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Abstract
We presenta systemfor interactivelycapturing, constructing, andrenderingsurfacelight �elds by incrementally
building a low rankapproximationto thesurfacelight �eld. Each imageis incorporatedinto thelighting modelas
it is captured,providing theuserwith real-timefeedback. This feedback enablestheuserto preview the lighting
modelanddirect theimage acquisitiontowardsundersampledareasof theobject.We alsoprovidea novel data-
drivenquality heuristicto aid theuserin identifyingundersampledregions.Our systemis an order of magnitude
fasterthanprevioussystems,andreducesthetimenecessaryto capture the imagesandconstructa surfacelight
�eld fromhours to minutes.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.4.1 [Digitization andImageCapture]:Re�ectance

1. Intr oduction

Collectingthenumerousimagesneededfor theconstruction
of surfacelight �elds is a time-consumingandtediouspro-
cess.Sincetheresultcanbeviewedonlyafteralengthy post-
processis complete,it can be dif�cult to determinewhen
the light �eld is suf�ciently sampled.It is not enoughto
uniformly samplethe hemisphere,as this may miss high-
frequency informationsuchashighlights.Often,uncertainty
aboutthesamplingdensityleadsusersto capturemany more
imagesthannecessaryin orderto guaranteeadequatecover-
age.If undersamplingartifactsarevisible in theresult,more
imagesmustbe acquiredand the entire factorizationpost-
processmustbe repeated.Thesedata-acquisitionproblems
canbetracedto the lack of feedbackduringthe imagecap-
tureprocess,ashumansarequiteadeptatrecognizingunder-
samplingerrors.An incrementalalgorithmprovidestheuser
with feedbackas the lighting model is being constructed,
allowing the userto obtainthe necessaryquality andavoid
takingmany extra pictures.Examplesof severalmodelscan
beseenin Figure1.

In this paperwe presenta systemfor incrementallycap-
turing,constructing,andrenderinga surfacelight �eld with
�x edilluminationconditionsandknown geometry. Eachim-
ageis incorporatedinto thelighting modelasit is captured,
providing the userwith real-timefeedback.This feedback
enablesthe user to preview the surfacelight �eld and di-
rect the imageacquisitiontowards undersampledregions.

Figure 1: A heart �gurine, a marblepestle, and a copper
pitchercapturedandrenderedwith our onlinesystem.

We also introducea novel data-driven quality heuristic to
highlight theseareas.

We were inspiredby Rusinkiewicz [RHHL02], who de-
scribeda systemto interactively capturegeometry. Theuser
was incorporatedinto the processingloop, which enabled
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themto view thesamplingandto steerthesolutionto elimi-
nateholesin themodel.Ourgoalis to makeasimilarly easy-
to-usesystemto capturethere�ectancepropertiesof anob-
ject. Our online light-�eld captureprocessenablesthe user
to examinethesurfacelight �eld asit is beingacquired,add
imageswherenecessary, andmakethe�nal determinationas
to whetherthequality is suf�cient. A sequencedemonstrat-
ing thisprocessis shown in Figure2.

1.1. Contrib utions

We believe this papermakesthe following contributionsto
image-basedmodelingandrendering.

� A fast, incrementalalgorithm to constructsurface light
�elds. Sinceeachimageis processedasit is captured,the
storageoverheadis low, andnew imagescanbeincorpo-
ratedat ratesof morethanonepersecond.

� An interactive modeling/renderingparadigm.As a new
imageis incorporatedinto thesurfacelight �eld, theren-
deringdatastructuresare immediatelyupdatedanddis-
played,enablingtheuserto continuallyevaluatethelight
�eld quality.

� A data-drivenquality heuristicto guidesampling.An er-
ror metric is interactively computedanddisplayedto aid
in determiningwhichpartsof the4D spaceareundersam-
pled.

� A structuredmethodfor dealing with incompletedata.
Dueto occlusion,many surfacepatchesareonly partially
visible.Ratherthandiscardingthesedata,weusethecur-
rentapproximationto �ll in theseholes.

The paperproceedsas follows. We �rst discussimage-
basedmodelingmethodsfor captureand display of view-
dependent illumination. We then describe the Online
SVD [Bra03], which is thecoreof ouronlineapproach.The
Online SVD is a fast,memory-ef�cient algorithmfor con-
structingan incrementallow-rank singularvaluedecompo-
sition.In Section4 wepresentdetailsof theimplementation,
followedby resultsandconclusions.

2. Background

2.1. SurfaceModeling

A goodoverview of thestateof theart in materialmodeling
by imageacquisition,and potentially inverserendering,is
providedby therecentSiggraphcourseon MaterialModel-
ing [RM02], andtheEurographicsStateof theArt Reporton
Acquisition,SynthesisandRenderingof BidirectionalTex-
tureFunctions[MMS� 04]. Our systemcapturestheexitant
radianceof an object from images,andis basedon BRDF
capturesystems[DvGNK99,LFTG97,MWL � 99,DHT� 00]
andview dependenttexturemaps[LYS01].

Representationof this captureddatais crucial for inter-
active rendering.Malzbenderet al. [MGW01] �t acquired
datato a bi-quadraticpolynomial to estimatea re�ectance

Figure 2: This sequenceshowsthe image acquisitionpro-
cess.The left frameshowsan image from the camera. In
the middleis the reconstructionbefore this image is incor-
porated,with highlightsinterpolatedfromnearbyviews.The
right imageshowsthereconstructionafterit is incorporated,
with thecorrecthighlights.

�eld. Lenschet al. [LKG� 01] usethe Lafortune[LFTG97]
representationand clusteredBRDFs from acquired data
in order to createspatially-varying BRDFs. McAllister et
al. [MLH02] describesa device for scanning6D spatially
varyingBRDFsandmethodsfor �tting thedatato a Lafor-
tune representation.Gardneret al. [GTHD03] describea
BRDF capturedevice thatusesa linear light source(asop-
posedto a point source),which can also estimatesurface
normalsandaheight�eld.

2.2. SurfaceLight Fields

Surface light �elds [MRP98] representthe exitant radi-
anceunder�x ed illumination conditionson the surfaceof
a known geometricmodel.This parameterizationresultsin
a compactrepresentationthat enablesthe captureanddis-
play of complex, view-dependentilluminationof real-world
objects.This category of approachesincludesregular pa-
rameterizationsof radiance[LH96, GGSC96] as well as
approacheswhich handlevery sparseand scatteredsam-
ples[DTM96,DYB98,BBM� 01].

Surface light �elds can be representedas the function
f (s;t;q; f ). Thevariabless andt representsurfacelocation
on the mesh,and q and f representview directions.This
functiondescribestheexitant radianceat every point on the
surfacefrom everydirection.Wecandiscretizethis function
over thesurfacepatchesandsolid anglesandrepresentit as
a matrix. Thecolumnsof this matrix arethecameraviews,
and the rows are the surfacelocations.Sincestoring these
full datamatriceswould be impractical,several techniques
havebeendevelopedto compressthedata.Factorizationap-
proachesrepresentthe4D surfacelight �eld f (s;t;q; f ) asa
sumof productsof lower-dimensionalfunctions

f (s;t;q; f ) �
rank

å
r= 1

g(s;t)h(q; f )

The numberof termsr is the rankof the approximation.
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This factorizationattemptsto decouplethevariationin sur-
facetexture from the variationin lighting. Thesefunctions
can be constructedby using Principal ComponentAnal-
ysis [WAA � 00, CBCG02, NSI01] or non-linearoptimiza-
tion [HMG03, MAA01]. The function parameterscan be
storedin texturemapsandrenderedin real-time[CBCG02].

2.3. Online Methods

Most of the researchin image-basedmodelinghasfocused
on batch-processingsystems.Thesesystemsprocesstheset
of imagesover multiple passes,and consequentlyrequire
that the entiresetof imagesbe available.For detailedcap-
ture of light �elds, this requiressigni�cant storage(around
106 datasamples[HMG03]). In addition,incorporatingad-
ditional imagesinto thesemodelsrequiresrecomputingthe
model from the beginning. Formulatingsurfacelight �eld
constructionasan online processingapproachavoids these
problemsby incrementallyconstructingthemodelastheim-
agesbecomeavailable.Matusik[MLP04] usedthisapproach
with akd-treebasissystemto progressively re�ne aradiance
modelfrom a �x edviewpoint. Schirmacher[SHS99] adap-
tively meshedtheuv andst planesof a light �eld, andused
anerrormetricalongthetriangleedgesto determinethelo-
cationsof new camerapositions.Hillesland [HMG03] up-
datedanon-linearsolutionin anonlinemethod,but required
multiplepassesover thedata.

Our work hasa strongmachinelearningcomponentand
dependson someof the recentalgorithmsdevelopedin the
context of datamining [Bra03,Row97].

3. Algorithm

Thegoalof this projectis to build aninteractive systemthat
enablesthe rapidcaptureof exitant radianceunder�x ed il-
luminationconditions.Theuserinteractswith thesystemby
moving a videocameraaroundtheobjectthat is beingcap-
tured.Thevideocamerais trackedin real-time,andtheim-
agesare incorporatedinto the modelanddisplayedon the
screen.This enablesthe userto view the surfacelight �eld
as it is beingconstructedandto correctfor undersampling
errors.In addition,theusercanview thedata-drivenquality
heuristicasascalarvaluefor eachsurfacepatch,whichpro-
vides additionalstatisticsaboutthe reconstructionquality.
Thekey to this interactionis themethodwhich we describe
in this section,which canincrementallybuild a compressed
representationof thesurfacelight �eld.

3.1. Online SVD

Chen et al. [CBCG02] 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 radiancedatabeavailableduringprocess-
ing.Sincethisdatais usuallyextensively resampledto �t the

Figure 3: TheOnline SVD.A new point c is incorporated
into theexistingSVD.Theorthogonalcomponentp is com-
putedbyprojectingontoU. If kpk is belowa threshold,then
we can incorporate this new sampleby simply rotating U.
Otherwise, wemustincreasetherankof theapproximation.

columnsandrows of thedatamatrices,this canbea signi�-
cantstoragecost.

The Online SingularValue Decomposition[Bra03] en-
ablesusto incrementallybuild a compressedrepresentation
of a surface light �eld. The Online SVD is an incremen-
tal PCA algorithm[HMM00, CMW� 97] that computesthe
principal eigenvectorsof a matrix without storing the en-
tire matrix in memory. Theresultsarebuilt up from a series
of simpleoperationson the outputeigenvectors,which are
low-rank approximationsto the full matrix. If the rank r is
muchsmallerthanthesizeof thematrices,this is aconsider-
ablesaving, andreducesthecomputationalcomplexity from
quadraticto linear[Bra03].

The Online SVD works as follows (seeFigure 3). Con-
sidera rank-r PCA

A = USVT

whereU 2 Rm� r , S 2 Rr� r , andV 2 Rn� r . As eachnew
imageis captured,it is resampledinto a per-vertex column
vector, which representsevery pixel in a surfacepatchfrom
onecameraview. Thiscolumnof samplesc is projectedonto
theeigenspace:

j = UTc

Theamountthatis orthogonalto theeigenspaceis givenby:

p = c� Uj

The norm of this vector, kpk, is a measureof how dif-
ferentthepixels in this new imagearefrom our currentap-
proximation.If the pixels aresimilar (that is, kpk is below
a threshold)we canincorporatethis new sampleby simply
rotatingtheexistingeigenspaces.

U0= URU V0= VRV
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Figure 4: TheMeanSquaredError of a reconstructedlight
�eld asa functionof therank.Themajority of thelight �eld
is captured after 4-6 terms.For the samenumberof terms,
theOnlineSVDhasmoreerror thanthePCA.

Otherwise,thecurrentrank r of theapproximationis in-
suf�cient, andwe increasetherankto r + 1 andappendthe
columnj to ourapproximation.

U0= [U; j ]RU V0= VRV

The rotationsarecomputedby re-diagonalizingthe (r +
1) � (r + 1) matrix

�
S j
0 kpk

�
! [RU;RV ]

Theserotationscanbecomputedin O(r2). Sinceonly the
outputmatricesU, S, andV arestored,this representation
resultsin signi�cant storagesavings.

3.1.1. Err or

SincetheOnlineSVD is constructedincrementally, it tends
to havemoreerrorthanthePCAfor thesamerank.Figure4
shows theerrorasa functionof rank.A rankthat is too low
biasesthe Online SVD computationby forcing it to select
sub-optimaleigenvectors.Brand[Bra03] suggestscomput-
ing theOnlineSVD at twice theactualrankandonly using
the largesteigenvalues.This allows the eigenvectorsmore
degreesof freedomto �t to theincomingdata.

3.2. Missing Values

Acquiredradiancedatais often incompletebecauseof oc-
clusion.Many systemsareforcedto discardsurfacepatches
with missingdata,or �ll in theholeswith incorrectvalues,
suchas zerosor meanvalues.A betterapproachis to es-
timate the missingdatausinga processknown as imputa-
tion. ImputationusesthecurrentOnlineSVD estimateof the

Figure 5: Theleft image showsthebustmodelconstructed
from282pictures,andtheright imageshowsthesamesetof
imagesusingimputationto �ll in themissingvalues.Areas
with missingdata havebeencolored red (they would nor-
mallybeblack).

light �eld to �ll in missingvalues[Bra03]. Theknown sam-
plesareprojectedonto the currenteigenspace,andthe un-
known valuesareestimatedby solvingtheunder-determined
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 shows the advantageof imputationfor surface
light �elds. In practice,weonly imputemissingvalueswhen
at leasthalf of the surfacepatchis visible in an image.In
addition,we only imputevaluesafter8-10initial images,to
allow thesystemto establisha reasonableapproximation.

3.3. Data-DrivenQuality Heuristic

The Online SVD enablesthe user to view the light �eld
modelasit is beingcaptured.This visual feedbackis help-
ful, but it canstill be dif�cult to recognizeundersampling
errorsduring imageacquisition.To aid the userin collect-
ing high-qualityradianceinformation,we developeda data-
driven quality heuristicthat usesthe information obtained
from theestimateto indicatewhethermoredataareneeded.
This is displayedastheuserviews themodel,andprovides
additionalstatisticsaboutthereconstructionquality.

Onepossibleway to do this is to assumea �x ed BRDF
andmeasurethe error betweenthis andthe collectedsam-
ples.This is the approachtaken by Lensch[LLSS03], who
usedanuncertaintyminimizationtechniqueto guideimage
acquisition.Wewantedto avoid this�x edBRDFassumption
in orderto captureawidevarietyof re�ectanceproperties.

There are two statisticsthat we want to provide feed-
backabout:thevariationover thesurface,andthevariation
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Figure6: Top: TheOpenLFsystem.Bottom:Our onlinesys-
tem.The two systemsshare several components,including
the visibility, resampling, and rendering. We introducesev-
eral new componentsto convert light �eld constructioninto
anonlineprocess.

over theviewing direction.To this end,we developeda per-
trianglescalarqualityheuristicthatis computedasthecom-
binationof two quality functions:

y (s;t;q; f ) = w
q

y p(s;t)2 + y h(q; f )2

The surfacequality function y p measuresthe quality of
thesurfaceapproximationby trackingtheprojectionerrorof
theOnlineSVD. Theprojectionerroris computedaspartof
theupdatingstepasthequantitykpk. Thisvalueisameasure
of how muchthenew imagediffersfrom ourapproximation.
This scalarquantity is smoothedusingan exponentialfall-
off �lter .

The hemispherequality function y h is a measureof the
samplingdensityof thehemisphere.Thevalueis computed
by usingtheareasof thetrianglesin theDelaunaytriangula-
tion of thehemisphere.TheDelaunaytriangulation,whichis
usedfor interpolation,is describedin moredetailin Sec.4.2.

The quality heuristicy (s;t;q; f ) is displayedasa scalar
value at eachtriangle.We display this value in red in our
system,since it is easily visible from a distance.As the
usermoves the tracked cameraaroundthe object, the ob-
ject rotateson thescreenandthebrightnessof theheuristic
changes.As imagesarecapturedin a region, the heuristic
darkensandtheusermovesto a differentarea.As the light
�eld is being acquired,the usercan either view the light
�eld, theheuristic,or asplit-screenview of both.In practice,
we typically view the cameraoutputandtrackinginforma-
tion on onescreenandswitchbetweentheheuristicandthe
light �eld on theother.

4. Implementation

We have implementedthis systemwithin the framework of
OpenLF[Opeb], anopensourcelight �eld captureanddis-
play systemdevelopedby Intel. In Figure6, we show a di-
agramof OpenLFand our prototypesystem.This section
describesthe sharedelementsof the system:visibility, re-
sampling,andrendering.

4.1. Rendering

Oneof the advantagesof the factorizationapproachto sur-
facelight �elds is thatthefunctionsg(s;t) andh(q; f ) canbe
storedin texturemapsandrenderedin real-time[CBCG02].
Thefunctionsg(s;t) areknown assurfacemapsandh(q; f )
areknown asview maps.

The surface locations(s;t) are parameterizedover the
triangle rings centeredat eachvertex. Using triangle rings
insteadof individual trianglesavoids discontinuitiesat the
edges[CBCG02], but requiresthat eachtrianglebe repre-
sentedby threesurfacemaps(onepervertex v). Thecamera
locations(q; f ) areparameterizedoverthehemisphereabove
eachvertex.

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

fv(s;t;q; f ) =
rank

å
r= 1

3

å
v= 1

b(s;t;v)hr
v(q; f )gr

v(s;t)

at eachof thetriangles.A view vectoris computedfrom the
eyeto eachof thethreeverticesof thetriangle.Thesevectors
areprojectedonto the local basissystem,and interpolated
acrossthetriangle.At eachfragment,thevectorsarenormal-
izedandusedto look up in theview mapshr

(1;2;3) (q; f ). The
functionsgr

(1;2;3) (s;t) arecomputedby linearly interpolating
the surfacemapsacrossthe triangle.The two functionsare
multiplied togetherandweightedby a barycentricfunction
b(s;t;v) to get the �nal exitant radianceat this point. Each
termr of theapproximationis renderedin onepassandac-
cumulatedin a �oating-point framebuffer.

Figure7: Left: Theviewingfunctionsh(q; f ) areparameter-
izedoverthehemipshereandstoredin viewmaps.Right:The
surfacefunctionsg(r;s) areparameterizedoverthetriangles
andstoredin surfacemaps.
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The surfacemapsandview mapsfor all of the triangles
aretiled into larger texturemaps,asshown in Figure7. We
typically use surface mapsof size 16x16 and view maps
of size32x32.All texturesarestoredin �oating point for-
mat,whichavoidsquantizationerrorandscale/biasartifacts.
This requiresmore storagethan the 8-bit texturesusedin
OpenLF[Opeb], but thesignedrepresentationandhigh dy-
namicrangeareimportantastheprincipalcomponentscan
beeithernegativeor positive.

4.2. Visibility and Resampling

Thematrix factorizationapproachto compressionof surface
light �elds requiresthat the imagedatabe resampledfrom
the input imagesto �t into the rows and columnsof the
datamatrices.This resamplingoccursin both dimensions;
notonly arethecameralocationsatarbitrarylocationsin the
hemisphere,but the projectedareasof the trianglesvary in
eachimage.

Resamplingtheimagesto �ll thecolumnsof thedatama-
trix is straightforward.First, the visibility is testedby pro-
jecting the triangle meshusing the camera's position and
orientation.Visibility is computedon a per-vertex basisby
back-projectingthevertex into thecamera.If a trianglering
is determinedto bevisible, thecolorsaresampledfrom the
input imageusingbilinearinterpolation.

Resamplingthecameraviews to cover thehemisphereis
morecomplicated.In theOpenLFsystem,cameralocations
are treatedas points in a Delaunaytriangulation.This tri-
angulationis usedto weight eachof the camerapositions,
whicharestoredin thetexturemaps.Oursystemusesasim-
ilar approachby building the Delaunaytriangulationincre-
mentally. The triangulationis initialized with four pointsat
thecornersof theview map.Whenanew imageis captured,
thecameralocationis projectedontothevertex basisvectors
andnormalizedto geta point on thehemisphere.This point
is projecteddown ontotheplaneandinsertedinto theDelau-
nay triangulation.The triangulationis thenrenderedusing
thesepointsasthecolors,andthegraphicshardwareresam-
plesthecolorsacrossthehemisphere.Theresultis storedin
theview map.

4.3. PoseEstimation

In orderto projecttheimagesamplesontothegeometry, the
camera's positionandorientationmustbeknown. Our sys-
tem usesa tracked video camerato captureimagesof the
object.The camerawascalibratedwith Bouguet`sCamera
CalibrationToolbox [Bou], and imagesare recti�ed using
Intel`sOpenSourceComputerVisionLibrary [Opea]. Tode-
terminetheposeof thecamerawith respectto theobject,a
stagewas createdwith �ducials along the border. The 3D
positionsof the�ducials arelocatedin thecamera's coordi-
natesystemin real-timeusingtheARToolkit Library [ART].
This library usesimagesegmentation,cornerextraction,and

Figure 8: ThebuddhamodelprocessedusingPCA,on left,
andtheOnlineSVD,ontheright. OnlineSVDis anapproxi-
mation,andtherearesomevisibleartifactsin thechestarea.
ThePSNRbetweentheimagesis 33.2dB.

matchingtechniquesfor trackingthe�ducials. Knowing the
3Dpositionof animaged�ducial allowstheposeof thecam-
erato be computed.Whenmultiple �ducials arepresentin
animage,thecameraposecanbere�ned by minimizing the
differencesbetweentheposeestimatesfor each�ducial.

5. Results

Our systemusestwo PCs,onefor cameratrackingandone
for visibility, resampling,andrendering.ThetrackingPC,a
1.8GHzIntel Pentium4, is connectedto a Point Grey Re-
searchFleaVIDEO cameravia a IEEE-1394interface.This
cameracaptures1024� 768 color imagesat 30 framesper
second.Theimagesandposeestimatesaresentover thenet-
work to the secondPC, a 2.3GHzAMD Athlon64, where
they areincorporatedinto the matrix factorizationandren-
dered.Thegeometryof theobjectis capturedasapreprocess
usingaFarodigitizing arm.Themodelis registeredwith the
camerabysamplingthe�ducial locationswith thesametool.

5.1. Results

One of the advantagesof our methodis the reducedstor-
agecost,which translatesto improvedspeedof modelcon-
struction.In our tests,this resultedin anorderof magnitude
increasein speedover the OpenLFsystem.For the buddha
datasetshown in Figure 8, the processingtime is reduced
from 67minutesin OpenLFto 7 minutesin oursystem.Tim-
ingsfor severaldatasetsarepresentedin Figure9.

As wenotedin Sec.3.1.1, theOnlineSVD canhavemore
error thanthePCA.We ranseveralexperimentsto compare
thequalityof theOnlineSVD to abatchPCA.Usingastored
dataset,theimageswerefedoneatatimethroughtheOnline
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SVD solver to mimic theconditionsof an incrementalcon-
struction.Sincethis was implementedwithin the OpenLF
framework, we candirectly comparethe quality of the re-
construction.A side-byside-comparisonof two imagesis
shown in Figure8.

During imageacquisition,the data-driven heuristicpro-
videsvisual feedbackto theuserto highlight undersampled
areas.We have found this works well in practice,but we
are interestedin formally evaluatingthe usefulnessof this
heuristic.In lieu of auserstudy, wedevelopedanautomated
experimentto measurethe convergenceof a surface light
�eld usingtheheuristic.Usinganarchiveddataset,wecom-
paredrandomimageselectionto imageselectionguidedby
the heuristic.To adda new image,the computercalculates
theheuristicfrom thepoint-of-view of all of the remaining
images,and selectsthe imagewith the highesterror. The
resultsof this experimentareshown in Figure10. This ex-
perimentindicatesthat the heuristiccanaccuratelypredict
which imageswill contribute the mostcontentto the �nal
result.Capturingimageswheretheheuristicis largeshould
likewise enableusersto ef�ciently capturelight �elds. We
areinterestedin conductingauserstudytoevaluatehow well
thisheuristicinformationis communicatedto theuser.

Onefactor that canaffect the quality of incrementalap-
proximationsis dependenceupon the orderingof data.In
a different experiment,we measuredthe error over differ-
ent permutationsof a light �eld dataset.The resultsof this
experimentare shown in Figure 11. For reference,we in-
cluded the ground truth estimatefrom PCA and a sorted
permutationof the samples.Note that the worst error is
from the sortedpermutation.Brand[Bra03] pointsout that
small,gradualrotationstendto introduce�oating-point er-
ror, which causesthe eigenvectors to lose orthogonality.
Hesuggestsperiodicallyre-orthogonalizingthematricesus-
ing Gram-Schmidtorthonormalization.In a different pa-

Figure 9: Timing resultsin secondsfor several models.The
bust has 7K triangles, the buddhahas 12K triangles, the
star has5K triangles,thehearthas2.7K triangles,andthe
pitcherhas3K triangles.
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Figure 10: Measuringtheconvergenceof surfacelight �eld
constructionusing the data-drivenheuristic.Compared to
randomselection,the useof the data-drivenheuristicdra-
maticallyspeedsconvergence. ThePSNRof thereconstruc-
tion wascomparedto a referencePCAimplementationat 10
randomviewpoints.

per [Bra02], he providesan alternative matrix formulation
thatreducesthiserror.

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 user to direct the
image acquisitiontowards the undersampledareasof the
model.This signi�cantly reducesthe acquisitiontime and
helpsbuild higher quality models.This approachcan also
decreasetheprocessingtimeby anorderof magnitude.

To assistthe user in the captureprocess,we presenta
novel data-drivenheuristicthatprovidesanextra channelof
information.We conductedseveral experimentsto demon-
stratethatthedata-drivenqualityheuristic,a tool for provid-
ing feedbackto the userduring sampling,cansigni�cantly
increasetheconvergenceof thereconstruction.Sincetheor-
derin whichtheimagesareacquiredaffectstheOnlineSVD
solution,we alsoinvestigatedtheerrorscausedby permuta-
tionsof theimages.

We believe that incrementalconstructionof surfacelight
�elds is apowerful tool for thecaptureandrenderingof pho-
torealisticmodels.

7. Futur eWork

In additionto theincrementalconstruction,thereareseveral
propertiesof theOnlineSVD thatareveryusefulfor surface
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Figure11: Thetotal reconstructionerror of theOnlineSVD
from 20 randompermutationsof the original dataset.The
referencePCA is shownin the lower left corner. A permu-
tation of theSVDwhere thesampleswere sortedby normis
shownin theupperright corner. Thisindicatesthat theerror
is greatestwhenthesamplesarecorrelated.

light �elds. One propertythat we are interestedin explor-
ing is that theOnlineSVD canbe“down-dated”to remove
a previousvaluefrom theapproximation.This would allow
theuserto undomistakesthatoccurduringtheimageacqui-
sitionprocess.

Thetiming resultsshow that it takesaboutonesecondto
incorporatea new imageinto theapproximation.We arein-
terestedin decreasingthis time by implementingthesystem
ontheGPUasin Hillesland[HMG03]. While thisis possible
for thevisibility andresamplingcomponentsof theprocess,
it maybedif�cult to maptheOnlineSVD matrixoperations.

An interestingfutureapproachis evaluatingandimprov-
ing the data-driven quality heuristic.In the current imple-
mentation,theheuristicis displayedasa scalarvalue,but it
shouldbepossibleto useall of thecolor channelsto convey
moreinformationaboutthesampling.Wewouldalsolike to
investigateotherquality functionsthattake into accountthe
incident light or the re�ected light directions.In addition,
wewould liketo formally show thatthequalityheuristiccan
decreasethenumberof imagesrequired.

Finally, oneof thelimitationsof surfacelight �elds is that
thegeometrymustbeknown a priori. In our currentsystem
this forcesus into a two-stepprocess— �rst createa geo-
metricmodel,thenthesurfacelight �eld. We areinterested
in investigating ways to collect geometryandcolor simul-
taneously. We arealsointerestedin removing therestriction
of �x edlighting anddevelopinganincrementalapproachfor
acquisitionof surfacere�ectance�elds.
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