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Figure 1: Renditionsof materialsgeneratedising our model: steelteapotwith greasy ngerprints (left), teapotwith rustforming (right).
Closeuppicturesin the center We useda spatiallyvaryingtextureto interpolatebetweerre ectancemodelsfor eachpointontheteapot.

Abstract

We presenta generatie model for isotropic bidirectional re-
ectance distribution functions (BRDFs) basedon acquiredre-
ectance data. Insteadof usinganalyticalre ectancemodels,we
represenieachBRDF as a denseset of measurementsThis al-
lows us to interpolateand extrapolatein the spaceof acquired
BRDFsto createnew BRDFs. We treateachacquiredBRDF as
a single high-dimensionavector taken from a spaceof all possi-
ble BRDFs.We applybothlinear(subspacegandnon-linearimani-
fold) dimensionalityreductiontoolsin aneffort to discoseralower
dimensionalrepresentatiorthat characterize®ur measurements.
We let usersde ne perceptuallymeaningfulparametrizatiorirec-
tions to navigate in the reduced-dimensioBRDF space. On the
low-dimensionalmanifold, movementalong thesedirectionspro-
ducesnovel but valid BRDFs.

Keywords: Light Re ection Models,PhotometriadMeasurements,
Re ectance BRDF, Image-basetlodeling

1 Intro duction

A fundamentaproblemof computergraphicsrenderingis model-
ing how light is re ected from surfaces A classof functionscalled
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BidirectionalRe ectanceDistribution Functions(BRDFs)charac-
terizesthe processwvherelight transportoccursat anidealizedsur
facepoint.

Traditionally physically inspired analytic re ection models
[CookandTorrancel982][He etal. 1991][He etal. 1992]provide
the BRDFsusedin computergraphics. TheseBRDF modelsare
only approximation®f re ectanceof real materials.Furthermore,
mostanalyticre ection modelsarelimited to describingonly par
ticular subclassesf materials— a given modelcanrepresenbnly
the phenomendor which it is designed. Signi cant efforts have
beenexpendednimproving thesemodelsby incorporatingherel-
evantaspect®of the underlyingphysics. Many of thesemodelsare
basedon materialparametershatin principle could be measured,
but in practicearedif cult to acquire.

An alternatve to directly measuringnodelparameterss to ac-
quireactualsampledrom a BRDF usingsomeversionof a gonio-
spectro-re ectometefMarschneretal. 2000][Cornell] [CUReT]
[STARR ] [Dana2001][Ward1992]andthen t themeasurediata
to a selectecanalyticmodelusingvariousoptimizationtechniques
[Ward1992][Yu etal. 1999][Lafortuneetal. 1997][Lenschetal.
2001]. Thereareseveral shortcominggo this measure-and- ap-
proach.First,aBRDF representetly theanalyticfunctionwith the
computedparameterss only an approximatiorof realre ectance;
measuredaluesof the BRDF areusually not exactly equalto the
valuesof the analyticmodel. The measure-and- approachis of-
tenjusti ed by assumingthat thereis inherentnoisein the mea-
suremenprocesandthatthe tting processlters outtheseerrors.
This point of view, however, ignoresmoresigni cant modelinger-
rors dueto approximationgnadein the analyticsurfacere ection
model. Many of the salientand distinctive aspectof an objects
re ection propertiesmight lie within the rangeof thesemodeling
errors. Secondthe choiceof the errorfunction over which the op-
timization shouldbe performedis not obvious. For example,er
ror basedon the Euclideandistanceis a poor metric sinceit tends
to overemphasizehe importanceof the speculampeaks(theseare
usuallymuchhigherthanthe rest)andignorethe off-specularval-
ues. Finally, thereis no guaranteghat the optimization process
will yield the bestmodel. Sincemost BRDF modelsare highly
non-linear the optimizationframewvorks usedin the tting process
rely hearily oninitial guessesf the modelsparametersThe qual-
ity of theseinitial guessesanhave a dramaticimpacton the nal



parametewaluesof themodel.

Another approachis to acquire densemeasurement®f the
BRDF and usethesemeasurementdirectly in the renderingpro-
cess. This approachpreseres those subtletiesof the measured
datathat arelost in a data- tting approach. However, it is time-
consumingsinceit requiresre ectancemeasurementfor all de-
siredmaterialsin the scene Furthermorewe endup with a collec-
tion of measure®RDFsandnot with a parameterizede ectance
model.Any changeo thematerialpropertywouldrequire nding a
realmaterialwith thedesiredoropertyandacquiringits re ectance.

We suggestan alternatve sampling-basedpproachfor model-
ing surfacere ectance. We capitalizeon thefactthatit is feasible
to rapidly acquireaccuratee ectancemeasurementssingimage-
basedechniquesWe acquireBRDFsfor alargerepresentatie set
of materials Materialsin our collectionincludemetals paints,fab-
rics, minerals,synthetics prganic materials,and others. We intro-
ducea new approachto BRDF modeling,an approachhatis data
driven—it interpolates/etrapolatesiev BRDFsfrom therepresen-
tative BRDF data. Our approachhasthe advantagethat the pro-
ducedBRDFslook very realisticsincethey arebasedon the mea-
suredBRDFs.Furthermorewe provide asetof intuitive parameters
thatallow usersto changethe propertiesof the outputBRDF. We
alsolet usersspecifytheir own parameterdy labelinga few rep-
resentatie BRDFs. We believe that this way of specifyingmodel
parametersnakes our model mucheasierto useand control than
the analytic modelsin which the meaningof parameterss often
non-intuitive [Pellacinietal. 2000].

In our model,we do not wantto storeall acquiredBRDFs ex-
plicitly. This leadsusto the analysisof the spaceof all possible
BRDFsfor commonmaterialsin theworld. A BRDF for thesema-
terialsis notanarbitraryfunction,andwe seeka representatiofor
all possiblefunctionscorrespondindo physical BRDFs. We treat
eachof our acquiredBRDFs as a single high-dimensionalector
whereeachmeasuremeris anelementof this vector Thenwe ap-
ply bothlinearandnon-lineardimensionalityreductiontoolsto ob-
tainalow dimensionamanifoldthatcharacterizethesetof BRDFs
we measuredln the processve alsoobtaina mappingbetweerthe
embeddingmanifold andthe original BRDF space.Thereforewe
can always computethe correspondingBRDF for eachpoint on
the manifold. An interestingside effect of our approachis thatit
suggestsan inherentdimensionalityfor the spaceof all isotropic
BRDFs.

To summarizethe maincontributionsof this paperare:

We introducea novel modelfor an isotropic BRDF that is
basen measurede ectancefor alarge setof materials.

We introducea setof perceptually-basegarametergor this
model.We alsolet usersspecifytheir own parameters.

We analyzeboth linear and non-lineardimensionalityof the
spaceof isotropicBRDFs.

In our modelthe parametewvaluesare pre-de nedfor mary
typical materials— the materialswe have measured.Using
our modelwe canalsogeneratalif cult to represeneffects
suchasrust,oxidation,or dust.

2 Previous Work

Thevalueof physically accuratee ectancemodelshaslong been
understoodvithin the computergraphicscommunity[Blinn 1977].
The availability of BRDF modelsbasedon the actual physics of
light transportand validatedby empirical measurementsvere a
signi cant catalystin this realization[Torranceet al. 1966][Trow-
bridgeandReitz 1975]. Physical accurag wasanimpetusbehind
the developmentof mary subsequentomputergraphicsre ection

models[Cook and Torrancel1982][He et al. 1991]. An interest-
ing transitionoccurredwith [Ward 1992], when Ward developed
a BRDF modelthat, while not strictly physically basedwascapa-
ble of describingmostsigni cant re ection phenomenaHewentto
greateffort to ensurethathis modelobeyedthe mostbasicof physi-
callaws (reciprocityandenegy conseration),andsigni cantly, he
t his models parameterso actualmaterialmeasurementsMore
recently the availability of low-costdigital camerashasrekindled
interestin BRDF acquisitionandmodeling.Oneparticularlyambi-
tiousundertakings the CUReTBRDF databas¢Danaetal. 1999]
[CUReT]. The CUReTdatabaseepresentapproximately200re-
ectance measurementsver varying incidentandre ected angles
for aplanarpatchof 60 differentmaterials With auniformmaterial
samplethis amountgto arelatively sparselysampledBRDF Such
a sparselysampledBRDF is not directly useful as a table-based
BRDF function;thus,it wasnecessaryo t ananalyticfunctionin
orderto geta usefulmodel.

MarschnefMarschneret al. 2000] constructedanothersigni -
cantBRDF measuremergystem.His system.althoughlimited to
only isotropicBRDF measurementsyas both fastandrobust. In
particular his systentook uniqueadvantageof reciprocity bilateral
symmetry andmultiple simultaneousneasurement® achieve un-
precedentedeveragefrom eachre ection measurementThis of-
fers a signi cant advantage. It lters measuremennoise due to
minute variationsover the surface,errorsdueto spatialvariations
in photositeresponsavithin theimagesensorandvariationsin il-
luminationintensity In the faceof suchstatisticalaveraging,one
is hardpressedo attribute the inevitable residualerrorsthatoccur
whenmodel tting to additionalsystematiaoise,ratherthanfail-
ingsof theanalyticmodel.

Theinherentdimensionalityof a BRDF, combinedwith the de-
sireto samplet athigh resolutionsn orderto modelspecularinci-
dent,andretrore ectioneffects,leadsto anunwieldy samplingand
storageproblem. Many researchersiave addressedhis speci ¢
problemby searchingfor a more appropriatebasisfor represent-
ing BRDFs. Sphericalharmonic§Westinet al. 1992] and spheri-
cal wavelets[Schibderand Sweldensl 995] arenaturalchoicesfor
representinghe angularparameter®f the BRDF. Other ef cient
representationscludewavelets[LalondeandFournier1997],Zer
nicke polynomials[Koenderinket al. 1996],andseparablepprox-
imationsobtainedusing singularvalue decompositiorfKautz and
McCool 1999] or a purely positive matrix factorization[McCool
etal. 2001]. Furthermorerecenimage-basedpproacheto BRDF
modeling[Lenschet al. 2001] have demonstratethe power of us-
ing linearcombination®f acompacte ectancefunctionbasissets
for modeling spatially varying BDRFs. Suchlinear decomposi-
tionsleadto aninterestinggquestion:canthetrue spaceof potential
BRDFs be describedas a linear combinationof basisfunctions?
Clearly, factorizationf the sortusedto compres8RDFsarelin-
ear allowing for arbitrary mixturesof their basisvectorsto t a
givensetof data.If thisdecompositiorapproactwerein factvalid,
it would imply thatlinearcombinationof actualBRDFsmight be
usedto modeloriginal and physically plausiblere ection models.
Exploringtherami cations of this hypothesids oneof our motiva-
tionsfor developinga sample-basedeneratre model.

3 Data Acquisition

In order to acquirea sufcient numberof adequatelysampled
BRDFs,it wasnecessaryo build ameasuremerdevice. Our mod-
eling approactplacedtwo requirement®n theacquireddata: rst,
thateachBRDF besampledienselyenougtthatit couldbeuseddi-
rectly asatable-basednodel,andsecondthatthe spaceof BRDFs
be sampledadequatelyso asto spanthe rangeof modelsthat we
hopeto generateAccordingly, we have built aBRDF measurement
device suitablefor rapidly acquiringhigh-qualityBRDFsfor awide
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Figure 2: A photographof our high-speedBRDF measurement
gantry.

rangeof differentmaterialgseeFigure2). Theimage-base8RDF
measuremerdevice describedy [Marschneret al. 2000]inspired
our design.

Our acquisitionsystemrequiresa sphericallyhomogenousam-
ple of the material. The systemis placedin a completelyisolated
room paintedin black matte. It consistsof the following compo-
nents: a QImagingRetiga 1300 (a 10 bit, and a 1300x1030res-
olution Firewire camera),a KaidanMDT-19 (a precisecomputer
controlledturntable),and a HamamatsusQ Xenonlamp (a lamp
with stablelight emissionoutputand a continuousand relatively
constantadiationspectrunover thevisible light range). Thelamp
is mountedon an arm to the turntable. The light orbits the mea-
suremensampleplacedat the centerof rotation;the cameras sta-
tionary Ourcamerds geometricallycalibratedusingthetechnique
describedn [Zhang1998]. The positionof the light sourceis de-
terminedusinga contactdigitizer (FARO Arm). We usethe same
digitizerto determinghe positionof thecenterof thematerialsam-
ple. Theradiusof the sampleis measuredvith calipers.Thelight
sourcemovesin incrementf approximately0.5 from the point
exactly oppositethe camera(the sampleis in betweernthe camera
andthe light source)to the point exactly in front of the camera.
We take a total of 330 high dynamicrangepicturesto cover there-
quiredhalf circle. This procesgakesabout3 hours. For eachhigh
dynamicrangepicturewetake atotal of 18 10-bitphotographsThe
exposuretime rangedrom 40 microsecond$o 20 secondsWe use
the factthat our CCD camerahasa very linear responseurve to
derive the high dynamicmeasurement-or eachpixel in theimage
we t aline to the exposuretime vs. radiancevalues.The slopeof
theline is usedastheradianceestimate Thecorrelationof thisline
is higherthan0.998.

Each acquiredimage of the sample sphererepresentamary
BRDF samples.Essentiallyeachpixel of the sphereis treatedas
a separatBRDF measurementin orderto computethe speci ¢
BRDF valuefor agivenpixel we performthefollowing steps.First,
we intersectthe ray de ned by the pixel with the sphereto deter
minepointP. Then,we computehenormalatpointP onthesphere,
thevectorandthe distanceo thelight sourceandthevectorto the
camerapixel. Next, we computetheirradianceat point P duethe
light source(taking into accountdistanceto the light sourceand
foreshortening) Finally, we computethe BRDF valueastheratio
of thehigh dynamicrangeradianceto theirradiance.

4 Data Representation

We found that speculampeaksweredif cult to representisingthe
naturalcoordinatesystem(gin,qou., fdiff). Evenwhenbinninga
BRDF at a densegrid (every 1  spacingfor eachdimension),it

is not possibleto reproduceoriginal images(the speculahighlight
becomesan oval shape orientedat differentdirections). We use
a different coordinatesystem,describedin [Rusinkievicz 1998]
andshawn in Figure 3. This coordinateframeis basedon the an-
gleswith respecto the half-angle(half-vector betweenincoming
andoutgoingdirections). This coordinateframeallows usto vary
the samplingdensitynearthe speculatighlight. Speci cally, we

vary g, (anglebetweernthe normalandthe half-vector),assigning
smallerbins for valuesnearspeculare ection andlarger bins for

anglesfar away from the speculare ection.

Figure 3: The standardcoordinateframe is shavn on the left.
Rusinkievicz's coordinatesystemis shavn on theright.

We still discretizegn,qq into 90 binsandf 4 into 360bins. This
resultsin atotal of 90 x 90 x 360= 2,916,000bins for eachcolor
component.We halve this numberto 1,458,000by enforcingthe
reciprocityconstraint:

f(ahia:fa) = f(Gha:fa+ P) 1)

With this constraintve needonly to discretizef 4 into 180bins.

Figure 4: Two log imagesof a sphere(aluminaoxide). A real
imageis shavn on the left. A synthesizedmageusingtatulated
BRDF datais shavn ontheright.

Our measuremenprocessgives us typically 20-80 million
BRDF sampledor eachmaterial. We reducethe noisein our mea-
surementdy removing the outliersin eachbin (lowestandhighest
25% of the values),andwe averagethe remainingmeasurements.
This statisticalsmoothings intendedo remove systematicoiseas
well ascompensatéor smallvariationsin materialpropertiesover
the sample.As a nal validationwe rendera synthesizedrersion
of our samplesphereandcomparet to the correspondingcquired
high dynamicrangeimage. We conductthis inspectionfor all in-
putlight con gurations.Picturesfor atypical acquiredmaterialare
in shavn in Figure4. The renderedmagesreproducethe input
imagesvery well. We have usedour device to acquireBRDF mea-
surement®f morethan 130 differentmaterials,including metals,
plastics,paintedsurfaces,andcloth. Figure5 depictssomeof the
materialsthatwere sampled.We have removed from further anal-
ysissomematerialghatexhibitedsigni cant subsuracescattering,
anisotropy, or non-homogenity



Figure5: Picturesof 1000f our acquiredmaterials.
5 Data Analysis

ThesesampledBRDFs can be useddirectly by a renderer Sev-

eralexamplesof thatareshavn in Figure6, wherea teapotis ren-
deredundernaturalillumination usingthe raw acquireddata. Our
ultimate goal, however, is to constructan empirical BRDF model
thatcanbe usedto generatenovel, yet plausible,re ectancefunc-

tions directly from this databaseWe begin with the following as-
sumption:if we treateachof our BRDF samplesasa high dimen-
sionalvectorin anabstracBRDF spacewe expectthatall physical
BRDFslie upona lower dimensionalmanifold within this space
indicative of their inherentdimensionality This is a commonas-
sumptionusedby others[Cula and Dana2001] and it is consis-
tentwith therelatively smallnumberof parameterseenn analytic
BRDF models. Therefore we breakdavn the task of constructing
anempiricalBRDF modelinto two phasesdiscovering this lower
dimensionalmodel, and de ning an interpolationschemewithin

this lower-dimensionakubspace.

5.1 Linear Analysis

In the casewherethe physical BRDF manifoldlies onalinearsub-
spacethe analysistools for both manifold discovery andinterpo-
lation arewell known. In this case Principal Componenfnalysis
(PCA)[Bishop1995] effectively determines setof basisvectors
that spanthe desiredsubspaceand linear combinationsof sam-
ples can be usedfor interpolation. Linear manifold approaches
have provenextremelyeffective in someproblemdomainssuchas
facesynthesigBlanz and Vetter 1999] and radianceinterpolation
[Chenet al. 2002]. Potentiallinear manifoldsare generallysug-
gestedwvhenthereis a noticeableplateauin the magnitudesf the
sortedeigervalues Whenthis plateawoccurson theki! eigervalue,
we canmodelthe dataas a k-dimensionalinear subspacevith a
residualerrorboundedy the squareroot of the sumof the squares
of theremainingeigervalues.

We began our analysisof the BRDF sampledy searchingor a
linear embeddingmanifold (a hyperplane). The threecolor chan-
nels of eachBRDF samplewere assemblednto a columnvector
andconcatenatetb form a 4,374,000by 104 measurementector
matrix X.

Figure 6: Renderedteapotsusing BRDFs from our database:
nickel, hematite gold paint,andpink fabric.

Figure 7: Plot of the eigervaluesresultingfrom PCA of the data
set.

We performthe analysisin the log space(we apply the natural
logarithmto eachelementof vectorX). Thereareseveralreasons
for thisnormalization First, thereis ahugedifferencglontheorder
of afew magnitudespetweerthe speculamndnon-speculavalues
of theBRDF If usedin theoriginal spacetheanalysisoolswould
associatenoreimportanceto noisein the speculawvaluesthanthe
actualnon-speculacomponentsThelinearanalysiswould depre-
ciateimportanceof thesenon-speculavalues(thenon-speculaval-
uesare perceptuallyimportant). Our operationis alsojusti ed by
the fact that the humanvisual systemis sensitve to ratios rather
thanabsoluteradiancevalues.

Singular value decompositionwas then applied to XTX (a
104x104matrix). Thesingularvaluesin this casearethesquare®f
the desiredeigevalue magnitudes.A plot of theseeigervaluesis
shavnin Figure7. We alsoshawv in Figure8 thereconstructiorof a
typical materialusing rst 1,5, 10,20, 30,45, 60, andall principal
components.We seethat good reconstructioris usually obtained
usingthe rst 30-40components.

While thereis aconsiderabléall off in thesequentialaluesseen
in this plot, the plateauis reachedaround45" eigervalue (the re-
constructionerror is about1% at that point). This dimensionof
the embeddingsubspacés considerablyhigherthanour intuition
would suggestbasedon the typical numberof parametersisedin
analyticBRDF models.We veri ed thatthe 45-dimensionaspace
de ned by the rst principalcomponentseconstructsall our mea-
suredBRDFswell. However, it spansaspacehatis biggerthanthe
spaceof all possibleBRDFs. We areableto nd the pointsin this



Figure 8: Reconstructiomf a BRDF from principalcomponentén the orderof increasingrumberof components-mean 5, 10, 20, 30,45,

60, andall.

subspac¢hatdo notcorrespondo ary physicalmaterials.In other
words,usinglinearcombination®f thecomponentsye canobtain
the datasamplesthat do not look like BRDFs. We illustrate this
pointin Figure9. Moreover, in orderto spanthe whole spacewe
would needto have atleast45 parameterizatiodirectionsin order
to reachall speci ed BRDFs. This suggestghat the spaceof all
possibleBRDFslies on a lower-dimensionamanifold thatis non-
linearly embeddedn the 45D linear space.ln the next section,we
apply recentlydevelopednonlineardimensionalityreductiontech-
niguesto discover this lower dimensionamanifold.

5.2 Nonlinear dimensionality reduction

Nonlineardimensionalityreducer§NLDR) computdow-distortion
embeddingsf high-dimensionaldatain low-dimensionaltarget
spaces. The nonlinearity usually obtainsfrom the fact that only
local relationshipsn the ambientspaceare presered while long-
distanceelationshipgarepresumedo becorruptedoy thecurvature
of themanifoldin theambientspace First-generatiotNLDRs such
asnonmetricMDS [Kruskal andWish 1978],IsoMap[Tenenbaum
etal. 2000], andLLE [Roweis and Saul2000] generalizePCA to
give low-dimensionalembeddingf the data, but offer no map-
ping of the datapoints. Recently two second-generatiomethods
have beenannouncedhat offer continuousmappingsbetweerthe
embeddinganthe original (ambient)space:Automatic Alignment
[TehandRoweis 2003] combined LE with a setof pre-estimated
local dimensionalityreducers—eacbf which is presumedo be t-
tedto arelatively at subsebf the manifold—andsolvesfor a mix-
ture of theseprojectionsthat globally attens the datawhile min-
imizing barycentricdistortionin eachpoint neighborhood.Chart-
ing [Brand 2003] solvesfor a kernel-basednixture of projections
that minimizesEuclideandistortion of local neighborhoodsit in-
cludesa solutionfor the local dimensionalityreducersneedecby
automaticalignment. We choseto usechartingbecauset is ex-
plicitly designedo work well with smallnumbersof samplesand
to suppressneasurementoise,two conditionsthat tendto break
methodgor dimensionalityreductionfrom local relationships.
Figure 10 gives the main geometricintuition behindcharting.
Firstonesolvesfor asetof at “pancale” Gaussianshatsmoothly

Figure 10: A simplechartingexample.Points( ) sampledrom a
unknavn manifold (gray curwe) areprojectedontothreesubspaces
(red, green,and blue lines) and assigneda probability (indicated
by size)accordingto their distancefrom the point wherethe chart
toucheghe manifold. A minimal-distortionmemger of thesecharts
givesa attening of the manifold in a lower dimensionalspace,
wherethe mappedocationsof pointsarethe probability-weighted
combinationf their chart-speci clocations.

coverthedatamanifold,in the sensehatadjoiningGaussianbave
similar orientation. The dominantaxesof eachGaussiarspecifya
subspaceProjectingthe datainto this subspacgivesa “chart” of
one part of the manifold. A chartpresereslocal structurewhere
it toucheghemanifoldandsuppressemeasurememntoisethatdis-
placessamplesoff the manifold. A datapoint hasa locationand
a probability in every chart. Due to curvatureof the manifold, a
chartgivesa very distortedpicture of faravay points;thesepoints
areassignedrery low probability

The pancalke Gaussiansre solved undera criterion that opti-
mizesthe chartsfor the ensuing“connection: The connectionis
anafne memger of all chartsin the target space—déctively a at-
teningof the manifold that minimally distortsall chartsand max-
imizes agreemenbetweenoverlappingchartsof the locationsof
pointsto which they assignhigh probability The connectiorgives



Figure 9: Nonlinearspacegienerate/alid BRDFswherelinearspacegail. Original BRDF correspondingo a point A ona45 dimensional
hyperplang(left). Physically implausiblere ectance(hole in the middle of the speculathighlight) correspondindo moving away from a
pointA onthe45dimensionalinearsubspacécenter).Physically plausiblere ectancecorrespondingo moving equallyfaraway from point

A onthe15dimensionahon-linearmanifold (right).

Figure 11: Datareconstructiorerror asa function of the dimen-
sionality of the global chart. The sharpdrop in this error curve
indicatesthat a 10-dimensionakhartis sufcient for the BRDF
data. In fact,thatcharthasa betterreconstructiorerrorthana 25-
dimensionaPCA.

mappingdetweerthe ambientandtargetspaceswhich aresimply
mixturesof afne projections,weightedby the probability that a
point “belongs”to eachchart. The dimensionality-reducingnap-
ping from theambientto thetargetspaceeffectively imposesalow-
dimensionalcoordinatesystemon the sampleswhile the inverse
mappinggivesa smoothlycurving low-dimensionakurfacein the
ambientspaceeffectively reconstructinghe original manifold.

For charting, one must specify a set of chart centers,a width
parametes for the Gaussiansanda targetdimensionalityd. We
usedthedefault settings:onechartcenteredn eachdatapointand
s = half the averagedistancebetweeneachpoint andits closest
neighbor Notethatlocatinga charton a point doesnot causethe
manifoldto passthroughthatpoint—onlynearit. See[Brand2003]
for additionaldetails.

As with PCA, the data-reconstructioarror of a charteddataset
givesanindicationof thetrue dimensionalityof the manifold. Fig-
ure 11 shownsthatour BRDF dataprobablylies on a 10D manifold.
The reconstructiorerror doesnot decline monotonicallybecause
eachdimensionalitymay merit a different attening. For example,
if the datawere sampledfrom a truncatedcone,the best1D chart
would simply be heightalong the cone, while the best2D chart

would atten the coneinto anannulus.Each attening would sup-
pressthe noisein differentdirections,somemore fortuitousthan
others.

While the 10D manifoldexhibits goodreconstructiomf theorig-
inal data,our goalis to synthesizenovel BRDFs. With thatin mind
we choseto work on a 15D manifold becauseénterpolationson it
passevencloserto the datadensity(with error comparabldéo 45D
PCAreconstruction)Moreover, thisdimensionalityis roughlycon-
sistentwith previousisotropicBRDF models[Ward 1992],[Lafor-
tuneetal. 1997],and[Koenderinket al. 1996],which have atleast
10degyreesof freedom.

A chartedmanifold of BRDF datamalesit possibleto treatthe
spaceof BRDFs asif it were linear, and to identify meaningful
axesof variationin this embeddingspace.An interpolatingor ex-
trapolatingline in this spaceis a nonlinearcurwe in the original
BRDF spacethat passeloserto the datadensitythat the equiva-
lentstraightline would (on average) simply becausét staysonthe
manifold wherea straightline doesnot. This translateslirectly to
superiorBRDF synthesisaswill bedemonstratetelow.

6 Model Construction

In orderto useour sample-basetk ectancemodelit is necessary
to develop intuitive userinterfacesfor specifying and exploring
new materials We investicgatedmethoddor characterizingnaterial
traits by analogiederived from the existing samples.We believe
thatsuchmethodgrovide the bestandmostintuitive userinterface
[Pellacinietal. 2000].

Our modelis built from actualphysicalmeasurementandit re-
produceghesemeasurementsTherefore,we have de ned model
parametersor a large collectionof materials— materialswe have
measuredWe believe thatthe mostusefulschemeof navigationis
whenuserscanchooseasa startingpoint sometype of the material
similar to the onethey desire.In our casethey canpick ary of the
measurednaterials.Then,they would changethere ectanceprop-
ertiesof this materialaccordingto one of the following schemes
(thesenavigation schemesare applicablefor both linear and non-
linearmanifold models).The simplestmethodis to chooseanother
BRDF and move in this direction. Although of limited use, this
methodworkswell for perceptuallysimilar materials.

A moreusefulapproachs to de ne directionscorrespondingo
a desiredtrait (the parameterizatiomlirectionis a 45D vector for
linear spaceanda 15D vectorfor nonlinearspace).We pick some
arbitrary point on the manifold andthenmove in the directionde-

ned by the vectorby addingit to the currentpositionto increase

thetrait, or subtractingt to decreasehetrait. We canbackproject
the currentpoint ontothe original BRDF spaceto checkthe corre-
spondingBRDF. Next, we describevariousproceduredor identi-



fying trait vectors.

Our modelingapproachrequiresthe userto specifya sufcient
setof traits. This speci cationcanbe assimpleasa binary classi-
cation (i.e., notingwhethereachacquiredBRDF hasthe speci ed
trait.) We alsoallow the userto leave a BRDF unspeci edin cases
wherethetrait is hardto determineor simply doesnotapply. Usu-
ally the more sampleswe specifyfor eachclassthe more precise
thedirectionis.

Therearemary differentwaysto de ne the parameterizationi-
rectionsbasedon the classi cation. We have examinedandevalu-
ateda few. (A) Meandifference[Blanz and Vetter1999]: In this
approachwve computethe averageof eachBRDF in eachcomple-
mentarypair of clustersassociatedvith atrait (i.e., thosesamples
with, andthosewithout) in the embeddingspace. Thenthe vec-
tor betweenthesecomplementveragesn the embeddingspaces
theparameterizatiodirection. This directionvectoris thenapplied
(addedor subtracted}o the currentpointin the embeddingspace.
(B) Supportvector machinegVapnik 1995]: Supportvector ma-
chinesdeterminethe hyperplanewhich separatethe datapointsin
the rst materialclassfrom thedatapointsin theseconctlass.The
partitioninghyperplanehasmaximumdistanceto theclosesipoints
(calledsupportvectors)in bothmaterialclassesTheparameteriza-
tion directionis the normalto this hyperplane.The hyperplanes
de nedin 15D spacedor non-linearanalysisand45D for thelinear
space Thismethodalsotellsusonwhich sideof thehyperplanghe
currentpointis, andhow farthepointis from theplane.(C) Fishers
lineardiscriminanfDudaandHart 1973]: Eachmaterialclasscor
respondgo a somedistribution of high-dimensionatiata(15D for
non-linearanalysisand45Dfor linearanalysis) Fisherslineardis-
criminantde nesaprojectionof thesedistributionsontheaxissuch
thatthe distributions projectedon this axis arethe mostseparable
(the projectionmaximizesthe distancebetweenthe meansof the
two classesvhile minimizing the varianceof eachclass).In prac-
tice, supportvectormachineperformedhebestonourdatasetand
Fisherslineardiscriminantperformedthepoorest.

Since we want our model to presere the basic principles of
physics,we haveto disallov movementonthemanifoldthatdonot
adhereto theseprinciples. We considerthe threefollowing princi-
ples:

Reciprocity:As mentionedbefore reciprocityin our modelis
metby default sincewe storeonly half of the BRDF vector

Non-ngativity: We allow the userto move only in the space
sothatall thevaluesin thebackprojectedectorarepositive.

Enegy conseration: A unit of light enegy is appliedatsome
incominglight direction. If thesumof enegy in all outgoing
directionsis lessthanone (we assumehat the surfacedoes
not emit enegy by itself) thenthe enegy is consered. This
hasto betruefor all incominglight directionsin orderfor a
BRDFto follow enegy conseration. We enforcethis anddo
not allow the usersto produceBRDFsfor which the sum of
enegy for ary incomingdirectionis greaterthanone.

7 Results

OncetheBRDFsareacquiredandvalidated asdescribedn section
4, we performedboth linear and non-lineardimensionalityreduc-
tion asdescribedections. Wethensetoutto constructaperceptual
BRDF modelusingthetechniquesutlinedin section6. This sec-
tion presentsheresultsfrom atypical modelconstructiorsession.

A testsubjectwas asled to characterizeeachof the BRDFs
from our databasausing 16 differenttraits. Theseincludedred-
ness greennessblueness specularnessdiffusenessglossiness

Figure 12: Diffusenessrait vs specularnesgrait. Obsere thatthe
diffusenessnd specularnessraits exhibit a weakinversecorrela-
tion. The green,blue, and red vectorsdenoteprojectionsof the
BRDF interpolationshowvn in thesecondthird, andfourth rows of
Figurel6respectiely.

Figure 13: Metallic-like trait vs specularnessrait. Obsere that
themetallic-like andspecularnestraits exhibit a weakcorrelation.
The green,blue, andred vectorsdenoteprojectionsof the BRDF
interpolationsshavn in the second third, andfourth rows of Fig-
ure 16 respecitiely.

metallic-like, plastic-like, roughnesssilvernessgold-like, fabric-

like, acrylic-like, greasinessdustinessrubberlike. In a sense,
theseparameterarearbitrarysincethe classi cationis completely
basedon the subjects interpretation.We could have chosertraits

without physical connotationssuchasugly or pleasing Alterna-

tively, thetraits could have beenbasedon actualmeasurableuan-
tities, suchas conductvity and meansurfacevariation. Our test
subjectcharacterize@achBRDF asoneof threechoices:1) pos-
sessinghe particulartrait, 2) not possessinthetrait, or 3) unclear
Wethenusedthesubjects characterizationt build amodelin both

the linear and non-linearembeddingspacesusing SupportVector
Machines.

The resultsfrom this trait-basedanalysisare shavn as projec-
tionsontothederivedtrait vectorsin Figuresl2, 13,and 14. These
projectionsare computedin the linear embeddingspacegiven by



our non-linearmodel. Obsere thatthe metallicandspecularchar

acteristicsare weakly correlated,the specularand diffuse traits
areweakly inverse-correlatedandthe glossyanddiffusetraits are
inverse-correlated This is what we would expect. Note that we
do not male attemptso modelindependentraitsin eitherour trait

selectioror trait vectorderivations. Therefore we expectthataddi-
tion of aparticulartrait to anexisting BRDF may effect othertraits.
This lack of parameteindependences a tradeof thatwe acceptin

orderto establishperceptuallymeaningfulparameterin our mod-
eling approach.Despitethe fact that the parameterizatiowectors
arenotorthogonalthey did spanthewhole 15D non-linearembed-
ding spaceandprovide anintuitive setof “dials” for usergo design
materials.

Figure 14: Glossinesgrait vs diffusenesdrait. Obsenre that the
glossinesanddiffusenessraits exhibit aninversecorrelation.The
green,blue,andredvectorsdenoteprojectionsof the BRDF inter-
polationsshavn in the secondthird, andfourth rows of Figure16
respectiely.

Oncetrait vectorsareestablishedwe canaddandsubtracthem
from our datapointsin our embeddingspace. In Figure 15 we
demonstratéour examplesf varyinguserspeci edtraitsusingthe
linearmodel.The rst row shovsateapotrenderedisingour Gold-
Paint BRDF on the far left, and the effect of addingthe redness
trait in successie stepsto the right. The secondrow startsfrom
a our SpecularGoldBRDF (left) with successie additionsof the
silvernesdrait. Thethird row addsthe gold-like trait to the Blue-
GlossyRint BRDF (left). Finally, thefourthrow shavstheaddition
of the specularnessrait to the BladkMattePlasticBRDEF It is our
experiencethat the linear model gives reasonabl8RDFsif only
smalldisplacementarepermitted.If thedisplacemenis too large,
physically invalid BRDFsresult(asillustratedin Figure9).

We thenappliedthe sametrait classi cationsand SupportVec-
tor Machinecalculationgo the embeddingspaceof our non-linear
model. Figure 16 demonstrated examplesusing this approach.
The rst row of Figure 16 shavs our Copper BRDF on the left,
with successie additionsof the roughnesgrait. The secondrow
beginswith our GreenAcrylicBRDF andshavs the additionof the
bluenesgrait. Thetrajectoryof this pathis alsoillustratedin Fig-
ures12, 13, and 14. Notice that color-changespeci cation is
not particularly correlatedwith ary of traits usedfor theseprojec-
tions. Thus,we would expectrelatively small movementsand no
preferreddirection. The third row, on the other hand, represents
theadditionof the metallictrait to the VioletAcryllic BRDF model,
whosepathis alsoillustratedin the projectionsin Figures12, 13,
and 14. Thepathtrajectoryof this exampleconformsto our expec-
tations,andits magnitudeis large in thesevisualizationssincethe

metallictrait is correlatedo the glossinesandspecularnessraits
usedasaxis. Thefourth row startswith YellowDiffuseRint BRDF
andshaws the additionof the glossinessrait, which is depictedas
theredpathin Figures12, 13,and 14. Thedirectionof this pathis
aswe would expect,andit hasalargemagnitudedueto thefactthe
the YellowDiffuseRiint BRDF is locatedfar away from the glossy
examplesin the projectionsshovn.

Overall the non-linearbasissetresultsin a morerobust model
thanour linear basisset, in that we were ableto move large dis-
tanceswithin the non-linearembeddingspaceand still generate
physically plausibleBRDFswith the expectedappearance.

Our modelingapproachalsoallows usto associat@pproximate
trait vectorswith physicalprocessesThiscanbedonein oneof two
ways,by tting aleast-squarekne to a pathof speci edBRDFsin
the embeddingspace or by computinglocal piecevise difference
vectorsbetweersxamples As anexample we have modeledmetal
oxidation. We measuredhe re ectancechangesas a metal was
exposedto an acidic ervironment. It changedrom highly spec-
ular polishedmaterialto black mattematerial. The acquiredfour
BRDFsdeterminea pathin theembeddingpace Theintermediate
stagesareinterpolatedin the embeddingspaceand backprojected
to the samplespace(Figure 17). Figure 1 illustratesanotherpro-
cess- rustformation. We useda spatiallyvaryingtexture to select
rustlevelsfor eachpointontheteapot.We arecurrentlymeasuring
moreprocessetik e this suchascopperpatinationandothertypes
of rustformation.

8 Future Work and Conclusions

In this paperwe have introduceda new approachfor modeling
isotropic BRDFs. Our model generatesiew surfacere ectance
modelsby forming combinationsfrom a setof densely-sampled,
acquiredBRDFs.We arehopefulthatdata-drvenre ectancemod-
elingapproachedik e ours,cangreatlyexpandtherangeof material
modelsusedin computergraphicsrendering.

In order to develop an effective and efcient interpolation
schemewe chooseto rst analyzethe inherentdimensionalityof
ourdataset. To thisendwe appliedbothin linearsubspacandnon-
linearmanifoldanalysis.Theresultsof this analysisaresuggestie
of the overall structureof BRDFs. Speci cally, we foundthatthe
linear subspacenodellent itself to the creationof physically im-
plausibleBRDFs, and a large numberof dimensiongaround45)
wererequirecto adequatelyepresenbur measurementdonethe-
less,we still found the linear subspacenodelto be usefulfor in-
terpolationover smalldistancesThenonlineamodel,onthe other
hand, was much more compactin its dimensionality(around14
dimensiondor the sameaccuray asthe 45-dimensiorinear sub-
spacemodel), and morerobustin its ability to interpolateplausi-
ble BRDFsover long distancesHowever, we cautionagainstover
generalizingfrom our results. We are comfortablein sayingthat
our modelingapproacteffectively representsur dataset, but our
samplesizeis still relatively smallto draw conclusionsregarding
the fundamentahatureof isotropicBRDFs. However, we areop-
timistic thattechniquedik e ourscanbe usedto greatlyexpandour
knowledgein theseareas.

We also have demonstratednethodsfor de ning intuitive pa-
rametersfor navigating within BRDF models. Thesetechniques
caneasilybe customizedor arangeof industrialandartisticappli-
cations. Furthermorethey canbe personalizedor individual use
or madeobjective by incorporatingphysical measurements.

The adwantage®f our data-drven BRDF modelincludea high
degreeof realism,a perceptuallyneaningfulparameterizatiorrel-
ative easeof modelingfor complex surface materials,and speed
of evaluation. The main disadwantageof the modelis its size.
We believe that the model we proposecan easily be incorpo-
ratedinto existing renderingsystems.We alsohopeto extendour



Figure 15: Navigationin thelinearspace.Eachrow correspond$o changingoneparameteof the model. The rst row shawvs anincrease
in therednesdrait appliedto the GoldRaint BRDF. The secondow illustratesanincreasen the silvernesdrait appliedto the SpecularGold
BRDF. Row threeappliesthegold-like trait to the BlueGlossyRint BRDF. Thefourthrow shovs anincreasen thespecularnestrait applied

to the BladkMattePlasticBRDF

work in sample-basede ectancemodelingto include anisotroy
(4D BRDF), macro-scalesurfacevariationstypically describedoy
BTFs, andsubsurécescatteringeffects (BSSRDF).Anotherobvi-
ousextensionwould beto usethis modelin solvinginverserender
ing problems.
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