis necessaryandcbest canbeobtainedwithout resamplingsince~x exactly
mapsto theoriginal pixel by construction.Theradiancer j of theradiancesampleR j
is obtainedby scalingcj accordingto thebrightnessof thelight sourceandthesquared
distancefrom thelight sourceto ~x.



5 BRDF Fitting

In this sectionwe will �rst detail the LafortuneBRDF model [11] that we useto �t
our givenlumitexels. Thenwe will explain how this �t is performedusingLevenberg-
Marquardtoptimization.

5.1 Lafortune Model

BRDFsarefour-dimensionalfunctionsthatdependon the local viewing andlight di-
rection. The dependenceon wavelengthis often neglectedor simply threedifferent
BRDFsareusedfor thered,green,andbluechannel.We usethelatterapproach.

Insteadof representingameasuredBRDFasa4D tablethemeasuredsamplesarein
our caseapproximatedwith a parameterizedBRDF. This hastwo advantages.Firstly,
the BRDF requiresmuch lessstoragesinceonly the parametersare storedand sec-
ondly, we only requirea sparsesetof samplesthatwould not besuf�cient to faithfully
representacompletetabularBRDF.

Many different BRDF modelshave beenproposed(e.g. [24, 25]) with different
strengthsandweaknesses.Our methodmay beusedtogetherwith any parameterized
BRDF model. We have chosenthecomputationallysimplebut generalandphysically
plausibleLafortunemodel[11] in its isotropicform:

f r (û; v̂) = � d +
X

i

[Cx;i (ux vx + uy vy ) + Cz;i uzvz ]N i ; (2)

This modelusesonly a handfulof parameters.̂u andv̂ arethelocal light andviewing
directions,� d is thediffusecomponent,N i is thespecularexponent,theratio between
Cx;i and Cz;i indicatesthe off-specularityof lobe i of the BRDF. The sign of Cx;i
makesthe lobe i either retro-re�ective (positive Cx;i ) or forward-re�ective (negative
Cx;i ). The albedoof the lobe i is givenby themagnitudeof theparametersCx;i and
Cz;i . Fromnow on we will denotethe BRDF with f r (~a; û; v̂), where~a subsumesall
theparametersof themodel,i.e. � d, Cx;i , Cz;i , andN i . In thecaseof only onelobe~a
is 12-dimensional(4 parametersfor eachcolorchannel).

5.2 Non-Linear Fitting

TheLafortuneBRDFis non-linearin its parameters,whichmeansthatwehaveto usea
non-linearoptimizationmethodto �t theparametersto thegivendata.As in theoriginal
work by Lafortuneet al. [11], we usethe Levenberg-Marquardt optimization[20] to
determinetheparametersof theLafortunemodelfrom ourmeasureddata.Thismethod
hasprovento bewell-suitedfor �tting non-linearBRDFs.

Insteadof BRDF sampleswe useradiancesamplesasour input data,which means
wearenotdirectly �tting theBRDFf r (~a; û; v̂) but theradiancevaluesf r (~a; û; v̂)uz to
theradiancesamplesR i in orderto avoid thenumericallyproblematicdivisionby uz .

Wealsoensurethatthe�tting processworkswell anddoesnotgetstuckin undesired
local minima by initializing the �tting routinewith parametersthat correspondto an
averageBRDF.

TheLevenberg-Marquardt optimizationoutputsnotonly thebest-�t parametervec-
tor ~a, but alsoa covariancematrix of the parameters,which providesa roughideaof
theparametersthatcouldnot be�t well. This informationis usedin our splitting and
clusteringalgorithm,asexplainedin thenext section.



6 Clustering

In this sectionwe will explain how we clusterthegivenlumitexelssothateachcluster
Ci correspondstoonematerialof theobject.Givenasetof BRDFsf f i g, eachclusterCi
consistsof a list of all thelumitexelsL i for which f i providesthebestapproximation.
Determiningtheseclustersis aproblemcloselyrelatedto vectorquantization[6] andk-
meansclustering[14, 16], bothof whichwork in af�ne spaces.Unfortunately,wedonot
haveanaf�ne spacewhenclusteringBRDFsamples,andwearethereforeemploying a
modi�ed Lloyd [14] iterationmethod.

Thegeneralideais to �rst �t aBRDFf r to aninitial clustercontainingall thedata.
Thenwe generatetwo new BRDF modelsf 1 andf 2 usingthecovariancematrix from
the�t (explainedin moredetailbelow) representingtwo new clusters.The lumitexels
L i from theoriginal clusterarethendistributedaccordingto thedistanceE f 1 (L i ) and
E f 2 (L i ) into the new clusters. We then recursively chooseanothercluster, split it,
andredistribute the lumitexelsandsoon. This is repeateduntil thedesirednumberof
materialsis reached,asdetailedin Section6.4.

6.1 Lumitexel Selection

The�tting proceduredescribedin Section5 performsa relatively largenumberof op-
erationsper radiancesample.Thus,it is expensive to �t a BRDF usingall lumitexels
(and all radiancesamplescontainedin the lumitexels) generatedby the assembling
procedure.Instead,it is suf�cient to consideronly a few thousandlumitexels at the
beginning.Lateron,we increasethenumberfor anaccurate�t.

A �rst, naiveapproachto choosingthissubsetfor �tting selectseveryn-th lumitexel
regardlessof its reliability or possiblecontribution. However, asstatedin [28] and[23],
for a robustestimationof thespecularpart of a BRDF it is very importantto include
radiancesampleswithin thespecularlobeof thematerial.Unfortunately, thesebrightest
pixelsstatisticallyalsocarrythelargesterror.

Following theseideasweselectmorelumitexelsin areaswhereahighlight is likely
to occur. Theseareasaredeterminedby thesurfacenormal,the light sourceposition
anda syntheticBRDFwith abroadhighlight.

6.2 Splitting

Fitting justasingleBRDFto theinitial clusterof courseisnotsuf�cient if theconcerned
objectconsistsof morethanonematerial.In orderto decidewhich clusterto split, we
computethefollowing errorfor all clustersCj :

E (Cj ) =
X

L i 2 C j

E f r (L i ) 8Cj : (3)

The clusterCj with the largesterror will be split into two new clusterseachwith a
differentBRDF. Furthermaterialscanbeextractedby furthersplitting theclusters.

But how dowesplit acluster?TheBRDF�t to aclusterrepresentstheaveragema-
terialof thelumitexelsin thatcluster. Fitting theBRDFusingtheLevenberg-Marquardt
algorithm(seeSection5) will alsoprovideuswith thecovariancematrix of theparam-
eters.Theeigenvectorbelongingto thelargesteigenvalueof this matrix representsthe
directionin whichthevarianceof thesamplesis highest,andis thereforeagoodchoice
for thedirectionin which theparameterspaceis to besplit.
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Fig. 3. The completesplitting and
reclustering algorithm including the
global reclustering,which is similar
to the recluster-�t iteration, only that
all lumitexelsaredistributedamongall
clusters.

Let ~a be the �t parametervectorof the BRDF f (~a; û; v̂) for clusterC. ~e denotes
theeigenvectorbelongingto the largesteigenvalue� of thecorrespondingcovariance
matrix. We thenconstructtwo new BRDFs:

f 1(~a + � � ~e; û; v̂) and f 2(~a � � � ~e; û; v̂); (4)

where� is ascalingfactorto adapt� to amoderatevalue.Two new clustersC1 andC2
aregeneratedby distributingevery lumitexel L i of clusterC eitherto C1 if E f 1 (L i ) <
E f 2 (L i ), or to C2 otherwise.In thenext step,f 1 andf 2 are�t to bestapproximatethe
lumitexelsin thenew clusters.

6.3 Reclustering

Becausetheparametersof theBRDF �t to a multi-materialclusterarenot necessarily
thecenterof theparametersof thecontainedmaterialsanddueto improperscalingof
� andotherreasonslikenoise,theperformedsplit will notbeoptimalandthetwo new
clustersmay not be clearly separated,e.g. in the caseof two distinct materialssome
lumitexels belongingto onematerialmay still be assignedto the clusterof the other
material.

A betterseparationcanbe achieved by iteratingthe procedureof distributing the
lumitexelsL i basedon E f 1 (L i ) andE f 2 (L i ), andthen�tting theBRDFsagain. The
iterationstopswhenthenumberof lumitexelsin thegeneratedclusterdoesnot change
any more. In our experimentsthis reclusteringoperationleadsto a clearseparationof
materialsandis doneaftereachsplit. Thesplit-recluster-�t (SRF)processis visualized
in Figure2.

Whenmorethantwo clustershave beengeneratedby successive binarysplitsand
a new materialis clearly distinguished,it is helpful to cleanthe otherclusters,which
werenot involvedin thelastsplit, from all lumitexelsbelongingto thenewly discovered
material. This can be donein a global reclusteringstepby redistributing all initial
lumitexelsL i to theclusterCj with

j = argmin
k

E f k (L i ): (5)

And again,theBRDFsof all involvedclustershave to bere�t. Thisglobalreclustering
is repeatedseveral timesto clearlyseparatethematerials.We stopthis iterationwhen
thepercentageof changeis smallerthansome� , or a maximumnumberof iterationsis
reached.Thecompletesplittingandreclusteringalgorithmis depictedin Figure3.



Fig. 4. The clusteringprocessat work. In every imagea new clusterwascreated.The object
wasreshadedusingonly thesingleBRDFs�t to eachclusterbeforetheprojectioninto a basisof
multiple BRDFs.

6.4 Termination of the Splitting Process

Westill haveto decidewhento stopthesplittingprocess.To dothiswerequiretheuser
to input the estimatednumberof materialsjM j. We stopthe splitting andclustering
processafter 2jM j � 1 clustershave beencreated.We usethis additionalnumberof
clustersto compensatefor theoftennoisyandnotabsolutelyaccurateradiancesamples
(e.g.slightly wrongnormals,noisein theimages,misregistration,etc.).

This meansthat we do not have a one to onemappingbetweenactualmaterials
andclusters.This is not crucialsincetheprojection,which we will presentin thenext
section,usesaweightedsumof severalBRDFsto accuratelyrepresenteverylumitexel.

7 Projection

As canbe seenin Figure4 the representationof an objectby a collectionof only a
few clustersandBRDFsmake thevirtual objectlook �at becauserealsurfaceexhibit
changesin there�ectivepropertiesevenwithin asinglematerial.Thesechangescannot
be representedby a single BRDF per clustersinceall lumitexels within the cluster
wouldbeassignedthesameBRDFparameters.

To obtain truly spatiallyvarying BRDFswe must �nd a speci�c BRDF for each
lumitexel. But thesparseinput datadoesnot allow to �t a reliableor evenmeaningful
BRDFto asinglelumitexelbecauseeachlumitexel consistsof only afew radiancesam-
ples. In addition,you would needto acquirea highlight in every lumitexel to reliably
determinethespecularpart,asalreadyexplainedin Section6.1.

The solutionis to projecteachlumitexel into a basisof BRDFs(seeSection7.1).
TheBRDF f � i of a lumitexel L i is representedby thelinearcombinationof m BRDFs
f 1; f 2; : : : ; f m :

f � i = t1f 1 + t2f 2 + : : : + tm f m ; (6)

with t1; t2; : : : ; tm beingpositive scalarweights. This forcesthe spaceof solutions
(i.e. thepossibleBRDFsfor a pixel) to beplausiblesincethebasisBRDFsarealready
reliably �t to a largenumberof radiancesamples.

Given the BRDFs, the weightshave to be determinedfor eachlumitexel. Let
r j =1 ::: jL i j betheradiancevaluesof thelumitexel L i . Theweightsarefoundby a least
squareoptimizationof thefollowing systemof equationsusingsingular-valuedecom-
position:

0

B
B
@

r 1

r 2

...
r jL i j

1

C
C
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0
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@

~f 1(û1 ; v̂1) ~f 2(û1 ; v̂1) � � � ~f m (û1 ; v̂1)
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1
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A ; (7)



with ~f (û; v̂) := f (û; v̂)uz . Comparedto thenon-linear�tting of BRDF modelparam-
eters(seeSection5.2), we now have a linear problemto solve with a smallerdegree
of freedomandevenmoreconstraints.Aboveequationshows only thesystemfor one
color channel,whereastheweightst i have to bethesamefor all channels.In contrast
to this,BRDFparameterswould requireadistinctsetof parametersperchannel.

The leastsquaresolutionmay containnegative valuesfor somet k . But negative
weightsmayresultin anoscillatingBRDFthatrepresentsonly thegivenradiancesam-
ple accuratelybut will produceunpredictablevaluesfor otherviewing andlight direc-
tions, we thereforeset tk to zero and computeanotherleastsquaresolution for the
remainingt's, until all t 's arepositive. This couldalsobeseenasa constrainedmini-
mizationproblem.

7.1 BasisBRDFs

Thenext questionis how to determinethesetof basisBRDFs.Sincethechangesof the
surfacepropertieswithin onematerialtendto besmall,adistinctsetof basisBRDFsis
assignedto eachcluster. Therefore,it is suf�cient to storejust thescalarweightsper
lumitexel insteadof thefull setof BRDFparameters.

Findingtheoptimalsetof BRDFsf 1; f 2; : : : ; f m , thatminimizestheerror

E � (C) =
1

jCj

X

L i 2 C

E f � i (L i ) (8)

for a clusterC, wheref � i denotesthe leastsquareprojectionof the lumitexel L i as
de�ned in Equation6, is a problemof principal function analysis(PFA) (see[27]).
Principal function analysisis closely relatedto principal componentanalysis(PCA)
with the importantdifferencethat functionsf m areoptimizedinsteadof vectors.Un-
fortunately, thePFA doesnot reduceto a simpleeigenvalueproblemasPCA does.To
minimizeE � (C), we againperforma leastsquareoptimizationusingtheLevenberg-
Marquardtmethod,this time �tting m BRDFssimultaneously. Within eachiteration
werecomputetheprojectionf � i of lumitexel L i into thecurrentlyestimatedbasis.

As for everyoptimizationproblemtheinitial parameters(BRDFs)arequiteimpor-
tant.For agivenclusterC, we usethefollowing BRDFsasabasis:

� f C , theBRDF�t to theclusterC,
� theBRDFsof spatiallyneighboringclustersto matchlumitexelsatclusterbound-

aries,
� theBRDFsof similar clusterswith respectto thematerial,
� andtwo BRDFsbasedonf C , onewith slightly increasedandonewith decreased

diffusecomponent� d andexponentN .

In our experimentsit turnedout that this initial basistogetherwith the projection
alreadyproducesverygoodresultswith smallerrors.In mostcasesthePFA computed
almostnegligible changesto the initial BRDFs. This is to be expectedbecausethe
initially chosenbasisconstructedthroughsplittingandclusteringalreadyapproximates
thematerialpropertiesquitewell.

8 Rendering

As explainedin Section4.1 we know the positionof every lumitexel, aswell as the
triangleit belongsto andthe2D coordinateswithin thattriangle.



model T V L R C B 1-RMS C-RMS P-RMS F-RMS
angels 47000 27 1606223 7.6 9 6 .2953 .1163 .1113 .1111
bird 14000 25 1917043 6.3 5 4 .1513 .0627 .0387 .0387
bust 50000 16 3627404 4.2 3 4 .1025 .0839 .0583 .0581

Table 1. This table lists the numberof triangles(T) of eachmodel, the numberof views (V)
we usedto reconstructthespatiallyvaryingBRDFs,thenumberof acquiredlumitexels (L) and
the averagenumberof radiancesamples(R) per lumitexel, the numberof partitionedmaterial
clusters(C), the numberof basisBRDFs (B) per cluster, the RMS error for a single average
BRDF (1-RMS),theRMS errorwhenusingper-clusterBRDFs,theRMS errorafterprojecting
every lumitexel into thebasisof BRDFs,and�nally theRMSerrorafterdoingaPFA onthebasis
BRDFsandprojectingevery lumitexel into thenew basis.

This informationcanthenbeusedto generatean index texture for the full object.
For every texel, that texture containsan index to the clusterit belongsto. Thenwe
generatea weight texturemapfor every clusterthat storesthe weightsresultingfrom
the projectioninto the basisBRDFs. The parametersfor the basisBRDFs of every
clusterarestoredin a smalltable.

Raytracingsuchan object is very simple,sincefor every point on the object that
is raytracedwe cansimply look up theclusterthe texel belongsto. Thenwe evaluate
the basisBRDFsfor the local light andviewing directionandcomputethe weighted
sumusingtheweight texturemap. Sorenderingbasicallyreducesto evaluatinga few
BRDFsper pixel. Anotherbig advantageof this representationis that mip-mapping
caneasilybe used. Sincethe weightedsumis just a linear operation,the weightsof
neighboringtexelscansimplybeaveragedto generatethenext coarsermip-maplevel.

If the original imagesareof high resolutionandhencetheobjectis sampledvery
densely, point samplerenderingusing forward projection is a viable alternative. It
completelyavoids the generationof texture mapsandthe resultingdatacanbe used
with almostno furtherprocessing.This methodis usedto displayour results.

9 Results

Weappliedouralgorithmto threedifferentobjectsconsistingof differentmaterialswith
varyingre�ection propertiesin boththediffuseandthespecularpart.Themodelof the
angelswasgeneratedby extractinganisosurfaceof a computertomographyscan.The
geometryof all othermodelswascapturedusinga structuredlight 3D scanner. Some
statisticsabout the meshesand the numberof acquiredviews are listed in Table 1.
Acquisitionof 20 views (eachneedingabout15 photographs)takesapprox.2.5h. The
high dynamicrangeconversionandtheregistrationwith the3D modeltakesabout5h
but is a completelyautomatedtask.Theclusteringandthe�nal projectiontakesabout
1.5h.

In Figure4 youcanseehow � vesuccessivesplit operationspartitionthelumitexels
of thebird into its � ve materials.Thesplitswereperformedasdescribedin Section6.
Only theper-clusterBRDFsdeterminedby theclusteringprocessareusedfor shading,
makingtheobjectlook rather�at. After performingtheprojectionstepevery lumitexel
is representedin a basisof four BRDFs,now resultingin a muchmoredetailedand
realisticappearance,seeFigure6.

Thebust in Figure5 shows anotherreconstructedobjectwith very differentre�ec-
tion properties.Thebronzelook is verywell captured.

In Figure7 you canseea comparisonbetweenanobjectrenderedwith anacquired
BRDF (usingtheprojectionmethod)anda photographof theobject. You canseethat



they are very similar, but differencescan be seenin highlights and in placeswhere
notenoughradiancesampleswerecaptured.Capturingmoresampleswill increasethe
quality. Thedifferencein thehair region is dueto missingdetail in thetrianglemesh.

Anotherdifferenceis due to the fact that the diffusecolor of one lumitexel may
not berepresentedin any of theconstructedclustersbecausethenumberof lumitexels
belongingto thesamematerialcanbe sosmall that they nearlyvanishin themassof
lumitexels of the clusterthey arecurrentlyassignedto. This effect canfor example
be observed at the mouthof the larger angelwhich in reality exhibits a much more
saturatedred,seeFigure7.

In Table 1 we list RMS errorscomputedbetweenall the radiancesamplesof a
modelandthereconstructedBRDFs.Youcanseethattheerrorconsiderablydecreases
whengoingfrom oneaverageBRDFto per-clusterBRDFsandthento per-pixelBRDFs
(usingprojection).As alreadymentionedthePFA only slightly changestheRMSerror.

Generallyit canbesaidthat for all themodelsonly a few clusterswereneededto
accuratelyrepresentall thematerialssincetheprojectiontakescareof materialchanges.
In ourexperimentsevenLafortuneBRDFsconsistingof asinglelobeweresuf�cient to
form goodbasesfor theclusteringandprojection.

The projectionmethodalsocompensatesfor imprecisenormals,andhenceno re-
�tting of thenormalsis needed.Using exactly reconstructednormalsfor exampleby
applyinga shape-from-shadingapproachsuchastheoneby Rushmeieret al. [21] may
yield evenbetterresults.

Dueto thelack of a testobjectthathada singlebasecolor but varyingspecularity,
we experimentedwith arti�cially generateddata. The testsprovedthatour clustering
algorithmis alsoableto clearlydistinguishmaterialsthathave thesamecolor but dif-
ferentspecularity, evenwhennoisewasintroducedin thedata.

10 Conclusionsand Future Work

We have presentedanalgorithmanddemonstrateda systemfor reconstructinga high-
quality spatiallyvaryingBRDF from complex solid objectsusingonly a smallnumber
of images.This allows for accuratelyshaded,photorealisticrenderingof theseobjects
from new viewpointsandunderarbitrarylighting conditions.

Theoutputof ouralgorithmalsoallows to modify theobject'sgeometrywhile pre-
servingmaterialproperties,sincethe�tted BRDFsarerepresentedon a per-texel basis
anddonot changewith thegeometry.

Both thenumberof input views requiredby our algorithmandthesizeof theout-
put data(� 25MB) arevery small comparedto previous approachesfor representing
real-world objects,like surfacelight �elds or re�ection �elds which neededup to 600
images[27].

We have demonstratedthe quality and accuracy of our approach,by applying it
to differentobjects. The resultingspatially varying BRDFs accuratelyrepresentthe
originalmaterials.

Until now interre�ectionswithin theobjectarenotconsidered,but it shouldbeeasy
to remove the effectsof interre�ectionsby simulatingsecondaryre�ection using the
resultsobtainedby thepresentedalgorithm,or e.g.usingtechniquesfrom [19].

We also want to investigatethe possibility to do hardwareacceleratedrendering
with thespatiallyvaryingBRDFs. Sinceour datacanbe representedastexturemaps
andtheLafortunemodelis computationallyfairly simple,thisshouldbeeasilypossible,
e.g.usingtechniquesfrom [8] or from [27].
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Fig. 5. A bronzebustrenderedwith aspa-
tially varyingBRDF, which wasacquired
with our reconstructionmethod.

Fig. 6. This image shows the bird with the
spatiallyvarying BRDF determinedby projecting
eachlumitexel into a basisof BRDFs. Note the
subtlechangesof thematerialsmakingtheobject
look realistic.

Fig. 7. Left side: Photographof model. Right side: Model with acquiredBRDF renderedfrom
thesameview with similar lighting direction.Thedifferencein thehair region is dueto missing
detail in thetrianglemesh.


