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Abstract
TheBidirectionalRe�ectanceDistribution Function(BRDF) describesthe appearanceof a material by its in-
teraction with light at a surfacepoint. A variety of analytical modelshavebeenproposedto representBRDFs.
However, analysisof thesemodelshasbeenscarcedueto thelack of high-resolutionmeasureddata.In this work
we evaluateseveral well-knownanalytical modelsin termsof their ability to �t measured BRDFs.We usean
existing high-resolutiondata setof a hundred isotropic materialsand computethe bestapproximationfor each
analyticalmodel.Furthermore, we havebuilt a new setupfor ef�cient acquisitionof anisotropic BRDFs,which
allowsusto acquire anisotropic materialsat high resolution.We havemeasuredfour samplesof anisotropic ma-
terials (brushedaluminum,velvet,and two satins).Basedon thenumericalerrors, functionplots,and rendered
imagesweprovide insightsinto theperformanceof thevariousmodels.We concludethat for mostisotropic ma-
terials physically-basedanalytic re�ectancemodelscan representtheir appearancequitewell. We illustrate the
importantdifferencebetweenthetwocommonwaysof de�ning thespecularlobe:aroundthemirror directionand
with respectto the half-vector. Our evaluationshowsthat the latter givesa more accurate shapefor the re�ec-
tion lobe. Our analysisof anisotropicmaterialsindicatescurrentparametricre�ectancemodelscannotrepresent
their appearancesfaithfully in manycases.We showthat usinga sampledmicrofacetdistribution computedfrom
measurementsimprovesthe�t andqualitativelyreproducesthemeasurements.

1. Intr oduction

Realisticgraphicscanbe seenas a variantof physics that
addresseslight interaction.Physical sciencesinvolve both
a modelingphasewherereal phenomenaaremodeledwith
quantitative law, and an experimentalvalidation phase.In
realisticgraphics,validationis challengingbecausethephe-
nomenaarecomplex andmeasuringall thesceneparameters
is dif�cult [MRC� 86,RWP� 95]. In this paper, we tacklean
importantpart of the equationby focusingon materialre-
�ectanceandtheassociatedmodels.With thepresenceof a
largenumberof BRDFmodels,wefeel thatanexperimental
analysisandcomparisonis sorelyneeded.In this paper, we
evaluatetheperformanceof variousBRDF modelsby com-
paringtheir abilitiesto representrealmeasuredBRDFs.We
believe our analysiscanserve asa guidefor practitionersin
their choiceon BRDF models,andour extendeddata�tting
resultsshouldalsoserveasstartingpointsfor usingthemore
sophisticatedmodels.

y email:addy, fredo@csail.mit.edu
z email:matusik@merl.com

1.1. RelatedWork

BRDF researchhascombinedskilled engineeringand�rm
scienti�c principles.Empiricalmodelsrespondto engineer-
ing tradeoffsbetweenrealismandef�ciency, twocriteriathat
are highlighted by the advent of programmablereal-time
shading.Physical modelsare derived from �rst principles
andthey have beencomparedagainstreal datawhenavail-
able[CT81,HTSG91,War92].

Unfortunately, realBRDFdatahave longbeenhardto ac-
quire andmeasurementswereoften limited in angularres-
olution. Recentresearchefforts have resultedin a wider
availability of BRDF data [Cor, Nis, War92, DvGNK99,
MWL � 99,MPBM03,HP03,SSK03]. Thisprovidesuswith a
uniqueopportunityto experimentallyanalyzeBRDFmodels
andgain a practicalexperienceon their ability to represent
realBRDFs.

Understandingthe tradeoffs and �tting performancesof
BRDFs is becomingincreasinglyimportant[SHSL97]. In-
verserendering,e.g.[FGR93,Mar98,YDMH99] andnew ac-
quisitiontechniques,e.g.[SWI97,LKG� 01,KBMK01] typ-
ically estimatere�ectance propertiesusing a very sparse
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set of observations.Even dataacquiredusing goniore�ec-
tometersoftendonotcontainmany samplesandcanexhibit
noise,e.g.[Bor03]. Theselimitationsprevent thedirectuse
of themeasureddataandmake the�t to ananalyticalmodel
a requirement.The low samplingrateandnoiselevel make
the BRDF �tting very underconstrained,and the �nal vi-
sualresultis heavily dependenton thechoiceof themodel.
Danaetal. [DNGK97] �t awiderangeof materialsto BRDF
models.However, their datasetis limited in resolution(205
viewing/illuminationcombinations),andthey only �t to the
Oren-Nayarmodel[ON94] andtheKoenderinkrepresenta-
tion [KvDS96] basedonZernikepolynomials.

1.2. Overview

In this paper, we provide experimentalanalysisandinsights
that shouldguidepractitionersin the �eld. While previous
work in BRDF modelinghasvalidatedtheproposedmodels
usingphysicalmeasurements,thenumberof materialsused
in thevalidationis typically smallandoftencon�ned to the
category on which the model is primarily focused.In our
studywequantifyandcomparetheperformanceof sevenan-
alyticalBRDFmodelsonadatasetof 100isotropicBRDFs
acquiredathighresolutionandcoveringawiderangeof ma-
terials.We alsoconducta studyon a datasetof 4 common
anisotropicmaterialsmeasuredathigh resolution.Theread-
ersshouldrefer to our websitey for complete�tting results
andinstructionsfor raw dataaccess.

We observe that most isotropic materialsunder natu-
ral illumination can be representedreasonablywell using
physically-basedre�ectancemodels.One of our observa-
tions is thatconstructionsbasedon themirror-anglepoorly
modelreal re�ectance.In particular, we emphasizethat the
basisfunctionsof theLafortuneet al. [LFTG97] modelare
not a goodmatchto theshapeof theprimaryre�ection lobe
of many materials(Section4.5).

Our study indicatesthat someanisotropicmaterialscan
exhibit a complexity that exceedsthe expressive power
of current parametricBRDF models. We show that the
microfacet-basedBRDF generatorproposedby Ashikhmin
et al. [APS00] providesmany moredegreesof freedomand
is able to reproducethesemeasurementsqualitatively. We
describean iterative methodto estimatethemicrofacetdis-
tributiondirectly from themeasuredBRDF(Section5).

2. Data setand acquisition

2.1. Isotropic BRDFs

We usea datasetof 100 BRDFsmeasuredwith high pre-
cision acquiredby Matusik et al. [MPBM03]. The dataset
includesmetals,plastics,paintedsurfaces,andfabrics.We
acknowledgethatour datasetdoesnot cover the full range

y http: //groups.csail.mit.edu/graphics/brdf/

of materials,and effects such as retrore�ection might be
underrepresented.In fact, our BRDFs have no valid sam-
pleswithin 3 degreesfrom theretrore�ectiondirectionsince
thelight sourceoccludesthedetector. TheBRDFswereac-
quiredby capturingimagesof a spheresamplelit by a point
sourcefrom a densesetof directions,similar to Marschner
et al. [MWL � 99]. This image-basedmethodallows for high
angularresolutionmeasurementsincemany radiancesam-
plescanberecordedin onesingleimage.However, thismea-
surementsetupis limited to isotropicBRDFsandrequires
sphericalsamples.

2.2. Anisotropic BRDF acquisition setup

In this work, we extend the image-basedBRDF acquisi-
tion setupto handleanisotropicmaterials(Figure1), simi-
lar to Lu et al. [LKK00]. Sphericalsamplesprovide a two-
dimensionalset of normalsin eachimage,but it is dif�-
cult to manufacturesphericalsamplesfor somematerials.
Marschneret al. [MWL � 99] also use a cylindrical target
shapefor somemeasurementsbutonlyacquireBRDFsin the
incidenceplane.Using a cylindrical target any planarsam-
ple that is �e xible can be wrappedon the surfacewithout
distortion. In our setupwe compensatefor the lost degree
of freedomin thenormalvariationsby mountingthecylin-
der on a precisionmotor andperformingmeasurementsat
different tilt angles.In order to accountfor anisotropy the
rectangularstripson the cylinder areobtainedfrom a pla-
narsampleof thematerialatdifferentorientations.Together
with thedegreeof freedomfor thelight position,weareable
to acquirethefull 4D BRDFusinga largesetof two dimen-
sionalimages.Figure2 shows anexampleinput imageof a
acquiredvelvet sample.

Cylinder (1D normal variation)
with stripes of the material 
at different orientations (1D)

Light source
Light source path (1D)

Rotation of 
cylinder (1D)

Precision 
motor

Camera
Precision 

motor

Figure 1: Acquisitionsetupfor anisotropic materials.The
cylinder tilt, surfacenormal variation, light position and
strip orientationeach contributesto onedegreeof freedom
for acquiringthe4D BRDF.

The samplingdensityof the light position and cylinder
positionscan be adjustedeasily as they are controlledby
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precisionmotors.The resolutionof the acquiredBRDF is
mainly limited by thenumberof materialstripsmountedon
the cylinder. It is dif�cult to usestripsnarrower than1cm
due to the manualprocedureof attachingthe strips to the
cylinder.

Figure2: Target cylindercoveredwith velvet.

2.3. Anisotropic data

Our anisotropicdatasetcurrentlyincludes4 materials:vel-
vet, two satins,and brushedaluminum.The light position
is rotatedat 2 degreesinterval andcoversmostof the full
circle. Positionswherethe light occludesthe cameraor is
occludedby the cylinder arediscarded.The motor driving
thecylinder is incrementedat aninterval of 5 degrees,from
0 to 180. The strips on the cylinder are cut from a planar
sampleof thematerialusinga lasercutterto obtainprecise
orientation.The strip orientationrangesfrom 0 to 180 de-
greesspacedat 9 degreesintervals.Combiningthis with the
cylinder rotationprovidesa full 360coverage.For eachob-
ject/lightpositioncombination,wetake8 imageswith expo-
suretime from 40 microsecondsto 1 second,andcombine
themto form a high dynamicrangeimage.Theacquisition
time is about16hoursfor eachmaterialandtheraw uncom-
presseddatasizeis 30GB.

2.4. Data processing

Eachpixel in the input imageswith non-zeroirradianceis
considereda BRDF sample.We groupall the samplesinto
bins uniformly spacedin the 4D angularspacede�ned by
qin;qout ; f in; f out . We set the BRDF valuesto the median
valuein eachbin.

Theisotropicdatafrom Matusiket al. wasoriginally rep-
resentedusingthe Rusinkiewicz parameterizationbasedon
thehalf-vectorandtabulatednon-uniformlyto optimizefor
renderingquality. To avoid biasdueto thechoiceof param-
eterizationsandbinningintervals,wereprocesstheisotropic
datadirectly from theraw acquiredimagesaccordingto the
sameproceduredescribedabove.

We samplethe isotropicandanisotropicdatawith inter-
valsof 1 and2 degreesrespectively, andapproximately85%
and25%of thebinsarenon-empty. Theprocesseddatacan
beuseddirectly for �tting by ignoringtheemptybins.

3. Methodology

3.1. BRDF models

We chooseseven analyticalisotropicmodelsfor our anal-
ysis: Ward [War92], Blinn-Phong[Bli77], Cook-Torrance
[CT81], Lafortune et al. [LFTG97], Ashikhmin-Shirley
[AS00], He et al. [HTSG91], and a variant of the Ward
modelproposedby Duer [Due04], which �x esthe normal-
ization of the specularlobe. The formulasfor the models
arelistedin thesupplementaldocumentonourwebsite,and
the readeris referredto the original papersfor further de-
tails. Thesemodelsdiffer in their degreesof freedomand
goals,rangingfrom physically-basedto ad-hocmodelsde-
signedfor computationspeed.Comparingthemis in asense
“unfair,” andwe only focuson the numericalability to �t
measureddata.

To evaluatetheperformanceof theanalyticalmodels,we
�rst restrictthemto haveonly onespecularlobeandthedif-
fusecontribution to beLambertian.Theshapeof thespecu-
lar lobeis enforcedto beidenticalacrossthecolorchannels,
andhenceall the BRDF modelscanbe expressedwith six
parametersfor thediffuseandspecularcolor, anda variable
numberof parametersfor thespecularlobe:

M = (dr ;dg;db)di f f use+ (sr ;sg;sb)specular(p0; p1; :::; pn)

3.2. Fitting BRDFs

A corepartof our analysisis to �t measuredBRDFsto an-
alytical models.We apply constrainednonlinearoptimiza-
tion techniquesbasedon SequentialQuadraticProgram-
ming(SQP)over the specularlobe parametersp0; p1; :::; pn
to minimizetheerrormetricdescribedin thenext paragraph.
Thediffuseandspecularcolor (6 parameters)arecomputed
analyticallyasa sub-procedurebasedon linearleastsquare.
Like any nonlinearoptimization,thequality of the �t is de-
pendenton a goodinitial guess.To make suretheoptimiza-
tion convergesto the global minimum,we visually inspect
the �tting quality of the result and if necessaryrestartthe
optimizationfrom adifferentsetof initial guesses.

Our �tting proceduredoesnot take into accountknowl-
edgeaboutthemeaningof physically-basedparametersfor
modelssuchasCook-Torranceor Heetal. While thismight
result in physically-inconsistentvalues,it providesthe best
approximationof thedata.Usingaconstrainedoptimization
is aninterestingavenueof futurework.

3.3. Err or Metric

Theobjective functionof theoptimizationis de�ned asthe
meansquarederrorbetweenthemeasuredBRDFR, andthe
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targetmodelM givenparametervectorp:

E(p) =

s
å w[R(wi ;wo)cosqi � M(wi ;wo;p)cosqi ]2

å w
(1)

Thesumis over thenon-emptybinsof R, wi andwo are
the incidentandoutgoingdirectionsrespectively, andqi is
theelevationangleof theincidentdirection.Theweightw is
thesolidanglecorrectionterm.Weignoredatawith incident
or outgoinganglelarger than80 degreesasmeasurements
close to extremegrazinganglesare in generalunreliable.
The metric is essentiallya L2 metric over the hemispheres,
with part of the domainremoved wherethereis a lack of
reliablemeasurements.Theform of this metricallows usto
separatethe linearparameters(diffuse/specularcolor) from
themainoptimization,whichgreatlyimprovestheef�ciency
andstabilityof the�tting routine.

The cosqi term in the metric weighs the BRDF under
the assumptionof uniform incomingradiance,andin prac-
tice we observe that the optimal �t with the cosinefactor
producesrenderingswhich are visually superiorto the �t
without it. Lafortuneet al. [LFTG97] de�ne the objective
functionfor �tting astheBRDFdifferencemultipliedby the
cosinesof both the incidentandoutgoingelevation angles.
We �nd thattheadditionalcosinefactorgivesresultswhich
arevisually similar to ours.

Wehaveexperimentedwith other�tting metricsbasedon
the logarithm or cubic root of the BRDF. As the logarithm
behavesbadly nearzero, it imposesan arbitrarychoiceof
scalingthe BRDF, and in practiceit is dif�cult to make a
singlechoicethatconsistentlyperformswell for all materi-
als.For themetricbasedonthecubic-root,thebest-�t BRDF
oftenresultin renderingswith highlightsthataretoo blurry
comparedto themeasureddata.

It is clear that choosingan appropriatemetric for �tting
BRDF is dif�cult, andour choiceof thedirectL2 metric is
basedon two reasons:i) it providesplausible�ts in theren-
deredimagesfor mostmaterialsin ourdataset,ii) thelinear
natureof the metric makesthe minimization lower dimen-
sionalandmorestable.Weshouldemphasizethatthebest�t
accordingto our metricmight not alwayscorrespondto the
bestvisual match,which is highly dependenton scenege-
ometry/illumination.Developinga perceptually-basedmet-
ric which is simpleandstablefor optimizationwould bein-
terestingdirectionfor futurework.

4. Isotropic material analysis

4.1. Fitting quality of the models

We �t the isotropic dataset of 100 materialsto the seven
modelslisted in theprevioussection.The�tting errorsof 5
of the modelsareplottedin Figure14. The errorsarenor-
malizedby themaximumalbedoof eachBRDF andplotted
in logarithmicscale.Thealbedois computedby integrating

theBRDF over theoutgoinghemisphere,givenan incident
direction.We computethe albedosof the BRDF over the
rangeof 0 to 80 degreesincidence,and we usethe maxi-
mumvalueto normalizetheerrorsplottedin Figure14. This
normalizationallows us to comparethe residueerrors for
different materialswhile discountingthe factor of relative
scale.In certaincases,theabsoluteerrorcanbemoremean-
ingful (e.g.darker materialsareeasierto approximate).The
absoluteerrorsarereportedin thesupplementarydocument
availableonourwebsite.

Wesortthematerialsaccordingto theerrorsof theLafor-
tune �ts. The errorsfor the Ashikhmin-Shirley and Ward-
Duer modelsare not shown in the �gure: the Ashikhmin-
Shirley errorsareverycloseto Cook-Torrancein mostcases,
andtheWard-Duererrorsareverycloseto theoriginalWard,
thoughconsistentlylower.

Figure14shows thatHe,Cook-TorranceandAshikhmin-
Shirley typically have the lowesterrors.Onefactorof their
goodperformanceis probablytheir explicit modelingof the
Fresneleffect. In the caseof the He model,the numberof
degreesof freedomis alsobigger. In contrastBlinn-Phong
andWardconsistentlyyield highererrors.Theerrorsfor the
Lafortunemodellie in betweenfor a majority of the mate-
rials.To theleft endof theplot aremostlydiffuseor mildly
glossymaterialslike fabrics,rubberandpaints,while ma-
terialscloseto the right endaremostly smoothmetalsand
highly specularplastics.Thenormalizederrorsspanseveral
orderof magnitudesastheshapeof theBRDF is vastlydif-
ferentfor thewidespectrumof materials.

Figure 3: Fitting the measured "green-metallic-paint"
BRDF with the seven models.Clockwise from upper left:
Measured,Ward, Ward-Duer, Blinn-Phong, He, Ashikhmin-
Shirley, Cook-Torrance, Lafortune.

One example �t, to the measurement"green-metallic-
paint" is shown in Figure3 with spheresrenderedunderan
environmentmap.Thepolarplotsin theincidenceplanefor
threemodelsarealsoshown in Figure4. Therelativequality
of the�ts from thedifferentmodelsfor this materialis typ-
ical of thedataset.TheWard,Ward-DuerandBlinn-Phong
imagesare all noticeablydifferent from the original data.
Thehighlightsnearthecenterof thespherearesigni�cantly

c
 TheEurographicsAssociation2005.



Nganetal. / ExperimentalAnalysisof BRDFModels

Ward

Cook-Torrance

Lafortune

Figure4: Polar plotsof themeasured"green-metallic-paint"
in the incidenceplanecompared to the �ts from the Ward,
Cook-TorranceandLafortunemodels.Cubicrootapplied.

brighterthanthe original, andneargrazinganglethe high-
lightsaremuchlesspronounced.Of thethreemodels,Ward-
Duerhasthestrongesthighlight neargrazingangle,but it is
still noticeablydimmerthanthemeasureddata.Theimages
from theAshikhmin-Shirley, Cook-TorranceandHe �ts are
very similar to eachotherandaremostly faithful to thedi-
rectrendering.TheLafortune�t showsanabruptincreasein
intensityneargrazingangle,however valuescloserto nor-
mal incidencearetoo low. In addition,the highlight is ex-
cessively blurredalongthecircumferenceof the sphere,an
effect thatwewill look into in Section4.5.

With a broaderview over theentiredataset,we �nd that
physically-basedmodelslike Cook-Torranceand He often
producethe best�ts. The He model,which is known to be
themostcomprehensiveBRDFmodel,doesnotproduceno-
ticeablysuperiorvisualresultsto theCook-Torrancemodel.
However, it shouldbenotedthatourmeasurementandanal-
ysisignorepolarizationandspectraldependence,two impor-
tantaspectsmodeledby He. TheLafortunemodel,without
anexplicit Fresnelfactor, yieldsreasonable�ts for materials
that do not show signi�cant intensityincreaseneargrazing
angle.In addition,glossymaterialsarenot goodcandidates
for the Lafortunemodel due to the anisotropicblurriness
neargrazingangle.TheBlinn-PhongandWardmodelboth
have nearconstantre�ection power independentof incident
angle,and thus they are only suitableto a subclassof the
materials,includingsomemetalsandplastics.TheDuerver-
sionof theWardmodelwith increasedstrengthneargrazing
improvesthe�tting performance,however theimprovement
is limited asthegrazingangleincreaseis not controllable.

4.2. Multiple lobes

Cook andTorrance[CT81] suggestthat two or morespec-
ular lobesarenecessaryto modelsurfaceswherethereare
multiple scalesof roughness.Lafortuneet al's generalized
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Figure5: The�tting errors(logarithmicscale)with one/two
lobesof theCook-TorranceandtheLafortunemodels.

cosinelobes[LFTG97] serve as basisfunctionsfor repre-
sentingBRDFsandthusmultiple lobesareexpectedin gen-
eral.We �t the datasetwith the two lobesversionof both
the Cook-Torranceand Lafortunemodels.In 26 casesfor
Cook-Torranceand31casesfor Lafortune,theextra lobere-
ducesthe error by morethan25%.Thesetypically include
materialsthathavemultiple layersof �nishing (e.g.metallic
paints)andalsosomebrushedmetals.The�tting errorswith
the Cook-Torranceandthe Lafortunemodelswith oneand
two lobesfor the30 mostimprovedmaterialsareshown in
Figure5. Figure6 shows thecomparisonof theoneandtwo
lobes�t to thenickel sample.

Lafortuneet al. [LFTG97] employed threelobesfor the
examplematerials.However, we found that in practice,�t-
ting with threelobesis very unstable,andhencein thecur-
rent versionwe omit resultsfrom the three-lobeLafortune
model.Qualitatively, we believe theadditionof a third lobe
would only offer marginal improvementsto the shapemis-
matchof themainlobe.

4.3. Evaluation of differ ent microfacetdistrib utions

Therearethreecommonchoicesof theshapeof thespecular
lobe: Gaussian,cosinepower, and the Beckmanndistribu-
tion function.Our studyshows that the�tting quality of the
Cook-Torrancemodelwith the threedifferentformulations
arenearlyidenticalbothnumericallyandvisually.

4.4. Fresneleffect

To studythe importanceof the Fresneleffect, we compare
the�t quality of theCook-Torrancemodelwith andwithout
thestandardFresnelterm,andalsowith theSchlick[Sch94]
approximation.While theerrorswithouttheFresneltermare
signi�cantly higher(20% on average),the Schlick approx-
imation doesnot introducefurther errorscomparedto the
original formulation.
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Figure 6: Fitting themeasuredBRDF"nickel" with themulti-lobeCook-TorranceandLafortunemodels.Left to Right: Input,
Cook-Torrance1 lobe, Cook-Torrance2 lobes,Lafortune1 lobe, Lafortune2 lobes.

4.5. Shapeof the specularlobe

Our �tting resultshighlight theprofounddifferencebetween
two popularformulationsof the specularlobe andtheir ef-
fects at neargrazingangles.Most previous discussionsof
the behavior of re�ectancewhenthe incidentanglemoves
towardgrazinghave focusedon the increasein intensityof
the re�ection. As such,BRDF modelsareoften only com-
paredto measurementsin the incidenceplane.We �nd that
the shapeof the lobe alsohasimportantimplications.The
mirror angleconstructionemployed by modelslike Phong
andLafortune,resultsin excessively blurry re�ections near
grazingangle.While theshapedifferencebetweenthesetwo
lobeconstructionsis known to BRDFspecialists,webelieve
it is important to restateit in the context of experimental
evaluation,so that practitionersunderstandthe tradeoff in
modelssuchasLafortunethatsacri�ce lobeshapefor com-
putationspeed.

In theoriginal Phongmodel[Pho75], thespecularlobeis
de�ned aroundthemirror directionsymmetrically(V � R). In
theBlinn variationof thePhongmodelandmostmicrofacet-
basedmodels,thespecularlobeis expressedwith respectto
thehalf vectorH andthenormalN, whereH is theaverage
vectorbetweentheincidentandoutgoingvector. TheLafor-
tunemodel,ontheotherhand,employsageneralizedcosine
lobez similar to theoriginal Phonglobe.While thegeneral-
izeddot productgives�e xibility in specifyingtheprincipal
re�ection direction,the loberemainssymmetricaroundthe
mainre�ection direction.Hence,theLafortunelobe is sim-
ilar to theV � R lobe whereR canbe seenasa generalized
mirror direction.

Sinceall analyticalmodelswe have consideredarefunc-
tions of eitherH � N or V � R, we focusthe restof our dis-
cussionon isocontoursof thesedot productsin thespaceof
directions.We illustratethedifferencebetweenthetwo rep-
resentationsin Figure7. Considera givenincidentdirection

z Thegeneralizedcosinelobe:

fr (u;v) = r sCs(u)[u0� v]n;u0 = normalize(Cxux;Cyuy;Czuz) (2)

whereu andv aretheincidentandoutgoinganglerespectively, and
Cs(u) is ascalarfactorindependentof v.

L

R

H
N

VH

Figure 7: The V � R lobe compared with the H � N lobe
remappedto theoutgoingdirections.

L. Thebluecircle aroundthenormalN denotestheconeof
directionswherethedot productwith N is constant.Oneof
the half-vectorsH in this set is shown. We can map H to
its correspondingoutgoingdirectionVH , following a great
circle on the sphereof directions.This canbe donefor the
entiresetof half-vectorsin thebluecircle,andwe show the
correspondingsetof outgoingdirectionsin greenaroundthe
mirror vectorR. Comparingit to theredcircle, representing
the coneof directionsV with constantV � R, the remapped
contouris asymmetricandis narrower in the directionper-
pendicularto theincidentplane.By similarconstruction,we
can visualizethat this contour is more circular when L is
nearN, andbecomesnarrower whenL movestowardsgraz-
ing angle.TheV � R lobeis, however, alwayscirculararound
themirror directionR.

A plot of themeasuredBRDFof PVCplasticat55� inci-
dentangleis shown in Figure8. It displaysa similar asym-
metry to the remappedcontourassociatedwith the H � N
lobe. This asymmetryis observed in the dataset for most
materialswith anapparentspecularlobe.Suchbehavior can
beexplainedby themicrofacettheory, e.g.[CT81]. Thethe-
ory modelsthe surfaceasa collectionof microfacets,with
normalsorientedaccordingto somedistribution function.
Assumingthat the microfacetsare perfectmirrors, the re-
�ectance from L to V is then proportionalto the fraction
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N

L
R

LR
N

Figure 8: Sideand top-downview of the measured "PVC"
BRDF, at 55� incidence. (Cubicroot is appliedto theBRDF
for visualization.)Its specularlobeexhibitsa similar asym-
metryto theH � N lobe.

of microfacetswith normalsalignedwith thehalf-vectorH,
with someadjustmentsfor shadowing andmasking.Thus,
the re�ectancefunction for a microfacetmodelis naturally
de�ned with respectto H. For isotropicmodels,the distri-
bution of normalsis radially symmetric;therefore,a cone
of half-vectorH aroundN shouldhave constantre�ectance
value if the shadowing andmaskingtermsarenot consid-
ered.Hence,it is reasonableto de�ne re�ectanceasa func-
tion of H � N underthis theory. On the contrary, the V � R
contouris notconsistentwith any distributionof normals,as
a circularconeof vectorsarounddifferentRs with thesame
spreadwould mapto a differentsetof half-vectorsaround
N.

Thedifferencebetweenthetwo formulationsexplainsthe
anisotropicblurring for the Lafortune�ts in Figure 6 and
Figure 3. Comparedto a half-vector basedlobe, the sym-
metric mirror lobe doesnot get narrow at grazingangles,
resultingin blurring in the directionorthogonalto the inci-
dentplane,which is alongthecircumferencefor thecaseof
asphere.

We have shown that the H � N representationis a more
accurateway to modelspecularre�ections.This is in strong
oppositionto somebeliefsthatthehalf-vectorrepresentation
is just a more convenientway of interpretingthe specular
lobe.Webelieve thishasbeenoverlookedin thepastmainly
dueto the fact that the two representationsaretrivially re-
latedin theincidenceplane.

Note that this observation is different from the popular
re-parameterizationproposedby Rusinkiewicz [Rus98] that
also emphasizesthe importanceof the half vector. In his
work, he shows that the parameterizationbasedon half-
angle is a more compactrepresentationin the context of
compression,comparedto the standardBRDF parameteri-
zationbasedon theincidentandoutgoingdirections.In our
work, we comparethe shapeof the re�ection lobe de�ned
by thehalf vectorto theonede�ned by themirror direction.

Starket al. [SAS05] show that Ward andLafortunecan
both be mathematicallyreducedto bivariatefunctions,and
thusthey areinherentlyunableto representgeneralisotropic

BRDF of threevariables.They went on to introducea new
set of 2D coordinateswhich can be consideredas a hy-
brid of the two familiesof parameterization.They showed
thattheirparameterizationproducessuperiorapproximation
to two measuredmaterialswhen the BRDFs areprojected
onto the 2D domain.Furtherinvestigating the performance
of Starket al.'s proposedmodelandvariantsbasedon the
hybrid parameterizationwould bean interestingavenuefor
futurework.

5. Anisotropic material analysis

In this section we describeour �rst step in analyzing
anisotropicre�ectancemodelsandhow they areableto rep-
resentmeasuredanisotropicmaterials.As describedin Sec-
tion 2.2, we have acquiredhigh resolutionsamplesfor four
differenthighly anisotropicmaterials.

Figure 9: BrushedAluminum: One measurementphoto-
graph (upperleft), reconstructionusingWard model(ax =
0:04;ay = 0:135) (upperright), reconstructionusingPoulin-
Fournier model (n = 3000;d = 0:18;h = 0:5)(lower left),
reconstructionusingAshikhminmodelwith sampledmicro-
facetdistribution (lower right).

In our datasettwo materials(brushedaluminumandyel-
low satin)aresuitablefor analyticmodeling.We �t two dif-
ferent anisotropicanalytic modelsto thesemeasurements
– anisotropicWard and Poulin-Fournier models,using the
same�tting procedureas for the isotropic materials.We
presentthevisualcomparisonof the �t for thebrushedalu-
minumto theoriginal measurementsin Figure9. As canbe
seen,thesemodelscanqualitatively representbrushedalu-
minumrelatively faithfully. Theyellow satin(notshown)has
blurrierhighlights,but theanisotropy is qualitatively similar
to thebrushedaluminum.As a resultit canalsobemodeled
reasonablywell with theanalyticalmodels.
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5.1. Mor eComplexAnisotropy

Somefabricsthat exhibit anisotropicre�ectanceproperties
canhave muchmorecomplicatedmicro-geometrysincethe
way threadsare woven togethercan be potentially much
morecomplex thanthesimplestructureof a brushedmetal.
WeobservethattheBRDFsof thepurplesatinandredvelvet
farexceedtheexpressivepowerof simpleanalyticalmodels
(e.g., the purplesatin samplein Figure 10 shows two off-
specularpeaks).This is why weturnto themicrofacet-based
BRDF generatorpresentedby Ashikhmin et al. [APS00]
since it offers many more degreesof freedomby replac-
ing theanalyticalexpressionfor themicrofacetdistribution
by anarbitrarytabulatedrepresentation.In their paper, it is
shown how to computea BRDF given a microfacetdistri-
bution. In orderto usetheir modelto approximateour mea-
sureddata,we needto solve the inverseproblemandesti-
matethemicrofacetdistribution from theBRDF.

Computing a microfacet distrib ution fr om a BRDF We
�rst recalltheexpressionfor theAshikhminetal. model:

r (k1 ;k2 ) =
p(h )hh � n i F(k � h )

4g(k1 )g(k2 )
(3)

wherep(h ) is themicrofacetdistribution; g(k 1 ) andg(k 2 )
are shadowing and maskingterms; F(kh ) is the Fresnel
term;andhi denotestheaverageover thedistribution p.

Wecanrewrite Equation3 in thefollowing way:

p(h ) = r (k 1 ;k2 )
4g(k1 )g(k2 )

hh � n i F(k � h )
(4)

If we ignoreshadowing andmasking,the BRDF is pro-
portionalto themicrofacetdistribution. We canthenobtain
a least-squares�t by averagingtheestimateof p(h ) for all
the pairsk 1 ;k2 correspondingto the sameh . In practice,
we guesstheFresneltermthroughtrial anderror;however,
theFresneltermcanbealsocomputedthroughoptimization
in theoutermostloop.

The main dif�culty , however, is the shadowing/masking
function g which dependson the distribution p(h ) itself.
Fortunately, weobserve thatg is extremelysmooth[APS00]
and we have found that an iterative approachworks very
well. We startwith a constantg, andwe alternatethe esti-
mationof p(h ) usingthecurrentg andthecomputationof g
from p(h ). In practice,about� veor lessiterationsaresuf�-
cient.

Observation on measured data We have usedthe above
methodto computea microfacetdistribution for our four
measurementsof anisotropicmaterials.Figure 9 and Fig-
ure10 show comparisonsbetweenphotographsof themea-
surementcylinderandrenderingsusingtheestimatedmicro-
facetdistribution andtheAshikhminet al. microfacet-based
BRDF model.Therenderingsshow goodqualitative agree-
mentwith thephotographsandtheshapeof thehighlightsis

well-preserved, althoughtheir sharpnessis not reproduced
exactly.

Figure10: Left: Purplesatin- oneinputphotograph.Right:
- reconstructionusingsampledmicrofacetdistribution.

Thecomputedmicrofacetdistributionsalsomatchthemi-
crostructureof thematerials.Comparethesphericalplot of
the microfacet density in Figure 11 with a macro photo-
graphof the correspondingsampleof brushedaluminum.
Thedensityishigharoundaverticalgreatcircle,whichis the
typeof normaldistributionexpectedfrom cylindrical micro-
geometry.

Figure 11: Left: Brushedaluminium macro photograph.
Right: deducedmicrofacetdistribution (log plot).

Figure 12: Left: Purple satin macro photograph with
sketcheddoublecones.Right: deducedmicrofacetdistribu-
tion (log plot).

The purplesatinsamplehasan intriguing distribution: a
large density aroundtwo great circles that are symmetri-
cally slightly tilted from the vertical direction(Figure 12).
This type of distribution canbe causedby symmetriccone
pairs.Whenwe examinethemacrophotograph(Figure12)
we notethat the longestvisible segmentsof threadarehigh
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in their middleandhave a symmetricalslopethatmight be
similar to acone,assketchedon theright partof theimage.

Figure 13: Left: Redvelvetmacro photograph. Right: de-
ducedmicrofacetdistribution (log plot).

The red velvet sampleexhibits a secondarylobe in ad-
dition to the main lobe aroundthe normal.This is mainly
due to the dominantcombingdirection of the velvet sam-
ple.This shows animportanttypeof anisotropy thatcannot
be modeledby the standardanalyticalmodels.We should
also note that we are lacking measurementsnearextreme
grazingangles,and thereforewe may have missedimpor-
tant re�ectancepropertiesof the velvet in thosedirections.
In addition,it is dif�cult to enforcetheexactcombingdirec-
tion uniformly ontheentirepieceof velvet.Smalldeviations
canbetolerated,however, astheaverageBRDF of velvet is
relatively low-frequency.

6. Discussion

In this work we have analyzedthe performanceof several
analyticalBRDF modelsby their ability to �t real BRDFs.
Our experimentalresultssuggestthat usinga singlespecu-
lar lobe,theCook-Torrance,Ashikhmin-Shirley andtheHe
modelsperformwell for mostof the 100 isotropicBRDFs
in the dataset.Moreover, our resultsshow that for a num-
ber of materials,the �t quality is muchimproved whenan
additionallobeis employed.This is mostlyattributedto the
multiple layer�nish on thesematerials.

Our studyalsoillustratesthat thedifferencebetweenthe
two waysof modelingthe specularlobesis profound.The
H � N formulationnaturallycorrespondsto the microfacet-
basedtheory, andits viability is con�rmed by the dataset.
Meanwhile,modelsbasedon the V � R lobesare visually
inaccuratein a renderedscene.The �tting resultsof these
modelsaresystematicallyinferior to their counterparts.The
Lafortune model, though highly expressive with its ba-
sis of generalizedcosine lobes, cannotaccuratelymodel
real BRDFswith a single lobe. While the computationfor
eachgeneralizedcosinelobe is cheaperrelative to a Cook-
Torrancelobe,�tting morethana few of theselobesto mea-
sureddatais unstable.

We have alsobuilt a new setupfor high resolutionmea-
surementof anisotropicBRDFs using materialstrips on a
rotating cylinder. We have used it to measurefour typi-
cal anisotropicmaterialsandhave shown that only two of
themcanbemodeledby parametricmodels.Ourfabricmea-
surementsexhibit a complexity that cannotbe accounted
for by the elliptical functionsusedto introduceanisotropy
in thesemodels.Furthermore,we have shown how to es-
timate a tabulatedmicrofacetdistribution from thesemea-
surements,whichyieldsgoodresultswith Ashikhminetal.'s
microfacet-basedBRDFgenerator. Thismodeldraws its ex-
pressive power from a generalrepresentationof microfacet
distributions.

Thereareseveraldirectionsfor futurework. First,we ex-
pect that a new set of basisfunctions,similar to the gen-
eralizedcosine lobes,but expressedwith the half-vector,
would yield improved �tting resultswith fewer numberof
lobes. Stark et al. [SAS05]' s barycentriccoordinatesare
also possiblecandidates.Thesebasisfunctionsshouldbe
reasonablyinexpensive to computeandbe �e xible enough
to representcomplex re�ectance phenomena,e.g., retro-
re�ection. Second,while our metric for BRDF �tting gives
reasonableresultsin mostcases,it doesnot directly corre-
spondto perceptuallyimportantdifferences.A perceptually-
basedmetric would improve the visual quality of the �ts
[PFG00,RWP� 95], especiallywhenthe�t is relatively poor
anddifferentchoicesof approximationtradeoffs arepresent.

This paperhasalsohighlightedthatanisotropicmaterials
aredif�cult to modelandacquire,and that muchresearch
effort is neededto improve thestateof theart.Thetabulated
representationof microfacetsis powerful but it requireshigh
resolutionmeasurements.In addition, it is not easyfor an
artist to edit thesedistributions.While the recovereddistri-
butionsaremorecomplex thanelliptical shapes,they exhibit
enoughsmoothnessto leave hopefor expressive andeasy-
to-manipulateparametricmodels.Finally, it is ourbeliefthat
themostcritical issuein reproducingrealmaterialis theac-
quisition itself. Our setuphasallowed us to measurehigh
quality BRDFs,but it occupiesan entireroom andit takes
severalhoursto acquireoneBRDF. We believe that thede-
velopmentof a portableandeasy-to-usere�ectancescanner
is amajorchallenge.
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Figure14: Thenormalized�tting errors (logarithmicscale)of �ve analyticmodelsto our isotropicdatasetof 100BRDFs.The
BRDFsaresortedin theerrorsof theLafortunemodel(Red)for visualizationpurpose.
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