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Abstract. Themeasuremertf accuratenaterialpropertiess animportantstep
towards photorealisticrendering. Marny real-world objectsare composedf a
numberof materialghatoftenshav subtlechangegvenwithin asinglematerial.
Thus, for photorealisticenderingboth the generalsurfacepropertiesaswell as
the spatiallyvarying effectsof the objectareneeded.

We presentanimage-basedheasuringnethodthatrobustly detectghe different
materialsof real objectsand ts anaveragebidirectionalre ectancedistribution
function (BRDF) to eachof them. In orderto modelthe local changesaswell,
we projectthe measurediatafor eachsurfacepointinto a basisformedby the
recoreredBRDFsleadingto atruly spatiallyvarying BRDF representation.

A high quality model of a real objectcanbe generatedvith relatively few in-
put data. The generateanodelallows for renderingunderarbitraryviewing and
lighting conditionsandrealisticallyreproduceshe appearancef the original ob-
ject.

1 Intr oduction

The useof realistic modelsfor all componentf image synthesisis a fundamental
prerequisiteor photorealistiaendering. This includesmodelsfor the geometrylight
sourcesand camerasaswell as materials. As more and more visual compleity is
demandedit is more and more often infeasibleto generatehesemodelsmanually
Automaticandsemi-automatienethodsfor modelacquisitionarethereforebecoming
increasinglyimportant.

In this paperwe concentrat®n the acquisitionof realisticmaterials.In particular
wedescribeanacquisitionprocesdgor spatiallyvaryingBRDFsthatis ef cient, reliable,
andrequireslittle manualintervention. Othermethodsdescribedn the literature(see
Section2 for an overview) are either focusingon homogeneousnaterials,or make
assumption®n the type of materialto be measurede.g. humanfaces).In our work,
we measurespatially varying BRDFswithout makingary additionalassumptionsin
particular our contritutionsare

arobustandef cient BRDF tting procesghatclustersgheacquiredsamplesnto
groupsof similar materialsand ts a Lafortunemodel[11] to eachgroup,

a methodthat projectsevery sampletexel into a basisof BRDFsobtainedfrom
theclusteringprocedureThis projectionaccuratelyepresentthematerialatthat
pointandresultsin acompactepresentatioof atruly spatiallyvaryingBRDFE

We require only a relatively small numberof high-dynamicrange photographs
(about20-25imagedfor oneobject),therebyspeedingip the acquisitionphase.



As aresultof the tting, clustering,andprojectionprocesswe obtaina compact
representationf spatiallyvarying materialsthatis well suitedfor renderingpurposes
(seeFigure5 for anexample). The methodworks both for objectsconsistingof a mix-
ture of distinctmaterials(e.g.paintandsilver, seeFigure7), or for smoothtransitions
betweermaterialproperties.

In thefollowing we rst review someof the previouswork in this area,beforewe
discussthe detailsof our own method. We startby describingthe acquisitionof the
measuremendata(Section3), explain the resamplingof this datainto our datastruc-
tures(Sectiond), theBRDF tting andmaterialclusteringstepgSections and6), and

nally presentamethodfor projectingthe materialsinto a basisof BRDFs(Section7).
Section8 brie y describesour renderingmethod. In Section9 we presentur results
andthenwe concludein Sectionl10.

2 RelatedWork

Therepresentationf real-world materialshasrecentlyrecevedalot of attentionin the
computergraphicscommunity Theapproachesanbegroupednto threedifferentcat-
egories:light eld andimagedatabasenethodswith staticillumination,densesampling
of thelight andviewing directionsto generatatahular representationf theBRDF, and
nally the tting of re ection models oftenbasednasparsesetof samplesThislast
approachs theonewe take andextendto spatiallyvaryingBRDFs.

In the rst cateyory, therehasbeena numberof approachesangingfrom arela-
tively sparsesetof imageswith a geometricmodel[4] over the Lumigraph[7] with
moreimagesanda coarsemmodelto thelight eld [13] with no geometryanda dense
imagedatabaseRecentlysurfacelight elds [27, 18] have becomepopular which fea-
ture both a densesamplingof the directionalinformationanda detailedgeometry In
contrastto theseapproachegsidirectionaltexture functions[1] alsowork for changes
in thelighting conditions,althoughat very high storagecosts. In our work we usean
algorithmsimilar to thefunctionquantizatiorapproactproposedy Woodetal. [27] to
resampléheimagedatainto a compactrepresentation.

Thetraditionalapproactor densesamplingof re ectancepropertiess to usespe-
cialized devices (goniore ectometers)that position both a light sourceand a sensor
relative to the material. Thesedevicescanonly obtainonesamplefor eachpair of light
andsensompositionandarethereforerelatively slow.

More recently image-base@dpproachefave beenproposed. Thesemethodsare
ableto acquirealargenumberof samplesat once.For example,WardLarson[25] uses
a hemisphericamirror to samplethe exitant hemispheref light with a singleimage.
Insteadof usingcurved mirrors, it is alsopossibleto usecurved geometryto obtaina
large numberof sampleswith a singleimage. This approachis takenby Lu et al [15],
who assumea cylindrical surface,andMarschneret al. [17] who obtainthe geometry
usinga rangescanner Our methodis similar in spirit to the methodof Marschneret
al., but we arealsodealingwith spatiallyvaryingBRDFsandwe are tting are ection
modelratherthanusingatakular form in orderto achieve acompactepresentation.

A numberof researcherbave alsodescribedhe tting of re ection modelsto the
acquiredsampledata[2, 11, 22, 25, 28]. Of thesemethods,the onesby Ward Lar-
son[25] andLafortuneetal. [11] do not considerspatialvariations.Satoetal. [22] t
a Torrance-Sparn model[24] to the data,andconsidethigh-frequenyg variationsfor
the diffuse part but only pertriangle variationsfor the specularmpart. This is alsothe
casefor thework by Yu etal. [28], which alsotakesindirectillumination into account.
In our work, we performthe measurements a darkened blackroom, sothatthereis



no indirectlight comingfrom the outsideof the object. Indirectlight within the object
is assumedo benggligible, which excludesthe useof objectswith extremeconcaities.

Deberecet al. [2] describea methodfor acquiringthe re ectance eld of human
faces.n onepartof theirwork they t aspecializede ection modelfor humanskinto
themeasuredlata(consistingof about200images).Both specularmanddiffuseparam-
etersof there ection modelcanvary rapidly acrossthe surface,but otherparameters
like the de-saturatiorof the diffusecomponentt grazinganglesareconstantandonly
applyto humanskin. In our work we try to avoid makingassumption®n the kind of
materialwe aremeasuring.

Several differentrepresentatiomave beenusedfor tting BRDF data. In addi-
tion to the modelsusedfor measuredlata(e.g.Koenderinket al. [10], Lafortune[11],
Torrance-Sparmw [22, 28], Ward[25]), Westinetal. [26] have usedsphericaharmonics
for projectingsimulatedBRDF data.In ourwork we usethe Lafortunemodelbecause
it is compactwell suitedfor optimizationalgorithms,and capableof representingn-
terestingBRDF propertiessuchasoff-speculapeaksandretro-re ection.

3 Acquisition

We obtainthe3D modelswith astructuredight 3D scanneandacomputetomography
scanneiboth generatinglenserianglemeshes.The trianglemeshesaresmoothed5,
9], manuallycleanedanddecimated.

All imagesareacquiredin a measuremenab usinga professionatligital camera.
An HMI metalhalide bulb senesaspoint light sourcefor the BRDF measurements.
The interior of the photo studiois coveredwith dark and diffusely re ecting felt to
reducethein uence of the ervironmenton the measurements.

Several views of eachobjectare capturedwith differentcameraandlight source
positions. For eachview we acquirethreesetsof images:two imagesto recover the
light sourceposition,oneimageof the object’s silhouetteto registerthe 3D modelwith
theimages. We thenacquirea high dynamicrangeimage|[3] of the objectlit by the
pointlight sourceby taking a seriesof photographsvith varyingexposuretime.

In addition,a seriesof calibrationimagesof a checlerboardpatternis takenwhen-
ever thelenssettingsarechanged.The calibrationmethodproposedy Zhang[29] is
usedto recover the intrinsic cameraparameters. Anotherhigh dynamicrangeimage
of agray cardwith known cameraandlight positionis takenin orderto computethe
brightnesf thelight source.

To registertheimageswith the3D modelwe useasilhouette-basethethod12] that
yieldsthecamergositionrelative to theobject. Thelight sourcepositionis triangulated
baseddnthere ectionsin anumberof mirroring steelballs. Thedetailsof thatapproach
will bedescribectlsavhere.

4 Resamplingof RadianceValues

After acquisitionof thegeometrianodel,high-dynamiaangeimagerecovery, andreg-
istration,it is necessaryo memgetheacquireddatafor furtherprocessingFor eachpoint
onthemodel's surfacewe collectall availableinformationusingtwo datastructures.
The rst oneis a so calledlumitexel denotedby L, which is generatedor every
visible surfacepoint. Eachlumitexel storesthe geometricandphotometricdataof one
point,i.e. its positionx andthenormaln in world coordinates. Linkedto thelumitexel

Ihatsdenoteunit vectorsandarrons denotevectorsof arbitrarylength.



is alist of radiancesamples®R j, eachrepresentingheoutgoingradiance of thesurface
point capturedby oneimageplusthedirectionof thelight & andthe viewing direction
¢. 0 and® arebothgivenin thelocal coordinateframeof the surfacepoint spannedy
N anda deterministicallyconstructedangentandbi-normal.
A lumitexel can be seenas a very sparselysampledBRDF. We de ne the error
betweeragivenBRDFf, andalumitexelL as:
1 X

E¢ (L) =
£, (L) i

S H(fr (%) uiz i) + D (Fr (05 9)uiz i11); (1)
R;2L

wherejLj standsfor the numberof radiancesampledinkedto thelumitexel, | (r1;r2)
is a function measuringthe intensity difference,and D (r1;r,) measureghe color-
difference.We introducethe weights, to be ableto compensatéor noisy data(e.g.a
slightly wrong normalresultingin a wrong highlight). We alwayssets 1. Please
notethatsincer representsadianceandnotre ectance the BRDF hasto bemultiplied
by the cosinebetweerthe normalandthelocal light direction,whichis u,.

4.1 AssemblingLumitexels

Collectingall radiancesamplegor alumitexelrequiresaresamplingf theinputimages
for the particularpoint on the surface. At rst, onehasto determinethe setof surface
pointsfor which alumitexel shouldbe generatedin orderto obtainthe highestquality
with respecto theinputimagesthe samplingdensityof the surfacepointsmustmatch
thatof theimages.

Every triangle of the 3D model is
projectedinto eachimageusingthe pre-
viously determinedcameraparameters.
Theareaof theprojectedriangleis mea-
suredin pixels and the triangle is as-
signedto the image | pest in which its
projectedareais largest. For every pixel
within thetrianglein | pest @ lumitexelis
generated.

Thepositionx of thesurfacepointfor
thelumitexel is givenby theintersection Fig. 1. The correspondencketweerpixel posi-
of the ray from the camerathroughthe tion andpoint positionx on the objectis com-
pixel with the mesh(seeFigure1). The putedby tracinga ray throughthe imageonto

normaln is interpolatedusingthe trian- the object. At everyx a local normalfi canbe
gle'svertex normals computedrom thetriangle’s vertex normals.

A radiancesampleR; is now con-
structedor eachimagel ; in whichx is visible from thecamergpositionandthesurface
pointis lit by the pointlight source.The vectorst; and®; canbedirectly calculated.
The associatedadianceis found by projectingx onto the imageplaneandretrieving
the color ¢; at that point using bilinear interpolation. Note, thatfor | pes; N0 bilinear
interpolationis necessargndcyes: canbe obtainedwithoutresamplingsincex exactly
mapsto the original pixel by construction.Theradiancer;j of theradiancesampleR;
is obtainedby scalingc; accordingto thebrightnessof thelight sourceandthe squared
distancegrom thelight sourceto *.




5 BRDF Fitting

In this sectionwe will rst detail the LafortuneBRDF model[11] thatwe useto t
our givenlumitexels. Thenwe will explain how this t is performedusingLevenbeg-
Marquardtoptimization.

5.1 Lafortune Model

BRDFsarefour-dimensionafunctionsthat dependon the local viewing andlight di-
rection. The dependencen wavelengthis often neglectedor simply threedifferent
BRDFsareusedfor thered,greenandbluechannel We usethelatterapproach.

Insteadof representingmeasure@RDF asa4D tablethemeasuredamplesrein
our caseapproximatedvith a parameterize@RDF This hastwo adwvantages Firstly,
the BRDF requiresmuch less storagesince only the parametersare storedand sec-
ondly, we only requirea sparsesetof sampleghatwould not be sufcient to faithfully
represena completetabular BRDF

Many different BRDF modelshave beenproposed(e.g.[24, 25]) with different
strengthsandweaknessesOur methodmay be usedtogetherwith ary parameterized
BRDF model. We have choserthe computationallysimplebut generalandphysically
plausibleLafortunemodel[11] in its isotropicform:

X

fr(00)= g+  [Cxi(UxVx + UyVy) + Cgiu v Vi 2)

This modelusesonly a handfulof parameterst and¥ arethelocal light andviewing
directions, 4 is thediffusecomponentN; is the specularexponenttheratio between
Cxi andC;; indicatesthe off-specularityof lobei of the BRDFE The sign of Cy;
makesthe lobei eitherretro-re ective (positive Cy;i ) or forward-re ective (negative
Cxi )- Thealbedoof thelobei is givenby the magnitudeof the parameter€,; and
C;.i. Fromnow on we will denotethe BRDF with f, (&; 0; ¥), wherea subsumeslll
theparametersf themodel,i.e. 4, Cxi, C.:i, andN;j. In the caseof only onelobea
is 12-dimensiona{4 parameterfor eachcolor channel).

5.2 Non-Linear Fitting

TheLafortuneBRDFis non-lineatin its parametersyhich meanghatwe have to usea
non-linearoptimizationmethocdto t theparameterto thegivendata.As in theoriginal
work by Lafortuneet al. [11], we usethe Levenbeg-Marquadt optimization[20] to
determingheparametersf theLafortunemodelfrom our measuredlata. This method
hasprovento bewell-suitedfor tting non-lineaBRDFs.

Insteadof BRDF samplesve useradiancesamplesasour input data,which means
we arenotdirectly tting theBRDFf, (&; 0; ¥) but theradiancevaluesf ; (a; 0; ¥)u; to
theradiancesamplesR; in orderto avoid the numericallyproblematiadivision by u,.

Wealsoensurdhatthe tting processvorkswell anddoesnotgetstuckin undesired
local minima by initializing the tting routinewith parametersghat correspondo an
averageBRDFE

TheLevenbeg-Marquard optimizationoutputsnot only thebest- t parametevec-
tor 4, but alsoa covariancematrix of the parametersywhich providesa roughideaof
the parametershatcouldnotbe t well. Thisinformationis usedin our splitting and
clusteringalgorithm,asexplainedin the next section.



6 Clustering

In this sectionwe will explain how we clusterthe givenlumitexels sothateachcluster
C; corresponds onematerialof theobject. Givenasetof BRDFsf f ; g, eachclusterC;
consistsof alist of all thelumitexelsL; for whichf; providesthe bestapproximation.
Determiningtheseclusterds aproblemcloselyrelatedto vectorquantizatiorj6] andk-
meanglustering14, 16], bothof whichworkin af ne spacesUnfortunatelywedonot
have anaf ne spacavhenclusteringBRDF samplesandwe arethereforeemploying a
modi ed Lloyd [14] iterationmethod.

Thegeneraldeaisto rst t aBRDFf, to aninitial clustercontainingall thedata.
Thenwe generateawo nev BRDF modelsf ; andf , usingthe covariancematrix from
the t (explainedin moredetail below) representingwo new clusters.The lumitexels
L; from the original clusterarethendistributedaccordingto the distanceE;, (L) and
E:,(L;) into the new clusters. We thenrecursvely chooseanothercluster split it,
andredistritute the lumitexelsandsoon. This is repeatedintil the desirednumberof
materialds reachedasdetailedin Section6.4.

6.1 Lumitexel Selection

The tting proceduredescribedn Section5 performsa relatively large numberof op-
erationsperradiancesample.Thus,it is expensiveto t a BRDF usingall lumitexels
(and all radiancesamplescontainedin the lumitexels) generatediy the assembling
procedure.Instead,it is sufcient to consideronly a few thousandumitexels at the
beginning. Lateron, weincreasehe numberfor anaccuratet.

A rst, naiveapproacho choosinghissubsefor tting selectsveryn-th lumitexel
regardles®f its reliability or possiblecontribution. However, asstatedn [28] and[23],
for arobustestimationof the speculampartof a BRDF it is very importantto include
radiancesamplesvithin thespeculatobeof thematerial.Unfortunatelythesebrightest
pixelsstatisticallyalsocarrythelargesterror.

Following theseideaswe selectmorelumitexelsin areasvherea highlightis likely
to occur Theseareasaredeterminedoy the surfacenormal, the light sourceposition
anda syntheticBRDF with a broadhighlight.

6.2 Splitting

Fitting justasingleBRDFto theinitial clusterof coursds notsufcient if theconcerned
objectconsistsof morethanonematerial. In orderto decidewhich clusterto split, we
computethefollowing errorfor all clustersC; :

X
E(G)) = Ef, (Li) 8Cj: 3)
Li2¢C;

The clusterC; with the largesterror will be split into two new clusterseachwith a
differentBRDF. Furthermaterialscanbe extractedby furthersplitting the clusters.

But how dowe split acluster?TheBRDF t to aclusterrepresenttheaveragema-
terial of thelumitexelsin thatcluster Fitting theBRDF usingthe Levenbeg-Marquardt
algorithm(seeSection5) will alsoprovide uswith the covariancematrix of the param-
eters.The eigervectorbelongingto the largesteigervalueof this matrix representshe
directionin which thevarianceof the sampless highest,andis thereforea goodchoice
for thedirectionin which the parametespacas to be split.
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Fig. 2. Split-reclustert processSRF). The initial
BRDF is split into two new BRDFsusingthe covari-
ancematrix. The lumitexels from the initial clus-
ter are distributed accordingto their distanceto the
BRDFs. Thenwe t the BRDF againto eachnewv
cluster We now iteratethereclusteringand tting un-
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Fig. 3. The complete splitting and
reclustering algorithm including the
global reclustering, which is similar
to the reclustert iteration, only that
all lumitexelsaredistributedamongall
clusters.

til theresultingBRDFsandclusterhave corverged.

Leta bethe t parameterectorof the BRDFf (a; ¢; %) for clusterC. e denotes
the eigervectorbelongingto the largesteigervalue of the correspondingovariance
matrix. We thenconstructwo new BRDFs:

€0;0) and f,(a e 0;0); (4)

where isascalingfactorto adapt toamoderatevalue. Two new clustersC; andC,
aregeneratedy distributing every lumitexel L; of clusterC eitherto C; if E¢, (L) <

E¢,(Li), orto C, otherwise.In thenext step,f; andf, are t to bestapproximatehe
lumitexelsin the new clusters.

f 1(ii'+

6.3 Reclustering

Becausdhe parametersf theBRDF t to a multi-materialclusterarenot necessarily
the centerof the parametersf the containedmaterialsanddueto improperscalingof

andotherreasondik e noise,the performedsplit will notbe optimalandthetwo new
clustersmay not be clearly separatede.g.in the caseof two distinct materialssome
lumitexels belongingto one materialmay still be assignedo the clusterof the other
material.

A betterseparatiorcan be achiesed by iteratingthe procedureof distributing the
lumitexelsL; basedon E¢, (L) andEs,(L;), andthen tting the BRDFsagain. The
iterationstopswhenthe numberof lumitexelsin the generatealusterdoesnot change
ary more. In our experimentghis reclusteringoperationleadsto a clearseparatiorof
materialsandis doneaftereachsplit. Thesplit-reclustert (SRF)processs visualized
in Figure?2.

Whenmorethantwo clustershave beengeneratedy successie binary splits and
a new materialis clearly distinguishedit is helpful to cleanthe otherclusters,which
werenotinvolvedin thelastsplit, from all lumitexelsbelongingto thenewly discovered
material. This canbe donein a global reclusteringstep by redistrituting all initial
lumitexelsL; to theclusterC; with

()

And again,the BRDFsof all involvedclustershaveto bere t. Thisglobalreclustering
is repeatedseveral timesto clearly separatéhe materials.We stopthis iterationwhen
thepercentagef changds smallerthansome , or amaximumnumberof iterationsis
reachedThecompletesplitting andreclusteringalgorithmis depictedn Figure3.

j = argkmin Ef, (Li):



Fig. 4. The clusteringprocessat work. In every imagea new clusterwas created. The object
wasreshadedisingonly thesingleBRDFs t to eachclusterbeforethe projectioninto a basisof
multiple BRDFs.

6.4 Termination of the Splitting Process

We still haveto decidewhento stopthesplitting processTo dothiswe requiretheuser
to input the estimatechumberof materialsiM j. We stopthe splitting and clustering
processafter2jM | 1 clustershave beencreated.We usethis additionalnumberof
clusterso compensatéor theoftennoisyandnotabsolutelyaccurateadiancesamples
(e.g.slightly wrongnormals noisein theimagesmisregistration,etc.).

This meansthat we do not have a one to one mappingbetweenactualmaterials
andclusters.Thisis not crucial sincethe projection,which we will presenin the next
sectionusesaweightedsumof severalBRDFsto accuratelyrepresenevery lumitexel.

7 Projection

As canbe seenin Figure 4 the representatiomf an objectby a collectionof only a
few clustersandBRDFsmake thevirtual objectlook at becauseeal surfaceexhibit
changesn there ective propertiesevenwithin asinglematerial. Thesechangegannot
be representedy a single BRDF per clustersinceall lumitexels within the cluster
would beassignedhe sameBRDF parameters.

To obtaintruly spatially varying BRDFswe must nd a speci ¢ BRDF for each
lumitexel. But the sparsanput datadoesnot allow to t areliableor even meaningful
BRDFto asinglelumitexel becauseachlumitexel consistof only afew radiancesam-
ples. In addition,you would needto acquirea highlightin every lumitexel to reliably
determinghe speculapart,asalreadyexplainedin Section6.1.

The solutionis to projecteachlumitexel into a basisof BRDFs(seeSection7.1).
TheBRDFf ; of alumitexelL; is representely thelinearcombinationof m BRDFs
foiforiiiifm

fi=tifo+tofo+ ittt tnfm; (6)

with t1;t2;::: ;tm being positive scalarweights. This forcesthe spaceof solutions
(i.e.thepossibleBRDFsfor a pixel) to be plausiblesincethe basisBRDFsarealready
reliably t to alargenumberof radiancesamples.

Given the BRDFs, the weights have to be determinedfor eachlumitexel. Let
ri-1.:jL,j betheradiancevaluesof thelumitexel L;. Theweightsarefoundby aleast
squareoptimizationof the following systemof equationausingsingularvaluedecom-
position:

0
0 rl fi(01;01)  F3(01;01) fin (01;01)
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with f{0;9) := f (0; ¢¥)u,. Comparedo thenon-linear tting of BRDF modelparam-
eters(seeSection5.2), we now have a linear problemto solve with a smallerdegree
of freedomandeven moreconstraints Above equationshavs only the systemfor one
color channelwhereaghe weightst; have to bethe samefor all channelsin contrast
to this, BRDF parametersvould requirea distinctsetof parameterperchannel.

The leastsquaresolution may containnegative valuesfor somety. But negative
weightsmayresultin anoscillatingBRDF thatrepresentsnly the givenradiancesam-
ple accuratelybut will produceunpredictablesaluesfor otherviewing andlight direc-
tions, we thereforesetty to zeroand computeanotherleastsquaresolution for the
remainingt's, until all t's arepositive. This could alsobe seenasa constrainednini-
mizationproblem.

7.1 BasisBRDFs

Thenext questionis how to determinghesetof basisBRDFs. Sincethechange®f the
surfacepropertiesvithin onematerialtendto be small,a distinctsetof basisBRDFsis
assignedo eachcluster Therefore,it is sufcient to storejust the scalarweightsper
lumitexel insteadof thefull setof BRDF parameters.
Findingtheoptimalsetof BRDFsf 1;f,;::: ;fy, thatminimizestheerror
X
E©= = E (L) ®
JCJ Li2C

for a clusterC, wheref ; denoteghe leastsquareprojectionof the lumitexel L; 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 ,, areoptimizedinsteadof vectors.Un-
fortunately the PFA doesnotreduceto a simpleeigervalueproblemasPCA does.To
minimize E (C), we againperforma leastsquareoptimizationusingthe Levenbeg-
Marquardtmethod,this time tting m BRDFssimultaneously Within eachiteration
we recomputehe projectionf ; of lumitexel L; into thecurrentlyestimatedasis.

As for every optimizationproblemtheinitial parameter¢BRDFs)arequiteimpor-
tant. For agivenclusterC, we usethefollowing BRDFsasabasis:

fc,theBRDF t totheclusterC,

theBRDFsof spatiallyneighboringclusterdo matchlumitexelsatclusterbound-
aries,

the BRDFsof similar clusterswith respecto the material,

andtwo BRDFsbasednf ¢, onewith slightly increasedndonewith decreased
diffusecomponent 4 andexponentN .

In our experimentsit turnedout that this initial basistogetherwith the projection
alreadyproducesvery goodresultswith smallerrors.In mostcaseshe PFA computed
almostnggligible changego the initial BRDFs. This is to be expectedbecausehe
initially choserbasisconstructedhroughsplittingandclusteringalreadyapproximates
thematerialpropertiegquite well.

8 Rendering

As explainedin Section4.1 we know the position of every lumitexel, aswell asthe
triangleit belongsto andthe 2D coordinatesvithin thattriangle.



[model [ T V] L] R]C[B]IRMS] CRMS] P-RMS ] F-RMS |
angels| 47000 | 27 | 1606223 7.6 9| 6 | .2953| .1163| .1113| .1111
bird | 14000 | 25 | 1017043| 6.3 | 5 | 4 | .1513| .0627| .0387| .0387
bust | 50000 | 16 | 3627404] 4.2 | 3 | 4 | .1025| .0839| 0583 .0581

Table 1. This tablelists the numberof triangles(T) of eachmodel, the numberof views (V)
we usedto reconstructhe spatially varying BRDFs, the numberof 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), the RMS errorwhenusingperclusterBRDFs, the RMS error after projecting
every lumitexel into thebasisof BRDFs,and nally theRMS errorafterdoinga PFA onthebasis
BRDFsandprojectingevery lumitexel into the new basis.

This informationcanthenbe usedto generatean index texture for the full object.
For every texel, that texture containsan index to the clusterit belongsto. Thenwe
generatea weighttexture mapfor every clusterthat storesthe weightsresultingfrom
the projectioninto the basisBRDFs. The parametergor the basisBRDFs of every
clusterarestoredin asmalltable.

Raytracingsuchan objectis very simple, sincefor every point on the objectthat
is raytracedwe cansimply look up the clusterthe texel belongsto. Thenwe evaluate
the basisBRDFsfor the local light andviewing directionand computethe weighted
sumusingthe weighttexture map. Sorenderingbasicallyreducedo evaluatinga few
BRDFs per pixel. Anotherbig advantageof this representatioris that mip-mapping
caneasilybe used. Sincethe weightedsumis just a linear operationthe weightsof
neighboringexelscansimply be averagedo generatehe next coarsemip-maplevel.

If the original imagesareof high resolutionandhencethe objectis sampledvery
densely point samplerenderingusing forward projectionis a viable alternatve. It
completelyavoids the generatiorof texture mapsandthe resultingdatacan be used
with almostno furtherprocessingThis methodis usedto displayour results.

9 Results

We appliedour algorithmto threedifferentobjectsconsistingof differentmaterialswith

varyingre ection propertiesn boththediffuseandthe speculaipart. Themodelof the
angelswasgeneratedy extractinganisosurficeof a computetomographyscan.The
geometryof all othermodelswascapturedusinga structuredight 3D scanner Some
statisticsaboutthe meshesand the numberof acquiredviews arelisted in Table 1.

Acquisitionof 20 views (eachneedingaboutl5 photographs)akesapprox.2.5h. The
high dynamicrangecorversionandthe registrationwith the 3D modeltakesabout5h

but is a completelyautomatedask. The clusteringandthe nal projectiontakesabout
1.5h.

In Figured you canseehow ve successie split operationgartitionthelumitexels
of thebirdintoits ve materials.The splitswereperformedasdescribedn Section6.
Only the perclusterBRDFsdeterminedy the clusteringprocessareusedfor shading,
makingthe objectlook rather at. After performingthe projectionstepevery lumitexel
is representedh a basisof four BRDFs, now resultingin a muchmore detailedand
realisticappearanceseeFigure6.

Thebustin Figure5 shavs anothereconstructebjectwith very differentre ec-
tion propertiesThebronzelook is very well captured.

In Figure7 you canseea comparisorbetweenan objectrenderedvith anacquired
BRDF (usingthe projectionmethod)anda photograptof the object. You canseethat



they are very similar, but differencescan be seenin highlightsandin placeswhere
not enoughradiancesamplesverecaptured. Capturingmoresampleswill increasdghe
quality. Thedifferencein thehair regionis dueto missingdetailin thetrianglemesh.

Another differenceis dueto the fact that the diffuse color of onelumitexel may
not berepresenteth ary of the constructedtlustersbecausehe numberof lumitexels
belongingto the samematerialcanbe so smallthatthey nearlyvanishin the massof
lumitexels of the clusterthey are currently assignedo. This effect canfor example
be obsened at the mouth of the larger angelwhich in reality exhibits a much more
saturateded,seeFigure?.

In Table 1 we list RMS errors computedbetweenall the radiancesamplesof a
modelandthereconstructe@RDFs. You canseethattheerrorconsiderabl\decreases
whengoingfrom oneaverageBRDFto perclusterBRDFsandthento per-pixel BRDFs
(usingprojection).As alreadymentionedhe PFA only slightly changesheRMS error.

Generallyit canbe saidthatfor all the modelsonly a few clusterswereneededo
accuratelyepresenall thematerialssincetheprojectiontakescareof materialchanges.
In our experimentsevenLafortuneBRDFsconsistingof asinglelobeweresufcient to
form goodbasedor the clusteringandprojection.

The projectionmethodalso compensatefor imprecisenormals,andhenceno re-

tting of the normalsis needed.Using exactly reconstructeshormalsfor exampleby
applyinga shape-from-shadingpproactsuchasthe oneby Rushmeieetal. [21] may
yield evenbetterresults.

Dueto thelack of atestobjectthathada singlebasecolor but varying specularity
we experimentedwith arti cially generatedlata. The testsprovedthatour clustering
algorithmis alsoableto clearly distinguishmaterialsthat have the samecolor but dif-
ferentspecularityevenwhennoisewasintroducedn thedata.

10 Conclusionsand Futur e Work

We have presentedn algorithmanddemonstrated systemfor reconstructing high-
quality spatiallyvarying BRDF from complex solid objectsusingonly a smallnumber
of images.This allows for accuratelyshadedphotorealisticenderingof theseobjects
from new viewpointsandunderarbitrarylighting conditions.

Theoutputof our algorithmalsoallows to modify the object's geometrywhile pre-
servingmaterialpropertiessincethe tted BRDFsarerepresentedn a pertexel basis
anddo not changewith thegeometry

Both the numberof input views requiredby our algorithmandthe size of the out-
put data( 25MB) are very small comparedo previous approachegor representing
real-world objects like surfacelight elds or re ection elds which neededup to 600
imageq27].

We have demonstratedhe quality and accurag of our approach by applying it
to differentobjects. The resultingspatially varying BRDFs accuratelyrepresenthe
original materials.

Until now interre ectionswithin theobjectarenotconsideredbut it shouldbeeasy
to remove the effects of interre ectionsby simulatingsecondarye ection usingthe
resultsobtainedby the presentedlgorithm,or e.g.usingtechniquegrom [19].

We alsowant to investigatethe possibility to do hardware acceleratedendering
with the spatiallyvarying BRDFs. Sinceour datacanbe representedstexture maps
andtheLafortunemodelis computationallyfairly simple,thisshouldbeeasilypossible,
e.g.usingtechniquedrom [8] or from [27].
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Fig. 5. A bronzebustrenderedvith aspa- Fig. 6. This image shavs the bird with the

tially varying BRDF, which wasacquired spatiallyvarying BRDF determinedby projecting

with our reconstructiommethod. eachlumitexel into a basisof BRDFs. Note the
subtlechange®f the materialsmakingthe object
look realistic.

Fig. 7. Left side: Photograptof model. Right side: Model with acquiredBRDF renderedrom
the sameview with similar lighting direction. Thedifferencein the hair region is dueto missing

detailin thetrianglemesh.



