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Abstract

We presenta systenfor interactively capturing constructingand renderingsurfacelight elds by incrementally
building alow rankapproximationto the surfacelight eld. Eac imageis incorporatedinto thelighting modelas
it is captued, providing the userwith real-timefeedbak. Thisfeedbak enableshe userto preview the lighting
modelanddirecttheimage acquisitiontowards undesampledareasof the object.We also provide a novel data-
drivenquality heuristicto aid the userin identifyingundesampledegions.Our systernis an order of magnitude
fasterthan previoussystemsandreduceghetime necessaryo captuee theimagesand constructa surfacelight

eld fromhoursto minutes.

CatgyoriesandSubjectDescriptorgaccordingo ACM CCS} 1.4.1 [Digitization andimageCapture]:Re ectance

1. Intr oduction

Collectingthe numerousmagesneededor theconstruction
of surfacelight elds is atime-consumingandtediouspro-
cessSincetheresultcanbeviewedonly afteralengtty post-
processis complete,it canbe dif cult to determinewhen
the light eld is sufciently sampled.lt is not enoughto
uniformly samplethe hemisphereas this may miss high-
frequeng informationsuchashighlights.Often,uncertainty
aboutthesamplingdensityleadsusergo capturenary more
imageghannecessarin orderto guaranteeadequateover
age.If undersamplingrtifactsarevisiblein theresult,more
imagesmustbe acquiredand the entire factorizationpost-
procesamustbe repeatedThesedata-acquisitiorproblems
canbetracedto thelack of feedbackduring theimagecap-
tureprocessashumansarequiteadeptatrecognizinginder
samplingerrors.An incrementahlgorithmprovidestheuser
with feedbackas the lighting modelis being constructed,
allowing the userto obtainthe necessaryjuality and avoid
takingmary extra pictures Examplef severalmodelscan
beseenin Figurel.

In this paperwe presenta systemfor incrementallycap-
turing, constructingandrenderinga surfacelight eld with
x edillumination conditionsandknoxn geometryEachim-
ageis incorporatednto the lighting modelasit is captured,
providing the userwith real-timefeedback.This feedback
enablesthe userto preview the surfacelight eld anddi-
rect the image acquisitiontowards undersampledegions.
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Figure 1: A heart gurine, a marble pestle and a copper
pitcher captuedandrendeedwith our online system.

We also introducea novel data-driven quality heuristicto
highlighttheseareas.

We were inspiredby Rusinkiavicz [RHHL02], who de-
scribeda systemto interactvely capturegeometry Theuser
was incorporatedinto the processindgoop, which enabled
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themto view the samplingandto steerthe solutionto elimi-
nateholesin themodel.Ourgoalis to make asimilarly easy-
to-usesystemto capturethere ectancepropertiesof anob-
ject. Our onlinelight- eld captureprocessenableghe user
to examinethesurfacelight eld asit is beingacquiredadd
imagesvherenecessanandmalkethe nal determinatioras
to whetherthe quality is sufcient. A sequencelemonstrat-
ing this processs shovn in Figure?2.

1.1. Contrib utions

We believe this papermakesthe following contritutionsto
image-basedodelingandrendering.

A fast, incrementalalgorithmto constructsurface light
elds. Sinceeachimageis processedsit is capturedthe
storageoverheads low, andnew imagescanbeincorpo-
ratedat ratesof morethanonepersecond.

An interactve modeling/renderingparadigm.As a new
imageis incorporatednto the surfacelight eld, theren-
dering datastructuresare immediatelyupdatedand dis-
played,enablingthe userto continuallyevaluatethelight
eld quality.

A data-drven quality heuristicto guidesampling.An er-
ror metricis interactvely computedanddisplayedto aid
in determiningwhich partsof the4D spaceareundersam-
pled.

A structuredmethodfor dealingwith incompletedata.
Dueto occlusionmary surfacepatchesareonly partially
visible. Ratherthandiscardinghesedata,we usethe cur-
rentapproximatiorto Il in theseholes.

The paperproceedsas follows. We rst discussimage-
basedmodeling methodsfor captureand display of view-
dependentillumination. We then describe the Online
SVD [Bra03, whichis thecoreof ouronlineapproachThe
Online SVD is a fast,memory-efcient algorithmfor con-
structingan incrementalow-rank singularvalue decompo-
sition. In Sectiord we presentetailsof theimplementation,
followedby resultsandconclusions.

2. Background
2.1. SurfaceModeling

A goodoverviev of the stateof theartin materialmodeling
by image acquisition,and potentially inverserendering,is
provided by the recentSiggraphcourseon Material Model-
ing [RMO02], andthe EurographicsStateof the Art Reporton
Acquisition, Synthesisand Renderingof Bidirectional Tex-
ture FunctionsfMMS 04]. Our systemcaptureghe exitant
radianceof an objectfrom images,andis basedon BRDF
capturesystemgDvGNK99, LFTG97, MWL 99,DHT 0Q]
andview dependentexture maps[LYS01].

Representationf this captureddatais crucial for inter
active rendering.Malzbenderet al. [MGWO01] t acquired
datato a bi-quadraticpolynomialto estimatea re ectance

Figure 2: This sequencehowsthe image acquisitionpro-
cess.The left frame showsan image from the camea. In
the middleis the reconstructiorbefole this image is incor-
porated,with highlightsinterpolatedfromnearbyviews.The
right image showsthereconstructiorafterit isincorporated,
with the correcthighlights.

eld. Lenschetal. [LKG 01] usethe Lafortune[LFTG97]
representatiorand clusteredBRDFs from acquired data
in orderto createspatially-\arying BRDFs. McAllister et
al. [MLHO2] describesa device for scanning6D spatially
varying BRDFsandmethoddfor tting the datato a Lafor-
tune representationGardneret al. [GTHDOJ describea
BRDF capturedevice that usesa linear light source(asop-
posedto a point source),which can also estimatesurface
normalsanda height eld.

2.2. SurfacelLight Fields

Surface light elds [MRP9§ representthe exitant radi-
anceunder x ed illumination conditionson the surface of
a known geometricmodel. This parameterizatiomesultsin
a compactrepresentatioithat enablesthe captureand dis-
play of comple, view-dependeniflumination of real-world
objects. This cateyory of approachesncludesregular pa-
rameterizationsof radiance[LH96, GGSC94 as well as
approachesvhich handlevery sparseand scatteredsam-
ples[DTM96,DYB98,BBM 01].

Surface light elds can be representedas the function
f(s;t;q;f). Thevariabless andt represensurfacelocation
on the mesh,andq andf representiew directions.This
functiondescribeghe exitant radianceat every point on the
surfacefrom every direction.We candiscretizethis function
over the surfacepatchesandsolid anglesandrepresenit as
amatrix. The columnsof this matrix arethe cameraviews,
andthe rows arethe surfacelocations.Sincestoringthese
full datamatriceswould be impractical,several techniques
have beendevelopedto compresshedata.Factorizationap-
proachesepresenthe4D surfacelight eld f(s;t;qg;f) asa
sumof productsof lower-dimensionafunctions

rank

a a(st)h(a;f)
r=1

f(st;q;f)

The numberof termsr is the rank of the approximation.
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This factorizationattemptsto decouplethe variationin sur
facetexture from the variationin lighting. Thesefunctions
can be constructedby using Principal ComponentAnal-
ysis [WAA 00, CBCGO02 NSIO01] or non-linearoptimiza-
tion [HMGO03, MAAO1]. The function parametersan be
storedin texture mapsandrenderedn real-time[CBCGO03.

2.3. Online Methods

Most of the researchn image-basednodelinghasfocused
on batdh-processingsystemsThesesystemgprocesshe set
of imagesover multiple passesand consequentlyrequire
thatthe entire setof imagesbe available.For detailedcap-
ture of light elds, this requiressigni cant storage(around
10° datasamplegHMGO03)). In addition,incorporatingad-
ditional imagesinto thesemodelsrequiresrecomputingthe
modelfrom the beginning. Formulatingsurfacelight eld
constructiomasan online processingapproachavoids these
problemsby incrementallyconstructinghemodelastheim-
agedecomewvailable.Matusik| MLP04] usedhisapproach
with akd-treebasissystemnto progressiely re ne aradiance
modelfrom a x edviewpoint. Schirmachef SHS99 adap-
tively meshedheuv ands planesof alight eld, andused
anerrormetricalongthetriangleedgedo determinethelo-
cationsof new camerapositions.Hillesland [HMGO3] up-
datedanon-linearsolutionin anonlinemethod but required
multiple passesverthedata.

Our work hasa strongmachinelearningcomponentand
dependon someof the recentalgorithmsdevelopedin the
contet of datamining [Bra03 Row97].

3. Algorithm

Thegoalof this projectis to build aninteractie systemthat
enableghe rapid captureof exitant radianceunder x edil-
luminationconditions.Theuserinteractswith the systemby
moving a video cameraaroundthe objectthatis beingcap-
tured.Thevideocameras trackedin real-time,andtheim-
agesare incorporatednto the model and displayedon the
screenThis enableghe userto view the surfacelight eld
asit is beingconstructecandto correctfor undersampling
errors.In addition,theusercanview the data-drven quality
heuristicasa scalarvaluefor eachsurfacepatch which pro-
vides additional statisticsaboutthe reconstructionquality.
Thekey to this interactionis the methodwhich we describe
in this section,which canincrementallybuild a compressed
representatioof the surfacelight eld.

3.1. Online SVD

Chenet al. [CBCGO03 use Principal ComponentAnaly-
sis [GL96)] to extract the low-dimensionalfunctionsg(s;t)
and h(q;f) from the full datamatrices.PCA is a power-
ful andwidely-usedcompressiontechnique but it requires
thatthefull setof radiancedatabe availableduringprocess-
ing. Sincethisdatais usuallyextensiely resampledo t the
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Figure 3: The Online SVD.A new point c is incorporated
into the existing SVD.Theorthogonal componenp is com-
putedby projectingontoU. If kpk is belowa threshold then
we can incorporate this new sampleby simply rotating U.
Otherwise we mustincreasetherank of the approximation.

columnsandrows of the datamatricesthis canbea signi -
cantstoragecost.

The Online Singular Value Decomposition[Bra03 en-
ablesusto incrementallybuild a compressedepresentation
of a surfacelight eld. The Online SVD is an incremen-
tal PCA algorithm[HMMO00, CMW 97] that computeshe
principal eigervectorsof a matrix without storing the en-
tire matrixin memory Theresultsarebuilt up from a series
of simple operationson the outputeigervectors,which are
low-rank approximationdo the full matrix. If therankr is
muchsmallerthanthesizeof thematricesthisis aconsider
ablesaving, andreduceghe computationatompleity from
quadratido linear[Bra03.

The Online SVD works asfollows (seeFigure 3). Con-
siderarank+ PCA

A= UsV'

whereU2 R™ ', S2 R" T, andV 2 R" . As eachnewn
imageis capturedijt is resamplednto a pervertex column
vector which representsvery pixel in a surfacepatchfrom
onecameraview. This columnof sampleg is projectedonto
theeigenspace:

j= UTc
Theamountthatis orthogonako theeigenspaces givenby:
p=c Uj
The norm of this vector kpk, is a measureof how dif-
ferentthe pixelsin this new imagearefrom our currentap-
proximation.If the pixels aresimilar (thatis, kpk is belov

a threshold)we canincorporatethis new sampleby simply
rotatingthe existing eigenspaces.

U= URy V%= VRy
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—©— Online SVD
—— PCA ]

Figure 4: TheMeanSquaed Error of a reconstructedight
eld asa functionof therank. Themajority of thelight eld

is captured after 4-6 terms.For the samenumberof terms,
theOnline SVDhasmore error thanthe PCA.

Otherwise the currentrankr of the approximationis in-
sufcient, andwe increaseherankto r + 1 andappendhe
columnj to our approximation.

U= [UijlRu VP= VRy

The rotationsare computedby re-diagonalizinghe (r +
1) (r+ 1) matrix

S i .

0 kpk . [RU1 RV]

Theserotationscanbe computedn O(r?). Sinceonly the
outputmatricesU, S, andV are stored,this representation
resultsin signi cant storagesavings.

3.1.1. Error

Sincethe Online SVD is constructedncrementallyit tends
to have moreerrorthanthe PCA for thesamerank.Figure4
shavs the errorasafunctionof rank. A rankthatis too low
biasesthe Online SVD computationby forcing it to select
sub-optimaleigervectors.Brand [Bra03 suggestsomput-
ing the Online SVD at twice the actualrankandonly using
the largesteigervalues.This allows the eigervectorsmore
degreesof freedomto t to theincomingdata.

3.2. Missing Values

Acquiredradiancedatais often incompletebecauseof oc-
clusion.Many systemsareforcedto discardsurfacepatches
with missingdata,or Il in the holeswith incorrectvalues,
suchas zerosor meanvalues.A betterapproachis to es-
timate the missingdatausing a processknown asimputa-
tion. ImputationuseghecurrentOnlineSVD estimateof the

Figure 5: Theleft image showsthe bust modelconstructed
from282pictures,andtheright image showshe samesetof
imagesusingimputationto Il in the missingvalues.Areas
with missingdata have beencolored red (they would nor-
mally bebladk).

light eld to Il in missingvalues[Bra03. Theknown sam-
plesare projectedonto the currenteigenspaceandthe un-

known valuesareestimatedy solvingtheunderdetermined
systemusing Linear Least Squares[GL96]. This lls in

the missing values with the nearestplausible values us-
ing the Mahalonobismetric (a metric de ned in the scaled
eigenspace)Bra03.

Figure 5 shavs the advantageof imputationfor surface
light elds. In practicewe only imputemissingvalueswhen
at leasthalf of the surfacepatchis visible in animage.In
addition,we only imputevaluesafter8-10initial imagesto
allow the systemto establisha reasonabl@pproximation.

3.3. Data-Driven Quality Heuristic

The Online SVD enablesthe userto view the light eld
modelasit is beingcapturedThis visual feedbackis help-
ful, but it canstill be dif cult to recognizeundersampling
errorsduring imageacquisition.To aid the userin collect-
ing high-qualityradiancenformation,we developeda data-
driven quality heuristicthat usesthe information obtained
from the estimateto indicatewhethermoredataareneeded.
This is displayedasthe userviews the model,andprovides
additionalstatisticsaboutthe reconstructiorguality.

One possibleway to do this is to assumea x ed BRDF
and measurehe error betweenthis andthe collectedsam-
ples.This is the approachaken by Lensch[LLSS03, who
usedan uncertaintyminimizationtechniqueto guideimage
acquisition We wantecdto avoid this x edBRDFassumption
in orderto captureawide variety of re ectanceproperties.

There are two statisticsthat we want to provide feed-
backabout:the variationover the surface,andthe variation
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Figure6: Top: TheOpenLFsystemBottom:Our onlinesys-
tem. The two systemsshae several componentsincluding
the visibility, resamplingand rendering We introducesev-
eral new component$o cornvertlight eld constructioninto
anonlineprocess.

over theviewing direction.To this end,we developeda per
trianglescalarquality heuristicthatis computedasthe com-
binationof two quality functions:

q
y(stof)=w yp(sit)2+ yn(g;f)?

The surfacequality functiony p measureshe quality of
thesurfaceapproximatiorby trackingtheprojectionerrorof
theOnline SVD. The projectionerroris computedaspartof
theupdatingstepasthequantitykpk. Thisvalueis ameasure
of how muchthenew imagediffersfrom ourapproximation.
This scalarquantityis smoothedusing an exponentialfall-
off lter.

The hemispherequality functiony j, is a measureof the
samplingdensityof the hemisphereThe valueis computed
by usingtheareasf thetrianglesin the Delaunaytriangula-
tion of thehemisphereTheDelaunaytriangulationwhichis
usedfor interpolationjs describedn moredetailin Sec.4.2

The quality heuristicy (s;t;q;f) is displayedasa scalar
value at eachtriangle. We display this valuein red in our
system,sinceit is easily visible from a distance.As the
usermoves the tracked cameraaroundthe object, the ob-
jectrotateson the screerandthe brightnesof the heuristic
changesAs imagesare capturedin a region, the heuristic
darlensandthe usermovesto a differentarea.As the light

eld is being acquired,the usercan either view the light
eld, theheuristic,or asplit-screerview of both.In practice,
we typically view the cameraoutputandtrackinginforma-
tion on onescreerandswitch betweerthe heuristicandthe
light eld ontheother
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4. Implementation

We have implementedhis systemwithin the framework of
OpenLF[OpeR, anopensourcelight eld captureanddis-
play systemdevelopedby Intel. In Figure 6, we shav a di-
agramof OpenLFand our prototypesystem.This section
describeghe sharedelementsof the system:visibility, re-
sampling,andrendering.

4.1. Rendering

Oneof the advantagef the factorizationapproacho sur
facelight elds is thatthefunctionsg(s;t) andh(qg;f) canbe
storedin texture mapsandrenderedn real-time[ CBCGO03.
Thefunctionsg(s;t) areknown assurfacemapsandh(q;f)
areknown asview maps

The surface locations(s;t) are parameterizedver the
triangle rings centeredat eachvertex. Using trianglerings
insteadof individual trianglesavoids discontinuitiesat the
edges[CBCGO03, but requiresthat eachtriangle be repre-
sentedby threesurfacemaps(onepervertex v). Thecamera
locationg(q; f ) areparameterizedverthehemispherabore
eachvertex.

The renderingalgorithm,which is executedon graphics
hardware,requiresevaluatingthefollowing function:

rank 3
f(st;g;f)= & a bistvhi(afoust)

r=1v=1
ateachof thetriangles.A view vectoris computedrom the
eyeto eachof thethreeverticesof thetriangle. Thesevectors
are projectedonto the local basissystem,andinterpolated
acrosghetriangle.At eachfragmentthevectorsarenormal-
izedandusedto look upin theview mapsh{l;z;s) (g;f). The
functionsg[l;z;g) (s;t) arecomputeddy linearly interpolating
the surfacemapsacrosshe triangle. The two functionsare
multiplied togetherand weightedby a barycentricfunction
b(s;t;v) to getthe nal exitant radianceat this point. Each
termr of the approximationis renderedn onepassandac-
cumulatedn a oating-point framebuffer.

Figure 7: Left: Theviewingfunctionsh(q; f ) are parameter
izedoverthehemipshezandstoredin viewmapsRight: The
surfacefunctionsy(r; s) are parameterizeaverthetriangles
andstoredin surfacemaps.
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The surfacemapsandview mapsfor all of the triangles
aretiled into larger texture maps,asshavn in Figure 7. We
typically use surface mapsof size 16x16 and view maps
of size32x32.All texturesarestoredin oating point for-
mat,which avoidsquantizatiorerrorandscale/biagrtifacts.
This requiresmore storagethan the 8-bit texturesusedin
OpenLF[Ope}l, but the signedrepresentatiomandhigh dy-
namicrangeareimportantasthe principal componentgan
be eithernegative or positive.

4.2. Visibility and Resampling

Thematrix factorizatiorapproacho compressiomnf surface
light elds requiresthatthe imagedatabe resampledrom
the input imagesto t into the rows and columnsof the
datamatrices.This resamplingoccursin both dimensions;
notonly arethecamerdocationsatarbitrarylocationsin the
hemispherebut the projectedareasof the trianglesvary in
eachimage.

Resamplingheimageso Il thecolumnsof thedatama-
trix is straightforvard. First, the visibility is testedby pro-
jecting the triangle meshusing the cameras position and
orientation.Visibility is computedon a pervertex basisby
back-projectinghe vertex into the cameralf atrianglering
is determinedo bevisible, the colorsaresampledrrom the
inputimageusingbilinearinterpolation.

Resamplinghe cameraviews to cover the hemispherés
morecomplicatedIn the OpenLFsystemcamerdocations
aretreatedas pointsin a Delaunaytriangulation.This tri-
angulationis usedto weight eachof the camerapositions,
which arestoredin thetexturemaps Our systenmusesa sim-
ilar approachby building the Delaunaytriangulationincre-
mentally The triangulationis initialized with four pointsat
thecornersof theview map.Whenanew imageis captured,
thecamerdocationis projectecontothevertex basisvectors
andnormalizedto geta point on the hemisphereThis point
is projecteddown ontotheplaneandinsertednto the Delau-
nay triangulation.The triangulationis thenrenderedusing
thesepointsasthe colors,andthegraphicshardwareresam-
plesthecolorsacrosghe hemisphereTheresultis storedin
theview map.

4.3. PoseEstimation

In orderto projecttheimagesampleontothegeometrythe
cameras positionand orientationmustbe known. Our sys-
tem usesa tracked video camerato captureimagesof the
object. The camerawas calibratedwith Bouguet'sCamera
Calibration Toolbox [Bou], and imagesare recti ed using
Intel’'sOpenSourceComputelVisionLibrary [Oped. Tode-
terminethe poseof the camerawith respecto the object,a
stagewas createdwith ducials alongthe border The 3D

positionsof the ducials arelocatedin the cameras coordi-
natesystemin real-timeusingthe ARToolkit Library [ART].

Thislibrary usesmagesegmentationcornerextraction,and

Figure 8: ThebuddhamodelprocessedisingPCA, on left,
andtheOnlineSVD,ontheright. Online SVDis anapproxi-
mation,andthere are somevisibleartifactsin thechestarea.
ThePSNRbetweertheimagesis 33.2dB.

matchingtechniquedor trackingthe ducials. Knowing the
3D positionof animaged ducial allowstheposeof thecam-
erato be computed Whenmultiple ducials are presentin
animage,thecamergposecanbere ned by minimizingthe
differencedetweerthe poseestimatedor each ducial.

5. Results

Our systemusestwo PCs,onefor camerarackingandone
for visibility, resamplingandrenderingThetrackingPC,a
1.8GHzIntel Pentium4, is connectedo a Point Grey Re-
searchFleaVIDEO cameravia a IEEE-1394interface.This
cameracapturesl024 768 colorimagesat 30 framesper
secondTheimagesandposeestimatesresentover thenet-
work to the secondPC, a 2.3GHzAMD Athlon64, where
they areincorporatednto the matrix factorizationandren-
dered.Thegeometnyof theobjectis capturedasapreprocess
usingaFarodigitizing arm.Themodelis registeredwith the
cameray samplinghe ducial locationswith thesametool.

5.1. Results

One of the advantagesof our methodis the reducedstor

agecost,which translatego improved speedof modelcon-
struction.In ourtests this resultedn anorderof magnitude
increasdan speedover the OpenLFsystem For the buddha
datasetshavn in Figure 8, the processingime is reduced
from 67 minutesin OpenLFto 7 minutesin oursystemTim-

ingsfor severaldatasetsirepresentedh Figure9.

As we notedin Sec.3.1.1, theOnlineSVD canhave more
errorthanthe PCA. We ran several experimentso compare
thequality of theOnlineSVD to abatchPCA.Usingastored
datasettheimageswverefed oneatatimethroughthe Online
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SVD solver to mimic the conditionsof anincrementakon-
struction. Since this was implementedwithin the OpenLF
framawork, we candirectly comparethe quality of the re-
construction. A side-by side-comparisorf two imagesis
shavn in Figure8.

During image acquisition,the data-drven heuristicpro-
videsvisualfeedbacko the userto highlightundersampled
areas.We have found this works well in practice,but we
areinterestedn formally evaluatingthe usefulnesof this
heuristic.In lieu of auserstudy we developedanautomated
experimentto measurethe corvergenceof a surfacelight
eld usingtheheuristic.Usinganarchived datasetywe com-
paredrandomimageselectionto imageselectionguidedby
the heuristic.To adda nev image,the computercalculates
the heuristicfrom the point-of-view of all of the remaining
images,and selectsthe image with the highesterror The
resultsof this experimentare showvn in Figure 10. This ex-
perimentindicatesthat the heuristiccan accuratelypredict
which imageswill contritute the most contentto the nal
result. Capturingimageswherethe heuristicis large should
likewise enableusersto efciently capturelight elds. We
areinterestedn conductingauserstudyto evaluatehow well
this heuristicinformationis communicatedo the user

Onefactorthat canaffect the quality of incrementalap-
proximationsis dependencepon the orderingof data.In
a different experiment,we measuredhe error over differ-
ent permutationf alight eld datasetThe resultsof this
experimentare shavn in Figure 11. For referencewe in-
cludedthe groundtruth estimatefrom PCA and a sorted
permutationof the samples.Note that the worst error is
from the sortedpermutationBrand[Bra03 pointsout that
small, gradualrotationstendto introduce oating-point er
ror, which causesthe eigervectorsto lose orthogonality
He suggestperiodicallyre-orthogonalizinghe matricesus-
ing Gram-Schmidtorthonormalization.In a different pa-

Figure 9: Timing resultsin seconddor several modelsThe
bust has 7K triangles, the buddhahas 12K triangles, the
star has5K triangles,the hearthas2.7K triangles,and the
pitcher has3K triangles.
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Figure 10: Measuringthe corvergenceof surfacelight eld
constructionusing the data-drivenheuristic. Compaed to
randomselection the useof the data-drivenheuristicdra-
matically speedsorvergence ThePSNRof the reconstruc-
tion wascompaedto a refeencePCAimplementatiorat 10
randomviewpoints.

per [Bra02, he provides an alternatve matrix formulation
thatreduceghis error.

6. Conclusions

We have presenteda methodfor incrementalconstruction
of surfacelight elds, which usesthe Online SVD to build

a surfacelight eld approximationinteractively during the
acquisitionstage.This online approachprovides real-time
feedbackto the user which enablesthe userto direct the
image acquisitiontowards the undersampledareasof the
model. This signi cantly reducesthe acquisitiontime and
helpshbuild higher quality models.This approachcanalso
decreaséhe processindime by anorderof magnitude.

To assistthe userin the captureprocesswe presenta
novel data-drvenheuristicthatprovidesan extra channelbf
information. We conductedseveral experimentsto demon-
stratethatthe data-drvenquality heuristic,atool for provid-
ing feedbackio the userduring sampling,cansigni cantly
increasdhe corvergenceof thereconstructionSincetheor-
derin whichtheimagesareacquiredcaffectstheOnline SVD
solution,we alsoinvestigatedthe errorscausedy permuta-
tionsof theimages.

We believe thatincrementakonstructionof surfacelight
elds is apowerful tool for thecaptureandrenderingof pho-
torealisticmodels.

7. Future Work

In additionto theincrementatonstructionthereareseveral
propertief theOnline SVD thatarevery usefulfor surface
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Figure 11: Thetotal reconstructiorerror of theOnlineSVD
from 20 randompermutationsof the original dataset.The
refeencePCA is shownin the lower left corner A permu-
tation of the SVDwhele the samplesvere sortedby normis
shownin theupperright corner Thisindicatesthattheerror
is greatestwhenthe samplesare correlated.

light elds. One propertythat we are interestedn explor-
ing is thatthe Online SVD canbe “down-dated”to remove
a previous valuefrom the approximationThis would allow
theuserto undomistalesthatoccurduringtheimageacqui-
sition process.

Thetiming resultsshav thatit takesaboutonesecondo
incorporatea new imageinto the approximation\We arein-
terestedn decreasinghis time by implementingthe system
ontheGPUasin Hillesland[HMGO03]. While thisis possible
for thevisibility andresamplingcomponent®f the process,
it maybedif cult to maptheOnlineSVD matrix operations.

An interestingfuture approachs evaluatingandimprov-
ing the data-drven quality heuristic.In the currentimple-
mentationthe heuristicis displayedasa scalarvalue,but it
shouldbe possibleto useall of the color channelgo corvey
moreinformationaboutthe sampling We would alsolik e to
investicate otherquality functionsthattake into accounthe
incidentlight or the re ected light directions.In addition,
we wouldlik e to formally shav thatthequality heuristiccan
decreas¢he numberof imagesrequired.

Finally, oneof thelimitationsof surfacelight elds is that
the geometrymustbe known a priori. In our currentsystem
this forcesusinto a two-stepprocess— rst createa geo-
metric model,thenthe surfacelight eld. We areinterested
in investigating waysto collect geometryand color simul-
taneouslyWe arealsointerestedn remaving therestriction
of x edlighting anddevelopinganincrementabpproacHor
acquisitionof surfacere ectance elds.
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