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Abstract

We explore the applicationof densecameraarraysto view inter-
polationacrossspaceand time for dynamicscenes.Large video
cameraarraysaretypically synchronized,but weshow thatstagger-
ing cameratriggersprovidesamuchrichersetof samplesonwhich
to basethe interpolation. We do not increasethe total numberof
samples—wemerelydistribute themmoreeffectively in time. We
useoptical �o w to interpolatenew views. Within this framework,
we �nd that thedensespace-timesamplingprovidedby staggered
timing improves the robustnessof the interpolation. We present
an novel optical �o w methodthat combinesa planeplus parallax
framework with knowledgeof cameraspatialandtemporaloffsets
to generate�o w �elds for virtual imagesat new space-timeloca-
tions.Wepresentresultsinterpolatingvideofrom a96-cameralight
�eld usingthismethod.

CR Categories: I.4.8 [ImageProcessingandComputerVision]:
SceneAnalysis—Time-varying imagery; I.4.9 [ImageProcessing
andComputerVision]: Applications

Keywords: spatiotemporalsampling, image-basedrendering,
view interpolation,optical�o w, multiplecamerasystems

1 Intro duction

Videocamerasarerapidlybecomingcommodityhardware,causing
imagesensors,lenses,andvideo compressionelectronicsto drop
rapidly in price. Todayonecaneasilybuild a modestcameraarray
for the price of a high-performancestudiocamera,andit is likely
that arraysof 100sor even a 1000cameraswill soonreachprice
parity with theselargermoreexpensive units. Theincreased�e xi-
bility of this typeof cameraarraycreatesanumberof new applica-
tionsandinterestingresearchchallenges.For example,researchers
have alreadyshown how to usesuchan arrayfor densesampling
in time, demonstratinga virtual 1560fpscameracomposedof 52
denselypacked cameras[Wilburn et al. ] while othershave used
densevideocameraarraysfor view interpolation[J.-C.Yanget al.
2002]. Ratherthanviewing theseresultsas independent,this pa-
perexplorestheuseof densecameraarraysfor view interpolation
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Figure1: Thevideolight �elds in this paperwerecapturedusinga
96-camerasubsetof thisarray.

in both spaceandtime. Thuswe look at the moregeneralprob-
lemof optimalsamplingpatternsandinterpolationmethodsfor the
spatiotemporalvolumeof imagesthatthecameraarrayrecords.

Thesimplestspatiotemporalinterpolationmethodis extendinglight
�eld renderingto videoby linearlyinterpolatingin time. For thisre-
constructionto work, theimagevolumemustbebandlimited.Such
pre�ltering addsundesirableblur to thereconstructedimages.Even
with very large cameraarrays,the samplingdensity is not suf�-
ciently high to make theblur imperceptible.If the imagesarenot
bandlimited,theoutputexhibits ghostingartifacts.This occursfor
largedisparitiesor temporalmotions.

To avoid the con�icting requirementsfor sharpimageswith no
samplingartifacts,most imagebasedrenderingsystemsusemore
sophisticatedinterpolationschemesbasedon an underlyingscene
model. The simplestmethodis to estimatemotion in an image
basedon local informationfrom neighboringviews. Othermeth-
odsgenerateincreasinglysophisticatedthree-dimensionalmodels
of the scene.Motion estimationgrows lessrobust asthe distance
betweencamerasincreases.More complicatedmodelscanhandle
morewidely separatedimages,but their runtimeincreasesasmore
globalinformationis incorporated.

This paperexploreshow samplingaffects reconstruction.Tradi-
tionally, designersof cameraarrayshave striven to synchronize
their cameras.This oftenleadsto muchmoretemporalmotionbe-
tweencameraframesthan thereis parallaxbetweenneighboring
cameras.Instead,staggeredtriggersarea bettersamplingstrategy.
Improvedtemporalsamplingdecreasestemporalimagemotion,al-
lowing us to usesimpler, morerobust interpolationmethodssuch
asoptical �o w. As section2 shows, planararraysarewell-suited
to usinga simpleplane+ parallaxformulationthat allows oneto
robustly calibrateimagesandalsoprovidesa very niceframework
to setup�o w. It providesaconstrainedspacefor computingoptical
�o w betweendisparatecameras.

The next sectiondescribesprevious work in capturingand inter-
polating betweenspace-timeimagesamples.Following that, we
describeourmethodfor calibratingthecameraarrayandrendering
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new views. We review plane+ parallaxgeometry, which playsa
centralrole in our calibrationandoptical�o w algorithms.We then
describea framework for determininghow best to distribute our
cameraarraysamplesin time. We show for linearinterpolationbe-
tweenviews that bettersamplinggreatlyimprovesreconstruction.
Finally, we presentanoptical �o w methodfor determiningspatial
andtemporalmotionbetweenseveralviews in spaceandtime.

1.1 Previous Work

The increasingavailability and lower cost of cam arrayshasen-
ableda numberof researchersto look at thepotentialof thesesys-
tems.VirtualizedRealityTM [Randeret al. 1997]andits successor
the 3D-Room[Kanadeet al. 1998] are two pioneeringlarge-array
designs.Thesystemscapturevideo from widely spaced,synchro-
nizedcameras.Becausethesystemcapturessamplesthataresparse
in spaceandtime, interpolationdependsstronglyon thequality of
the inferredscenemodel. Yanget al. took a differentapproach.
Ratherthanconstructa scenemodel,they capturedensersamples
andusesimplelight �eld interpolationto run in real-time.This in-
terpolationmethodproducesghostingartifactsin theiroutput.They
arenotconcernedwith interpolationin time. Themostvisiblemul-
tiple camerawork is the linear arrayof over 100 camerasusedto
producethe“Bullet Time” effectsfor TheMatrix. They simulatea
virtual high-speedcamera�ying at impossiblyhigh speedsaround
adynamicscene.Theirsystemcapturesonetrajectorythroughtime
andspace.

Our goal is to investigatehow well onecoulddo “Bullet Time” ef-
fectsasa post-processingstepfor a capturedsetof imageswithout
specifyingthe view trajectoryin advance. We explore this using
a 100cameraarraythatcombinesselectedfeaturesfrom thesede-
signs. It capturesall of the datafrom a large numberof precisely
timed, inexpensive CMOSvideo imagesensors.Althoughthis ar-
ray wasbuilt to enablea wide rangeof research,the technologies
requiredfor this work arecommonlyavailable.Thekey featureof
thearrayfor the resultspresentedin this paperis a programmable
triggeroffsetat eachcamera.Many CMOSsensorsoffer thedigi-
tal synchronizationinputsrequiredto implementthissortof precise
timing control.

Image-basedrenderingmethodsfor view synthesisdiffer primar-
ily in how they resampleacquiredimagesto generatenew views.
Light Field Rendering[Levoy andHanrahan1996] assumesa �at
scene,which leadsto aliasingartifacts.Lumigraphs[Gortler et al.
1996]assumea known geometry, eithersyntheticdataor a manu-
ally speci�ed geometricproxy [Buehleret al. ]. [Lin andShum]
presenta maximumcameraspacingfor light �elds with a constant
depthassumption,and[Chaietal. 2000]analyzetheminimumspa-
tial samplingratefor light �elds including geometryinformation.
Wearethe�rst to investigatetheminimumtemporalsamplingrates
for videolight �elds.

While hardwareallowsusto capturesamplesin thespatiotemporal
volume,our next taskis to interpolatebetweenimagesto produce
new views. View interp using imagewarps[Chenand Williams
1993; SeitzandDyer 1995] allows one to producesharpimages
evenwhenlargeimagemotion is presentbut requiressomemeans
of determininghow to warppixelsbetweenviews. Thesimplestof
theseschemesareimagebasedmethodsusingoptical �o w[Avidan
and Shashua1998; Irani et al. 1998], which is not robust over
large displacementsor lighting changes. For more widely sep-
aratedcameras,3D modelshave beencomputedusing disparity
maps[Randeret al. 1997], voxel coloring[Seitzand Dyer 1997],
or visualhulls[Matusiket al. 2000]. Althoughmodelscompensate

for largercameraspacings,inferring thestructureof complex, real
scenesis achallengingtask.

2 Calibration and Rendering

A challengeof workingwith many camerasis �nding a framework
for combininginformationfrom the differentviews. Even simple
camerahoppingwill producepoor resultsif thecamerashave dif-
ferentcolor responses.Becauseinexpensive imagesensorsrely on
humansensitivity to relative,notabsolute,colordifferences,there-
sponsesof imagesensorsvariesgreatly. We correctthis usingthe
automaticcolor calibrationmethodof [Wilburn et al. ], iteratively
adjustingcameragainssoeachsensorapproximatesadesiredlinear
response,thenapplyingapost-processingstepto correctfor sensor
nonlinearitiesandcolordifferences.

Oncethe cameracolor responsesarematched,we needto under-
standthegeometryof our camerasandimages.Our goalshereare
twofold. First, we mustcorrectfor nonuniformitiesbetweencam-
eras,suchasvaryingfocal lengthsandorientations.As with color
variations,view hoppingacrosscameraswill look poorif thevirtual
camera'sperspectivepropertiesjumpdiscontinuouslyfrom view to
view. Second,we needa framework for combiningdatafrom dif-
ferentimagesthatcapturesthegeometricrelationshipbetweenour
camerasbut doesnot requireknowledgeof thescenegeometry. We
usethe methodof [Vaishet al. ] for calibratinga planararrayof
camerasusingplane+ parallax[ShashuaandNavab1994;Kumar
et al. 1994; Irani et al. 1997]. This methodaligns views in im-
agespaceinsteadof relying on full geometriccalibration,making
it bothsimplerandmorerobust.As wewill see,it alsoprovidesan
effective framework for computingoptical �o w in spaceandtime
andfor analyzingspatiotemporalsampling.

2.1 Plane + Parallax Calibration

We will brie�y summarizetheimplementationandimplicationsof
theplane+ parallaxcalibrationdescribedin [Vaishetal. ]. Westart
by aligningimagesfrom all of ourcamerasto areferenceplanethat
is roughlyparallelto thecameraplane.To dothis,wetakeapicture
of a planarcalibrationtarget roughly in the middle of our scene,
frontoparallelto the cameraplane. We usean automaticfeature
detectorto locateand label pointson the target. We designatea
centralcamerato bethereferenceview andcomputeanalignment
for it that makesthe target appearfrontoparallelwhile perturbing
the imagedtarget featurelocationsas little aspossible. We then
computeplanarhomographiesthat align the rest of the views to
thealignedreferenceview [Hartley andZisserman2000].Figure2
showstheoriginalandalignedimagesof ourcalibrationtargetfrom
anon-referenceview.

In thealignedimages,thereis a simplerelationbetweena point's
distancefrom the referenceplane and its parallax betweentwo
views. Figure 3 shows a scenepoint P and its locations p0 =
(s0; t0)T ; p1 = (s1; t1)T in the aligned imagesfrom two cameras
C0 andC1. Let Dzp be the signeddistancefrom P to the refer-
enceplane(negative for this example),Z0 bethedistancefrom the
cameraplaneto thereferenceplane,andDx bethevectorfrom C0
to C1 in the cameraplane. De�ne the relative depthof P to be
d = Dzp

Dzp+ Z0
. Giventhis arrangement,theparallaxDp = p1 � p0 is

simplyDp = Dx�d.

Thishastwo importantconsequencesfor ourwork:



(a) (b)

Figure2: Alignmentusingplanarhomographies.Using imagesof
a planarcalibrationtarget, we computea planarhomography that
alignseachimageto a referenceplane. (a) shows an imageof the
target from a cornercameraof thearray. (b) show thesameimage
warpedto thereferenceview. Theplanartargetappearsfrontopar-
allel in all of thealignedimages.
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Figure3: Planarparallaxfor planarcameraarrays.A point P not
on thereferenceplanehasdistinctimagesp0; p1 in camerasC0;C1.
Theparallaxbetweenthesetwo is theproductof therelativecamera
displacementDx andtherelativedepthDzp.

� Theparallaxbetweenalignedimagesof a singlepoint off the
referenceplaneis enoughto determinethe relative locations
in thecameraplaneof all of thecameras.Typically, onemea-
suresthe parallaxof many points to make the processmore
robust.

� Oncewe know therelative cameralocations,determiningthe
relative depthof a point in oneview is enoughto determine
its locationin all otherviews.

Thisgivesustheframework weneedfor interpolation.Thealigned
imagesprovide a commonspacein which to analyzeandcombine
views. In fact, they correspondto the (u;v) parameterizedimages
for light �eld rendering(assumingconstantdepthat the reference
plane),someasuringmotionin referenceplaneindicateshow much
aliasingwe will seein reconstructedlight �eld images.As we will
seelater, parallaxbeingafunctionof relativedepthpermitsasimple
optical�o w methodfor determiningimage�o w betweenneighbor-
ing spacetimeviews.

2.2 Rendering

Aligning our imagesto a referenceplaneautomaticallycorrectsfor
geometricvariationsin our cameras(excluding translationsout of
thecameraplaneandradialdistortion,which we have foundto be
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Figure 5: The temporaland spatialview axes are relatedby im-
agemotion. For a given scenecon�guration, we candeterminea
timestepDt for which the maximumimagemotion betweentem-
poralsamplesis equalto themaximumparallaxbetweenspatially
neighboringviews. If we measuretime in incrementsof Dt and
spacein incrementsof the cameraspacing,thendistancebetween
view coordinatescorrespondsto themaximumpossibleimagemo-
tion betweenviews.

negligible for our application). The alignedimagesaregenerally
off-axis projections,which are visually disturbing. This is clear
from the alignedviews of the calibrationtarget, in which the ref-
erenceplanetargetalwaysappearsfrontoparallelregardlessof the
cameraposition.

The transformationthat correctsthe off-axis projectionis equiva-
lent to takingapictureof thealignedplanefrom thevirtual camera
position.Theplane+ parallaxcalibrationdoesnot provide enough
informationto do this. If we �x therelative cameralocationspro-
ducedby our calibration,the missinginformationcorrespondsto
the�eld of view of our referencecameraandthedistancefrom the
cameraplaneto the referenceplane. Thesequantitiescanbe de-
terminedeitherby calibratingthe referencecamerarelative to the
referenceplaneor simple manualmeasurement.In practice,we
have foundthatsmallerrorsin thesequantitiesproduceverysubtle
perspectiveerrorsandarevisuallynegligible.

3 Spatiotemp oral Sampling

We now turn our attentionto thetemporaldistribution of our sam-
ples.Weassumethatourcamerasall runatasinglestandardvideo
rate(30fpsfor our array),thatthey areplacedon a planargrid, and
that thedesiredcameraspacinghasalreadybeendetermined.Fig-
ure4 shows alignedsynchronizedimagesfrom our arrayof 30fps
video cameras.Differencesbetweenimagesaredueto two com-
ponents: parallax betweenviews and temporalmotion between
frames.Fromtheimages,it is clearthatthetemporalimagemotion
is muchgreaterthan the parallaxfor neighboringviews in space
andtime. This suggeststhatwe shouldsamplemore�nely tempo-
rally to minimizethemaximumimagemotionbetweenneighboring
viewsin spaceandtime. In thenext section,weshow how temporal
andspatialview samplingarerelatedby imagemotion.



(a) (b) (c)

Figure4: For synchronizedcameras,themotiondueto parallaxbetweenneighboringcamerasis oftenmuchlessthanthetemporalmotion
betweenframesfor thesamecamera.(a)and(b) areimagesfrom adjacentcamerasat thesamepoint in time. Disparitiesbetweenimagesare
small. (c) showsapicturefrom thesamecameraas(b), oneframelater. Themotionis obviousandmuchlarger.

3.1 Normalizing the Spatial and Temporal Sampling
Axes

For agivenlocationof thereferenceplaneatadistanceZ0 from the
cameraplane,if we boundthe maximumparallaxin our aligned
images,we canestablishnearand far depthlimits for our scene,
znear andzf ar. Alternatively, wecoulddeterminetheminimumand
maximumdepthlimits of our sceneandplacethe referenceplane
accordingly[Chai et al. 2000]. Thenearandfar boundsandcam-
eraspacingDx determinethemaximumparallaxfor any point be-
tweenneighboringcameras.Given this neardepthlimit znear and
a maximumvelocity of v for any object in the scene,we cande-
terminethetime for which themaximumpossibletemporalimage
motionequalsthe maximumparallaxbetweenneighboringviews.
This is shown in �gure 5. Thetemporalmotionfor P in cameraC0
is greatestif it is at the neardepthlimit andmovessuchthat the
vectorPtPt+ 1 is orthogonalto the projectionray from C0 at time
t + 1. If we assumea narrow �eld of view for our lenses,we can
approximatethiswith avectorperpendicularto thereferenceplane,
shown asvDt. If P hasvelocityv, themaximumtemporalmotionof
its imagein C0 is vDtZ0

Z0+ DZnear
. Equatingthis motionto themaximum

parallaxfor P in aneighboringcamerayields

Dt =
DXZnear

vDZ0
(1)

This is thetimestepfor whichmaximumimagemotionequalsmax-
imumparallaxbetweenneighboringviews.

Measuringtime in incrementsof thetimestepDt andspacein units
of cameraspacingsprovides a normalizedset of axes to relate
space-timeviews. A view is representedby coordinates(x;y;t)
in this system.For nearest-neighboror weightedinterpolationbe-
tween views, measuringview distancein thesecoordinateswill
minimizejitter or ghostingduringreconstruction.Choosinga tem-
poral samplingperiodequalto Dt will alsoensurethat maximum
temporalmotionbetweenframeswill notexceedthemaximumpar-
allaxbetweenneighboringviews.

Determiningmaximumscenevelocitiesaheadof time(for example,
from the biomechanicsof humanmotion, or physical constraints
suchasaccelerationdue to gravity) canbe dif�cult. An alterna-
tive to computingthemotionis �lming a representative scenewith
synchronizedcamerasandsettingthetimestepequalto theratiobe-
tweenthemaximumtemporalandparallaxmotionsfor neighboring
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Figure6: An exampletrigger patternfor a 3x3 arrayof cameras
with nineevenly staggeredtriggers.Thenumbersrepresenttheor-
der in which cameras�re. The order was selectedto have even
samplingin the(x;y;t) spaceacrossthepattern.Wetessellatelarger
arrayswith patternssuchasthis oneto ensureevenspatiotemporal
sampling.

views. Onecouldevendesignacameraarraythatadaptively deter-
minedthetimestepbasedon trackedfeaturepointsbetweenviews.

3.2 Spatiotemp oral Sampling Using Staggered Trig-
gers

The timestepDt tells us the maximumtemporalsamplingperiod
that will ensuretemporalresolutionat leastasgoodasthe spatial
resolutionacrossviews. Onecouldincreasethetemporalsampling
rate by using an array of high-speedcameras,but this could be
prohibitively expensiveandwould increasedemandsondataband-
width, processing,andstorage.By staggeringthecameras'trigger
times,we canincreasethe temporalsamplingratewithout adding
new samples.

Our goal is to ensureeven samplingin spaceandtime usingour
normalizedaxes.A convenientwayto dothis is with atiled pattern,
usingthe minimum numberof evenly staggeredtrigger timesthat
gives an offset less than Dt. To approximateuniform sampling,
theoffsetsaredistributedevenly within the tile, andthepatternis
thenreplicatedacrossthecameraarray. Figure6 showsanexample
trigger patternfor a 3x3 arrayof cameras.For larger arrays,this
patternis replicatedvertically and horizontally. The patterncan
be truncatedat the edgesof arrayswith dimensionsthat are not
multiplesof three.



3.3 Interp olating New Views

We can now createour distancemeasurefor interpolation. The
plane+ parallaxcalibrationgivesup camerapositionsin thecam-
era planeup to somescalefactor. We normalizethesepositions
by dividing by theaveragespacebetweenadjacentcameras,sothe
distancefrom a camerato its horizontalandvertical neighborsis
approximatelyone. Let (x;y) be the position of eachcamerain
thesenormalizedcoordinates,andlet t bethetimeatwhichagiven
imageis acquired,measuredin timestepof Dt. Becausewe have
chosena timestepthat setsthe maximumparallaxbetweenviews
equalto themaximumtemporalmotionbetweentimesteps,theeu-
clideandistancebetweenthe (x;y;t) coordinatesrepresentingtwo
views is avalid measureof themaximumpossiblemotionbetween
thetwo images.

Thesimplestway we could interpolatenew views would beto use
nearestneighbors.This is themethodusedby [Wilburn et al. ] to
createa virtual camerausinga densecameraarray. This method
producesacceptableresults,but aspointsmove off the reference
plane,their imagesjitter dueto parallaxbetweenviews. The per-
ceived jitter can be reducedusing interpolationbetweenseveral
nearbyviews. To determinewhich imagesto blend and how to
weight them,we computea Delauney tessellationof our captured
imagecoordinates.For a new view (x;y;t), we �nd thetetrahedron
of imagesin thetessellationcontainingtheview andblendtheim-
agesat its verticesusingtheir barycentriccoordinatesasweights.
Using this tessellationandbarycentricweightingensuresthat our
blendingvariessmoothlyaswe move thevirtual viewpoint. As we
leave onetetrahedron,the weightsof droppedverticesgo to zero.
Our temporalsamplingpatternis periodicin time,soweonly need
to computethetessellationfor three30Hzsamplingperiodsto com-
putetheweightsfor anarbitrarily longsequence.

Figure 7 shows the bene�ts of improved temporalsampling. In
this experiment,we useda 12x8 arrayof 30fpsvideo camerasto
�lm a soccerplayer. Thecamerasweretriggeredaccordingto the
patternin �gure 6, tiled acrossthearray. Wethengenerated270fps
interpolatedvideo usingseveral methods.First, we useda cross-
dissolvebetweensequentialframesatonecamerato simulatelinear
interpolationfor a synchronizedarray. The motion of the soccer
ball betweencapturedframesis completelyabsent.Next, we used
nearest-neighborinterpolation,which assemblesa videosequence
usingvideocapturedat thepropertime from neighboringcameras.
This producessharpimagesandcapturesthe pathof the ball, but
the motion is jittered dueto parallaxbetweenviews. Finally, we
usedthebarycentricweightedaveragingdescribedpreviously. This
reducestheball'smotionjitter but introducesghosting.

Staggeringthe camerasclearly improves our temporalresolution
andresultsin muchbetterresultsevenfor simplenearest-neighbor
andweightedinterpolation.Becauseour input imagesarenot ban-
dlimited in spaceandtime, new views interpolatedwith eitherof
thesemethodswill alwayssuffer from artifactsif the motion be-
tweenviews in time or spaceis too great.Onecould imaginepre-
�ltering spatiallyasdescribedin [Levoy andHanrahan1996], or
temporallyby using overlappedexposurewindows, but pre�lter-
ing addsundesirableblur to our images. In the next section,we
improve our spacetimeview interpolationby analyzingthemotion
betweencapturedimages.

4 Optical Flow for Spatiotemp oral View In-
terp olation

We have seenthat distributing samplesfrom a densecameraar-
ray moreevenly in time improvesspatiotemporalview interpola-
tion using nearest-neighboror weightedinterpolation. Reducing
the imagemotionbetweencapturedspatiotemporalviews canalso
decreasethe complexity or increasethe robustnessof other inter-
polationmethods. We have found that the combinationof dense
cameras,improved temporalsampling,andplane+ parallaxcali-
brationallowsusto computenew viewsrobustlyusingoptical�o w.

Weextendedtheoptical�o w methodof [Black andAnandan1993]
usingcodeavailableon the author's web site. Their algorithmis
known to handleviolationsof theintensityconstancy andsmooth-
nessassumptionswell usingrobust estimation. It usesa standard
hierarchicalframework to capturelargeimagemotions,but canfail
due to maskingwhen small regions of the scenemove very dif-
ferently from a dominantbackground[Bergenet al. 1992]. For our
30fpssynchronizedjugglingsequence,thealgorithmsucceededbe-
tweencamerasat thesametime but failedbetweenframesfor the
samecamera.Themotionof thesmalljuggledballswasmaskedby
thestationarybackground.Oncewe retimedthecameras,themo-
tion of theballswasgreatlyreduced,andthealgorithmcomputed
�o w accuratelybetweenpairs of imagescapturedat neighboring
locationsandtimesteps.

Our modi�ed spatiotemporaloptical �o w algorithmhastwo novel
features.First, we solve for a �o w �eld at the (x;y;t) locationof
our desiredvirtual view. Typically, optical�o w methodswill com-
pute�o w betweentwo imagesby iteratively warpingonetowards
theother. Thiswasinspiredby thebidirectional�o w of [Kangetal.
2003],whoobserve thatfor view interpolation,computingthe�o w
at the new view position insteadof either sourceimagehandles
degenerate�o w casesbetterandavoids the hole-�lling problems
of forward-warping when creatingnew views. They use this to
compute�o w at a framehalfway betweentwo imagesin a video
sequence.We extend the methodto compute�o w at a desired
view in our normalized(x;y;t) view space.We iteratively warpthe
nearestfour capturedimagestowardthevirtual view andminimize
the weightedsumof the robust pairwisedataerrorsanda robust
smoothnesserror.

Motion cannotbemodelledconsistentlyfor four imagesatdifferent
spacetimelocationsusingjust horizontalandvertical image�o w.
Thesecondcomponentof ouralgorithmis simultaneouslyaccount-
ing for parallaxandtemporalmotion. We decomposeoptical �o w
into thetraditionaltwo-dimensionaltemporal�o w plusa third �o w
term for relative depththat accountsfor parallaxbetweenviews.
Plane+ parallaxcalibrationproducestherelative displacementsof
all of our cameras,andwe know that parallaxbetweentwo views
is theproductof their displacementandthepoint's relative depth.
Thestandardintensityconstancy equationfor optical�o w is

I (i; j ; t) = I (i + udt; j + vdt;t + dt) (2)

Here,(i; j ; t) representthepixel imagecoordinatesandtime,andu
andv arethehorizontalandverticalmotionat animagepoint. We
usei and j in placeof theusualx andy to avoid confusionwith our
view coordinates(x;y;t).

Our modi�ed intensityconstancy equationincludesnew termsto
handleparallax. It representsconstancy betweena desiredvirtual
view andanearbycapturedimageatsomeoffset(ddx;ddy;ddt) in
thespaceof sourceimages.It accountsfor therelative depth,d, at
eachpixel aswell asthetemporal�o w (u;v):



(a) (b) (c)

Figure7: Bettertemporalsamplingimprovesinterpolation.(a) Linearinterpolationbetweenframesin time for a synchronizedcameraarray
is just a cross-dissolve. (b) Nearest-neighborinterpolationusingstaggeredcamerasproducessharpimages,but this compositeof multiple
imagesshowsthatthepathof theball is jittereddueto parallaxbetweendifferentcameras.(c) Weightedinterpolationusingthenearestviews
in timeandspacereducestheperceivedjitter but causesghostimages.

Ivirtual(i; j ;x;y;t) = Isource(i + udt + ddx; j + vdt + ddy;t + dt) (3)

We compute�o w using four imagesfrom the tetrahedronwhich
enclosesthe desiredview in the sameDelauney triangulationas
before. The imagesareprogressively warpedtoward thecommon
virtual view at eachiterationof the algorithm. We cannottestthe
intensityconstancy equationfor eachwarpedimageagainsta vir-
tualview, soweinsteadminimizetheerrorbetweenthefourwarped
imagesthemselves,usingthe sumof the pairwiserobust intensity
constancy errorestimators.Thisproducesasingle�o w map,which
can be usedto warp the four sourceimagesto the virtual view.
We currentlydo not reasonaboutocclusionsandsimply blendthe
�o wedimagesusingtheir barycentricweightsin thetetrahedron.

Figure8 comparesview interpolationresultsusingour spatiotem-
poral optical �o w vs. a weightedaverage.Becausethe computed
�o w is consistentfor the four views, whenthe sourceimagesare
warpedandblended,theball appearssharp.

5 Discussion

We have shown thatusinga well-constructedcameraarrayallows
oneto control the imagesamplesthat arerecordedfrom the spa-
tiotemporalvolumea scenegenerates,andthat the samplingpat-
ternchosengreatlyaffectsthecomplexity of theview interpolation
task. While in theoryit is possibleto simply resamplea linear �l-
teredversionof thesamplesto generatenew views,evenwith large
numbersof inexpensivecameras,it seemsunlikely onecouldobtain
high enoughsamplingdensityto prevent eitherblurredimagesor
ghostingartifacts.Instead,thecorrectplacementof samplesallows
theuseof simplermodelingapproachesratherthannoneatall. The
key questionis,how sophisticatedamodelis neededandwhatsam-
pling basisallows themostrobustmodellingmethodsto beusedto
constructa desiredview? [Chai et al. 2000]et al. addressthis for
spatialview interpolation.

For many interpolationmethods,minimizingimagemotionleadsto
betterquality view synthesis,sowe useminimizing imagemotion
to guideour sampleplacement.Givenour relatively planarcamera
array, we usea very simpleplane+ parallaxcalibrationfor inter-
polationin space.For imagesalignedto a referenceplane,spatial

view motionresultsin parallaxfor pointsnotonthereferenceplane.
This motion mustbe balancedagainsttemporalimagemotion. In
our cameraarraythis disparitymotionis modestbetweenadjacent
cameras,andis muchsmallerthanthe true motion from frameto
frame.

Staggeringcameratrigger in time distributes samplesto reduce
temporalimagemotionbetweenneighboringviewswithoutadding
new samples. In a way staggeredtime samplingis never a bad
samplingstrategy. Clearlythedensertime sampleshelpfor scenes
with high imagemotion. For sceneswith smallmotion,thedenser
time samplesdo no harm. Sincethe true imagemotion is small,
it is easyto estimatethe imageat any intermediatetime, undoing
the time skew addslittle error. Sincethe spatialsamplingdensity
remainsunchanged,it doesnotchangetheview interpolationprob-
lematall. Bettertemporalsamplingletsusapplyrelatively simple,
fairly robustmodelslike optical �o w to view interpolationin time
andspace.We solve for temporalimagemotionandimagemotion
dueto parallaxwhich improvesour interpolation.

Becauseour �o w basedview interpolationmethodsare local, the
only constraintson the cameratimings arealso local. They need
to sampleevenly in every local neighborhood.We usea simple
tessellatedpatternwith locally uniformsamplingat theinteriorand
acrossboundaries.Algorithms that aggregatedatafrom an entire
arrayof cameraswill bene�t from different time staggerpatterns
andraisesthe interestingquestionof �nding an optimal sampling
patternfor a few of themoresophisticatedmodel-basedmethods.

While it is temptingto constructordereddither patternsto gener-
ateuniquetrigger timesfor all camerasthereis a tensionbetween
staggeredshuttersto increasetemporalresolutionandmodelsthat
exploit the rigid-bodynatureof a singletime slice. This seemsto
beanexciting areafor futherresearch.

Staggeredtrigger timesfor cameraarraysincreasetemporalreso-
lution with no extra costin hardwareor bandwidth,but have other
limits. One fundamentallimit is the numberof photonsimaged
by the camerasif the exposurewindows arenonoverlapping.The
aperturetime for eachcamerais setto beequalto thesmallesttime
differencebetweenthecameras.While this minimizesunintended
motionblur, allowingsharpimagesin “Bullet time” cameramotion,
at somepoint thenumberof photonsin thescenewill betoosmall,
andtheresultingimagesignalto noiseratio will begin to increase.
This gives rise to anotherdimensionthat needsto be explored—
optimizingtherelationbetweentheminimumspacingbetweentime



(a) (b)

Figure8: View interpolationusingspacetimeoptical �o w. (a) Interpolated270fpsvideousingweightedaverageof four sourceimages.(b)
Interpolated270fpsvideousingoptical �o w. Thefour sourceimageswerewarpedaccordingto thecomputed�o w andthenaveragedusing
thesameweightsasin imagea. No doubleimagesarepresentbecauseparallaxandmotionfor theball werecorrectlyrecovered.

samplesandtheapertureof thecameras.Shechtmanet. al. [2002]
havedonesomepromisingwork in thisarea,usingmultipleunsyn-
chronizedcameraswith overlappingexposuresto eliminatemotion
blur andmotionaliasingin a videosequence.They performa reg-
ularizeddeconvolution to synthesizethehigh-speedframes.

For our image-basedmethods,uniform spatiotemporalsampling
limits imagemotion and enhancesthe performanceof our inter-
polationmethods.We analyzedspatiotemporalsamplingfrom the
perspective of interpolationwith a constantdepthassumptionand
relatedthetemporalandspatialaxeswith maximumimagemotions
dueto parallaxandtime. Thatconstant-depthassumptionis oneof
the limitationsof this work. In thefuture,we would like to enable
more generalscenegeometries.Our spatiotemporaloptical �o w
methodgeneratessigni�cantly betterresultsthanweightedaverag-
ing,but still suffersfrom thestandardvulnerabilitiesof optical�o w,
especiallyocclusionsandmasking.

6 Conclusion

In this paper, we show that for densevideo cameraarrays,sam-
pling moreef�ciently temporallyleadsto muchbetterspatiotem-
poralview interpolationresults.For agivenarrayof cameras,stag-
geredtriggerscan provide increasedtemporalresolutionwithout
increasingthetotalnumberof samplesor theframerateof thecam-
eras.We describea methodfor computingtheminimumtemporal
samplingrate by equatingthe maximumpossibleimagemotions
dueto parallaxandtemporalmotion betweenneighboringviews.
Constrainingimagemotionbetweenneighboringviewsgreatlyaids
optical �o w algorithms.We presenta spatiotemporaloptical �o w
algorithmfor view interpolationthatusesplane+ parallaxcalibra-
tion andknowledgeof thetrigger timesto solve for both temporal
�o w andrelativedepth.
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