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Abstract

Captured re ectance elds provide in mostcasesa rather coarse samplingof the incidentlight directions.As
a result,sharpillumination featuies, sud as highlightsor shadowboundariesare poorly reconstructedaiuring
relighting; highlightsare disconnectedand shadowsshowbandingartefacts.In this paper we proposea novel
interpolationtechniquefor 4D re ectance elds thatis capableof reconstructingplausibleimagesevenfor non-
observedight directions.Givena sparselysamplede ectance eld, we caneffectivelysynthesizémagesasthey
would havebeenobtainedfrom densersampling Theprocessingipelineconsistf threesteps:segmentatiorof
regionswhee appaent motioncannotbe obtainedby blending appropriate ow algorithmsfor highlightsand
shadowsplusa nal reconstructiortechniquethatusesmage-basedgriorsto faithfully correcterrors that might
be introducedby the sggmentationor ow step.The algorithm reliably reproducesscenescontainingspecular
highlights,interre ections,shadowsor caustics.

CatgyoriesandSubjectDescriptorgaccordingo ACM CCSy 1.3.7[Computergraphics]Three-Dimensionabraph-

\olume26 (2007), Number3

icsandRealisml.3.7 [Computergraphics]:Color, shadingshadaving andtexture
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1. Intr oduction

Re ectance elds have beenshavn to be a powerful ap-
proach for creating photo-realisticimages of objects or
scenedn new illumination conditions.The key ideaof re-
ectance elds, andthebasisfor almostall work in this eld,
is the obsenation that,dueto the principle of superposition
of light, the combinationof multiple light sourcescan be
simulatedby addingthe pixel valuesof imagestaken with
separatdight sourcesThe effect of anervironmentmapon
a scenes simulatedby a weightedsumof imagestaken at
differentilluminations, suchas point lights at differentdi-
rectionsof a light stagesetup.

For high-qualityresults,however, re ectance eld methods
have beenquite costlyin termsof acquisitiontime andstor
agespacesincethey requireoneinputimagefor eachinci-
dentlight direction.Faithful reproductiorof high frequeng
illumination effectssuchassharpshadev boundariesspec-
ular highlightsor causticgequirea very densesamplingof
the light directions.If the spacingbetweernillumination di-
rectionsis too large, salientartifacts occur in simulations
of extendedlight sourceqseeFigure 1): In specularhigh-
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lights on glossy surfaces,the original samplingpatternis
clearly visible, shawving up as a patternof spatially sepa-
ratedhighlights.In simulationsof moving directionallights,
the synthesizedsequencewill shav aliasingartifacts: Ad-
jacenthighlights appearand disappearratherthan moving
smoothlyover there ective surface.Similar aliasingeffects
canbe obseredin moving shadwvs. In general smoothre-
sults can only be expectedif the samplingdensityis ap-
propriatefor the angularresolutionof the illuminationsin
termsof the samplingtheorem[FLBSaj. For light stages
with LEDsor small ashlights (TO DO: cite al. et Debevec,
al et P ster) , densesamplingmaywell requiretensof thou-
sand=f imageswhich aretoo costlyto acquire.

We thereforeproposea novel interpolationandupsampling
schemethat takes as input a sparselysampledre ectance
eld capturedwith apointlight sourceandproducesa plau-
sible re ectance eld with much higherresolution,for in-
stance,supersamplingt from 230 capturedto about4000
synthesizedluminationdirections With theconstructedu-
perresolutionre ectance eld, the motion and appearance
of high frequeng illumination effectscanbe approximated
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proposednterpolationtechnique

Figure 1: Relightinga sparsely(230inputimages)sampled
re ectance eld with a smallarealight source Top: Linear
interpolationof theinputsamplesesultsin bandedshadows
and disconnectedighlights. Bottom: Our novel interpola-
tion technique upsampleghe sameinput re ectance eld,
effectivelyincreasingits resolutionto 3547 samplesandis
capableof plausiblyreproducingsmoothshadowsshadows
of semi-tanspaentobjects highlightsand caustics.

without requiringto capturethousandsf samples.
Theintermediatee ectanceimagesarecreatedoy rst sep-
aratingtheinputimagesnto regionswheresimplelinearin-
terpolationis sufcient, andregionswhereit is not. The al-
gorithm distinguishesetweenrhighlights,shadev contours
and regions that changeslowly with illumination, suchas
diffuselylit surfacesandthe innerregionsof shadaevs. For
the componentshat needto be explicitly moved, we apply
appropriateo w algorithms.In orderto predictthe appear
anceof the scenefor anintermediatdight directionwe -
nally composahewarpedcomponentandregularizetheso-
lution usingimage-basegriors. As we separatehe predic-
tionwhetherapixel shouldbeshadevedor notfrom theesti-
mationof its appearancehenactuallyshadeved,we main-
tain local texture detailwhile reconstructingr sharpshadov
boundary

Thebene t of our approachs thatfrom low samplingrates
with high-spatialfrequeng illumination, we can simulate
intermediatalluminationsboth at high spatialfrequencies,
suchas point lights, and simulate extendedlight sources,
suchasthosefoundin mary light elds. Fromatheoretical
perspectie, the algorithmtapsnen sourcesof information
aboutre ectancefrom sparsesamplesy modelingandsep-
aratingthetight connectiorbetweertheeffectsin theimage
planeandin theangulardomain.

2. RelatedWork

Mostre ectance eld capturingapproachesamplethelight

sourcedirection sparselyby moving a point light source
[DHT 00, MDAO2, MPZ 02] or a projector [MPDWO03,

SCG 05, GTLLO6] to a discreteset of positionson the

spherearound the object. High frequeny effects in the

light domain, e.g. shadav, highlights or caustics,require
a much higher samplingdensity This can be obtainedby

literally capturingthousandsof sampleswith a dual light

stagf HEDOY atimmenseacquisitioncosts,or by trying to

parallelizetheacquisitionof multipledirectionalsamplesis-

ing an adaptve schemg SCG 05] or a stochastiapproach
basedon wavelet noise[PD0J3. While considerablyfaster

thelatteroneshave thedisadwantagehatdim featuresn the

re ectance eld might be capturedat high noiselevels be-

causethey are always obsened in conjunctionwith some
potentiallymuchbrighterre ections.

In this paper we insteadproposean advancednon-linear
interpolationtechniqueshatcancorrectlyreproduceheob-
ject'sappearancéor in-betweerlight sourcepositionsfrom
a sparsesampling.Simple blendingbetweeninput samples
is typically not sufcient.

One way to estimateintermediatesamplesis to approxi-
matethere ectance eld locally by anexplicit model.Var
ious modelshave beenproposedto describethe apparent
BRDF for the surfacepoint visible at a given camergpixel,
such as analytic BRDF models [DHT 00], which, how-
ever, do not accountfor global effects. More generalfunc-
tions suchassphericaharmonicsandwavelets[ MPDWO04]
on the other handcan at bestprovide a smoothinterpola-
tion betweengiven samplesHigh frequencieswill not be
introducedto pixels which did not obsere them. In or-
derto increasethe samplingdensitylocally the re ectance
sharingapproachcombinessamplesfrom multiple surface
points[LLSS03 ZREBO]. This techniquehasso far been
demonstratedbr opaquesurfacesof known geometryonly.
In this paperwe presentinterpolationtechniquesfor re-
ectance elds of non-opaqueurfacesandunknavn geom-
etry.

The problem of interpolationbetweenlight sourcedirec-
tions is relatedto the problem of view interpolation,for
which varioustechniqueshave beenproposedge.g. optical
o w [BA96,BBPWkO04 or level setblending[Whi0Q]. Spe-
cial solutionsto handleillumination effectsinclude o w for
specularsurfacesRBO€ or interpolationfor specularlyre-
fracting materialsf]MPZ 02]. However, applying view in-
terpolationtechniquedo 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 structuresBarrow et
al. [BT78] thereforeproposedthe separatiorinto intrinsic
andilluminationimagesFor re ectance elds of mostlydif-
fusescenesMatsushitaet al. [MKL 04] usedtheillumina-
tion imageto detectshadaevs which arethenmovedaccord-
ing to the position of the light sourcewith the help of an
explicit 3D modelof thesceneApplying view-interpolation
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technigue®nthresholdedbinaryimagesof detectedshadav
regions,ChenandLensch] CLO5] generategmoothlymov-
ing shadwv regions. They worked on 6D re ectance elds
wheretheillumination is controlledby a projector This al-
lowedthemto turn off the directillumination to the shadev
regionswhile still consideringheindirectilluminationfrom
othersceneparts.

Ourupsamplede ectance elds areregularizedby applying
image-basegriorsintroducedby Fitzgibbonet al. [AF03].
They performedview interpolationand implicitly recon-
structeda depthmapsubjectto the constrainthatthe inter
polatedview is locally consistentwith the recordedimage
data. The constraintenforcesthat ary pixel neighborhood
in theinterpolatedsiew hasto occursomavherein theinput
views. Wexler etal. [WSI04] furtherextendedhisideato |l
in holesin a space-timevideo cube.Without ary additional
information, relying on image-basegbriors only, the holes
are lled in by amulti-resolutionframevork using3D neigh-
borhoodsAt eachlevel the solutionof the previouslevel is
regularizedto matchthe image-basegbriors at that resolu-
tion. Upsamplingre ectance elds canbeviewedas lling
holesin a 4D structureln contrasto thework by Wexler et
al., ourinput dataunfortunatelyprovides2D slicesonly, i.e.
priors for 2D neighborhoodsWe thereforeneedto include
thereconstructiorstepbasecbn highlightandshadev maps
in orderto recover 4D consisteng.

3. Overview

Re ectanceFieldsrepresena powerful tool to describdight
transporin realworld scenesln the4D casethere ectance
eld isde nedasafunctionR(x;y; g; f ) thatmapsthedistant
light comingfrom thedirection(q;f ) in polarcoordinateso
thebrightnesseR(x;y; q;f) atpixel positions(x;y) in anim-
ageof w h pixels.Color channelsaretreatedseparately
For a given ervironmentmap L(q;f), imagescan be ren-
deredaccordingio theRe ectancelntegral for Image-Based
Relighting:

Zz

L(a;f) R(xyq;f)df singdg
1)

Capturedre ectance elds usually consistof a number
of n slicesRi(x;y), correspondingo imagescapturingthe
appearancef the scenefor a singleillumination direction
(qi;fi). In orderto renderthesewith continuouserviron-
ment maps,interpolationalong the g;f domainis neces-
sary[MPDWO04]. Unfortunately sucha directinterpolation
may be insufcient if nis small; hovever smooththeinter
polationmay be, it doesnot ensurehathigh-frequeng fea-
tureslike shadev boundarie®r highlightsvary smoothlyin
theimagedomain.

In our approachwe reducethe interpolation problem by
synthesizingplausibleintermediateimagesR, at a much
higher densityin the domainof light directions(seeFig-
ure 2) and inserting them into the measuredeld. From
there,we can proceedwith ary interpolationscheme;for
this paper we shav resultsbasedon linear interpolationin

I(xy) =
q2[0:p] 2[0:2p)
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Figure2: Theincidentlight directionsof a spaiselysampled
(n = 230 re ectance eld visualizedas blad dots,and a
connectingDelaunaytriangulation which de nes barycen-
tric coordinateson which linear interpolation can be per
formed.We increasethe resolutionby synthesizingamples
for in-betweeright directions(reddots).

[
Highlights| Flow, W OH Flow, |Highlights|
H, Warp k Warp H
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Figure 3: Input slicesR;, R; of there ectance eld for in-
cidentlight anglesq;;f; and qj;f j, respectivelyare sepa-
ratedinto highlights,shadowsand a diffusecomponent\\e
interpolatethe componentsepaately and combinethemto
a new slice R for anintermediatdight direction.

barycentriccoordinateson a Delaunaytriangulationof the
input images.We generatethe intermediateimagesRy by
processingheinputimagesR; accordingto the pipelinede-
pictedin Figure3. Thepipelineconsistof threemainsteps:
segmentatiorandlabelingof theinputdata,separateipsam-
pling of the highlight and shadevmaps,andreconstruction
atthetargetresolutionsubjectto image-basegriors.

The segmentationstep(Section4) separatesut highlights
and shadavs which are treatedseparatelyin our pipeline.
FromtheinputimagesR; we extracttheimagesH;, thatjust
containthe highlights,andreconstructmagesD; wherethe
informationbeneathhehighlightsis plausiblyreconstructed
usingimage-basegriors.In asecondstep,a binary shadev
maps is computedwhich encodesvhetherapixel is likely
to be in shadav (S(x;y) = 0), or not (S(x;y) = 1). The
shadev sggmentatiordoesnot needto bevery precisesince
it is usedmainly to obtainthe correctmovementof shadaov
boundariesbut nottheintensityof theinterior.

In the secondstageof the pipeline (Section4), we upsam-
ple the highlight and shadev datato higher resolutionsin
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theq;f domain:we applyoptical o w to warpthe highlight
imagesH; andperformlevel-setimageblending[Whi0Q] on

theshadav mapsS.

In thethird step,atentatie intermediatémageR S is syn-
thesizedFromthewarpedshadev imageswe determineor

eachpixel how to interpolateits re ectancefrom shadaved
or lit samplesWe thenapplyimage-basegriorsin orderto

regularizeoursolution,remaoving intensityor highfrequeny

artefactsintroducedby incorrectsegmentation Finally, we

addthewarpedhighlight layerandarrive attheinterpolated

imageRy.

4. Segmentation

Our methodbeginswith the extractionof semantionapsof

highlightsandshadavs for our inputimagesR;. In orderto

obtaina criterion to determinethe statusof eachpixel, we

sortthe measurede ectancevaluesR;(x;y) for eachpixel,

resultingin imagesP,, where Py containsthe dimmestre-

ectance for eachpixel andP, 1 the brightest.Fromthese
pictureswe selecta picture P whereno pixel is a highlight
nor a shadov. For an input re ectance eld consistingof

n= 256images,we found P = P,3q to be a robust choice.
Basedon P, shadev andhighlight mapsaregeneratedh the
following steps.

4.1. SpecularHighlights

Theseparatiomf highlightsis doneseparatelyor eachinput
imageR; in several stepsAt rst, abinarymapMih'gh(x;y)
encodesvhethera pixel Ri(x;y) containshighlightinforma-
tion or not. Initially, M""(x;y) is Liff R(GY)  frighiight

P(x;y), where fhigniight is a constanfactorfor all imagesjn

ourexperience fhigniight = 2 Or 4is agoodchoice.Then,we

diIateMihigh(x; y)witha3 3or5 5box lter, growingthe
highlight regionsto includepossiblehazearoundthem.

Basedon M"%", we generatethe highlight-freeimagesD;

by remaving all possiblehighlight pixelsfrom R; andapply-
ing thehole lling algorithmby Wexler etal. [WSI04] (see
Section6.2) to reconstrucplausibletextureinformationre-
placingthe highlights.As texture referencesywe useR; and
the imagesfor neighboringlight con gurations,but we re-
move potentialhighlight pixels.In modi cation to Wexler et
al!s original algorithm,we do not performan outlier detec-
tion, andaddatermto theregionlookupwhichfavorsclose-
by regions,asthis improvesthe performanceof the lookup
structure.

Finally, the highlight map Hi(x;y) = R(x;y) Di(xy) is
computedasthe perpixel difference Figure4 illustratesthe
highlight detectiorandremoval process.

4.2. Shadowv Boundaries

In contrasto thehighlightmapstheshadev mapsaregener
atednotindependentor eachinputimage,but independent
for eachpixel at position(x;y). We performa region grow-
ing onlit regionsandtreattheremainderasshadaov.

More precisely a shadev map S(x;y) is generatedfor
all directions (qj;f;), with initially S(x;y) = 1 for “lit"
iff R(xy) P(xy), and S(x;y) = 0, otherwise.In or-
derto mitigate cameranoiseone can performthis sggmen-
tation basedon a pre Itered version of R;. We then per
form thefollowing iterative updateLet (q;;f ;) bethedirec-
tion for which pixel (x;y) is currentlylabeledasshadeved
(S(xy) = 0), and(qj;f ;) aneighboringdirectionfor which
thepixel hasbeenlabeledaslit (Sj(x;y) = 1). ForimageR;,
the pixel is re-labeledaslit (S(x;y) := 1) if the following
criterionis met: R(x;y) > fjiy Rj(x;y) We usually chose
0:66 fjit 0:9. The region growing is iterateduntil no
moreupdategake place.Thus,thelit regionsgrow until the
differenceto neighboringdirectionsbecomesso large that
linearblendingis likely to fail, indicatinga shadev bound-
ary atthislocation.

Figure5 illustratesthe detectionof shadev maps.Notethat
while the results may be noisy in the (x;y) domain, the
schemas continuousn the(q; f) domain,wheretherecon-
structionlatertakesplace.

5. Upsampling of highlight and shadow data

Before we can synthesizere ectanceimagesly at the full

resolutionwe needo procureestimation®f theshadev and
highlight distributions for this resolution.Let § and S be
shadev maps,andH; andH; be highlight mapsfor two in-
putimagesR;, R; thathave adjacentight directions(q;;f )

and(qj,f ;) in themeshprovidedin Figure2. In thissection,
wewill explainhow to generaténtermediatenapsS, andHy
for thein-betweerdirection.Thefull tamgetresolutionisthen
laterobtainedby iteratively subdviding the meshedgesand
recomputinghe triangulationuntil the desiredresolutionis
achieved, i.e. informationis availableat all red dotsin Fig-
ure2.

5.1. Upsampling SpecularHighlights

Thegeneratiorof Hy is ratherstraight-forvard.We applythe
optical o w algorithmby Brox etal. [BBPWkO04 bothto ob-
taina ow eld from H; towardsHj, andfrom Hj to H;. We
clampthe HDR dataof the highlightsto obtaina smallerdy-
namicrange,which makesmatchingeasier Usingthe ow
elds, we warp H; andHj with full dynamicrangeto the
halfway position,andblendtheresultlinearly to obtainHy .
The ow algorithmis capableof generatingvery smooth
elds, whichis usefulfor ourapplication asit allowsto drag
highlightdataalongevenif only neighboringpartsmatched.
As we segmentour highlights carefully and the separated
highlightimageis mostlyblack,thisdoesnotintroducearte-
facts.

5.2. Upsampling shadow data

For the interpolationof the shadav mapsS, we employ
thelevel-setblendingapproactof Whitaker [Whi00], which
generatesntermediateshapesof level setswithin images.
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(a)inputimageR (b) detectechighlightzoneMpgh ~ (c) reconstructedextureD  (d) separatedhighlightsH

Figure 4. Sepaation of highlights. By intensity analysisin the input image R (a), a region of de nite highlights Mpgy, is
detectedb, coloredin yellow)which is dilated (b, coloredin red)for robustnessTexture reconstructiorallowsto estimatethe
appeaanceD belowthehighlights(c). By subtiactingD fromR, the highlightlayer H for thisimage is estimatedd). Notethat
thereconstructedhighlightshavesmoothboundaries.

R(154172q;f) R(156172q;f) R(158172q;f)

= s atlen

(158 172.q;f)

2l 2t

S(154172.q;f) §(156,172.q;f)

S y:ai:fi)

Figure 5: Computatiorof shadowmaps.To theleft, thetop row showsa plot of acquiredre ectancein polar parameterization
for three pixels (to the right of the gure's left foot). Below the sggmentationin shadow(bladk) and lit (white) regionsis

displayed.Theimage to theright showsa slice of the shadowmapin image spacefor a xed incidentlight angle(q;f). While

noisyin image space the shadowcomputations stablealongthe(q;f) directions.

In contrastto optical ow, this algorithmis more tolerant
to noisein theimagedomain,estimatingthe correctmove-

mentof the shadav boundariesvhile keeping x ed struc-
turesconstantln contrastto the original paper we replace
the up-wind schemefor the computationof partial deriva-

tiveswith simplecentraldifferencesasthisyieldsmoresta-
ble resultsfor our application.Sincethe level-setblending
algorithmproducesontinuousmagesavenfor sharplysey-

mentedinput data0 or 1, we re-quantizethe outputagain.

This produceslausibleshadav boundariedor in-between
imageg(seethe centralrow of Figure6).

6. Image Synthesis

Having generatedhe S, andHy for thetargetresolutionwe
cannow synthesizethe outputimagesRy. Let (qx;fk) be
the light direction for which the synthesids required,and
(ga;fa), (gp;fb), and(qc; f ¢) bethetriangleof obseredin-
put directionsfrom Figure 2 which contains(qy;f ). The
reconstructioriakesthreesteps:rst, reconstructhediffuse

appearanc&g usingthe estimatedshadev maps second,

regularizethe estimationusing|BR priors, yielding Rrkeg”'ar,

andthird, addthe highlight layer Hy resultingin the recon-
structionRy. Figureé illustratesthe differentreconstruction
steps.In the gure, the highlight mapHy hasalreadybeen
addedo thereconstructiomesultsbasedntheshadev map.
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6.1. ReconstructionBasedon Shadav Maps

We rst reconstructthe initial diffuse appearanceR S,
given the upsampledshadav mapsS. For the construction
of RE, we needto obtain estimatesor every pixel's ap-
pearancéoth for the hypothesisRLII that the pixel may be
lit, andfor the hypothesisRs"2®"ed thatit is in shadav. In
this step,the shadav mapssene two purposesa prediction
whethera given pixel (x;y) shouldbe shadoved or lit, and
a statementvhetherthe input imagesRyp,c(X;y) describe
the pixel in lit or shadeved state.However, asthe shadav
mapsarebinaryandpossiblyimprecisethey cannotbeused
directly. Instead we computea blurredshadev map S, by
averagingover the 10 nearestight directions which we use
assmoothapproximatiorof therelative shadevnessn pixel
R«(x;y). Analogously we also computesmoothedshadav
mapsS;p:c, Which areusedfor estimatingthe shadev state
of Ra:pic(X;y) ; optionally, onecanaverageover moreneigh-
borsin orderto be moreconserative (seeFigure7).

We cannow computethe valuesRs™®"eqx; ) andR}!" for
the appearancef R(x;y) bothin shadeved stateandin lit
state A setof casess possible:

1 Su(xy) = S(xy) = S(xy) = 1, i.e. all neighboring
input imageshave reliably obsered the pixel while it
was lit: W computeRL't(X;Y) using a direct interpola-
tion using barycentriccoordinatesa; b;g as RL“(X; y) =
aRa(xy) + bRy(X;y) + gRe(X;Y).
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Figure 6: lllustration of the reconstructiorprocess Thebottomandtop row containinformationfromthe |n|t|al, spaseinput
eld. Thein-betweenmowis synthesizedBy analyzingthe shadowmaps(a) wecanobtainareas(b) where weeithercanlocally
interpolate(gray) or needto locally extrapolate(greenandred). Thegreenareais predictedto be fully lit or fully shadowed,
theredareais theestimatedocationof the shadowboundary After addingthe highlight map(c), reconstructioryieldsa rough
picture (d) which is improvedusingimage-basecdriors (e). Especiallythe shadowboundaryis mud more pleasingthanin a

directlinear interpolation(f).

Figure 7: Polar plot of all blurred shadowmapsat a xed

pixel position(whiteis lit, bladk shadowedgray uncertain).
There ectanceat light directionk is reconstructegccod-

ing to thelocally estimatedshadowstateS, by extrapolation
fromnearbyfully lit (white)andfully shadowedblad) mea-
suredsampleslf theshadowstateof all observedtonditions
a; b; c agrees directlinear interpolationtakesplace

2. Su(xy) = S(xy) = S(xy) = 0: Similarly, we compute
RO Yxy) = aRa(xy) + DRy(XY) + BRe(X;Y)-

3. For all othercaseswe extrapolatea value for R"t(x; y)
(andREMa®PWed - v)) by robustly tting alinearspherical
harmonicreconstructiorusingtwo SH bandsto the ob-
senationsof nearbylight directions for which alit state
(shadevedstate)have beenobsered.

The output pixel is nally estimatedas REY(x;y) =

Sxy) Ry + (1 Sxy) REha®wed(x;y)

Note that in caseswhere we reconstructeither a fully lit

pixel from fully lit neighbors,or a fully shadeved pixel
from fully shadaoved neighbors,we effectively perform a
direct linear interpolationof the pixel value. This implies
that outlier pixels, which are wrongly estimatedto be
shadaved or lit, but areconsistentlymisestimatedor a set
of closeneighborstendto berobustly linearly interpolated
aswell.

6.2. Regularization Using Image-BasedPriors

Thereconstructiorexplainedabove providesanestimatefor

the outputimage, but this estimatemay be unreliable,e.g.
dueto misregistrationsof shadaev or interpolationdefects.
The affectedareasconsistof pixels for which a pixel value
was computedfrom extrapolatedre ectancedata,or in the
vicinity of shadev boundariesn S.(x;y). For thesewe 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 Il  the given priors:

Let Eg betheinitial estimateémagea seriesof iterative up-

datesE; is constructedFor eachwindow W & (p; g) centered
aroundpixel (p; q) we searcHor the bestmatchingwindow

W'k(s;t) centeredaroundsomeotherpixel in the entireset

submittedco EUROGRAPHICS2007.
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of inputimagedy basednthemodi ed distancemeasure
d(W & (p;g); W(s;1)) = 2

LL
agmin & & KE(p+ug+v) |l(s+ ut+v)k?
I w= Lv= L
wherelL is theradiusof thewindow. In contrasto the orig-
inal approachwe searchfor the bestmatchingwindow up
to someintensityscalel . Sinceour input datais relatively
sparseheextensionis necessaryo nd appropriatanatches
for regionswhichchangeheirintensityslowly dueto theco-
sinefall-off underdiffuseillumination. An efcient lookup
canstill be achieed 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 distancemeasures furthermore
translatednto asimilarity measures(WEi (p; q);W'k(s;t)) =
dwi (powhkes) ) )
e =2 whichisusedin thefollowing to updateall
pixels(x;y) within thewindow WEi(p; Q).
Let W}~ bethe setof all windows that contain(p; d). Each
correspondingnatchedwindow | WJ-I yields an estimatec;
onwhatthe nal color for (p;qg) shouldbe.Usingthe cor
respondingsimilarity measures; theupdateis computedas
theweightedaverage:
Eea(Pic) = L) ; compardWsiod  (3)
i
Usually, threeiterationsof this algorithm are sufcient,
andusingonly inputimagedor neighborindight conditions
is sufcient. Thequalityimprovementis visible in Figure9.
Notethatin mostcasegheimage-basegriorsremove high
frequeny noisebut do not corruptapparenmotionswhich
is importantto achieve temporalconsisteng.
In somecaseshowever, the shapeof someshadev edges
cannotbematchedo ary inputimagedueto amissingsam-
ple with similar orientation.This can lead to slightly de-
formedshadev edgesasin the slightly too at shadev of
theshiry spheran therightmostimagein thesecondow of
Figure 9. Oneapproachto circumwent this problemwould
beto includerotatedneighborhoodén the nearesheighbor
search.
Oncethe reconstructioris complete,the warpedhighlight
layerHy is simply addedto theresult,thusobtainingthe -
nal reconstruction.

7. Results

In orderto demonstratehe performanceof the proposed
methodwe constructeduperresolutione ectance elds for
two different scenesa ceramicbearwith highly specular
coating(256inputimages)anda secondmorecomplicated
scenecomposedof a set of sphereswith drastically dif-
ferentre ection and transmissionproperties,as well as a
champagnelass(230 input images).In both casesthe il-
luminationdirectionswerespreacequidistantlyover the up-
perhemispherelteratingthe subdvision procesgwo times,
we synthesizeabout4000intermediatepositions.The bear
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Figure 8: Reconstructiomesultsusinglinear interpolation
from 256 image (top row), our upsamplingschemeapplied
threetimes(centerrow) compaed to a refelencerendering
with with 10 000 input images (bottomrow). Left column:
simulatedextendedight sourcewith 15 degreesradius,right
column:renderingswith a directionalsouice Thelinear in-
terpolation producesshadowbandingand signi cant gaps
in the highlights.Our upsamplingschemeimprovessigni -
cantlyonthevisualquality.

datasethasaresolutionof 200 196 andthe spheresetof

453 211pixels.Timingsfor a contemporaryPC areavail-

ablein Table 1. The mostexpensve part of the algorithm
is the applicationof the texture inpaintingfor the highlight
sementatiorandtheregularizationof the output. Thetable
liststheruntimessplitinto separabl@nits. While 1/0 opera-
tionsareconsiderabléf thestepsaresplitthisway, it is easy
to exploit parallelizationandrunindependenoperationgor

severalimagesconcurrentlye.g.on aclusterof PCs.Dueto

thesmallerresolution theruntimerequiredfor thebeardata
setis considerabléower. For therenderingsn Figure8, we
have only generatedsampleseededor the light situation,
andcouldthereforeafford to createa supersamplingf three
subdvision steps.

In Figure8 we synthesizedhesuperresolutione ectance
eld andcompareit to the resultonewould obtainfor lin-
earblendingandto 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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Figure 9: Resultsof a complex scenewith detail zoom-insfor renderingsn two point light conditions(upperfour rows)and

in the Galileo's Tomband Uf zi ervironmentmaps(http://

debevec.org/

Probes/ ). Thesuperresolutionre ectance

eld is upsampledrom 230 to 3547 images, the refelencehas 14116images. Our upsamplingapproac producessuperior
resultscompae to linear interpolation. Applyingthe regularization (secondcolumnfromthe right) further improvesshadow
boundariesfor real-worldilluminations,thenon-regularizedversionis alreadyclosein quality. Notethattherefeenceexposes
aliasingwhich the superresolutionimagesdo not showdueto sub-pixelblurring during the upsamplingsteps.

action avg.time
initial sortfor thresholdmage 60 sec.
generatiorof theinitial shadev mapS 60sec.
separationnto highlight H; andD; 130sec.
level-setblendingbetweertwo shadav maps 20sec.
optical o w andwarpbetweertwo highlight maps 10sec.
blurring of all full resolutionshadev maps 7 min.
reconstructiorof oneimagewithout priors 50sec.
reconstructiorof oneimagewith priors <15min.

Table 1: Timingsfor the comple scendn Figure 9.

three neighboringinput imagesare visible which are re-
moved by our upsamplingschemeWhile the reconstructed
shadev boundarydoesnot perfectlymatchthereferencem-
age,it is still plausibleandprovidesasharpcontour Theleft

columnshaws the resultafter integrating over an extended
light source.The linear blendingresultsin a setof clearly
separatedhighlightswhile our reconstructiorshavs smooth
andconnectede ections of thelight source There thedif-
ferenceto the groundtruth is only maginal. Not only the
highlights,but alsothe castshadavs in the scenearerecon-
structedwith superiorquality.

The secondscene(Figure 9) containsexamplesfor much
morecomplicatedransportpaths.The sceneis renderedn
asetof ervironmentmaps.The gure demonstratethatwe
synthesizentermediatee ectancesampledor all illumina-
tion directionsn thehemisphereThe rst columnshavsthe
resultobtainedrom linearly blendingbetweertheinputim-
agestheimagesn the centercolumnaresynthesizedbased
on theinitial reconstructiorR™®® with highlightsaddedin.

submittedco EUROGRAPHICS2007.
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In the last columnwe presentresultsrenderedwith our -
nalreconstructiorafterregularizationwith image-basegri-
ors. Theimage-bas@riorsremove noiseandotherartefacts
thatoccurat shadev boundariesn theinitial reconstruction
dueto impreciseshadev sggmentatiorandlabeling. Theim-
proved quality dueto the priorsis bestvisible underillumi-
nation with a single point light ( rst two rows). Whenil-
luminatedwith a complex ervironmentmapthe noisein the
initial reconstructiormlreadyaverage®ut,andtheexpensve
post-processingsingimage-basegriors might be skipped,
thoughthe shadav boundariesare still slightly sharperin
thethird column.We provide rendering®f rotatingerviron-
mentmapsin theattachedrideo.

We now analyzethedifferencedetweerinearblendingand
our interpolationalgorithm. The mirror spherein the front
re ects the ervironmentand shawvs stronginterre ections
with the neighboringtextured, slightly more glossysphere.
Extractingand warping the highlight maps,a sharpre ec-
tion of the ervironmentis renderedvith our approachsec-
ond and third column) while linear blending clearly pro-
ducesartefacts revealing the original input sampleseven
on the glossysphere With our methodfor shadev extrac-
tion, blendingand reconstructionwe are ableto correctly
move andinterpolateshadevs avoiding the triple contours
andbandedshadavs thatarevisible in all renderingausing
thelinearblending.Theshadaev castby thetwo spheresnto
the postcardnoveswith thelight sourcedirectionwhile the
textureitself stays x ed.

The selectionof different interpolation schemesderived
from the warpedshadav maps (Section6.2) is powerful
enoughto even cope with non-trivial shadevs as castby
the semi-transparemefractingspheresn thefront right and
in the back. They produceshadavs tinted by the color of
the spheresaandfurthermoreexhibit an interestingintensity
variation within the shadeved regions causedby caustics.
Both, therelatively diffuse causticof the blue spherein the
front andthe sharpcausticof the spherebehindtheglassare
faithfully reproducedvith our methodmoving smoothly In
contrastthey fadein andout in the linear blend.Eventhe
shadev obsened throughthe refractingglass(secondrow)
is well reproduced.

7.1. Limitations

However, we obsened someartefactsin the reconstruction
of the shadw and causticsof the champagnelass.While
the causticshave high spatialfrequeng, they arerelatively
dim. Our algorithmfails to detectthemashighlightswhich
needto be o wed,andthereforeproducesncorrectapparent
motion. Improving on the sggmentatioralgorithm,whichis
currentlybasecbntwo manuallyselectedhresholdsf);; and
fhighiight» couldhelpin this respect.

Anotherproblemthatis mostly noticeableat grazingan-
glesis that illumination features,e.g. causticsor shada
edgesmight move too muchin imagespacefor too neigh-
boring measuredight samplesto be handledcorrectly by
our interpolationschemelf thereis not sufcient overlap
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in the shadev regionsthe appliedlevel-setblendingcannot
producethe expectedsmoothmotion. Capturingmoresam-
plesin theseregionswould help.

The combinedeffect is visible for the champagnelass
underpointlight sourcellumination wherethe complicated
structurewithin in the shadev arenot asexpected put they
do not show the bandingeffectsvisible in the linear blend
either Whenilluminated by a comple ervironmentmap,
theartifactsarebarelyvisible.

8. Conclusionand Futur e Work
Conclusion

In this paperwe have presenteda novel and powerful
interpolation framavork for 4D re ectance elds. Our
algorithm augmentssparselysampledre ectance elds by
syntheticintermediateslices,simulatingthe displacemenof
highlightsand shadevs in the imageplaneasthe direction
of incidentlight changesWe have demonstratedhat the
augmentede ectance eld canbeusedfor creatingrealistic
imagesboth for extendedlight sourcesand for directional
light.

The method interpolates highlights, cast and attached
shadevs in a plausible way, and is exible enoughto
interpolate even non-trivial illumination effects such as
shadavs cast by semi-transparenbr translucentobjects.
As we only use local pixel neighborhoodgo determine
whethera pixel is shadeved or not, but otherwisedecouple
its local appearancérom the appearancef nearbypixels,
we canpreciselymaintaintextureinformationalongshadaev
boundaries(such as on the postcard)without draggingit
along asthe shadav moves. Our methoddoesnot require
ary previousknowledgeonthescenggeometryandoperates
only on the re ectance eld dataitself. At the sametime,
the reducednumber of samplesmakes the measurement
signi cantly faster We hopethat thesedevelopmentshelp
to malke re ectance elds applicableto awide rangeof new
applicationsn thefuture.

Theoutputof ouralgorithmis currentlyare ectance eld
of full resolutiorwhichconsumesigni cant memoryspace.
As the outputis deterministicallygeneratedrom the sparse
inputdata,it is largely redundantWhile it is noteconomical
to re-runthe algorithmfor eachrenderedllumination situa-
tion, a rst steptowardssuccessfutompressiorrouldbeto
exploit thatmostpixelsarecomputedaslinearcombinations
of the neighboringinput images,andstoretheir locationin
acompressedask.This couldalsoallow for fasterrender
ing times,astheintegrationof linearly changingre ectance
valuescanbe spedup.

Dueto thedemandingomputatiorfor afull re ectance eld

with upto 4000intermediatémageswe currentlyapplythe
image-basegriorsin a postprocessingteponly. In the fu-
turewe planto integrateimage-basegriorsin every stepof
the pipelineto avoid errorsin the labelingandin the esti-
mated o w.
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