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Abstract
Specifyingparameters of analyticBRDFmodelsis a dif�cult taskas theseparameters are oftennot intuitive for
artistsandtheir effectonappearancecanbenon-uniform.Ideally, a givenstepin theparameterspaceshouldpro-
ducea predictableand perceptually-uniformchange in the rendered image. Systemsthat employpsychophysics
haveproducedimportantadvancesin this direction;however, therequirementof userstudieslimits scalabilityof
theseapproaches.In this work,weproposea new andintuitive methodfor designingmaterialappearance. First,
wede�ne a computationalmetricbetweenBRDFsthat is basedon renderedimagesof a sceneundernatural illu-
mination.Weshowthatour metricproducesresultsthatagreewith previousperceptualstudies.Next, wepropose
a userinterfacethatallowsfor navigationin theremappedparameterspaceof a givenBRDFmodel.For thecur-
rentsettingsof theBRDFparameters,wedisplaya choiceof variationscorrespondingto uniformstepsaccording
to our metric, in the variousparameterdirections.In addition to the parametricnavigationfor a singlemodel,
wealsosupportneighborhoodnavigationin thespaceof all models.By clusteringa large numberof neighbors
andremovingneighbors thatarecloseto thecurrentmodel,theusercaneasilyvisualizethealternateeffectsthat
canonly beexpressedwith othermodels.We showthat our interfaceis simpleandintuitive. Furthermore, visual
navigationin the BRDF spaceboth in the local modeland the union spaceis an effectiveway for re�ectance
design.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.6 [ComputerGraphics]:Interactiontechniques,
I.3.7 [ComputerGraphics]:Color, shading,shadowing, andtexture

1. Intr oduction

Appearancemodelingis a crucial aspectof imagesynthe-
sis.Onecommonway to representappearancein computer
graphicsis to usetheBidirectionalRe�ectanceDistribution
Function (BRDF), which capturesthe interactionof light
and matter. BRDFs can be representedusing different an-
alytic models.However, the speci�cationof the modelpa-
rametersis often dif�cult becausetheseparameterscanbe
non-intuitive for artists and can have non-uniformeffects
on the renderedimage.For example,it is well known that
changingthePhongexponentfrom 5 to 10hasamuchmore
noticeableeffect thanchangingit from 95 to 100.This non-
uniformity makesthedesignof desiredBRDFsdif�cult for
users.Ideally, a given step in the parameterspaceshould
producea predictableand perceptually-uniformchangeof
the renderedimage.To alleviate this issue,softwaredevel-
opersoftenincludead-hocremappingof theparameters,for
exampledisplayingthe log of the Phongexponent.How-
ever, amoresystematicsolutionis desirablein orderto make

materialmodelingmoreintuitive.Systemsthatemploy psy-
chophysicshave producedimportantadvancesin this direc-
tion [PFG00]. The main drawback of thesesystemsis re-
quired extensive user studies,which limits their scalabil-
ity. In this work, we take an approachthat is not strictly
perceptually-basedbut that facilitatesusernavigation in the
spaceof analyticalBRDFs.

Anotherdif�culty oftenfacedby usersis thechoiceof an-
alytic re�ectancemodel.BRDFmodelsdiffer in theclassof
materialsthey arecapableof representingandit takescon-
siderableexpertiseto pick theright modelfor a desiredma-
terial.Variousmodelsdiffer visually in subtlewaysthatcan
be importantto theuserbut arehardto guess.In our work,
we seekto blur the boundarybetweenmodelsby allowing
usersto navigate freely acrossa variety of modelsandac-
cessthenuancesaffordedby differentanalyticalBRDFs.

Ourvisualnavigationinterfacepresentstheuserwith aset
of imagessamplingthere�ectanceneighborhoodof thecur-
rentmaterialselection.Theusersimply clicks on theimage

c
 TheEurographicsAssociation2006.



Nganetal. / Image-drivenNavigationof AnalyticalBRDFModels

helikesbest,andthere�ectancecorrespondingto this image
becomesthe new selection.This way of navigation simpli-
�es theuser's taskby removing theneedfor amentalmodel
of theparametermapping.Indeed,theuserdirectly seesthe
potentialeffect of a parameterchangebeforeeffecting it.
This interfacerequiresthat the spacingof the BRDF vari-
ationsshown to theuserbeasperceptuallyuniform aspos-
sible.In thiswork, weproposeametricfor BRDFsbasedon
renderedimages.We show that this metric is uniform with
respecttoperceptualmeasures.Usingthismetricwecan�nd
a setof equidistantneighborsin thecurrentmodelby inde-
pendentlychangingeachof theparameters.In addition,our
metricenablesus to de�ne thenotionof a neighborhoodin
the spaceof all models.In this context, our interfaceper-
mits easyconversionbetweenBRDF modelsandit reveals
local differencesbetweendifferentmodels.In particular, it
emphasizesneighborsthatdo not have a similar counterpart
in thecurrentmodel.

1.1. RelatedWork

In orderto leveragetheindustry'sexpertisein materialspec-
i�cation, WestlundandMeyer [WM01] appliedappearance
standardsto establishcorrespondencesbetweenmeasure-
mentscalesandparametersof analyticBRDFmodels.They
measure instancesof the analytical modelsby rendering
BRDFs at several anglesspeci�ed by the industryappear-
ancestandards.This producesa one-to-onemappingbe-
tweenthe industryglossvaluesandtheglossparametersof
a few analyticalmodels.

Pellaciniet al. [PFG00], inspiredby thework on percep-
tually uniformcolorspaces(e.g.,CIELAB), proposedaper-
ceptualadaptationof Ward's BRDF model [War92]. They
reparameterizethe modelbasedon psychophysical experi-
ments,in which subjectsareaskedto assignnumbersto de-
scribetheapparentdifferencesbetweenrenderedimagesof
different BRDFs.Next, they apply multidimensionalscal-
ing (MDS) techniquesto recover the perceptualaxes and
scalingof the glossspaceaccordingto the reporteddiffer-
ences.They demonstratethat the reparameterizedmodel is
easierto usebecauseit is perceptuallyuniform.However, it
is dif�cult to extendthesamemethodto moregeneralBRDF
modelssincethe higherdimensionalityandincreasein the
numberof samplesquickly renderhumanexperimentsim-
practical.

Thework of Pellacinietal. is themaininspirationbehind
our approach.We replacetheir psychophysicalexperiments
with acomputationalsurrogatethatis notstrictly perceptual
but providesbetterscalability. In addition,wepresentanew
visualinterfacefor BRDFparameterspeci�cation.

A number of computationalmetrics have been pro-
posedto capturehumanvisual performances,e.g.,[Dal93,
RWP� 95]. Thesemetricshave had successfulapplications
in realistic imagesynthesis,e.g., [BM98, Mys98, RPG99].

Our work dealswith a stimulusspacethat is simpler than
mostrelatedwork becauseour imagesareperfectlyaligned
andthe parameterspaceof analyticalBRDF modelshasa
smootheffecton therenderedimages.

Wealsobuild on recentresultsfrom Dror etal. [DAW01]
thatindicatethatasingleimageof amaterialunderunknown
illumination is oftenenoughfor re�ectancerecognitionby a
human.Furthermore,Fleminget al. [FDA01] show thathu-
manscanrecognizesurfacere�ectanceundernaturalillumi-
nationwith high accuracy from a singleimage.Leveraging
theseresults,we assumethat re�ectancecanbe compared
meaningfullyusingasinglerenderedimagefor eachBRDF.

Themostpopularline of researchfor intuitive speci�ca-
tion in realisticrenderingis inverseor goal-basedrendering,
e.g.,[SDS� 93,KPC93]. Thisapproachsimpli�es thetaskof
theuserandremovestheneedfor mentallyintricatereverse-
engineering[Dur02]. However, it requiresthatusersbeable
to assignabsolutegoalsandhaveapreciseideaof whatthey
desireto achieve.

Therecently-publishedBRDFShopsystem[CPK06] also
seeksto facilitate the speci�cation of materialappearance.
It builds on a paintinginterfaceandthe developmentof an
extendedWardmodelwhile wefocusonthespeci�cationof
parametersfor existingBRDFmodels.

Figure1: Photoshop'sVariationsinterface.

Our work also builds upon the researchin user inter-
facedesign.Approachessuchasdesigngalleries[MAB � 97]
and the Adobe PhotoshopVariations interface [Bak01]
presentthe user with various visual options.Design gal-
leries deal with complex multidimensionaland discontin-
uousparameterspacesand usea computationalmetric to
maximizethe dispersionof the output images.The Adobe
Photoshop“Variations” interface,currently under the im-
age/adjustmentsmenu, facilitates the alteration of chro-
maticity, brightnessandsaturationof animage(Fig. 1). The
interfacedisplaysthecurrentmodi�ed imageaswell assev-
eralvariationsalongthevariouschromaticity, saturation,or
brightnessaxes.It makescolor correctionintuitive because
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theuserdoesnotneedto form amentalmodelof theeffectof
thevariousparameters.Theoptionsarepresentedin avisual
form that canbe directly judgedby the userbasedon rele-
vantsubjectivecriteria[Bak01]. Thesuccessof thisinterface
hasstronglyin�uencedourwork onBRDFspeci�cation.

1.2. Overview

Thetechnicalcontributionsthatmake our interfacepossible
areasfollows.First,wede�ne acomputationalmetricbased
on renderedimagesto measuredistancebetweenBRDFs.
Weshow thatourmetricproducessimilar resultsto previous
perceptualstudies(Section2). Next, we createan interface
wheretheusernavigateswithin aBRDFmodelwith param-
etersremappedusing our metric. For the currentparame-
tersettings,wedisplayachoiceof variationscorresponding
to uniform stepsin the variousparameterdirections(Sec-
tion 3.3). The purely-numericalcontrol for the user is re-
ducedto oneslider that setsthe desireddistancefrom the
currentBRDF to theneighbors.In additionto local naviga-
tion within a model,we alsoallow theuserto visualizethe
neighborsin othermodels,with anemphasisonmaximizing
thepaletteof possibleappearances.In orderto maximizethe
diversityof materialsofferedto theuser, we discardneigh-
bors that can be well-approximatedby the currentmodel,
and we choosethe onesthat are most different from each
other(Section4). In Section3.2 we discusstheembedding
of the BRDF modelsinto a uni�ed low-dimensionalspace,
which is essentialfor constructingtheneighborhoodsat in-
teractive rates.

2. BRDF Metric

Comparisonof BRDFs hastypically beenusedfor �tting
measureddatato an analyticmodel.Onepopularchoiceis
thesquareddifferenceof the two BRDFsmultiplied by the
cosineof one or both incident and outgoingangles,inte-
gratedover the hemisphere[LFTG97]. However, the crite-
ria of a good �tting (near-threshold)metric do not neces-
sarily make it appropriatefor our task, which focuseson
suprathresholdperceptualuniformity. In particular, BRDF-
spacemetrics like the one mentionedtend to over�t near
themirror direction,asthevaluesareoftenordersof magni-
tudehigherthantheaverageof thewholeBRDF. In the�rst
row of Figure 8, we show the Ward model varying along
the roughnessaxis (a) uniformly spacedaccordingto the
BRDF-spaceL2 metricdescribedabove.Weobservethatthe
distanceis much larger when the BRDF is sharp(mirror-
like), andasa result the samplesareconcentratednearthe
sharperrange.This motivatesthe developmentof a metric
thatbettercapturesthevisualeffectof BRDFs.

2.1. Image-drivenMetric

Our metricfollows from two decisions.Themostimportant
decisionis to de�ne the distancebetweentwo BRDFs as

the differencebetweenthe renderedimageswith the given
BRDFsundera naturalenvironmentmap.Theseconddeci-
sion concernsthe preciseimagedifference,andour choice
is a compromisebetweenperceptualmotivation,simplicity,
andcomputationalef�ciency.

As BRDFsareusedto de�ne objectappearancein ren-
deredimagesin mostapplications,we chooseto de�ne our
metric in the imagedomain.While it is clear that a single
imagedoesnot have enoughinformationto uniquelyde�ne
a BRDF, we leverageresultsfrom Dror et al. [DAW01] and
Fleminget al. [FDA01] that show that a single imagecan
capturea largepartof thematerialcharacteristicsif theillu-
minationis natural.In this work, we chooseto usethe im-
ageof a sphererenderedwith a given naturalenvironment
map,in practicethe GraceCathedral,courtesyof Paul De-
bevec. For the restof the discussion,we will usethe term
BRDFimageto representthisparticularscenerenderedwith
thecorrespondingBRDF. Notethat,ideally, theenvironment
mapof theintended�nal renderingcouldbeusedat thecost
of increasedcomputation.

The imagedifferencethatwe chooseis theL2 difference
betweenthecubicrootsof theRGB channelsof two BRDF
images.The imagesare representedin �oats with high-
dynamicrange,withoutany tonemapping.Thechoiceof the
cubicroot is inspiredby theluminancemappingof theper-
ceptuallyuniform CIELAB color space[Fai98] andrelated
to early tonemappingoperators[TR93]. In our application,
wedonotusemoreperceptually-uniformCIELAB for com-
putationalreasons:thecubic root of theRGB channelsis a
slightly simplerformulathatallowsusto precomputeBRDF
imagesandenableapproximationbasedonprincipalcompo-
nentsanalysis(Section3.2). However, we advocatetheuse
of CIELAB if precomputationis notanissue.Morecompre-
hensive visualdifferencepredictorscouldalsobeused,but
wouldbeevenmorecomputationallyexpensive. In practice,
we have found that our simplemetric yields uniform spac-
ing.

2.2. Metric Evaluation

To validateour metric with perceptualmeasures,we com-
parethe reporteddistanceof our metric to thepsychophys-
ical experimentsby Pellaciniet al. [PFG00]. In their work,
11 renderingsof the Ward modelwith different roughness
areshown to humansubjects,andthe subjective glossrat-
ingsarereported.Thereportedvaluestogetherwith thelin-
ear�t proposedareshown in Figure2. In orderto provide a
comparisonwith theirresults,wesamplethesameparameter
rangein theWardmodel,andthedistanceof eachsampleto
its next neighboris computedaccordingto our metric.The
cumulative distancestartingfrom the �rst BRDF (d = 0:8)
is plottedin blue in the �gure. As thereis anunknown cal-
ibration scalebetweenour metric andthe reportedratings,
we choosethescaleto give a best�t to thedata(which ex-
plainswhy thecurvesdonotmeetatd = 0:8.)Thesamecal-
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Figure 2: Comparingthe glossratingsreportedby human
subjectsandthe 10-stepscumulative distancesreportedby
ourimage-drivenmetric(Blue),andthedirectL2 metricwith
LAB (Green)and RGB (Red).The linear �t proposedby
Pellaciniet al. is alsoshown (Black). d is the distinctness-
of-imageparameterde�ned as d = 1 � a, wherea is the
roughnessparameterin the original Ward model.Adapted
from [PFG00] with author'spermission.

ibration is appliedto two alternative metricson the BRDF
images:RGB (without cubic root) andLAB L2 difference.
Althoughtheshapeof thefunctionfor our metricis slightly
differentfrom Pellaciniet al.'s linear regression,our metric
is consistentwith theratingsreported.TheLAB L2 resultis
marginally betterthanourmetric,while theRGBL2 metric,
in contrast,deviatessigni�cantly from both estimatesand
overly emphasizedifferencescloseto themirror-like range.
To summarize,the form of this image-differencemetric al-
lowsusto reducethecomputationcostwhileofferingsimilar
performanceto theLAB metric.

More importantly, it is the use of renderedimagesas
opposedto BRDF-spacedifferencesthat makesour metric
unique.In contrast,experimentswith metric directly com-
putedin the BRDF angulardomainareunsuccessful.Even
with thecubicroot remappingapplieddirectly to theBRDF
data,the resultsareas poor as the RGB L2 imagemetric.
We hypothesizethat the useof renderedimagesimposesa
convolution to theBRDF [RH01,DHS� 05] andemphasizes
differentfeaturesthantheoriginal BRDF data,which better
capturesourperceptionof material.

In Figure8 we compareour image-driven metric to the
BRDF-spacemetricde�ned in theangulardomain.In each
of thetwo rows theWardmodelis variedover thesamepa-
rameterrange,andsamplesarechosenuniformly according
to theBRDF-spacemetric (�rst row) andour imagemetric
(secondrow). Anotherexampleis shown in Figure9 for the
Lafortunemodel,wherewe comparetheuniform parameter
spacing(�rst row) andour imagemetric(secondrow), when

the parametercz is variedwith a �x ed exponentn. In both
cases,thespacingwith our metric is muchmoreuniform in
termsof appearance,andassuchwouldbeeasierfor theuser
to control.We have foundthis observationconsistentacross
thedifferentparametersof theBRDFmodelsweuse.

For theLafortunemodel,thecz parameteris particularly
dif�cult to navigate without our remapping.This is not a
critical issuefor its initial motivation, data�tting, but the
modelis moreandmoreusedin otherapplicationsbecause
it is �e xible andef�cient to evaluate.Whencz = � cx, the
Lafortunelobeis equivalentto thePhonglobe.However, the
modelis verysensitivewith respectto cz whentheexponent
ishigh:evensmalldeviationof cz canleadtohugebiasof the
lobetowardsnormalor grazingangle.In the�rst row of Fig-
ure9 animportantregion of theparameterspaceis skipped
whencz is variedlinearly, asmostof thevisually interesting
behavior of themodelis highly concentratednearthevalue
whencz = � cx. Ourmetricis ableto offer amuchmoreuni-
form spacing,andwouldallow auserto interactively explore
theexpressivenessof themodelmoreeasily.
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Figure3: Plotof distancesfrom theWardBRDFata = 0:07
to 25 samplesrangingfrom a = 0:01 to 0:36. We compute
our image-basedmetric with renderingsusingthreediffer-
ent environmentmapsandcompareto the BRDF-spaceL2

metric.Thedistancesfrom thedifferentmetricsarebrought
to thesamescaleby minimizing theleast-squareerrorsover
all (25� 24)pairwisedistances.

SceneDependenceNext, we evaluatethesensitivity of our
metric to thechoiceof theparticularenvironmentmap.We
choosea setof 25 WardBRDFsandrenderthecorrespond-
ing imageswith two additionalenvironmentmaps.Wecom-
puteall pairwisedistances(25� 24) usingtheimagemetric
on eachsetof images,andalsothe BRDF-spaceL2 metric
for comparison.We�nd thescalefactorbetweenthemetrics
by leastsquare�tting. We have found thatover 85%of the
distancesfor thetwoadditionalenvironmentmapsarewithin
20%of our referencedistances.In Figure3 we plot thedis-
tancesof the 25 samplesfrom a particularsampleat a =
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0:07.Weconcludethatourmetricis consistentregardlessof
the usedenvironmentmap.We emphasize,however, that it
is critical to useanatural environmentmap[DLAW01] that
exhibits enoughcomplex features.In particular, trivial envi-
ronmentmapssuchasa constantgrey spherewould ignore
highlight shapes.Fleminget al. [FDA01] have shown that
complex naturalillumination greatlyfacilitatestherecogni-
tion of materials.Furthermore,Dror et al. [DAW01] have
demonstratedthat a numberof characteristicsof rendered
BRDFsareinvariantto a large classof real-world environ-
mentmaps.

We have not evaluatedour metric's dependenceon scene
geometry. As eachpixel is comparedindependently, our
metric only dependson the distribution of normalsinstead
of theactualshape.For a renderedsphere,normalsthatare
closeto grazing(with respectto theview direction)aresam-
pledmoresparsely. If adifferentbiasis desired,wecanalter
our metric to weigh thepixels in a non-uniformway. How-
ever, theeffectsof usingnon-convex objectswould require
further study, asself-shadowing andotherglobal illumina-
tion effectscomeinto play.

3. FastDistanceComputation and Navigation Interface

Our navigation interfacepresentstheuserwith choicesthat
aredistributeduniformly accordingto our metric. This re-
quires on-the-�y image generationand distancecompu-
tation. We can achieve fast image generationusing pre-
computationandPCA. However, we still needto compute
many imagedifferencesandtheneedfor imagereconstruc-
tion and cubic-root non-linearity makes this computation
costly. This is why we introducea new embeddingwhere
our metriccorrespondsto theEuclideandistance,which af-
fordsdramaticspeedup. Note that this embeddingspaceis
different from the oneusedfor imagegeneration.We then
presentour interface.

3.1. ImagePre-rendering

As imagesof arbitraryBRDFsunderan environmentmap
cannotberenderedinteractively, we pre-rendera setof im-
agesfor eachmodelby samplingits non-linearparameters.
Linear parametersareappliedon demand.The imagesare
renderedat a resolutionof 320 by 320 andprincipal com-
ponentanalysis(PCA) reducesthe datasize.The sampling
densityof eachmodel is shown in Table1. For simplicity,
the isotropicsingle-lobeversionof the Lafortunemodel is
employed. With this assumption,we canreduceredundant
degreeof freedomby settingc2

x + c2
y + c2

z = 1. As cx = cy
for an isotropicLafortunelobe,theparameterscz andn are
enoughto fully specifythe lobe up to a scalingfactor. The
scalingfactorcanbe ignoredaswe normalizethe lobe ap-
proximatelysuchthat the BRDF have the samebrightness
when cz or n is varied. In the currentimplementation,we
only samplecx in thenegative rangewhich precludesretro-

Model SamplingGrid Parameters
Ward (9) � 15� 15 ax, ay
Blinn-Phong (9) � 15 n
Cook-Torrance (9) � 11� 13 F0, m
Heetal. (9) � 8� 9� 5 s, t , n
Lafortuneetal. (9) � 14� 13 cz, n

Table1: Samplingdensityof variousmodels.The �rst di-
mensionin parenthesescorrespondsto the (r d=r s) dimen-
sion,which is only applicableto theembeddingcalculation,
but not thelinearprerendering.

re�ection-like behavior. This limitation canbe easily lifted
by expandingourpre-renderingdomain.

3.2. Embedding in a Uni�ed EuclideanSpace

In order to facilitate uniform navigation accordingto the
metric, distancesin the local neighborhoodare required
within a model and betweenmodels.In theory, one could
computethemetricfrom theimageson the�y , but thecom-
putationalcostis toohighwhenanumberof neighborsneeds
to be considered.This is why we introducea fastapproxi-
mationof themetricbasedon theembeddingin aEuclidean
spacewith PCA.This is differentfrom typicalusageof PCA
for compressionpurposes:we only want to computedis-
tancesanddonotneedto reconstructthedatapoints.

Observingthatourmetricis de�ned astheEuclideandis-
tancebetweenthecubicroot of thetwo images,we canap-
proximatethemetricby embeddingthesetof postcubicroot
imagesin a low-dimensionalvectorspace.However, in this
casewe can no longer ignore the linear parametersof the
BRDF due to the cubic root. We can write the post cubic
root imageI as

I(r d; r s;p) = (r dIdi f f use+ r sIspecular(p))
1
3

= r
1
3
s (

r d

r s
Idi f f use+ Ispecular(p))

1
3

(1)

wherer
1
3
s canbeseenasaglobalscale.As a result,in ad-

dition to the nonlinearparameters,we alsoneedto sample
alongthe r d

r s
parameter. We sampleeachof the � ve models

with regulargrids(Table1). Next we seekto embedall � ve
modelsinto a singleembeddingspace.ConventionalPCA,
which requiresthe datato be mean-centered,is unsuitable
for our purpose,aslinearscalingof theimagedoesnot cor-
respondto a simplescalingof the embeddingcoordinates.
We enforcethecenterto bezeroto allow linearscalingand
useuncenteredPCA [Jol02] to computetheembeddingco-
ordinates.While uncenteredPCAdoesnothavetheoptimal-
ity propertiesof standardPCA,theapproximationerrorsstill
decayveryquickly. DistancebetweentheBRDFsaccording
to our imagemetric canbe approximatedef�ciently in this
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spaceusingtheEuclideandistance.In practice,weconserva-
tively usethe�rst 200coef�cients, whichmeansthatourim-
agemetric becomesthe Euclideandistancefor 200 dimen-
sions,asopposedto the differencebetweencubic rootsof
320x320pixels, therebyachieving dramaticspeed-up.This
allows us to employ a moresophisticatedalgorithmfor the
neighborhoodconstructionwhennavigatingfrom onemodel
to another(Section4).

3.3. Interface Overview

Our navigation interfaceis basedon visual variations(Fig-
ure 4). The user is presentedwith a numberof neighbor-
ing BRDFimagessurroundingthecurrentone.Theusercan
choosethedesiredimageby clicking onit. Thereis only one
real-valuedslider in the interface– the radiusof theneigh-
borhood.A typical usernavigation begins with a large ra-
dius,which will thenbereducedgraduallyastheusercon-
vergesto thedesiredBRDF.

Figure 4: Screenshotof the navigation interface.The cur-
rent model is the Cook-Torrancemodel,and the useris at
the roughness/grazingtab. The centerimageis the current
BRDF, and the surroundingonesare the four equidistant
neighbors.

Most BRDF modelshave more than a few parameters,
which is why we divide the neighborsinto threedifferent
tabs.In the�rst two tabs,weshow thevariationsin thecolor
and intensity of the diffuse and the specularscalesof the
BRDF. In the third tab, we show the variationsdue to the
other parametersdependingon the chosenmodel (rough-
ness,Fresnelfactor, etc.),which typically affect the shape
of the specularlobe. In this tab, the neighborsare chosen
accordingto our image-driven metric describedin Section
2.1.

The current implementation of the interface allows

the user to navigate within the space of 5 different
BRDF models.Theseinclude Blinn-Phong[Bli77], Ward
[War92], Cook-Torrance[CT81], Lafortune[LFTG97] and
He [HTSG91]. The anisotropicversionof the Ward model
is employed while the other models are enforcedto be
isotropic. We use the implementationof the He et al.
modelby Rusinkiewicz wherepolarizationis ignored[Rus].
Adding moremodelsto our interfacewould be straightfor-
ward.

Figure5: Equidistantneighbors(smallredcircles)arefound
by walking alongtheisoparameterlines(dashedlines).The
neighborat thedesireddistanceis foundwhenthesegment
intersectthe circle (sphere).The orangelines highlight the
grid samplesthat arequeriedduring the search.The black
linesindicateothergrid samples.

Let theuser-speci�eddistancebee. In thediffuse/specular
colortabs,wede�ne theneighborhoodto bethesphereof ra-
diuse in theLAB space,centeredaroundthecurrentcolor.
We display2 neighborsin theL (luminance)direction,and
8 neighborsin the a-b chromaticityplane.We could inter-
changeablyhaveusedthecubicrootof R, G, andB for these
parametersaswell, but sincewehavenocomputationallim-
itation,wehavechosento usestandardCIELAB.

Thespecularlobetab(third tab)dependson theparame-
tersusedin thechosenanalyticalmodel.For theseparame-
terswe needto �nd equidistantneighborsaccordingto our
image-drivenmetric.For illustration, let usassumethat the
BRDFhasonly two parameters,andthusthesamplegrid for
thedistanceprecomputationis a 2D lattice(Figure5). First,
we �nd theembeddingcoordinateof thecurrentBRDF us-
ing a multi-linear interpolation.Next we seekneighborsin
the 4 differentparametricdirections.Startingfrom thecur-
rentpoint(redpoint in thecenter),wewalk alongthechosen
parameterkeepingtheotherparametersunchanged(dashed
line). As we advancealong the path, the currentsegment
is intersectedwith the e circle. The distancecomputation
for this intersectionexploits the post-cubic-rootPCA co-
ef�cients describedabove. This algorithmis generalizedto
higher-dimensionsin ourapplication.
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4. Navigating AcrossDiffer ent Models

An importantchoicein material re�ectancedesignis that
of the analyticalmodel itself. BRDF modelsdiffer in their
expressivenessandthe classof materialsthat they canrep-
resent.Our interfacedoesnot requireBRDF expertiseor
trial-and-errorof differentmodels.In orderto achieve this,
we show imagesof materialappearancethatareat a certain
distancefrom the currentpick but cannotbe obtainedwith
thecurrentanalyticalmodel.This requirestwo differentfea-
tures:we needto convert betweentwo differentanalytical
models,andwe needto evaluatewhich materialappearance
affordedby otherBRDF modelscannotbe achieved using
thecurrentanalyticalmodel.

We computeconversionsbetweenthe variousanalytical
modelsby �tting a discreteset of samplesof eachmodel
to every other model. In practice,the �t is computedus-
ing the L2 BRDF-spacemetric becauseit is morecompu-
tationally ef�cient than the image-driven metric. In addi-
tion, we areseekingnear-thresholdmatches,which is dif-
ferent from spacingBRDFs uniformly at a suprathreshold
distance.Our experimentshave indicatedthat �ts obtained
usingthetwo metricsaresimilar, whichcontraststhediffer-
entsuprathresholdbehavior observedin Section2.1. Fitting
a singleBRDF to a targetmodeltakesabout10 minuteson
averageonasinglePC,but thecomputationneedsto beper-
formed only once.We samplethe BRDF modelswith the
samegrid asfor theembeddingspace(Table1) andstoreall
thepairwiseconversions.

Alternative BRDF model

Current BRDF model

A 
(Current pick)

B'

dC'

dB'

A'
C'

Figure6: Illustration of the manifoldsspannedby two an-
alytical BRDF modelsin an abstractuni�ed BRDF space.
Point on the black curvesrepresentinstanceof two BRDF
models.Givena currentBRDF, we want to �nd BRDFson
analternativemodelthatareclosebut cannotberepresented
by thecurrentanalyticalmodel.We wish to proposemateri-
alssuchasB0 becauseits distancedB0 to thecurrentmodel
is large.Seetext for detail.

To constructthe desiredneighborhood,we �rst want to
�nd neighborsin all modelswhich are at distancee from
the currentBRDF. Using the precomputedconversionand
multi-linear interpolation,we can�nd theBRDF A0 closest
to the currentpick A on the manifold spannedby a differ-
ent analyticalmodel(Fig. 6). Startingfrom point A0 in the
new model,we can searchfor neighborsin the sameway

asdescribedin the previous section.The only differenceis
thattheesphereis now centeredaroundA insteadof A0. We
repeatthesamesearchfor eachmodelpair.

For eachneighbor(B0,C0) we look up the best-�t BRDF
in thecurrentmodelandcomputethedistance(dB0,dC0). We
remove neighborsthat are lessthana thresholddistanced
from thecurrentmodel.Weempiricallychoosed = 0:3e.

As a �nal step,we further trim the numberof neighbors
by clustering.This is necessaryfor caseswhenthenumber
of neighborsis too large to displayin the interface.In this
case,we would like to show neighborsthataremostdiffer-
ent from eachother. A standardsolutionis to usek-means
clusteringon the setof neighborsrepresentedby their em-
beddingvectors.A singleneighboris thenchosenrandomly
from eachclusterto form the neighborhood.While the k-
meansalgorithm,in general,doesnot give the global opti-
mum, the methodworks well in our application.Note that
a largenumberof metriccomputationshappenin this phase
andour low-dimensionalembeddingis crucial for reducing
thecomputationtime. In fact, theupdatetime to move to a
new selectionis lessthan0:7 secondsin theworstcase.

This solutioncanbeseenasa simpli�ed way of navigat-
ing in themanifoldspannedby all BRDFmodelsin thespirit
of Matusiket al.'s work on data-drivenBRDFs[MPBM03].
Our manifold-hoppingsolutionallows us to implicitly nav-
igatesucha global manifold without explicitly building it.
Topologicaland metric information aboutthis manifold is
encodedby theconversionanddistanceinformation.

Figure7: The conversiontab showing the neighborsin the
unionspaceof all models.Notethatall theneighborsshow
some effects which are not expressiblewith the current
model(Blinn-Phong).
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5. Discussion

In this paperwe have proposeda new distancemetric for
BRDFs.EachBRDF is representedby a correspondingren-
deredimageundera naturalillumination environment.We
show thatwhile this metricis not directly derivedfrom psy-
chophysics measurements,it reasonablyre�ects the visual
differencesbetweenmaterialsin a uniform way. Given this
metric, we have built a userinterfacefor navigating in the
BRDF space.Our interfaceis intuitive andsimple:theonly
non-visualparameteris theneighborhoodradius.Neighbors
in different parameterdirectionsat the speci�ed distance
from the currentBRDF areshown andcanbe selectedby
a mouseclick. In addition,conversionsbetweenmodelsare
precomputedandthe usercanreadily seethe neighborsin
othermodelsandswitch to themif desired.With our inter-
face,theuseris notrequiredto understandtheintricatecom-
plexities anddifferencesbetweenthe differentmodels.In-
stead,theusercanalwaysseetheneighboringBRDFsacross
differentmodelsandfreely jumpbetweenthem.Theaccom-
panying videodemonstratesourmethodanduserinterface.

In our experience,theability to previsualizetheresultof
the next navigation step is key to the effectivenessof the
interface.In contrastto slider-basedinterfaces,ourapproach
allows theuserto directly seepossibleoptionsanddoesnot
requirecreationof a mentalmodelfor theeffectsof various
parameters.

Thedependenceof ourmetriconanenvironmentmapde-
serves further study. On onehand,we believe that the en-
vironmentmap provides imagesthat betterrepresentreal-
world usageof BRDFs;andit hasbeenshown thatthecom-
plexity of real-world environmentmapsgreatlyfacilitatethe
recognitionof materialsby humans.Ontheotherhand,there
is somethingarbitraryin choosingagivenenvironmentmap,
even thoughour experimentsshow that themetric is robust
to this choice.We believe that themostexciting questionis
to furthercharacterizewhatis specialaboutnaturalenviron-
ment mapsusing tools suchas Fourier analysis,wavelets,
andderivatives[DLAW01]. Oncenaturalenvironmentmaps
arebetterunderstood,onecanhopeto directlyde�ne amet-
ric in theBRDF domain.Recent�ndings on thesignalpro-
cessinginteractionbetweenillumination and BRDFs will
likely beimportant[RH01,DHS� 05].

A secondlimitation of our currentapproachis dictated
by the original parameterization.The different parameters
of a BRDF modelarenot necessarily“perceptuallyorthog-
onal” and while the different choiceswe presentaround
the currentselectionareon a perceptualcircle, they might
not be uniformly distributed on this circle. Pellacini et al.
[PFG00] de�ned new axes for the Ward model basedon
multi-dimensionalscalingof thereporteddistances.It would
beabiggerchallengeto de�ne new axesthataremeaningful
anduniform in theuni�ed spaceof multipleBRDFmodels.

Thereare other avenuesfor future work. First, we cur-
rently only supporta singlespecularlobe in our interface.

Additional lobesincreasethe dimensionalityof the space,
and organizing them in a meaningfulway is challenging.
Next, our interfaceis limited to a prede�nedsceneanden-
vironment.To allow for arbitraryscenes/environments,pre-
computedrenderingtechniquescan be employed [RH02,
SKS02]. Thechoiceof theinitial BRDF at thebeginningof
navigation is anotherimportantissue.An interfacesimilar
to designgalleries[MAB � 97] would greatly facilitate this
�rst stepandre�ne our k-meansapproach.While we have
leverageddatafrom Pellacini's perceptualstudyto validate
our image-drivenmetric,a logical next stepis to performa
formal userstudy in order to betterevaluatethe effective-
nessof our interface.Finally, we believe that visual inter-
facessuchasdesigngalleriesandvariations-basedinterfaces
like theonewe have presentedhave importantapplications
in all areasof computergraphics,andcansigni�cantly en-
hanceuser's experiencewhendealingwith complex param-
eterspaces.
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Figure8: TheWardmodel,varyingalongtheroughnessdimension(a = 0:01 to 0:37).Row 1: uniformly spacedaccordingto
theBRDFspaceL2 metric,Row 2: uniformly spacedaccordingto our imagemetric.

Figure9: TheLafortunemodel,varyingalongcz = 0:54 to 0:58, exponentn = 800.Row 1: linearly spacedalongcz, Row 2:
uniformly spacedaccordingto our image-drivenmetric.
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