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A Wavelet-BasedFramework for Acquir ed Radiometric Quantity
Representationand Accurate Physical Rendering

Abstract In this paperwe presenta framewvork basedon a
genericrepresentationwhich is ableto handlemostof the
radiometricquantitiesrequiredby globalillumination soft-
wares.A sparsaepresentatioin the wavelet spaceis built

usingthe separatiorbetweenthe directionaland the wave-
length dependencef suchradiometricquantities.Particu-
larly, we shawv how to usethis representatiorior spectral
power distribution, spectralre ectanceand phasefunction
measurementsmodelling. Then, we explain how the rep-
resentatioris usefulto performspectralrendering.On one
hand,it speedsup spectrapathtracingby importancesam-
pling to generatee ecteddirectionsandby avoiding expen-
sive computationsisuallydoneonthe y . Ontheotherhand,
it allows ef cient spectrabhotonmapping bothin termsof

memoryandspeedWe alsoshav how complex light emis-
sionfrom realluminairescanbeef ciently sampledo emit
photonswith our numericalmodel.

Keywords Global lllumination Wavelets Spectral
Rendering

1 Intr oduction

Recently the greatchallengeof interactively renderingob-
jectswith realisticmaterialscompleillumination,andshad-
ows hasbeendeeplyaddressedndproducedcorvincingre-
sults[38,46,34,29,64,33]. However, currentapproacheare
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still limited to low dimensionality(moving light or view-
point position but not both, RGB spectralrepresentation),
low frequeng lighting andmaterialsandpre-computedight-
ing informationfrom a sceneOn the contrary corventional
realisticrenderinggimsatreproducinghephysicalbehaiour
of light asclosely as possiblein an effort to predictwhat
the nal appearancef ascenewill be,withoutrestrictions.
Thecoreof theprocessonsistsn solvingtheglobalillumi-
nationproblem,i.e. the renderingequation[27], with tech-
niguessuchas Monte Carlo ray tracing[71], photonmap-
ping [25], andradiosity[10]. The input dataof the simula-
tion arethegeometryandthe correspondingpticalmaterial
properties.The outputis the incidentradiancereceved by
a virtual sensorpositionedin the scene(the task of creat-
ing imagess doneby letting this sensoibe the humaneye).
Thus,theneedof spectrablatanaturallyincreaseso produce
accuratesimulationof naturalphenomenancluding polar
ization,interferencedispersiorand uorescencehut alsoin
orderto performphysicalanalysisof light transfer In order
to reacha certainaccurag, it hasbeenacknavledgedthata
certainnumberof wavelengths morethanthree- haveto be
used[14]. Oneneeddo characterizesurfacere ection, sur
facetransmissionscatteringn participatingmedia,aswell
asspectralpower distribution of light sourcesAltough re-
centmethodglealwith asufcient setof wavelengthsvhen
necessary6], thedirectuseof measuremerdatasetsis in-
ef cient andleadsto anunwieldystoraggproblem.Unfortu-
nately dueto theintrinsic differenceof theunderlyingphys-
ical phenomenanvolved, no genericmodelfor all of these
optical propertieshasbeendevelopedsofar.

The main contritution of this paperis to provide such
a numericalmodelfor the representatiof acquiredspec-
tral radiometricquantitiesinvolvedin physicallybaseden-
dering. Thesequantitiesall vary with wavelengthandwith
incomingand/oroutgoingdirectionsof thelight ray (except
for spectra)Thereforeformally, every quantityis afunction
having the following signature(S?> ) R 7! R, where is
theregularexpressiormetacharacteneaningzeroor more,
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S? is the unit sphere! andR is thereal axis. We shav how

the separatiorbetweenthe spacesS? and R, using appro-
priatewavelettransformsJ)eadsusto a genericradiometric
quantity representationOur approachbasedon the well-

understoodact that one canwrite transformson a per ar-

gumentbasis,demonstrat¢hattherearesigni cant bene ts
from takingthis obsenationliterally andmakingit the basis
of animplementation.

In this paper we extendour previous work on wavelet-
basedBRDF modelling[9]. First by achieving bettercom-
pressionproviding thefunction'sdomainwith auniformac-
curag, thanksto an automaticadaptve schemethat com-
putesa local thresholdfor eachspaceof the decomposi-
tion (seesection4.2 and 5.2.1). Secondlyby performing
moreef cient importancesamplingof thefunction'sdomain
for stochasticillumination algorithmsthanksto the com-
pactsupportof wavelets(seesection6.2.1).We alsocare-
fully validatethe approachy intensiely testingthe model
againstealandsynthetizedneasurementsf variousradio-
metric quantitiesinvolved in globalillumination softwares
(seesectionsb.1, 5.2, 5.3 and 5.4). Finally, we apply our
framework to expensve spectralpath tracing and photon
mapping(seesection6), achieving enhanceadomputational
performancesswell aslarge memorysaving. The frame-
work is part of our globalillumination software called Ray
Of Light, whichis releasedinderthe GNU GPL Licenseand
availableonlineat http://ray-of-light.sourcefge.net.

The paperis organizedasfollows. We recall the major
radiometricquantitiesusedin globalillumination aswell as
basicson wavelettransformdn section2. Then,we present
thepreviouswork thatwasthe startingpoint of ourresearch
in section3. Our approachs detailedin section4 by rst
presentingheconceptsinderlyingthegenericwaveletrans-
form (GWT), i.e.awavelettransformappliedon ary kind of
object,thenthe implementatiorissues Applicationsto the
modelling of acquireddataand physicallybasedrendering
arerespectrely shavn in section5 and6. At last, we con-
cludeanddiscussaboutfuturein section?.

2 De nitions
2.1 Radiometry

Thereareseveralradiometricquantitiesusedin realisticren-

dering. The mostimportantonesaresummarizedn theren-

deringequation27]:

LeOGwrsl) = Le(xwr;l) + 1)
fr (G wiswe; ) Li(x wi; 1) cosgidw;:

W

A physicalpropertyP(l ) thatvarieswith wavelengthis called
aspectrumA spectal powerdistribution function (SPD)is

1 Actually, somequantities(like the BRDF) are only de ned over
the hemisphereandnot the whole spherebut this doesnot restrictthe
generalityof ourwork.

thepower of alight rayin unit wavelengthin aunit areaper
pendicularto the propagatiordirection. SPDsdescribethe
enegy transferalonglight paths(L; andL, in therendering
equation)and determinethe radianceincidentto a sensor
(andthereforethe colorsof animage).SPDsalsocharacter
ize light sourceemissionspectra,somewere standardized
by the CIE [11].

Spectal re ectanceis theratio of there ected ux F,
to theincident ux F; [18]:

r(l)= ';:E:; 2)

There ected SPDdoesnot dependon the incomingor the
outgoingdirection(integratedoverall directions) Foramore
accurataelescriptiorof thesurfacebehaiour, we needaspec-
tral bidirectional re ectancedistribution function (BRDF)
de ned as[47]:

dL(ar;fr;l)
Li(qi;fi;1) cosgidw;’

®3)

wherew, = (q;;f;) andw; = (qy;f,) arerespectiely thein-
coming(or lighting) directionandthe outgoing(or viewing)
direction.L; andL, arerespectiely theassociatethcoming
andtheassociatedutgoingradiance The counterparbf the
re ectanceandthe BRDF, for light transmissiorthrougha
surface,arerespectiely the transmittanceand the bidirec-
tional transmittancelistribution function(BTDF) [18]. The
counterparbf theBRDF, for light scatteringvithin amedia,
is the phasefunction[18]. Our work is alsorelevantfor all
thesequantitiesbecausehey have similar signaturesAn-
otherimportantquantityin renderings the emittancedistri-
bution function (EDF) that characterizethe SPD of a light
source(or an emissive material) for eachdirection (Le in
the renderingequation) Usually, sourcesareassumedo be
isotropicandhomogeneousheSPDis direction-independent
andposition-independent.

In this paperwe will notconsidewavelengthdependent
phenomenadike light dispersionWe assumeonly nondis-
persve objects thusallowing a vectorrepresentationf the
spectralinteractionbetweerthe light andthe surface.Dis-
persve objectsshouldbe handledby a speci ¢ datastruc-
ture suchasthe one proposedby Sun[67]. First, because
we wantto testour algorithmswith realmeasurementhat
are currently very dif cult to obtainfor BTDF. Also, be-
causea vectorrepresentatiowan bene t of the sparsityof
thewaveletrepresentatiorwhichis notpossiblevhenwork-
ing independentlyon separatedvavelengths Nevertheless,
a compressedepresentatioior someof the involved data
is certainly bene cial for renderingmethodswhich handle
wavelengthdependenphenomena.

fr(ai;fisanfel) =

2.2 Wavelet Transforms

ThewavelettransformW is alinearoperator:
W (f:A7T'B) 7! T (f)
T (af+ bg)=aT (f)+ bT (g):

(4)
(5)
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The inversewavelet transformoperatorcanreconstructhe
function f from its transformedrersion:

W LT (f) 7! (f: A7 B): (6)

The applicationof W is called analysisof the function f,
while the applicationof W 1 is calledsynthesisThe anal-
ysis processconsistsin projectingthe function, at different
resolutionsor scalesj 2 N*, onto a setof new basisfunc-
tionsY ;= fy: A7! By, calledwaveletsWaveletsatres-
olution j arederived from a setof functionsat ner resolu-
tionFj+1 = ff'j<+1 - A7! Bg, calledscalingfunctions.The
wavelettransformprovidesa hierarchical decompositiorof
f atdifferentlevelsof accurag.

Theremarkablegoropertyis thatthe waveletshave com-
pactsupport.Thereforgo matcha nite signal,a nite num-
berof nite waveletsareputtogetherAs aconsequencéhe
recursve decompositior{fanalysis)f f canbewrittenas:

n
f=aafs+ aadym (7)
k j=0m

The scalingfunctionsencodethe smoothapptoximationof
f atagivenscalewhile thewaveletfunctionsencodehede-
tails, i.e. the missinginformationto retrieve the approxima-
tionata ner scalefrom theoneata coarserscale.Thecor-
respondingorojectioncoefcients a'j‘ and dJm arecomputed
usingfastrecursve algorithms:

— 8 =k
al = ag iy (8)
~mil .
df = éll d™al, ;:
Thereconstructiorfsynthesispf f is computedusingasim-

ilar recursve algorithm:

I - 8 ke & Amilgl.
d.1= & gaf+ ddMd;
k m

9)

(10)

The discretewavelettransformcanbe viewed asa lItering
operationthat separatethe signalinto low-frequenciesand
high-frequenciesapplied recursvely on the resulting ap-
proximation.Thecoefcients gandd areanalysiglow-pass)
Iters, while gandd aresynthesighigh-pass)lters. Asthe
magnitudeof the wavelet coefcients is directly relatedto
their importancein the reconstructioncompressiorof the
wavelet decompositiorcanbe achiezed by remaoving weak
coefcients of the projectedfunction. Practicallyit consists
in selectingvaveletcoefcients lowerthanagiventhreshold
e

Variousnumericalapplicationgely on waveletshecause
the wavelet transformoffers fast reconstructioncompres-
sionandmultiresolution Furtherinformationonwaveletthe-
ory canbefoundin [39,54].

3 Previous Work

polynomialg31] arealsoapplicableo directionaldata.How-
ever, their globalsupporton the spherémplies high evalua-
tion costaswell ashardadjustmenbf thecompressiomatio
with respecto theaccurag. Onthecontrary thewaveletre-
constructionis donein a logarithmictime accordingto the
numberof samplesandis possibleat differentlevels of ac-
curag. Furthermorethe compressiomatio canbe precisely
controlleddueto theirlocal supporton the sphere.

Sepaabledecompositiong28], factorization[69,41] and
principal componentanalysis(PCA) [37,59,45] are more
generaldimensionreductiontechniqueg61]. Theseworks
mainly focuson extremedatareductionfor interactive ren-
deringusinggraphicshardwarewith BRDFsor spatiallyvary-
ing BRDFs,alsocalledbidirectionaltexturefunctiongBTFs).
Evenif they provide plausiblerepresentationsheaccurag
of suchmodelsfor physically-basedenderinghasnot been
clearly studiedyet. PCA is effective at compressingnulti-
variatedatasetsby computingorthogonalprojectionsthat
maximizethe amountof datavariance.lt is typically per
formedthroughthe eigen-decompositionf the covariance
matrix. Thus,it suffersfrom memoryproblemsduringcom-
putationwhile thewavelettransformis appliedin place More-
over, it stronglydepend®nthe parameterizatioandthere-
constructions fastandcorrectonly for relatively simplema-
terials[59].

Spectralrepresentationsely on polynomials[55], basis
functions[16,52], or hybrid schemeg67]. Relevant wave-
lengthselectionin the context of spectrakenderinghasalso
beenstudied[76,42]. A methodbasedon the Haarwavelet
decompositiorproposesnadaptve representationf spec-
tral datawith a control of the perceptuakrror[23,58]. But
the usefulnesof thesemethodsin the context of a gen-
eralrenderingsystemwith no assumption®n sensorssur
facesandlightsrequiresmoreinvestigationg73]. Recently
Kaewpijit et al. [26] appliedwavelet decompositionin the
contet of hyperspectraimagery[57] for theidenti cation
of groundsurface pixels. They shaved that wavelets pre-
sene the distinctionsbetweenspectralsignaturesandyield
betterclassi cationaccurag thanPCA at the samelevel of
compressiomate.Neverthelessthis approactbasedon uni-
dimensionaivavelettransformcannothandlemorecomplec
radiometricquantitiesandincludedirectiondependeng

LalondeworkedonprojectingtheBRDFonwaveletbases
andusedmultidimensionatealwavelets(4D) to handleBRDFs
at x edwavelength[32]. This approactrequiresa new pa-
rameterizatiorio mapthe spaceof directionsS? S? to the
spaceR* [35]. The major disadantages the distortionin-
troducedby the mapping.Our methodis ratherinspiredby
Schrodess et al. [60], who are usingwavelet functionsde-

ned over a discretizatiorof the sphereS?. This discretiza-
tion is basedon a recursve subdvision of an octahedron
[19]. Eachtriangleis recursvely split into four childrenup
to a givenlevel of accurag (Figurel1). A function de ned
over S? is approximatedby a piecavise constantfunction
over the resultingtrianglesof the subdvision. Schroderde-

Severalotherprojectvemethodsanbeusednsteadf waveletsies awaveletbasisoverthetriangleswhichis anextension

For instanceSphericalharmonics[72,63,4] and Zernidke

of thewell-known Haarbasis[17,44] to S?, constructed/ia
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Lifting Sthhemg70]. Dueto thelocal supportof thesespher

ical wavelets,analysisandsynthesisareperformedn place
on eachtriangle basedon the valuesof the triangle's chil-

dren.Neverthelessthe major drawvback of this work is the
restrictionto functionsde ned onthespheres?. Thedepen-
denceon wavelengthandthe dependencen morethanone
directionseemsrery hardto handle.

Fig. 1 Octahedrorsubdvisionatlevels0,1,2,3.

In the next section,we will shav that waveletscan of-
fer a uni ed vision, not provided by previous representa-
tions, for the directionaland the spectralcomponent Ac-
tually, the samecould be donewith non-wavelet basis,e.qg.
Fourier [75], albeitnot asef cient. We will demonstratén
section5 the high accurag of ourrepresentatioraccording
to thecompressiomatio. It is directly relatedto theintrinsic
propertyof wavelettransformghatpresereshigh-andlow-
frequeng featuresduring the signaldecompositionThere-
fore, speculampeaks,aswell as peaksandvalleys foundin
typical spectraagrewell-consered.

4 Wavelet Radiometry

A lot of researchhasbeenconductedn waveletrepresenta-
tion for radiosityprojection[20]. Extensiondandlingglossy
surfaceq36,7] manageheradiancalistributionoverpatches
usinga similar transformto Lalondes [32]. But theserep-
resentationsre very complec in termsof implementation
and are both memoryand computationatime consuming.
For thesereasonsmostof themwerelimited to the speci ¢
caseof the Haarbasis.Nowadays,high-orderwaveletsare
usedto approximatesmoothlyvarying illumination with a
small numberof patchesconsiderablyreducingthe mem-
ory consumptiorj22]. SchrédemandLalondeprovidedmore
efcient, but specic, modelsthat are not easily applica-
ble to complex functionsde ned over a productof different
spaces.

To overcomethe limitations of previousapproachesye
proposethe conceptof the GWT. The GWT is actuallya
new approacho thestandad one[12], whichusesaproduct
of decompositionso transformmultidimensionakignals,n
contrastwith the non-standarépproachwhich usesa prod-
uct of basisfunctions(Lalondes work). Neverthelessthis
new pointof view leadsto anelegant, e xible andsimpleim-
plementationusing object-orientedand templateprogram-
ming paradigmsuchasthoseprovidedby the C++language
[66]. Moreover, the compressiorpower of waveletscanbe
enhancedby performingadaptve thresholdingor eachsup-
port spaceof the function's domain.

4.1 GenericWavelet Transform

Notethatwavelettransformglonotrely onaparticularwavelet
function or supportspace,and hencetheir formulation is
generic(seeEq. 7). As aconsequencalgorithmsarepretty
similar for ary transformand space.Thereis only onere-
quirement:the supportspacemustbe a Hilbert, i.e. lineatr,
vectorspacelndeed,the discretewavelet transformis per
formedvia corvolution which requiresscalamultiplication
andadditionof two elementf the supportspace.

Now letusconsiderafunctionf : A B7! C andits cur
ried 2 versionf : A7! (§: B 7! C). If the functional space
G= f§:B7! Cgisalinearvectorspacethenwe cande ne
a wavelettransformof f. Next, if C is alsoa linear vector
spacewe cansimilarly de ne awavelettransformof eachg.
Using a combinationof thesetwo transformswe provide a
full transformof f. Fortheinversetransformsincethespace
of transformedunctionsT (G) is alinearvectorspacgbe-
causeof thelinearity of the wavelettransform),the process
is similar. Therefore,we can provide a full inversetrans-
form of f by combiningthe inversetransformof f andg.
Thecompletetransformpipelineis summarizedn Figure?2.
It consistgn iteratively projectingthefunctioninto different
setof waveletbasisfunctions(onefor eachsupportspaceof
thefunction's domain):
faib) = @ fi(b)yi(a) =

|

a iy i(byi(a) (11)
1)

7
\ Y

Fig. 2 Genericwavelettransformpipeline.

/

The wavelet coefcients f; aresaidto be generic because
they arefunctionsthatcanbetransformedver. Thewavelet
transformof f is saidto be generic becauséhe projection
spacds afunctionalspace.

In the contet of the GWT, modellingary radiometric
quantity f : (S> ) R 7! R simply consistsin combininga
setof sphericalvavelettransformandasingleone-dimensional
transformIndeedthissignaturéds equivalentto (S27!) R 7!
R. For instance,a spectralEDF being the combinationof
a directionaland a wavelengthdependencwill be decom-
posedas:

f(Wr;l)— f(l )Yi(we) = ag|JYJ(| )Y i(Wr) (12)

i i

2 Currying (afterlogician Haslell Curry, but thatwasoriginally in-
troducedby Schon nkel in functionalprogramming56]) is the tech-
nigueof transformingafunctiontakingmultipleargumentsnto afunc-
tion thattakesa singleargument(the rst of theargumentgo theorig-
inal function) andreturnsa new function that takes the remainderof
theargumentsandreturnstheresult.
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Thediscreteepresentationf f is apiecaviseconstanspher
ical function, which samplesare not single valuesbut vec-
torsrepresentinghe spectraldistribution of the radiometric
quantityfor eachdifferentialsolid anglede ned by the tri-
anglesof the subdvision. First, a sphericalwavelet trans-
form is performedin the directionaldomain.Then,a one-
dimensionawavelettransformis performedin the spectral
domainon the resultingvectorsof sphericalwavelet coef-
cients.

4.2 Adaptive GenericWaveletCompression

Corventionalmultidimensionalvavelettransformsiseasin-
gle thresholdon the nal setof multi-transformedcoef-

cients(Gij in Eq. 11), which implies a global error control.
In our genericrepresentatiorthereis a cleardistinctionbe-

4.3 Wavelet-BasedRadiometryFramavork

The framawvork we have developedis a simple mappingof
the genericwavelettransformconcepto an object-oriented
contet. We de ne aWaveletFTansform<AB> to bean ob-
jectrepresenting functionof type A 7! B thatcanbetrans-
formed,untransformedndcompressedsinga waveletba-
sis.Thisobjecthastwo genericparameters andB. Thenwe
de ne a Spectrunto be a WaveletTansform<R;R>. This
objectcanhandleary physicalpropertythatvarieswith the

wavelengthNow, wede ne aRe ectanceasaWaveletFansform-

<T,Spectrum>whereT is thesetof geodesidrianglesgen-
eratedby the sphericalsubdvision. This objectcanbe used
to handlehemisphericake ectance or EDF becausethey
have the samepro le. Finally we createthe mostcomple
radiometricquantity the BRDF, by letting A be T andB
be the setof Re ectanceobjects.Following the sameidea,
and replacingthe set of Spectrumobjectsby R, leadsto
monochromati&ke ectanceobjects andthereforeanonochro-

tweeneacfspaceindcompressiomccurgndependenﬂyheretmatic BRDF objects A singlewaveletbasisis availablefor

As a consequencdifferent thresholdsare used (one per
space)whenperformingcompressionkor instancewe can
compresamore over S (direction- dependencethan over
R (wavelength-dependence&)r the opposite. Genericcom-
pressiorconsistdn evaluatingthe magnitudeof the generic
coefcients within the transformspaceandremoving those
arebelaw the consideredpaces threshold.Then,repeating
the thresholdingagainon the remaininggenericelements,
until eachtransformspacehasbeenproceededThe error
introducedin the wavelet representatiofy removing ary
coefcient ¢ equalsjjcjj. Therefore the inner or dot prod-
uctbetweertwo element®f thecoefcient spaceprovidesa
comparisoroperatorfor thresholdingoecause < u;u> =
jiuij. We usethe standardinner product f:g de ned be-
tweentwo functionsf andg for ourgenericcoefcient mag-
nitudeevaluation.

Most radiometricquantitiescan have a different spec-
tral behaiour accordingo direction.For instancespectran
high-valuedpartsof BRDFs (speculatighlightsor retrod-
iffusion) usually differ from spectrain low-valuedpartsof
the BRDF (diffuse component)Evenif we usea different
thresholdfor the directionaland spectralcomponentspec-
train the diffusepartscouldberelatively morecompressed,
yielding to a non-uniformaccurag over the function's do-
main.Weexploit thegenericview of thetransformo achieve
signi cantly bettercompressioproviding thefunction's do-
mainwith a uniform accurag. Indeed,eachgenericcoef-
cientcanbe consideredsa stand-alonéunction f; to com-
presswhich amplitudedifferenced = jmaxf; min fjj in-
dicatesthe relative level of the genericcoefcient values.
Then,startingfrom thethresholde of thereleventtransform
space.a local thresholdindependenbf the genegjccoef-
cientlevel canbe automaticallycomputecasé= e d. This
adaptve thresholdingperformedor eachgenericelemeniof
the transformedunction ensuresa relatively uniform com-
pressiorandthusresultsin moreaccurag accordingo com-
pressiorratioasshavn in section5.2.1.

direction-dependattehaiour, whereasnary arefor thespec-
tral dependencbecausene-dimensiondbasesare widely
spread12]. In our framework, we implementecb2 different
1D basesLots of thembelongto the samefamily suchas
the Daubechie®r the Coi et wavelets.The selectionstrat-
egy is to pick, for a given compressionatio, the bestbasis
in termsof global error Basic structureso managesparse
dataaredetailedin [9].

Consideringthe wavelet transformin a genericway al-
lows a simple implementationin C++ thanksto algebraic
operatode nition. Indeedatomictransformgsphericabnd
one-dimensionalpf our framewnork arebasicallywrittenthe
sameway asthey would befor basicdatatypessuchas oat-
ing point values.Multidimensionaltransformscome natu-
rally throughgenericity whenwavelettransformobjectsare
usedasbasicelementof anothemenerictransform At last,
our representatiogieldsto a fastreconstructiorof spectra,
whicharetherootobjectsfor spectratenderingindeedwe
only have to performthe inversewavelet transformon S?
(directions),in orderto reconstructhe compressedersion
of aspectrunfor adirectionof interest.Then,only the one-
dimensionalnversetransformis appliedto reconstructry
spectrakamplesWith a non-standargrojection,thewhole
transformneedgo beinvertedfor eat spectrabampleeval-
uation.Thedimensionconnectiongremixedup andimpos-
sibleto separatén orderto work onaparticulardependence
(herethewavelength-dependence).

5 Application Examples

In this sectionwe presentthe compressiorresultsand the
correspondingelative errors(%) for a large setof spectral
radiometricquantities.Let 5 be the samplesof the original
measuredadiometricquantity with n measurementaa,ndsi0
the reconstructedampledrom the compressedepresenta-
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tion, thenrelative errorsbasedon L; andL, normsarere-
spectvely de ned as:
s

é (510 s) 2_

P f
The compressiomatet; is the percentagef initial datare-
moved by compressionThe compressiomatio r is thera-
tio of theinitial numberof sampleswith respecto the nal
numberof wavelet coefcients aftercompressionThey are
relatedby a simpleequationt. = 100 (1 %). Usuallyrc
is writtenasx : 1, which meanghatonly onecoefcient for
x initial coefcient(s) is keptaftercompression.

1o sj
na :

Sl

e(Ly) = ander(Lp) =

5.1 SpectralFunctions

A spectruntanhandlevariouspropertiesuchasre ectance,
transmittanceemittanceor radiance which areusuallyac-
quiredwith aspectophotometenVe presenheresomepro-

jectionsof differentmeasuredpectralproperties We have

selectedsomere ectancesof the MacbethColor Checler

[74] but alsosomestandardlluminantsof the CIE [74,11].

Original evenly sampledspectrahave 80 samplesalongthe
visible spectrumTheglobalerrorlevel accordingo thecom-
pressionratio is satisfying(seeTable 1), which shaws the
versatility of thewaveletrepresentation.

Table1l Relatve modellingerrors(%) for spectrafunctionsusingthe
highest16, 8 and4 waveletcoefcients.

# coef. 16 8 4

Name e(ly) [ &) | et | () [ &) | e(l)

Light Skin 1.1 1.6 2.9 3.8 7.6 10

Blue Sky 0.47 0.68 2 3 9.1 12

Foliage 3.9 5.9 10 14 26 33

Red 4.5 6.8 8 13 17 26

Neutral.35 0.15 0.23 0.39 0.58 1.7 3.2

A 0.23 0.36 2.6 4.8 9.6 15

B 1 1.3 3 3.8 5.2 6.4

C 1.1 1.5 4.1 5.6 7.7 10

D65 1.2 1.6 2 3 3.4 53

A qualitative comparisoris shavn in Figure 3 between
the reconstructedelative SPDsfor the Light Skin andthe
D65illuminantfrom differentsetsof highestwaveletcoef-
cients.The waveletbasesarerespectiely the Brislawn and
theVillasenorbasis.We canseethatevenwith alittle num-
berof coefcients, spectralvariationsarewell-presered.

Sunetal. [68] preferredto evaluatetherelative errordX
onthe CIE XYZ [11] tristimulusvaluesof the spectran or-
derto getaperceptuameasurdor thehumanvisualsystem.
This choiceis not releventin the contet of a generalren-
deringsystemwith no assumption®n sensorsHowever, a
gualitative comparisorfor the Light Skin spectrum(Figure
3) seemdo shav a betterrepresentationf the spectrums
shapewith our method,which is con rmed evaluatingthe
relative erroronthe CIE XYZ tristimulusvalues(Table2).

value
.
s

80 coefficients (original)
20 coefficients —

13 coefficients
- - - - 7 coefficients

- - - - 4 coefficients

380 410 440 470 &S00 530 560 590 620 GBSO BBO 7100 740 770

wavelength (nm)
140

120

100

80 coefficients (original)
20 coefficients

13 coefficients

40 - - - - 7 coefficients

- - - - 4 coefficients

value
o @
3 3
e
w Y

0
390 410 440 470 SO0 630 660 590 620 650 BAD 710 740 770
wavelength (nm)

Fig. 3 Light SkinandD65 illuminant spectrunfor variousnumberof
highestwaveletcoefcients (with arbitraryunits).

Table2 Relatve XYZ modellingerrors(%) for the Light Skin spec-
trumwith the Sun’s model[68] andour approach.

#coef. | CompositeModel | OurModel
3 6.9 3
7 1.9 0.5
11 0.22 0.019

5.2BRDFs

MeasuringBRDFsis a more tedioustask than measuring
spectraA goniore ectometers adevice thatmeasureight
re ection asa function of lighting and viewing directions.
Goniore ectometerdend to be large, expensve and non-
portable.Usingthe goniore ectometeof the ONERA [62],
we have measuredaind modelledthe BRDF of several dif-
ferentsurfaces.The visible spectrumis sampledevery ve
nanometersand BRDFs are projectedon a sphericalsub-
division at level 4. Table 3 shavs the resultsachieved for
someof thesematerials Errorsarealwaysacceptablegven
for radicalcompression.

A renderingexamplefor two differentspectraBRDFsis
shavn in Figure4 andFigure5. The compleity of thevel-
vetBRDFis well-preseredevenwith a highthresholdThe
samerenderingwith a standardRGB ray tracingalgorithm
resultsin a falsecolorimage(the measuredurfaceis nota



A Wavelet-Basedrramevork for AcquiredRadiometricQuantityRepresentatioandAccuratePhysicalRendering 7

Table3 Relative modellingerrors(%) for measuredpectraBRDFs.

SpectraBRDF spectralon plywood plastic
re # coef. (L) | &) [ a() | e(l) | e(ly) | e(l)
1:1 1,228,800 0.078 0.36 0.26 1.2 0.42 2.9
2:1 614,400 0.18 0.41 0.43 1.3 0.75 3
8:1 153,600 0.27 0.46 0.65 1.4 1.7 4.9
16:1 76,800 0.36 0.54 0.73 1.4 2 5.1
64:1 19,200 0.5 0.74 13 2.2 8 13
128:1 9,600 0.63 0.92 2 3 8.8 20
256:1 4,800 0.92 1.1 4.4 6.3 15 30
SpectraBRDF cloth velvet
re # coef. e(ly) [ e [ &) | el
1:1 1,228,800 0.53 2.8 0.25 1
2:1 614,400 1.3 3.2 0.58 1.1
8:1 153,600 6 10 0.71 1.2
16:1 76,800 7.1 12 1.1 1.6
64:1 19,200 7.4 12 1.6 2.2
128:1 9,600 9.5 16 2.4 3
256:1 4,800 11 19 2.8 3.5

red velvet but a dark maue one). This exampleillustrates
thatthe whole radiometricinformationis usefulto perform
anaccuratephysicalsimulation.

Fig. 4 Spectralray tracingof a sofa with the isotropic cloth BRDF
(32:1)andtwo differentviewing directions.

We have alreadyshavn that a bettercompressionac-
cordingto modellingerror, canbereachedvith ourapproach
comparedo the work of Lalondeat x ed wavelength[9].
Table3 alsodemonstratethatouradaptve genericcompres-
sionschemesigni cantly improve spectramodellingathigh
compressiomatescomparedo theresultswe have presented
in [9]. Forinstanceherelative L, errorhasbeerrespectiely
reducedy 34%,70%,and46%for the spectralonplywood
andplasticBRDFsin the caseof the 128:1compressioma-

Fig.5 Spectraraytracingof asofawith theanisotropicvelvetBRDF
(32:1)andtwo differentviewing directions.

Fig. 6 RGBraytracingof thesofawith thevelvetBRDF (32:1).

tio. The bene t of our novel thresholdings moreprecisely
investigatedn the next section.

5.2.1Genericand AdaptiveCompession

As the BRDF is the mostcomplex function handledby our
framework at the presenttime, it is alsothe bestsuitedto
studytheimpactof the new compressioschemeThe mod-
elling resultsachievzedusingnon-adaptie thresholdingwith
andwithout genericcompressionare summarizedn Table
4. Thegenericschemealwaysyields a betteraccurag than
the corventionaloneat the samelevel of compressiomatio
(oftentwice or evenbetterin termsof globalerror).
Compressionvith our genericschemes a moretedious
taskthanfor corventionalalgorithmsbecauset requiresto
nd anappropriatehresholdperspaceof the function's do-
main,insteadf asingleglobalthresholdto matchtheusers
quality criteria. Actually, two differentsetsof thresholdsan
leadto the sameglobalcompressiomateeventhoughoneis
more accuratefor the spectralcomponentand the otheris
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Table 4 Relatve modelling errors (%) without, then using, generic
compressiorfor acquiredwood spectraBRDF,

without with gain (%)
re (L) | a(la) | e(l) | e(l) | () | e(l)
81 2 4.2 0.93 1.9 115 121
16:1 5.1 11 3.1 75 64 46
64:1 8.1 22 4.4 9.4 84 134

more accuratefor the directionalcomponentAs a general
rule, the morethe function's domainis comple, the more
the modelling processbecomes task that needstechnical
skill and experience Neverthelessgenericcompressioris
more e xible from the users point of view.

Theotherimportantbene t of ourcompressiompproach
arisesfrom its intrinsic adaptve nature.For instance,the
mostimportanterrorfor ourmeasurementis noticedfor the
plasticBRDF, which is the mostglossyone.In this partic-
ular case BRDF levels differ by a factor100. Sothe adap-
tive thresholdis particularlygoodin contrastwith the non-
adaptve threshold especiallyfor high compressiomatio, as
shavn in Table5.

Table 5 Relatve modellingerrors(%) for the plasticBRDF usinga
non-adaptie, thenanadaptve threshold.

non-adaptie adaptve
[ e(l) | e() [ e() | e(l)
128:1 20 37 8.8 20
256:1 21 41 15 30

5.3EDFs

The useof EDFsis not ascommonas BRDFs' in realis-
tic rendering.Light sourcedistributions are primordial for

anaccuratdighting simulation,however they are often left

aside.On onehand,thereis a lack of analyticalmodels,es-
peciallyfor thespectrabehaiour of lights. And ontheother
hand therearenotenoughphysicalmeasurement#f theac-
quisition of BRDFsis dif cult, measuringhe outputof lu-

minairesis even harder Someworkstry to modelandsim-
ulate spectrallighting [13,51,5], but they do not provide a
generalanswerto the problem.Onesimpleway to simulate
spectralEDFsis to useinformationsgiven by IESNA LM-

63 photometricdata les [24,18]. They are ASCII text les

commonlyusedby North Americanlighting xture manu-
facturersto distribute photometricinformationsabouttheir
products[50]. A IESNA le givesthe candeladistribution
(over S?) for agivenluminaire.As it is a photometricquan-
tity, it is notdirectly usedfor renderingWe mustassumehe
samerelative spectralpower distribution for eachdirection,
andsimply scalethe spectrunby thelevel of thedistribution
in agivendirection(andperformthe appropriatecandelao
radiancecorversion). Table 6 presentghe resultsof com-
pressiorfor threedifferentESNA description®f reallumi-

nairesshavn in Figure7 (a, b, andc). We respectiely use

the CIE standardlluminant B, C, and D65 for the spectral
distribution (sampledevery 5nm in the visible spectrum),
andasphericakubdvision atlevel 4.

Table 6 Relative modellingerrors(%) for measuredDFs.

SpectraEDF (a) (b) (c)

e #eoel. | e(ly) | e(ls) | a(li) | a(ls) | e(ly) | e(le)
1:1 186,368 0 0 0 0 0 0
2:1 93,184 0.13 0.18 0.2 0.28 0.69 0.9
8:1 23,296 0.2.4 3.3 3.8 4.6 3.3 4.1
16:1 | 11,648 3.5 5 4.8 6.1 4.6 6
32:1 5,824 9.5 15 9.9 14 7.5 12
64:1 2,912 18 31 13 19 13 21

Fig. 7 Candelalistribution for four realluminaires(a, b, ¢, andd).

Therearemainly two reasongxplainingthe low perfor
mancesin contrastwith BRDF modelling. First, the spec-
tral behaior is smootherfor BRDFsthanfor EDFs.Indeed,
emissionspectracontainmary more high frequenciesand
spikes.Secondlythedirectionalbehaiour is morecomple,
composeaf multiple lobes.But modellingis still satisfying
(upto 32:1).

Fig. 8 A CornellBox lighting solutionwith auniform EDF (left) then
a compressed32:1) wavelet-basedepresentatiorfright) of the real
luminairelESNA descriptionshavn in Figure7d.

5.4 Phasd~unctions

In this case the lack of measuress even moreemphasized
thanpreviously, especiallyfor spectraldata. Therefore we
chooseto generatevirtual measurementlata setsfrom a
sampledanalytical model at x ed wavelengthto validate
our approachThe mostfamousmodelis the onecreatedoy
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Heryey andGreensteirj18] thatallows to handlebothprin-
cipal classe®f phasdunctions:Rayleighscattering3,30],
whenthe particlesof the mediaarefar smallerthanthelight
wavelength,and Mie scattering[43], whenthe size of the
particlesis comparableo thelight wavelength Nishitaetal.

Fig. 9 3D view at x ed wavelengthand incoming direction of the
threephasefunctionsusedto testour model. Color indicatesthe rel-
ative level of the normalizedfunctionvalues(green=weakred=high).
Fromleft to right: Rayleigh,Mie hazyandmurky scatteringunctions.

have reported[48] that the expensve Mie scatteringfunc-
tionsmay be ef ciently approximatedor sparseanddense
particledensitiescalledhazyandmurky, respectiely. More
recently Schlick et al. presentednaccurateapproximation
for thesethree scatteringfunctions[2]. We usedtheseto
simulatephasefunction measurementaccordingto the pa-
rametergyivenin their paper Table7 presentshe resultsof
compressioffor thethreedifferentphasdunctionsshovnin
Figure9. A renderingexampleusingtheRayleighscattering

Table 7 Relatve modellingerrors(%) for measuregbhasefunctions.

PhaseFunction Rayleigh Mie (hazy) Mie (murky)
le #eoel. | e(ly) | e(le) | a(ly) | (L) | e(ly) | e(ll)
1:1 | 4,194,304 0 0 0 0 0 0
2:1 | 2,097,152 0.28 0.44 15 2.1 2.4 3.4
8:1 524,288 2 2.5 2.9 3.5 7.2 8.9

16:1 262,144 2.1 2.6 4.5 5.4 9.4 11
32:1 131,072 2.3 2.8 6.2 8.5 16 19
64:1 65,536 4.2 4.9 9 10 19 23

phasefunction decompose@ndcompresseih the wavelet
spaceis showvn in Figure 10. In this examplewe only take
singlescatteringnto accountOnecanseeno particularar
tifactsdueto thecompression.

5.5 Performances

In this section,we evaluatethe meanreconstructionime t,

of a spectrunfor the differentradiometricquantities.They

arecompressedpto arateof 95%,whichis agoodcompro-
misebetweerspeecandmemoryfor renderingaccordingo

our estimationsThereare90 spectrasamplesn thevisible

domain,andwe performfour levels of subdvision. Results
in Table8 wereachiavedwith an Athlon XP1800+proces-
sor The meanreconstructiortime was estimatedusingone
million evaluationawith arandomselectiorof thedirections
eachtime.

Fig. 10 RGB ray tracing of the Cornell box with a phasefunction
modellingRayleighscattering(32:1).

Table8 Meanevaluationtimefor differentspectraradiometricquan-
tities.

[ Quantity | SPD | EDF | BRDF |
[ty | 23 | 72 | 117 |

Wavelets are very ef cient comparedto global recon-
structionschemessuchas sphericalharmonics pecausef
their narrav support.With the datagivenin [49], we mea-
suredthatthe evaluationof our modelis tentimesfasterin
thecaseof aBRDF at x edwavelength.Evenmoreimpres-
sive resultswere achiezed whenperforminganalysisof the
datasets,which is thousand®f time faster(from hoursto
seconds).

6 Application to Rendering
6.1 SpectraRendering

Accuratespectratenderings verymemoryconsuminglarge
scenesindmaterialsdata)andcomputationaintensie (large
numberof wavelengths) Our framework providesa reduc-
tion techniqudor bothproblemspsablewith standardtochas-
tic algorithms(we presenin thenext sectionapplicationgo
pathtracing[27] andphotonmapping25]). First,besidesan
intrinsic compressedepresentationf mary involved mate-
rial's data,a compactstorageor spectraillumination com-
ponentcomputedon-the- y suchas photonsor pixel radi-
ance.Secondlyanimportancesamplingstrateyy for radio-
metricquantitieswhichspeedsipthecornvergenceof Monte
Carlobasedechniquedy ef ciently samplingthe relevent
function, e.g.the BRDF for pathtracingandalsothe EDF
for photonmapping.

6.1.1RenderingProcess

Our renderingprocesscan be divided in three stagesthe
sameway Sundecomposedhis framework in [67]. First a
spectralimageis generatedising spectralphysicalproper
ties of the light sourcesandthe surfacesof the scene(re-
ectances,BRDFs).TheusualRGB colorinformationis re-
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placedby a spectrapower distribution (incidentradianceo
the camera) for eachpixel in the image.This imagemay
be compressedsingour waveletencodingto reducemem-
ory consumptioror the amountof datawhenstoredon the
disk. Then,theseSPDsareexpressedn the CIE XYZ color
model[11] afterthe applicationof a tonemappingoperator
[14]. At last,XYZ colorsaretransformedo the RGB space
and clipped accordingto a RGB gamut[21] for visualisa-
tion.

Before the renderingprocesscomesthe analysisphase
of the radiometricquantitiesinvolved in the scene With a
dedicatedool, theuserloadandcompresshedifferentdata
to matchhis quality requirementsThen,the dataarestored
in acompactbinaryform onthediskin orderto be usedby
theillumination software.

6.1.2ImportanceSampling

We have presentedn [9] animportancesamplingmethod
basedn the waveletrepresentationf the BRDF. Re ected
directionsare generatedccordingto the BRDF magnitude
in a O(logsn) time compleity, wheren is the numberof
sphericatriangles.Thealgorithmprocessescursvely from
coarsdo ne resolutionselectingat eachstepthechild of a
trianglein thesubdvisionaccordingoits globalimportance
in therepresentatiorResultsveregivenfor astandardRGB
renderingonly but areeasilyextendedto spectralrendering
usinga spectralintegratedversionof the function, encoded
with our waveletrepresentatiorMloreover, generatingoho-
tonsfrom the EDF's magnitudeis quite similar to generat-
ing a re ected direction, given an incoming one, from the
BRDF's magnitude Indeed,the function to sampleis rep-
resentedvith the sameRe ectanceobject(seesection4.3)
within our framework.

We have signi cantly improvedthealgorithmby remov-
ing a bias presentin our rst implementationin our nen
implementationwe usea randompermutationof the chil-
dren,insteadof a sequentiakearchjn orderto performan
unbiasedestimation.At last, we have alsoimproved sam-
pling by selectingchildrenat eachlevel accordingto their
local importancen the representationThatis, for eachtri-
anglewe considerthe function projectedonto the children
asastand-alonéunctionto sampleThenew recursve sam-
pling algorithmis presentedn Figure 11. Eachtriangle T
de nesanassociate@rojectedsolidangledw, whichis used
for computationsindtakesalsointo accounthecosineterm
of therenderingequation.The full integral of the function
usedto computethe probability densityfunction(pdf) value
of thegeneratedlirectioncanbe pre-compute@t eachlevel
to speed-uphe sampling(seesection6.1.3).

TheresultsachiezedonanAthlon64 XP3500+processor
comparedo simplesamplingtechniqguesaresummarizedn
Table 9 for a shiry plastic BRDF. Theseresultsare aver
agedamong100 simulations,with a differentinitialization
of thepseudo-randomumbergeneratoeachtime, in order
to correctly handlethe stochasticnatureof the algorithm.
Eachsimulationconsistdn selectinga randomincomingdi-

functionsample(TiangleT, Integercurrent_leel, Integerend_level) :
returnDirectionw;, Realpdf
{

if (current_leel < end_level) then

{

Realintegral = T.value* T.dw
Realy = real_random(QOintegral)
Integer rst_child = int_random(03)
Realsum=0

fori=0.4

Integerindex = (rst_child +1i) % 4
sum+= T.child[index].value* T.child[index].dw

if (y <=sum)
sample(Tchild[index], current_leel + 1, end_leel)
}
}

else

w; = T.random_direction()

— pgT:value cosw,
= R & LI
pdf f(wr) cosor dwy

W
break

}
}

Fig. 11 Waveletimportancesamplingrecursve algorithm.

rectionin the hemispherethengeneratingl0,000outgoing
directionsby BRDF samplingto evaluatethe varianceof
the Monte Carlo estimator The timing presentedn Table
9 alsoincludesthe evaluationof the BRDF for the result-
ing setof directions(withoutinterpolationthough).Theloss
in performances greatlybalangegay the gainin variance,
which corvergesat arateof O(" N), whereN is the num-
berof samplesusedfor the estimatorMoreover, thereis no
needto managethe full detailedwavelet-basedepresenta-
tion to achieve a signi cant variancereduction.Thus, un-
compressedtructurescanbe used(asin Table9) to speed
up thesampling.

Table 9 Variance estimation for uniform, cosine-weightedand
waveletimportancesamplingat differentlevels of accurag.

Sampling Variance # sampled s

Uniform 0.28(reference) | 1,192,00(reference)
Cosine-Véighted 0.14(- 50%) 908,879(- 23%)
Wavelets(level 0) 0.11(- 60%) 883,662(- 25%)
Wavelets(level 1) 0.061(- 78%) 607,847(- 49%)
Wavelets(level 2) 0.043(- 85%) 401,279(- 66%)
Wavelets(level3) | 0.037(- 86%) 303,751(- 74%)
Wavelets(level4) | 0.036(- 87%) 239,399(- 79%)

6.1.3 Spectal Computations

Variancereductionusing waveletsis not the only way to
speedup rendering Actually, pathtracingandphotonmap-
pingusuallyneedsnorethana BRDF representatiorf-orin-
stancethe Russiarroulettetechniqug18] needshe BRDF
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albedofor a givenlighting direction,which givesthe proba-
bility of refction for agivenphotonor light ray:

a(wi;1) = fr(xwi;wr; 1) cosgrdw;

W
Computingspectralalbedosis a very time consumingtask
in spectralrenderingusing measuredBRDFs (even in the
sparsewavelet space).Indeedwe have to perform lots of
operationson spectra.But pre-computatiorand storageof
theseinformationsusingour e xible waveletrepresentation
is possible.Thus, the speed-upwill not be affected by a
large increaseof memory Otherradiometricquantitiescan
be computedstartingfrom the BRDF, andthencompressed
using the wavelet representatioito modify the time/space
trade-of: spectralre ectances spectralintegratedalbedos,
andsoon.

Computinglighting directly in the sparsevaveletspace
would also considerablyacceleratehe process.However,
this mappingis only possiblefor linear operatorspecause
of thelinearity of the wavelettransform.But non-linearop-
erators suchasthe productbetweertheincomingspectrum
and the surfacere ectance,are problematic.lehl [23] de-
scribesa solutionin the speci ¢ caseof Haarwavelets,but
theresultingoperatolis moreexpensve thana corventional
product.More effective resultshave appearedecentlyfor
productof even more comple functionsthan spectrabut
arestill limited to Haarwavelets[8,46]. To the bestof our
knowledge,agenerakf cient solutionfor ary waveletbasis
hasnot beenyet provided. It may comefrom an extension
of previouswork or connectiorcoefcients [53,1], but there
is no practicalandef cient computerimplementatioryet.

As aconsequencapectrarefully reconstructedn-the-
y from theircompressewvaveletrepresentatioto perform
lighting computationdor path tracing or the photontrac-
ing phasein the photonmappingalgorithm. Although the
full vectorrepresentatiomf spectrais well-suitedin these
casesit is notfor photonmapping.Indeedno extra-storage
is requiredexceptfor the nal spectraliimage,which could
be compressedhough,in ray shootingtechniquesMore-
over, a very limited numberof interactionsusually arises
alonga light ray path.But photonmappingconsistsn pre-
computingandstoringeachspectralphotoncontribution to
thescendn aphotonmapthatgenerallycontaingmillions of
elementsThe nal lighting evaluationis performedhrough
a gatheringphase which sumsup the contrikutionsof tens
or thousand®sf photonsfor a singlepointin the sceneFor-
tunately usingawavelet-basedepresentatiorspectrapho-
ton contritutionscanbe compressetb save alot of memory
whenstored andgatheringspeedsigni cantly increasedas
shavn in the next section.

6.2 Applications
6.2.1 Spectal Path Tracing

To compareheef ciency of RGBandspectrarenderingus-
ing ourimportancesamplingalgorithmwe testa scenecom-

posedf about30,000polygonswith ve measuredpectral
BRDFs:redclothfor thesofa, darkgreenvelvetfor thebed,
white paintedplywood for the table's surface,ivory plastic
for therodsof thebedandtheteapotandspectralorfor the
walls andthe oor. EachBRDF is compressedp to aratio
of 20:1. Both lights in the sceneuseanisotropic EDF and
the D65 CIE standardlluminant for emissionspectrumA
spherewith a perfectspeculatransmittances addedto the
scendn orderto generate causticonthetable,whichis not
aperfectdiffusesurfacebut usesarealmeasure@RDF. The
left imagein Figure12is computedisinguniform sampling
of theBRDFin theRGB spaceThetransparenspherdooks
blackbecauseiniform samplingnever generateghe perfect
direction of transmissionThe right imagein Figure 12 is
similar but computedusingwaveletimportancesamplingof
the BRDFE. The imagein Figure 13 is computedusingthe
sametechniqueand even samplingof the visible spectrum
every 10nm.

Fig. 12 RGB pathtracingon a bedroomscene(256 rays per pixel),
top: uniform sampling bottom:waveletbasedmportancesampling.

We estimatedhe meanper pixel varianceon theseim-
agesandfoundthatthewaveletbasedmportancesampling
reduceghe varianceby 45%in the RGB caseand 30% in
the spectralcase This resultis not surprisingasit is awell-
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Fig. 13 Spectralpath tracing on the bedroomsceneusing wavelet
basedmportancesampling(256 raysper pixel).

known statisticaproblemdetailedn [65,18]: themorespec-
tral bandsareaddedthemoretheprovidedsolutionhashigh

variance.But at the sametime, generatingdirectionsin the
RGB procesdncreasesenderingtime by 27% on the bed-
roomscenewhile it only increasesenderingiime by 5%in

the spectralcase Finally, spectralrenderingis morerealis-
tic especiallyfor the tones.Indeed,RGB renderingresults
in unrealistic ashy colors(look at the cloth andthe velvet)
andevenfalsecolors(therealcolor of theplasticis ivory).

6.2.2 Spectal PhotonMapping

Figure 14 shaows threerenderingsof the Cornell Box cre-
atedby photonmapping.The light emissionis a D65 CIE
standardlluminant. Spectralre ectancesare acquireddata
from the Cornell Box. Photontracing uses100,000initial
photons,which carry evenly sampledspectraevery 10nm
for lighting computationsWhenstoredin the kd-treestruc-
ture, nal photoncontritutionsarecompressewith the Vil-
lasenomwaveletbasishough.Gatheringusegshe500nearest
photonsfor the radianceestimate accordingto the method
of Jensen25]. The perpixel error, computedon the nal
imagesin the L*a*b* color space[11], providesus a per
ceptualerrormapshovn Figurel5.In the rst casewavelet
compressiordoesnot introducea speci ¢ error. The error
is uniformly distributed and certainlymoreinducedby the
stochastidoehaiour of the algorithmthanby a systematic
error in the representationBut in the secondcase,when
compressionncreasesthe error is mainly localizedin the
indirect lighting. Indeed,indirect photon contritutions are
characterizedy large and weak variationsthat are more
sensibleo waveletcompressionywhich preseresmorehigh
andlocalizedvariations(typically directlighting). In Table
10 a more quantitatve comparisoris done.For eachcom-
pressionrate, the memoryusedby the spectralsamplesn
the photonmap,the meane, andthe maximumey percep-
tual errormeasurean theimagesaregiven.Recallingthat
anerroraroundl in the L*a*b* spaceis the thresholdfor

nonperceptibleerrors,onecanseethatrenderings still ac-
curatewith only 10% of the original spectrainformation.

Fig. 14 Spectralphotonmappingof the Cornell Box, top left: com-
pletespectrainformation,top right: 10%, bottom:5%.

Fig. 15 Perpixel L*a*b* error for a compressiorrate of 90% and
95% (squaredandscaledby 8).

Table 10 Quantitatve resultsfor photonmappingusingcompressed
spectra.

compressiomate | memory | e, ev | gathering(s)
0% (reference) 70MB 0 0 2792
90% 7™MB 25 9 447
95% 3.5MB 48 | 21 410

Thegainin memorystoragedueto thewaveletcompres-
sion,is importantfor spectraphotonmapping,asthis could
enhancehe producedighting's accurag by increasinghe
numberof storedphotons.Furthermorewe alsobene t of
the sparsewvaveletrepresentatioto speedup gatheringln-
deedjn thisprocessgontrikutionsof thenearesphotonsare
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addedto the total contribution computedfor a given scene
location.Then,thetotal contritutionis modulatedy there-
ectanceof thesurface.Accumulatingphotoncontributions
is directly possiblein the wavelet spaceasthe transformis
linear, avoiding the needto corvert spectraldatabackand
forth. Thisrequireghede nition of ef cient algebraicoper
atorsbetweeroursparsestructuresasdetailedn [9]. Gather
ing time presentedh Table10shavsthesaring with respect
to the compressiomatefor a512x512image.

Complex EDFs Thelackof analyticaimodelsmakestheuse
of numericaimethodsmperatvefor EDFsamplingwhereas
in thecaseof BRDF modelling,someanalyticalmodelscan
beexploited. Thereforeyejectionsamplingis oftenusedbut
this methodsuffers from poorcorvergenceandis a dramat-
ically slow procesq18]. Thusthe wavelet basedsampling
strategyy [9] is very interestingn this case Figure16 shavs
the Cornell Box illuminated by a real EDF describedn a
IESNA le with the spectraldistribution of the real light
sourceTheblackpointsshav the rst 10000photonhits, for
uniform samplingin the left image,andfor wavelet based
importancesamplingon the right image.One canseehow
the photondistribution follows the real light distribution.
Variancereductionin the lighting, and particularly the in-
directlighting, is the main consequencef importancesam-
pling of the EDF in the photonmappingsolution (Figure
17). But thedirectlighting is very sharp.This phenomenon
is mainly dueto the concentratiorof photonhits in local-
izedaready importancesampling contraryto uniformsam-
pling. Actually, it wouldrequireadedicategohotonmapasit
is usuallydonefor causticsNeverthelessthe photonmapis
usuallydedicatedo indirectillumination althoughwe have
also storeddirect photoncontritutions for illustration pur
pose.

Fig. 16 CornellBox lighting usingthe real luminaire descriptionof
Figure7d, left: primary photonhits for uniform samplingof the EDF,
right: primaryphotonhits for importancesamplingof the EDE

7 Conclusion

We have presented generidrameavork basednwaveletsto
handlemostof the radiometricquantitiesinvolvedin global

Fig. 17 Photonmappingsolutionusinguniform andimportancesam-
pling of the EDF shawvn in Figure7d.

illumination in a uni ed way. Our model ensuresmpor-
tantmemorysavings for large measurementiatasets,e.g.
spectraBRDFs,or whenmary measuredialuatedphysical
propertiesareusedatthesameime, e.g.photonmaps Actu-
ally, our genericwavelettransformconceptandits adaptve
thresholdingincreaseghe compressiorability of the stan-
dard wavelet compressiorscheme We have demonstrated
thatthe modelis versatileandguaranteea physicallyvalid
reconstructionby several testsagainstmary different ac-
quiredor synthetizeapticalpropertie{SPDs EDFs,BRDFs,
and phasefunctions). Then, we shoved that some opera-
tions performedduring renderingarefasterwhencomputed
in thewaveletspaceg.g.photonsgathering Waveletbased
importancesamplinghelpsto reducethe varianceof Monte
Carlo algorithms:pathtracing for optimal ray propagation
andphotontracingfor optimalphotonemissionMany global
illumination problemsshouldbene t of this e xible repre-
sentationgspeciallyfor spectratenderingwhichneedsoth
prohibitive time andmemory

Futureresearchwill includefull lighting computatiorin
the sparsewavelet space which needsthe de nition of an
efcient productoperatorbetweenspectraas explainedin
section6.2.1.Themodelshouldalsobeeasilyextendedfol-
lowing the genericapproachto handleBTF representation
andincludethe dependencef thelight re ection on posi-
tion. At last, the modelcould leadto the developmentof a
signal-processinframewnork. Onthe onehandto build ef -
cientmeasuremergchemeskor instancedenselysampled
BRDFsarelong to acquiredueto the intrinsic compleity
of thefunction's domain.Matusiket al. [40] presentnovel
measuremenprocedurethat shortensacquisitionbasedon
awaveletanalysisof samplesHowever, their analysisis re-
strictedto RGB andisotropicBRDFsbecausé reliesonthe
Lalondes approachUsing our genericmodel, it could be
extendedto both anisotropicand spectralBRDFs (or other
radiometricquantitiesjanalysisOntheotherhand ourframe-
work might be usedfor analysisof light transportthe same
way Durandetal. did in the Fourierdomain[15]. Theradi-
ancein the neighbourhoodf a ray alongall stepsof light
propagatiorshouldbe then studiedin termsof frequeng-
and time-spacecontent,as a naturalway to tackle effects
suchasmotionblur.
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