Re ectance Estimation Under Natural Illumination

Neil Alldrin
Universityof California, SanDiego

Figurel: RenderingaisingmeasuredRDFs.

Abstract

Knowledge of material re ectance propertiesis of central con-
cernin computergraphics. Traditionally BRDFs have beenes-
timatedwith low dimensionalparametricmodelswhile more re-
cently data-drven techniquesave becomemore common. While
someprogresdasbeenmadeto easehepainof directBRDF mea-
surementsthe processis still far from ideal, typically requiring
carefully calibratedaparatusand controlledlighting. The goal of
this projectis to easethis burdenby enablingBRDF measurements
undernaturalillumination usingsphericaharmonics.

CR Categories: 1.4.1 [Image Processingand ComputerVision]:
Digitization andimageCapture—Re ectancd;2.10[Arti cial In-
telligence]: Vision and SceneUnderstanding—Modelingind re-
covery of physicalattributes

Keywords: brdf estimationpaturalillumination

1 Intro duction

Recently data-drientechniquedor modelingmaterialre ectance
propertieshave beengainingin popularity [Matusik et al. 2003a;
Matusiketal. 2003b;Marschnetet al. 2000]. This hasin large part
beenspavnedby image-basedeasuremerdeviceswhich capture
multiple sampleof the4D BRDF functionin a singleimage.This
drasticallyreduceshe numberof measurementgequiredto fully

samplea BRDF over moretraditionaldeviceslik e the goniore ec-
tometer Oneproblemthatstill persistavith thesesetupss thatthe
lighting mustbe carefully controlled.

This paperpresentsnitial resultsof a novel techniquefor mea-
suringisotropicBRDFsthatenablesneasurements uncontrolled
lighting environments. The basicideais to recover sphericalhar

monicrepresentationsf BRDFsby forming constraint§rom mea-
suredlighting andexitant radiance First, the lighting environment
is recoveredwith a light probe. Thena setof imagesof a mate-
rial of knavn geometryaretakenin thesamdighting ervironment.
Sincethe exitant radiancels computedn sphericaharmonicsasa
linear sumof lighting andBRDF coefcients, we areableto form

asystenmof linearconstraintfor the BRDF if we know thelighting

andexitantradiance Thesolutionto suchalinearsystemnyieldsthe
sphericaharmonicapproximatiorto the BRDF.
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We begin with a suney of previous work, thendescribeour tech-
niguein moredetail. Finally, we concludewith someinitial results
andfuturework.

2 Previous Work

The study of materialre ectancepropertieshasa long history in
computergraphics. Initially, mostre ectancemodelswererepre-
sentedby low-order parameterizationsf the bi-directionalre e-
cancefunction (BRDF). Thesemodelscanbe catgorizedasem-
pirical andphysicallybased Empiricalmodelssuchasthe Lamer
tian modelandthe Phongmodelfocuson creating‘looking good”
with lessemphasi®nbeingphysicallyvalid while physicallybased
modelslike Torrence-Sparw are derived from analysisof the
physicalpropertiesof materials.

Thegoniore ectometemasthe rst device to actuallymeasue the
re ectance propertiesof materials. However, the processis ex-
tremely slow asit only collectsone sampleat a time of a four-
dimensionafunction. To overcomethis limitation, variousimage
basedtechniquesvere developedthat collect multiple samplesof
theBRDF atatime.

Karneretal. [1996] measura subsebf amaterials BRDF by plac-
ing alight sourceneara planeof the materialandtakinganimage
of the plane. This producesa densesetof samplessincethe inci-
dentandexitantanglesvary over the surfaceof the plane.The col-
lecteddatais thenusedto t thematerialto somelow-dimensional
re ectancemodel. Somepracticalissueshinderingthe effective-
nessof this techniquearethatnearbylight sourcesftendo notact
aspointlight sourcesandmultiple imagesarerequiredto capturea
full hemispheref directions(asopposedo imagingaspheravhich
doesthisin asingleimage).

Marschneret al. [Marschneret al. 2000] measurehe BRDF of a
cunvedobjectof known geometryby capturing2D slicesof the 3D
isotropicBRDF functionusinga cameraasthe sensodevice. This
drasticallyreduceghetime requiredto measurehe BRDF asa set
of imagesover a 1D domainis all that's neededto collect all 3
dimensionof theisotropicBRDF.

A seriesof papersby Matusik et al. [2003a; 2003b] further the
eld ofimage-baseBRDF measurementn [Matusiketal. 2003a]
BRDFsof isotropicmaterialsaremeasuredia imagesof spherical
balls of that materialundercontrolledlighting. Also addresseds
determiningthe spaceof physically plausibleBRDFs. Linearand
non-lineamodelsareusedto reducethedimensionalityof thedata
to more compactrepresentationsFor the non-linearmodel,a 15



dimensionalsubspacés achiezable. A methodfor moving along
thesesubspacesvas developedbasedon perceptuallymeaningful
linear combinationsof the 15 basisvectorsconstitutingthe 15 di-
mensionakubspaceThis enableaisersto createnew BRDFsthat
still exhibit propertiesof realmaterials.

In [Matusik etal. 2003b]a library of 100 denselysampledBRDFs
is analyzedto determinethe best sampling statey for measur
ing isotropic BRDFs. First a setof wavelet basisfunctionswere
computedthat were bestable to reproducethe original (densely-
sampled)BRDFs. Underthe assumptionthat novel BRDFs are
similar to thosein the BRDF library, new materialscanbe mea-
suredwith mary fewerimagesby recordingfewer samplesn low-

frequeng regionsof the BRDF.

Dror et al. [2001a; 2001b; 2001c; ] have explored surface re-
ectance propertiesfor materialsof knovn geometryusingsingle
images.Their methodologyis basedn statisticsof naturalimages
and exploits variousfeaturesto estimatethe type of materialbe-
ing obsered. This is usefulfor automatedsurface classi cation,
but precisesurfacere ectancepropertiesare not obtained,so it's
usefulnesgor re-renderinghe materialarelimited.

Perhapshe mostrelatedwork to this projectis thatof Ramamoor
thi. In his PhD dissertation[2002] he analysedorward and in-

verserenderingn thefrequeny domainusingsphericaharmonics.
While hebrie y toucheson BRDF measuremerin the frequeng

domainthemainpointof hiswork is to form amathematicaframe-
work for sphericaharmonicrepresentationsf therenderingequa-
tions.

Otherrelevantwork includesthatof Boivin andGagalavicz [2001],
Yu etal. [1999],andlkeuchiandSato[1991].

3 Metho dology

This sectiondescribeshe BRDF measuremergrocessn somede-
tail, with the goalof enablingareadetto reproduceheresultswith
aminimumof guesswrk.

3.1 What Are We Measuring?

The rst stepin the processs to collectgood materialsampleso
work with. An ideal materialsamplefor this projectwill be per
fectly spherical,completelyhomogeneousand isotropic. More-
over, sincethe BRDF is only an approximationof light transport,
we requirematerialsto have negligable subsurécescattering. To
measurdighting, we alsorequirea speculaball.

Baltec is a company that specializesin making precisionballs.
Their chromeplatedsteelballswork well for light probesandthey
have a variety of othermaterialsthat would work well for BRDF
measurementsOthertypesof balls that are easily obtainablein-
cludebilliard ballsandstreethocley balls.

3.2 Imaging

Once material samplesare collected,we are readyto begin col-
lecting measurementsThis involves nding a good location for
placingthe spherescalibratingthe cameraboth geometricallyand
radiometricallyand nally takingimagesin highdynamicrange.

Becauseve arenottakinginto accountinterre ectionsor spatially
varying lighting effects,we musttake careto placethe sphereso

they do not have nearbysurfacesor light sources. Becausethe
spherescannot oat in mid-air, this is impossible. A practicalal-
ternatve is to placethe spheren a thin standcoveredwith black
mattematerial.

Geometricallycalibratingacameras awell studied but sometimes
tedioustask. Therefore to simplify things,we assumehe camera
is orthographic. This assumptiorholdsif the camerais far avay
from the objectbeingimaged. The rule of thumbis to have the
cameragpositionedat leastten timesthe distanceof the size of the
objectbeingimaged.If the camerahasanaspectatio of 1 andno
signi cant distoriong(lik eradialdistortion)thentheimageobtained
directly from thecamerawill sufce.

Radiometriccalibrationinvolves nding themappingoetweerpixel
intensity and light intensity arriving at the camera. Luckily, the
CanonEOScamerausedfor thisprojecthasalinearresponseune,
soit doesnt requirecalibration.

A nal requiremenfor measurementasedin this projectis that
they be donein high dynamicrange. Following the techniquef
Paul Deberec, we take multiple imagesat differentexposuresand
combinetheminto a singlehigh-dynamiaangeimageusingHDR-
Shop.

3.3 Measuring Lighting
3.3.1 Calibrating the Light Probe

A mirrored ball is never perfectly specularasit always absorbs
somepercentagef the light in practice. To accountfor this, the

albedoof the mirrored ball needsto be measuredand intensities
adjustedaccordingly This canbe doneby placinga diffuse mate-
rial in thescenesothatit is directly visible by the cameraandalso

visible in the re ection off the mirroredball. Theratio of re ected

intensityto directintensityis the albedoof the mirroredball.

Onepotentialproblemis thatthelight probedoesnot have uniform
albedo. Rather thereare blemisheshroughoutthe surface. This
is not currently accountedor, but could potentially be a serious
issue. One workaroundwould be to take multiple imagesof the
light probeat differentorientationsandthenaveragetheintensities
atagivenangle.If enoughmagesaretakentheblemishewill have
anequaleffectin all directions.

3.4 Angles and Other Geometric Considerations

Figures2 and3 shaw thesphericakoordinatesystemusedthrough-
out this paper It will be corvenientto distinguishbetweenglobal
andlocal coordinates Global coordinatesdenoted(q; f ), arede-
ned with respecto the viewing angleof a givenimage. g andf
arethesphericakoordinateequivalentsto the Euclidearspacecen-
teredat the centerof the imageof the spherewith z-axis pointing
straighttoward the viewer and x and y-axes de ned asthe x and
y-axesof theimage.Local coordinatesgdenoted g f 9, arebased
onthesurfacenormalata givenpoint onthe surfaceof theimaged
sphere. Local and global coordinatesare relatedby a rotationin
SO(3).

3.4.1 Surface Normals

A commonoperationis to determinethe surfacenormalat a given
pixelin animageof asphere Becausef ourassumearthographic
projectionmodel, the imageis equialentto the sphereprojected
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Figure2: Elevation angles. g; is the incidentangleand qo is the
exitantangle.
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Figure 3: Azimuth angles. f; is the incidentangleand f, is the
exitantangle.

directly down ontoaplane(see gure 4). Thisis avery simplepro-
jectionmodelandthe surfacenormalat a given pixel in theimage
is easilycomputedn termsof the sphereradiusR andcenterpoint
Xo = (Xo;Yo). Supposehe pixel coordinateis x = (x;y), thenthe
globalangularcoordinate®f the surfacenormalare,

o = sin 2 i)
R
fy = tan 1(;’ Yo,

wherethe global coordinatesystemhasx andy axesalignedwith
theimage thez axisdirectedtowardtheimageplane andtheimage
is centeredhboutthe centerof the sphere.

3.4.2 Incident Lighting

Whencomputingincidentlighting anglesfrom animageof a mir-
roredball, the situationis slightly different. This is becausavhat
mattersis notthe surfacenormal,but thelight re ected off the sur
faceof themirroredball. Luckily, theincidentlighting angleis very
closelyrelatedto the surfacenormalangle. The only differenceis
thattheelevationangleis doubled,

jix R

- i1
g = 2sin R )
R 1Y Ry

fi tan (X )
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Figure4: Orthographigrojectionmodel.

3.4.3 Dierential Solid Angle

To evaluateintegralsoverthespherewe needto computehediffer-
entialsolidangle,sinqdqdf , correspondindo apixel in theimage
of alight probe. We cancomputedq anddf separatelyandthen
multiply themtogether We startwith df . Firstnotethatwe should
have atotal of 2p radiansif we integratethe differentialazimuthal
anglesabouta x ed radiusr. Also note that we have a total of
2pr pixelsto divide the 2p radiansamong(this is just the circum-
ferencein pixel unitsfor a circle of radiusr). Thereforewe cover
df = 2p L. = 1 radiangfor apixel atradiusr. Notingthatr = ng,
we canrewrite this as,

- P
daf = R

The formulation for dq is only slightly more dif cult. We can
rewrite theformulafor g as

- o1 r
g = 2sin (R)

wherer = x R. Now we cantake thederiative with respector,

dg _ 1, 1 .
dr R"1 (r=R?2’
Sinceeachpixel occupiedistancedr = 1 we get
dg = 119717dr
R" 1 (r=R)?
dg = !

R 1 (r=R)2’



Puttingit all togetherwe arrive at a differentialsurfaceareaof
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qR 1 (r=R)2gR
psing .
Rg 1 (r=R)?

sinqgdqdf

3.5 Spherical Harmonics

The sphericalharmonic$ area setof orthonormalbasisfunctions
de ned over the sphere.Givena function over the spheref (q; f),
thefunctioncanbereformulatedas

Qo

|
f(g;f)=8a a fimYim(q;f)
m= |

0

whereY|, arethe orthonormalsphericaharmonicbasisfunctions.
To computethe sphericalharmoniccoefcients of f we caninte-
grateoverthesphere,

Zoptp _
fim= f(q;f)Vim(q; f) sin(g)dqdf :
f=0 g=0

3.5.1 Lighting

() (d)

Figure5: Comparisorof original light probeimage(a) with ones
generatedrom a sphericaharmonicdecompositiorusingtermsup
to(b)l = 5,(b)l = 15,(c) | = 35. Noticethedistinctringing effects
dueto high frequeng aliasing.

The incident lighting can be representedas a function over the
spherg(if we assumadistantlighting). The sphericaharmonicde-

IMost of the resultspresentedherearederived by Ramamoorthin his
PhDdissertatiofRamamoorthR002].

compositionof thelighting is

|
L(agi;fi) = a LimYim(ai:fi):
m=

I QJO-K

0

Figure 5 shavs approximationsto a lighting ervironment using
sphericaharmonics.

3.5.2 Rotation

To represenlighting in local coordinatesthe lighting ervironment
needgo berotatedinto thelocal tangentframe. We representota-
tionsin termsof Eulerangleq a; b; g) with rotationsabouttheZ,Y,
andZ axes.In cartesiarcoordinatesherotationcanbewritten asa
productof threerotation matricesRY, R§‘ , R‘Z

Xrot = RIZJR? R?X

In the sphericalharmonicrepresentatiorthe rotatedlighting coef-
cient Ly is alinearcombinationof the unrotatedighting coef-
cientsfLyj | m Igatlevell,

LimDhe(@; b; 9)Yimo(GS £
|

Qo

L(gi;fi) =

P o

|
a
m= |

0

whereD' is amatrix satisfying
ZyZ

Diyi(@;b;9) = Yim(Raig(a:f ) Yime(0; ) singdqe

f=0 g=

A simplerform for D' is

Dhn(@ibig) = dipg(a)e™e™
ZypZ
(@) = 4o Im(RA@)(@: ) Yirp(@: ) singdqa
3.5.3 BRDF

The BRDF, r (g2 f2qS:f9), is a 4D-function over incident and
exitant angles. Sincethe BRDF is always multiplied by cogg;

we createanew function? (g8 f2 g% = r(g®flq® fé())) cosq®
To enforcereciprocity we canfurther multiply by cosgg, so that
F = fcosqgl. Now F canbe representedisingtwo sphericalhar
monicexpansionspnefor theincidentlighting andonefor exitant

radiance,

Qo

F(ahfladfd = FiinpaYin(ah: 1) Ypa(o; Fo):

p
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!
a

T Qo

I=0n= | p=0¢
wherethe expansionaboutthe incidentdirectionsarein termsof
thecomple conjugateof thesphericaharmoniccoefcients which

allows for latersimpli cations.

Isotropy reduceshe BRDF from a4D functionr (g% 2 g3 fJ) to
a3D functionr (q%;q%jfd f9). In sphericaharmonicsthe co-
ef cients simplify to

Fioa = Figpa= Fi( ayp( o)



3.5.4 Reected Light Field

There ectedlight eld, B(a;b;g; q}}, f((,)), is a function of surface
orientationandexitantradiancedirection. If we assumasotropy, g
dropsoutandwe areleft with a4D functionB(a; b; qél, f((,)), which
canberepresenteth thefrequeny domainas

. Y p oy mw .
B(a;b;qo;f(?) = aa a a Blmpqclmpq(aQb;%;f((J))
1=0 Ip=0g=" min(l;p)

m=
\évhere Cimpa(@;b; 1) =

4
2+1"

L, Dlg(a@:b)Ypq(aSifd). Ly =

Sincethere ectedlight eld coefcients canbeexpressedn terms
of the incidentlighting coefcients andthe BRDF coefcients as
Bimpg = LiLimf1pq. We can substitutethis into the previous for-
mula,

o ¥4y e | 0+ 0n
Bla:ibighfd=8a & & &  LimDmg(@:b)Yoq(ag: o) ipg
I=0m= | p=0g="min(l;p)

3.6 Recovering the BRDF Coe cients

Ramamoorthirecosers the BRDF coefcients by measuringthe

incident lighting and the entire re ected light eld from which

the BRDF coefcients canbe directly recoreredusingtherelation

Bimpg = LiLimfipg- The problemwith this techniqueis thatit re-

quirestaking a denseset of imagesto recover the re ected light

eld, butit shouldbe possibleto getby with mary fewer measure-
mentsfor low frequeng approximationgo the BRDF.

Insteadof directly solving for the BRDF coefcients, we form a
linear systemof constraintson the BRDF coefcients and solve
it usingleastsquaresminimization. The constraintsare obtained
from the formula for B(a;b;qg;fg) in the previous section. In
thisformula,everythingbuttheBRDF coefcients, F|pq areknown:
B(a;b;q% f((,)) is theintensitymeasuredt a singlepixel ata given
surfacenormal, L, is the lighting which we measurewith a mir-
roredball, andD},(a; b) andYpq(qS: f §) canbedirectlycomputed.

By stringingout the constraintsve canform alinear systemof the
form

Ax=b

whereA is composedf the LimDly(@; b)Ypg(ae: f ) terms, b is
theexitantlight eld, andx is the BRDF coefcients which we are
solvingfor. A standardechniqueor solvinginhomogeneouknear
equationf thisformisto nd theleastsquaresolution,

x= (ATA) 1ATh:

While this works well in theory in practicethe numberof un-
knownsgrows very rapidly with increasingrequeng makingcom-
putationsunwieldy To accountfor this, we solwe for eachlevel |
sequentially The algorithmconsistsof

Forl = 1t0lmax
SolvethesystemAx = bfor x
Letb=b AX

Repeat

This methodyields goodresultswhile keepingthe linear systems
managable.

4 Results

Figures6 to 8 shav someresultsof the BRDF recovery technique.
Onereadilyapparenshortcomings thathigherfrequeng spherical
harmonicrepresentationsxhibit a lot of undesiredartifacts (see
gure 7. As seenin the secondrow of gure 6, specularitiesare
alsonot handledvery well with the currenttechnique. However,
diffuse materialslook pretty goodasthey canberepresentedvell
with low-frequeng sphericaharmonics.

Figure 9 shaws the lighting ervironmentusedto capturethe yel-
low sphere.Note the computatiorworks despitea quite comple
lighting environment.

Figure9: Lighting usedto capturetheyellow sphere

5 Conclusion

Thispapehaspresentednev wayto captureBRDFsundematural
illumination. While the resultsarestill somavhat preliminary the

methodis capableof capturingthere ectanceof diffusematerials.
While usinghigherfrequeng termswasnot particularlysuccessful
thusfar, | believe thatmoreexperimentatiowill yield betterresults
on more diverseBRDFs. Also, other extensionssuchas the use
of sphericalwaveletsinsteadof sphericalharmonicscould further

improve performance.
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Figure6: Renderingvith measuredBRDFs. (a) Actual image,(b) renderedmage,(c) difference(d) differencemagni ed by 2-fstops.The
top two rows arerenderedisingsphericaharmonicfrequenciesipto | = 2 while the bottomrow is renderedusingupto| = 5.
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Figure7: Higherorderfrequeng terms.(a) Actualimage,(b)| = 2,(c)| = 5,(d) | = 10,(e)l = 15.
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Figure8: BRDF estimatedrom only four images.(a) ActualimageA, (b) renderedmageA, (c) ActualimageB, (d) renderedmageB.
While it looks ok undersomelighting conditions,it doesnt on others.



