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Abstract

We presenta simplemethodfor relightingreal objectsviewedfroma xed camea position.Insteadof settingup
a calibratedmeasuementdevice, sud asa light stage, we manuallysweepa spotlightover the walls of a white
room,illuminating the objectindirectly. In contrastto previousmethodswe usearbitrary and unknownangular
distributions of incominglight. Neither the incidentlight nor the re ectancefunction needto be represented
explicitly in our appoad.

Thenewn method-eliesonimagesof a probeobject,for instancea black snooler ball, placednearthetargetobject.
Picturesof theprobein a novelillumination are decomposethto a linear combinationof measuedimagesof the
probe Then,a linear combinationof images of the target objectwith the samecoefcients producesa synthetic
image with the new illumination. We usea simpleBayesianapproad to nd the mostplausibleoutputimage,
giventhe picture of the probeandthe statisticsobservedn the datasetf samples.

Our resultsfor a variety of novel illuminations, including syntheticlighting by relatively narrow light sources
aswell as natural illuminations,demonstate that the new techniqueis a useful,low costalternativeto existing
techniquedfor a broadrange of objectsand materials.

Cateyories and SubjectDescriptors(accordingto ACM CCS}) 1.3.7 [Computer Graphics]: Three-Dimensional
GraphicsandRealisml.4.ImageProcessingndComputerVision]: Digitization andimageCapture

1. Intr oduction

Example-basecelighting of realobjectsor scenegor novel

illuminationsthatwerecapturedn naturalervironmentshas
proven to be a powerful approachin computergraphics,
producinga broadrangeof impressie results[ZWCS99

DHT O0,HWT 04,TSE 04,MDA02,MLP04,NN04]. Com-
plex effects such as subsuréce scattering,interre ection,
shadaeving and refraction are capturedautomatically by

thesetechniques.

Most of thesemethodsexplicitly estimatethe re ectance
function at eachvisible point of the objector scene.This
may be achieved by calibratedpoint light sourcessuchasa
light stagefDHT 00,KBMKO1,HWT 04], wherethesetup
of the lights providesfull control of the direction of inci-

dentillumination, or by methodsthat recover the light di-

rectionof a pointlight thatis locatedin variouspositionsin

the room[MDAO02]. A light stagecanalsobe usedto dis-
play light patternssuchaspoint-sampledphericaharmon-
ics[GTW 04], for rapid capturingof moving objects.

An alternatve setupis to display controlledlight patterns
behindthe scend PD03 MLP04], asit is known from ervi-

ronmentmatting[ZWCS99, or multiple binary point lights

thataredemultiplexed into single-lightresponse§SNBO3J.

Y e-mail:{mfuchgblanzhpseidel}@mpi-shnpg.de
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For uncontrolledpaturallighting duringmeasurement$/a-
tusik et al. [MLPO4] proposeda methodthatiteratively ts
are ectancefunctionto the measuredlata,optimizingeach
point of the scenendependentiyoy quadratigprogramming
anda decompositiorof the re ectanceinto rectangulaker
nels,given the angulardistribution of incidentdistantlight
in eachsampleimage.This incidentlight is known explic-
itly eitherfrom the illumination setup(a monitor), or from
imagesof a metallic sphere This methodhasbeenusedfor
relighting a city view, basedon imagesrecordedover three
days.

For relighting, most authorscapturenovel, naturalillumi-
nationswith mirror spheresusedaslight probes.Thelarge
variationof radiance®bsenred on the spheress often cap-
turedby high dynamicrange(HDR) imaging.Fromtheim-
age of the sphere the angulardistribution of the incident
distantlight canbe recorered.Renderinghe newv sceneex-
ploits the principle of superpositiorof light in an elegant
way[DHT 00]: if theproces®f capturingmagess approx-
imatelylinear, animageof anobjectilluminatedby anenvi-
ronmentcanbe decomposethto a weightedsumof images
from pre-recordedlluminations. Speci cally, if the sample
imagesare recordedwith directionallight, the weightsfor
the nal imageareobtainedfrom the overall novel radiance
in the neighborhoof eachsamplediirection.

Linear superpositionof light hasalso beenusedin light-
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Figure 1. Four relighting examples(top row) as linear combinationof 272 images, the coefcients beingde ned by novel
imagesof a probeobject(bottom leftimage of ead pair) which are reconstructedvith the sampledprobeimages(right).
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Figure 2: Relitscenan novelillumination aslinear combinationof n= 272 previouslyrecodedimages(top row). Thecoef-
cientsl j are foundby reproducinganimage of a probeobject(bottomrow), usinga maximum-a-posteriogstimate

ing designalgorithmsthatrerendewirtual scenegNJS 94,
DKN 95 or relight natural objects|[ADWO04g ADWO04h|
by combininga setof basisimages.In image-basedight-
ing design,the userpaintsportionsof the tamgetimagein
the desiredcolor, and quadraticprogrammingor simulated
annealingalgorithmscomputethe lighting setupthatrepro-
ducesthe desiredappearancewhich can be usedto de-
terminethe settingsfor lighting the real object artistically
[ADW043 ADWO04H.

Our novel approachexploits the linear natureof light even
moreby treatingthere ectancefunctionandtheangulardis-
tribution of incident (distant) light only implicitly, and by
transferringhelinearcoefcients betweerimagesf aprobe
object,which de nesanovel illumination to be usedfor re-
lighting, andimageof thetamgetobjectthatwill berelighted
(Figure2). Thesystenmusesadatabasef imageshothof the
probeandtarmget,takenin avariety of samplelluminations.
Whatevertheincidentlight mapsin thesampleémageswere,
the principle of superpositionmpliesthata linearcombina-
tion of thesesamplelight mapsproducesanimagethatis a
linear combinationof sampleimageswith the samecoef-
cients.As aconsequencémagesof differentobjectsplaced
in thesameervironmentcanbedecomposeihto linearcom-
binationswith the samecoefcients. Our algorithmdecom-
posesa given image of the probein a novel illumination
into alinearcombinationof imagesfrom arbitrary unknavn
sampleilluminations. Then, we transferthe coefcients to

thetargetobject,andobtaina linearcombinationpredicting
theappearancef thetargetin the novel illumination.

In a Bayesianapproachour algorithm takes into account
the statisticalpropertiesof the sampledatain orderto nd
the most plausibleimage of the target object (maximum-
a-posterioriestimate) given the image of the probeobject
in a novel illumination. This statisticalcriterion avoids ar
tifactsthat would occurin a direct reconstructionfor ex-
ample due to noise. Speci cally, we form a tradeof be-
tweenreproducingthe probeimage as faithfully as possi-
ble, and maximizing the prior probability of the illumina-
tion that might have givenrise to this image,basedon the
distribution learnedfrom examples.This distribution canbe
estimatedevenwithout explicitly knowing theincidentlight
mapsL(w) by restrictingoursehesto thelinearspanof sam-
ple light maps andperforminga principalcomponenanaly-
sisonthe probeimagesratherthanthe unknavn light maps.

2. Implicit Relighting

For a x ed viewpoint and a non-local incident light dis-

tribution L(w), with w denotinganincidentlight direction

w = (g;f), theradianceobseredin a pointx of animageis
z

I(x)=  L(w) R(X;w)dw 1)
w
whereR(x; w) isthere ectanceeld [DHT 00]. Rsubsumes

effects suchas shadwaving, foreshorteningof incidentlight
dueto the unknovn surfacenormal,interre ectionsamong

¢ TheEurographic#ssociation2005.
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surfaceelementsandsubsurécescattering.Thered, green
and blue color channelsare treatedseparatelythroughout
this paperandtheindicesfor color channelsresuppressed.
In the classiclight stageapproachR is sampledby direc-
tionallight Li(g;f) = d(g qi) d(f f;) from discretedi-
rectionsg;, f j, expressedn termsof the Dirac deltafunction
d(). Accordingto Equation(1), the imagesare thendirect
measurementsf R 1;(X) = R(x;q;;fi).

In contrast,our approachusesarbitrary unknavn incident

of ourmeasuremeris to samplea basisof the mostrelevant
subspacef the vectorspaceof functionsL for subsequent
relighting of naturalobjects.Due to the principle of super
position,linearcombinations

n
Lw) = @ 1i Li(w) @
i=1
arephysicallyvalid incidentlight distributionsfor all 1 ; 0.

Negative coefcients maystill resultin positive L(w) if some
L; areoverlappingdistributions,aswe discussin Section4.
Thesdinearcombinationgroducenew images

!

z

I(x) = i Lilw)  R(x;w)dw

2|
w2
o ) ®)
3 WLi(W) R(X; w)dw = .éli li(X):

=ali
i i=1

=1

For relighting, thelight stagetechniqueusesweightsl ; that
are computedby integrating the incident radianceLpgyel
over neighborhoodsf the sampleddirections[DHT 00,
MDAO2].
We proposea novel techniquehatusesEquation(3) rst for
estimating j from animageof the probeobjectin the novel
illumination, andthenapplies(3) again to relight the target
objectfor thenew imagel (Figure2). More speci cally, let
theimageS of the probeobjectbe
p poz
S¥=ali S®=ali Li:probe(W) Rprobe(X; w)dw
i=1 i1 w
= WLprobe(W) RorobeX; W) dw
4

with sampleimagesS of the probe. Lyrone and Ryrone de-
notetheincidentlight distributionandre ectanceeld of the
probeobject,while the variablesl, L andR referto theim-
ageslight distribution andre ectance eld of thetamgetob-
ject.We now assumehattheincidentlight mapL andL prgpe
for thetargetandprobeareequalthroughouthe processpr
atleastthatbothareformedby thesamdinearcombinations
of samples:

n n
L=ali Li; Lprobe= @ !i Li;probe: (%)
i=1 i=1
Given animages of the probein a novel illumination, we
canthen nd the expansion(Equation4) thatis optimalin
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the leastsquaressenseminimizing the total error over all

pixels(x;y)

I'a

n n ’
E(1i;9=ka1i§ K*=3 ali sxy sxy)
i=1 Xy i=1
(6)

and obtain the set of coefcients |; requiredfor relight-

ing the taiget (Equation3). The minimum of E(l ;S can
be found by solving a simple linear systemusing standard
methodssuchasthe pseudo-imersematrix. In the follow-

ing section,we describea more appropriatetechniquethat
emplgys regularization.

3. BayesianRelighting

Solving directly for the parameters ; by a pseudo-imerse
would produceover tting artifacts, as shovn in Figure 3
(whereh = 0): rst, theimagesof theprobeobjectarenoisy,
sothesystemwould attemptto reproducehis noise.Second,
the samplegdo not spanthe full spaceof possibleillumina-
tions,soaleast-squareconstructiorf thenovel illumina-
tion would involve extremecoefcients | ; far from the con-
vex hull of examples.This impliesthatnoisein the sample
imagesof the probewould be scaledwith largefactorsl ; of
oppositesign,causingampli ed noisein theresult.
Thereforewe take amaximum-a-posterioapproach{MAP,
see[DHSO01) to relighting: given an image S,gel Of the
probeimagein a novel illumination, we nd theimagel of
the target objectthat maximizesthe conditionalprobability
pP(ljShover) (posteriorprobability), basedon an estimateof
theprior probability p of lighting conditionsfrom thesample
set.We do notneedto know theincidentlight mapL(w) ex-
plicitly, but only in termsof alinearcombinationof sample
illuminations. Basedon the prior probability, a regulariza-
tion parametercontrolshow conserative our estimatewill
be.

To estimatethe prior, we perform a principal component
analysis(PCA) on the set of probesamplesS, i = 1::n:
let S= %éi S, andA bethe matrix formedby the columns
(§ 9. PCAIis basedon a diagonalizationof the covari-
ancematrix: C = 1AAT = Udiags?) UT, wheres; arethe
standarddeviationsof the dataalongthe orthogonalprinci-
pal componentectorsu; given by the columnsof U. This
diagonalizations achiezedby a SingularValueDecomposi-
tion [PTVF92

A=Uwv' @)

with a diagonalmatrix W = diag(w;), sj = pl—ﬁwi, andan
orthogonalmatrix V. A probeimagesS canbe written asa
linearcombinationof the principalcomponents
S= §cuj+S=Uc+§ (8)
i

wherec; arethe linear coefcients. The estimatednormal
distribution of sampless, with a norq;alizatiodactornp,

1l i

3aigz

p(c) = npe ! ©)
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h=20 h=0:0001 h=0:001 h=0:01

h=01 h= 03 h=1 h =100

Figure 3: Each row showsa predictedimage with close-upon the testsubjects right eye The parameterh is usedfor regu-
larization in therenderingsThehighlightin the eye and the shadowdistribution demonstate the tradeof betweera detailed
lighting (low valuesof h) andlow noise(highvaluesh) in therendering For theserenderingsn = 625inputimageswere used.

within thelinearspanof examples Sincethecoefcients of a

linearcombinatiorof probeimagesS alsodescribeéhecom-

binationof light mapsL;(w), p alsocaptureshe estimated
probability densityof light distributionswithin the spanof

Li. With additive Gaussiarpixel noisein the probeimages
S thelikelihoodof anincidentlight mapL(w) producingS

is

pgo=n Qe
Xy

2—:2-(5 Cillixy+ Scy  Sey)?
N =n

(10)
with a standarddeviation s anda normalizationfactorn;.
Thenormk:k? denoteghe sumof squaregixel differences.

Accordingto Bayes'theoremthe posteriorprobabilityis

p(dS  p(§c) p(o); (11)
whichis maximizedif acostfunctiongivenby the negative,
rescaledogarithmis minimized:

2

E(9= Uc+S S2+hg 3; 12)

21
i Si

whereh = sﬁ is a regularizationparametethat can be
usedto control how consenrative the estimateis supposed
to be,which depend®on the anticipatedmeasurememnoise
andthepropertief thesampledlluminations,suchastheir
anguladistributionandangularoverlap.Themorecomplete
andsmooththe basisof samplesthe smalleranh we may
choosewithout producingartifacts.Figure 3 illustratesthe
effect of differentvaluesof h in our system.

Lkucts 9
e “N ;

E is minimal if % = Oforalli:

IE o = ! Ci
— =2 qQ U+ S S+ 2h= =0; 13
o |E?(. KUk s (13)

whichis achievedfor |
s2+h '

c= diag

Theconserativebestt canberewrittenin termsof theorig-
inal basis,usingVTV = id:

Swap = Uc+ S= AVW ‘c+S= AE+S (15)

~ . 1 Sj T Q-
where € = Vdiag p—ﬁ sZ+h U (s 9:(16)
Usingthede nition of S, we obtain
o ~, 1 o
Svap=aliS; li=¢+ ﬁ(l ad): @7
i k

Thesecoefcients | j alsoprovide the maximum-a-posteriori
predictionfor thetargetobjectimageatanovelillumination:
Imap = & lili: (18)
i

4. Sampling and Relighting of Objects

For collecting imagesof the probe and target objects at
different illuminations, we use an inexpensve setupwith
widely availableequipmentProbeandtargetobjectsshould
be relatively closetogetherto make surethat they areillu-
minatedin the sameway in the senseof Equation(5). Probe

¢ TheEurographic#ssociation2005.
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Figure 4: Arbitrary probeobject(left, 128 128 pixels),spaise sampling:an arbitrary part of the scenecan be usedas a
probe objectin the caseof a xed camer setup.Thetop row showsthe reconstructionfor sparse sampling(n = 250), the
bottomrow groundtruth. While the sparsenessauseshlurred highlightsand shadowsthe reconstructiordoesnot produce
multiple blendedshadowboundariesor compagble artifacts as point-basedighting sometimesloes.

andtamgetcanbe captureckeitherin the samepicture,aswe

did, or in separatgicturestakenwith two cameras\We used
anOlympusC5050zdigital camerdor still imagesatares-
olution of 2576 1925pixels,anImperxMDC 1004video
cameraat 1004 1004 pixelsfor the datasetshown in Fig-

ure 3, andanHDRC VGAXx high dynamicrange640 480
video camera,courtesyof IMS-CHIPY/, for the face data
setshavn in the video. For all camerasjmageswere cap-
turedin raw format, and a linearizationand Bayer recon-
structionwere performed.The renderingsn this paperare
subjectto an SRGB non-lineartransform,approximatinga
gammavalueof 2:2.

Theilluminationin ourmeasurememwasindirectlight from

the white walls and ceiling of a seminarroom in our lab

(Figure5). Walking aroundthe room, we illuminate differ-

ent parts of the room with a hand-heldHMI light source
(Joker-Bug 800 by K5600). The methodshouldwork with

ary brightlight sourceandastheillumination may change
duringexposurejong exposuresio not deterioratehe mea-
surementsor staticobjects We avoid to hit theobjectsor the

cameradirectly by usinga re ector and pointing the light

away from the measuremensetup.In the seminarroom,

ceiling andwalls werefar enoughto approximatelysatisfy
theassumptiorof distantlight.

While our approachdoesnotrequirecalibratedllumination

with a known distribution L(w), and neitherambientlight

nor smallerobjectsor darlker regionsin the room affect the

measurementsherearetwo issuedo take careof: rst, the

incidentlight should cover as much of the spherearound
the objectsas possibleacrossdifferentmeasurementske-

gionsthat were left out cannotbe incidentlight directions

Y http: /iwww.ims- chips.de/
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Figure 5: Measuementsetupfor thestill camen: an Olym-
pusC5050Zdigital camen recordsobjectson a tablewhich
areindirectlylit byahand-heldspotlightpointedat thewhite
walls, ceiling and oor. The probe object,a bladk snooler
ball, is mountedbn the smalltripod next to thetable

in relighting. Second,the illumination patcheswhich es-
sentiallyde ne thebasisL;(w) of light distributions,should
be overlappingand smooth:if the sceneis illuminated by
point lights or by small patchesof indirect light from the
walls, novel probeimageswith specularre ections between
thosethat were measuredtannotbe reconstructedandthe
new light directionswill bemissedaltogetherThereforewe
startedoff by illuminating large portionsof theroomfrom a
largerdistancein overlappingpatchesandthenlit overlap-
ping sequencesf smallerandsmallerpatches.

The probeobjectcanbeary objectthatis sensitve to illu-
minationchangesasFigure4 demonstrateg-or mostmea-
surementsye choseo useaspheresincethepoint-by-point
mappingbetweersampledmagesandimagesof the object
at novel illumination canbe establishedasilydueto sym-
metry; without xing theobjectto thecameraFor this map-
ping,whichis neededo nd thelinearcombinationof sam-
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daylight,LDR capture arti cial light, HDR capture

Figure 6: Reconstructiorof two light situations(top row)
and ground truth images (bottomrow) of a scenein simi-
lar arrangement.The left situationis captued in low dy-
namicrangein daylight,theright situationis takenasmulti-
exposue image in arti cial illumination. While the pre-
dictedimagesapproximatethelighting conditiononly with a
sparseset(n= 272 of inputimages,they matd the overall
brightnessanddistribution of highlightsandshadows.

plesthat reproduceshe novel probeimagebest,we select
the sphereby a boundingbox in the images,and apply a

scaleandtranslationoperation,assumingorthographigoro-

jection of the sphere We achieve good resultsscalingthe

sphereto 64 64 pixels,and maskingthe non-sphergarts
of theimages.

In capturingincidentlight distributions,the dynamicrange
of thecameras animportantissue Most authorsrecordim-

agesof a metallic spherewith high-dynamicrangeimaging
to avoid saturated- and thereforeunderestimated- high-

lights onthe sphereln orderto reducethe radianceat high-

lights, we prefer to use a black snooler ball, which re-

ects only a small portion of the incidentlight to the cam-
era[TSE 04]: accordingo the Fresneformulas,the specu-
lar re ectanceof the non-metallicsnooler ball is 1:0 attan-

gentdirections,andfalls off rapidly to avalueof 0:04in the

center(atanindex of refractionof n= 1:5). As aresult,our

probeobjectproduceselatively dim speculare ectionsthat
arelikely to be within the dynamicrangeof a digital cam-
erain imageghat,atthe sametime, capturethetargetscene
appropriately

Our entirerelighting procesgakesthefollowing steps:

Training Step:Recordasetof nimagesatdifferentillumi-

nationwith x edcamerasndstaticobjectsde ne abound-
ing box aroundthe probespherein the rst image,cropand
scalethe probein all images,performa PCA on the probe
imagesandstoretheresult.
PredictionStep:Givena photograptof the probein a novel
illumination, we cropandscalethe probeagain from theim-
age,computec, € andl ; (Equationsl4,15,17) andform the
weightedsumof sampledmaged; (Equationl?).

The variation in overall brightnessin our samplesets
turnedout to be sufcient to cover the variationsin novel
illuminationswithout rescaling.

Unlike mostpreviousmethodspurlinearcombinationsnay
involve negative coefcients | i: in the classicallight stage
approachlDHT 00] and most subsequeninethods linear

Figure 7: Resultsof relighting a testsubjectfromn = 75
still images. Someartifacts arise becausef movemeni(see
edges),but lighting remainsrealistic.

coefcients arepositive, sincethey areweightsproportional
to the incident radiancein the neighborhood=f discrete
light directions.Matusik et al. [MLP04] enforceconstraints
onthemodelcoefcients.

In our setting,negative coefcients arisefrom the overlap-
ping basefunctions.Still, they do not imply physically in-
valid results:consideranimagewith two lights A andB, and
onewith A only. Thedifferenceimagereproduceshesitua-
tion with B only, andall resultingpixel valuesrepresentalid
positive radiancesHowever, negative color valuesmay still
occurin our least-squaresamevork within therangeof ap-
proximationerrors.In a seconditeration, we alleviate this
problemby tting againstanimageconsistingof theinverse
of negative resultpixels on the probe(with a smallervalue
for h), andaddingthe resultingcoefcients to the previous
results.

5. Results

Figurel, 2 and8 shav imagesof objectsthatwererelighted
with our system,demonstratinghe high spatialdetail that
canbeachievedwith still camerameasurements.
The training step for theseimagescontained272 sample
images,taken in about30 minutes.The computationtime
for the PCA on the probe picturestook about20 seconds
per color channelon a PC with 3 GHz Intel Xeon Proces-
sor Determiningthe coefcients | ; for sometargetimage
Samet takeslessthan2 secondsandreconstructingan im-
agetakesbetweenl (for 64 64 images)and 16 seconds
(for 708 560 pixels). Thesenumbersare for the dataset
from Figure 2, but are comparablégo the others.The tim-
ings are performedafter transferringthe picturesfrom the
cameras CompactFlashCard,andreconstructinghe Bayer
patternin eachof theinputimages.
Figure 8 shawvs the wide range of material appearances
which are capturedby our approach:cloth (napkin), pol-
ishedmetal (cutlery), glossyobjects(orange,plate), trans-
parentobjects(wine insideglass)andevennear eld caus-
tics (jelly). All of theseareplausiblyrelighted.For aground
truth comparisonyve reproducedighting of two scenesas
shavn in Figure®6.

For live objects,suchashumanfacesthe acquisitiontime
is an issue.Figure 7 demonstrateshat from n = 75 sam-

¢ TheEurographic#ssociation2005.
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Figure 8: Various materialsrelighted,n= 272 Therowsa showreproducednatural lighting (asin Figure 1, secondccolumn),
the rowsb showsyntheticlighting of a directionaldominantlight souice in an otherwisetotally dark room.The objectsare
fromfour differentdataacquisitions:(i) dish,napkinandwine, (ii) jelly, (iii) spoonsheepandjuice, (iv) oranges.

ple illuminations, which were capturedn about8 minutes,
interestingeffects of humanskin structurecan alreadybe
capturedHowever, especiallyfor the perceptuallymportant
visual propertiesof humaneyes,a setupwherethe eyesare
openis moreappropriatetherefore we also performedex-
perimentswith two fastercamerasin one experiment,the
testsubject(Figure 3) wasrecordedfor 25 secondswith a
video camerayielding 625 input imageswhich allow usto
recreateeven speculathighlightsin the eyes.In anotherex-
periment(seesupplementavideo of a smiling personhold-
ing atoy animal),we usedan HDR video camerayielding
1000framesin acomparabldime.

Eventhoughthe cameragave us abundantimagedatain a
shortperiodof time,we hadto recordfor about25seconds$o
sweepthelight sources coneoverthewall manually cover
ing asufcient setof light conditions.Residualmovements
of the test subjectwho was recordedwith the still camera
(Figure 7), which becomevisible asrelief-like artifactsin
thesupplementaryideo,arelessprominentin thevideoac-
quisitionsetup(Figure 3) dueto shorterrecordingintenals.
In the backgroundof the syntheticimages,behindthe tar
getobjects purtechniquaendsto produceghostimageshat
shav theexperimenteandthespotlight,astheexperimenter
becomegpartof thedistantincominglight ervironment.We
masledthebackgroundn thevideo,andcroppedheimages
to the objectregionin the Figures.

¢ TheEurographic#ssociation2005.

Althoughit is designedor relightingwith naturalillumina-

tions,our approacttanalsobeusedfor syntheticrelighting,
basednrenderingof asnoolerball. For Figures8 (row b),

3, andtherotatinglight sourcein the video, we rendereca
spheravith PhongBRDF andanadditionalFresnetermfor

a refractive index nefract = 1:5. The Phongexponentgives
us an easycontrol of the distribution of incominglight; by

choosinga low exponent,an extendedlight sourceis simu-
lated. Syntheticimagesof the ball createdwith aray-tracer
or globalillumination techniquegouldbe usedaswell.

For illumination design,as shovn in Figure 1 (right), the
userdraws patternsof incoming light with standardmag-
ing software into an image of the probe object, which is

thenreconstructedby our Bayesianmethodfor transferring
the lighting on the target. This is unlike previous methods
[ADWO043 ADWO04l], wherethe lighting was designedn

thetargetimagedirectly. For practicalapplicationshothap-
proachesare useful, but they addresdifferentdesignpur

poses.

6. Conclusion

The contrikutions of our methodare a new theoreticalap-
proachfor relighting,andalow-costsystenthatrequiresno
light stageor othersophisticatedetupor equipmentFrom
a maximum-a-posteriorapproachwe have derived a sim-
ple mathematicaformulawhich makesthe relighting algo-
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0] (ii) (iii) (iv)
Figure 9: Comparisonto impulse-esponsesampling:in
order to reconstructa target (i), samplingn = 271 non-
uniformlydistributedpoints(ii) insidethetargetimage'sac-
tive area createsholesand non-smoothartifacts (i), even
thoughwe sampledlight directionsfavorably. In contrast,
our methodwith extendedncominglight sources(iv) gives
a continuougreconstruction.

rithm easyto implement.We hopethat our techniquehelps
to male relightingmoreavailableto a broadrangeof users.
In contrastto previous work, our methoddoesnot apply
point-light illuminationsfor sampling[DHT 00, HWT 04,
MDAO2], butlow spatialfrequeny illuminations.Both con-
ceptswork well for diffuseobjectsin arbitrarylighting, but
involve differenttradeofs for speculaobjectsandcastshad-
ows, givenalimited setof samplélluminations.Ourmethod
tendsto blur highlightsand shadav edges,ascanbe seen
in Figure 4, but reconstructsextendedlight sourceswell.
Impulse-responsenethodsreproduceextendedsourcesby
individual points, as illustrated in Figure 9. Also, in ani-
mationswith moving directionallight sourcessharpspec-
ular highlightsfadein andout, while our methodproduces
smoothlymoving, but slightly broadetighlights(asseenn
theeyesin the supplementalideo).

As a conceptuabdwantagepurimplicit approacHearnsthe
mappingbetweenprobeand outputimagesdirectly, rather
thaninvestingin the estimateof intermediateinformation,
suchasincidentlight [Deb99 or re ectance[MLP04]. We
have proposeda new, more generalnotion of a light probe
object,which makesthemethodinterestingfor new applica-
tionsin x edcamerasetupsWe presentedi resultemploy-
ing toy gures for thatpurpose.

Our method ts seamlesslyinto existing acquisition
pipelinesthatmeasurencidentlight distributionsexplicitly,
asthemappingof thelight distributionto thesnoolerball is
straight-forvard.However, thisis notourprimarygoal,since
we proposea differentmeasuremenprocessfor determin-
ing illumination that is equally simple as the cornventional
methodof capturinga mirror spherelt is easyto improve
the speedof the illumination samplingby technicalmeans,
asthemeasuremergetupis uncalibrated.
Fromagivensetof sampledllumination conditionspursta-
tistical approachenablesus to predicta relightedimagein
anoptimalsensewvithout explicit knowledgeof the objector
lighting propertiesmakingit a consequenimplementation
of learning-basedomputergraphics.
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