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Abstract

Captured re�ectance�elds provide in mostcasesa rather coarsesamplingof the incident light directions.As
a result,sharpillumination features,such as highlightsor shadowboundaries,are poorly reconstructedduring
relighting; highlightsare disconnected,andshadowsshowbandingartefacts.In this paper, weproposea novel
interpolationtechniquefor 4D re�ectance�elds that is capableof reconstructingplausibleimagesevenfor non-
observedlight directions.Givena sparselysampledre�ectance�eld, wecaneffectivelysynthesizeimagesasthey
wouldhavebeenobtainedfromdensersampling. Theprocessingpipelineconsistsof threesteps:segmentationof
regionswhere apparent motioncannotbe obtainedby blending, appropriate �ow algorithmsfor highlightsand
shadows,plusa �nal reconstructiontechniquethatusesimage-basedpriors to faithfully correcterrors thatmight
be introducedby the segmentationor �ow step.Thealgorithm reliably reproducesscenescontainingspecular
highlights,interre�ections,shadowsor caustics.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7[Computergraphics]:Three-DimensionalGraph-
icsandRealismI.3.7 [Computergraphics]:Color, shading,shadowing andtexture

Keywords: Re�ectanceFields,Image-BasedLighting, Upsampling

1. Intr oduction

Re�ectance�elds have beenshown to be a powerful ap-
proach for creating photo-realisticimages of objects or
scenesin new illumination conditions.The key ideaof re-
�ectance�elds, andthebasisfor almostall work in this�eld,
is theobservationthat,dueto theprincipleof superposition
of light, the combinationof multiple light sourcescan be
simulatedby addingthe pixel valuesof imagestaken with
separatelight sources.Theeffect of anenvironmentmapon
a sceneis simulatedby a weightedsumof imagestaken at
different illuminations,suchaspoint lights at differentdi-
rectionsof a light stagesetup.
For high-qualityresults,however, re�ectance�eld methods
have beenquitecostlyin termsof acquisitiontime andstor-
agespacesincethey requireoneinput imagefor eachinci-
dentlight direction.Faithful reproductionof high frequency
illumination effectssuchassharpshadow boundaries,spec-
ular highlightsor causticsrequirea very densesamplingof
the light directions.If the spacingbetweenillumination di-
rectionsis too large, salientartifactsoccur in simulations
of extendedlight sources(seeFigure 1): In specularhigh-

lights on glossysurfaces,the original samplingpatternis
clearly visible, showing up as a patternof spatially sepa-
ratedhighlights.In simulationsof moving directionallights,
the synthesizedsequencewill show aliasingartifacts:Ad-
jacenthighlightsappearanddisappear, ratherthanmoving
smoothlyover there�ective surface.Similar aliasingeffects
canbeobservedin moving shadows. In general,smoothre-
sults can only be expectedif the samplingdensity is ap-
propriatefor the angularresolutionof the illuminations in
termsof the samplingtheorem[FLBSar]. For light stages
with LEDsor small�ashlights (TO DO: cite al. et Debevec,
al et P�ster ) , densesamplingmaywell requiretensof thou-
sandsof images,whicharetoocostlyto acquire.
We thereforeproposea novel interpolationandupsampling
schemethat takes as input a sparselysampledre�ectance
�eld capturedwith apoint light sourceandproducesaplau-
sible re�ectance�eld with muchhigher resolution,for in-
stance,supersamplingit from 230 capturedto about4000
synthesizedilluminationdirections.With theconstructedsu-
perresolutionre�ectance�eld, the motion and appearance
of high frequency illumination effectscanbeapproximated
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linearblend

proposedinterpolationtechnique

Figure1: Relightinga sparsely(230input images)sampled
re�ectance�eld with a smallarea light source. Top: Linear
interpolationof theinputsamplesresultsin bandedshadows
and disconnectedhighlights.Bottom:Our novel interpola-
tion techniqueupsamplesthe sameinput re�ectance�eld,
effectivelyincreasingits resolutionto 3547samples,and is
capableof plausiblyreproducingsmoothshadows,shadows
of semi-transparentobjects,highlightsandcaustics.

without requiringto capturethousandsof samples.
Theintermediatere�ectanceimagesarecreatedby �rst sep-
aratingtheinput imagesinto regionswheresimplelinearin-
terpolationis suf�cient, andregionswhereit is not. Theal-
gorithm distinguishesbetweenhighlights,shadow contours
and regions that changeslowly with illumination, suchas
diffusely lit surfacesandthe inner regionsof shadows. For
thecomponentsthatneedto beexplicitly moved,we apply
appropriate�o w algorithms.In orderto predicttheappear-
anceof the scenefor an intermediatelight directionwe �-
nally composethewarpedcomponentsandregularizetheso-
lution usingimage-basedpriors.As we separatethepredic-
tion whetherapixel shouldbeshadowedor notfrom theesti-
mationof its appearancewhenactuallyshadowed,wemain-
tain local texturedetailwhile reconstructingasharpshadow
boundary.
Thebene�t of our approachis that from low samplingrates
with high-spatialfrequency illumination, we can simulate
intermediateilluminationsboth at high spatialfrequencies,
suchas point lights, and simulateextendedlight sources,
suchasthosefoundin many light �elds. Froma theoretical
perspective, the algorithmtapsnew sourcesof information
aboutre�ectancefrom sparsesamplesby modelingandsep-
aratingthetight connectionbetweentheeffectsin theimage
planeandin theangulardomain.

2. RelatedWork

Most re�ectance�eld capturingapproachessamplethelight
sourcedirection sparselyby moving a point light source
[DHT� 00, MDA02, MPZ� 02] or a projector [MPDW03,
SCG� 05, GTLL06] to a discreteset of positions on the
spherearound the object. High frequency effects in the
light domain, e.g. shadow, highlights or caustics,require
a much higher samplingdensity. This can be obtainedby
literally capturingthousandsof sampleswith a dual light
stage[HED05] at immenseacquisitioncosts,or by trying to
parallelizetheacquisitionof multipledirectionalsamplesus-
ing anadaptive scheme[SCG� 05] or a stochasticapproach
basedon wavelet noise[PD03]. While considerablyfaster,
thelatteroneshave thedisadvantagethatdim featuresin the
re�ectance�eld might be capturedat high noiselevels be-
causethey are always observed in conjunctionwith some
potentiallymuchbrighterre�ections.

In this paper, we insteadproposeanadvancednon-linear
interpolationtechniquesthatcancorrectlyreproducetheob-
ject's appearancefor in-betweenlight sourcepositionsfrom
a sparsesampling.Simpleblendingbetweeninput samples
is typically not suf�cient.
One way to estimateintermediatesamplesis to approxi-
matethere�ectance�eld locally by anexplicit model.Var-
ious modelshave beenproposedto describethe apparent
BRDF for thesurfacepoint visible at a givencamerapixel,
such as analytic BRDF models [DHT� 00], which, how-
ever, do not accountfor global effects.More generalfunc-
tionssuchassphericalharmonicsandwavelets[MPDW04]
on the other handcan at bestprovide a smoothinterpola-
tion betweengiven samples.High frequencieswill not be
introducedto pixels which did not observe them. In or-
der to increasethe samplingdensitylocally the re�ectance
sharingapproachcombinessamplesfrom multiple surface
points [LLSS03, ZREB06]. This techniquehasso far been
demonstratedfor opaquesurfacesof known geometryonly.
In this paperwe presentinterpolation techniquesfor re-
�ectance�elds of non-opaquesurfacesandunknown geom-
etry.
The problem of interpolationbetweenlight sourcedirec-
tions is relatedto the problem of view interpolation,for
which varioustechniqueshave beenproposed,e.g.optical
�o w [BA96,BBPWk04] or level setblending[Whi00]. Spe-
cial solutionsto handleillumination effectsinclude�o w for
specularsurfaces[RB06] or interpolationfor specularlyre-
fracting materials[MPZ� 02]. However, applying view in-
terpolationtechniquesto the input imagesof a re�ectance
�eld directly hasthe inherentproblemthat the sceneitself
and all its texture is static while the illumination creates
apparentmotion on top of the static structures.Barrow et
al. [BT78] thereforeproposedthe separationinto intrinsic
andilluminationimages.For re�ectance�elds of mostlydif-
fusescenes,Matsushitaet al. [MKL � 04] usedthe illumina-
tion imageto detectshadows which arethenmovedaccord-
ing to the position of the light sourcewith the help of an
explicit 3D modelof thescene.Applying view-interpolation
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techniquesonthresholdedbinaryimagesof detectedshadow
regions,ChenandLensch[CL05] generatedsmoothlymov-
ing shadow regions.They worked on 6D re�ectance�elds
wherethe illumination is controlledby a projector. This al-
lowedthemto turn off thedirect illumination to theshadow
regionswhile still consideringtheindirectilluminationfrom
othersceneparts.
Ourupsampledre�ectance�elds areregularizedby applying
image-basedpriors introducedby Fitzgibbonet al. [AF03].
They performedview interpolationand implicitly recon-
structeda depthmapsubjectto theconstraintthat the inter-
polatedview is locally consistentwith the recordedimage
data.The constraintenforcesthat any pixel neighborhood
in theinterpolatedview hasto occursomewherein theinput
views.Wexler etal. [WSI04] furtherextendedthisideato �ll
in holesin a space-timevideocube.Without any additional
information,relying on image-basedpriors only, the holes
are�lled in byamulti-resolutionframeworkusing3Dneigh-
borhoods.At eachlevel thesolutionof theprevious level is
regularizedto matchthe image-basedpriors at that resolu-
tion. Upsamplingre�ectance�elds canbeviewedas�lling
holesin a 4D structure.In contrastto thework by Wexler et
al., our inputdataunfortunatelyprovides2D slicesonly, i.e.
priors for 2D neighborhoods.We thereforeneedto include
thereconstructionstepbasedonhighlightandshadow maps
in orderto recover4D consistency.

3. Overview

Re�ectanceFieldsrepresentapowerful tool to describelight
transportin realworld scenes.In the4D case,there�ectance
�eld is de�nedasafunctionR(x;y;q; f ) thatmapsthedistant
light comingfrom thedirection(q; f ) in polarcoordinatesto
thebrightnessesR(x;y;q; f ) atpixel positions(x;y) in anim-
ageof w� h pixels.Color channelsaretreatedseparately.
For a given environmentmap L(q; f ), imagescan be ren-
deredaccordingto theRe�ectanceIntegral for Image-Based
Relighting:

I (x;y) =
Z

q2 [0:p]

Z

f 2 [0;2p)
L(q; f ) � R(x;y;q; f )df sinqdq

(1)
Capturedre�ectance�elds usually consistof a number

of n slicesRi(x;y), correspondingto imagescapturingthe
appearanceof the scenefor a single illumination direction
(qi ; f i). In order to renderthesewith continuousenviron-
ment maps,interpolationalong the q; f domain is neces-
sary[MPDW04]. Unfortunately, sucha direct interpolation
maybe insuf�cient if n is small;however smooththe inter-
polationmaybe,it doesnot ensurethathigh-frequency fea-
tureslike shadow boundariesor highlightsvary smoothlyin
theimagedomain.
In our approach,we reducethe interpolationproblem by
synthesizingplausible intermediateimagesRk at a much
higher density in the domainof light directions(seeFig-
ure 2) and inserting them into the measured�eld. From
there,we can proceedwith any interpolationscheme;for
this paper, we show resultsbasedon linear interpolationin

Figure2: Theincidentlight directionsof a sparselysampled
(n = 230) re�ectance�eld visualizedas black dots,and a
connectingDelaunaytriangulation which de�nes barycen-
tric coordinateson which linear interpolationcan be per-
formed.We increasethe resolutionby synthesizingsamples
for in-betweenlight directions(reddots).

Figure 3: Input slicesRi , Rj of the re�ectance�eld for in-
cident light anglesqi ; f i and q j ; f j , respectively, are sepa-
ratedinto highlights,shadowsanda diffusecomponent.We
interpolatethecomponentsseparatelyandcombinethemto
a new sliceRk for an intermediatelight direction.

barycentriccoordinateson a Delaunaytriangulationof the
input images.We generatethe intermediateimagesRk by
processingtheinput imagesRi accordingto thepipelinede-
pictedin Figure3. Thepipelineconsistsof threemainsteps:
segmentationandlabelingof theinputdata,separateupsam-
pling of the highlight andshadowmaps,andreconstruction
at thetargetresolutionsubjectto image-basedpriors.
The segmentationstep(Section4) separatesout highlights
and shadows which are treatedseparatelyin our pipeline.
Fromtheinput imagesRi weextracttheimagesHi , thatjust
containthehighlights,andreconstructimagesDi wherethe
informationbeneaththehighlightsis plausiblyreconstructed
usingimage-basedpriors.In asecondstep,abinaryshadow
mapSi is computed,whichencodeswhetherapixel is likely
to be in shadow (Si(x;y) = 0), or not (Si(x;y) = 1). The
shadow segmentationdoesnot needto bevery precisesince
it is usedmainly to obtainthecorrectmovementof shadow
boundaries,but not theintensityof theinterior.
In the secondstageof the pipeline(Section4), we upsam-
ple the highlight and shadow datato higher resolutionsin
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theq; f domain:we applyoptical�o w to warpthehighlight
imagesHi andperformlevel-setimageblending[Whi00] on
theshadow mapsSi .
In thethird step,a tentative intermediateimageRreco

k is syn-
thesized.Fromthewarpedshadow imageswedeterminefor
eachpixel how to interpolateits re�ectancefrom shadowed
or lit samples.We thenapplyimage-basedpriorsin orderto
regularizeoursolution,removing intensityorhighfrequency
artefactsintroducedby incorrectsegmentation.Finally, we
addthewarpedhighlight layerandarrive at theinterpolated
imageRk.

4. Segmentation

Our methodbeginswith theextractionof semanticmapsof
highlightsandshadows for our input imagesRi . In orderto
obtaina criterion to determinethe statusof eachpixel, we
sort themeasuredre�ectancevaluesRi(x;y) for eachpixel,
resultingin imagesPi , whereP0 containsthe dimmestre-
�ectancefor eachpixel andPn� 1 the brightest.From these
pictureswe selecta pictureP whereno pixel is a highlight
nor a shadow. For an input re�ectance�eld consistingof
n = 256 images,we found P = P230 to be a robust choice.
BasedonP, shadow andhighlightmapsaregeneratedin the
following steps.

4.1. SpecularHighlights

Theseparationof highlightsis doneseparatelyfor eachinput
imageRi in severalsteps.At �rst, a binarymapMhigh

i (x;y)
encodeswhetherapixel Ri(x;y) containshighlight informa-
tion or not. Initially, Mhigh

i (x;y) is 1 iff Ri(x;y) � fhighlight �
P(x;y), wherefhighlight is aconstantfactorfor all images;in
ourexperience,fhighlight = 2 or 4 is agoodchoice.Then,we

dilateMhigh
i (x;y) with a3� 3 or 5� 5 box�lter , growing the

highlight regionsto includepossiblehazearoundthem.
Basedon Mhigh

i , we generatethe highlight-freeimagesDi
by removing all possiblehighlightpixelsfrom Ri andapply-
ing thehole �lling algorithmby Wexler et al. [WSI04] (see
Section6.2) to reconstructplausibletexture informationre-
placingthehighlights.As texturereferences,we useRi and
the imagesfor neighboringlight con�gurations,but we re-
movepotentialhighlightpixels.In modi�cation to Wexler et
al.'s original algorithm,we do not performanoutlier detec-
tion,andaddatermto theregionlookupwhichfavorsclose-
by regions,asthis improvestheperformanceof the lookup
structure.
Finally, the highlight map Hi(x;y) = Ri(x;y) � Di (x;y) is
computedastheper-pixel difference.Figure4 illustratesthe
highlightdetectionandremoval process.

4.2. Shadow Boundaries

In contrastto thehighlightmaps,theshadow mapsaregener-
atednot independentfor eachinput image,but independent
for eachpixel at position(x;y). We performa region grow-
ing on lit regionsandtreattheremainderasshadow.

More precisely, a shadow map Si(x;y) is generatedfor
all directions (qi ; f i), with initially Si(x;y) = 1 for “lit”
if f Ri(x;y) � P(x;y), and Si(x;y) = 0, otherwise.In or-
der to mitigatecameranoiseonecanperformthis segmen-
tation basedon a pre�ltered version of Ri . We then per-
form thefollowing iterativeupdate:Let (qi ; f i) bethedirec-
tion for which pixel (x;y) is currentlylabeledasshadowed
(Si(x;y) = 0), and(q j ; f j ) aneighboringdirectionfor which
thepixel hasbeenlabeledaslit (Sj (x;y) = 1). For imageRi ,
the pixel is re-labeledas lit (Si(x;y) := 1) if the following
criterion is met: Ri(x;y) > fl it � Rj (x;y) We usually chose
0:66 � fl it � 0:9. The region growing is iterateduntil no
moreupdatestake place.Thus,thelit regionsgrow until the
differenceto neighboringdirectionsbecomesso large that
linearblendingis likely to fail, indicatinga shadow bound-
aryat this location.
Figure5 illustratesthedetectionof shadow maps.Notethat
while the resultsmay be noisy in the (x;y) domain, the
schemeis continuousin the(q; f ) domain,wheretherecon-
structionlatertakesplace.

5. Upsamplingof highlight and shadow data

Before we can synthesizere�ectanceimagesIk at the full
resolution,weneedto procureestimationsof theshadow and
highlight distributions for this resolution.Let Si andSj be
shadow maps,andHi andH j behighlight mapsfor two in-
put imagesRi , Rj thathave adjacentlight directions(qi ; f i)
and(q j ; f j ) in themeshprovidedin Figure2. In thissection,
wewill explainhow togenerateintermediatemapsSk andHk
for thein-betweendirection.Thefull targetresolutionis then
laterobtainedby iteratively subdividing themeshedgesand
recomputingthetriangulationuntil thedesiredresolutionis
achieved, i.e. informationis availableat all reddotsin Fig-
ure2.

5.1. UpsamplingSpecularHighlights

Thegenerationof Hk is ratherstraight-forward.Weapplythe
optical�o w algorithmby Brox etal. [BBPWk04] bothto ob-
tain a �o w �eld from Hi towardsH j , andfrom H j to Hi . We
clamptheHDR dataof thehighlightsto obtainasmallerdy-
namicrange,which makesmatchingeasier. Using the �o w
�elds, we warp Hi and H j with full dynamicrangeto the
halfwayposition,andblendtheresultlinearly to obtainHk .
The �o w algorithm is capableof generatingvery smooth
�elds, whichis usefulfor ourapplication,asit allowsto drag
highlightdataalongevenif only neighboringpartsmatched.
As we segmentour highlights carefully and the separated
highlight imageis mostlyblack,thisdoesnot introducearte-
facts.

5.2. Upsamplingshadow data

For the interpolationof the shadow mapsSi , we employ
thelevel-setblendingapproachof Whitaker [Whi00], which
generatesintermediateshapesof level setswithin images.
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(a) input imageR (b) detectedhighlight zoneMhigh (c) reconstructedtextureD (d) separatedhighlightsH

Figure 4: Separation of highlights.By intensityanalysisin the input image R (a), a region of de�nite highlights Mhigh is
detected(b, coloredin yellow)which is dilated(b, coloredin red)for robustness.Texture reconstructionallowsto estimatethe
appearanceD belowthehighlights(c). BysubtractingD fromR,thehighlight layerH for this image is estimated(d). Notethat
thereconstructedhighlightshavesmoothboundaries.

R(154;172;q; f ) R(156;172;q; f ) R(158;172;q; f )

S(154;172;q; f ) S(156;172;q; f ) S(158;172;q; f )
S(x;y;qi ; f i)

Figure5: Computationof shadowmaps.To theleft, thetop rowshowsa plot of acquiredre�ectancein polar parameterization
for three pixels (to the right of the �gur e's left foot). Below, the segmentationin shadow(black) and lit (white) regions is
displayed.Theimage to theright showsa sliceof theshadowmapin image spacefor a �xed incidentlight angle(q; f ). While
noisyin imagespace, theshadowcomputationis stablealongthe(q; f ) directions.

In contrastto optical �o w, this algorithm is more tolerant
to noisein the imagedomain,estimatingthecorrectmove-
mentof the shadow boundarieswhile keeping�x ed struc-
turesconstant.In contrastto the original paper, we replace
the up-wind schemefor the computationof partial deriva-
tiveswith simplecentraldifferences,asthisyieldsmoresta-
ble resultsfor our application.Sincethe level-setblending
algorithmproducescontinuousimagesevenfor sharplyseg-
mentedinput data0 or 1, we re-quantizethe outputagain.
This producesplausibleshadow boundariesfor in-between
images(seethecentralrow of Figure6).

6. ImageSynthesis

Having generatedtheSk andHk for thetargetresolution,we
can now synthesizethe output imagesRk. Let (qk; f k) be
the light direction for which the synthesisis required,and
(qa; f a), (qb; f b), and(qc; f c) bethetriangleof observedin-
put directionsfrom Figure 2 which contains(qk; f k). The
reconstructiontakesthreesteps:�rst, reconstructthediffuse
appearanceRreco

k usingtheestimatedshadow maps,second,
regularizetheestimationusingIBR priors,yieldingRregular

k ,
andthird, addthehighlight layerHk resultingin the recon-
structionRk. Figure6 illustratesthedifferentreconstruction
steps.In the �gure, the highlight mapHk hasalreadybeen
addedto thereconstructionresultsbasedontheshadow map.

6.1. ReconstructionBasedon Shadow Maps

We �rst reconstructthe initial diffuse appearanceRreco
k ,

given the upsampledshadow mapsS. For the construction
of Rreco

k , we needto obtainestimatesfor every pixel's ap-
pearanceboth for the hypothesisRl it

k that the pixel may be
lit, andfor the hypothesisRshadowed

k that it is in shadow. In
this step,theshadow mapsserve two purposes:a prediction
whethera given pixel (x;y) shouldbe shadowed or lit, and
a statementwhetherthe input imagesRa;b;c(x;y) describe
the pixel in lit or shadowed state.However, as the shadow
mapsarebinaryandpossiblyimprecise,they cannotbeused
directly. Instead,we computea blurredshadow mapSk by
averagingover the10 nearestlight directions,which we use
assmoothapproximationof therelativeshadownessin pixel
Rk(x;y). Analogously, we also computesmoothedshadow
mapsSa;b;c, which areusedfor estimatingtheshadow state
of Ra;b;c(x;y) ; optionally, onecanaverageovermoreneigh-
borsin orderto bemoreconservative (seeFigure7).
We cannow computethevaluesRshadowed

k (x;y) andRl it
k for

theappearanceof Rk(x;y) both in shadowedstateandin lit
state.A setof casesis possible:

1. Sa(x;y) = Sb(x;y) = Sc(x;y) = 1, i.e. all neighboring
input imageshave reliably observed the pixel while it
was lit: W computeRl it

k (x;y) using a direct interpola-
tion usingbarycentriccoordinatesa;b;g as Rl it

k (x;y) =
aRa(x;y) + bRb(x;y) + gRc(x;y).
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(a) (b) (c) (d) (e) (f)

Si Hi Ri Ri Ri

Sk Hk Rreco
k + Hi Rregular

k + Hi (Ri + Rj )=2

Sj H j Rj Rj Rj

Figure 6: Illustration of thereconstructionprocess.Thebottomandtop row containinformationfromtheinitial, sparseinput
�eld. Thein-betweenrowis synthesized.Byanalyzingtheshadowmaps(a) wecanobtainareas(b) whereweeithercanlocally
interpolate(gray) or needto locally extrapolate(greenandred).Thegreenareais predictedto befully lit or fully shadowed,
theredareais theestimatedlocationof theshadowboundary. Afteraddingthehighlightmap(c), reconstructionyieldsa rough
picture (d) which is improvedusingimage-basedpriors (e). Especiallytheshadowboundaryis much more pleasingthanin a
directlinear interpolation(f).

Sa

Sc Sk

Sb

Figure 7: Polar plot of all blurred shadowmapsat a �xed
pixelposition(whiteis lit, black shadowed,grayuncertain).
There�ectanceat light directionk is reconstructedaccord-
ing to thelocally estimatedshadowstateSk byextrapolation
fromnearbyfully lit (white)andfully shadowed(black) mea-
suredsamples.If theshadowstateof all observedconditions
a;b;c agrees,directlinear interpolationtakesplace.

2. Sa(x;y) = Sb(x;y) = Sc(x;y) = 0: Similarly, wecompute
Rshadowed

k (x;y) = aRa(x;y) + bRb(x;y) + gRc(x;y).
3. For all othercases,we extrapolatea value for Rl it

k (x;y)
(andRshadowed

k (x;y)) by robustly �tting a linearspherical
harmonicreconstructionusingtwo SH bandsto the ob-
servationsof nearbylight directions,for which a lit state
(shadowedstate)havebeenobserved.

The output pixel is �nally estimated as Rreco
k (x;y) =

Sk(x;y) � Rl it
k (x;y) + (1� Sk(x;y)) � Rshadowed

k (x;y)
Note that in caseswherewe reconstructeither a fully lit

pixel from fully lit neighbors,or a fully shadowed pixel
from fully shadowed neighbors,we effectively perform a
direct linear interpolationof the pixel value. This implies
that outlier pixels, which are wrongly estimatedto be
shadowed or lit, but areconsistentlymisestimatedfor a set
of closeneighbors,tendto berobustly linearly interpolated
aswell.

6.2. Regularization Using Image-BasedPriors

Thereconstructionexplainedaboveprovidesanestimatefor
the output image,but this estimatemay be unreliable,e.g.
due to misregistrationsof shadow or interpolationdefects.
Theaffectedareasconsistof pixels for which a pixel value
wascomputedfrom extrapolatedre�ectancedata,or in the
vicinity of shadow boundariesin Sk(x;y). For these,we run
a regularizationalgorithm,which we will describein more
detailbelow.
We have adaptedthe approachby Wexler et al. [WSI04]
to performhole �lling andregularizationon 2D slicesof a
re�ectance�eld: The algorithmiteratively updatesall pix-
els within the hole region to betterful�ll the given priors:
Let E0 bethe initial estimateimagea seriesof iterative up-
datesEi is constructed.For eachwindow W Ei (p;q) centered
aroundpixel (p;q) we searchfor thebestmatchingwindow
W Ik(s;t) centeredaroundsomeotherpixel in theentireset
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of input imagesIk basedon themodi�ed distancemeasure

d(W Ei (p;q);W Ik(s;t)) = (2)

argmin
l

L

å
u= � L

L

å
v= � L

kEi(p+ u;q+ v) � l Ik(s+ u;t + v)k2;

whereL is theradiusof thewindow. In contrastto theorig-
inal approachwe searchfor the bestmatchingwindow up
to someintensityscalel . Sinceour input datais relatively
sparsetheextensionis necessaryto �nd appropriatematches
for regionswhichchangetheirintensityslowly dueto theco-
sinefall-off underdiffuseillumination. An ef�cient lookup
can still be achieved by normalizingthe input window to
unit intensity and then searchingfor the nearestneighbor
usinga KD-tree which is built out of normalizedwindows
of the input images.The distancemeasureis furthermore
translatedinto asimilarity measures(WEi (p;q);WIk(s;t)) =

e
� d(WEi (p;q);WIk (s;t))

2s2 which is usedin thefollowing to updateall
pixels(x;y) within thewindow WEi (p;q).
Let WE

j be the setof all windows that contain(p;q). Each
correspondingmatchedwindow l WI

j yields an estimatec j
on what the �nal color for (p;q) shouldbe.Using the cor-
respondingsimilarity measuressj theupdateis computedas
theweightedaverage:

Ei+ 1(p;q) =
å j sjc j

å j sj
; compare[WSI04] (3)

Usually, threeiterationsof this algorithm are suf�cient,
andusingonly input imagesfor neighboringlight conditions
is suf�cient. Thequality improvementis visible in Figure9.
Notethat in mostcasestheimage-basedpriorsremove high
frequency noisebut do not corruptapparentmotionswhich
is importantto achieve temporalconsistency.
In somecaseshowever, the shapeof someshadow edges
cannotbematchedto any input imagedueto amissingsam-
ple with similar orientation.This can lead to slightly de-
formedshadow edges,asin the slightly too �at shadow of
theshiny spherein therightmostimagein thesecondrow of
Figure9. Oneapproachto circumvent this problemwould
beto includerotatedneighborhoodsin thenearestneighbor
search.
Oncethe reconstructionis complete,the warpedhighlight
layerHk is simply addedto theresult,thusobtainingthe�-
nal reconstruction.

7. Results

In order to demonstratethe performanceof the proposed
methodweconstructedsuperresolutionre�ectance�elds for
two different scenes:a ceramicbearwith highly specular
coating(256input images)anda second,morecomplicated
scenecomposedof a set of sphereswith drastically dif-
ferent re�ection and transmissionproperties,as well as a
champagneglass(230 input images).In both cases,the il-
luminationdirectionswerespreadequidistantlyover theup-
perhemisphere.Iteratingthesubdivisionprocesstwo times,
we synthesizeabout4000intermediatepositions.The bear

Figure 8: Reconstructionresultsusinglinear interpolation
from 256 image (top row), our upsamplingschemeapplied
threetimes(centerrow) compared to a referencerendering
with with 10 000 input images(bottomrow). Left column:
simulatedextendedlight sourcewith 15degreesradius,right
column:renderingswith a directionalsource. Thelinear in-
terpolationproducesshadowbandingand signi�cant gaps
in thehighlights.Our upsamplingschemeimprovessigni�-
cantlyon thevisualquality.

datasethasa resolutionof 200� 196andthespheresetof
453� 211pixels.Timingsfor a contemporaryPCareavail-
able in Table 1. The most expensive part of the algorithm
is the applicationof the texture inpaintingfor the highlight
segmentationandtheregularizationof theoutput.Thetable
lists theruntimessplit into separableunits.While I/O opera-
tionsareconsiderableif thestepsaresplit thisway, it is easy
to exploit parallelizationandrun independentoperationsfor
severalimagesconcurrently, e.g.onaclusterof PCs.Dueto
thesmallerresolution,theruntimerequiredfor thebeardata
setis considerablelower. For therenderingsin Figure8, we
have only generatedsamplesneededfor the light situation,
andcouldthereforeafford to createasupersamplingof three
subdivisionsteps.

In Figure8 wesynthesizedthesuperresolutionre�ectance
�eld andcompareit to the resultonewould obtainfor lin-
ear blendingand to a re�ectance�eld capturedat the full
resolution.In the right column, we illuminated the scene
from a single intermediatelight direction. In the locally,
linearly interpolatedimagedouble/triplecontoursfrom the
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directinterpolation super-resolution,nopriors super-resolutionwith priors reference

Figure 9: Resultsof a complex scenewith detail zoom-insfor renderingsin two point light conditions(upperfour rows)and
in theGalileo's TombandUf�zi environmentmaps(http:// debevec.org/ Probes/ ). Thesuper-resolutionre�ectance
�eld is upsampledfrom 230 to 3547images,the referencehas14116images.Our upsamplingapproach producessuperior
resultscompare to linear interpolation.Applyingthe regularization(secondcolumnfromthe right) further improvesshadow
boundaries;for real-worldilluminations,thenon-regularizedversionis alreadyclosein quality. Notethatthereferenceexposes
aliasingwhich thesuper-resolutionimagesdonotshowdueto sub-pixelblurring during theupsamplingsteps.

action avg. time
initial sortfor thresholdimage 60sec.
generationof theinitial shadow mapSi 60sec.
separationinto highlightHi andDi 130sec.
level-setblendingbetweentwo shadow maps 20sec.
optical�o w andwarpbetweentwo highlightmaps 10sec.
blurringof all full resolutionshadow maps 7 min.
reconstructionof oneimagewithoutpriors 50sec.
reconstructionof oneimagewith priors < 15min.

Table1: Timingsfor thecomplex scenein Figure 9.

three neighboringinput imagesare visible which are re-
movedby our upsamplingscheme.While thereconstructed
shadow boundarydoesnotperfectlymatchthereferenceim-
age,it is still plausibleandprovidesasharpcontour. Theleft

columnshows the resultafter integratingover an extended
light source.The linear blendingresultsin a setof clearly
separatedhighlightswhile our reconstructionshows smooth
andconnectedre�ectionsof thelight source.There,thedif-
ferenceto the groundtruth is only marginal. Not only the
highlights,but alsothecastshadows in thescenearerecon-
structedwith superiorquality.
The secondscene(Figure 9) containsexamplesfor much
morecomplicatedtransportpaths.Thesceneis renderedin
a setof environmentmaps.The�gure demonstratesthatwe
synthesizeintermediatere�ectancesamplesfor all illumina-
tion directionsin thehemisphere.The�rst columnshowsthe
resultobtainedfrom linearlyblendingbetweentheinput im-
ages,theimagesin thecentercolumnaresynthesizedbased
on the initial reconstructionRreco with highlightsaddedin.
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In the last columnwe presentresultsrenderedwith our �-
nal reconstructionafterregularizationwith image-basedpri-
ors.Theimage-basepriorsremove noiseandotherartefacts
thatoccurat shadow boundariesin theinitial reconstruction
dueto impreciseshadow segmentationandlabeling.Theim-
provedquality dueto thepriors is bestvisible underillumi-
nation with a single point light (�rst two rows). When il-
luminatedwith a complex environmentmapthenoisein the
initial reconstructionalreadyaveragesout,andtheexpensive
post-processingusingimage-basedpriorsmight beskipped,
thoughthe shadow boundariesare still slightly sharperin
thethird column.Weproviderenderingsof rotatingenviron-
mentmapsin theattachedvideo.
Wenow analyzethedifferencesbetweenlinearblendingand
our interpolationalgorithm.The mirror spherein the front
re�ects the environmentand shows strong interre�ections
with the neighboringtextured,slightly moreglossysphere.
Extractingandwarping the highlight maps,a sharpre�ec-
tion of theenvironmentis renderedwith our approach(sec-
ond and third column) while linear blending clearly pro-
ducesartefacts revealing the original input sampleseven
on the glossysphere.With our methodfor shadow extrac-
tion, blendingand reconstruction,we areable to correctly
move and interpolateshadows avoiding the triple contours
andbandedshadows thatarevisible in all renderingsusing
thelinearblending.Theshadow castby thetwo spheresonto
thepostcardmoveswith thelight sourcedirectionwhile the
textureitself stays�x ed.
The selectionof different interpolation schemesderived
from the warpedshadow maps(Section6.2) is powerful
enoughto even copewith non-trivial shadows as castby
thesemi-transparentrefractingspheresin thefront right and
in the back.They produceshadows tinted by the color of
the spheresandfurthermoreexhibit an interestingintensity
variation within the shadowed regions causedby caustics.
Both, therelatively diffusecausticof thebluespherein the
front andthesharpcausticof thespherebehindtheglassare
faithfully reproducedwith ourmethod,moving smoothly. In
contrast,they fadein andout in the linear blend.Even the
shadow observed throughthe refractingglass(secondrow)
is well reproduced.

7.1. Limitations

However, we observed someartefactsin the reconstruction
of the shadow andcausticsof the champagneglass.While
the causticshave high spatialfrequency, they arerelatively
dim. Our algorithmfails to detectthemashighlightswhich
needto be�o wed,andthereforeproducesincorrectapparent
motion.Improving on thesegmentationalgorithm,which is
currentlybasedontwo manuallyselectedthresholdsfl it and
fhighlight , couldhelpin this respect.

Anotherproblemthat is mostlynoticeableat grazingan-
gles is that illumination features,e.g. causticsor shadow
edges,might move too muchin imagespacefor too neigh-
boring measuredlight samplesto be handledcorrectly by
our interpolationscheme.If thereis not suf�cient overlap

in theshadow regionstheappliedlevel-setblendingcannot
producetheexpectedsmoothmotion.Capturingmoresam-
plesin theseregionswouldhelp.

The combinedeffect is visible for the champagneglass
underpoint light sourceilluminationwherethecomplicated
structureswithin in theshadow arenotasexpected,but they
do not show the bandingeffectsvisible in the linear blend
either. When illuminated by a complex environmentmap,
theartifactsarebarelyvisible.

8. Conclusionand Futur eWork

Conclusion

In this paper we have presenteda novel and powerful
interpolation framework for 4D re�ectance �elds. Our
algorithmaugmentssparselysampledre�ectance�elds by
syntheticintermediateslices,simulatingthedisplacementof
highlightsandshadows in the imageplaneasthe direction
of incident light changes.We have demonstratedthat the
augmentedre�ectance�eld canbeusedfor creatingrealistic
imagesboth for extendedlight sourcesand for directional
light.

The method interpolates highlights, cast and attached
shadows in a plausible way, and is �e xible enough to
interpolate even non-trivial illumination effects such as
shadows cast by semi-transparentor translucentobjects.
As we only use local pixel neighborhoodsto determine
whethera pixel is shadowedor not, but otherwisedecouple
its local appearancefrom the appearanceof nearbypixels,
wecanpreciselymaintaintextureinformationalongshadow
boundaries(such as on the postcard)without draggingit
along as the shadow moves.Our methoddoesnot require
any previousknowledgeonthescenegeometryandoperates
only on the re�ectance�eld dataitself. At the sametime,
the reducednumber of samplesmakes the measurement
signi�cantly faster. We hopethat thesedevelopmentshelp
to make re�ectance�elds applicableto a wide rangeof new
applicationsin thefuture.

Theoutputof ouralgorithmis currentlyare�ectance�eld
of full resolutionwhichconsumessigni�cant memoryspace.
As theoutputis deterministicallygeneratedfrom thesparse
inputdata,it is largelyredundant.While it is noteconomical
to re-runthealgorithmfor eachrenderedillumination situa-
tion, a �rst steptowardssuccessfulcompressioncouldbeto
exploit thatmostpixelsarecomputedaslinearcombinations
of theneighboringinput images,andstoretheir locationin
a compressedmask.This couldalsoallow for fasterrender-
ing times,astheintegrationof linearly changingre�ectance
valuescanbespedup.
Dueto thedemandingcomputationfor afull re�ectance�eld
with up to 4000intermediateimages,wecurrentlyapplythe
image-basedpriorsin a postprocessingsteponly. In thefu-
tureweplanto integrateimage-basedpriorsin everystepof
the pipeline to avoid errorsin the labelingand in the esti-
mated�o w.
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