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Inverse Shade Trees for Non-Parametric Material Representation and Editing
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Abstract Acquisition of SVBRDF (Thousands of HDR Images)

Recentprogressn the measurementf surfacere ectancehascre-
ateda demandfor non-parametri@ppearanceepresentationtat
areaccuratecompactandeasyto usefor rendering.Anothercru-
cial goal,which hassofarrecevedlittle attention|s editability: for
practicaluse,we mustbe ableto changeboth the directionaland
spatialbehaior of surfacere ectance(e.g., making one material
shinier anothemoreanisotropicandchanginghe spatial“texture
maps”indicatingwhereeachmaterialappears).We introducean
Inverse ShadeTreeframeavork that providesa generalapproactto
estimatingthe “leaves” of a userspeci ed shadetree from high-
dimensionalmeasurediatasetof appearance.Theseleaves are
sampledl- and 2-dimensionafunctionsthat captureboth the di-

rectionalbehaior of individual materialsandtheir spatialmixing

patterns.In orderto computetheseshadetreesautomatically we
map the problemto matrix factorizationand introducea e xible
new algorithm that allows for constraintssuchas non-ngatity,

sparsity and enegy conseration. Although we cannotinfer ev-

ery type of shadetree,we demonstratehe ability to reducemulti-

gigabytemeasuredlataset®of the Spatially-\arying Bidirectional
Re ectanceDistribution Function(SVBRDF) into a compactrep-
resentationthatmay be editedin realtime.

Keywords:  Light Re ection Models, Non-Rarametric, Data-
Driven,Matrix Factorization SVBRDF, BRDF

1 Introduction

The useof measuredurfacere ectancehasthe potentialto bring
new levels of photorealismto renderingsof complex materials.
Suchdatasetsrebecomingcommon,with recentwork on acquir
ing densemeasurementsf both individual materials[Marschner
et al. 1999; Matusik et al. 2003] and spatially-dependente-
ectance [Danaet al. 1999; McAllister 2002; Lenschet al. 2003;
Han and Perlin 2003; Marschneret al. 2005]. The availability
of suchdata,however, hashighlightedthe dif culty of represent-
ing comple materialsaccuratelyusing corventional analytic re-
ectance models[Ngan et al. 2005]. Non-parametriadepresenta-
tions provide greateraccurag and generality but so far have not
incorporatedthe importantdesigngoal of editability. Thatis, in
orderto beusefulin a practicalproductionpipeline,anappearance
representatiomustlet the designeichangeboththe spatialanddi-
rectionalbehaior of surfacere ectance. This paperproposesa
compactree-basedepresentatiofFigurel) thatprovidestheintu-
itive editability of parametrianodelswhile retainingthe accurag
and e xibility of generalineardecompositionrmethods.

The conceptof composinga complex shadingfunction from a
tree-structuredollection of simplerfunctionsand maskswasin-
troducedin the seminal“shadetrees”work of Cook [1984]. We
developaninverse ShadeTree(IST) framavork thattakesasinput
ameasuredppearancdataseinda (usersupplied)treestructure,
and lls in theleavesof thetree.In ourtreestheleavesaresampled
cunesandmaps(i.e., 1-D and2-D) representingntuitive concepts
suchas specularighlight shapeor texture maps. They arecom-
bined at interior nodes,of which the mostcommonis a sum-of-
products‘mixing” node(othernodetypesconsideredn this paper
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Figure 1: Weintroducea non-paametricframavork for decomposingnea-
sured SVBRDFdata into a set of (a) spatially-varyingblending weight
mapsand (b) basisBRDFs. The basisBRDFsare factored into sampled
2D functionscorrespondingto (c) specularand (d) diffuse components
of re ectance (we show it sphees rendeed with thesefactors, not the
2D factors). These2D functionsare further decomposethto (e & f) 1D
curves.In additionto providing accusate interactiverenderingof the origi-
nal SVBRDFthis representatioralsosupportseditingeither(a9 thespatial
distribution of the componenmaterialsor (b9 individual material proper
ties. Thelatter is accomplishedy editing (e®& 9 thesampleccurves.
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includenormalandtangenmaps aswell ascompositingoperations
suchas“over”). For example,in the rst level of thetreein Fig-
ure 1, the Spatially-\arying BidirectionalRe ectanceDistribution
Functionor SVBRDFis composedf a sumof productsof spatial
mixing weights(a) andbasisBRDFs(b). The IST decomposition
proceedgop-davn, at eachstagedecomposindhe currentdataset
accordingo thetype of nodeencountereéh thetree.

The editability of the resultingshadetreesdependson having
theirleavescorrespondo pieceghataremeaningfuko theuser For
example whendecomposingnSVBRDF, wewouldliketheresult-
ing BRDFsto correspondo ourintuitive notionof separatenateri-
als,insteadof beingarbitrarylinearcombinationsFor this reason,
thispaperfocuseonthe“unmixing” problem shaving how to map
it to matrix factorization(Section4). We introduce e xible algo-
rithms basedon linear constrainedeastsquareshat are designed
to produceintuitive decompositions.Thesealgorithmscanincor
porateconstraintsuchasnon-n@atiity, andprovide control over
thesparsityin thedecompositiorfresultingin acontinuoudradeof
betweenpurefactorizationand clustering). As comparedo exist-
ing methodswe maintainaccurag while producingeditableparts-
basedseparationsWhenthe original functionis a SVBRDF, these
“parts” correspondo different materials;whenthe functionis a
BRDF, thesé‘parts” correspondo differentscatteringphenomena,
suchasdiffusere ection, specularity or back-scatteringln addi-
tion, our algorithmsincorporatedomain-speci cconstraintssuch
asenepgy conseration,anddealwith practicalissuessuchaslarge
datasetandcon denceweighting. We expectthesetechniquego
be generallyapplicableto datadimensionalityreductionapplica-
tions,beyondthetaskof materialrepresentatioaddressetiere.

We explore inverseshadetreesin a prototypesystemthat be-
ginswith denselymeasuredpatially-\arying re ectance(with raw
datasesizesof severalgigabytes)andgeneratesompactndintu-
itive trees.We demonstratéhatthe resultingtreespermitreal-time
non-parametriediting(Section6) of materialsandtheir spatialdis-
tribution, andanalyzethe accurag (Section7) of boththe material
separatiomndBRDF decompositiorstages.

2 Relationship to Previous Work

Parametric Modelsfor Re ectance: Fitting analyticre ectance
modelsto data has beena widely-adoptedapproach,and some
modelswerein fact developedspeci cally for tting to measure-
ments[Ward 1992; Lafortuneet al. 1997]. Thus, one possible
representatiomf a measuredSVBRDF is a collectionof analytic
BRDF parametersateachsurfacelocation[McAllister 2002;Gard-
neretal. 2003]. Sucha representatioprovidesfor easyediting of
materials,andwith the additionof a clusteringstep[Lenschet al.
2003] allows editing a single materialeverywhereit appearon a
surface.

Theseapproacheshowever, have several key dravbacks. Re-
ducingadensesetof measurement® ahandfulof parametersay
introducesigni cant error[Nganetal. 2005]. Moreover, it requires
non-linearoptimization, which is computationallyexpensve and
numericallyunstable. Finally, clusteringthe valuesof the BRDF
parameterdLenschetal. 2003]doesnotgenerata desirablesepa-
rationof thecomponentnaterialdn thepresencef blendingonthe
surface(even,in somecasesthetrivial pixel-level blendingpresent
at antialiasednaterialedges).This is both becauséhe problemis
underconstrainedndbecause¢he parametersf mostBRDF mod-
elsarenotlinearly related.

Thework of Goldmanet al. [2005] is mostsimilar to our own.
They t acorvex combinationof two analyticBRDFs (alongwith
surfacenormals)at eachsurfacelocation. This resultsin a sparse,
non-n@ative representationalthoughtheir sparsity constraintis
lessgeneralthanthe onewe introducein Section4.2.2. Moreover,
they useanisotropicWard BRDF modelwhich is morerestrictive
thanour data-drvenapproach.

In thispaperwe solve thematerialsepaation problemusingthe
measurementirectly, before tting ary secondarynodelsto indi-
vidual BRDFs.This allows for arbitraryblendingof materials giv-
ing correctresultswhenparametricapproachesail (seeSection7
for acomparisorof accurag). In addition,we useanon-parametric

representationf BRDFsbasedon a small setof intuitive curnes,
providing bothgeneralityandgreateraccurag for someclasse®of
materialsthatexhibit anisotroy or retrore ection.

Non-Parametric Models and Matrix Decomposition: Non-
parametric approaches,including basis function decomposi-
tion [Danaet al. 1999] and standardmatrix rank-reductionalgo-
rithms suchas PCA, canretain high delity to the original data.
In the context of appearanceepresentationresearcherbave ex-
ploreda variety of rankreductionalgorithms,including variantsof
PCA [Kautz and McCool 1999; Furukava et al. 2002; Vasilescu
andTerzopoulo2004],homomorphidactorizationfMcCool etal.
2001],ICA [Tsumuraet al. 2003], k-meansclustering[Leung and
Malik 2001], andNMF [Chenet al. 2002; Lawrenceet al. 2004;
Peerstal. 2006].

Thoughour approachalsofalls in the cateyory of dimensional-
ity reduction,we build on prior work by performinga multi-level
sequencef decompositionsratherthanjust a single one. More
importantly motivated by an evaluationof existing methods,we
introducea setof new matrix factorizationalgorithms(Section4)
speci cally designedo provide editabledecompositionsa crite-
rion for which existing methodsarenot optimized.

Non-Parametric Material Editing: A data-diven approachto
BRDF editinghasbeenproposedy Matusiketal. [2003],in which
a userlabelsdirections(e.g., “shininess”, “rustiness”, etc.) in a
high-dimensionaspaceof measurednaterials. The large number
of materials,andthe uncompressetepresentationf eachBRDF,
contributeto large storageequirementsandinhibit interactve con-
trol. Thoughour BRDF editing systemis alsobasedon measured
data,we provide for direct manipulationof curves controlling the
re ectanceinsteadof focusingon higherlevel behaiors. In addi-
tion, our compressedepresentatioandinteractve renderepermit
real-timemanipulationof materialsjncluding spatialvariation.

To ourknawledge,only two systemsave demonstratechaterial
editing via direct manipulationof low-dimensionalfactorsof the
BRDF [Ashikhmin et al. 2000; Jaroszkiwicz andMcCool 2003].
In thesesystemghe usereditsa 2D image,which is thenusedasa
componenin aparametrior homomorphic-dctoredBRDF model.
We generalizethis by allowing interactve control over all the 1D
and2D factorsnecessaryo specifyafull SYBRDF

3 System Overview

Although the shadetree framavork could in principle represent
mary typesof appearanceéata,including BTFs, BSSRDFsight
elds, andtime-varyingtextures,this paperfocuseson SVBRDFs.
Herewe provide a brief overview of ourfull pipeline,rangingfrom
measuremerthroughrepresentatiorrenderingandediting.

AppearanceAcquisition: We useda sphericalgantrywith com-
puter control over cameraand light sourcedirection [Marschner
etal. 2005]to recorda setof high-dynamic-rang@nagesof planar
sampleswith spatially-\arying materialundermary illumination
andview directions. The choiceto measuremostly-planarsam-
plessimpli ed the calibrationandregistration, but the techniques
presentedhereapply to arbitrary geometry We acquired ve dif-
ferentSVBRDFsthatinclude layeredmaterials,anisotropy, retro-
re ection, andspatially-aryingnormalandtangentirections?.
After geometricand photometriccalibration,the imagesarere-
projectedontothe best- t planeof the surfacesyielding a uniform
spatialsampling(atapproximately500 500points)of re ectance
measurement8ecausehe SVBRDFis a function of six variables
(i.e.,it canbewritten S(u; v, w;; Wo; | ), wherel is discretizednto
RGB or HSV bands),samplingthe illumination and view direc-
tionsuniformly anddenselyis impractical. Therefore we sampled
theforward-andbackward-scatterindgobesof there ectancemore
denselythan the otherregions of the domain, yielding a total of
betweern2,000and6,000re ectancemeasurement®r eachpoint
onthesurface.The scatterediataareconceptuallyresamplednto
a uniform grid usingthe push-pullalgorithm[Gortler et al. 1996]
with a Gaussiarreconstructiorkernel (as we shall seelater, we
avoid a completereconstructiorby usinga subsamplingnethod).

1Completedatasetvailableat: http://ist.cs.princeton.e du
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Figure 2: We castthe SVBRDFdecompositiordepictedin Treel asthe
factorizationof a matrix. (a) High-dynamicrange images of a SVBRDF
captuedwith a sphericalgantry are (b) organizedinto a matrix with rows
that vary along spatial positionand columnsthat vary alongincidentand
outgoingangles. Thismatrix is factored into the outer productof (c) func-
tions of spatial position (“blending weights”) and (d) functionsof incident
andre ecteddirections(i.e., “basis BRDFs" in talular form). In this ex-
ample wefactor the SVBRDFof a holiday greetingcard into four terms.

Decomposition: We producea shaddreewith aseriesof decom-
positionsof the SVBRDFand,usingthe samealgorithms thecom-
ponentBRDFs. For example,considerFigure1(top), which shavs
afew imagedrom adensesetof measurementsf the SVBRDF of
an anisotropicwallpapersample. The rst level of our decompo-
sition separatethe SVBRDF into 4D functionsthatdependon di-
rectionsof incidenceandre ection (“basisBRDFs] shawvn in Fig-
ure 1b aslit spherespnd2D functionsof spatialposition(“blend-
ing weights; shavnin Figurela). We representhedecomposition
with thistreediagram:

Treel: S(u; v, Wi wo; )
#
a
&
& &

Ti(wv) riwsweil) T2 o

Note that we have chosento associatecolor (i.e., I ) with the
BRDFs. However, if it weremorecorvenientfor laterediting, we
could have associatedtolor with the spatialblendingweightsin-
steadfesultingin a color textureandcolorlessbasisBRDFs.
Although we have reducedthe size of the original SVBRDF,
thesebasisBRDFsarestill tabular representationsf a4D function,
makingthemunsuitableor interactie renderingor editing. To ad-
dressthis, we furtherreducethe basismaterialsthrougha seriesof
decompositionsnto 2D functionsand eventually into 1D cunes.
Althoughwe introducethesedecompositionén the context of rep-
resentinghe materialscontainedwithin a SVBRDEF, they provide,
in generalaneditablenon-parametricepresentationf the BRDF
For the examplein Figure 1, eachbasisBRDF is decomposed
into two terms,eacha productof 2D functionsof half (w},) anddif-
ference(wy) anglegRusinkievicz 1998]. For the shiry gold mate-
rial, onetermcorrespondsoughlyto thespeculacomponenof the
re ectance(Figurelc), while the otherrepresentsiearLambertian
diffuse(Figureld). Forimprovededitability, we mayfurtherfactor
the 2D functionsinto productsof 1D curvesde ned on the corre-
spondingelevationandazimuthalangles(Figuresleandf):
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Figure 3: We castthe BRDF decompositiorin Tree 2 to matrix factoriza-
tion. Each (a) tabular BRDF (shownasallit sphee)is (b) re-pammeterized
andthenrasterizednto a matrix with rowsthat vary along the half-angle
and columnsthat vary with difference-angle We factor this matrix into (c)
functionsof the half-angleand (d) functionsof the differenceangle

While the decompositionnto 1D curvesresultsin asimplerrepre-
sentatiorandis desirabldor isotropicBRDFs(which areinvariant
to f1), we have found thatit may reduceaccurag for somecom-
plex anisotropianaterials.In thesecaseswe terminatethe decom-
positiononelevel higher resultingin 2D mapsresemblinghoseof
Ashikhminetal. [2000] andNganetal. [2005].

Rendering and Editing: The measurednaterialsmay now be
renderedby re-composinghe shadetreesin a pixel shader;this
providesinteractve feedbackduringediting. In mostcasesthe 1D
functionsor curvesat the leavesof thetreecorrespondaturallyto
physicalphenomenaontrolledby parametersn existing analytic
models.For example,thess(gn) curwe s relatedto the distribution
of microfacetson the surface,and hencedetermineghe shapeof
the speculamighlight. Thess(qq;/ ) curve describeghe behaior
of the specularobe asthe view direction movesfrom normalin-
cidenceto grazing,capturingFresneleffects suchas color shifts,
increasedspecularre ection, and a reduceddiffuse term. Color
variation, suchasin ss(qq;/ ), canbe representedvith separate
curvwesfor eachRGB color componen{Figure 1f), or in an alter
natecolorspacesuchasHSV.

4 Algorithms for Matrix Factorization

We can castthe tree-structureddecompositionsiescribedprevi-
ously as a sequenceof matrix factorizations. At the top-level
(Treel), we organizesamplesof a SVBRDF into a matrix thatis
factorednto theouterproductof 2D blendingweightsand4D basis
BRDFs(seeFigure2). At thesecond-leel (Tree2), we decompose
eachbasisBRDF into appropriateD factorsby computinganother
matrix factorization(seeFigure3).

Therearea variety of algorithmsavailablefor computingthese
factorizationsIn Sectiond.1, we comparesxisting approacheand
discusshe conditionsunderwhich they fail to provide a meaning-
ful decomposition.In Section4.2, we introducea new factoriza-
tion algorithmbasedon linearly constrainedptimizationthatim-
provesthe separationin challengingcases Onekey bene t of this
new algorithmis thatit canincorporatedomain-speci cconstraints
for decomposingppearancdata(Sectiond.3). Lastly, we address
practicalconsiderationselatedto scatterednput dataandmatrices
whosesizesexceedthe capacityof mainmemory(Sectiord.4).

We will adoptthe notationof [Lee and Seung2000]to discuss
matrix factorizations. Speci cally, an m input matrix V is ap-
proximatedastheproductofan k matrixW andak mmatrixH
(V  WH). Rankreductionoccurswhenk is smallerthann andm,
andwe aremostinterestedn case®f extremecompressiore.g.,n
andm arehundredsor thousandswhile k is betweenl and5). We
considerfactorizationghatminimizethe Euclidearerror,

KV WHK?= & Vij (WH);j 1)

ij
To begin, we focuson SVBRDFdecompositionsothattheoriginal
datais in matrixV andthe mixing weightsandbasisBRDFsend

upin W andH, respectiely. Later, we will consideBBRDFs,and
W andH hold sampledhalf-angleanddifference-anglenaps.
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Original Images

Ideal Decomposition

Ty: silverfoil ~ Ty: goldfoil ~ Ts: bluepaper T4: white paper

Figure 4: Two images(originals are HDR) fromthe “Seasons Greetings”
datasettogetherwith hand-gneatedmixingmaskshatwouldbeproduced
by an ideal decomposition Noticethat the sepaation is soft, with signi -
cantblendingbetweerthegoldfoil andboththeblueandwhitepaper Since
the blendingweightsin the bottomrow are colorlessscalars (the color for
thisshadetreeis in the BRDFs) we usegrayscaldmagesto visualizethem.

Algorithm Properties:
Groups Linear Positve Sparse
SVD/ICA Yes No No
Homomorphic No Yes No
Clustering No Yes Yes
NMF / pLSI Yes Yes No
Our Method:ACLS Yes Yes Yes

Table 1: Comparisorof matrix factorizationalgorithms. Existingmethods
do not satisfythe three propertiesof linearity, positivity and contol over
spausity, which are critical for a meaningfuleditabledecomposition.

4.1 Evaluation of Existing Algorithms

We compareseveral classe®f factorizationalgorithmssuitablefor
accuratelyrepresentingneasure@ppearancdata,evaluatingtheir
performanceon the Seasors Greetingsdataseshawvn in Figure4.
Thismeasure@VBRDFis of aholidaygreetingcardwith four ma-
terials(blue andwhite paper andgold andsilver foil), asshawvn in
theidealseparatiorat bottom.Notethatthematerialsaresmoothly
blendedover the surface. For example,the gold foil is presentin
differentamountsat the boundarybetweerthe gold borderaround
the word “Seasors” andthe paperbackgroundFigure4, T, and
Ts). Also, the stripesin the backgroundwere createcby halfton-
ing the gold materialover the paperbackground.Thisis visible as
spatialblendingbetweermaterialsT, andTy.

To representheseeffects, while providing an editabledecom-
position,we have identi ed threekey propertiesof a factorization
algorithm.First, it shouldallow for abasisconsistingof linearcom-
binationsof theinputto resole the blendingof differentmaterials.
Secondthe algorithmshouldguaranteaon-n@atiity to produce

aphysicallyplausibleresultandfavor parts-basedecompositions.

Third, thealgorithmshouldprovide control over the sparsityof the
solution, favoring a representatiorthat usesindividual materials,
wherepossible to representhe SVBRDF (asopposedo blending
betweenmaterialsacrossthe entire surface). Table 1 summarizes
thesepropertiedfor differentalgorithmclasses.

PCA/ICA: Two popularrank reductionalgorithmsare Principal
ComponentAnalysis (PCA) and IndependenComponentAnaly-
sis (ICA), alongwith extensionssuchasmultilinear tensorfactor
ization [Vasilescuand Terzopoulo2004]. The main advantageof
PCA s thatit yields a global minimum of Equationl. However,
thesealgorithmsrecover a basisthat is orthonormal(for PCA) or
statisticallyindependen(for ICA). Theserestrictionsarenot suf-

cientto producea meaningfuldescriptionof the data.In particular

PrincipalComponenfnalysis(RMS=0.016)

k-meanswith Re-projectiofRMS=0.084)

Non-Neyative Matrix Factorization(RMS=0.017)

T1 Ty T3 Ty

Figure 5: Blending weights computedfrom the “Seasons Greetings”
datasetusingthefactorizationalgorithmsdiscussedn Section4. For PCA,
thesetermsare visualizedas images whee red and greencorrespondto
positiveand negativevalueswith luminanceproportionalto the magnitude
For k-meansand NMF, all valuesare non-n@ative and are visualizedas
grayscaleimages. Notethat neither PCA nor NMF provide a sepaation
of the datainto distinct partssuitablefor editing Althoughclusteringper
formsbetter it too fails to recover the desimable sepaation into the four
componenimaterialspresentin this sample(Figure 4,bottomrow). In par-
ticular, k-meansassignsboththegold andsilver foil to a singlecluster(Tz)
andcombineghe gold foil andpaperinto a sepaateterm(Ty).

they allow negative valuesin W andH, resultingin arepresentation
whosetermscannotbe editedindependentlyFigure5, top).

Homomorphic Factorization: Introduced in the contet of
representingnon-parametricBRDFs, Homomorphic Factoriza-
tion [McCool etal. 2001],decomposeahigh-dimensionafunction
into a single productof an arbitrarynumberof lower dimensional
functions.Althoughit cansupportanarbitrarynumberof factorst
doesnotallow linearcombinationsHence this algorithmis notap-
propriatefor representinghe SVBRDF asa sumof productsof ba-
sismaterialsandspatialblendingweights,or decomposing BRDF
into asumof diffuse,retrore ective andspeculatobes.

Clustering: One popular methodfor clusteringdatais the k-
meansalgorithm [Hartigan and Wong 1979]. Like all clustering
algorithms k-meangartitionsthe inputinto disjoint sets,associat-
ing eachpoint with a representate point calledthe clustercenter
This canbe interpretedas a factorizationof the SVBRDF, where
the clustercentersare storedin the matrix H andW is computed
by re-projectingthe dataontothis basis(usinggradientdescentor
example). In our experiments clusteringperformswell on input
with asmallbasisthatis well-separatedver the surface.However,
whenthe SVBRDF exhibits blendingof its componenimaterials,
clusteringtypically fails to recover a usefulbasis. For example,in
Figure5, middle, k-meanshasincorrectlyassigned singlecluster
to the combinationof the gold foil and paper(T,) while grouping
thegold andsilverfoils into a separateluster(Ty).

Non-Negative Matrix Factorization: Anothermatrix decompo-
sition approachis Non-Negative Matrix Factorization(NMF) [Lee

and Seung2000]. Togethemwith similar algorithmssuchas Prob-
abilistic LatentSemantidndexing [Hofmann1999], NMF guaran-
teesthat both resultingfactorscontainonly non-ngative values.
Onemotivationfor this constraintis to encouragéhe algorithmto

describaheinputdataasthe sumof positive parts, therebyproduc-
ing amoremeaningfulfactorization.In our experimentshowever,

the characteiof the decompositioris sensitve to smallchangesn

the data(including thosedueto measurementoiseand misalign-
ment), and the non-n@ativity constraintis not always enoughto

guaranteaneditableseparatior{seeFigure5, bottom).
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SACLS: | = 0:0, m= 0:0 (RMS=0.017)

SACLS:/ = 5:0, m= 10.0 (RMS=0.020)

SACLS:/ = 1000, m= 10.0 (RMS=0.023)

T1 T T3 Ta
Figure 6: Theblendingweightscomputedrom the “Seasons Greetings”
datasetusing SACLSwith different settingsof | and m Increasingvalues
of | forcethealgorithmto behavemore like clustering trading numerical
acculacy for a more meaningfukepaation.

4.2 Our Method: Alternating Constrained Least Squares

We have seenthatexisting matrix factorizatiormethodsdo not ful-
| thethreepropertieqlinearity, positivity, sparsity)neededo pro-
ducemeaningful editabledecompositions\We now describea nev
suite of algorithmsthat allow for these while alsosupportingad-
ditional domain-speci cconstraintsuchasenegy conserationin
the SVBRDFandmonotonicityof the BRDF (Section4.3).
Ouralgorithmis built uponef cient numericaimethoddor solv-
ing linearconstrainedeastsquaregLCLS) problemsof theform:

o1 > . X
mIQZIQRlIZGZ kb Mxks subjectto | Ax u (2
Then-elementvectorx is calledthevectorof unknownsM is called
the least-squags matrix andb is the vector of observations The
vectorsu and| provide the upperandlower boundconstaints of
bothx andthelinear combination®encodedn the matrix A, called
the generl constaints Thereareseveral algorithmsavailablefor
solving thesetypes of problems. We use an inertia-controlling
methodthatmaintainsa Cholesly factorizatiorof thereducedHes-
sianof the objective function [Gill etal. 1984]. We useanimple-
mentationof this algorithmfrom the NumericalAlgorithms Group
(NAG) library set,callednag-opt-lin-Isq [NAG 2005].

4.2.1 Non-Negative Factorization

As with NMF, we initialize W andH to containpositive random
values,andminimize Equationl by alternatelyupdatingthesetwo
matrices. This problemis known to be corvex in eitherW or H
separatelybut not simultaneouslyn both. As a consequenceye
will presentinalgorithmthat nds alocal minimumof Equationl.

Without loss of generality we considerthe casewherebothV
andW arerow vectors(v  wH). We laterextendthediscussiorno
considertheentirematrixW. Fora x edH, we updateour current
estimateof w by minimizing Equationl, subjectto the linear con-
straintw 0. To accomplishthis, we solve the LCLS problemin
Equation2, with M= HT, b= vT, andx= w'. To constrainthe
solutionto be non-ngative, we setl = O andu= ¥.

We updatethe entirematrix W by computingthe abore solution
for eachof its rowsin turn. Similarly, we cantranspos¢heproblem,
take W to betheleast-squagsmatrix M, andupdateour estimateof
H onecolumnatatime. By alternatingoetweenestimatingv and
H, we achiere a non-n@ative factorizationof the input matrix V.
Becauseve areguaranteedever to increaseequationl aftereither
updatethisalgorithm,whichwe call AlternatingConstrained.east
SquaregACLS), is guaranteedb convergeto alocal minimum.

Comparedo NMF, for which eachiterationrequiresonly afew
matrixmultiplications eachiterationof ACLSis considerablynore
expensve. On the otherhand,eachiterationof ACLS resultsin a
greaterdecreasén errorandit corvergeswith anorderof magni-
tudefeweriterations.In our experimentsyve have foundtheoverall
computatiortime for thesetwo algorithmsto be comparable.

4.2.2 Sparsity

A non-ngjativity constraintis frequentlynot enoughto provide an
intuitive parts-basedlecomposition.We introducea modi cation
that considersthe sparsity of the solution, providing a continu-
oustradeof betweemon-n@ative matrix factorizatiorandcluster
ing. We have foundthis e xibility to be effective for decomposing
SVBRDFsexhibiting complex blendingof multiple materials.

In orderto de ne sparsity considerthe SVBRDF factorization
shawvn in Figure2. A sparsedecompositionis onein which there
is alinearcombinationof relatively few basismaterialsateachsur
facelocation. Thatis, eachrow of W hasfew non-zeroentries.
Althoughthereareseveralexpressionshatquantifythis notion,we
requireonethatleadsto alinearleast-squareproblem:it mustbe
quadratidn theelementof therow. Thereforewe de ne thespar
sity penaltyfor arow w asthe sumof the squaresf all but oneof
the coordinateof w (i.e., &;g j Wi, wherethe selectionof j is dis-
cussedelav). Fora x edH, we cancombinethis sparsitypenalty
weightedby aparametet , with theapproximatiorerror(1), which
givesanew errorto beminimized:

kv wHK?+ | § we: (3)
i6
Onepotentialproblemwith thisformulationis thatwe candecrease
the overall error simply by decreasinghe magnitudeof all theel-
ementsof w. To addresshis, we introducean additionalsoft con-
straintthatthe L1 normof w shouldbe closeto unity. As before,
we canaddthis penalty weightedby the parametem to theerror:

2
kve wHK?+ 1 dw2+m1l dw : (4)
i6 i
Startingfrom Equation4, we canwrite outthe correspondindeast-
squaresnatrix andobser%tionvectorto beusedin Equaltionz:

T! N HT J—
v
b= mooMEE PP _ & (5
pT:::pTOpT:::pT

The0 in thebottomrow of M will beatthe jth position.

Puttingthingstogetherwe estimatew by iteratingover the pos-
sible valuesof j (in practicethis correspondgo the rank of the
approximatiorandis small) andminimizing Equation4; we retain
thew thatcorrespondso the selectionof j with the smallesterror.
Theentirematrix W is estimatecnerow atatime in this fashion.
We alternatebetweenupdatingour estimateof W andH until the
error corvergesto a local minimum. Assumingthat bothW and
H areinitially insidethe feasibleregion, eachiterationcannotin-
creaseéEquationd, sothisalgorithm,whichwe call SparseAlternat-
ing Constrained.eastSquare$SACLS),is guaranteetb corverge.
This is a critical property and one not sharedby someprevious
approacheso sparseactorization(suchasthat of Hoyer [2002]),
whichincludeanormalizationstepthatcanincreaseerror

The parameter! in uences the sparsity of the factorization,
rangingfrom pure matrix factorization(/ = 0) to pure clustering
(I' ' ¥). The parametem in contrast,determineghe extentto
which we insistthatthe sumof materialcontritutionsat eachloca-
tionis 1. We have foundthealgorithmto besomevhatlesssensitve
to the selectiorof this parameterAs with previouswork in low en-
tropy coding[OlshauserandField 2002],we de ne both/ andm
in units of the variancein V. This providesmoreintuitive control
over thesevalues,but trial anderror is still requiredto determine
their appropriatesettings.Figure 6 illustratesthe impactof differ-
entsettingsof | onthedecomposition.
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PrincipalComponenfnalysis(RMS=0.014)

Non-Negative Matrix Factorization(RMS=0.015)

k-meanswith Re-projectioRMS=0.029)

SACLSwith [ = 1000,m= 8000 (RMS=0.022)

Figure 7: Visual comparisorof the spatial blendingweightscomputedoy
several linear factorizationalgorithmson the “Wood+Tape” dataset.Our
methodbottomrow) providescontiol over spaisity andguaranteeghecom-
ponentBRDFsare physicallyplausible(enegy conservingandreciprocal).
This aids in providing automaticsepaation of the measued data into its
componenimaterialsand providesa nal representatiorthat canbeedited
(Figure 13).

4.3 Domain-Specic Constraints

One adwantageof the ACLS algorithm is that it can be eas-
ily extendedto include additionallinear constraintsbeyond non-
negativity andsparsity In this section we introduceseveral useful
constraintdn the context of representinghe SVBRDFandBRDF,
includingenepgy conserationandmonotonicity

4.3.1 SVBRDF Constraints: Energy Conser vation

Whenfactoringthe SVBRDF, we canextend ACLS to guarantee
thatthe basisBRDFsconsere enegy. For corvenience,suppose
thatH containsvaluesof theBRDF for differentlight positionsand

asingleviewing direction(theseechniquesanreadilybeextended
to multiple viewing directions).In this simpli ed casewe cancon-

straintheBRDF atthe jM row of H to consere enegy by bounding
thesumof its values,eachweightedby the solid angle:

A Hjibw L (6)
1

This constraintis incorporatedinto the ACLS framevork by
rst linearizing the matricesV and H into column vectorsV =
(V11 Va2:::Vimn) T andh = (H11 Hi2:::Hym) . From Equation2,

wesetb = V, x= h, andde ne M andA asfollows: 1

5

Finally, we setthe boundaryconstraintgi.e., | andu) to guaran-
teethatH is non-ngjative andthe sumsencodedn the matrix A

lie between0 and1. By solving Equation2 underthesesubstitu-
tions,we guarante¢hatthe BRDFsencodedn H consere enepy.

With theaddedconstrainbntheparameterizationf theBRDF that
fq+ p! fq4, wecanalsoguaranteeeciprocity To ourknowledge,
thisis the rst factorizationalgorithmthatguaranteean SVBRDF
decompositionnto physicallyplausiblenon-parametri@RDFs.
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Figure 8: Accuracy of representingour different SVBRDFawith four pos-

sible linear decompositioralgorithms. For ead dataset,the SACLS al-

gorithm providesa representatiorwith compagable numericalaccuiacy to

existingdata-drivenapproades.

Reciprocity and enegy conseration constraintswere usedto
perform materialseparatioron all the samplesconsideredn this
paper Figure7 shavs our separatiorfor the Wood+Tape dataset.
This particularly challengingSVBRDF consistsof a pieceof oak
partially coveredby semi-transpareriapeandretro-re ective tape.
Note that the tape completelydisappearsat certainincident and
re ected directions(Figure 13, left column). On this data, PCA
and NMF producedecompositionsvith signi cant mixing, while
clusteringimproperly groupsregions of the wood grain with the
tape (Figure 7). On the other hand, SACLS correctly separates
the SVBRDF into two differenttypesof wood grain, a tapelayer
smoothlyblendedover the wood, andtwo separatdermsfor the
retrore ective materials.We have obsered similarly intuitive ma-
terial separatiorresultsfor all the datasets.Moreover, this intu-
itive separatiorcomesat little or no decreasén the numericalac-
curag. Figure8 shavs the cosine-weightedRMS error (de ned as
thesquareoot of the sumof squaredlifferencesetweertheorig-
inal imagesandthereconstructionweightedby cog g;)) produced
by four decompositioralgorithms,for a rangeof differentterms
(numberof materials).

4.3.2 BRDF Constraints: Value and Monotonicity

At the secondevel in our tree-structuredlecomposition(Tree 2),
we factora talular BRDF into the sumof terms,eacha productof
functionsof half- anddifference-angleAs with the SVBRDF, this
is equialentto factoringa matrix (Figure3).

Factoringthe BRDF into multiple 2D termsusingstandarchon-
negative factorization(Sectiond.2) generallyyieldsfactorsthatare
arbitrarylinear combinationsvhosevaluesshouldnot beindepen-
dentlyedited.To addresshis, we allow for two typesof constraints
onthesefactors.First,we canconstrainoneof the half-angleterms
in Figure 3c to remainat a constantvalue while allowing the rest
of thefactorizationto updatenormally This hasthe effect of sepa-
ratingthe BRDFinto alobewith uniform g, dependenc@ypically
diffuse-like terms thoughnotrestrictedo be perfectlyLambertian)
plusalobewith arbitraryhalf-angledistribution (usuallya specular
lobe). In all casesthe dependencen the differenceangleis re-
tained,allowing for Fresneleffects suchas color shifts, increased
speculare ection, andareducedliffuseterm.

Additionally, we canconstrainthe half-angledependencef the
“specular"termto be monotonicallydecreasingn g, resultingin
more physically plausiblehighlights. We constrainthe derivative
of fi to be negative at eachsample.Becausehis is a linear oper
ator (e.g., centraldifferences)jt canbe directly encodednto the
matrix A alongwith thesettingsl = ¥ andu= 0 in Equation2.
Figure9 providesanexampleof usingbothvalueandmonotonicity
constraintdor the shiry goldfoil r, from Figures2 and3.
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StandardNon-Negative Factorization
(RMS=0.133)

%

Value/MonotonicityConstraints
N & (RMS=0.164)
Original BRDF

Figure 9: The ACLSalgorithm can be extendedto incorporate valueand
monotonicitycontrints. We factor a tabular BRDF (left) into the sumof
two terms. At top, we usebasic non-ngative factorization(Section4.2).
At bottom,the two termsare computedby constaining oneterm to have
uniform g, dependencwhile the otheris monotonicallydeceasingin g.

4.4 Practical Considerations

To male thesefactorizationalgorithmspractical,thereare several
issueswe mustconsider First, for mostreal-world data,the level

of con denceof eachmeasuremenis not uniform acrossthe in-

putmatrixV. For example,re ectancemeasurementsom grazing
angleswill belessaccuratehenthosefrom perpendiculaangles.
Additionally, someregionsof thedomainarenotmeasuredproduc-
ing “holes” in theinput. We would like to associate “con dence”

with eachvaluein the matrix in orderto allow scatteredlatainter-

polationacrossmissingregionsin theinput. Secondbecaus®f the
high dimensionalityandresolutionof our datasetsthe sizesof the
matriceswe factoroften exceedthe capacityof mainmemory Fi-

nally, to helpavoid incorrectlocalminimaweinitialize ACLS from

multiple startingpositions.

4.4.1 Missing Data and Con dence Weighting

We incorporatea con dencematrixC into our objective functionto
weightthe contritution of eachelementin V towardstheerror:

2
a Cj Vij (WH);j; (7
ij

An elementwith acon denceof O will have no effectonthefac-
torization,seamlesshallowing for missingdata. We canincorpo-
rateC into ary ACLS variantthrougha simplemodi cation to the
least-squarematrix M andthe obserationvectorb in Equation2.
For corvenienceconsidetestimatingasinglerow in W (denotedw)
for a x edH accordingto the correspondingowsin V andC (de-
notedv andc respectiely). Therelatedinearconstrainegroblem
from Equation2 will have bj = cjvj andMjx = cjH;. Notethat
thisreducedo standardACLSfor ¢j = 1. Figure10shavstheper
formanceof con dence-weighted\CLS on a controlledexample,
where50% of samplef aBRDF areremoved.

In practice we usethe push-pullalgorithm[Gortler et al. 1996]
with a Gaussiarkernelto reconstrucV from scattereddata. We
associate con dencewith eachmatrix cell thatis proportionalto
its total weightat the top-level of the reconstructiorpyramid. The
con denceof cells that correspondo incidentor re ected direc-
tionsbelav the horizonaresetto zero. The choiceof interpolation
methodwill affectthe nal output. We experimentedwith several
techniguesand found the push-pullalgorithmto provide the best
trade-of betweemuality andcomputationaéffort.

4.4.2 Subsampling for Large Datasets

Due to the high-dimensionalityof the datasetave are interested
in factoring,V often exceedsmain memory However, its rankis
signi cantly smallerthentheresolutionof our measurement§.e.,
k  m). We exploit thisrank-de cieng/ by computinga basisfor a
subsebf thecompletedata(call thisV®). We usewhichever variant
of ACLS is appropriateto compute:V? WM. Becausewe dis-
cardedonly completeaowsof V, thematrixH canbethoughtof as
anestimateof its basis.Theoriginal datais projectedontoH using

 fg—
,4 Th
(a) Original (b) Tabular (c) Half of Data  (d) Confidenc
Data Representation Removed Matrix
D <
(h) Final  (g) 20 Iterations () 5 Iterations (e) 1 Iteratior
Reconstruction

Figure 10: Usinga measuedBRDFasinput(a) weconstructa datamatrix

indexed by g, and f 4 shownin (b). (Note: we showonly one sectionof

the completedata matrix by omitting variation in qq). For this test, we

remoed50% of the datavaluesto producethe matrix in (c) and compute
a con dencematrix (d) whele measued valueshavea con denceof 1 and

missingvalueshavea con denceof 0. We showthe factorizationcomputed
by con dence-weightedCLSafter one(e) and ve (f) iterations. After 20

iterations(g), we producea matrix that approximateghe original.

ACLS to estimateW while holdingH x ed. This procedurere-
quiresstoringonly onerow of VV, onerow of W andthecompleteH
matrixin mainmemoryatary giventime. We cansimilarly reduce
V by computinga factorizationover a subsebf the columns.

This stratey corverges at leastas quickly as standardACLS
evenfor aggressie dovnsampling.If the samplesizeis too small,
however, the basisof VO will not accuratelyrepreseny/, andthe
errorwill increaseFor thedatasetsve considerthis situationonly
ariseswhenusinglessthan0:01% of the original matrix.

In practice, we reconstructthe SVBRDF datasetscontaining
isotropicmaterialsat anangularresolutionof 100 30 15 (gh
gq fq), while representinganisotropicdatasetswith a 64 64
parabolicmap [Heidrich and Seidel1999] for the half-angleterm
at30 15differentpositionsof qq andf 4 respectiely. Thespatial
resolutionof the samplesare approximately50%. If we wereto
representhe SVBRDFmatrix explicitly, thiswould require125GB
of memoryfor the isotropic case,and 5,149GB for anisotropic
samples.Instead we rely on subsampling:we computeblending
weightsusing50 columnsof theoriginal matrix at qualitatively dif-
ferentpositions(i.e., speculahighlights, back-scatteringperpen-
dicularandgrazingangles),andreconstrucfull resolutiontakular
BRDFsat 100randomlyselectegositions.

Thetop-level decompositiottakes 2 hoursfor eachdataseaind
thoseat lower levelsin thetreerequire 30 minutes.In our exper
iments,theserunningtimesscalelinearly with theinput.

4.4.3 |Initialization of ACLS

While thesimpleststratey for all ACLS variantsis to initialize the
matricesW andH with randompositive values(subject,of course,
to ary additionaldesiredconstraintsuchasmonotonicity) thefact
that ACLS performslocal minimizationleavesit susceptibleo lo-
cal minima. We have found that a morerobust stratgy is to rst
run k-meansclusteringwith a relatively large k (for example,20),
theninitialize ACLS with a randomsubsetof the clustercenters.
For evengreaterobustnesswe repeathe ACLS minimizationwith
mary randomly-choseisubsetof clustercentersandtake asour
nal resultthe one with smallesterror In our experiments,this
strat@y is robustin avoiding incorrectlocal minima, andamelio-
ratesthe undesirabldack of provable global corvergence(shared
by all algorithmsconsideredere,exceptPCA).

5 Normal and Tangent Estimation

For materialscontainingnormalvariationor (for anisotropicmate-
rials) variationin tangentdirection,we canaugmenour SVBRDF
decompositiontree with the addition of normal and/or tangent
maps.If botharepresentyeareeffectively estimatingafull rotated
coordinatesystemat eachspatiallocation, thus capturingeffects
similar to thoserecentlydemonstratethy Marschneret al. [2005].
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Normal/Tangent Original ShadeTree
Map Image Reconstruction

Figure 11: Normal and tangent maps. Left: We showN L of the Dove
normal mapfor a near grazinglight direction. For tangent maps,we set
thehueof ead pixel to be thetangentdirection. Notethat this directionis
unde nedin regionswith isotropic re ectance Middle: original images.
Right: imagesrendeedusinga 3-termshadetreewith normalandtangent
maps(note: blendingweightsnot shown).

All theseeffectsarecapturedwith thefollowing tree,which we use
insteadof Treel:

Tree3: S(u; v, Wi Wo; 1)
#

Normal/tangenmapping
# &

Q

n(u;v)  t(u;v) a

L& L&
Ti(wv) riw;wesl) T2 r2

We estimatenormalandtangentdirectionsat eachspatialposi-
tionin threestagesFirst,we t agenericBRDFwith ananisotropic
Gaussiarspeculalobe (i.e., aWard BRDF) at eachlocation,with
the rotation anglesde ning the coordinatesystemas free param-
etersto the t. Usingtheseinitial orientationestimatesyve build
thematrix describedn the previous sectionandcomputeits k-term
factorization.We thenre ne our estimatesusingthis factorization,
againsolving for the best- t normal and tangent. We can repeat
thesestepsuntil the overall error corverges,thoughin practicewe
foundthattwo iterationsaresufcient to accuratelyrecorerthe ne
geometricsurfacedetail presentin our samplesandrequired 10
hoursof total processingime. We shav the nal normalmapsand
tangentmapsfor two datasetén Figurel1l.

6 Results: Editing

The bene t of obtaininga decompositiorof the SVBRDF into a
meaningfulshadetreeis thatary leaf nodemay be independently
edited. In this section,we describeseveral possibleedits at both
the materiallevel (alteringthe spatialtexture of which component
materialappearsvhere)andattheBRDF level (changingsalientas-
pectsof amaterialsre ectanceusingour curve-basednodel). The
supplementaryideoshaws furtherreal-timeediting results.While
mostof theseeditsarestraightforvardgivenourintuitive shaddree
representationthey areto our knowledgethe rst demonstration
of non-parametri@diting of spatially-\arying measurednaterials,
andwould not be easywith alternatie matrix factorizationmeth-
ods,which do not provide a meaningfulseparatiorof materialsor
individual BRDFs.

6.1 SVBRDF Editing

Changing Spatial Distrib ution of Materials: Perhapghe most
obviouseditis to changethe spatialdistribution or “texture” of the
basismaterials.In Figuresl and12 we have changedhetextureby
re-paintingthe blendingweightmaps.To achieve the editshavn in

Figure13, we rst de ne atransparenc maskfor the tapeasthe

Figure 12: A key bene t of our framevork is thatit supportsediting Here
we change the normalmapandblendingweightsin the Seasors Greetings
shadetree: we retain the original BRDFs, but spell a slightly embossed
SIGGRAPH2BOSTONGcompae to Figure 4, top row).

Original Reconstruction RemawedTape

Figure 13: TheWood+Tapedatasetconsistof a pieceof oakpartially cov-
ered by semi-tanspaenttapeandretrore ective bicycletape Left: Three
original imagesillustrate that the tape disappeas for someincidentand
re ecteddirections,makingthis a challengingdatasetto sepaate into its
componenimaterials. Middle: Reconstructiorprovided by a shadetree
with ve terms,computedusingthe ACLS algorithm. Right: We edit the
weightmapsto remoethetape Althoughour sepaation wasnot perfect,
theresultingeditsdisplayfew artifacts.

Original Metallic-Blue Nickel

Figure 14: An exampleof material transfer: one of the subteesof our
decompositioris completelyreplacedwith a different one Here, we re-
place oneof the componenBRDFswith several materialsfrom Matusik’s
databasd2003], while retainingspatialtexture and normalmaps.

productof its blendingweightsanda usersetconstant.Our result-
ing shadetreecompositeghe tapeover the additionallayersusing
this mask. Becauseour separationwas not perfectfor this chal-
lengingcase we manuallyrepairedsomeerrorin thewood blend-
ing weightsbelow the tape. We canalsointeractiely re-position
thetape(shavn in the supplementavideo)or remove it altogether
This editwould not be possibleusingthe decompositionsichiezed
by alternatve algorithms(Figures7 and18).

Changing or Combining Basis Materials: Figure 1 shavs an
editin which oneof the componenmaterialswasmadelessshiry
(usingthe BRDF curwe editingtechniquesliscussedelow), while
the hueof the othermaterialwaschanged.A relatededitinvolves
completelyreplacingbasismaterialswith othermeasuredRDFs.
In Figure14 we replacethe metallic-silver BRDF in the Dove data
with severalmeasure®RDFsfrom the Matusik[2003] database.
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(a) Changingdiffusecolor by

editingsy(qq;! ) curvwe editing fs(w,) map

(b) Varyinghighlight shapeby

(c) Smoothingnoisydataby (d) Desaturatingowardgrazingby
editingss(gn) curve editingss(qq; ! ) curve

Figure 15: Our systenallows for BRDF editssimilar to thoseavailablewith parametricrepresentationsimplementedby moving or warpingthe 1D curves

and2D mapsde nedin Tree2.

6.2 BRDF Editing

The BRDF edits available using our representatiorinclude mary

thathave becomefamiliar to usersof parametrianodels,but have

thusfarnotbeeneasyto performwith non-parametri@RDFs. Sev/-
eralpossibilitiesareshavn in Figure15:

a. The diffuse color is changedby editing the s4(qgq;! ) cune.
Since this is representedn HSV space,it is easyto make
changeso theoverall colorwhile maintainingary desaturation,
color shift, or Fresnekffectspresenin the original data.

b. Theshapeof thehighlightis representetly the fs(w,) map(or
the ss(gn) andrg(fy) curvesif a decompositiorinto 1D fac-
tors hasbeenperformed).Warpingthis maintainsthe shapeof
the highlight while makingit narraver or wider, or varyingthe
amountof anisotrop.

c. Onedravback of measureddatais thatit containsnoisethat
maybedif cult to remove whenusingpreviousnon-parametric
representationsAlthough our curve-basednodelis faithful to
the measuredlata,we canremove noiseby smoothingthe 1D
cunes. In the gure, we demonstratehis by smoothingthe
ss(gh) curve to remove somenoisein the speculahighlight.

d. TheFresnere ection law predictsthatspeculahighlightswill
becomestrongerandlesssaturatedowardsgrazingincidence.
We may introducesuchan effect, or exaggeratet, by editing
thess(qq;! ) cune.

Additional effects possiblein our framevork include changing
retrore ective behaior (viathesy(qqg) curwe), simulatingthe color
shift of gonio-apparenpaints(via the ss(qq;! ) curwe), andintro-
ducingnonphotorealistibehaior by quantizingthecurves.

7 Comparison to Analytic Models

Our ACLS algorithmwasdesignedo createmeaningfuldecompo-
sitionsinto non-parametrishadetreesthatcanbe edited.We have
comparedo previous matrix factorizationsalgorithmsthat do not
provide separationsisefulfor editing—indeed,this was not their
designgoal. Previous methodsfor creatingintuitive decomposi-
tionsarethosethat t aparametriRDF modelat eachpoint, fol-
lowed by clusteringto give a usercontrol of individual materials
everywherethey appeanon the surface[Lenschetal. 2003]. In this
sectionwe compareo thesemethodsshaving our higherqualita-
tive andquantitatve accuray.

For thesecomparisonswe usethe Ward BRDF model (asdid
Goldmanet al. [2005]). We usethe anisotropicversionand aug-
mentit for retro-re ective materialswith a back-scatteringobe
consistingof a Gaussiarfunction of gq. While othermodelslike

Lafortunecan have an arbitrary numberof terms,it is dif cult to
stably t morethan2-3lobes,andthe form of this modeldoesnot
representomplex materialsandanisotroy well [Nganetal. 2005].

SVBRDF Accuracy: Figurel6 shavs acomparisorof ouralgo-
rithm andapproximatinghe SVBRDF asuniqueparametricts at
eachsurfaceposition,aswell asthe resultof clusteringthese ts.
Duetotheinherente xibility of ournon-parametricepresentation,
it introducedesserrorthanclusteringat ary giventermcount. In
fact, with only 2 materials,we are more accuratethan tting an
independentWardmodelto eachposition.

Becausethe RMS error is dominatedby large valuesof the
BRDF, arising from either shiny materialsor measurementaear
grazinganglesijt is importantto alsoprovide a qualitative compar
isonasdonein Figure17. Note thatthe Ward modelis unableto
matchthe irregular shapedanisotropichighlight in the wallpaper
(the supplementalideo containsadditionalcomparisons).In the
bottomof Figure17, it alsopoorly approximateshe shiry materi-
alsfor positionsoutsidetheir speculahighlights. Thisisacommon
problemthatoccurswhenthe error of the analytic t is dominated
by the large valuesof the BRDF nearspecularitiesandgrazingan-
gles. Becausawve representhe BRDF asa sampledfunction, our
shadereeis e xible enoughto matchthe measuredppearancef
thesedatasetgjualitatively betterthanthe analyticmodel.

SVBRDF Material Separationand Editability:  We alsoevalu-

ateour approachin its ability to provide a nal separatiorof ma-
terialsthatis suitablefor editing. We presentjualitatve compar

isonsof theseparatiorachiezed usingour techniquesandparamet-
ric clustering for two particularlychallengingcases.

Thetop rows of Figure 18 shaw the separatiorof the Seasors
Greetingsdataseinto four blendingweightscomputedrom clus-
teringWard ts (top row), andusingour ACLS algorithm(second
row). Notethatclusteringtheparametergamproperlyassignsclus-
tertothecombinatiorof thegoldfoil andwhite paper(toprow, sec-
ondimage)in additionto incorrectlycombiningthe gold andsilver
foils into a singlecluster(top row, left). ACLS correctlyassociates
the four componenimaterialswith uniqueterms,providing a nal
separatiorthatcanbe edited(Figure12).

Thebottompair of rowsin Figure18 shav separatiomesultsfor
theWbod+Tapedatasetln thiscasetheparametri@pproachs un-
abletorecorerthetransparentapelayer, asits re ectanceis always
obsered in combinationwith the underlyingwood. This results
in a separatiorthatincorrectlyassignghe sameclusterto regions
of the wood grain and the tape(secondto bottom, third column).
Ontheotherhand,ACLS (bottomrow) automaticallyseparatethe
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Figure 16: Quantitativecomparisorof representinga measued SVBRDF
usingtheWard BRDFandk-meansclusteringvs.our methodor increasing
numberof clustes/terms.For refelence Figure 17 showsa visual compar
isonof thereconstruction®f thesemethoddor differentnumbes of terms.

VisualComparisonWallpaper#1

Ward Ward Original SACLS
Unclustered 2 Clusters Image 2Terms
RMS=0.062 RMS=0.087 RMS=0.038

VisualComparisonSeasors Greetings

Ward Ward Original SACLS
Unclustered 4 Clusters Image 4 Terms
RMS=0.375 RMS=0.432 RMS=0.291

Figure 17: Visual comparisonbetweerunclusteed Ward model( t inde-
pendentlyto ead spatial location), clusteed Ward ts, original images,
andour method We alsolist the RMSvaluesshownin Figure 16.

SVBRDF into two distinct typesof wood grain, a separatdayer
for the semi-transparenipe,andseparateermsfor thetwo colors
of theretrore ective bicycle tape. This producesa shadetreewith
componentgappropriatgfor renderingandediting (Figure13).

BRDF Accuracy: We comparethe accurag of our decomposi-
tion of theBRDFinto 2- and1-D factorswith tting theanisotropic
Ward BRDF modelto the original measurementdn Figure19,we
shawv both numericaland qualitative analysisof the errorin using
thesetechniquego represen(top) retrore ective bicycle tapeand
(bottom)greenanisotropiovallpaper Recallthatthe original mea-
surementsre rasterizedinto a uniformly spacedtable of values
organizednto a matrix. This introduceserrorinto the approxima-
tion, which is quanti ed betweenthe secondandthird columnsin
Figure 19. Furtherdecomposinghis tabular BRDF into 2D fac-
torsand1D curvesintroducesadditionalerror, asshavn in thetwo
rightmostcolumns. Along the leftmost column, we shav quali-
tative comparisonsand error numbersfor using the Ward BRDF
modelto approximateaheseoriginalmeasurementd.he x edform
of the parametrianodelleadsto higherqualitatve andquantitatve
error for somelight sourcesandviews. In particular the analytic
modeloverestimatethe magnitudeof theback-scatteringpbenear
gq = 0. Moreover, the preciseshapeof the anisotropichighlights
(for wallpaper)is notwell approximatedy anelliptical Gaussian.
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Separatiorusingk-meanson Ward Parameters

SeparatiorusingACLS

Separatiorusingk-meansn Ward Parameters

SeparatiorusingACLS

Figure 18: Visual comparisonof the sepaation achieved by applying k-
meanglusteringto the ts of a Ward BRDFandthatcomputedythe ACLS
algorithm for two different datasets.We computedour terms(resp. clus-
ters) for the (top two rows)“Seasons Greetings”datasetand (bottomtwo
rows)the “Wood+Tape” dataset.For the ACLSalgorithm,we weightedthe
spassityandL; normconstaintswith/ = 1000 and m= 10:0 for Seasors
Greetingsand/ = 1000 and m= 8000 for Wood+Tape

8 Limitations

The approachn this paperis designedor a variety of real-world
spatially-\arying materials.An importantassumptionhowever, is
that BRDFsareblendedlinearly over the surface,asin mostreal
materials. It is theoreticallypossiblefor the 6D SVBRDF to vary
smoothly but not be easily expressibleasa linear combinationof
basismaterialsor 4D BRDFs. In thesecasesalternatie represen-
tationsmay be more compactbut not editable,sincethis hasnot
beenaddressethy previous techniques Anotherlimitation on this
work is thatwe mustbuild a regularly-samplediatamatrix before
applyingour factorization.By contrastmethodssuchasnonlinear
parametertting, homomorphidactorization,or radial basisfunc-
tioninterpolationoperatedirectly with scatterednputdata.ln prac-
tice, our useof con denceweightingand subsampledeconstruc-
tion minimizesthe resamplingerror and additionalcomputational
time associatedvith our useof regularly-samplednatrices.

9 Conclusions and Future Work

We have introduceda non-parametridnverse ShadeTree frame-
work for representingand editing measured spatially- and
directionally-dependergurfaceappearanceThe representatioiis
more accuratethan parametricmodels, more intuitive than other
non-parametrienethods andwell-suitedfor interactve rendering
andediting.

As futurework, we would lik e to investigatealgorithmsthatau-
tomaticallyinfer the structureof the treeaccordingto the data,in-
cluding automaticselectionof the numberof termsto useat each
decompositionln addition,we maysimultaneouslylecompos¢he
samedatasetnto multiple trees,ary of which may be editedde-
pendingon the desiredchange.Anotherdirectionfor future work
is to incorporateadditionalaspect®f re ectancevariationsuchas
displacementaps sub-surficescatteringor ne geometricdetail
typically representedsBidirectional Texture FunctiongBTFs).

Anotheravenueof futurework is relatedto the ACLS techniques
we have proposedTheir e xibility andprovablelocal convergence
malke them ideal candidatedor a broadrangeof dimensionality
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Retrore ectie Bicycle Tape

WardFit Original Takular 2D Factors 1D Factors
RMS=0.092 RMS=0.030RMS=0.039RMS=0.043
GreenAnisotropicWallpaper

Ward Original Takular 2D Factors 1D Factors
RMS=0.044 RMS=0.027RMS=0.039RMS=0.041

Figure 19: Analysisof the error introducedby several levels of our tree-
structuied decompositiorfior BRDFs,and comparisorwith Ward ts. For
ead material, the top and bottomrows showparabolic mapsof w, distri-
butionsat (qq = 15 ,fq= 90 ) and(qq = 45, fq = 90 ) respectively

reductionapplicationsin datamining and other machinelearning
contets. We wish to evaluatethe ef ciency and noise-tolerance
propertiesof ACLS, andinvestigatethe impactof varioustypesof
additionallinearconstraints.
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