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Abstract

The Bidirectional Re ectanceDistribution Function (BRDF) describesthe appeaanceof a material by its in-

teraction with light at a surfacepoint. A variety of analytical modelshavebeenproposedto representBRDFs.
However, analysisof thesemodelshasbeenscarce dueto thelack of high-resolutionmeasueddata. In this work

we evaluate several well-knownanalytical modelsin termsof their ability to t measued BRDFs.\We usean

existing high-resolutiondata setof a hundeed isotropic materialsand computethe bestapproximationfor each

analytical model.Furthermoee, we havebuilt a new setupfor efcient acquisitionof anisotiopic BRDFs,which

allows usto acquire anisotiopic materialsat high resolution.We havemeasued four samplesf anisotiopic ma-
terials (brushedaluminum,velvet,and two satins).Basedon the numericalerrors, functionplots, and rendeed

imageswe provide insightsinto the performanceof the variousmodels We concludethat for mostisotropic ma-
terials physically-basednalytic re ectancemodelscan representtheir appeaancequite well. We illustrate the
importantdifferencebetweerthetwo commorwaysof de ning thespecularobe: aroundthemirror directionand

with respecto the half-vector Our evaluation showsthat the latter givesa more accurate shapefor there ec-

tion lobe Our analysisof anisotiopic materialsindicatescurrentparametricre ectancemodelscannotrepresent
their appeaancesfaithfully in manycasesWe showthat usinga sampledmicrofacetdistribution computedrom

measuementdmprovesthe t andqualitativelyreproduceghe measuements.

1. Intr oduction

Realisticgraphicscan be seenas a variant of physicsthat
addressedight interaction.Physical sciencesnvolve both
a modelingphasewherereal phenomenare modeledwith
quantitatve law, and an experimentalvalidation phase.In
realisticgraphicsyalidationis challengingoecausehe phe-
nomenaarecomple andmeasuringll thescengparameters
is dif cult [MRC 86, RWP 95]. In this paper we tacklean
importantpart of the equationby focusingon materialre-
ectanceandthe associateanodels.With the presencef a
largenumberof BRDF models we feelthatanexperimental
analysisandcomparisoris sorelyneededIn this paperwe
evaluatethe performancef variousBRDF modelsby com-
paringtheir abilitiesto representealmeasuredRDFs.We
believe our analysiscansene asa guidefor practitionersn
their choiceon BRDF models,andour extendeddata tting
resultsshouldalsosene asstartingpointsfor usingthemore
sophisticatednodels.
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1.1. RelatedWork

BRDF researcthascombinedskilled engineeringand rm
scienti ¢ principles.Empiricalmodelsrespondo engineer
ing tradeofs betweerrealismandef ciency, two criteriathat
are highlighted by the adwent of programmablereal-time
shading.Physical modelsare derived from rst principles
andthey have beencomparedagainstreal datawhenavail-
able[CT81, HTSG91 War93.

UnfortunatelyrealBRDF datahave long beenhardto ac-
quire and measurementwere often limited in angularres-
olution. Recentresearchefforts have resultedin a wider
availability of BRDF data [Cor, Nis, War92 DvGNK99,
MWL 99,MPBMO03,HP03SSKO03. Thisprovidesuswith a
uniqueopportunityto experimentallyanalyzeBRDF models
andgain a practicalexperienceon their ability to represent
realBRDFs.

Understandinghe tradeofs and tting performance®f
BRDFsis becomingincreasinglyimportant[SHSL97. In-
verserenderinge.g.[FGR93Mar98 YDMH99] andnew ac-
quisitiontechniquese.g.[SWI97,LKG 01, KBMKO01] typ-
ically estimatere ectance propertiesusing a very sparse
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setof obsenations.Even dataacquiredusing goniore ec-
tometersoftendo not containmary samplesaandcanexhibit
noise,e.g.[Bor03. Theselimitations preventthe directuse
of themeasurediataandmake the t to ananalyticalmodel
arequirementThe low samplingrateandnoiselevel make
the BRDF tting very underconstrainedand the nal vi-
sualresultis heavily dependenbn the choiceof the model.
Danaetal.[DNGK97] t awiderangeof materialso BRDF
models.However, their datasetis limited in resolution(205
viewing/illuminationcombinations)andthey only t tothe
Oren-Nayamodel[ON94 andthe Koenderinkrepresenta-
tion [KvDS96 basedn Zernike polynomials.

1.2. Overview

In this paper we provide experimentalanalysisandinsights
that shouldguide practitionersin the eld. While previous
work in BRDF modelinghasvalidatedthe proposednodels
usingphysical measurementshe numberof materialsused
in the validationis typically smallandoftencon ned to the
category on which the modelis primarily focused.In our
studywe quantifyandcompareheperformancef sezenan-
alytical BRDF modelson a datasetof 100isotropicBRDFs
acquiredathighresolutionandcoveringawide rangeof ma-
terials.We alsoconducta studyon a datasetof 4 common
anisotropiamaterialsmeasuredt high resolution Theread-
ersshouldreferto our websité for complete tting results
andinstructionsfor raw dataaccess.

We obsere that most isotropic materials under natu-
ral illumination can be representedeasonablywell using
physically-basedre ectance models.One of our obsera-
tionsis that constructiondasedon the mirror-anglepoorly
modelrealre ectance.In particular we emphasizehatthe
basisfunctionsof the Lafortuneet al. [LFTG97] modelare
nota goodmatchto the shapeof the primaryre ection lobe
of mary materialg(Section4.5).

Our study indicatesthat someanisotropicmaterialscan
exhibit a compleity that exceedsthe expressive power
of current parametricBRDF models. We showv that the
microfacet-base@RDF generatoiproposeddy Ashikhmin
etal. [APSO0Q providesmary moredegreesof freedomand
is able to reproducethesemeasurementgqualitatively. We
describeaniteratve methodto estimatethe microfacetdis-
tribution directly from the measuredRDF (Section5).

2. Data setand acquisition
2.1. Isotropic BRDFs

We usea datasetof 100 BRDFs measuredvith high pre-
cision acquiredby Matusik et al. [MPBMO03]. The dataset
includesmetals,plastics,paintedsurfaces,andfabrics.We
acknavledgethat our datasetdoesnot cover the full range

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

of materials,and effects such as retrore ection might be

underrepresentedn fact, our BRDFs have no valid sam-
pleswithin 3 degreesrom theretrore ectiondirectionsince
thelight sourceoccludeghe detector The BRDFswereac-

quiredby capturingimagesof a spheresamplélit by a point

sourcefrom a densesetof directions,similar to Marschner
etal.[MWL 99]. Thisimage-basedhethodallows for high

angularresolutionmeasuremergincemary radiancesam-
plescanberecordedn onesingleimage However, thismea-
surementetupis limited to isotropic BRDFs and requires
sphericakamples.

2.2. Anisotropic BRDF acquisition setup

In this work, we extend the image-basedRDF acquisi-
tion setupto handleanisotropicmaterials(Figure 1), simi-
lar to Lu et al. [LKKOO]. Sphericalsamplegrovide a two-
dimensionalset of normalsin eachimage, but it is dif -
cult to manugcturesphericalsamplesfor somematerials.
Marschneret al. [MWL 99| also use a cylindrical target
shapdor somemeasurementutonly acquireBRDFsin the
incidenceplane.Using a cylindrical tamgetary planarsam-
ple thatis e xible canbe wrappedon the surfacewithout
distortion. In our setupwe compensatdor the lost degree
of freedomin the normalvariationsby mountingthe cylin-
der on a precisionmotor and performingmeasurementat
differenttilt angles.In orderto accountfor anisotroy the
rectangularstrips on the cylinder are obtainedfrom a pla-
narsampleof thematerialat differentorientationsTogether
with thedegreeof freedomfor thelight position,we areable
to acquirethefull 4D BRDF usinga large setof two dimen-
sionalimages Figure2 shavs anexampleinputimageof a
acquiredvelvetsample.

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

Precision
motor k AY

Camera
Rotation of U
cylinder (1D 14
AN y! (D) o O
Ss< B ¢
-~ - - \;\Q\(\\

Light source

Precision
motor

Figure 1: Acquisitionsetupfor anisotiopic materials.The
cylinder tilt, surfacenormal variation, light position and
strip orientationead contributesto one degree of freedom
for acquiringthe4D BRDFE

The samplingdensity of the light position and cylinder
positionscan be adjustedeasily as they are controlled by
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precisionmotors. The resolutionof the acquiredBRDF is
mainly limited by the numberof materialstripsmountedon
the cylinder. It is dif cult to usestrips narrover than1cm
due to the manualprocedureof attachingthe stripsto the
cylinder.

Figure 2: Targetcylindercoveredwith velvet.

2.3. Anisotropic data

Our anisotropicdatasetcurrentlyincludes4 materials:vel-
vet, two satins,and brushedaluminum.The light position
is rotatedat 2 degreesintenal and covers mostof the full
circle. Positionswherethe light occludesthe cameraor is
occludedby the cylinder are discarded The motor driving
thecylinderis incrementedat anintenal of 5 degreesfrom
0 to 180. The strips on the cylinder are cut from a planar
sampleof the materialusinga lasercutterto obtainprecise
orientation.The strip orientationrangesfrom 0 to 180 de-
greesspacechat 9 deggreesintervals. Combiningthis with the
cylinder rotationprovidesa full 360 coverage For eachob-
ject/light positioncombinationwe take 8 imageswith expo-
suretime from 40 microseconds$o 1 secondand combine
themto form a high dynamicrangeimage.The acquisition
time is about16 hoursfor eachmaterialandtheraw uncom-
pressediatasizeis 30GB.

2.4. Data processing

Eachpixel in the inputimageswith non-zeroirradianceis
considereca BRDF sample We groupall the samplesnto
bins uniformly spacedn the 4D angularspacede ned by
Qin; Gout; fin; f ouw. We setthe BRDF valuesto the median
valuein eachbin.

Theisotropicdatafrom Matusik et al. wasoriginally rep-
resentedisingthe Rusinkiavicz parameterizatiobasedon
the half-vectorandtatulatednon-uniformlyto optimizefor
renderingquality. To avoid biasdueto the choiceof param-
eterizationandbinningintervals,we reprocessheisotropic
datadirectly from the raw acquiredmagesaccordingto the
sameproceduredescribedabore.
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We samplethe isotropicand anisotropicdatawith inter
valsof 1 and2 degreesrespectiely, andapproximately85%
and25% of thebinsarenon-empty The processedlatacan
beuseddirectlyfor tting by ignoringtheemptybins.

3. Methodology
3.1. BRDF models

We chooseseven analyticalisotropic modelsfor our anal-
ysis: Ward [War92, Blinn-Phong[BIi77], Cook-Torrance
[CT81], Lafortune et al. [LFTG97, Ashikhmin-Shirle
[ASOQ, He et al. [HTSG9], and a variant of the Ward
model proposedoy Duer [Due04, which x esthe normal-
ization of the specularlobe. The formulasfor the models
arelistedin the supplementatiocumentbn our website and
the readeris referredto the original papersfor further de-
tails. Thesemodelsdiffer in their degreesof freedomand
goals,rangingfrom physically-basedo ad-hocmodelsde-
signedfor computatiorspeedComparinghemis in asense
“unfair,” andwe only focus on the numericalability to t
measuredlata.

To evaluatethe performancef the analyticalmodels,we
rst restrictthemto have only onespeculatobe andthedif-
fusecontribution to be LambertianThe shapeof the specu-
lar lobeis enforcedo beidenticalacrosghecolor channels,
andhenceall the BRDF modelscanbe expressedvith six
parametersor the diffuseandspecularcolor, anda variable

numberof parameteror the speculatobe:

3.2. Fitting BRDFs

A corepartof our analysisis to t measuredRDFsto an-
alytical models.We apply constrainechonlinearoptimiza-
tion techniquesbasedon SequentialQuadratic Program-
ming(SQP)over the speculalobe parametergg; p1;:::; Pn
to minimizetheerrormetricdescribedn thenext paragraph.
Thediffuseandspecularcolor (6 parametersarecomputed
analyticallyasa sub-procedurbasedon linearleastsquare.
Like ary nonlinearoptimization,the quality of the t is de-
pendenbn agoodinitial guessTo male surethe optimiza-
tion cornvergesto the global minimum, we visually inspect
the tting quality of the resultandif necessaryestartthe
optimizationfrom a differentsetof initial guesses.

Our tting proceduredoesnot take into accountknowl-
edgeaboutthe meaningof physically-basedgarametergor
modelssuchasCook-Torranceor He etal. While this might
resultin physically-inconsistenvalues,it providesthe best
approximatiorof thedata.Usinga constrainedptimization
is aninterestingavenueof futurework.

3.3. Error Metric

The objective function of the optimizationis de ned asthe
meansquarecerrorbetweerthemeasure®RDF R, andthe
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targetmodelM givenparameterectorp:
S

E(p) =

M (Wi; Wo; p) cosji ]2
aw

a WR(W;; Wo) cogj

@)

The sumis over the non-emptybins of R, w; andwg are
the incidentand outgoingdirectionsrespectiely, and g is
theelevationangleof theincidentdirection.Theweightw is
thesolid anglecorrectionterm.We ignoredatawith incident
or outgoinganglelarger than 80 degreesas measurements
closeto extremegrazinganglesare in generalunreliable.
The metricis essentiallya L? metric over the hemispheres,
with part of the domainremoved wherethereis a lack of
reliablemeasurement3.heform of this metricallows usto
separatehe linear parametergdiffuse/speculacolor) from
themainoptimizationwhich greatlyimprovestheef ciency
andstability of the tting routine.

The cosg; term in the metric weighsthe BRDF under
the assumptiorof uniform incomingradianceandin prac-
tice we obsere that the optimal t with the cosinefactor
producesrenderingswhich are visually superiorto the t
without it. Lafortuneet al. [LFTG97] de ne the objective
functionfor tting astheBRDF differencemultiplied by the
cosinesof both the incidentand outgoingelevation angles.
We nd thatthe additionalcosinefactorgivesresultswhich
arevisually similarto ours.

We have experimentedwith other tting metricshasedn
the logarithm or cubic root of the BRDF. As the logarithm
behaesbadly nearzero, it imposesan arbitrary choice of
scalingthe BRDF, andin practiceit is dif cult to make a
singlechoicethat consistentlyperformswell for all materi-
als.For themetricbasednthecubic-root thebest- t BRDF
oftenresultin renderingswith highlightsthataretoo blurry
comparedo themeasuredlata.

It is clearthat choosingan appropriatemetric for tting
BRDF is dif cult, andour choiceof thedirectL2 metricis
basedon two reasonsi) it providesplausible ts in theren-
deredimagedfor mostmaterialsn our dataset,ii) thelinear
natureof the metric makesthe minimizationlower dimen-
sionalandmorestable We shouldemphasiz¢hatthebest t
accordingto our metric might not alwayscorrespondo the
bestvisual match,which is highly dependenbn scenege-
ometry/illumination.Developing a perceptually-basethet-
ric which is simpleandstablefor optimizationwould bein-
terestingdirectionfor futurework.

4. |sotropic material analysis
4.1, Fitting quality of the models

We t theisotropic datasetof 100 materialsto the seven
modelslistedin the previous section.The tting errorsof 5
of the modelsare plottedin Figure 14. The errorsare nor
malizedby the maximumalbedoof eachBRDF andplotted
in logarithmic scale.The albedois computecdby integrating

the BRDF over the outgoinghemispheregiven anincident
direction. We computethe albedosof the BRDF over the

rangeof 0 to 80 degreesincidence,and we usethe maxi-

mumyvalueto normalizetheerrorsplottedin Figure14. This

normalizationallows us to comparethe residueerrorsfor

different materialswhile discountingthe factor of relative

scale.In certaincasestheabsolutesrrorcanbemoremean-
ingful (e.g.darker materialsareeasierto approximate)The

absoluteerrorsarereportedin the supplementarglocument
availableon our website.

We sortthe materialsaccordingo the errorsof the Lafor-
tune ts. The errorsfor the Ashikhmin-Shirlg and Ward-
Duer modelsare not shown in the gure: the Ashikhmin-
Shirley errorsarevery closeto Cook-Torrancen mostcases,
andtheWard-Duererrorsarevery closeto theoriginal Ward,
thoughconsistentlylower.

Figure14 showvsthatHe, Cook-TorranceandAshikhmin-
Shirley typically have the lowesterrors.Onefactorof their
goodperformances probablytheir explicit modelingof the
Fresneleffect. In the caseof the He model, the numberof
degreesof freedomis alsobigger In contrastBlinn-Phong
andWard consistentlyyield highererrors.Theerrorsfor the
Lafortunemodellie in betweenfor a majority of the mate-
rials. To theleft endof the plot aremostly diffuseor mildly
glossymaterialslik e fabrics,rubberand paints,while ma-
terials closeto the right end are mostly smoothmetalsand
highly speculamplastics.The normalizederrorsspanseveral
orderof magnitudessthe shapeof the BRDF is vastly dif-
ferentfor thewide spectrunof materials.

Figure 3: Fitting the measued "green-metallic-paint
BRDF with the seven models.Clodkwise from upper left:
Measued, Ward, Ward-Duer Blinn-Phong He, Ashikhmin-
Shirley, Cook-Drrance Lafortune

One example t, to the measurementgreen-metallic-
paint"is shovn in Figure3 with spheresenderedunderan
ervironmentmap.Thepolarplotsin theincidenceplanefor
threemodelsarealsoshavnin Figure4. Therelative quality
of the ts from the differentmodelsfor this materialis typ-
ical of the dataset. The Ward, Ward-DuerandBlinn-Phong
imagesare all noticeablydifferent from the original data.
Thehighlightsnearthe centerof the spherearesigni cantly

¢ TheEurographicsAssociation2005.
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Ward

Cook-Torrance

Lafortune

Figure4: Polar plotsofthemeasued"green-metallic-paint”
in the incidenceplane compaedto the ts fromthe Ward,
Cook-Prranceand Lafortunemodels Cubicrootapplied.

brighterthanthe original, and neargrazinganglethe high-

lights aremuchlesspronouncedOf thethreemodels Ward-
Duerhasthe strongeshighlight neargrazingangle,but it is

still noticeablydimmerthanthe measurediata. Theimages
from the Ashikhmin-Shirlg, Cook-TorranceandHe ts are
very similar to eachotherandare mostly faithful to the di-

rectrenderingTheLafortune t shavsanabruptincreasen

intensity neargrazingangle,however valuescloserto nor

mal incidencearetoo low. In addition,the highlight is ex-

cessvely blurredalongthe circumferenceof the spherean
effectthatwe will look into in Section4.5.

With a broaderview over the entiredataset,we nd that
physically-basedmodelslike Cook-Torranceand He often
producethe best ts. The He model,which is known to be
themostcomprehensie BRDF model,doesnot produceno-
ticeablysuperiorvisualresultsto the Cook-Torrancemodel.
However, it shouldbe notedthatour measuremerdndanal-
ysisignorepolarizationandspectralependencewo impor-
tantaspectsnodeledby He. The Lafortunemodel, without
anexplicit Fresnefactor yieldsreasonables for materials
that do not shav signi cant intensityincreaseneargrazing
angle.In addition,glossymaterialsare not goodcandidates
for the Lafortune model due to the anisotropicblurriness
neargrazingangle.The Blinn-Phongand Ward modelboth
have nearconstante ection power independentf incident
angle,and thusthey are only suitableto a subclassof the
materialsjncludingsomemetalsandplastics. TheDuerver-
sionof theWardmodelwith increasedtrengthneargrazing
improvesthe tting performancehowevertheimprovement
is limited asthe grazingangleincreases not controllable.

4.2. Multiple lobes

CookandTorrance[CT81 suggesthattwo or more spec-
ular lobesare necessaryo model surfaceswherethereare
multiple scalesof roughnessLafortuneet al's generalized

¢ TheEurographic#ssociation2005.
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Figure5: The tting errors (logarithmicscale)with one/two
lobesof the Cook-Drranceandthe Lafortunemodels.

cosinelobes[LFTG97] sere as basisfunctionsfor repre-
sentingBRDFsandthusmultiple lobesareexpectedn gen-
eral. We t the datasetwith the two lobesversionof both
the Cook-Torranceand Lafortune models.In 26 casesfor
Cook-Torranceand31 casedor Lafortune theextralobere-
ducesthe error by morethan25%. Thesetypically include
materialshathave multiple layersof nishing (e.g.metallic
paints)andalsosomebrushedmetals.The tting errorswith
the Cook-Torranceandthe Lafortunemodelswith oneand
two lobesfor the 30 mostimproved materialsareshovn in
Figureb. Figure6 shavs the comparisorof the oneandtwo
lobest tothenickel sample.

Lafortuneet al. [LFTG97] employed threelobesfor the
examplematerials. However, we foundthatin practice, t-
ting with threelobesis very unstableandhencein the cur
rentversionwe omit resultsfrom the three-lobeLafortune
model.Qualitatively, we believe the additionof a third lobe
would only offer mamginal improvementsto the shapemis-
matchof themainlobe.

4.3. Evaluation of differ ent microfacetdistrib utions

Therearethreecommonchoicesof theshapeof thespecular
lobe: Gaussiangcosinepower, and the Beckmanndistribu-

tion function. Our studyshows thatthe tting quality of the

Cook-Torrancemodelwith the threedifferentformulations
arenearlyidenticalbothnumericallyandvisually.

4.4. Fresneleffect

To studythe importanceof the Fresneleffect, we compare
the t quality of the Cook-Torrancemodelwith andwithout

thestandard-resneterm,andalsowith the Schlick[ Sch94

approximationWhile theerrorswithouttheFresnetermare
signi cantly higher(20% on average) the Schlick approx-
imation doesnot introducefurther errorscomparedto the
original formulation.
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Figure 6: Fitting the measued BRDF "nickel" with the multi-lobe Cook-TDrranceand Lafortunemodels Left to Right: Input,
Cook-Drrancel lobg Cook-Dbrrance2 lobes,Lafortunel lobe Lafortune2 lobes.

4.5. Shapeof the specularlobe

Our tting resultshighlightthe profounddifferencebetween
two popularformulationsof the speculaidobe andtheir ef-

fects at neargrazingangles.Most previous discussionf

the behaiior of re ectancewhenthe incidentanglemoves
toward grazinghave focusedon the increasen intensity of

there ection. As such,BRDF modelsare often only com-
paredto measurementi® the incidenceplane.We nd that
the shapeof the lobe also hasimportantimplications.The
mirror angleconstructionemployed by modelslike Phong
andLafortune,resultsin excessvely blurry re ections near
grazingangle While theshapelifferencebetweerthesetwo

lobeconstructionss knovn to BRDF specialistsye believe

it is importantto restateit in the contet of experimental
evaluation, so that practitionersunderstandhe tradeof in

modelssuchasLafortunethatsacri ce lobe shapefor com-
putationspeed.

In the original Phongmodel[Pho73, thespeculatobeis
de ned aroundthemirror directionsymmetricallyV R). In
theBlinn variationof thePhongmodelandmostmicrofacet-
basednodels the speculatobeis expressedvith respecto
the half vectorH andthennormalN, whereH is the average
vectorbetweertheincidentandoutgoingvector The Lafor-
tunemodel,ontheotherhand,emplo/s ageneralizeatosine
lobé similar to the original Phonglobe. While the general-
ized dot productgives e xibility in specifyingthe principal
re ection direction,the lobe remainssymmetricaroundthe
mainre ection direction.Hence the Lafortunelobeis sim-
ilar to theV R lobewhereR canbe seenasa generalized
mirror direction.

Sinceall analyticalmodelswe have consideredarefunc-
tions of eitherH N orV R, we focusthe restof our dis-
cussionon isocontourof thesedot productsin the spaceof
directions We illustratethe differencebetweerthe two rep-
resentationn Figure?. Considera givenincidentdirection

Z Thegeneralizedosinelobe:
fr(U;v) = r<Cs(u)[u® v]";u®= normalize(Cxuy; Cyuy; Couz)  (2)

whereu andv aretheincidentandoutgoinganglerespectiely, and
Cs(u) is ascalarfactorindependenof v.

Figure 7: TheV R lobe compaed with the H N lobe
remappedo the outgoingdirections.

L. Thebluecircle aroundthe normalN denoteghe coneof
directionswherethe dot productwith N is constantOneof
the half-vectorsH in this setis shavn. We canmapH to
its correspondingutgoingdirectionVy, following a great
circle on the sphereof directions.This canbe donefor the
entiresetof half-vectorsin the blue circle, andwe show the
correspondingetof outgoingdirectionsin greenaroundthe
mirror vectorR. Comparingt to theredcircle, representing
the coneof directionsV with constantv R, the remapped
contouris asymmetricandis narrover in the directionper
pendicularto theincidentplane.By similar constructionye
can visualizethat this contouris more circular whenL is
nearN, andbecomesarraver whenL movestowardsgraz-
ing angle.TheV RIlobeis, however, alwayscirculararound
themirror directionR.

A plot of themeasuredRDF of PVC plasticat55 inci-
dentangleis shawvn in Figure8. It displaysa similar asym-
metry to the remappedcontour associatedvith the H N
lobe. This asymmetryis obsered in the datasetfor most
materialswith anapparenspeculatobe. Suchbehaior can
be explainedby the microfacettheory e.g.[CT81]. Thethe-
ory modelsthe surfaceasa collection of microfacets with
normalsorientedaccordingto somedistribution function.
Assumingthat the microfacetsare perfectmirrors, the re-
ectance from L to V is then proportionalto the fraction

¢ TheEurographicsAssociation2005.
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Figure 8: Sideand top-downview of the measued "PVC"
BRDEF, at 55 incidence(Cubicrootis appliedto theBRDF
for visualization.)lts specularlobe exhibitsa similar asym-
metrytotheH N lobe

of microfacetswith normalsalignedwith the half-vectorH,

with someadjustmentgor shadeving and masking.Thus,
the re ectancefunction for a microfacetmodelis naturally
de ned with respectto H. For isotropic models,the distri-

bution of normalsis radially symmetric;therefore,a cone
of half-vectorH aroundN shouldhave constante ectance
valueif the shadeving and maskingtermsare not consid-
ered.Hence,it is reasonabléo de ne re ectanceasa func-
tion of H N underthis theory On the contrary theV R
contouris notconsistentvith ary distribution of normals as
acircular coneof vectorsarounddifferentRs with the same
spreadwould mapto a differentsetof half-vectorsaround
N.

Thedifferencebetweerthetwo formulationsexplainsthe
anisotropicblurring for the Lafortune ts in Figure 6 and
Figure 3. Comparedo a half-vector basedlobe, the sym-
metric mirror lobe doesnot get narrov at grazingangles,
resultingin blurring in the directionorthogonalto the inci-
dentplane,whichis alongthe circumferencdor the caseof
asphere.

We have shavn thatthe H N representatioris a more
accuratevay to modelspeculare ections. Thisis in strong
oppositionto somebeliefsthatthehalf-vectorrepresentation
is just a more corvenientway of interpretingthe specular
lobe.We believe this hasbeenoverlookedin the pastmainly
dueto the fact thatthe two representationaretrivially re-
latedin theincidenceplane.

Note that this obseration is different from the popular
re-parameterizatioproposedyy Rusinkievicz [Rus9§ that
also emphasizeshe importanceof the half vector In his
work, he shawvs that the parameterizatiorbasedon half-
angleis a more compactrepresentatiorin the context of
compressioncomparedo the standardBRDF parameteri-
zationbasedon the incidentandoutgoingdirections.In our
work, we comparethe shapeof the re ection lobe de ned
by the half vectorto theonede ned by themirror direction

Starket al. [SAS0] showv that Ward and Lafortunecan
both be mathematicallyreducedto bivariatefunctions,and
thusthey areinherentlyunableto represengeneraisotropic
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BRDF of threevariables.They wenton to introducea new
set of 2D coordinateswhich can be consideredas a hy-
brid of the two families of parameterizationThey shaved
thattheir parameterizatioproducesuperiorapproximation
to two measurednaterialswhen the BRDFs are projected
ontothe 2D domain.Furtherinvestigating the performance
of Starket al's proposedmnodel and variantsbasedon the
hybrid parameterizatiomvould be an interestingavenuefor
futurework.

5. Anisotropic material analysis

In this section we describeour rst step in analyzing
anisotropiae ectancemodelsandhow they areableto rep-
resentmeasure@nisotropicmaterials As describedn Sec-
tion 2.2, we have acquiredhigh resolutionsampledor four
differenthighly anisotropiomaterials.

Figure 9: Brushed Aluminum: One measuementphoto-
graph (upperleft), reconstructiorusing\Ward model(ax =

0:04;ay = 0:135) (upperright), reconstructiorusingPoulin-
Fournier model (n = 300Qd = 0:18 h = 0:5)(lower left),
reconstructiorusing Ashikhminmodelwith sampledmicro-
facetdistribution (lowerright).

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
presenthe visual comparisorof the t for the brushedalu-
minumto the original measurements Figure9. As canbe
seenthesemodelscanqualitatvely represenbrushedalu-
minumrelatively faithfully. Theyellow satin(notshavn) has
blurrier highlights,but the anisotropy is qualitatively similar
to thebrushedaluminum.As aresultit canalsobe modeled
reasonablyvell with theanalyticalmodels.
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5.1. Mor e Complex Anisotropy

Somefabricsthat exhibit anisotropicre ectanceproperties
canhave muchmorecomplicatedmicro-geometnsincethe
way threadsare woven togethercan be potentially much
morecomple thanthe simplestructureof a brushedmetal.
WeobserethattheBRDFsof thepurplesatinandredvelvet
far exceedthe expressve power of simpleanalyticalmodels
(e.g.,the purple satin samplein Figure 10 shaws two off-
speculapeaks)Thisis why weturnto themicrofacet-based
BRDF generatorpresentedby Ashikhmin et al. [APS0(Q
sinceit offers mary more degreesof freedomby replac-
ing the analyticalexpressiorfor the microfacetdistribution
by an arbitrarytabulatedrepresentationin their paperit is
shavn how to computea BRDF given a microfacetdistri-
bution. In orderto usetheir modelto approximateour mea-
sureddata,we needto solve the inverseproblemand esti-
matethe microfacetdistribution from the BRDF,

Computing a microfacetdistrib ution from a BRDF We
rst recallthe expressiorfor the Ashikhminetal. model:

p(h)mh niF(k h)
4g(k1)g(kz2)

r(kik2) = ®)

wherep(h) is the microfacetdistribution; g(k1) andg(k2)
are shadaving and maskingterms; F(kh) is the Fresnel
term;andhi denoteshe averageover thedistribution p.

We canrewrite Equation3 in thefollowing way:

4g(k1)g(k2)

p(h) = r(klikz)m

4

If we ignore shadaving and masking,the BRDF is pro-
portionalto the microfacetdistribution. We canthenobtain
aleast-squares by averagingthe estimateof p(h) for all
the pairsk 1 ; k2 correspondingo the sameh. In practice,
we guessthe Fresnettermthroughtrial anderror; however,
the Fresnetermcanbealsocomputedhroughoptimization
in the outermostoop.

The main dif culty , however, is the shadaving/masking
function g which dependson the distribution p(h) itself.
Fortunatelywe obsene thatg is extremelysmooth APS0(
and we have found that an iterative approachworks very
well. We startwith a constanty, andwe alternatethe esti-
mationof p(h) usingthecurrentg andthecomputatiorof g
from p(h). In practice about ve or lessiterationsaresuf-
cient.

Obsewation on measured data We have usedthe abose
methodto computea microfacetdistribution for our four
measurementsf anisotropicmaterials.Figure 9 and Fig-
ure 10 shav comparisondbetweerphotograph®f the mea-
surementylinderandrenderingsisingthe estimatednicro-
facetdistribution andthe Ashikhmin et al. microfacet-based
BRDF model. The renderingsshav goodqualitative agree-
mentwith the photographaindthe shapeof the highlightsis

well-presered, althoughtheir sharpnesss not reproduced
exactly.

Figure 10: Left: Purplesatin- oneinput phota@raph.Right:
- reconstructiorusingsamplednicrofacetdistribution.

Thecomputednicrofacetdistributionsalsomatchthemi-
crostructureof the materials.Comparethe sphericalplot of
the microfacetdensity in Figure 11 with a macro photo-
graphof the correspondingsampleof brushedaluminum.
Thedensityis higharoundaverticalgreatcircle,whichis the
typeof normaldistribution expectedrom cylindrical micro-
geometry

Figure 11: Left: Brushedaluminium macio photagraph.
Right: deducednicrofacetdistribution (log plot).

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

The purple satin samplehasan intriguing distribution: a
large density aroundtwo greatcircles that are symmetri-
cally slightly tilted from the vertical direction (Figure 12).
This type of distribution canbe causedoy symmetriccone
pairs.Whenwe examinethe macrophotographFigure 12)
we notethatthe longestvisible segmentsof threadarehigh

¢ TheEurographicsAssociation2005.
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in their middle andhave a symmetricalslopethat might be
similarto acone,assketchedon theright partof theimage.

Figure 13: Left: Redvelvetmaco photaraph. Right: de-
ducedmicrofacetdistribution (log plot).

The red velvet sampleexhibits a secondarylobe in ad-
dition to the main lobe aroundthe normal. This is mainly
dueto the dominantcombingdirection of the velvet sam-
ple. This shavs animportanttype of anisotroy thatcannot
be modeledby the standardanalyticalmodels.We should
also note that we are lacking measurementaear extreme
grazingangles,and thereforewe may have missedimpor-
tantre ectancepropertiesof the velvet in thosedirections.
In addition,it is dif cult to enforcethe exactcombingdirec-
tion uniformly ontheentirepieceof velvet. Smalldeviations
canbetolerated however, asthe averageBRDF of velvetis
relatively low-frequeng.

6. Discussion

In this work we have analyzedthe performanceof several
analyticalBRDF modelsby their ability to t real BRDFs.
Our experimentalresultssuggesthat usinga single specu-
lar lobe, the Cook-Torrance Ashikhmin-Shirley andthe He
modelsperformwell for mostof the 100 isotropic BRDFs
in the dataset. Moreover, our resultsshav thatfor a num-
ber of materials,the t quality is muchimproved whenan
additionallobeis employed. This is mostly attributedto the
multiple layer nish onthesematerials.

Our studyalsoillustratesthatthe differencebetweerthe
two ways of modelingthe speculadobesis profound.The
H N formulation naturally correspondso 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
modelsaresystematicallynferior to their counterpartsThe
Lafortune model, though highly expressie with its ba-
sis of generalizedcosine lobes, cannotaccuratelymodel
real BRDFswith a singlelobe. While the computationfor
eachgeneralizectosinelobe is cheaperelative to a Cook-
Torrancdobe, tting morethanafew of theselobesto mea-
sureddatais unstable.

¢ TheEurographic#Association2005.

We have alsobuilt a new setupfor high resolutionmea-
surementof anisotropicBRDFs using material strips on a
rotating cylinder. We have usedit to measurefour typi-
cal anisotropicmaterialsand have shavn that only two of
themcanbemodeledby parametrianodels Ourfabricmea-
surementsexhibit a complity that cannotbe accounted
for by the elliptical functionsusedto introduceanisotroy
in thesemodels.Furthermore we have shavn how to es-
timate a tatulated microfacetdistribution from thesemea-
surementswhichyieldsgoodresultswith Ashikhminetal's
microfacet-baseBRDF generatarThis modeldravs its ex-
pressve power from a generalrepresentatioof microfacet
distributions.

Thereareseveraldirectionsfor futurework. First, we ex-
pectthat a new setof basisfunctions,similar to the gen-
eralizedcosinelobes, but expressedwith the half-vector
would yield improved tting resultswith fewer numberof
lobes. Stark et al. [SAS09's barycentriccoordinatesare
also possiblecandidatesThesebasisfunctions should be
reasonablyinexpensve to computeandbe e xible enough
to representcomplex re ectance phenomenag.g., retro-
re ection. Secondwhile our metric for BRDF tting gives
reasonableesultsin mostcasesjt doesnot directly corre-
spondto perceptuallymportantdifferencesA perceptually-
basedmetric would improve the visual quality of the ts
[PFGOQRWP 95], especiallywhenthe t is relatively poor
anddifferentchoicesof approximatiortradeofs arepresent.

This paperhasalsohighlightedthatanisotropicmaterials
aredif cult to modelandacquire,and that muchresearch
effort is neededo improve the stateof theart. Thetakulated
representationf microfacetds powerful but it requireshigh
resolutionmeasurementsn addition, it is not easyfor an
artistto edit thesedistributions. While the recovereddistri-
butionsaremorecomplex thanelliptical shapesthey exhibit
enoughsmoothnesso leave hopefor expressie and easy-
to-manipulatgparametrianodels Finally, it is our beliefthat
themostcritical issuein reproducingeal materialis the ac-
quisition itself. Our setuphasallowed us to measurehigh
quality BRDFs,but it occupiesan entireroom andit takes
several hoursto acquireoneBRDF. We believe thatthe de-
velopmentof a portableandeasy-to-usee ectancescanner
is amajorchallenge.
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Figure 14: Thenormalizedtting errors (logarithmicscale)of ve analyticmodelgo our isotropic datasetof 100BRDFs.The

BRDFsare sortedin the errors of the Lafortunemodel(Red)for visualizationpurpose
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