
Re
ectance Estimation Under Natural Illumination

Neil Alldrin �

Universityof California,SanDiego

Figure1: RenderingsusingmeasuredBRDFs.

Abstract

Knowledge of material re�ectance propertiesis of central con-
cern in computergraphics. Traditionally, BRDFs have beenes-
timatedwith low dimensionalparametricmodelswhile more re-
cently data-driven techniqueshave becomemorecommon.While
someprogresshasbeenmadeto easethepainof directBRDFmea-
surements,the processis still far from ideal, typically requiring
carefully calibratedaparatusandcontrolledlighting. The goal of
thisprojectis to easethisburdenby enablingBRDFmeasurements
undernaturalilluminationusingsphericalharmonics.

CR Categories: I.4.1 [ImageProcessingandComputerVision]:
Digitization andImageCapture—Re�ectance;I.2.10[Arti�cial In-
telligence]: Vision and SceneUnderstanding—Modelingand re-
covery of physicalattributes
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1 Intro duction

Recently, data-driventechniquesfor modelingmaterialre�ectance
propertieshave beengaining in popularity [Matusik et al. 2003a;
Matusiket al. 2003b;Marschneret al. 2000].This hasin largepart
beenspawnedby image-basedmeasurementdeviceswhichcapture
multiple samplesof the4D BRDF functionin a singleimage.This
drasticallyreducesthe numberof measurementsrequiredto fully
samplea BRDF over moretraditionaldeviceslike thegoniore�ec-
tometer. Oneproblemthatstill persistswith thesesetupsis thatthe
lighting mustbecarefullycontrolled.

This paperpresentsinitial resultsof a novel techniquefor mea-
suringisotropicBRDFsthatenablesmeasurementsin uncontrolled
lighting environments.The basicideais to recover sphericalhar-
monicrepresentationsof BRDFsby formingconstraintsfrom mea-
suredlighting andexitant radiance.First, the lighting environment
is recoveredwith a light probe. Thena setof imagesof a mate-
rial of known geometryaretakenin thesamelighting environment.
Sincetheexitant radianceis computedin sphericalharmonicsasa
linearsumof lighting andBRDF coef�cients, we areableto form
asystemof linearconstraintsfor theBRDFif weknow thelighting
andexitant radiance.Thesolutionto suchalinearsystemyieldsthe
sphericalharmonicapproximationto theBRDF.
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We begin with a survey of previous work, thendescribeour tech-
niquein moredetail.Finally, we concludewith someinitial results
andfuturework.

2 Previous Work

The studyof materialre�ectancepropertieshasa long history in
computergraphics. Initially, mostre�ectancemodelswererepre-
sentedby low-order parameterizationsof the bi-directionalre�e-
cancefunction (BRDF). Thesemodelscanbe categorizedasem-
pirical andphysicallybased.EmpiricalmodelssuchastheLamer-
tian modelandthePhongmodelfocuson creating“looking good”
with lessemphasisonbeingphysicallyvalid while physicallybased
models like Torrence-Sparrow are derived from analysisof the
physicalpropertiesof materials.

Thegoniore�ectometerwasthe�rst device to actuallymeasure the
re�ectancepropertiesof materials. However, the processis ex-
tremely slow as it only collectsone sampleat a time of a four-
dimensionalfunction. To overcomethis limitation, variousimage
basedtechniquesweredevelopedthat collect multiple samplesof
theBRDFat a time.

Karneretal. [1996]measureasubsetof amaterial'sBRDFby plac-
ing a light sourceneara planeof thematerialandtakinganimage
of the plane. This producesa densesetof samplessincethe inci-
dentandexitantanglesvary over thesurfaceof theplane.Thecol-
lecteddatais thenusedto �t thematerialto somelow-dimensional
re�ectancemodel. Somepracticalissueshinderingthe effective-
nessof this techniquearethatnearbylight sourcesoftendo not act
aspoint light sourcesandmultiple imagesarerequiredto capturea
full hemisphereof directions(asopposedto imagingaspherewhich
doesthis in a singleimage).

Marschneret al. [Marschneret al. 2000] measurethe BRDF of a
curvedobjectof known geometryby capturing2D slicesof the3D
isotropicBRDF functionusinga cameraasthesensordevice. This
drasticallyreducesthetime requiredto measuretheBRDF asa set
of imagesover a 1D domainis all that's neededto collect all 3
dimensionsof theisotropicBRDF.

A seriesof papersby Matusik et al. [2003a; 2003b] further the
�eld of image-basedBRDFmeasurement.In [Matusiketal. 2003a]
BRDFsof isotropicmaterialsaremeasuredvia imagesof spherical
balls of that materialundercontrolledlighting. Also addressedis
determiningthespaceof physicallyplausibleBRDFs. Linearand
non-linearmodelsareusedto reducethedimensionalityof thedata
to morecompactrepresentations.For the non-linearmodel,a 15



dimensionalsubspaceis achievable. A methodfor moving along
thesesubspaceswasdevelopedbasedon perceptuallymeaningful
linearcombinationsof the 15 basisvectorsconstitutingthe15 di-
mensionalsubspace.This enablesusersto createnew BRDFsthat
still exhibit propertiesof realmaterials.

In [Matusik et al. 2003b]a library of 100denselysampledBRDFs
is analyzedto determinethe best samplingstategy for measur-
ing isotropicBRDFs. First a setof wavelet basisfunctionswere
computedthat were bestable to reproducethe original (densely-
sampled)BRDFs. Under the assumptionthat novel BRDFs are
similar to thosein the BRDF library, new materialscanbe mea-
suredwith many fewer imagesby recordingfewer samplesin low-
frequency regionsof theBRDF.

Dror et al. [2001a; 2001b; 2001c; ] have explored surface re-
�ectancepropertiesfor materialsof known geometryusingsingle
images.Their methodologyis basedon statisticsof naturalimages
andexploits variousfeaturesto estimatethe type of materialbe-
ing observed. This is useful for automatedsurfaceclassi�cation,
but precisesurfacere�ectancepropertiesarenot obtained,so it' s
usefulnessfor re-renderingthematerialarelimited.

Perhapsthemostrelatedwork to this projectis thatof Ramamoor-
thi. In his PhD dissertation[2002] he analysesforward and in-
verserenderingin thefrequency domainusingsphericalharmonics.
While hebrie�y toucheson BRDF measurementin the frequency
domain,themainpointof hiswork is to form amathematicalframe-
work for sphericalharmonicrepresentationsof therenderingequa-
tions.

Otherrelevantwork includesthatof Boivin andGagalowicz [2001],
Yu etal. [1999],andIkeuchiandSato[1991].

3 Metho dology

ThissectiondescribestheBRDFmeasurementprocessin somede-
tail, with thegoalof enablingareaderto reproducetheresultswith
a minimumof guesswork.

3.1 What Are We Measuring?

The �rst stepin theprocessis to collectgoodmaterialsamplesto
work with. An ideal materialsamplefor this projectwill be per-
fectly spherical,completelyhomogeneous,and isotropic. More-
over, sincethe BRDF is only an approximationof light transport,
we requirematerialsto have negligablesubsurfacescattering.To
measurelighting, wealsorequirea specularball.

Baltec is a company that specializesin making precisionballs.
Their chromeplatedsteelballswork well for light probesandthey
have a variety of othermaterialsthat would work well for BRDF
measurements.Other typesof balls that areeasilyobtainablein-
cludebilliard ballsandstreethockey balls.

3.2 Imaging

Oncematerialsamplesare collected,we are readyto begin col-
lecting measurements.This involves �nding a good location for
placingthespheres,calibratingthecamerabothgeometricallyand
radiometrically, and�nally takingimagesin highdynamicrange.

Becausewe arenot takinginto accountinterre�ectionsor spatially
varying lighting effects,we musttake careto placethespheresso

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

Geometricallycalibratingacamerais awell studied,but sometimes
tedioustask. Therefore,to simplify things,we assumethecamera
is orthographic.This assumptionholds if the camerais far away
from the object being imaged. The rule of thumb is to have the
camerapositionedat leastten timesthedistanceof thesizeof the
objectbeingimaged.If thecamerahasanaspectratio of 1 andno
signi�cant distorions(likeradialdistortion)thentheimageobtained
directly from thecamerawill suf�ce.

Radiometriccalibrationinvolves�nding themappingbetweenpixel
intensity and light intensity arriving at the camera. Luckily, the
CanonEOScamerausedfor thisprojecthasalinearresponsecurve,
soit doesn't requirecalibration.

A �nal requirementfor measurementsusedin this project is that
they be donein high dynamicrange.Following the techniquesof
Paul Debevec,we take multiple imagesat differentexposuresand
combinetheminto asinglehigh-dynamicrangeimageusingHDR-
Shop.

3.3 Measuring Lighting

3.3.1 Calibrating the Light Probe

A mirrored ball is never perfectly specularas it always absorbs
somepercentageof the light in practice. To accountfor this, the
albedoof the mirrored ball needsto be measuredand intensities
adjustedaccordingly. This canbedoneby placinga diffusemate-
rial in thescenesothat it is directly visible by thecameraandalso
visible in there�ection off themirroredball. Theratio of re�ected
intensityto directintensityis thealbedoof themirroredball.

Onepotentialproblemis thatthelight probedoesnothaveuniform
albedo. Rather, thereareblemishesthroughoutthe surface. This
is not currently accountedfor, but could potentially be a serious
issue. One workaroundwould be to take multiple imagesof the
light probeat differentorientationsandthenaveragetheintensities
atagivenangle.If enoughimagesaretakentheblemisheswill have
anequaleffect in all directions.

3.4 Angles and Other Geometric Considerations

Figures2 and3 show thesphericalcoordinatesystemusedthrough-
out this paper. It will beconvenientto distinguishbetweenglobal
andlocal coordinates.Global coordinates,denoted(q; f ), arede-
�ned with respectto theviewing angleof a given image.q andf
arethesphericalcoordinateequivalentsto theEuclideanspacecen-
teredat the centerof the imageof the spherewith z-axis pointing
straighttoward the viewer andx andy-axes de�ned as the x and
y-axesof theimage.Local coordinates,denoted(q0; f 0), arebased
on thesurfacenormalat a givenpoint on thesurfaceof theimaged
sphere. Local andglobal coordinatesarerelatedby a rotation in
SO(3).

3.4.1 Surface Normals

A commonoperationis to determinethesurfacenormalat a given
pixel in animageof asphere.Becauseof ourassumedorthographic
projectionmodel, the imageis equivalent to the sphereprojected
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Figure2: Elevation angles. qi is the incidentangleandqo is the
exitantangle.
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Figure3: Azimuth angles. f i is the incidentangleand f o is the
exitantangle.

directlydown ontoaplane(see�gure 4). This is averysimplepro-
jectionmodelandthesurfacenormalat a givenpixel in the image
is easilycomputedin termsof thesphereradiusR andcenterpoint
x0 = (x0;y0). Supposethe pixel coordinateis x = (x;y), thenthe
globalangularcoordinatesof thesurfacenormalare,

qN = sin� 1(
jj x� x0jj

R
)

f N = tan� 1(
y� y0

x� x0
)

wherethe global coordinatesystemhasx andy axesalignedwith
theimage,thezaxisdirectedtowardtheimageplane,andtheimage
is centeredaboutthecenterof thesphere.

3.4.2 Incident Lighting

Whencomputingincidentlighting anglesfrom animageof a mir-
roredball, the situationis slightly different. This is becausewhat
mattersis not thesurfacenormal,but thelight re�ectedoff thesur-
faceof themirroredball. Luckily, theincidentlighting angleis very
closelyrelatedto thesurfacenormalangle.Theonly differenceis
thattheelevationangleis doubled,

qi = 2sin� 1(
jj x� Rjj

R
)

f i = tan� 1(
y� R
x� R

):
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Figure4: Orthographicprojectionmodel.

3.4.3 Di�erential Solid Angle

Toevaluateintegralsoverthesphere,weneedto computethediffer-
entialsolidangle,sinqdqdf , correspondingto apixel in theimage
of a light probe. We cancomputedq anddf separatelyandthen
multiply themtogether. Westartwith df . Firstnotethatweshould
have a total of 2p radiansif we integratethedifferentialazimuthal
anglesabouta �x ed radiusr. Also note that we have a total of
2pr pixels to divide the2p radiansamong(this is just thecircum-
ferencein pixel units for a circle of radiusr). Thereforewe cover
df = 2p 1

2pr = 1
r radiansfor apixel at radiusr. Noting thatr = qR

p ,
wecanrewrite this as,

df =
p

qR
:

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

q = 2sin� 1(
r
R

)

wherer = x� R. Now wecantake thederivative with respectto r,

dq
dr

=
1
R

1
p

1� (r=R)2
:

Sinceeachpixel occupiesdistancedr = 1 we get

dq =
1
R

1
p

1� (r=R)2
dr

dq =
1

R
p

1� (r=R)2
:



Puttingit all together, we arrive at a differentialsurfaceareaof

sinqdqdf = sinq
1

R
p

1� (r=R)2

p
qR

=
psinq

Rq
p

1� (r=R)2
:

3.5 Spherical Harmonics

Thesphericalharmonics1 area setof orthonormalbasisfunctions
de�ned over thesphere.Givena functionover thespheref (q; f ),
thefunctioncanbereformulatedas

f (q; f ) =
¥

å
l= 0

l

å
m= � l

flmYlm(q; f )

whereYlm aretheorthonormalsphericalharmonicbasisfunctions.
To computethe sphericalharmoniccoef�cients of f we caninte-
grateover thesphere,

flm =
Z 2p

f = 0

Z p

q= 0
f (q; f )Y�

lm(q; f ) sin(q)dqdf :

3.5.1 Lighting

(a) (b)

(c) (d)

Figure5: Comparisonof original light probeimage(a) with ones
generatedfrom asphericalharmonicdecompositionusingtermsup
to (b) l = 5, (b) l = 15,(c) l = 35. Noticethedistinctringingeffects
dueto high frequency aliasing.

The incident lighting can be representedas a function over the
sphere(if we assumedistantlighting). Thesphericalharmonicde-

1Most of the resultspresentedherearederived by Ramamoorthiin his
PhDdissertation[Ramamoorthi2002].

compositionof thelighting is

L(qi ; f i ) =
¥

å
l= 0

l

å
m= � l

LlmYlm(qi ; f i ):

Figure 5 shows approximationsto a lighting environment using
sphericalharmonics.

3.5.2 Rotation

To representlighting in local coordinates,thelighting environment
needsto berotatedinto thelocal tangentframe.We representrota-
tionsin termsof Eulerangles(a ;b ;g) with rotationsabouttheZ,Y,
andZ axes.In cartesiancoordinatestherotationcanbewrittenasa
productof threerotationmatricesRg

z, Ra
y , Rb

z ,

Xrot = Rb
z Ra

y Rg
zX

In thesphericalharmonicrepresentation,therotatedlighting coef-
�cient Llm0 is a linearcombinationof theunrotatedlighting coef�-
cientsf Llmj � l � m� lg at level l ,

L(qi ; f i) =
¥

å
l= 0

l

å
m= � l

l

å
m0= � l

LlmDl
mm0(a ;b ;g)Ylm0(q0

i ; f
0
i )

whereDl is a matrix satisfying

Dl
mm0(a ;b ;g) =

Z 2p

f = 0

Z p

q= 0
Ylm(Ra ;b;g(q; f ))Y�

lm0(q; f ) sinqdqdf :

A simplerform for Dl is

Dl
mm0(a ;b ;g) = dl

mm0(a )eImb eIm0g

dl
mm0(a ) =

Z 2p

f = 0

Z p

q= 0
Ylm(Ry(a )(q; f ))Y�

lm0(q; f ) sinqdqdf :

3.5.3 BRDF

The BRDF, r (q0
i ; f

0
i ;q

0
o; f 0

o), is a 4D-function over incident and
exitant angles. Sincethe BRDF is always multiplied by cos(q0

i )
wecreatea new functionr̂ (q0

i ; f
0
i ;q

0
o; f 0

o) = r (q0
i ; f

0
i ;q

0
o; f 0

o) cosq0
i .

To enforcereciprocity, we canfurther multiply by cosq0
o, so that

r̃ = r̂ cosq0
o. Now r̃ canbe representedusingtwo sphericalhar-

monicexpansions,onefor theincidentlighting andonefor exitant
radiance,

r̃ (q0
i ; f

0
i ;q

0
o; f 0

o) =
¥

å
l= 0

l

å
n= � l

¥

å
p= 0

p

å
q= � p

r̃ lm;pqY
�
ln(qi ; f i)Ypq(qo; f o):

wherethe expansionaboutthe incidentdirectionsare in termsof
thecomplex conjugateof thesphericalharmoniccoef�cients which
allows for latersimpli�cations.

Isotropy reducestheBRDF from a 4D functionr (q0
i ; f

0
i ;q

0
o; f 0

o) to
a 3D functionr (q0

i ; ;q
0
o; jf 0

o � f 0
i j). In sphericalharmonics,theco-

ef�cients simplify to

r̂ l pq = r̂ lq;pq = r̂ l (� q);p(� q) :



3.5.4 Re
ected Light Field

The re�ected light �eld, B(a ;b ;g;q0
o; f 0

o), is a functionof surface
orientationandexitant radiancedirection.If we assumeisotropy, g
dropsoutandwe areleft with a 4D functionB(a ;b;q0

o; f 0
o), which

canberepresentedin thefrequency domainas

B(a ;b;q0
o; f 0

o) =
¥

å
l= 0

l

å
m= � l

¥

å
p= 0

min(l ;p)

å
q= � min(l ;p)

BlmpqClmpq(a ;b ;q0
o; f 0

o)

where Clmpq(a ;b ;q0
o; f 0

o) = L � 1
l Dl

mq(a ;b)Ypq(q0
o; f 0

o), L l =
q

4p
2l+ 1 .

Sincethere�ectedlight �eld coef�cients canbeexpressedin terms
of the incident lighting coef�cients and the BRDF coef�cients as
Blmpq = L l Llmr̂ l pq, we can substitutethis into the previous for-
mula,

B(a ;b ;q0
o; f 0

o) =
¥

å
l= 0

l

å
m= � l

¥

å
p= 0

min(l ;p)

å
q= � min(l ;p)

LlmDl
mq(a ;b)Ypq(q0

o; f 0
o)r̂ l pq

3.6 Recovering the BRDF Coe�cients

Ramamoorthirecovers the BRDF coef�cients by measuringthe
incident lighting and the entire re�ected light �eld from which
theBRDF coef�cients canbedirectly recoveredusingtherelation
Blmpq = L l Llmr̂ l pq. Theproblemwith this techniqueis that it re-
quirestaking a densesetof imagesto recover the re�ected light
�eld, but it shouldbepossibleto getby with many fewer measure-
mentsfor low frequency approximationsto theBRDF.

Insteadof directly solving for the BRDF coef�cients, we form a
linear systemof constraintson the BRDF coef�cients and solve
it using leastsquaresminimization. The constraintsareobtained
from the formula for B(a ;b ;q0

o; f 0
o) in the previous section. In

thisformula,everythingbut theBRDFcoef�cients, r̂ l pq areknown:
B(a ;b;q0

o; f 0
o) is theintensitymeasuredat a singlepixel at a given

surfacenormal,Llm is the lighting which we measurewith a mir-
roredball,andDl

mq(a ;b) andYpq(q0
o; f 0

o) canbedirectlycomputed.

By stringingout theconstraintswe canform a linearsystemof the
form

Ax= b

whereA is composedof the LlmDl
mq(a ;b)Ypq(q0

o; f 0
o) terms,b is

theexitant light �eld, andx is theBRDF coef�cients which we are
solvingfor. A standardtechniquefor solvinginhomogeneouslinear
equationsof this form is to �nd theleastsquaressolution,

x = (ATA)� 1ATb:

While this works well in theory, in practicethe numberof un-
knownsgrowsveryrapidlywith increasingfrequency makingcom-
putationsunwieldy. To accountfor this, we solve for eachlevel l
sequentially. Thealgorithmconsistsof

� For l = 1 to lmax

� Solve thesystemAl xl = b for x

� Let b = b� Al xl

� Repeat

This methodyields goodresultswhile keepingthe linear systems
managable.

4 Results

Figures6 to 8 show someresultsof theBRDF recovery technique.
Onereadilyapparentshortcomingis thathigherfrequency spherical
harmonicrepresentationsexhibit a lot of undesiredartifacts (see
�gure 7. As seenin the secondrow of �gure 6, specularitiesare
alsonot handledvery well with the currenttechnique.However,
diffusematerialslook prettygoodasthey canberepresentedwell
with low-frequency sphericalharmonics.

Figure9 shows the lighting environmentusedto capturethe yel-
low sphere.Note the computationworks despitea quite complex
lighting environment.

Figure9: Lighting usedto capturetheyellow sphere

5 Conclusion

Thispaperhaspresentedanew wayto captureBRDFsundernatural
illumination. While theresultsarestill somewhatpreliminary, the
methodis capableof capturingthere�ectanceof diffusematerials.
While usinghigherfrequency termswasnotparticularlysuccessful
thusfar, I believethatmoreexperimentationwill yield betterresults
on more diverseBRDFs. Also, other extensionssuchas the use
of sphericalwaveletsinsteadof sphericalharmonicscould further
improve performance.
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(a) (b) (c) (d)

Figure6: Renderingwith measuredBRDFs.(a) Actual image,(b) renderedimage,(c) difference,(d) differencemagni�ed by 2-fstops.The
top two rows arerenderedusingsphericalharmonicfrequenciesup to l = 2 while thebottomrow is renderedusingup to l = 5.



(a) (b) (c)

(d) (e)

Figure7: Higherorderfrequency terms.(a)Actual image,(b) l = 2, (c) l = 5, (d) l = 10,(e) l = 15.

(a) (b) (c) (d)

Figure8: BRDF estimatedfrom only four images.(a) Actual imageA, (b) renderedimageA, (c) Actual imageB, (d) renderedimageB.
While it looksok undersomelighting conditions,it doesn't on others.


