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Abstract

Specifyingparametes of analytic BRDF modelsis a dif cult taskastheseparametes are oftennot intuitive for
artistsandtheir effecton appeaancecanbenon-uniformldeally, a givenstepin the parameterspaceshouldpro-
ducea predictableand perceptually-uniformchange in the rendeed image. Systemshat employpsytophysics
haveproducedmportantadvancesn this direction; howerer, the requirementof userstudiedimits scalability of
theseappmoades.In this work, we proposea new and intuitive methodfor designingmaterial appeaance First,
wede ne a computationametricbetweerBRDFsthatis basedon rendeedimagesof a sceneundernatural illu-
mination.We showthat our metric producegesultsthat agreewith previousperceptualstudies Next, we propose
a userinterfacethat allowsfor navigationin theremappegarameterspaceof a givenBRDFmodel.For the cur-
rentsettingsof the BRDF parametes, wedisplaya choiceof variationscorrespondingo uniformstepsaccoding
to our metric, in the various parameterdirections.In addition to the parametricnavigationfor a single model,
we also supportneighborhoochavigationin the spaceof all models By clusteringa large numberof neighbos
andremawing neighbos that are closeto the currentmodel,theusercaneasilyvisualizethe alternateeffectsthat
canonly be expressedvith other models We showthat our interfaceis simpleandintuitive. Furthermoe, visual
navigationin the BRDF spacebothin the local modeland the union spaceis an effectiveway for re ectance
design.

Categyoriesand SubjectDescriptors(accordingto ACM CCS} 1.3.6 [ComputerGraphics]:Interactiontechniques,

1.3.7 [ComputerGraphics]:Color, shadingshadeving, andtexture

1. Intr oduction

Appearancanodelingis a crucial aspectof image synthe-
sis.Onecommonway to represenaippearancen computer
graphicsis to usethe BidirectionalRe ectanceDistribution
Function (BRDF), which capturesthe interactionof light
and matter BRDFs can be representedising differentan-
alytic models.However, the speci cation of the modelpa-
rameterss often dif cult becausdheseparameterganbe
non-intuitive for artists and can have non-uniform effects
on the renderedmage.For example,it is well known that
changinghe Phongexponentfrom 5 to 10 hasamuchmore
noticeableeffect thanchangingt from 95 to 100. This non-
uniformity makesthe designof desiredBRDFsdif cult for
users.ldeally, a given stepin the parameterspaceshould
producea predictableand perceptually-unifornrchangeof
the renderedmage.To alleviate this issue,software devel-
opersoftenincludead-hocremappingof the parameterdpor
example displaying the log of the Phongexponent.How-
ever, amoresystematisolutionis desirablen orderto make
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materialmodelingmoreintuitive. Systemghatemploy psy-
choplysicshave producedmportantadvancesn this direc-
tion [PFGOQ. The main dravback of thesesystemsis re-
quired extensve user studies,which limits their scalabil-
ity. In this work, we take an approachthat is not strictly
perceptually-basebut thatfacilitatesusernavigationin the
spaceof analyticalBRDFs.

Anotherdif culty oftenfacedby userds thechoiceof an-
alytic re ectancemodel.BRDF modelsdiffer in the classof
materialsthey are capableof representing@ndit takescon-
siderableaxpertiseto pick theright modelfor a desiredma-
terial. Variousmodelsdiffer visually in subtlewaysthatcan
be importantto the userbut arehardto guessin our work,
we seekto blur the boundarybetweenmodelsby allowing
usersto navigate freely acrossa variety of modelsandac-
cesshenuancesffordedby differentanalyticalBRDFs.

Ourvisualnavigationinterfacepresentsheuserwith aset
of imagessamplingthere ectanceneighborhooaf thecur
rentmaterialselection.The usersimply clicks on theimage
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helikesbest,andthere ectancecorrespondingo thisimage
becomeghe new selection.This way of navigation simpli-
es theuserstaskby removing the needfor amentalmodel
of the parametemapping.Indeed the userdirectly seeghe
potential effect of a parameterchangebefore effecting it.
This interfacerequiresthat the spacingof the BRDF vari-
ationsshown to the userbe asperceptuallyuniform aspos-
sible.In thiswork, we proposea metricfor BRDFsbasedn
renderedmages.We shaw that this metricis uniform with
respecto perceptuaineasuredJsingthismetricwe can nd
a setof equidistanineighborsin the currentmodelby inde-
pendentlychangingeachof the parametersn addition,our
metric enableausto de ne the notion of a neighborhoodn
the spaceof all models.In this contet, our interface per
mits easyconversionbetweenBRDF modelsandit reveals
local differenceshetweendifferentmodels.In particular it
emphasizeseighborghatdo not have a similar counterpart
in thecurrentmodel.

1.1. RelatedWork

In orderto leveragetheindustry's expertisein materialspec-
i cation, WestlundandMeyer [WMO01] appliedappearance
standardsto establishcorrespondencebetweenmeasure-
mentscalesandparametersf analyticBRDF models.They
measue instancesof the analytical modelsby rendering
BRDFs at several anglesspeci ed by the industry appear
ance standardsThis producesa one-to-onemapping be-
tweenthe industryglossvaluesandthe glossparameteref
afew analyticalmodels.

Pellacinietal. [PFGOQ, inspiredby the work on percep-
tually uniform color spacege.g.,CIELAB), proposed per
ceptualadaptationof Ward's BRDF model [War93. They
reparameterizéhe model basedon psychoplysical experi-
ments,in which subjectsareasledto assignnumbergo de-
scribethe apparentlifferenceshetweernrenderedmagesof
different BRDFs. Next, they apply multidimensionalscal-
ing (MDS) techniquesto recover the perceptualaxes and
scalingof the glossspaceaccordingto the reporteddiffer-
ences.They demonstratehat the reparameterizethodelis
easierto usebecausét is perceptuallyuniform. However, it
is dif cult to extendthesamemethodto moregeneraBRDF
modelssincethe higherdimensionalityandincreasen the
numberof samplesquickly renderhumanexperimentsim-
practical.

Thework of Pellacinietal. is themaininspirationbehind
our approachWe replacetheir psychoplysical experiments
with acomputationasurrogtethatis not strictly perceptual
but providesbetterscalability In addition,we present nex
visualinterfacefor BRDF parametespeci cation.

A number of computationalmetrics have been pro-
posedto capturehumanvisual performancese.g.,[Dal93
RWP 95|. Thesemetricshave had successfubpplications
in realisticimage synthesisg.g.,[BM98, Mys98 RPG99.

Our work dealswith a stimulusspacethat is simplerthan
mostrelatedwork becaus@ur imagesare perfectlyaligned
andthe parameteispaceof analyticalBRDF modelshasa
smootheffectontherenderedmages.

We alsobuild onrecentresultsfrom Dror etal. [DAWO01]
thatindicatethata singleimageof amaterialunderunknavn
illuminationis oftenenoughfor re ectancerecognitionby a
human FurthermoreFlemingetal. [FDAO1] shaw thathu-
manscanrecognizesurfacere ectanceundermaturalillumi-
nationwith high accurag from a singleimage.Leveraging
theseresults,we assumehat re ectancecan be compared
meaningfullyusinga singlerenderedmagefor eachBRDFE

The mostpopularline of researcHor intuitive speci ca-
tion in realisticrenderings inverseor goal-basedendering,
e.g.,[SDS 93 KPC93. Thisapproactsimpli es thetaskof
theuserandremovesthe needfor mentallyintricatereverse-
engineering[Dur0Z. However, it requiresghatusersbeable
to assignabsolutegoalsandhave a preciseideaof whatthey
desireto achieve.

Therecently-publisheRDFShopsystem[ CPKO0{ also
seeksto facilitate the speci cation of materialappearance.
It builds on a paintinginterfaceandthe developmentof an
extendedWardmodelwhile we focuson thespeci cationof
parametersor existing BRDF models.

Figurel: Photoshors Variationsinterface.

Our work also builds upon the researchin user inter-
facedesign Approachesuchasdesigngalleries]MAB 97]
and the Adobe PhotoshopVariations interface [Bak0]]
presentthe userwith various visual options. Design gal-
leries deal with complex multidimensionaland discontin-
uous parameterspacesand use a computationalmetric to
maximizethe dispersionof the outputimages.The Adobe
Photoshop‘Variations” interface, currently under the im-
age/adjustmentsnenu, facilitates the alteration of chro-
maticity, brightnessaandsaturatiorof animage(Fig. 1). The
interfacedisplaysthe currentmodi ed imageaswell assev-
eralvariationsalongthe variouschromaticity saturationor
brightnessaxes. It makescolor correctionintuitive because
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theuserdoesnotneedo form amentalmodelof theeffect of
thevariousparametersTheoptionsarepresentedh avisual
form that canbe directly judgedby the userbasedon rele-
vantsubjectve criteria[Bak0]. Thesuccessf thisinterface
hasstronglyin uenced our work on BRDF speci cation.

1.2. Overview

Thetechnicalcontritutionsthatmake our interfacepossible
areasfollows. First,we de ne acomputationametricbased
on renderedmagesto measuredistancebetweenBRDFs.
We shaw thatour metricproducesimilar resultsto previous
perceptuabtudies(Section2). Next, we createan interface
wheretheusernavigateswithin a BRDF modelwith param-
etersremappedusing our metric. For the currentparame-
ter settingswe displaya choiceof variationscorresponding
to uniform stepsin the various parameterirections(Sec-
tion 3.3). The purely-numericalcontrol for the useris re-
ducedto oneslider that setsthe desireddistancefrom the
currentBRDF to the neighborsin additionto local naviga-
tion within a model,we alsoallow the userto visualizethe
neighborsn othermodels with anemphasi®n maximizing
thepaletteof possibleappearancesn orderto maximizethe
diversity of materialsofferedto the user we discardneigh-
bors that can be well-approximatedoy the currentmodel,
and we choosethe onesthat are mostdifferentfrom each
other(Section4). In Section3.2 we discussthe embedding
of the BRDF modelsinto a uni ed low-dimensionakpace,
which is essentiafor constructinghe neighborhoodst in-
teractverates.

2. BRDF Metric

Comparisonof BRDFs hastypically beenusedfor tting
measurediatato an analyticmodel. One popularchoiceis
the squaredifferenceof the two BRDFsmultiplied by the
cosineof one or both incident and outgoing angles,inte-
gratedover the hemispherd LFTG97]. However, the crite-
ria of a good tting (nearthreshold)metric do not neces-
sarily make it appropriatefor our task, which focuseson
suprathresholgerceptualiniformity. In particular BRDF-
spacemetricslike the one mentionedtendto overt near
themirror direction,asthevaluesareoftenordersof magni-
tudehigherthanthe averageof thewhole BRDF In the rst
row of Figure 8, we shaw the Ward model varying along
the roughnessaxis (a) uniformly spacedaccordingto the
BRDF-space.? metricdescribedibore. We obsere thatthe
distanceis much larger when the BRDF is sharp(mirror-
like), andasa resultthe samplesare concentratechearthe
sharpemrange.This motivatesthe developmentof a metric
thatbettercaptureghevisual effect of BRDFs.

2.1. Image-driven Metric

Our metricfollows from two decisionsThe mostimportant
decisionis to de ne the distancebetweentwo BRDFs as
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the differencebetweenthe renderedmageswith the given
BRDFsundera naturalervironmentmap.The seconddeci-
sion concernghe preciseimagedifference,andour choice
is a compromisébetweerperceptuamotivation, simplicity,
andcomputationakf ciency.

As BRDFs are usedto de ne objectappearancén ren-
deredimagesin mostapplicationswe chooseto de ne our
metricin the imagedomain.While it is clearthata single
imagedoesnot have enoughinformationto uniquelyde ne
a BRDF, we leverageresultsfrom Dror etal. [DAWO01] and
Fleming et al. [FDAO1] that shav that a singleimagecan
capturea large partof the materialcharacteristic# theillu-
minationis natural.In this work, we chooseto usetheim-
ageof a sphererenderedwith a given naturalervironment
map,in practicethe GraceCathedral courtesyof Paul De-
bevec. For the restof the discussionwe will usethe term
BRDFimage to representhis particularscengenderedvith
thecorrespondin@RDF Notethat,ideally, theervironment
mapof theintendednal renderingcouldbeusedatthecost
of increaseccomputation.

The imagedifferencethatwe chooseis the L? difference
betweerthe cubicrootsof the RGB channelf two BRDF
images. The imagesare representedn oats with high-
dynamicrange withoutary tonemapping.Thechoiceof the
cubicrootis inspiredby the luminancemappingof the per
ceptuallyuniform CIELAB color space Fai9g andrelated
to earlytonemappingoperator§ TR93. In our application,
we do notusemoreperceptually-unifornCIELAB for com-
putationalreasonsthe cubicroot of the RGB channelss a
slightly simplerformulathatallows usto precomputd8RDF
imagesndenableapproximatiorbasedn principalcompo-
nentsanalysis(Section3.2). However, we adwcatethe use
of CIELAB if precomputatiofis notanissue More compre-
hensve visual differencepredictorscould alsobe used,but
would beevenmorecomputationallyexpensve. In practice,
we have found that our simple metric yields uniform spac-
ing.

2.2. Metric Evaluation

To validate our metric with perceptualmeasureswe com-
parethe reporteddistanceof our metricto the psychoplys-
ical experimentsby Pellaciniet al. [PFGOQ. In their work,
11 renderingsof the Ward modelwith differentroughness
are shavn to humansubjects andthe subjectve glossrat-
ingsarereported The reportedvaluestogethemith thelin-
eart proposedareshavn in Figure2. In orderto provide a
comparisorwith theirresultswe sampleéhesameparameter
rangein the Ward model,andthedistanceof eachsampleto
its next neighboris computedaccordingto our metric. The
cumulatve distancestartingfrom the rst BRDF (d = 0:8)
is plottedin bluein the gure. As thereis anunknavn cal-
ibration scalebetweenour metric andthe reportedratings,
we choosethe scaleto give abest t to the data(which ex-
plainswhy thecurvesdonotmeetatd = 0:8.) Thesamecal-
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Figure 2: Comparingthe glossratingsreportedby human
subjectsandthe 10-stepscumulatie distancegeportedby
ourimage-dr\'/enmetric(BIue),andthedirectL2 metricwith
LAB (Green)and RGB (Red). The linear t proposedby
Pellaciniet al. is alsoshavn (Black). d is the distinctness-
of-image parametede ned asd = 1 a, wherea is the
roughnesgarametein the original Ward model. Adapted
from [PFGOQ with authors permission.

ibration is appliedto two alternatve metricson the BRDF
images:RGB (without cubic root) and LAB L? difference.
Althoughthe shapeof the functionfor our metricis slightly
differentfrom Pellaciniet al's linear regressionour metric
is consistentvith theratingsreported The LAB L? resultis
mauginally betterthanour metric,while theRGB L2 metric,
in contrast,deviatessigni cantly from both estimatesand
overly emphasizealifferencescloseto the mirror-like range.
To summarizethe form of this image-diferencemetric al-
lowsusto reducethecomputatiorcostwhile offering similar
performanceo the LAB metric.

More importantly it is the use of renderedimagesas
opposedo BRDF-spacdlifferenceghat makes our metric
unique.In contrast,experimentswith metric directly com-
putedin the BRDF angulardomainare unsuccessfulEven
with the cubicroot remappingapplieddirectly to the BRDF
data,the resultsare as poor asthe RGB L2 image metric.
We hypothesizethat the useof renderedmagesimposesa
convolution to the BRDF [RHO01, DHS 05 andemphasizes
differentfeatureshanthe original BRDF data,which better
captureour perceptiorof material.

In Figure 8 we compareour image-drven metric to the
BRDF-spacemetric de ned in the angulardomain.In each
of thetwo rows the Ward modelis variedover the samepa-
rameterange ,andsamplesarechosernuniformly according
to the BRDF-spacemetric ( rst row) andour imagemetric
(secondow). Anotherexampleis shavn in Figure9 for the
Lafortunemodel,wherewe comparethe uniform parameter
spacing rst row) andourimagemetric(secondow), when

the parameter; is variedwith a x ed exponentn. In both
casesthe spacingwith our metricis muchmoreuniformin
termsof appearancendassuchwould beeasieffor theuser
to control. We have foundthis obseration consistenacross
thedifferentparametersf the BRDF modelswe use.

For the Lafortunemodel,the c; parameteis particularly
dif cult to navigate without our remapping.This is not a
critical issuefor its initial motivation, data tting, but the
modelis moreandmoreusedin otherapplicationsdbecause
it is exible andefcient to evaluate.Whenc; = ¢, the
Lafortunelobeis equivalentto the Phonglobe.However, the
modelis very sensitve with respecto c; whentheexponent
is high: evensmalldeviation of ¢; canleadto hugebiasof the
lobetowardsnormalor grazingangle.In the rst row of Fig-
ure 9 animportantregion of the parametespaceis skipped
whenc; is variedlinearly, asmostof thevisually interesting
behaior of the modelis highly concentratedgearthe value
whenc; = cx. Ourmetricis ableto offer amuchmoreuni-
form spacingandwouldallow ausertointeractvely explore
the expressienesf themodelmoreeasily
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Figure3: Plotof distance$rom theWardBRDF ata = 0:07

to 25 samplegangingfrom a = 0:01 to 0:36. We compute
our image-basednetric with renderingsusing threediffer-

entervironmentmapsand compareto the BRDF-spaceL2

metric. The distancegrom the differentmetricsarebrought
to the samescaleby minimizing theleast-squarerrorsover
all (25 24)pairwisedistances.

SceneDependenceNext, we evaluatethe sensitvity of our
metricto the choiceof the particularervironmentmap. We
choosea setof 25 Ward BRDFsandrenderthe correspond-
ing imageswith two additionalernvironmentmaps.We com-
puteall pairwisedistance425 24)usingtheimagemetric
on eachsetof images,andalsothe BRDF-spaceL2 metric
for comparisonWe nd thescalefactorbetweerthemetrics
by leastsquaretting. We have found that over 85% of the
distancegor thetwo additionalervironmentmapsarewithin
20% of our referencealistancesln Figure 3 we plot the dis-
tancesof the 25 samplesfrom a particularsampleat a =
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0:07.We concludethatour metricis consistentegardlessof

the usedenvironmentmap. We emphasizehowever, that it

is critical to usea natural environmentmap[DLAWO01] that
exhibits enoughcomple featuresin particular trivial ervi-

ronmentmapssuchasa constanigrey spherewould ignore
highlight shapesFleming et al. [FDAO1] have showvn that
comple naturalillumination greatlyfacilitatesthe recogni-
tion of materials.Furthermore Dror et al. [DAWO01] have

demonstratedhat a numberof characteristicof rendered
BRDFsareinvariantto a large classof real-world environ-

mentmaps.

We have not evaluatedour metric's dependencen scene
geometry As eachpixel is comparedindependently our
metric only dependson the distribution of normalsinstead
of the actualshapeFor arenderedspherenormalsthatare
closeto grazing(with respecto theview direction)aresam-
pledmoresparselylf adifferentbiasis desiredwe canalter
our metricto weighthe pixelsin a non-uniformway. How-
ever, the effectsof usingnon-comwex objectswould require
further study asself-shadwing and other global illumina-
tion effectscomeinto play.

3. FastDistanceComputation and Navigation Interface

Our navigation interfacepresentghe userwith choicesthat
are distributed uniformly accordingto our metric. This re-

quires on-the- y image generationand distance compu-
tation. We can achieve fast image generationusing pre-

computationand PCA. However, we still needto compute
mary imagedifferencesandthe needfor imagereconstruc-
tion and cubic-root non-linearity makes this computation
costly This is why we introducea new embeddingwhere
our metric correspondso the Euclideandistancewhich af-

fords dramaticspeedup. Note thatthis embeddingspaces

differentfrom the one usedfor imagegenerationWe then

presenpurinterface.

3.1. Image Pre-rendering

As imagesof arbitrary BRDFsunderan ervironmentmap
cannotbe renderednteractiely, we pre-rendeia setof im-

agesfor eachmodelby samplingits non-linearparameters.

Linear parametersre appliedon demand.The imagesare
renderedat a resolutionof 320 by 320 and principal com-
ponentanalysis(PCA) reduceghe datasize. The sampling
densityof eachmodelis shavn in Table 1. For simplicity,
the isotropic single-lobeversionof the Lafortunemodelis
employed. With this assumptionwe canreduceredundant
degreeof freedomby settingc + ¢+ ¢z = 1. As cx = ¢y
for anisotropicLafortunelobe, the parameters; andn are
enoughto fully specifythe lobe up to a scalingfactor The
scalingfactorcanbe ignoredaswe normalizethe lobe ap-
proximatelysuchthat the BRDF have the samebrightness
whenc; or n is varied. In the currentimplementationwe
only samplecyk in the negative rangewhich precludegetro-
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Model SamplingGrid | Parameters|
Ward (99 15 15 ax, dy
Blinn-Phong (9 15 n
Cook-Torrance | (9) 11 13 Fy, m
Heetal. 9 8 9 5| s,t,n
Lafortuneetal. | (9) 14 13 Cz, N

Table 1: Samplingdensityof variousmodels.The rst di-
mensionin parenthesesorrespondso the (r 4=rs) dimen-
sion,whichis only applicableto theembeddingsalculation,
but notthelinearprerendering.

re ection-like behaior. This limitation canbe easilylifted
by expandingour pre-renderinglomain.

3.2. Embeddingin a Uni ed Euclidean Space

In order to facilitate uniform navigation accordingto the
metric, distancesin the local neighborhoodare required
within a model and betweenmodels.In theory one could

computethe metricfrom theimagesonthe y , but thecom-
putationakostis toohighwhenanumberof neighborseeds
to be consideredThis is why we introducea fastapproxi-
mationof themetrichasedntheembeddingn a Euclidean
spacewith PCA. Thisis differentfrom typicalusageof PCA

for compressiorpurposeswe only want to computedis-

tancesanddo not needto reconstructhe datapoints.

Observingthatour metricis de ned asthe Euclideandis-
tancebetweerthe cubicroot of the two imageswe canap-
proximatethemetricby embeddinghesetof postcubicroot
imagesin a low-dimensionalectorspaceHowever, in this
casewe canno longerignore the linear parametersf the
BRDF dueto the cubic root. We canwrite the post cubic
rootimagel as

1
I(rg;:rsp) = (raldiffuse* I slspecuar(P)) 3
(1)

3(Md 3
= rs(rsldiffuse"' Ispecur(P)) 3

1

wherer ¢ canbeseerasaglobalscale As aresult,in ad-
dition to the nonlinearparametersye alsoneedto sample
alongthe ;—2 parametenNe sampleeachof the ve models
with regulargrids (Table1). Next we seekto embedall ve
modelsinto a singleembeddingspace Corventional PCA,
which requiresthe datato be mean-centereds unsuitable
for our purposeaslinearscalingof theimagedoesnot cor
responcto a simple scalingof the embeddingcoordinates.
We enforcethe centerto be zeroto allow linear scalingand
useuncenteredCA [Jol0] to computethe embeddingco-
ordinatesWhile uncentered®CA doesnothave theoptimal-
ity propertief standardPCA,theapproximatiorerrorsstill
decayvery quickly. Distancebetweerthe BRDFsaccording
to our imagemetric canbe approximateckf ciently in this
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spacausingthe Euclideardistanceln practicewe consera-
tively usethe rst 200coefcients, whichmeanghatourim-
agemetric becomeghe Euclideandistancefor 200 dimen-
sions,as opposedo the differencebetweencubic roots of
320x320pixels, therebyachiezing dramaticspeed-upThis
allows usto emplgy a more sophisticatealgorithmfor the
neighborhoodaonstructiorwhennavigatingfrom onemodel
to another(Sectiond).

3.3. Interface Overview

Our navigation interfaceis basedon visual variations(Fig-
ure 4). The useris presentedvith a numberof neighbor
ing BRDFimagessurroundinghe currentone.Theusercan
choosehedesiredmageby clicking onit. Thereis only one
real-valuedsliderin the interface— the radiusof the neigh-
borhood.A typical usernavigation begins with a large ra-
dius, which will thenbe reducedgraduallyasthe usercon-
vergesto thedesiredBRDF.

Figure 4. Screenshobf the navigation interface. The cur

rent modelis the Cook-Torrancemodel, and the useris at
the roughness/grazintah 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,we shawv thevariationsin thecolor
and intensity of the diffuse and the specularscalesof the
BRDF In the third tab, we shav the variationsdueto the
other parametersiependingon the chosenmodel (rough-
ness,Fresnelfactor etc.), which typically affect the shape
of the specularobe. In this tab, the neighborsare chosen
accordingto our image-drven metric describedn 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 [HTSG9]. The anisotropicversionof the Ward model
is employed while the other models are enforcedto be
isotropic. We use the implementationof the He et al.
modelby Rusinkievicz wherepolarizationis ignored[Rug.
Adding more modelsto our interfacewould be straightfor
ward.

.05-‘

[ 7

Figure5: Equidistanneighborgsmallredcircles)arefound
by walking alongtheisoparametelines (dashedines). The
neighborat the desireddistances found whenthe sggment
intersectthe circle (sphere).The orangelines highlight the
grid samplegthat are queriedduring the search.The black
linesindicateothergrid samples.

Lettheuserspeci eddistancebee. In thediffuse/specular
colortabswede ne theneighborhoodo bethesphereof ra-
diusein the LAB spacegenteredcaroundthe currentcolor.
We display 2 neighborsin the L (luminance)direction,and
8 neighborsin the a-b chromaticityplane.We could inter-
changeablyave usedthecubicrootof R, G, andB for these
parameteraswell, but sincewe have no computationalim-
itation, we have choserto usestandardCIELAB.

The speculaiobetab (third tab) dependn the parame-
tersusedin the choseranalyticalmodel.For theseparame-
terswe needto nd equidistanineighborsaccordingto our
image-drven metric. For illustration, let us assumehatthe
BRDF hasonly two parametersandthusthe samplegrid for
thedistanceprecomputatiotis a 2D lattice (Figure5). First,
we nd the embeddingcoordinateof the currentBRDF us-
ing a multi-linear interpolation.Next we seekneighborsin
the 4 differentparametricdirections.Startingfrom the cur
rentpoint(redpointin thecenter) we walk alongthechosen
parametekeepingthe otherparametersinchangeddashed
line). As we adwancealong the path, the currentsegment
is intersectedwith the e circle. The distancecomputation
for this intersectionexploits the post-cubic-rootPCA co-
ef cients describedabove. This algorithmis generalizedo
higherdimensionsn our application.
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4. Navigating AcrossDiffer ent Models

An importantchoicein materialre ectancedesignis that
of the analyticalmodelitself. BRDF modelsdiffer in their
expressvenessandthe classof materialsthatthey canrep-
resent.Our interface doesnot require BRDF expertiseor
trial-and-errorof differentmodels.In orderto achieve this,
we shov imagesof materialappearancéhatareat a certain
distancefrom the currentpick but cannotbe obtainedwith
thecurrentanalyticalmodel.Thisrequireswo differentfea-
tures:we needto convert betweentwo differentanalytical
models,andwe needto evaluatewhich materialappearance
afforded by other BRDF modelscannotbe achieved using
the currentanalyticalmodel.

We computecorversionsbetweenthe variousanalytical
modelsby tting a discreteset of samplesof eachmodel
to every other model. In practice,the t is computedus-
ing the L? BRDF-spaceametric becauset is more compu-
tationally ef cient than the image-drven metric. In addi-
tion, we are seekingnearthresholdmatcheswhich is dif-
ferentfrom spacingBRDFs uniformly at a suprathreshold
distance Our experimentshave indicatedthat ts obtained
usingthetwo metricsaresimilar, which contrastghediffer-
entsuprathresholéehaior obsenedin Section2.1 Fitting
asingleBRDF to atargetmodeltakesabout10 minuteson
averageonasinglePC,but thecomputatiomeeddo beper
formed only once.We samplethe BRDF modelswith the
samegrid asfor theembeddingpacgTable1) andstoreall
the pairwisecorversions.

Alternative BRDF model

(Current pick)
Current BRDF mod

Figure 6: lllustration of the manifoldsspanneddy two an-
alytical BRDF modelsin an abstractuni ed BRDF space.
Point on the black curves representnstanceof two BRDF
models.Givena currentBRDF, we wantto nd BRDFson
analternatve modelthatareclosebut cannotberepresented
by the currentanalyticalmodel.We wish to proposemateri-
als suchasB® becauséts distancedgo to the currentmodel
is large. Seetext for detail.

To constructthe desiredneighborhoodwe rst wantto
nd neighborsin all modelswhich are at distancee from
the currentBRDF. Using the precomputectorversionand
multi-linearinterpolationwe can nd the BRDF A° closest
to the currentpick A on the manifold spannedy a differ-
entanalyticalmodel (Fig. 6). Startingfrom point Ain the
new model,we can searchfor neighborsin the sameway

¢ TheEurographic#Association2006.

asdescribedn the previous section.The only differenceis
thatthee spherds now centeredaroundA insteadof A% We
repeathe samesearchfor eachmodelpair.

For eachneighbor(BO,CO) we look up the best-t BRDF
in thecurrentmodelandcomputethedistancgdgo,dco). We
remove neighborsthat are lessthan a thresholddistanced
from the currentmodel.We empirically choosed = 0:3e.

As a nal step,we furthertrim the numberof neighbors
by clustering.This is necessaryor casesvhenthe number
of neighborsis too large to displayin theinterface.In this
casewe would like to shav neighborghataremostdiffer-
entfrom eachother A standardsolutionis to usek-means
clusteringon the setof neighborsrepresentetby their em-
beddingvectors A singleneighboris thenchoserrandomly
from eachclusterto form the neighborhoodWhile the k-
meansalgorithm,in general,doesnot give the global opti-
mum, the methodworks well in our application.Note that
alarge numberof metriccomputationdiapperin this phase
andour low-dimensionakembeddings crucial for reducing
the computatiortime. In fact, the updatetime to move to a
new selectionis lessthan0:7 secondsn theworstcase.

This solutioncanbe seenasa simpli ed way of navigat-
ing in themanifoldspannedby all BRDF modelsin thespirit
of Matusiketal.s work on data-dven BRDFs[MPBMO3].
Our manifold-hoppingsolutionallows usto implicitly nav-
igate sucha global manifold without explicitly building it.
Topologicaland metric information aboutthis manifold is
encodedy thecornversionanddistanceanformation.

Figure 7: The corversiontab shaving the neighborsin the
unionspaceof all models.Notethatall the neighborsshav
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 representetly a correspondingen-
deredimageundera naturalillumination ervironment.We
shaw thatwhile this metricis not directly derivedfrom psy-
choplysics measurementst reasonablyre ects the visual
differenceshetweenmaterialsin a uniform way. Giventhis
metric, we have built a userinterfacefor navigatingin the
BRDF spaceOur interfaceis intuitive andsimple:the only
non-visualparameteis the neighborhoodadius.Neighbors
in different parameterdirectionsat the speci ed distance
from the currentBRDF are shovn and canbe selectedby
amouseclick. In addition,conversionsbetweermodelsare
precomputedand the usercanreadily seethe neighborsin
othermodelsandswitchto themif desired.With our inter-
face theuseris notrequiredto understandheintricatecom-
plexities and differenceshetweenthe differentmodels.In-
steadtheusercanalwaysseetheneighboringBRDFsacross
differentmodelsandfreely jump betweerthem.Theaccom-
parying videodemonstratesur methodanduserinterface.

In our experiencethe ability to previsualizethe resultof
the next navigation stepis key to the effectivenessof the
interface.In contrasto sliderbasednterfacespurapproach
allows the userto directly seepossibleoptionsanddoesnot
requirecreationof a mentalmodelfor the effectsof various
parameters.

Thedependencef ourmetriconanernvironmentmapde-
senes further study On one hand,we believe that the en-
vironmentmap provides imagesthat betterrepresenteal-
world usageof BRDFs;andit hasbeenshavn thatthecom-
plexity of real-world ervironmentmapsgreatlyfacilitatethe
recognitionof materialdy humansOntheotherhand there
is somethingarbitraryin choosingagivenervironmentmap,
eventhoughour experimentsshawv thatthe metricis robust
to this choice.We believe thatthe mostexciting questionis
to furthercharacterizavhatis specialaboutnaturalerviron-
ment mapsusing tools suchas Fourier analysis,wavelets,
andderivatives[DLAWO1]. Oncenaturalervironmentmaps
arebetterunderstoodpnecanhopeto directly de ne amet-
ric in the BRDF domain.Recentndings on the signalpro-
cessinginteraction betweenillumination and BRDFs will
likely beimportantfRHO01, DHS 05].

A secondlimitation of our currentapproachis dictated
by the original parameterizationThe different parameters
of a BRDF modelarenot necessarilyperceptuallyorthog-
onal” and while the different choiceswe presentaround
the currentselectionare on a perceptuakircle, they might
not be uniformly distributed on this circle. Pellaciniet al.
[PFGOQ de ned new axes for the Ward model basedon
multi-dimensionatcalingof thereporteddistanceslt would
beabiggerchallengdo de ne new axesthataremeaningful
anduniformin theuni ed spaceof multiple BRDF models.

There are other avenuesfor future work. First, we cur
rently only supporta single speculardobe 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/arironmentspre-
computedrenderingtechniquescan be employed [RHO2,

SKSO03. Thechoiceof theinitial BRDF at the beginning of

navigation is anotherimportantissue.An interfacesimilar
to designgalleries[MAB 97] would greatly facilitate this

rst stepandre ne our k-meansapproachWhile we have

leverageddatafrom Pellacini's perceptuaktudyto validate
our image-drven metric, a logical next stepis to performa
formal userstudyin orderto betterevaluatethe effective-

nessof our interface.Finally, we believe that visual inter-

facessuchasdesigngalleriesandvariations-baseuhterfaces
like the onewe have presentedhave importantapplications
in all areasof computergraphics,andcansigni cantly en-
hanceusers experiencevhendealingwith complex param-
eterspaces.
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Figure8: The Ward model,varyingalongtheroughnesslimension(a = 0:01to 0:37). Row 1: uniformly spacedaccordingto
theBRDF spacd_2 metric,Row 2: uniformly spacedaccordingto ourimagemetric.

Figure9: The Lafortunemodel,varyingalongc; = 0:54 to 0:58, exponentn = 800.Row 1: linearly spacedalongcz, Row 2:
uniformly spacedaccordingio ourimage-drven metric.
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