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Abstract

In this paper we presenta new methodto reconstructre ectancefunctionsfor image-basedrelighting A re-
ectance functiondescribeshow a pixel in a photaraph is observeddependingon the incidentillumination on
thedepictedobject.Additionallywe presenta compactepresentatiorof thereconstructede ectancefunctions.
There ectancefunctionsare sampledfromreal objectsby illuminating the objectfrom a setof directionswhile
recoding photaraphs.Ead pixelin a photayraphis a sampleof there ectancefunction.

Next, a smoothcontinuougfunctionis reconstructedysingdifferentreconstructiortechniques fromthe sampled
re ectancefunction. The presentednethodmaintainsimportanthigh frequencyfeatues sud as highlightsand
self-shadowin@nd ensuesvisually pleasingrelit images, computedwith incidentillumination containinghigh
andlow frequencyeatues.

The reconstructede ectancefunctionsand incidentillumination can be expressedby a commonset of basis
functions,enablinga signi cant speed-umpf therelighting process\We usea non-linearapproximationof higher
order waveletdo preservethe smoothnessf the reconstructedignalwhile maintaininggoodrelit image quality.
Our methodimproveson visual quality in comparisorwith previousimage-basedelighting methodsespecially
whenanimatedncidentilluminationis used.

CatgyoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.7 [ComputerGraphics]:ThreedimensionalGraph-

icsandRealisml.4.1[ImageprocessinggndComputelVision]: Digitization andimageCapture

1. Intr oduction

Image-basedelighting is the visualizationof real objects
with novel incidentillumination. This illumination can be
capturedrom therealworld or from avirtual environment.

Over the recentyears, several image-basedelighting
methodshave beendeveloped,coveringa wide rangeof ap-
plicationssuchas specialeffectsin movies and visualiza-
tions for archaeologyandforensics. Anotherimportantap-
plicationisilluminationdependentextures,usedn thegam-
ing industrywherereal-timerelightingis required.

Existingimage-basedelightingtechniqueproducevisu-
ally pleasingresultsfor staticillumination but suffer often
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from poorvisual performancen renderinganimationswith
changingincident illumination, or restrict the re ectance
propertieof the object,or theincidentillumination, to con-
tain only low frequenciesThe subjectof this paperis to
overcometheseproblems.

We conducteda thorough analysison existing signal
reconstructiontechniquesapplied to re ectance functions
for image-basedelighting. A re ectancefunctiondescribes
how a pixel in a photographis obsered dependingon the
incidentillumination on the depictedobject.Fromour anal-
ysis,we concludethat a multilevel B-Splinetechniqueper
formsbest,in termsof visual quality andthe ability to rep-
resentall featuresn re ectancefunctions.

To capturethe sampledre ectancefunctions,the view-
pointis x edrelative to the objectanda setof photographs
is recordedwhile the objectis illuminatedby a light source
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positionedat a differentdirectionfor eachphotographThis
approachs similarto previousimage-basedelightingtech-
nigues.

The reconstructede ectancefunctions,usingthe multi-
level B-Spline technique canbe usedto computerelit im-
agesof the objects,lit with all-frequeng illumination. Fur-
thermore changingthe incidentillumination resultsin a set
of relit imagesyisually coherenbvertime.

To enablefast relighting and minimize storagerequire-
ments,the re ectancefunctionsandthe illumination maps
can be approximatecby a commonsetof basisfunctions.
The computationfor eachrelit pixel is reducedto multi-
plying correspondingoefcients of there ectancefunction
andtheincidentillumination.We proposeo useanon-linear
approximationof the re ectancefunctionsusinghigheror-
der waveletsfor this setof commonbasisfunctions. This
approximationintroducesan error of lessthan 1% during
relighting, and allows to computea relit imagewith a low
averagenumberof coefcients perre ectancefunction.

2. Previous Work

Relightinghasbeernwidely researchedvertherecentyears.
We will restrictthe following suney of previous work to
recenimage-basectelightingtechniquesvhichdonotmake
ary assumptionnvolving geometryor re ectanceproperties
and samplethe re ectancefunctionsdirectly by meansof
pointsamples.

Deberecetal. [DHT 00] introduceda gantry calledthe
Light Stage, which enablego illuminatearealobjectfrom a
regular setof directions.Theresultingbasisimagesarelin-
early combinedto produceanimageof the objectlit by an
arbitrarylight map.Subsequentersionsof the Light Stage
improve on acquisitiontime [HCDOJ] or generalizeon a
non-regular samplingof directions[MDA02]. Matusik et
al. [MPN 02, MPZ 02] extendedthe Light Stagefor view-
pointindependentelighting.

Wong et al. [WHON97] extendedexisting image-based
renderingechniqueg GGSC96 LH96] with controllableil-
lumination.For asingleviewpoint, a setof imagesof theob-
ject, illuminatedfrom differentdirectionsis renderedising
a global illumination renderer For eachpixel the apparent
BRDF atthatpixel is storedandcompressedsingspherical
harmonicsTo visualizetherelit object,theapparenBRDF
of eachpixel is evaluatedfor a speci c illumination direc-
tion. Theconcepiof apparenBRDFswasalsousedto visu-
alize panoramaswvith variableillumination [WHFO01].

Lin et al. [LWSO0] also extended the Lumi-
graph [GGSC96 and Light Field Rendering [LH96]
methodsput to a tri-planartechnique A point light source
is positionedon a grid andfor eachpositiona light slabis
recorded Afterwards,the objectcanbe renderedrom ary
positionilluminatedwith a point light sourcepositionedon
theoriginal grid.

PolynomialTexture Mapping (PTM) [MGWO01] is a tex-
turing techniquethat enableshardware renderingof illumi-
nationdependentextures.A PTM is synthesizedby record-
ing a seriesof photographsvith theview directionorthogo-
nalto thesurfaceplaneandilluminatedfrom differentdirec-
tions.For eachtexel, thesetof there ectedintensitiesof the
differentlight sourcesare tted to abiquadricpolynomial.

Thefollowing section(3) overviens our methodto obtain
pointsampleof there ectancefunctionsof the pixels. The
paperthensuneys our two maincontritutions:reconstruct-
ing smoottre ectancefunctionsfrom thecaptureddata(sec-
tion 4) anda compactand efcient representatiorfor these
reconstructede ectancefunctions(section5). Finally, we
concludethe paperandoutline somefuturework.

3. Sampling Re ectance Functions
3.1. Relighting

Let Wbethe spaceof all light directionsover a hemisphere
centeredaroundthe objectto be illuminated. Angular de-
pendentncidentillumination canbeexpressedsafunction
Lin(w) of radiancewith w2 W. Theviewpointto theobject
is x ed,sincewe areonly interestedn the effect of chang-
ing theincidentillumination on the object,not changingthe
viewpoint. Theradiantilluminationthroughapixel (x;y) un-
derincidentillumination L, canbeexpresseds:

Z
Lout(X:y) = WR(w; X ¥) Lin (W) dw, 1)

with R(w; x;y) representinghe amountof radiancefrom di-
rectionw thatis re ected into pixel (x;y) (Figure 1). This
function R, introducedby Debevec et al. [DHT 00], is

calledthere ectance eld.
Lou(Xy)__. % -5

(xy)

Figure1: Anobject(shownin red)isilluminatedbyL ;. The
re ectedradiancetowards pixel (x;y) is L out-

Oncethere ectance eld R(w;X;y) isacquiredtheobject
canbevisualizedby evaluatingequationl for all pixelswith
ary incidentilluminationL,.

For a speci c pixel, there ectance eld R(w;X;y) is de-
notedby R(w) andis calledthere ectancefunction of that
pixel. Theimageof therelit objectcanbe calculatedoy tak-
ing the inner productof the incidentillumination, and the
re ectancefunction of eachpixel.

¢ TheEurographic#ssociation2004.
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3.2. Data Acquisition

There ectancefunctionsR(w) needto becapturedin order
to relight an object. A re ectancefunctionis a discontinu-
ousfunctionover W, dueto self-shadwing boundariesThis

males the exact measuremendf R(w) dif cult. However,

theobjectcanbeilluminatedfrom adiscretesetof directions
wi, while a High DynamicRange(HDR) imageis recorded
for eachdirection.Eachrecordedphotograplresultsin one
samplevalue of the re ectancefunction for eachpixel. We

denotea samplevalue resultingfrom positioningthe light

sourceat directionw; assy;. Notethatsy, canincludemea-
suremenerrors.

Usingthis setof samplesa discrete-to-continuousgcon-
structioncanbe performedo obtainthere ectancefunction
R(w) for eachpixel separately

Figure 2: The setupfor our data acquisition.The scenea
setof stones,and the camen are placedon a turntable A
semi-cicular bracewith 40light soucesis mountecbverthe
turntable By rotatingthe turntable 180 degreesin 32 steps
and switching on onelight source at a time, the objectcan
beilluminatedfrom64 20regularly sampledirections.

The data acquisition setup is similar to the one de-
scribedin [HCDO1. The objectand cameraare placedon
a turntable.A semi-circularbracewith 40 light sourcess
mountedover the turntable.The tilt angle of the light di-
rectionis de ned by the light sourceused,the azimuthan-
gle canbe changedy rotatingthe turntable.Using 40 light
sourcesandrotating the turntable 180 degreesin 32 steps,
allows to illuminate the objectfrom 64 20 (= 1280)reg-
ular samplingdirectionsandrecorda HDR imagefor each
direction.Note,thatin thissetupthecameracanblockalight
source An imageof thesetupcanbeseenin gure 2.

4. ReconstructionMethods

Throughoutthe paper we usea miniatureracecarto illus-

tratethe discussednethodsThis objectwasespeciallycho-
senbecausét containsmary specularsurfacesand ne ge-
ometricaldetails,causingnumerousself-occlusionfeatures

¢ TheEurographic#ssociation2004.

Figure 3: A miniature racecar featuringdiffuse glossyand

specularmaterial propertiesalong with ne detail in ge-

ometry There ectancefunctionsof this objectare sampled
at 1280illumination directionsand reconstructedisingthe

zeo-order hold technique Re ectancefunctionsof the se-
lectedpixelsare shownin thetop left and bottomright.

(gure 3). There ectancefunctionsof this objectweresam-
pledfrom 1280directions.Four pixelswereselectecandthe
accompaying samplede ectancefunctionsaredepictedas
well. To visualizeare ectancefunction de ned on a hemi-
spherewe projectit ontoadisk.

Thesefour re ectancefunctionsincludea wide rangeof
featuresa diffusered pixel on the side of the helmetof the
driver, ascanbe seenin gure 3.1. A yellow pixel on the
top of the helmetfeaturesa soft highlight ( gure 3.2). We
alsoselectedwo pixels containinghigh frequeng features:
a pixel on the side of the car with a sharphighlight anda
pixel on the rearof the car complly occludedby the rear
wing ( gure 3.3 and3.4 respectrely). At the bottomof the
re ectancefunctions,a dark spotcan be seen.This is the
cameraoccludingthelight sources.

Several techniqueswere analyzedto createa continu-
ous function on a hemispherdrom a discreteset of sam-
ples.In the following sectionswe review thesereconstruc-
tion techniquesPreviously publishedtechniquescomprise
zewo-order hold, tting to a biquadric polynomialandusing
sphericalharmonics Additionally, interpolationof the sam-
pled data usingthe wavelettransformandusingB-Splines
arepresentedn this paperastechniqueso reconstructe-
ectancefunctions.An estimateof theerrorsof eachmethod
arediscusse@ndcomparedn section4.1 Someresultsare
discussedh section4.2

Zero-order Hold

The setof illumination directionsusedduring dataacqui-
sition are plotted on a hemisphereand an angularVoronoi
diagramis createdusingthe angleshetweendifferentdirec-
tionsasadistanceneasureA piecaviseconstante ectance
functionfor eachpixel canbe found by assigningthe sam-
pledre ectancevalueof eachdirectionto thecorresponding
Voronoi cell. Similar methodswereusedby [DHT 00] for
regularly sampledlirectionsandby [MDAOZ2] for irregularly
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Figure 4: Re ectancefunctionsof the pixelsselectedn g-
ure 3, reconstructedisingdifferenttechniques.
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sampleddirections.In gure 4.A, the re ectancefunctions
arereconstructedisingall 1280samplesandin gure 4.B
usingasubsebf 320regularsamples.

Inter polation

By interpolatingthe recordedre ectancevalues,a c? con-
tinuousre ectancefunctioncanbe created.

A Delaunaytriangulationis constructedon the hemi-
spherausingthe sampledirections Eachpointin atriangle
is interpolatedusing sphericalbarycentriccoordinatesThe
resulting re ectance functions are depictedin gure 4.C.
They arevisually smoothethantheresultscomputedby the
zero-ordetold technique.

Inverse Distance Weighted interpolation (IDW), also
calledShepards methodusesall samplego reconstructhe
functionin a singledirection. Again, the anglebetweendi-
rectionswas usedasa distancemeasureandthe weightsof
thevaluesof the sampledlirectionsareinverseproportional
to thedistanceof the sampledlirections A variationon this
techniquecalculatesnterpolatedvaluesby only takinginto
accountpre-de nednumberof nearesheighbordirections.
In gure 4.D aresultis shavn usingonly the 32 nearest
neighbors.

Fitting to a Biquadric Polynomial

The captureddatacan also be tted to a single biquadric
polynomial. The resulting re ectance functions, are C*
continuousandde ned onaglobalsupport.Thisreconstruc-
tion methodsigni cantly blurs out the high frequeng fea-
turessuchashighlightsandself-shadwing boundariesRe-
sultsof theselectegpixelscanbeseenn gure 4.E.Usinga
biquadricpolynomialcanresultin negative valuesfor some
directionswhich areclampedo zeroin thevisualization.

The method is similar to Polynomial Texture
Maps[MGWO01]. Although this techniquewasintendedfor
illumination dependentexture maps,it can be appliedto
relight objectsas well. A major adwantageis that only 6
coefcients have to bestoredpertexel.

Spherical Harmonics

The sampleddatacan be tted througha setof spherical
harmonicbasisfunctions. This resultsin a continuousap-
proximationof the re ectancefunction. However, spherical
harmonicsarede ned on a sphere posinga problemwhen
using only a hemisphereWe solwed this by mirroring the
datato theotherhemisphere.

Wong et al. [WHONZ97] appliedthis techniqgueon sam-
pledre ectancefunctionsof syntheticscenesndused16 or
25 coefcients, correspondingvith four or ve bandsof the
sphericalharmonicbasisfunctionsrespectrely. The recon-
structedre ectancefunctionsusingthe rst ve bands,are
very smoothbut do not captureall the details,similarly as
usingabiquadricpolynomial(see gure 4.F).
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In gure 4.G and 4.H, the re ectancefunctionsare de-
picted using 225 and 625 sphericalharmoniccoefcients,
for eachcolor channel.The reconstructede ectancefunc-
tionsareableto captureall featureso someextent,but suf-
fer from severeGibbsringing or aliasingartefacts.Negative
valuesin thevisualizationsn gure 4 areclampedo zero.

Wavelet Transform

Waveletsarea e xible tool usedin mary domainsinclud-
ing computergraphics.A good suney can be found in
[SDS96 SSC 96].

A sampledsignal can be reconstructedo a continuous
signal using wavelets, by repeatedlyinserting additional
samplesalfway betweereachsamplepoint. Themagnitude
of eachnew samplepointis characterizetby the scalefunc-
tion of the wavelet. Intuitively this canbe seenascompos-
ing a signalusingthe wavelettransformin which theadded
waveletcoefcients (highfrequeny featureshresetto zero.

A logical choice would be to use spherical wavelets
[SS9]. Thehighly irregularly spacedsamplesn the spher
ical domain are a disadwantageand require a resampling
step.The recordedsampleshowever, are regularly spaced
in the latitude-longitudgparameterizationjueto the setup.
We thereforeopt for using the wavelet transformin the
latitude-longitudeparameterizationAn additional adwvan-
tageis that commonwavelet implementationsan be used
without muchtrouble.

We usetwo differenttypesof wavelets.The rst wavelet
is the5=3 LeGall, or Integer5=3, which is the shortessym-
metricalbiorthogonalwaveletwith two vanishingmoments.
Its scalingfunctionis alinearB-Spline.The secondvavelet
is the well known 9=7 Daubechiesvavelet, which is the
shortessymmetricabiorthogonalvaveletof orderfour, and
is by constructiona cubic B-Spline.Both waveletsare part
of the JPEG200Gstandardandarethereforewidely imple-
mentedTraditionallythesewaveletaremirroredaroundim-
agesboundariesHowever, in ourimplementatiorwe opted
for repeatinghesignalon verticalboundariessincethis ts
betterto the original sphericaldomain.We still mirror the
waveletson horizontalboundaries.

Resultsof usingthesewaveletscanbe seenin gure 4.1
and gure 4.J. The5/3 LeGall waveletgivessimilar results
aslinear interpolation.The 9/7 Daubechiesvavelet, how-
ever, resultin a very smoothre ection function, but suffers
from aliasingartefacts,which becomenoticeablevhenani-
matedincidentilluminationis used.

B-Splines

Bicubic B-Splinescanbe usedto createa continuousfunc-
tion. Thesefunctionsarea goodtrade-of betweemnsmooth-
ness(C2 continuousindtheability to representhefeatures
in the captureddata. The error analysisin section4.1 will

¢ TheEurographic#ssociation2004.
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Figure5: Thein uenceof numberof B-Splinenthecover-

ageofa4 4 supportandtheresultingre ectancefunction.
Thered dashedrectangleshowsthe sizeof a 4 4 support
for ead lattice.

shav thatreconstructiorre ectancefunctionsusing multi-
level B-Splinesperformsbestwith respecto theotherrecon-
structiontechniquesThereforewe will discusghis method
in moredetail.

B-Splinesarenoteasilyde ned onasphereThereforeve
opt for representinghe sampleddatausingthe paraboloid
map parameterizatiorfHS99. This representatioroffers
a continuousprojection of the hemispherejn which the
boundariesreidenticalason a hemisphereandthe poleis
de ned in a single point. Furthermore,The solid angleto
projectedarearatiois closeto constant.

A bicubic B-Splinecanbe tted onthedataby creating
a4 4 grid of control pointson the projecteddata,as can
beseenin the rst row of gure 5. Theresultingre ectance
functionis poorly reconstructethecause singlebicubic B-
Splinecannotrepresenall featuressimilarly asusingasin-
gle biquadricpolynomial(sectiond). A possiblesolutionre-
constructghere ectancefunctionusingasetof independent
B-Splines,eachde ned on a different4 4 grid of control
points,which arede ned onalatticeovertheprojecteddata.
Figure5 demonstratethe in uence of the resolutionof the
lattice andthe resultingre ectancefunction. Using few B-
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Splinesresultsin a goodglobal t of the data,but with al-
mostno local detail (gure 5, rst threerows) while using
moreB-Splinesproducesre ectancefunctionwith agood
local t but lacking global smoothnesg gure 5, lastrow).
This problemwasalsonotedby [LWS97.
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Figure 6: Theconstructionof the multilevel B-Splines For
ead level, the4 4 grid of contrwol pointsis subdividedon
which a setof B-Spliness de ned. TheseB-Splinesare t-
ted through the differenceof the alreadyreconstructedset
of B-Splinesand the measued valuessy;. Thedifferenceis
displayeddark for neggativeandbright for positivevalues.

Multilevel B-Splines, presentecdy [LWS97, allows to
t a smoothapproximationthroughthe projectedsamples
without theseproblems Multilevel B-Splineinterpolationis
a hierarchicalmethodthat rst triesto t a setof globally
smoothB-Splinesthroughthe sampleddataeachde ned on
a distinct4 4 grid of control points with large coverage.
In eachsuccessie stepthe numberof control point in the
grid of eachB-Splineis doubledin eachdirectionanda new
setof B-Splinesis createdon the four smaller4 4 grids
of control points. Thesenaw B-Splineson the smallergrids
are tted throughthe differenceof the sumof the already
computed-Splinesandthe measuredamplevaluessy,, as
de ned in section3.1 The methodis demonstratedh g-

ure 6. Thehierarchyof B-Splinesetscanthenbereducedo

asinglesetof B-Splinesde ned onthe4 4 gridsof control

pointswith thesmallestoverageused(i.e. highesthierarchy
level).

In ourimplementatiorwe usedfour startinggrids, which
producea smoothglobal t of the measuredlataandwe re-
ne to six levelsin the hierarchy which allows for a good
local t. The numberof levelsin the hierarchywasempiri-
cally determinedy themagnitudeof difference®of themea-
suredvaluesandthe valuesof the sampleddirectionsin the
alreadyconstructede ectancefunction.Usingsix levelsal-
lowsto t thedatavalueswhile not tting noiseonthedata.
Thismethodresultsin asetof 64 64 B-Splines.Therecon-
structedB-Spline re ectancefunctionscanbe seenin g-
ure4.K.

4.1. Comparison

Supposewe reconstructedhe re ectancefunction Ry (w)
using N samplingdirections.Reconstructinga re ectance
functionby adiscrete-to-continuougchniquentroducesan
approximatiorerrorde ned as:

RU(R(W)  Ru(w)2dw.
"W(RW)Z dw

2 _
Eavg =

)

with Eavg the averageerror on thereconstructede ectance
function. Eavg cannotbe exactly computed,since R(w)

is unknawn. However this error can be approximatedby
sampling an additional large setof M ( N) directions
fwy;wo; i wwg. UsingtheM capturedsamplesdenotedas
Swi s Eﬁvg canbeapproximateds:

Al (sw Ru(w)®.

2
Eavg N >
=15

®)

We illuminated the objectsfrom 1280 (= M) regularly
sampleddirectionsandtake a subsef 320 (= N) samples
to estimatethe erroron eachreconstructede ectancefunc-
tion.

Eavg Will mainly dependon the usedreconstructiortech-
nigueandthekind of re ectancefunction.Mostof therecon-
structiontechniquewvill performwell if apixel representa
diffuseun-occludedsurface,thusalow frequeng function,
and consequentlyesultin a low valuefor Eavg. However,
theerrorcanbehigh for somereconstructioomethodsvhen
there ectancefunctionfeaturesa highlightor complex self-
shadwing.

Insteadof comparingEavg for a singlere ectancefunc-
tion, we computethe averageof Eavg over a setof pixels
with similar occlusionandmaterialpropertiesWe compare
theseerrorsfor differentreconstructioiechniques.
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Figure 7: Theavelage relativeerror of thereconstructede-
ectancefunctionsfor theobjectfrom gur e 3 for four differ-
entsetsof pixelsusingdifferentreconstructiortechniques.

We usefour setsof pixels: a set of pixels representing
thecompleteobject,pixelsrepresentingliffuseun-occluded
surfaces pixels representingliffuse surfaceswith comple
self-shadwing and pixels locatedon glossy and specular
materials.

Theaveragerelative errorsEavg of thesefour setsareplot-
tedin gure 7. Thefour setsarevisualizedasa falsecolor
imagesn which theaccountedixelsareshavn in white.

In generalthe error for un-occludeddiffuse re ectance
functionsis low, while re ectancefunctionsfeaturinghigh
frequeng detailsresultin larger errors.Ramamoorthiand
Hanrahan RHO1] notedthat diffuse unblocled re ectance
functionscanberepresentetly the rst threesphericahar
monicsbands yielding an error of lessthan1%. In our ex-
periments,we cometo a similar conclusion,having noisy
realdata(includingcameraocclusion)andusing5 bands.

Reconstructinghere ectancefunctionsby tting thedata
to a biquadricpolynomial or using sphericalharmonicba-
sis functionsresultsin large errors.This is dueto the loss
of high frequeng featuresandthe useof a setof globally
smoothfunctions.Using the zero-orderhold reconstruction
techniqugproducesa mediocreresult.lt preseresmostfea-
tures,but alsointroducesew high frequeng featuresn the
re ectancefunctions.Our proposednethodshave relatively
low errors,becausehe resultingreconstructede ectance
functionsaresmoothwhile maintainingmostof thefeatures.

The standardieviation onthe calculatederrorswassmall
for pixels representingliffuse or occludedsurfaces.Pixels
representinga specularsurface produceda large standard
deviationwhichwasexpecteddueto the high frequeny fea-
turesin there ectancefunctions.

Althoughtheseerrorsgive agoodindicationof the perfor
manceof theintroducedeconstructiomethodsit is still the
effect of incidentillumination on the objectwhich is most
important,notthere ectancefunctionitself. In gure 8, the
miniatureracecaris illuminatedby a verticalsliver of light.
Using a line of illumination resultsin imagescontaining
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both low frequeng illumination featuressuchaslong soft

shadavs (alongthedirectionof theline of illumination) and

high frequeny illumination featuressuchasvery shortsoft

shadavs (orthogonalto theline). The re ectancefunctions
werereconstructedising several reconstructiortechniques
andusing1280sampledirections.

Zero order Hold Linear Int.

Biquadric fitting 25 SH Coefficients

B Spline 9/7 Daubechies

Figure 8: The miniature race car from gure 3, relit with
a vertical sliver of light, usingdifferentreconstructiortech-
niquesfor there ectancefunctions.

Using a zero-orderhold reconstructiortechniqueresults
in a pleasingimage, however, the shadas and highlights
move in ajitteredway whentheillumination is changedas
canbeseerin gure 12andtheaccompaying video.Fitting
the datawith a biquadricpolynomialor using 25 spherical
harmonicscoefcients doesnotresultin a satisfyingimage.
Theshadws, especiallycloseto theobject,aredistortedand
thehighlightsarecompletelylost. Thesealiasingeffectsare
dueto Gibbsringing. However, thesemethodsrequirevery
few coefcients to representhedatawhichis of importance
for real time relighting. The linear interpolation,B-Spline
andwaveletreconstructiortechniquesieliver a goodvisual
result(IDW interpolationperformedalmostidenticalto lin-
earinterpolation).The shadevs arefaithfully recreatedas
are the highlights. Multilevel B-Spline reconstructiorout-
performdinearinterpolationandwaveletinterpolatiorwhen
consideringlynamicincidentillumination ( gure 12andthe
video).

Sincethe reconstructiorof the re ectancefunctionsis a
pre-procesto theactualrelightingandneedgo bedoneonly
once,we did notincludethe pre-processingme of the dif-
ferentreconstructiortechniquesn the comparison.

Also notethatall reconstructioriechniquesxceptfor the
waveletinterpolationcanalsobe appliedon irregular sam-
pledmeasurediata.
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4.2. Reconstruction Results

The top left of gure 11 displaysa setof stones,a scene
featuringa lot of self-shadwing effects. This canbe noted
in the re ectancefunctionsdepictedaroundthe gure. On
the bottom left of gure 11, a setof coins, togetherwith
someselectedre ectancefunctionsare shavn. This scene
was chosenfor the highly speculamaterialproperties As
canbeseenthehighlightshave all kindsof shapesvhichare
presered in the reconstructede ectancefunctions.These
two scenesrealsoincludedon thevideo.

Theright of gure 11 shaws ajadestatuetteA seriesof
selectede ectancefunctions,reconstructedisingthe mul-
tilevel B-Spline techniquewith all 1280 capturedsamples,
aredepictedon both sides,containinga whole rangeof dif-
ferentre ectancefeaturesspeculahighlights( gure 11.A),
diffuse re ection (gure 11.B), subsuréce scattering( g-
ure11.D) andcomplex occlusion( gure 11.C, G andH).

In thesescenesthe multilevel B-Splinestechniquealso
performs bestin terms of both error and reconstruction
smoothness.

5. FastRelighting

In this section,we assumehatthere ectancefunctionsare
alreadyreconstructedisingoneof thetechniquegpresented
in the previous section.The reconstructede ectancefunc-
tionsareprovidedin analgebraidorm. However evaluating
the re ectancefunctionsusingthis algebraicform may re-
quirea signi cant amountof processingime. Additionally,
computinganimageof arelit objectrequireso evaluate:

z
Lout= _ R(W)Lin(W)d(w); 4)
w

for eachpixel (equationl). The time requiredto compute
thisinnerproductfor asinglepixel is proportionatto:

1. Thetimerequiredto evaluateare ectancefunction.
2. Thenumberof samplesn Li,.

The computationaleffort is large for denselysampledin-
cident illumination (such as high resolution ervironment
maps)andcanbeimpracticalfor real-timeor interactve ap-
plications.

In thefollowing subsectionsve speeduphis computation
by reducingthe weightof bothfactors.Thetimerequiredto
evaluatea re ectancefunctioncanbereducedy expressing
the algebraicform of there ectancefunctionsandtheinci-
dentillumination in a commonsetof basisfunctions(sec-
tion 5.1). Furtherspeedupcan be attainedby a lossy ap-
proximationof Li, and R usingthis samecommonset of
basisfunctions(section5.2) and also reducingstoragere-
quirement.

5.1. Common BasisApproximation

The functionsL,(w) and R(w) canbe expressedusing a
commonsetof basisfunctionsB;j(w) anda dual setB;(w)
onW

Lin(w) = &;1iBj(w)
R(W) = &;riBj(w);

wherel; andr; aretheprojectionsof thedualbasisfunctions
Bi(w) ontoL i, (w) andB;(w) ontoR(w) respectiely.

Equation4 can be rewritten using theseapproximations
as:

Z
R(W)Ljn (w)dw
w | |

Lout
A

arBiw  AlB(w) dw
i j

aaril; Bi(w)Bj(wdw:
W

This can be further simpli ed usingthe de nition of dual
basisfunctions( \,B;(w) Ej (w) dw = d;j) to:

Lout= é. rili: )
i

This reduceghe inner productcomputationto multiplying
the correspondingcoefcients from the re ectance func-
tion andtheincidentillumination. Theincidentillumination
needgo be projectedonly onceon the dual basisfunctions
andtheresultingl; canthenbe re-usedor eachpixel. Note
thatboththeincidentillumination andthere ectancefunc-
tions canbe expressedn the samebasiswhenB; is an or-
thonormalsetof basisfunctions.

Incidentilluminationis usuallyrepresentedsanerviron-
mentmapwith a nite resolutionof N samplesTherefore,
Lin canberepresentedy a nite numberof N dual basis
functionsB; (i.e. N coefcients [;). Fromformula5 follows
that,if R is expressedisingtheN correspondindpasisfunc-
tions Bj, thenL oyt canbe exactly computedwithout intro-
ducinganapproximatiorerror.

In practice,a re ectance function is rst expressedin
a discreetrepresentationThe resolutionand parameteriza-
tion of this discreetrepresentatiorshould be equalto the
resolutionand the parameterizatiorf the incidentillumi-
nation. This discreetrepresentatiortan now be more eas-
ily expressedn a speci ¢ basis(e.g. sphericalharmonics,
wavelets,...). The coefcients for eachre ectancefunction
can be pre-computedyeducing the evaluation of the re-
ectance functionsto a simple lookup operationinsteadof
evaluatingthealgebraidorm.

¢ TheEurographic#ssociation2004.
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5.2. LossyApproximation

ExpressingR andL;, in a commonsetof basisfunctions
doesnot reducethe numberof multiplicationsin the inner
productcomputationwhich is equalto the numberof sam-
plesin Li,. A solutionis to selecta commonbasissetin
which mary coefcients arenearzero.A lossyapproxima-
tion is then appliedby leaving out thesenearzero coef-
cients,introducinga small error Using a lossy approxima-
tion methodmalesit possibleto reducethe numberof coef-
cients dramaticallywithoutintroducingtoo mucherror

In the following sectionswe discusssphericalharmonics
andwaveletsasa candidatdor sucha commonsetof basis
functionsto be usedwith lossyapproximation.

Spherical Harmonics

Sphericalharmonicscan be usedto representre ectance
functionsof a pixel in a compactway. The mainideais to
usea numberof low frequeny bandsto representhe data,
leaving out high frequeng “details”.

Low frequeng re ectancefunctionscanbewell approx-
imatedusingsphericaharmonic§ RHO1], if only thelower
bandsare used.Using more bandswill allow to add more
detail in the resulting re ectance functions. A signi cant
drawvbackof sphericalharmonicsis Gibbsringing or alias-
ing which occursaroundhigh frequeng features,suchas
highlightsandself-shadwing boundariesTheresultingre-
ectance functions are similar as when reconstructinghe
re ectancefunctionsdirectly with sphericaharmonicq g-
ure4.G and gure 4.H).

Kautz et al. [ KSS0J usedthe rst 15 bandsto represent
syntheticre ection propertieswithout taking into account
self-shadwing effects. Sloanet al.[SKS0] extendedthis
techniqueto includeself-shadwing for syntheticscenesy
usingtwo setsof sphericaharmonicspnefor there ectance
propertiesandonefor theself-occlusiorfeaturessingtwo
setsis only possiblef the geometryis known in advance.

Wavelet Compression

Waveletsare well known for their usein image compres-
sionandhave alsobeenusedfor representinggndcompress-
ing incidentillumination. Ng et al.[NRHO3 useda cube-
parameterizatioanda non-linearHaarwaveletapproxima-
tion [DeV9g ontheincidentilluminationin animage-based
relighting context. Using a non-linearapproximationof the
incidentillumination signi cantly speeds-ughe computa-
tion of formula 5. However, it doesnot reducethe stor
agerequirementdor the re ectance eld. A more logical
choicewould beto usenon-lineawaveletapproximatioron
the re ectancefunctionsitself, reducingcomputationabnd
storagerequirementsFurthermorewe do not restrict our
self to only the Haarwavelet. Higher order5=3 LeGall and
9=7 Daubechiediorthogonalwaveletsare alsoconsidered.
Thesewaveletshave betterpropertieswith respecto image
compressiofUB03] thanthe Haarwavelet.
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Figure 9: Sobole H*-norm versusthe numberof wavelet
coefcients.

We performedanon-linearapproximatiorin the samepa-
rameterizatiormswasusedfor the waveletreconstructionn
sectiord andaresolutionof 256 64.An increasen resolu-
tion will not alterthe compressiomatio much,sincethein-
creasen informationis limited. For all exampleswe started
from the re ectancefunctionsreconstructedvith the pro-
posedmultilevel B-Splinetechnique.

For errormeasurementse usedthe scenefrom gure 3.
Toincludebothspatialaswell astemporalerrors we created
animagein which eachcolumnrepresentshe samecolumn
in arelit imageof theminiatureracecarbut at differentmo-
mentsduringrelightingwith animatedncidentillumination
(asliver of light rotatingaroundthe object( gure 12)).

In gure 9therelative Sobole H-erroris plottedin func-
tion of the numberof wavelet coefcients. The relative L2-
error resultedin a simular graph and was thereforeomit-
ted. In general,the Haar wavelet needsmore coefcients
to achieve the samerelative error For example,4096 Haar
waveletcoefcients areneededor a 2% error, asopposed
to only 256 5=3 LeGall or 9=7 Daubechiesvavelet coef-
cients.The9=7 Daubechiesvaveletslightly outperformghe
5=3 LeGallwaveletin termsof error:for 256 coefcients the
Haarwaveletresultsn a7:05%relative error, the5=3 LeGall
waveletin a 2:12% relative error and the 9=7 Daubechies
waveletin a 1:88%relative error.

Using the same number of coefcients for each re-
ectance function in the re ectance eld is not optimal.
Somere ectance functions can be compressedising less
coefcients andstill resultin anacceptablesrror during re-
lighting. To determinethe numberof waveletcoefcients to
beusedfor aspeci c re ectancefunction,our algorithmse-
lectsthe largestwavelet coefcients suchthatthe error on
theL?-normon thecompressede ectancefunctionitself is
boundedby an errorthreshold.This L2-norm canbe easily
computedby decomposinghe re ectancefunctioninto the
primal and dual wavelet spaceand summingthe multiplied
correspondingoefcients. The L2-normis sufcient for de-
terminingthe numberof wavelet coefcients, althoughit is
only an indication of the error on the inner productof the
re ectancefunction and the (at processingime) unknown

incidentillumination.
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It is importantthatthe non-linearapproximationfor both
X edandvariablenumberof coefcients, maintainsasmuch
aspossiblethe smoothnessf the original re ectancefunc-
tions.Introducingadditionaldiscontinuitieswill resultin vi-
sually disturbingfeaturesvhenanimatingthe incidentillu-
mination.This canbeseenin thelastthreerowsin gure 12
andin the accompaying video, both relit from re ectance
functionscompressedith avariablenumberof coefcients
(0:1% errorthreshold).It is clearfrom this gure andthe
video that, althoughthe Haar wavelet achieves very good
compressiomatios,it fails to maintainsmoothnessTherea-
sonis the low numberof vanishingmomentsin the Haar
wavelet. The 5=3 LeGall and 9=7 Daubechiesvavelet per
form muchbetterandstill have very good compressiona-
tios. See gure 10 for a comparisonof the Soboler H-
normversusdifferenterrorthresholdvaluesandthe respec-
tive numberof waveletcoefcients. Thecorrelationbetween
the numberof coefcients for a speci ¢ waveletandthe er-
ror thresholds hardto predict. Whenusinga variablenum-
berof coefcients, morewaveletcoefcients areassignedo
high-detailre ectancefunctions,whereaslow-detail func-
tions arecompressedsinglesswavelet coefcients. These
detailscontrikute little to the error, hencethe small differ-
encein errorbetweercompressinge ectancefunctionsus-
ing a variable numberof wavelet coefcients and using a
x ednumberof waveletcoefcients.

In terms of error and smoothnesghe 9=7 Daubechies
waveletis preferred(followed by the 5=3 LeGall wavelet),
achieving a compressiorratio of 1 : 34 for a 0:2% error
thresholdand a H-error of lessthan 1% on a 256 64
discretizationof a multilevel B-SplinereconstructionNon-
linear approximationusing the Haar wavelet will only be
better suited when compressinge ectancefunctionsthat
are non-smoothlyreconstructede.g. zero-orderhold tech-
nique).

6. Conclusion

In this paper we proposea setof techniquego reconstruct
continuouge ectancefunctionsfrom a setof measurede-
ectancesamplesSeveralexisting methodso reconstruct
continuouge ectancefunction,suchaszero-ordeihold, t-
ting the sampleddatato a biquadricpolynomialor to spher
ical harmonicbasisfunctionshave beencomparedo these
new techniques.

Interpolation of the sampleddata ensuresthat the re-
ectance function goesthroughthe sampledvaluesat the
samplediirections We analyzedinearinterpolationjnverse
distanceweightedinterpolationand wavelet interpolation.
Fitting thedatasamplego a setof bicubicB-Splinegle ned
on a lattice producesa C? continuousre ectancefunction
which maintainsall sampledeaturessuchashighlightsand
self-shadwing andallows to changethe illumination while
the resultingimagesform a coherentseriesof imagesover
time.

Averagenumberof coefcients perwavelet
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364 588 908 1356 1923 2620 3460 4378
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Figure 10: Sobole H L normversusthe error-thresholdon
theinner productfor non-linearapproximationusinga vari-
ablenumberof coefcients perre ectancefunction.

From our experimentsye foundinterpolation multilevel
B-Spline reconstructionand waveletsinterpolationto per
form betterthanexisting methodslin casetheincidentillu-
minationis animatedthe resultingseriesof relit imagesis
most coherentwhen using multilevel B-Spline reconstruc-
tion. However, multilevel B-Spline reconstructiormay re-
sultin smallringing effectsin caseof very high frequeng
re ectance functions. As an alternatve, linear interpola-
tion techniqueglinearinterpolationand5=3 LeGall wavelet
interpolation) guaranteeno ringing effects at the cost of
smoothness.

In orderto relight the objectfaster a commonbasisap-
proximationcan be created,introducingan approximation
error. This error canbereducedby selectingan appropriate
setof basisfunctionsandby increasingthe numberof ba-
sis functions.We found 9=7 Daubechiesvaveletsusingan
averageof 481 coefcients reduceghe approximatiorerror
to lessthan 1% percent.The 5=3 LeGall wavelet performs
well, but doesnot reachthe samecompressiomatiosasthe
9=7 Daubechiesvavelet. The Haarwaveletintroducednew
temporaldiscontinuitiesandshouldthereforenot be usedto
compressmoothre ectancefunctions.

As a conclusion,we proposeto reconstructa continu-
ousre ectancefunction from a sampledre ectancefunc-
tion, usingthe multilevel B-Splinetechnique This enables
to presere all featuresin the sampledre ectance func-
tion and allows coherentrelighting whenthe incidentillu-
mination varies. Using non-linearapproximationwith 9=7
Daubechiesvavelets there ectancefunctionscanbestored
with alow averagenumberof coefcients. This enabledast
relighting, without loosingimagequality in the relit images
andminimizesstoragerequirements.

7. Futur e Work

The computationatime neededo generate relit imageof
an objectcanbe reducedby selectingan appropriateset of
commonbasisfunctions.At the sametime, the datais also
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compressedsnablingusto cacheall datasimultaneouslyin
the nearfuture, we will researcthow relighting canbe per
formedon graphicshardware,enablingreal-timehigh detail
relighting.

Our proposedechniqueallows to reconstruct continu-
ousre ectance eld from a setof samplesandrepresenit
in acompactway. Althoughwe presentedt for real objects,
the methodcanalsobe appliedto syntheticobjectsfor rep-
resentingadiancdransfer

In our work, we mathematicallycomparedhe different
techniquesy computingan error on the reconstructede-
ectance functionsanda visual comparisorwas conducted
on theresultingrelit images.However, the spatialandtem-
poral aliasingof the seriesof relit imagesshouldbe com-
paredwith a mathematicaerroraswell. This is a direction
for futureresearch.

The wavelets usedfor interpolatingare not necessarily
the bestchoice.We intendto look at otherwaveletsspecif-
ically designedor interpolation.We alsointendto investi-
gatecompletelyotherreconstructiortechniqguesuchasthe
push-pullmethod,asdescribedn [GGSC96.
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Figure 12: A columnof pixelsis selectedfrom an image
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displayedor differentreconstructiorandcompessionted-
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