EurographicsSymposiunon Rendering2005)
Kavita Bala, Philip Dutré (Editors)

Re ectance Sharing: Image-basedRendering
from a SparseSetof Images

ToddZickler!, SebastiafEnrique?, Ravi RamamoortHi, andPeterBelhumeuf

1Division of EngineeringandApplied Sciencestarvard University, CambridgeMA, USA
2ComputerScienceDepartmentColumbiaUniversity, New York, NY, USA

Abstract

Whenthe shapeof an objectis known,its appeaanceis determinedy the spatially-varyingre ectancefunction
de nedonits surface Image-basedenderingmethodghat usegeometryseekto estimatehis functionfromimage

data.Mostexistingmethodsecover a uniqueangularre ectancefunction(e.g., BRDF)at ead surfacepointand
provide re ectanceestimateswith high spatial resolution.Their angular accuracy is limited by the numberof

availableimages,andasa result,mostof thesemethodgocuson capturingparametricor low-frequencyangular
re ectanceeffects,or allowing only one of lighting or viewpoint variation. e presentan alternativeapproac

that enablesan increasein the angular accuracy of a spatially-varyingre ectancefunctionin exchang for a

deceasein spatial resolution.By framing the problemas scatteed-datainterpolationin a mixedspatial and
angulardomain,re ectanceinformationis shaed acrossthe surface exploiting the high spatial resolutionthat
imagesprovideto Il theholesbetweersparselyobservediiew andlighting directions.Sincethe BRDFtypically
varies slowly from point to point over mud of an object's surface this methodenablesmage-basedendering
from a sparse setof imageswithout assuminga parametricre ectancemodel.In fact, the methodcan evenbe

appliedin thelimiting caseof a singleinputimage.

Cateoriesand SubjectDescriptors(accordingto ACM CCS) 1.2.10 [Arti cial Intelligence]: Vision and Scene
Understanding.3.7 [ComputerGraphics]:Three-DimensionabraphicsandRealism

1. Intr oduction

Given a set of imagesof a scene,image-basedendering
(IBR) methodsstrive to build a representatiorior synthe-
sizingnew imagesof thatsceneunderarbitraryillumination
andviewpoint. Oneeffective IBR representationonsistf
the scenegeometrycoupledwith are ectancefunctionde-
ned on that geometry At a given point undergiven illu-

minationconditionsthere ectancefunctionassignsa radi-
ancevalueto eachexitant ray, sooncethe geometryandre-
ectancefunctionareknown, realisticimagescanbesynthe-
sizedunderarbitrary viewpoint and (possiblycomplex and
near eld) illumination.

This approachto IBR involves two stages:recovery of
both geometry and re ectance. Yet, while great strides
have been made at recovering object shape(e.g., laser
scannerandcomputervision techniques)lessprogreshas
beenmade at recovering re ectance properties.Recoer
ing re ectanceis dif cult becausehatis wherethe high-
dimensionalityof IBR is rooted.At eachsurfacepoint, re-
ectanceis describedvy a four-dimensionafunction of the
view and lighting directions,termedthe bi-directionalre-
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ectance distribution function (BRDF). The BRDF gener
ally changesspatially over an object’s surface,andrecor-
ering this spatially-\arying BRDF (or 6D SBRDF) with-
out further assumptiongenerallyrequiresa setof images
large enoughto denselysamplehigh-frequenyg radiometric
events,suchas sharpspecularhighlights, at eachpoint on
the surface.This setconsistsof a nearexhaustve sampling
of imagesof the scenefrom all viewpointsandlighting di-
rectionswhich canbetens-of-thousandsf imagesor more.

In previous work, recovering spatialre ectancehasbeen
madetractablein two differentways.The rst is to approx-
imate re ectanceusing an analytic BRDF model, thereby
simplifying the problemfrom thatof recoseringa 4D func-
tion ateachpointto thatof estimatingof ahandfulof param-
eters(e.g.,[MLHO02, SWI97, YDMH99, Geo03). Sincethey
only recover a few parametersit eachpoint, thesemethods
areableto provide re ectanceestimategrom a smallnum-
berof images.They requirethe selectionof a speci c para-
metric BRDF model a priori, however, which limits their
accurag andgenerality



T. Zickler, S.Enrique R.Ramamoorth& P. Belhumeur Re ectanceSharing

Theseconccatgyory of methodsavoidstherestrictionsof
parametriRDF modelsby: i) usingamuchlargernumber
of inputimages,andii) recoreringonly a subsetof there-
ectancefunction.For example Woodetal. [WAA™* 0Q] use
over 600imagesof anobjectunder x ed (compl) illumi-
nationto estimatethe 2D view-dependente ectancevaria-
tion, andDeberecetal. [DHT* 00] use2048imagego mea-
surethe 2D lighting-dependentariation with x ed view-
point. A full 4D (view andillumination) re ectancefunction
is measuredy Matusik et al. [MPBMO02], who use more
than 12,000imagesof an object with known visual hull;
but eventhis large numberof imagesprovidesonly asparse
samplingof the appearanceariation at eachpoint, andas
aresult,imagesof the objectcanbe synthesizedisingonly
low-frequeng illumination ervironments.

This paperpresentsan alternatve approachto estimating
spatialre ectance—onethat combinesthe bene ts of both
parametrianethodgi.e., sparsémages)andnon-parametric
methodq(i.e., arbitraryre ectancefunctions.)In developing
thisapproachit makesthefollowing technicakontritutions.

2 SBRDFestimationis posedasa scattered-datanterpola-
tion problem,with imagesproviding dense2D slicesof
dataembeddedh the mixed spatialandangulardomain.

2 This interpolationproblemis solved by introducing:i) a
new parameterizationf the BRDF domain,andii) anon-
parametricrepresentatiorof re ectancebasedon radial
basisfunctions(RBFs).

2 This representatiotis easilyadaptedo handle:i) homo-
geneouBRDF data,ii) spatially-\aryingre ectancefrom
multiple images, and iii) spatially-\arying re ectance
from assingleinputimage.

Sinceit is non-parametricthe proposednethoddoesnot
assumea priori knowledge of the SBRDF andis e xible
enoughto representrbitrary re ectancefunctions,includ-
ing those with high-frequeng speculareffects. This ap-
proachis alsovery differentfrom previous non-parametric
techniquege.g.,[WAA* 00, DHT* 00, MPBMO02)) thatin-
terpolatere ectanceonly in the angulardimensions.esti-
matinga uniquere ectancefunctionat eachpoint. Instead,
we simultaneouslyinterpolatein boththe spatialandangu-
lar dimensionsThis enablesa controlledexchangebetween
spatialandangularinformation, effectively giving up some
of the spatialresolutionin orderto Il the holesbetween
sparselyobsened view and illumination conditions.Since
re ectancetypically variesslowly from point to point over
muchof anobject’s surface thismeanghatwe canoftenob-
tain visually pleasingresultsfrom a drasticallyreducedset
of images.Additionally, the methoddegradesgracefullyas
the numberof input imagesis reduced(seeFig. 6), andas
shavn in Fig. 13, it canevenbe appliedin the extremecase
of asingleinputimage.

2. Main Ideasand RelatedWork
Theproposednethodfor SBRDFestimatiorbuilds onthree
principalobsenrations.

SmoothSpatial Variation. Mostexistingmethodsecorera
uniqueBRDF at eachpoint andtherebyprovide an SBRDF
with very high spatialresolution. Many parametrianethods
have demonstratednowever, that the numberof input im-
agescanbereducedf oneis willing to accepta decreasén
spatialresolution.This hasbeenexploited, for example,by
Yu etal.[YDMH99] andGeoghiadedGeo03, whoassume
thatspeculaBRDF parameterareconstanaicrossasurface.
Similarly, Satoetal. [SWI97] estimatehe speculaparame-
tersatonly asmallsetof points,laterinterpolatingthesepa-
rametersacrosghesurface.Lenschetal. [LKG™* 01] present
anovel techniquen whichre ectancesamplesat clustersof
surfacepointsareusedto estimatea basisof (1-lobe)Lafor-
tunemodels.There ectanceat eachpoint is thenuniquely
expressedsallinearcombinationof thesebasisBRDFs.

Similarto theseapproachegurmethodiradesspatialres-
olutionfor anincreasén angulamesolution.Thedifference,
however, is that we implementthis exchangeusinga non-
parametric representationWe begin by assumingthat the
SBRDF variessmoothlyin the spatialdimensions put we
also demonstratehow this can be relaxed to handlerapid
spatialvariationin termsof amultiplicative texture.(In cases
wherethe shapeof the BRDF itself changesapidly, we cur
rently assumehatdiscontinuitiesaregivenasinput.)

Curved Surfaces.Techniquedor image-base@RDF mea-
suremenfLKK98,MWL* 99, MPBMO03] exploit thefactthat
a single image of a curved, homogeneousurface repre-
sentsa very densesamplingof a 2D slice of the 4D BRDFE

In this paper we extend this ideato the spatially-\arying
case,where an image provides a 2D slice in the higher

dimensionalSBRDF domain.Our resultsdemonstratéhat,
like the homogeneousase,surface cunature (along with

smoothspatial variation) can be exploited to increasethe
angularresolutionof the SBRDF (For nearplanarsurfaces
wherecurvatureis notavailable,moreangulare ectancein-

formationcanbe obtainedusingnear eld illumination and
perspectie views [KMG96].)

Angular Compressibility. While it is a multi-dimensional
function, a typical BRDF varies slowly over much
of its angular domain. This property has been ex-

ploited for 3D shape reconstruction[HS03, efcient

BRDF acquisition [MPBMO03], efcient rendering of

BRDFs[MAAO01, JM03, and efcient evaluationof ervi-

ronmentmaps[CON99 RHO0Z. Here,we exploit compress-
ibility by assuminghatthe BRDF typically variesrapidly
only in certaindimensionssuchasthe half-angle.

The threeideasof this sectionhave beendevelopedin
verydifferentcontets, andthis papercombinesandexpands
themto solve a novel problem: estimatingnon-parametric
SBRDFsfrom sparseimages.The fusion of theseideasis
enabledy theBRDF parameterizationf Sect.3, andanin-
terpolationapproachhatuni es thetreatmenof spatialand
angulardimensiongSects 4-6).
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2.1. Assumptions

We exploit scenggeometryto reduceghenumberof inputim-
agesrequiredto accuratelyrepresenaippearancelhus,un-
likepurelight eld technique$GGSC96LH96], themethod
requiresa setof imagesof an objectwith knowvn geometry
viewpoint, and either point-sourceor directionalillumina-
tion. A numberof suitableacquisitionsystemshave been
presentede.g.,[SWI97,DHT* 00,MPBMO02].)

In addition, global effects such as sub-suréce scatter
ing and interre ection are not explicitly consideredn our
formulation. For directionalillumination and orthographic
views, however, someof theseeffectswill be absorbednto
ourrepresentatioandcanbereproducedvhenrenderedin-
derthe sameconditions.(SeeSect.7.) In this caseour use
of the term SBRDFis synorymouswith the non-localre-
ectance eld de ned by Deberecetal. [DHT* 0Q].

Finally, in this paperwe restrictour attentionto isotropic
BRDFs.While theideasof exploiting spatialcoherencend
usingRBFsto interpolatescatterede ectancesamplesxan
be applied to the anisotropiccase,this would require a
parameterizationvhich is differentfrom that presentedn
Sect.3 andis left for futurework.

3. Notation and BRDF Parameterization

At the coreof our approachs the interpolationof scattered
datain multiple (3-6) dimensionsthe succes®f which de-
pendson how the SBRDFis parameterizedlhis sectionin-
troducessomenotationand presentsone possibleparame-
terization.Basedon this parameterizatiomur interpolation
techniquds discussedn Sects5 and®6.

The SBRDF s a function of six dimensionsandis writ-

ten f(x;7), wherex = (x;y) ¥ R? is the pair of spatial
coordinateghat parameterizehe surfacegeometry(a sur
facepoint is written5(x;y)), andg 2 WE W are the angu-
lar coordinateghat parameterize¢he double-hemispheref
view/illumination directionsin alocal coordinateframede-
ned onthetangentplaneata surfacepoint (i.e.,the BRDF
domain.)A commonparameterizationf the BRDF domain
is g = (qi;fi; qo; fo), Which representhe sphericalcoor
dinatesof the light andview directionsin the local frame.
Whenthe BRDF is isotropic, the angularvariationreduces
to afunctionof threedimensionscommonlyparameterized
by (Gi;qo;foi fi). In this work, we restrict oursehes to
this isotropic caseand considerthe SBRDF to be a func-
tion de ned on a 5D domain.In the specialcasewhenthe
SBRDFis aconstanfunctionof thespatialdimensiongi.e.,
f(x;q9) = f(q)) we saythatthe surfaceis homageneousand
is describedy a4D (or isotropic3D) function.

The BRDF domain can be parameterizedn a num-
ber of ways, and as discussedbelav, one good choice
is Rusinkiavicz's halfway/difference parameteriza-
tion [Rus9§, showvn in Fig. 1(a). Using this parame-
terization in the isotropic case, the BRDF domain is
7= (gnifa;qa) %[0, 5) £ [0;p) £ [0;5): Note that f is
restrictedo [0; p) sincefq 7] fq+ p by reciprocity
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'@ (b)

(a) The halfway/difference parameterizationof
Rusinkievicz. In the isotropic case, the BRDF domain is
parametrizedy (gn; f4; qq) [Rus9§. (b) The mappingde ned by
Eq. (1) thatcreatesa parameterizatiosuitablefor interpolation.

Figure 1:

The existence of singularitiesat g, = 0 and gqy = 0
and the required periodicity (fq 7 fq+ p) malke the
standarchalfway/differenceparameterizationnsuitablefor
mostinterpolationtechniquesinstead,we de ne the map-
ping (gh; fa;qa) 71 (U;v;w), as ;

M

singy cos2f 4; singy Sin2f 4; % N (R

(U vw) =
This mappingis shavn in Fig. 1(b). It eliminatesthe singu-
larity at g, = 0 andensureshatthe BRDF f(u; v, w) satis es
reciprocity In addition,themappingis suchthattheremain-
ing singularity occursat qq = 0O (i.e., wherethe light and
view directionsare equivalent). This con guration is dif -
cult to createin practice, makingit unlikely to occurduring
acquisition.During synthesisit mustbe handledwith care.

3.1. Considerationsfor Image-basedAcquisition

Thehalfway/differenceparameterizatiomcreasesompres-
sion rates since common featuressuch as specularand
retro-re ective peaksare alignedwith the coordinateaxes
[Rus98. Themodi ed parameterizationf Eq. (1) maintains
this property sincespeculareventsclusteralongthe w-axis,
andretro-re ective peaksoccurin theplanew = 0.

These parameterizationgare useful in IBR for an ad-
ditional reason:for image-basedlata, they separatethe
sparsely-and densely-samplediimensionsof the BRDF
(Marschners [Mar9§ parameterizationalso sharesthis
property) To seethis, notethat for orthographicprojection
anddistantlighting—or moregenerallywhensceneelief is
relatively small—asingleimageof acurvedsurfaceprovides
BRDF sampledying in a planeof constantyy, sincethisan-
gle is independenbf the surfacenormal. Theimagerepre-
sentsanearlycontinuousamplingof g, andf 4 in thisplane.
Thus, a setof imagesprovides densesamplingof (gn; f4)
but only asmary sampleof qq asthereareimages(Theor-
thographic/directionataseis consideredor illustrative pur
posesit is notrequiredby the method.)

Corveniently the irregular sampling obtained from
image-basedatacorrespondsvell with thebehaior of gen-
eral BRDFs,which vary slowly in the sparselysampledgg-
dimensiongspeciallywhengy is small. At thesametime, by
imagingcurvedsurfaceswe ensureghatthesamplingrateof
the half-angleqy is high enoughto accuratelyrecover the
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high-frequeng variation (e.g., due to specularhighlights)
thatis generallyobseredin thatdimension.

4. Scattered Data Inter polation

Recall that our goal is to estimatea continuousSBRDF
f(x;7) from a setof samplesf; 2 R® dravn from images
of a surfacewith knawn geometry Our taskis complicated
by thefactthat,asdiscussedn the previous section thein-

putsamplesarevery non-uniformlydistributed.

Therearemary methodsfor interpolatingscatterediata
in this relatively high-dimensionakpace but for our prob-
lem, interpolationusing radial basisfunctionsprovidesthe
mostattractive choice.Given a setof samplesan RBF in-
terpolantis computedsimply by solving a linear system
of equations,and the existenceand uniquenesss guaran-
teedwith few restrictionson the samplepoints. Thus, un-
like homogeneouBRDF representationsuchas spherical
harmonicsZernike polynomials,waveletsandthe basisof
Matusik et al. [MPBMO03], an RBF representatioiloesnot
requirealocal preprocessingtepto resampleheinput data
atregularintervals.

Additional propertiesof this methodinclude:i) the cost
of computinganRBF interpolantis dimension-independent,
andii) thesizeof the representatiodoesnot grow substan-
tially asthedimensionincreasesThisis in directcontrasto
piecevise polynomialsplines(e.g.,[ Ter83) andlocal meth-
ods like polynomial regression(e.g.,[MWL™* 99]) andthe
push/pullalgorithmof Gortleretal. [GGSC96. Theseother
methodsrequire either a triangulationof the domainor a
takulation of function values,both of which becomecom-
putationallyprohibitive in high dimensions(Jaroszkiwicz
andMcCool [JM03 handlethis by approximatinghe high-
dimensionalSBRDFby a productof 2D functions,eachof
whichis triangulatedndependently

4.1. Radial BasisFunctions

To briey review RBF interpolation (see, e.g., [Pow92,
Buh03), considera generalfunction g(x); x 2 RY from
which we have N sampled g;g at samplepointsfx;g. This
function is approximatecas a sum of a low-order polyno-
mial anda setof scaledradially symmetricbasisfunctions
centeredatthe samplepoints;

N
909 Y49 = pO+ & iy (kxi %K); @
i=1
wherep(x) is apolynomialof ordernorless,y :R* | Ris
a continuousfunction, andk ¢k is the Euclideannorm. The
samplepointsx; arereferredto ascentes, andtheRBF inter
polant§ satis estheinterpolationconditionsg(x) = g(%;).

Givenachoiceof n, anRBF y, anda basisfor the poly-
nomialsof ordern or less,the coefcients of theinterpolant
aredeterminedasthe solutionof thelinearsystem

oy P’.T ,_. g
P 0 ¢ ~ 0 ®)

whereYij = y(kxi %K), Ti = Ii, & = gi, Rj = pj®)
wheref p;g arethe polynomialbasisfunctions,ande; = ¢;
are the coefcients in this basisof the polynomial term
in §. This systemis invertible (and the RBF interpolant
is uniquely determined)in arbitrary dimensionsfor mary
choicesof y, with only mild conditionson n andthe lo-
cationsof thedatapoints[Duc77, Mic86].

In mary caseswe canbene t from usingradially asym-
metric basisfunctions(which arestretchedn certaindirec-
tions), and herewe usethemto managethe irregularity in
our samplingpattern.(Recallfrom Fig. 1 thatthe (u;Vv) di-
mensionsare sampledalmostcontinuouslywhile we have
only asmary samplesf w aswe have images.)Following
Dinh et al. [DTS01], an asymmetricradial functionis cre-
atedby scalingthe Euclideandistancein Eg. (2) sothatthe
basisfunctionsbecome

y (KM@ %)K); 4)

whereM 2 R4 |n ourcasewe chooseM = diag(1; 1; my,).

Form,, < 1,thebasisfunctionsareelongatedin thew dimen-
sion, which is appropriatesinceour samplingrateis much
lower in that dimension.The appropriatevalue of this pa-
rameterdepend®on theangulardensityof theinputimages,
andempiricallywe have foundthattypical valuesfor my, are
betweerD.1and0.5.

Whenthe numberof sampless large (i.e., N > 10;000),
solvingEg. (3) requirescareandcanbedif cult (orimpossi-
ble) usingdirectmethodsThislimitation hasbeemaddressed
quiterecently anditerative tting methoddBP99, andfast
multipole methods(FMMs) for ef cient evaluation[BN92]
have beendevelopedfor mary choicesof y in mary dimen-
sions.In somecasessolutionsfor systemswith over half a
million centershave beenreported CBC* 01]. Thenext sec-
tionsincludeinvestigationsof thenumberf RBF centerse-
quiredto accuratelyrepresenimage-basede ectancedata,
andwe nd this numberto besufciently smallto allow the
useof directmethods.

5. HomogeneousSurfaces

In this sectionwe apply RBF interpolationto homogeneous
surfaces,where we seekto estimatea global BRDF that
is not spatially-\arying. The resultingBRDF representation
may be useful for interpolatingimage-based BRDF data
(e.g.,[LKK98,MWL™* 99, MPBMO3]).

As discussedin Sect. 3, in the caseof homogeneous
BRDF data,re ectanceis a function of threedimensions,
(u;v;w). In R®, agoodchoicefor y is thelinear (or bihar
monic) RBF, y (r) = r, with n= 1, sincein this case,the
interpolantfrom Egq. (3) exists for any non-coplanadata,
is unique, minimizesa generalizatiorof the thin-plateen-
ey, andis thereforethe smoothestn somesensqDuc77,
CBC' 01]. TheBRDFis expressedis

N
f(@) = c1+ cou+ cgv+ caw+ § 1ikgi gk, (5)
i=1
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wheret; = (u;; vi; W) representa BRDF samplepointfrom
theinputimagesandl ande arefoundby solving Eq. (3).

As a practicalconsiderationsinceeachpixel represents
a samplepoint g, even with modestimageresolution,us-
ing all availablesamplesasRBF centerss computationally
prohibitive. Much of this datais redundanthowever, andan
accurateBRDF representationanbe achieved usingonly a
small fraction of thesecenters A sufcient subsetof cen-
terscould be choserusingknowledgeof typical re ectance
phenomena(To represensharpspeculampeaks,for exam-
ple, RBF centersaregenerallyrequiredneargy = 0.) Alter-
natively, Carr et al. [CBC* 01] presentan effective greedy
algorithmfor choosingthis subsetwithout assumingprior
knowledge,anda slightly modi ed versionof the sameal-
gorithmis appliedhere.The procedurébegins by randomly
selectingasmallsubsebf thesamplepointsg; and tting an
RBF interpolantto these Next, this interpolantis evaluated
atall samplepointsandusedto computethe radianceresid-
uals,g = (fii f(@)) cosq, whereg; is the anglebetween
the surfacenormalat the samplepoint andtheillumination
direction.Finally, pointswhereg is large are appendeds
additionalRBF centersandthe processs repeatedintil the
desiredtting accurag is achieved.

It should be notedthat an algorithmic choice of center
locationscouldincreaseaheef ciency of theresultingrepre-
sentationsincecenterlocationswould not necessarilyneed
to be storedfor eachmaterial. This would requireassump-
tions aboutthe function being approximatedhowever, and
herewe chooseto emphasizegeneralityover ef ciency by
usingthe greedyalgorithm.

5.1. Evaluation

To evaluatethe BRDF representatiom Eq. (5), we perform
an experimentin which we compareit to both parametric
BRDF modelsandto a non-linearbasis(theisotropicLafor-
tunemodel [LFTG97].) Themodelsare t to syntheticim-
agesof a sphere,and their accurag is measureddy their
ability to predictthe appearancef the sphereundernovel
conditions.(Many other representationssuch as wavelets
and the Matusik basesare excludedfrom this comparison
becausé¢hey requiredenseuniform samples.)

The input images simulate data from image-based
BRDF measuremensystemslike thosein Refs. [LKK98,
MWL™* 99, MPBMO3]. They are orthographic,directional-
illumination imageswith a resolutionof 100£ 100,andare
generateduchthatqq is uniformly distributedin [O; %]. The
accuray of therecoreredmodelsis measuredby therelative
RMS radianceerrorover 21 images—alsainiformly spaced
in gg—thatarenot usedasinput. For thesesimulationswe
useboth specularand diffuse re ectance,one dravn from
measurediata(themetallic-blueBRDF, courtesyof Matusik
etal.[MPBMO03)), andtheothergeneratedisingthephysics-
basedOren-Nayamodel[ON94].

Figure2 shavstheaccurag of increasinglycomplex RBF

°c TheEurographic#ssociation2005.
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Figure 2: Accuray of the RBF representatioms the numberof
centergs increasedisingagreedyalgorithm.Theinputis 10images
of aspheresynthesizedisingthe metallic-blueBRDF measuredby
Matusiketal. Thisis comparedo theisotropicLafortunerepresen-
tation with anincreasingnumberof lobes.Lessthan1000centers
aresufcient to representhe availablere ectanceinformationus-
ing RBFs,whereaghelimited e xibility of the Lafortunebasisand
the existenceof local minimain the non-linear tting procesdimit
theaccurag of the Lafortunerepresentation(Seetext for details.)

and Lafortunerepresentationd to teninput images.The
complity of the RBF representatioris measurecby the
numberof centersselectedy thegreedyalgorithm,andthat
of the Lafortunemodelis measuredy the numberof gen-
eralizedcosinelobes.An unusuallylarge numberof lobes
are shavn (two or threelobesis typical) so that the re-

sulting Lafortune and RBF representationbhave compara-
ble degreesof freedom.lIt is importantto note, however,

thatthesizeof eachrepresentatiois differentfor equivalent
compleities; an N-lobe isotropicLafortunemodelrequires
3N + 1 parameterswhile an N-centerRBF interpolantre-

quires4N + 4.

Sincethe basisfunctionsof the Lafortunemodelarede-
signedfor representind®dRDFs(andarethereforeembedded
with knowledgeof generalre ectancebehaior), they pro-
vide areasonablgood t with asmallnumberof lobes.For
example,a 6-lobe Lafortunemodel (19 parametersyields
the sameRMS error asa 300-centelRBF model (1204 pa-
rameters.)n additionto beingcompacttheLafortunemodel
hasthe advantageof beingmore suitablefor directrender
ing [MLHO2]. Buttheaccurayg of this representatiors fun-
damentallylimited; the lack of e xibility andthe existence
of localminimain therequirednon-lineartting procesgre-
ventthe Lafortunemodelfrom accuratelyrepresentinghe
re ectanceinformationavailablein theinputimages.

In contrast,RBFs provide a generallinear basis, and
given a sufcient number of centers,they can repre-
sentary “smooth' function with arbitrary accurag (see,
e.g.,[Buh03.) In thisexample the RBF representationon-
vergeswith lessthan 1000 centers,suggestinghat only a
small fraction of the available centersarerequiredto sum-
marizethere ectanceinformationin theteninputimages.

Similar conclusionsaredravn from a secondexperiment
in whichweinvesticgatetheaccurag of thesgandother)rep-
resentationsvith a x edlevel of compleity andanincreas-
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Figure 3: Top: Errorin theestimatedRDF for anincreasingium-
ber of imagesof a metallic-bluesphere As the numberof images
increasesthe RBF representatiorfwith 1000 centers)approaches
the true BRDF, whereaghe isotropicWard model[War92 andthe
Lafortunerepresentatiorare too restrictive to provide an accurate
t. Bottom: Synthesizedmagesusingthe threeBRDF representa-

tionsestimatedrom 12 inputimagesTheanglebetweerthesource
andview directionsis 140F.

ing numberof input images.Resultsare shovn in Figs. 3
and 4 for predominantlyspecularand diffuse re ectance.
(Here, six lobes are usedin the Lafortune representation
sincethe resultsdo not changesigni cantly with additional
lobes.) Since RMS error is often not an accuratepercep-
tual metric,these gures alsoincludesyntheticspheresen-
deredwith the recoreredmodels.This experimentdemon-
stratesthe e xibility of the RBF representationyhich cap-
tures both the Fresnelre ection in Fig. 3 and the retro-
re ection in Fig. 4. Parametricmodelsdo not typically af-
ford this e xibility—while it maybepossibleto nd apara-
metricmodelthat ts aspeci c BRDF quite well, it is very
dif cult to nd amodelthataccuratelyts generaBRDFs.

6. InhomogeneousSurfaces

The previous sectionsuggestshat RBFscanprovide a use-
ful representatiofor homogeneouBRDFs.In this section,
we shaw thatthis samerepresentationanbeadaptedo han-
dle spatially-\arying re ectanceaswell. In this case,it en-
ablesanexchangebetweerspatialandangularresolution(a
processvereferto asre ectancesharing, andit candrasti-
cally reducethe numberof requiredinputimages We begin
by assuminghatthe 5D SBRDFvariessmoothlyin thespa-
tial dimensionsandin the next section,we shav how this
canbegeneralizedo handlerapid spatialvariationin terms
of amultiplicative albedoor texture.

In thehomogeneousasethe BRDFis afunctionof three
dimensionsandthelinearRBF y (r) = r yieldsauniquein-
terpolantthat minimizesa generalizatiorof the thin-plate
enepgy. Although optimality cannotbe proved, this RBF
hasshown to be usefulin higherdimensionsaswell, since
it provides a uniqueinterpolantin ary dimensionfor ary
n [Pon92]. In the spatially-\arying case,the SBRDFis a
functionof ve dimensionsandwe letgq= (X;y;u;v;w) be

0.2 T - T T
\

O RBF
¢ Lambertian
— A Lafortune

OIOB{\\;:;X
i

I I I
6 8 10 12
# Images

0
2 4
. ACTUAL RBF LAFORTUNE LAMBERTIAN

Figure4: Top:Errorin theestimatedRDF for anincreasingium-
berof inputimage=f adiffuseOren-NayasphereAgain,the1000-
centerRBF representatiompproacheshe true BRDF, whereaghe
Lafortuneand LambertianBRDF modelsaretoo restrictive to ac-
curatelyrepresenthe data.Bottom: Synthesizedmagescomparing

the three BRDF representationgstimatedfrom 12 input images.
Theanglebetweerthe sourceandview directionsis 10%.

o

e

o
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o
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apointin its domain.Usingthe linear RBF with n= 1, the
SBRDFis givenby

- N
f(e) = p(e) + a likdi €ik; (6)
i=1

wherep(g) = ¢1+ CoX+ Czy+ Cqu+ C5V+ CgW.

We canuseary parameterizatiorof the surfaces, and
there has been signi cant recent work on determining
goodparameterizationfor generakurfaces(e.g.,[LSS' 98,
GGHO03). Theidealsurfaceparameterizatiois onethatpre-
senesdistancemeaningthatkx; j ¥k is equivalentto the
geodesialistancebetweens(x;) ands(xy). For simplicity,
herewe treatthe surfaceasthe graphof a function, sothat
s(xy) = (XY s(xy); (xy) %[0;1] £ [0;1].

The procedurdor recoveringthe parameteran Eq. (6) is
almostexactly thesameasin thehomogeneousaseTheco-
ef cients of f arefoundby solvingEq. (3) usinga subsebf
the SBRDFsamplesrom the inputimages andthis subset
is choserusingagreedyalgorithm.Radiallyasymmetrida-
sisfunctionsarerealizedusingM = diag(myy; myy; 1,1, my),
wheremyy, controlsthe exchangebetweerspatialandangu-
lar re ectanceinformation.Whenmyy ¢, 1, the basisfunc-
tionsareelongatedin the spatialdimensionsandtherecor-
eredre ectancefunction approaches singleBRDF (i.e.,a
homogeneousepresentationyvith rapid angularvariation.
WhenmxyA 1,werecoreranearLambertiarrepresentation
in whichtheBRDF ateachpointapproacheaconstanfunc-
tion of §. Appropriatevaluesof my, depencbnthechoiceof
surfaceparameterizatiorgndwe foundtypical valuesto be
betweer0.2and0.4 for theexamplesin this paper

6.1. Evaluation
The SBRDFrepresentationf Eq. (6) canbe evaluatedus-
ing experimentssimilar to thosefor the homogeneousase.

°c TheEurographic#ssociation2005.
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Figure 5: Top: Accuray of the SBRDFrecoveredby re ectance
sharingusingthe RBF representatiorin Eg. (6) asthe numberof
centerss increasedisinga greedyalgorithm.Theinputis 10 syn-
theticimagesof a hemispherd ve of which are shavn) with lin-
earlyvaryingroughness.

Here,spatialvariationis simulatedusingimagesof a hemi-
spherewith a Cook-TorranceBRDF [CT81] with alinearly
varyingroughnesparameterFiveimagesof thehemisphere
areshown in Fig. 5, andthey demonstrat&ow the highlight
sharpengrom left to right acrosghe surface.

The graphin Fig. 5 shavs the accurag of the recorered
SBRDFasa functionof thenumberof RBF centersvhenit
is t to imagesof the hemispherainderten uniformly dis-
tributedillumination directions.The erroris computedover
40imageghatarenotusedasinput. Feverthan2000centers
areneededo accuratelyrepresenthe spatialre ectancein-
formationavailablein theinputimagesThisis areasonably
compactrepresentationrequiring roughly 12,000parame-
ters.For comparisonanSBRDFrepresentatiofor a10,000-
vertex surfaceconsistingof two uniqueLafortunelobesat
eachvertex is roughly vetimesaslarge.

Figure 6 contrastse ectancesharingwith corventional
methodghatinterpolateonly in the angulardimensionses-
timating a separateBRDF at eachpoint. This "no sharing'
techniqueis usedby Matusiketal. [MPBMO02], andis sim-
ilar in spirit to Wood et al. [WAA™ 00], who alsoestimatea
uniqueview-dependenfunction at eachpoint. (In this dis-
cussion,angularinterpolationin the BRDF domainis as-
sumedto requireknown geometry which is differentfrom
lighting interpolation(e.g.,[DHT* 0Q]) that doesnot. For
the particularexamplein Fig. 6, however, the 'no sharing'
resultcanbe obtainedwithout geometrysinceit is a special
caseof x edviewpoint.)

For both the re ectancesharingand "no sharing' cases,
the SBRDFis estimatedrom imageswith x ed viewpoint
and uniformly distributed illumination directionssuch as
thosein Fig. 5, andit is usedto predictthe appearancef
the surface undernovel lighting. The top frame of Fig. 6
shaws the actualappearancef the hemisphereunder ve
novel conditions,andthe lower framesshav there ectance

°c TheEurographic#ssociation2005.
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Figure 6: Estimatingthe spatially-\arying re ectance function
from asparsesetof images.Top frame: veimagesof ahemisphere
underillumination conditionsnot usedasinput. Middle frame:ap-
pearanceredictedby re ectancesharingwith two and ve input
images(Theinputis shavn in Fig. 5; thetwo left-mostimagesare
usedfor two-imagecase.)Bottom frame: appearanceredictedby
interpolatingonly in the angulardimensionswith 5, 50 and150in-
putimagesAt leastl50imagesarerequiredto obtainaresultcom-
parableto the ve-imagere ectancesharingresult.

sharingand "no sharing' resultsobtainedfrom increasing
numbersof inputimages.Note that mary othermethods—
mostnotablythatof Lenschetal. [LKG* 01]—areexcluded
from this comparisorbecaus¢hey requiretheselectionof a
speci ¢ parametrianodelandthereforesuffer from thelim-
itationsdiscussedn Sect.5.

In this example,re ectancesharingreduceshe number
of requiredinput imagesby more thanan order of magni-
tude.Five imagesarerequiredfor goodvisual resultsusing
the RBF representationwhereasat least150 are neededf
onedoesnot exploit spatialcoherenceFigure6 alsoshavs
how differently the two approacheslegradewith sparsen-
put. Re ectancesharingprovidesa smoothSBRDFwhose
accurayg graduallydecreaseaway from the corvex hull of
input samples(For example, the sharpspecularityon the
right side of the surfaceis not accuratelyrecoreredwhen
only two inputimagesareused.)in contrastwheninterpo-
lating only in theangulardimensionsa smallnumberof im-
agesprovidesonly asmallnumberof re ectancesamplesat
eachpoint; andasaresult,severealiasingor "ghosting'oc-
curswhenthe surfaceis illuminated by high-frequeng en-
vironmentdik e the directionalillumination shovn here.
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Figure 7: Actual andpredictedappearancef the hemispherein-
der x edillumination andchangingview. Given ve inputimages
from a singleview (bottomFig. 5), there ectancesharingmethod
recoversafull SBRDF includingview-dependeneffects.

Even whenthe input imagesare capturedfrom a single
viewpoint,our methodrecoversafull SBRDF, andasshavn
in Fig. 7, view-dependeneffects can be predicted.This is
madepossibleby spatialsharing(sinceeachsurfacepointis
obsered from a uniqueview in its local coordinateframe)
andby reciprocity(sincewe effectively have obsenationsin
whichtheview andlight directionsareexchanged.)

7. GeneralizedSpatial Variation

This section considersgeneralizationf the radial basis
function SBRDF model by softeningthe requirementfor
spatialsmoothnessand appliesthe modelto image-based
renderingof ahumanface.

Rapidspatialvariationcanbe handledusinga multiplica-
tive albedoor texture by writing the SBRDFas

f(67) = a()d(¢T);

wherea(¥) is analbedomapfor the surfaceandd(x; g) is a
smoothfunctionof vedimensionsAsanexampleconsider
the humanfacein Fig. 8(a). The functiona(x) accountgor
rapidspatialvariationdueto pigmentchangeswhile d(x; 7)
modelsthe smoothspatialvariationthatoccursaswe transi-
tion from aregionwhereskinhangdoosely(e.g.,thecheek)
to whereit is taut(e.g.,thenose.)

In somecasesit is advantageouso expressthe SBRDF
asalinear combinationof 5D functions.For example,Sato
etal. [SWI97] andmary othersusethedichromaticmodelof
re ectance[Sha8% in whichthe BRDFis writtenasthesum
of anRGB diffusecomponentinda scalarspeculaicompo-
nentthatmultipliesthe sourcecolor. We employ thedichro-
matic modelhere,argwdcomputetheemittedr'adianceusing

k(6T) = sc a()d(67) + 9(T) cosqi;  (7)

where$ = f s0k=rep iS an RGB unit vectorthat describes
the color of thelight source.n Eq. (7), a singlefunctiong
is usedto modelthe speculatre ectancecomponentwhile
eachcolor channebf thediffusecomponents modeledsep-
arately This s signi cantly moregenerathanthe usualas-
sumptionof a Lambertiandiffusecomponentandit canac-
countfor changesn diffuse color asa function of g, such
asthedesaturatiorf the diffusecomponenbf skin atlarge
grazingangleswitnessedy Debevecetal. [DHT' 0Q].

@ (b) (©)
Figure 8: (a,b) Specularmanddiffusecomponent®f a singleinput
image.(c) Geometryusedfor SBRDFrecovery andrendering.

Finally, althoughnot usedin our examples moregeneral
spatialvariationcanbe modeledby dividing the surfaceinto
a nite numberof regions,whereeachregion hasspatialre-
ectanceasdescribedabore. This techniques used for ex-
ample,in Refs.[LKG™' 01,JM03.

7.1. Data Acquisition and SBRDF Recovery

For real surfaces we requiregeometryanda setof images
takenfrom known viewpointanddirectionalillumination. In
addition,in orderto estimatethe separataliffuseandspec-
ularre ection componentsn Eq. (7), theinputimagesmust
besimilarly decomposedpecular/difuseseparatiortanbe
performedin mary ways (e.g., [SWI97, NFB97]), one of
which useslinear polarizerson both the cameraand light
sourceandexploitsthefactthatthespeculacomponenpre-
senesthe linear polarizationof the incidentradiance Two
exposuresarecapturedor eachview/lighting con guration,
onewith the polarizersaligned(to obsere the sumof spec-
ularanddiffusecomponents)andonewith thesourcepolar
izer rotatedby 90 (to obsere the diffusecomponenbnly.)
The specularomponentis thengiven by the differencebe-
tweenthesetwo exposures(Seee.g., [DHT* 00].)

Geometrycanalsoberecoveredin a numberof different
ways,andonepossibilityis photometricstereo sinceit pro-
videsthe precisesurfacenormalsrequiredfor re ectometry
Figure 8 shavs an exampleof a decomposedmagealong
with the correspondingieometrywhich is recoveredusing
avariantof photometricstereo.

Giventhe geometryanda setof decomposednagesthe
representatiom Eq. (7) canbe t asfollows. First, the ef-
fectsof shadevsandshadingarecomputedshadavedpixels
arediscardedandshadingeffectsareremoved by dividing
by cosgi. The RGB albedoa(x) in Eg. (7) is estimatedas
themedianof the diffusesamplesat eachsurfacepoint,and
normalizeddiffusere ectancesamplesarecomputedby di-
viding by a(%). Theresultingnormalizeddiffusesamplesre
usedto estimatethethreefunctionsdy(x; ) in Eq.(7) using
theRBFtechniqueslescribedn Sect.4.1 Thesamplegrom
the speculaimagesaresimilarly usedto computeg.

7.2. Rendering

In orderto synthesizéemagesunderarbitraryview andillu-

mination,the SBRDFcoordinates ateachsurfacepointare
determinecy the spatialcoordinates, the surfacenormal,
andthe view andlighting directions.The radianceemitted
from that point toward the camerais thengiven by Eq. (7).

°c TheEurographic#ssociation2005.
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BecauseEq. (7) involvessumsover a large numberof RBF
centersfor eachpixel, image synthesiscan be slow. This
processcan be acceleratedhowever, using programmable
graphicshardwareandprecomputation.

Hardware Rendering Using the GPU. Equation(7) is well

suitedto implementatiorin graphicshardware becausehe
samecalculationsaredoneateachpixel. For example aver-

tex programcancomputeeachg andthesecanbe interpo-
latedastexture coordinategor eachpixel. A fragmentpro-

gram can then perform the computationin Eq. (6), which

is simply a sequencef distancecalculationsimplementing
the sumin Eq. (7) is straightforvard, sinceit is simply a
modulationby the albedomapandsourcecolor.

For the resultsin this section,we take this approachand
use one renderingpassfor eachRBF center accumulat-
ing their contributions. On a GeForce FX 5900, rendering
a512£ 512 imagewith 2000 centers(and 2000 rendering
passes)s reasonablyefcient, taking approximately30s.
Furtheroptimizationsare possible suchas consideringthe
contritutionsof multiple RBF centerdn eachpass.

Real-Time Rendering with Precomputedimages.To en-
ablereal-timerenderingwith complex illumination, images
synthesizedisingthe RBF representationanbe usedasin-
putto methodsbasedon precomputedmages Oneexample
is the double-PCAimagerelighting techniqueof Nayar et
al. [NBB04]. This algorithmis conceptuallysimilarto clus-
teredPCA methoddik e thosein Refs.[CBCG02 SHHSO03,
andallowsreal-timerelightingof speculaobjectswith com-
plex illuminationandshadavs (obtainedn theinputimages
usingshadev mappingin graphicshardware.)

We emphasizehat despitethesegainsin ef ciency, the
RBF representatioloesnot competewith parametricrep-
resentationdor renderingpurposeslinstead,it should be
viewed asa usefulintermediaterepresentatiobetweenac-
quisitionandrendering.

7.3. Results

As a demonstrationthe representationf Eq. (7) wasused
to modela humanface,which exhibits diffusetexturein ad-
dition to smoothspatialvariationin its speculacomponent.

Thespatially-\aryingre ectancefunctionestimatedrom
four camera/sourcecon gurations is shawvn in Figs. 9—
11 For theseresults,two polarized exposureswere cap-
tured in each con guration, and the viewpoint remained
x edthroughoutFor simplicity, thesubjects eyesremained
closed.(Accuratelyrepresentinghe spatialdiscontinuityat
the boundaryof the eyeball would require the surface to
be sgmentedas mentionedin Sect.6.) The averageangu-
lar separatiorof the light directionsis 21%, spanninga large
areaof frontalillumination. (SeeFig. 9.) This angularsam-
pling rateis considerabljlessdensethanin previouswork;
approximatelyl150 sourcedirectionswould be requiredto
cover the sphereat this rate comparedo over 2000 source
directionsusedby Deberecetal. [DHT* 0Q].

°c TheEurographic#ssociation2005.
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Figure 9: Actual andsyntheticimagesfor a novel illumination di-
rection. Theimageon theright wasrenderedusingthe re ectance
representatiom Eq.(7) t tofourinputimagesLeft insetshavs a
polar plot of the input (+) and output () lighting directions,with
concentriccircles representingangulardistancesof 10* and 20*
from theviewing direction.

In therecoreredSBRDF, 2000centersvereusedfor each
diffuse color channel,and 5000 centerswere usedfor the
specularcomponent(Figure 11 shavs scatterplots of the
specularcomponentas the numberof RBF centersis in-
creased.Eachdiffuse channelrequiresthe storageof 2006
coefcients—the weightsfor 2000 centersand six polyno-
mial coefcients—and2000samplepointsej, eachwith ve
componentsThis could be reduced,for example, by us-
ing the samecenterdocationsfor all threecolor channels.
Thespeculacomponentequiress006coefcients and5000
centerssothetotal sizeis 66,024singleprecision oating-
point numbersor 258kB. This is a very compactrepresen-
tationof bothview andlighting effects.

Figure 9 shaws real and syntheticimagesof the surface
undernovel lighting conditions,and shavs howv a smooth
SBRDFis recovereddespitethe extremesparsityof thein-
put images.Most importantly the disturbing ghostingef-
fects obsered in the 'no sharing' results of Fig. 6 are
avoided. (The accompayping video includesanimationsof
view andlighting variation.)Figure10 shavs thattherecor-
eredSBRDF is indeedspatially-\arying. The graphin the
right of this gure is a (gn;f4) Scatterplot of the specular
SBRDFon thetip of the nose(in transparenblue) andon
the cheek(in red),andit shavs thatthe recoreredspecular
lobeonthenoseis substantiallyarger.

While this syntheticresultis plausible,carefulexamina-
tion of Fig. 9 revealsthatit deviatesfrom the actualimage
(therelative RMS differenceis 9.5%.)For example thespa-
tial discontinuityin the speculaicomponenttthe boundary
of thelips is smoothedver dueto theassumptiorf smooth
spatial variation; and more generally with sucha limited
numberof input samplesthe representatiotis sensitve to
noisecausedy extremeinterre ectionandsubsuracescat-
tering, motion of the subjectduring acquisition,calibration
errorsin the sourcepositionsandrelative strengthsander
rorsin the geometry The accurag could be improved, for
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Figure 10: Spatialvariationin the estimatedspeculare ectance
function.Left: synthesizegpeculacomponentisedto generatehe
imagein theright of Fig. 9. Right: magnitudeof the estimatedspec-
ular SBRDFat two surfacepoints.Plotsarethe SBRDFasa func-
tion of (gn; fq) for gq = 5%, with redandtransparent-bluplotsrep-
resentinghe indicatedpointson the cheekandnose.(Large values
of gy neartheorigin areoutsidethecorvex hull of inputsamplesnd
arenotdisplayed.}or comparisontheinsetshavsaCook-Torrance
lobe t tothere ectanceof thenose.

example,by usinga high speedacquisitionsystemsuchas
that of Debevec et al. [DHT* 0Q], and by identifying spa-
tial discontinuities(perhapsusing clusteringtechniquesor
by usingdiffusecolor asa cuefor sggmentation.)

We emphasizehowever, thatonly four input imagesare
used.andit would bedif cult toimprove theresultswithout
further assumptionsEven a parametriomethodlik e that of
Lenschet al. [LKG* 01] may perform poorly in this case,
sincelittle morethana Lambertianalbedovaluecouldbe t
reliably from thefour (or less)re ectancesamplesavailable
ateachpoint.

Finally, Fig. 12 shavs synthetidmageswith anovel view-
point, again demonstratinghat a full SBRDFis recovered
despitethefactthatonly oneviewpointis usedasinput.

7.4. A SpecialCase:One Input Image

Dueto its dimension-independendée RBF representation
canalsobeadaptedo theextremecasewhenonly oneinput
imageis available.In one(orthographicgdirectionalillumi-
nation)imageall re ectancesampledie on a hyperplaneof
constantw, reducingthe dimensionof the SBRDF by one.
Thus,we canusea simpli ed SBRDFrepresentatiorgom-

putingthe surfaceradianceaccordingto
A !

N
l(e) = s a@)+ & likai sk cosy; ®)
i=1

whereg = (X y;U;V).

In this case,the diffuse components modeledas Lam-
bertian,and the albedoa(x) is estimateddirectly from the
re ectancesamplesin the diffuse componentof the input
image(after shadingandshadavs areremoved.) The spec-
ular componentis estimatedfrom the specularre ectance
sampleaisingthesametting procedureasthe multi-image
case Figure13 shavs anexampleof a 2000-centeSBRDF

3500 4500 5000
Figure11: EstimatedSBRDFonthecheek(red)andnose(blue)as
thenumberof RBF centerss increasedisingthe greedyalgorithm.
The5000-centeplotsarethe sameasthoseon theright of Fig. 10.

undernaturallighting from ervironmentmaps.Thesewere
renderedusing precomputatiofNBBO04] as discussedn
Sect.7.2, and the accompaying video demonstrateseal-
time manipulationof comple lighting.

Sinceasingleimageis usedasinput, only a 2D subsebf
theangulawvariationis recovered,andFresnekffectsareig-
nored.(As doneby Deberecetal. [DHT* 0Q], thisrepresen-
tation could be enhancedo approximateFresneleffectsby
usingadata-drvenmicrofacetmodelwith anassumedhdex
of refraction.)Also, by usinga completeervironmentmap,
we necessarilyextrapolatethe re ectancefunction beyond
the corvex hull of input sampleswhereit is known to be
lessaccurate Despitetheselimitations, the methodobtains
reasonableesults,and they would be dif cult to improve
without assuminga speci ¢ parametri@RDF model(asin,
e.g.,Ref.[BGO1].)

8. Conclusionsand Futur e Work

This paper presentsa method for exploiting spatial co-
herenceto estimatea non-parametricspatially-\arying re-
ectancefunctionfrom a sparsesetof imagesof known ge-
ometry Re ectanceestimations framedasa scattered-data
interpolationproblemin a joint spatial/anguladomain,an
approachthat allows the exchangeof spatialresolutionfor
anincreasen angulamresolutionof there ectancefunction.

This paperalso presentsa e xible representatiorof re-
ectancebasedn radialbasisfunctions(RBFs),andshavs
how this representatioican be adaptedo handle:i) homo-
geneouBRDF data,ii) smoothspatially-\aryingre ectance
from multipleimagesijii) spatialvariationwith texture,and
iv) asingleinputimage.Whenusingthis representatiorthe
recoveredre ectancemodeldegradegracefullyasthenum-
berof inputimagesdecreases.

The mostimmediatepracticalissuefor future work in-
volvescomputationakf ciency. We have demonstratethat
the RBF representations a useful intermediaterepresen-
tation of spatially-\arying re ectance,sinceit canbe used
in combinationwith currentrenderingtechniquesasedon
precomputednformation.To improve this, it maybe possi-
ble to develop real-timerenderingtechniquedirectly from
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Figure 12: Synthesizedmagesfor two novel viewpoints. Even
thoughthe input imagesare capturedfrom a single viewpoint, a
completeSBRDF is recovered,including view-dependentffects.

Figure 13: Imagessynthesizedising the SBRDF representation
in Eq. (8) estimatedfrom the single (decomposedj)mage shavn
in Fig. 8. Thesewererenderedn real-timeusingthe methodsdis-
cussedn Sect.7.2

the RBF representationf-or example,fastmultipole meth-
ods can be usedto reducethe evaluationof Eq. (2) from
O(N?) to O(NlogN) [BN92]. This maybea viablealterna-
tive to usingfactoredforms of BRDFs[MAAO01,JM03 and
may provide a practicalapproactfor real-timerenderingof
surfaceswith spatially-\arying,non-parametrice ectance.

The increasinguseof measurede ectancedatain com-
putergraphicsrequiresef cient methodso acquireandrep-
resentsuchdata.In this contet, appropriateparameteriza-
tions, representationand signal-processingechniquesare
likely to be crucial. This paperpresentsa stepin this direc-
tion by providing a methodfor using sparsejmage-based
datasets$o accuratelyrecoverre ectance.
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