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Figure 1: Renditionsof materialsgeneratedusingour model: steelteapotwith greasy�ngerprints (left), teapotwith rust forming (right).
Closeuppicturesin thecenter. Weusedaspatiallyvaryingtextureto interpolatebetweenre�ectancemodelsfor eachpointon theteapot.

Abstract

We presenta generative model for isotropic bidirectional re-
�ectance distribution functions (BRDFs) basedon acquiredre-
�ectancedata. Insteadof usinganalyticalre�ectancemodels,we
representeachBRDF as a denseset of measurements.This al-
lows us to interpolateand extrapolatein the spaceof acquired
BRDFs to createnew BRDFs. We treateachacquiredBRDF as
a singlehigh-dimensionalvector taken from a spaceof all possi-
bleBRDFs.Weapplybothlinear(subspace)andnon-linear(mani-
fold) dimensionalityreductiontoolsin aneffort to discoveralower-
dimensionalrepresentationthat characterizesour measurements.
We let usersde�ne perceptuallymeaningfulparametrizationdirec-
tions to navigate in the reduced-dimensionBRDF space. On the
low-dimensionalmanifold, movementalong thesedirectionspro-
ducesnovel but valid BRDFs.

Keywords: Light Re�ection Models,PhotometricMeasurements,
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1 Intro duction

A fundamentalproblemof computergraphicsrenderingis model-
ing how light is re�ectedfrom surfaces.A classof functionscalled
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BidirectionalRe�ectanceDistribution Functions(BRDFs)charac-
terizestheprocesswherelight transportoccursat anidealizedsur-
facepoint.

Traditionally, physically inspired analytic re�ection models
[CookandTorrance1982][He etal. 1991][He etal. 1992]provide
the BRDFsusedin computergraphics. TheseBRDF modelsare
only approximationsof re�ectanceof realmaterials.Furthermore,
mostanalyticre�ection modelsarelimited to describingonly par-
ticular subclassesof materials– a given modelcanrepresentonly
the phenomenafor which it is designed.Signi�cant efforts have
beenexpendedonimproving thesemodelsby incorporatingtherel-
evantaspectsof theunderlyingphysics.Many of thesemodelsare
basedon materialparametersthat in principlecouldbemeasured,
but in practicearedif�cult to acquire.

An alternative to directly measuringmodelparametersis to ac-
quireactualsamplesfrom a BRDF usingsomeversionof a gonio-
spectro-re�ectometer[Marschneret al. 2000][Cornell ] [CUReT]
[STARR ] [Dana2001][Ward1992]andthen�t themeasureddata
to a selectedanalyticmodelusingvariousoptimizationtechniques
[Ward1992][Yu et al. 1999][Lafortuneet al. 1997][Lenschet al.
2001]. Thereareseveral shortcomingsto this measure-and-�tap-
proach.First,aBRDFrepresentedby theanalyticfunctionwith the
computedparametersis only anapproximationof real re�ectance;
measuredvaluesof theBRDF areusuallynot exactly equalto the
valuesof theanalyticmodel. Themeasure-and-�tapproachis of-
ten justi�ed by assumingthat thereis inherentnoisein the mea-
surementprocessandthatthe�tting process�lters out theseerrors.
This point of view, however, ignoresmoresigni�cant modelinger-
rors dueto approximationsmadein the analyticsurfacere�ection
model. Many of the salientand distinctive aspectsof an objects
re�ection propertiesmight lie within the rangeof thesemodeling
errors.Second,thechoiceof theerrorfunctionover which theop-
timization shouldbe performedis not obvious. For example,er-
ror basedon theEuclideandistanceis a poormetricsinceit tends
to overemphasizethe importanceof the specularpeaks(theseare
usuallymuchhigherthantherest)andignoretheoff-specularval-
ues. Finally, thereis no guaranteethat the optimizationprocess
will yield the bestmodel. Sincemost BRDF modelsare highly
non-linear, theoptimizationframeworksusedin the�tting process
rely heavily on initial guessesof themodelsparameters.Thequal-
ity of theseinitial guessescanhave a dramaticimpacton the �nal



parametervaluesof themodel.
Another approachis to acquire densemeasurementsof the

BRDF andusethesemeasurementsdirectly in the renderingpro-
cess. This approachpreserves thosesubtletiesof the measured
datathat are lost in a data-�tting approach.However, it is time-
consumingsinceit requiresre�ectancemeasurementsfor all de-
siredmaterialsin thescene.Furthermore,we endup with a collec-
tion of measuredBRDFsandnot with a parameterizedre�ectance
model.Any changeto thematerialpropertywouldrequire�nding a
realmaterialwith thedesiredpropertyandacquiringits re�ectance.

We suggestan alternative sampling-basedapproachfor model-
ing surfacere�ectance.We capitalizeon the fact that it is feasible
to rapidly acquireaccuratere�ectancemeasurementsusingimage-
basedtechniques.We acquireBRDFsfor a largerepresentative set
of materials.Materialsin ourcollectionincludemetals,paints,fab-
rics, minerals,synthetics,organicmaterials,andothers.We intro-
ducea new approachto BRDF modeling,anapproachthat is data
driven– it interpolates/extrapolatesnew BRDFsfrom therepresen-
tative BRDF data. Our approachhasthe advantagethat the pro-
ducedBRDFslook very realisticsincethey arebasedon themea-
suredBRDFs.Furthermore,weprovideasetof intuitiveparameters
that allow usersto changethe propertiesof the outputBRDF. We
alsolet usersspecifytheir own parametersby labelinga few rep-
resentative BRDFs. We believe that this way of specifyingmodel
parametersmakesour modelmucheasierto useandcontrol than
the analyticmodelsin which the meaningof parametersis often
non-intuitive [Pellacinietal. 2000].

In our model,we do not want to storeall acquiredBRDFsex-
plicitly. This leadsus to the analysisof the spaceof all possible
BRDFsfor commonmaterialsin theworld. A BRDFfor thesema-
terialsis notanarbitraryfunction,andweseeka representationfor
all possiblefunctionscorrespondingto physicalBRDFs. We treat
eachof our acquiredBRDFsasa singlehigh-dimensionalvector
whereeachmeasurementis anelementof this vector. Thenwe ap-
ply bothlinearandnon-lineardimensionalityreductiontoolsto ob-
tainalow dimensionalmanifoldthatcharacterizesthesetof BRDFs
wemeasured.In theprocesswealsoobtainamappingbetweenthe
embeddingmanifold andthe original BRDF space.Thereforewe
can always computethe correspondingBRDF for eachpoint on
the manifold. An interestingsideeffect of our approachis that it
suggestsan inherentdimensionalityfor the spaceof all isotropic
BRDFs.

To summarize,themaincontributionsof thispaperare:

� We introducea novel model for an isotropic BRDF that is
basedonmeasuredre�ectancefor a largesetof materials.

� We introducea setof perceptually-basedparametersfor this
model.Wealsolet usersspecifytheir own parameters.

� We analyzeboth linear andnon-lineardimensionalityof the
spaceof isotropicBRDFs.

� In our model the parametervaluesarepre-de�nedfor many
typical materials– the materialswe have measured.Using
our modelwe canalsogeneratedif�cult to representeffects
suchasrust,oxidation,or dust.

2 Previous Work

Thevalueof physically accuratere�ectancemodelshaslong been
understoodwithin thecomputergraphicscommunity[Blinn 1977].
The availability of BRDF modelsbasedon the actualphysics of
light transportand validatedby empirical measurementswere a
signi�cant catalystin this realization[Torranceet al. 1966][Trow-
bridgeandReitz1975]. Physicalaccuracy wasan impetusbehind
thedevelopmentof many subsequentcomputergraphicsre�ection

models[Cook and Torrance1982][He et al. 1991]. An interest-
ing transitionoccurredwith [Ward 1992], when Ward developed
a BRDF modelthat,while not strictly physically based,wascapa-
bleof describingmostsigni�cant re�ection phenomena.Hewentto
greateffort to ensurethathismodelobeyedthemostbasicof physi-
cal laws(reciprocityandenergy conservation),andsigni�cantly, he
�t his model's parametersto actualmaterialmeasurements.More
recently, the availability of low-costdigital camerashasrekindled
interestin BRDFacquisitionandmodeling.Oneparticularlyambi-
tiousundertakingis theCUReTBRDF database[Danaet al. 1999]
[CUReT]. TheCUReTdatabaserepresentsapproximately200re-
�ectancemeasurementsover varying incidentandre�ected angles
for aplanarpatchof 60differentmaterials.With auniformmaterial
samplethis amountsto a relatively sparselysampledBRDF. Such
a sparselysampledBRDF is not directly useful as a table-based
BRDF function;thus,it wasnecessaryto �t ananalyticfunctionin
orderto getausefulmodel.

Marschner[Marschneret al. 2000] constructedanothersigni�-
cantBRDF measurementsystem.His system,althoughlimited to
only isotropicBRDF measurements,wasboth fastandrobust. In
particular, hissystemtookuniqueadvantageof reciprocity, bilateral
symmetry, andmultiplesimultaneousmeasurementsto achieveun-
precedentedleveragefrom eachre�ection measurement.This of-
fers a signi�cant advantage. It �lters measurementnoisedue to
minutevariationsover the surface,errorsdueto spatialvariations
in photositeresponsewithin the imagesensor, andvariationsin il-
luminationintensity. In the faceof suchstatisticalaveraging,one
is hardpressedto attribute the inevitableresidualerrorsthatoccur
whenmodel�tting to additionalsystematicnoise,ratherthanfail-
ingsof theanalyticmodel.

The inherentdimensionalityof a BRDF, combinedwith thede-
sireto sampleit athighresolutionsin orderto modelspecular, inci-
dent,andretrore�ectioneffects,leadsto anunwieldysamplingand
storageproblem. Many researchershave addressedthis speci�c
problemby searchingfor a moreappropriatebasisfor represent-
ing BRDFs. Sphericalharmonics[Westinet al. 1992]andspheri-
cal wavelets[Schr̈oderandSweldens1995]arenaturalchoicesfor
representingthe angularparametersof the BRDF. Otheref�cient
representationsincludewavelets[LalondeandFournier1997],Zer-
nicke polynomials[Koenderinket al. 1996],andseparableapprox-
imationsobtainedusingsingularvaluedecomposition[Kautz and
McCool 1999] or a purely positive matrix factorization[McCool
etal. 2001].Furthermore,recentimage-basedapproachesto BRDF
modeling[Lenschet al. 2001]have demonstratedthepower of us-
ing linearcombinationsof acompactre�ectancefunctionbasissets
for modelingspatially varying BDRFs. Such linear decomposi-
tionsleadto aninterestingquestion:canthetruespaceof potential
BRDFs be describedas a linear combinationof basisfunctions?
Clearly, factorizationsof thesortusedto compressBRDFsarelin-
ear, allowing for arbitrary mixturesof their basisvectorsto �t a
givensetof data.If thisdecompositionapproachwerein factvalid,
it would imply that linearcombinationsof actualBRDFsmight be
usedto modeloriginal andphysically plausiblere�ection models.
Exploringtherami�cationsof thishypothesisis oneof ourmotiva-
tionsfor developingasample-basedgenerativemodel.

3 Data Acquisition

In order to acquire a suf�cient number of adequatelysampled
BRDFs,it wasnecessaryto build ameasurementdevice. Ourmod-
eling approachplacedtwo requirementson theacquireddata:�rst,
thateachBRDFbesampleddenselyenoughthatit couldbeuseddi-
rectlyasa table-basedmodel,andsecond,thatthespaceof BRDFs
be sampledadequatelyso asto spanthe rangeof modelsthat we
hopeto generate.Accordingly, wehavebuilt aBRDFmeasurement
devicesuitablefor rapidlyacquiringhigh-qualityBRDFsfor awide



Figure 2: A photographof our high-speedBRDF measurement
gantry.

rangeof differentmaterials(seeFigure2 ). Theimage-basedBRDF
measurementdevice describedby [Marschneret al. 2000] inspired
ourdesign.

Our acquisitionsystemrequiresa sphericallyhomogenoussam-
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),anda HamamatsuSQ Xenon lamp (a lamp
with stablelight emissionoutputanda continuousand relatively
constantradiationspectrumover thevisible light range).Thelamp
is mountedon an arm to the turntable. The light orbits the mea-
surementsampleplacedat thecenterof rotation;thecamerais sta-
tionary. Ourcamerais geometricallycalibratedusingthetechnique
describedin [Zhang1998]. Thepositionof the light sourceis de-
terminedusinga contactdigitizer (FARO Arm). We usethesame
digitizer to determinethepositionof thecenterof thematerialsam-
ple. Theradiusof thesampleis measuredwith calipers.The light
sourcemovesin incrementsof approximately0.5� from thepoint
exactly oppositethe camera(the sampleis in betweenthe camera
and the light source)to the point exactly in front of the camera.
We take a total of 330high dynamicrangepicturesto cover there-
quiredhalf circle. This processtakesabout3 hours.For eachhigh
dynamicrangepicturewetakeatotalof 1810-bitphotographs.The
exposuretimerangesfrom 40microsecondsto 20seconds.Weuse
the fact that our CCD camerahasa very linear responsecurve to
derive thehigh dynamicmeasurement.For eachpixel in theimage
we �t a line to theexposuretime vs. radiancevalues.Theslopeof
theline is usedastheradianceestimate.Thecorrelationof this line
is higherthan0.998.

Each acquiredimage of the samplesphererepresentsmany
BRDF samples.Essentiallyeachpixel of the sphereis treatedas
a separateBRDF measurement.In order to computethe speci�c
BRDFvaluefor agivenpixel weperformthefollowing steps.First,
we intersectthe ray de�ned by the pixel with the sphereto deter-
minepointP. Then,wecomputethenormalatpointPonthesphere,
thevectorandthedistanceto thelight source,andthevectorto the
camerapixel. Next, we computethe irradianceat point P duethe
light source(taking into accountdistanceto the light sourceand
foreshortening).Finally, we computetheBRDF valueasthe ratio
of thehighdynamicrangeradianceto theirradiance.

4 Data Representation

We found that specularpeaksweredif�cult to representusingthe
naturalcoordinatesystem(qin,qout , f di f f ). Even whenbinning a
BRDF at a densegrid (every 1 � spacingfor eachdimension),it

is not possibleto reproduceoriginal images(thespecularhighlight
becomesan oval shape,orientedat differentdirections). We use
a different coordinatesystem,describedin [Rusinkiewicz 1998]
andshown in Figure3. This coordinateframeis basedon thean-
gleswith respectto the half-angle(half-vectorbetweenincoming
andoutgoingdirections).This coordinateframeallows us to vary
the samplingdensitynearthe specularhighlight. Speci�cally, we
vary qh (anglebetweenthenormalandthehalf-vector),assigning
smallerbins for valuesnearspecularre�ection andlargerbins for
anglesfaraway from thespecularre�ection.

Figure 3: The standardcoordinateframe is shown on the left.
Rusinkiewicz's coordinatesystemis shown on theright.

We still discretizeqh,qd into 90 binsandf d into 360bins. This
resultsin a total of 90 x 90 x 360= 2,916,000bins for eachcolor
component.We halve this numberto 1,458,000by enforcingthe
reciprocityconstraint:

f (qh;qd; f d) = f (qh;qd; f d + p) (1)

With thisconstraintweneedonly to discretizef d into 180bins.

Figure 4: Two log imagesof a sphere(aluminaoxide). A real
imageis shown on the left. A synthesizedimageusingtabulated
BRDFdatais shown on theright.

Our measurementprocessgives us typically 20-80 million
BRDF samplesfor eachmaterial.We reducethenoisein our mea-
surementsby removing theoutliersin eachbin (lowestandhighest
25% of the values),andwe averagethe remainingmeasurements.
Thisstatisticalsmoothingis intendedto removesystematicnoiseas
well ascompensatefor smallvariationsin materialpropertiesover
the sample.As a �nal validationwe rendera synthesizedversion
of our samplesphereandcompareit to thecorrespondingacquired
high dynamicrangeimage. We conductthis inspectionfor all in-
put light con�gurations.Picturesfor a typicalacquiredmaterialare
in shown in Figure 4. The renderedimagesreproducethe input
imagesvery well. We have usedour device to acquireBRDF mea-
surementsof morethan130 differentmaterials,including metals,
plastics,paintedsurfaces,andcloth. Figure5 depictssomeof the
materialsthatweresampled.We have removed from furtheranal-
ysissomematerialsthatexhibitedsigni�cant subsurfacescattering,
anisotropy, or non-homogenity.



Figure5: Picturesof 100of ouracquiredmaterials.

5 Data Analysis

ThesesampledBRDFs can be useddirectly by a renderer. Sev-
eralexamplesof thatareshown in Figure6, wherea teapotis ren-
deredundernaturalillumination usingtheraw acquireddata.Our
ultimategoal, however, is to constructan empiricalBRDF model
thatcanbeusedto generatenovel, yet plausible,re�ectancefunc-
tionsdirectly from this database.We begin with the following as-
sumption:if we treateachof our BRDF samplesasa high dimen-
sionalvectorin anabstractBRDFspace,weexpectthatall physical
BRDFs lie upon a 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 parametersseenin analytic
BRDF models.Therefore,we breakdown the taskof constructing
anempiricalBRDF modelinto two phases:discoveringthis lower
dimensionalmodel, and de�ning an interpolationschemewithin
this lower-dimensionalsubspace.

5.1 Linear Analysis

In thecasewherethephysicalBRDFmanifoldliesona linearsub-
space,the analysistools for both manifold discovery andinterpo-
lation arewell known. In this case,PrincipalComponentAnalysis
(PCA)[Bishop1995] effectively determinesa setof basisvectors
that spanthe desiredsubspace,and linear combinationsof sam-
ples can be usedfor interpolation. Linear manifold approaches
haveprovenextremelyeffective in someproblemdomains,suchas
facesynthesis[Blanz andVetter1999] andradianceinterpolation
[Chenet al. 2002]. Potentiallinear manifoldsaregenerallysug-
gestedwhenthereis a noticeableplateauin themagnitudesof the
sortedeigenvalues.Whenthisplateauoccurson thekth eigenvalue,
we canmodel the dataasa k-dimensionallinear subspacewith a
residualerrorboundedby thesquarerootof thesumof thesquares
of theremainingeigenvalues.

We beganour analysisof theBRDF samplesby searchingfor a
linear embeddingmanifold (a hyperplane).The threecolor chan-
nelsof eachBRDF samplewereassembledinto a columnvector
andconcatenatedto form a 4,374,000by 104measurementvector
matrixX.

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

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

We performthe analysisin the log space(we apply the natural
logarithmto eachelementof vectorX). Thereareseveral reasons
for thisnormalization.First,thereis ahugedifference(ontheorder
of a few magnitudes)betweenthespecularandnon-specularvalues
of theBRDF. If usedin theoriginal space,theanalysistoolswould
associatemoreimportanceto noisein thespecularvaluesthanthe
actualnon-specularcomponents.Thelinearanalysiswould depre-
ciateimportanceof thesenon-specularvalues(thenon-specularval-
uesareperceptuallyimportant). Our operationis alsojusti�ed by
the fact that the humanvisual systemis sensitive to ratios rather
thanabsoluteradiancevalues.

Singular value decompositionwas then applied to XTX (a
104x104matrix). Thesingularvaluesin thiscasearethesquaresof
the desiredeigenvaluemagnitudes.A plot of theseeigenvaluesis
shown in Figure7. Wealsoshow in Figure8 thereconstructionof a
typicalmaterialusing�rst 1, 5, 10,20,30,45,60,andall principal
components.We seethat goodreconstructionis usuallyobtained
usingthe�rst 30-40components.

While thereis aconsiderablefall off in thesequentialvaluesseen
in this plot, the plateauis reachedaround45th eigenvalue(the re-
constructionerror is about1% at that point). This dimensionof
the embeddingsubspaceis considerablyhigher thanour intuition
would suggest,basedon the typical numberof parametersusedin
analyticBRDF models.We veri�ed that the45-dimensionalspace
de�ned by the�rst principalcomponentsreconstructsall our mea-
suredBRDFswell. However, it spansaspacethatis biggerthanthe
spaceof all possibleBRDFs. We areableto �nd thepointsin this



Figure8: Reconstructionof aBRDF from principalcomponentsin theorderof increasingnumberof components– mean,5, 10,20,30,45,
60,andall.

subspacethatdo not correspondto any physicalmaterials.In other
words,usinglinearcombinationsof thecomponents,wecanobtain
the datasamplesthat do not look like BRDFs. We illustrate this
point in Figure9. Moreover, in orderto spanthewholespace,we
would needto have at least45 parameterizationdirectionsin order
to reachall speci�ed BRDFs. This suggeststhat the spaceof all
possibleBRDFslies on a lower-dimensionalmanifold that is non-
linearly embeddedin the45D linearspace.In thenext section,we
apply recentlydevelopednonlineardimensionalityreductiontech-
niquesto discover this lowerdimensionalmanifold.

5.2 Nonlinear dimensionality reduction

Nonlineardimensionalityreducers(NLDR) computelow-distortion
embeddingsof high-dimensionaldata in low-dimensionaltarget
spaces.The nonlinearityusually obtainsfrom the fact that only
local relationshipsin the ambientspacearepreserved while long-
distancerelationshipsarepresumedtobecorruptedby thecurvature
of themanifoldin theambientspace.First-generationNLDRssuch
asnonmetricMDS [Kruskal andWish 1978],IsoMap[Tenenbaum
et al. 2000],andLLE [Roweis andSaul2000] generalizePCA to
give low-dimensionalembeddingsof the data,but offer no map-
ping of thedatapoints. Recently, two second-generationmethods
have beenannouncedthatoffer continuousmappingsbetweenthe
embeddingan theoriginal (ambient)space:AutomaticAlignment
[TehandRoweis2003]combinesLLE with a setof pre-estimated
local dimensionalityreducers–eachof which is presumedto be�t-
tedto a relatively �at subsetof themanifold–andsolvesfor a mix-
ture of theseprojectionsthat globally �attens the datawhile min-
imizing barycentricdistortionin eachpoint neighborhood.Chart-
ing [Brand 2003] solvesfor a kernel-basedmixture of projections
that minimizesEuclideandistortionof local neighborhoods;it in-
cludesa solutionfor the local dimensionalityreducersneededby
automaticalignment. We choseto usechartingbecauseit is ex-
plicitly designedto work well with smallnumbersof samplesand
to suppressmeasurementnoise,two conditionsthat tendto break
methodsfor dimensionalityreductionfrom local relationships.

Figure 10 gives the main geometricintuition behindcharting.
First onesolvesfor asetof �at “pancake” Gaussiansthatsmoothly

Figure 10: A simplechartingexample.Points(� ) sampledfrom a
unknown manifold(graycurve) areprojectedontothreesubspaces
(red, green,andblue lines) andassigneda probability (indicated
by size)accordingto their distancefrom thepoint wherethechart
touchesthemanifold. A minimal-distortionmergerof thesecharts
gives a �attening of the manifold in a lower dimensionalspace,
wherethemappedlocationsof pointsaretheprobability-weighted
combinationsof their chart-speci�clocations.

cover thedatamanifold,in thesensethatadjoiningGaussianshave
similar orientation.Thedominantaxesof eachGaussianspecifya
subspace.Projectingthedatainto this subspacegivesa “chart” of
onepart of the manifold. A chartpreserveslocal structurewhere
it touchesthemanifoldandsuppressesmeasurementnoisethatdis-
placessamplesoff the manifold. A datapoint hasa locationand
a probability in every chart. Due to curvatureof the manifold, a
chartgivesa very distortedpictureof faraway points;thesepoints
areassignedvery low probability.

The pancake Gaussiansare solved undera criterion that opti-
mizesthe chartsfor the ensuing“connection.” The connectionis
anaf�ne mergerof all chartsin the targetspace–effectively a �at-
teningof the manifold that minimally distortsall chartsandmax-
imizes agreementbetweenoverlappingchartsof the locationsof
pointsto which they assignhigh probability. Theconnectiongives



Figure 9: Nonlinearspacesgeneratevalid BRDFswherelinearspacesfail. Original BRDF correspondingto a point A on a 45 dimensional
hyperplane(left). Physically implausiblere�ectance(hole in the middle of the specularhighlight) correspondingto moving away from a
pointA onthe45dimensionallinearsubspace(center).Physicallyplausiblere�ectancecorrespondingto moving equallyfarawayfrom point
A on the15dimensionalnon-linearmanifold(right).

Figure 11: Datareconstructionerror asa function of the dimen-
sionality of the global chart. The sharpdrop in this error curve
indicatesthat a 10-dimensionalchart is suf�cient for the BRDF
data. In fact, thatcharthasa betterreconstructionerror thana 25-
dimensionalPCA.

mappingsbetweentheambientandtargetspaces,whicharesimply
mixturesof af�ne projections,weightedby the probability that a
point “belongs” to eachchart. The dimensionality-reducingmap-
pingfrom theambientto thetargetspaceeffectively imposesalow-
dimensionalcoordinatesystemon the samples,while the inverse
mappinggivesa smoothlycurving low-dimensionalsurfacein the
ambientspace,effectively reconstructingtheoriginalmanifold.

For charting,one must specify a set of chart centers,a width
parameters for theGaussians,anda targetdimensionalityd. We
usedthedefault settings:onechartcenteredoneachdatapointand
s = half the averagedistancebetweeneachpoint and its closest
neighbor. Note that locatinga charton a point doesnot causethe
manifoldto passthroughthatpoint–onlynearit. See[Brand2003]
for additionaldetails.

As with PCA, thedata-reconstructionerrorof a charteddataset
givesanindicationof thetruedimensionalityof themanifold.Fig-
ure11shows thatourBRDFdataprobablyliesona10Dmanifold.
The reconstructionerror doesnot declinemonotonicallybecause
eachdimensionalitymaymerit a different�attening. For example,
if thedataweresampledfrom a truncatedcone,thebest1D chart
would simply be height along the cone,while the best2D chart

would �atten theconeinto anannulus.Each�attening would sup-
pressthe noisein differentdirections,somemore fortuitous than
others.

While the10Dmanifoldexhibitsgoodreconstructionof theorig-
inal data,ourgoalis to synthesizenovel BRDFs.With thatin mind
we choseto work on a 15D manifold becauseinterpolationson it
passevencloserto thedatadensity(with errorcomparableto 45D
PCAreconstruction).Moreover, thisdimensionalityis roughlycon-
sistentwith previousisotropicBRDF models[Ward1992],[Lafor-
tuneet al. 1997],and[Koenderinket al. 1996],which have at least
10degreesof freedom.

A chartedmanifoldof BRDF datamakesit possibleto treatthe
spaceof BRDFs as if it were linear, and to identify meaningful
axesof variationin this embeddingspace.An interpolatingor ex-
trapolatingline in this spaceis a nonlinearcurve in the original
BRDF spacethatpassescloserto thedatadensitythat theequiva-
lentstraightline would (onaverage),simplybecauseit stayson the
manifoldwherea straightline doesnot. This translatesdirectly to
superiorBRDFsynthesis,aswill bedemonstratedbelow.

6 Mo del Construction

In orderto useour sample-basedre�ectancemodelit is necessary
to develop intuitive user interfacesfor specifying and exploring
new materials.Weinvestigatedmethodsfor characterizingmaterial
traits by analogiesderived from the existing samples.We believe
thatsuchmethodsprovide thebestandmostintuitiveuserinterface
[Pellacinietal. 2000].

Our modelis built from actualphysicalmeasurementsandit re-
producesthesemeasurements.Therefore,we have de�ned model
parametersfor a large collectionof materials– materialswe have
measured.We believe thatthemostusefulschemeof navigationis
whenuserscanchooseasastartingpointsometypeof thematerial
similar to theonethey desire.In our casethey canpick any of the
measuredmaterials.Then,they wouldchangethere�ectanceprop-
ertiesof this materialaccordingto oneof the following schemes
(thesenavigation schemesareapplicablefor both linear andnon-
linearmanifoldmodels).Thesimplestmethodis to chooseanother
BRDF and move in this direction. Although of limited use,this
methodworkswell for perceptuallysimilarmaterials.

A moreusefulapproachis to de�ne directionscorrespondingto
a desiredtrait (the parameterizationdirection is a 45D vector for
linearspaceanda 15D vectorfor nonlinearspace).We pick some
arbitrarypoint on themanifoldandthenmove in thedirectionde-
�ned by thevectorby addingit to thecurrentpositionto increase
thetrait, or subtractingit to decreasethetrait. We canbackproject
thecurrentpoint ontotheoriginal BRDF spaceto checkthecorre-
spondingBRDF. Next, we describevariousproceduresfor identi-



fying trait vectors.
Our modelingapproachrequirestheuserto specifya suf�cient

setof traits. This speci�cationcanbeassimpleasa binaryclassi-
�cation (i.e.,notingwhethereachacquiredBRDFhasthespeci�ed
trait.) We alsoallow theuserto leave a BRDF unspeci�edin cases
wherethetrait is hardto determineor simply doesnot apply. Usu-
ally the moresampleswe specify for eachclassthe moreprecise
thedirectionis.

Therearemany differentwaysto de�ne theparameterizationdi-
rectionsbasedon theclassi�cation. We have examinedandevalu-
ateda few. (A) Meandifference[Blanz andVetter1999]: In this
approachwe computetheaverageof eachBRDF in eachcomple-
mentarypair of clustersassociatedwith a trait (i.e., thosesamples
with, and thosewithout) in the embeddingspace. Then the vec-
tor betweenthesecomplementaveragesin theembeddingspaceis
theparameterizationdirection.Thisdirectionvectoris thenapplied
(addedor subtracted)to thecurrentpoint in theembeddingspace.
(B) Supportvectormachines[Vapnik 1995]: Supportvectorma-
chinesdeterminethehyperplanewhich separatesthedatapointsin
the�rst materialclassfrom thedatapointsin thesecondclass.The
partitioninghyperplanehasmaximumdistanceto theclosestpoints
(calledsupportvectors)in bothmaterialclasses.Theparameteriza-
tion directionis the normalto this hyperplane.The hyperplaneis
de�ned in 15Dspacefor non-linearanalysisand45D for thelinear
space.Thismethodalsotellsusonwhichsideof thehyperplanethe
currentpointis,andhow farthepointis from theplane.(C) Fisher's
lineardiscriminant[DudaandHart 1973]: Eachmaterialclasscor-
respondsto a somedistribution of high-dimensionaldata(15D for
non-linearanalysisand45Dfor linearanalysis).Fisher's lineardis-
criminantde�nesaprojectionof thesedistributionsontheaxissuch
that the distributionsprojectedon this axis arethe mostseparable
(the projectionmaximizesthe distancebetweenthe meansof the
two classeswhile minimizing thevarianceof eachclass).In prac-
tice,supportvectormachinesperformedthebestonourdatasetand
Fisher's lineardiscriminantperformedthepoorest.

Since we want our model to preserve the basic principles of
physics,wehaveto disallow movementsonthemanifoldthatdonot
adhereto theseprinciples.We considerthethreefollowing princi-
ples:

� Reciprocity:As mentionedbefore,reciprocityin ourmodelis
metby default sincewestoreonly half of theBRDFvector.

� Non-negativity: We allow theuserto move only in thespace
sothatall thevaluesin thebackprojectedvectorarepositive.

� Energy conservation:A unit of light energy is appliedatsome
incominglight direction.If thesumof energy in all outgoing
directionsis lessthanone(we assumethat the surfacedoes
not emit energy by itself) thentheenergy is conserved. This
hasto be true for all incominglight directionsin orderfor a
BRDF to follow energy conservation.We enforcethis anddo
not allow the usersto produceBRDFsfor which the sumof
energy for any incomingdirectionis greaterthanone.

7 Results

OncetheBRDFsareacquiredandvalidated,asdescribedin section
4, we performedboth linear andnon-lineardimensionalityreduc-
tion asdescribedsection5. Wethensetoutto constructaperceptual
BRDF modelusingthetechniquesoutlinedin section6. This sec-
tion presentstheresultsfrom a typicalmodelconstructionsession.

A test subjectwas asked to characterizeeachof the BRDFs
from our databaseusing 16 different traits. Theseincludedred-
ness, greenness, blueness, specularness, diffuseness, glossiness,

Figure 12: Diffusenesstrait vs specularnesstrait. Observe thatthe
diffusenessandspecularnesstraits exhibit a weakinversecorrela-
tion. The green,blue, and red vectorsdenoteprojectionsof the
BRDFinterpolationsshown in thesecond,third, andfourthrowsof
Figure16 respectively.

Figure 13: Metallic-like trait vs specularnesstrait. Observe that
themetallic-like andspecularnesstraitsexhibit a weakcorrelation.
The green,blue, andred vectorsdenoteprojectionsof the BRDF
interpolationsshown in the second,third, andfourth rows of Fig-
ure16 respectively.

metallic-like, plastic-like, roughness, silverness, gold-like, fabric-
like, acrylic-like, greasiness, dustiness, rubber-like. In a sense,
theseparametersarearbitrarysincetheclassi�cationis completely
basedon the subject's interpretation.We could have chosentraits
without physical connotations,suchasugly or pleasing. Alterna-
tively, thetraitscouldhave beenbasedon actualmeasurablequan-
tities, suchas conductivity and meansurfacevariation. Our test
subjectcharacterizedeachBRDF asoneof threechoices:1) pos-
sessingtheparticulartrait, 2) notpossessingthetrait, or 3) unclear.
Wethenusedthesubject'scharacterizationstobuild amodelin both
the linear andnon-linearembeddingspacesusingSupportVector
Machines.

The resultsfrom this trait-basedanalysisareshown asprojec-
tionsontothederivedtrait vectorsin Figures12, 13,and 14. These
projectionsarecomputedin the linear embeddingspacegiven by



our non-linearmodel.Observe thatthemetallicandspecularchar-
acteristicsare weakly correlated,the specularand diffuse traits
areweakly inverse-correlated,andtheglossyanddiffusetraitsare
inverse-correlated.This is what we would expect. Note that we
donot make attemptsto modelindependenttraitsin eitherour trait
selectionor trait vectorderivations.Therefore,weexpectthataddi-
tion of aparticulartrait to anexistingBRDFmayeffectothertraits.
This lackof parameterindependenceis a tradeoff thatweacceptin
orderto establishperceptuallymeaningfulparametersin our mod-
eling approach.Despitethe fact that the parameterizationvectors
arenotorthogonal,they did spanthewhole15Dnon-linearembed-
dingspaceandprovideanintuitivesetof “dials” for usersto design
materials.

Figure 14: Glossinesstrait vs diffusenesstrait. Observe that the
glossinessanddiffusenesstraitsexhibit aninversecorrelation.The
green,blue,andredvectorsdenoteprojectionsof theBRDF inter-
polationsshown in thesecond,third, andfourth rows of Figure16
respectively.

Oncetrait vectorsareestablished,we canaddandsubtractthem
from our datapoints in our embeddingspace. In Figure 15 we
demonstratefour examplesof varyinguser-speci�edtraitsusingthe
linearmodel.The�rst row showsateapotrenderedusingourGold-
Paint BRDF on the far left, and the effect of addingthe redness
trait in successive stepsto the right. The secondrow startsfrom
a our SpecularGoldBRDF (left) with successive additionsof the
silvernesstrait. The third row addsthe gold-like trait to the Blue-
GlossyPaint BRDF(left). Finally, thefourthrow showstheaddition
of the specularnesstrait to the BlackMattePlasticBRDF. It is our
experiencethat the linear modelgives reasonableBRDFs if only
smalldisplacementsarepermitted.If thedisplacementis too large,
physically invalid BRDFsresult(asillustratedin Figure9).

We thenappliedthesametrait classi�cationsandSupportVec-
tor Machinecalculationsto theembeddingspaceof our non-linear
model. Figure 16 demonstrates4 examplesusing this approach.
The �rst row of Figure 16 shows our CopperBRDF on the left,
with successive additionsof the roughnesstrait. The secondrow
beginswith our GreenAcrylicBRDF andshows theadditionof the
bluenesstrait. The trajectoryof this pathis alsoillustratedin Fig-
ures12, 13, and 14. Notice that color-changespeci�cation is
not particularlycorrelatedwith any of traitsusedfor theseprojec-
tions. Thus,we would expectrelatively small movementsandno
preferreddirection. The third row, on the otherhand,represents
theadditionof themetallictrait to theVioletAcryllic BRDF model,
whosepathis alsoillustratedin theprojectionsin Figures12, 13,
and 14. Thepathtrajectoryof thisexampleconformsto ourexpec-
tations,andits magnitudeis large in thesevisualizationssincethe

metallic trait is correlatedto theglossinessandspecularnesstraits
usedasaxis. Thefourth row startswith YellowDiffusePaint BRDF
andshows theadditionof theglossinesstrait, which is depictedas
theredpathin Figures12, 13,and 14. Thedirectionof thispathis
aswewouldexpect,andit hasa largemagnitudedueto thefactthe
the YellowDiffusePaint BRDF is locatedfar away from the glossy
examplesin theprojectionsshown.

Overall the non-linearbasisset resultsin a morerobust model
thanour linear basisset, in that we wereable to move large dis-
tanceswithin the non-linearembeddingspaceand still generate
physicallyplausibleBRDFswith theexpectedappearance.

Our modelingapproachalsoallows usto associateapproximate
trait vectorswith physicalprocesses.Thiscanbedonein oneof two
ways,by �tting a least-squaresline to apathof speci�edBRDFsin
the embeddingspace,or by computinglocal piecewise difference
vectorsbetweenexamples.As anexample,wehavemodeledmetal
oxidation. We measuredthe re�ectancechangesas a metal was
exposedto an acidic environment. It changedfrom highly spec-
ular polishedmaterialto black mattematerial. The acquiredfour
BRDFsdetermineapathin theembeddingspace.Theintermediate
stagesareinterpolatedin the embeddingspaceandbackprojected
to the samplespace(Figure17). Figure1 illustratesanotherpro-
cess– rust formation.We useda spatiallyvaryingtextureto select
rust levelsfor eachpointon theteapot.Wearecurrentlymeasuring
moreprocesseslike this suchascopperpatinationandothertypes
of rustformation.

8 Future Work and Conclusions

In this paperwe have introduceda new approachfor modeling
isotropic BRDFs. Our model generatesnew surface re�ectance
modelsby forming combinationsfrom a set of densely-sampled,
acquiredBRDFs.Wearehopefulthatdata-drivenre�ectancemod-
elingapproaches,likeours,cangreatlyexpandtherangeof material
modelsusedin computergraphicsrendering.

In order to develop an effective and ef�cient interpolation
schemewe chooseto �rst analyzethe inherentdimensionalityof
ourdataset.To thisendweappliedbothin linearsubspaceandnon-
linearmanifoldanalysis.Theresultsof this analysisaresuggestive
of theoverall structureof BRDFs. Speci�cally, we found that the
linear subspacemodel lent itself to the creationof physically im-
plausibleBRDFs,anda large numberof dimensions(around45)
wererequiredto adequatelyrepresentourmeasurements.Nonethe-
less,we still found the linear subspacemodel to be useful for in-
terpolationoversmalldistances.Thenonlinearmodel,on theother
hand,was much more compactin its dimensionality(around14
dimensionsfor thesameaccuracy asthe45-dimensionlinearsub-
spacemodel),andmorerobust in its ability to interpolateplausi-
ble BRDFsover long distances.However, we cautionagainstover
generalizingfrom our results. We arecomfortablein sayingthat
our modelingapproacheffectively representsour dataset,but our
samplesize is still relatively small to draw conclusionsregarding
the fundamentalnatureof isotropicBRDFs. However, we areop-
timistic thattechniqueslike ourscanbeusedto greatlyexpandour
knowledgein theseareas.

We also have demonstratedmethodsfor de�ning intuitive pa-
rametersfor navigating within BRDF models. Thesetechniques
caneasilybecustomizedfor a rangeof industrialandartisticappli-
cations. Furthermore,they canbe personalizedfor individual use
or madeobjectiveby incorporatingphysicalmeasurements.

Theadvantagesof our data-drivenBRDF modelincludea high
degreeof realism,a perceptuallymeaningfulparameterization,rel-
ative easeof modelingfor complex surfacematerials,and speed
of evaluation. The main disadvantageof the model is its size.
We believe that the model we proposecan easily be incorpo-
ratedinto existing renderingsystems.We alsohopeto extendour



Figure 15: Navigation in the linearspace.Eachrow correspondsto changingoneparameterof themodel. The�rst row shows anincrease
in therednesstrait appliedto theGoldPaint BRDF. Thesecondrow illustratesanincreasein thesilvernesstrait appliedto theSpecularGold
BRDF. Row threeappliesthegold-like trait to theBlueGlossyPaint BRDF. Thefourth row showsanincreasein thespecularnesstrait applied
to theBlackMattePlasticBRDF.

work in sample-basedre�ectancemodelingto includeanisotropy
(4D BRDF), macro-scalesurfacevariationstypically describedby
BTFs,andsubsurfacescatteringeffects(BSSRDF).Anotherobvi-
ousextensionwouldbeto usethismodelin solvinginverserender-
ing problems.
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