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Abstract

We explore the applicationof densecameraarraysto view inter-
polation acrossspaceandtime for dynamicscenes.Large video
camerarraysaretypically synchronizedhut we shaw thatstagger
ing camerariggersprovidesamuchrichersetof sample®nwhich
to basethe interpolation. We do not increasethe total numberof
samples—waemnerelydistribute themmoreeffectively in time. We
useoptical o w to interpolatenew views. Within this framework,
we nd thatthe densespace-timesamplingprovided by staggered
timing improves the robustnessof the interpolation. We present
annovel optical o w methodthat combinesa planeplus parallax
frameawork with knowledgeof cameraspatialandtemporaloffsets
to generateow elds for virtual imagesat new space-timdoca-
tions. We presentesultsinterpolatingvideofrom a96-camerdight
eld usingthis method.

CR Categories: 1.4.8 [Image Processingand ComputerVision]:
SceneAnalysis—Tme-varying imagery; 1.4.9 [Image Processing
andComputeVision]: Applications

Keywords:  spatiotemporalsampling, image-basedendering,
view interpolationoptical o w, multiple camerasystems

1 Intro duction

Videocamerasrerapidly becomingcommodityhardware,causing
imagesensorsjenses,andvideo compressiorelectronicsto drop
rapidly in price. Todayonecaneasilybuild amodestcameraarray
for the price of a high-performancetudiocameraandit is likely
that arraysof 100sor even a 1000 cameraswill soonreachprice
parity with theselarger moreexpensve units. The increasede xi-
bility of thistype of cameraarraycreatesanumberof new applica-
tionsandinterestingresearctthallengesFor example,researchers
have alreadyshovn how to usesuchan arrayfor densesampling
in time, demonstrating virtual 1560fpscameracomposedf 52
denselypacled cameras[Wilburn et al. ] while othershave used
densevideo cameraarraysfor view interpolation[J.-C.Yanget al.
2002]. Ratherthanviewing theseresultsasindependentthis pa-
per exploresthe useof densecameraarraysfor view interpolation
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Figurel: Thevideolight elds in this paperwerecapturedisinga
96-cameraubsedf thisarray

in both spaceandtime. Thuswe look at the more generalprob-
lem of optimalsamplingpatternsaandinterpolationmethodgor the
spatiotemporavolumeof imagesthatthe cameraarrayrecords.

Thesimplestspatiotemporahterpolationrmethods extendinglight
eld renderingo videoby linearlyinterpolatingn time. For thisre-
constructiorto work, theimagevolumemustbe bandlimited.Such
pre Itering addsundesirabldlur to thereconstructeimages.Even
with very large cameraarrays,the samplingdensityis not suf-
ciently high to make the blur imperceptible.If theimagesarenot
bandlimited the outputexhibits ghostingartifacts. This occursfor
large disparitiesor temporalmotions.

To avoid the con icting requirementsfor sharpimageswith no

samplingartifacts,mostimagebasedrenderingsystemsusemore
sophisticatednterpolationscheme$asedon an underlyingscene
model. The simplestmethodis to estimatemotion in an image
basedon local informationfrom neighboringviews. Othermeth-
ods generatdncreasinglysophisticatedhree-dimensionatodels
of the scene.Motion estimationgrows lessrobust asthe distance
betweencamerasncreasesMore complicatednodelscanhandle
morewidely separatedmages but their runtimeincreasegssmore
globalinformationis incorporated.

This paperexploreshow samplingaffects reconstruction. Tradi-
tionally, designersof cameraarrayshave striven to synchronize
their camerasThis oftenleadsto muchmoretemporalmotion be-
tweencameraframesthanthereis parallaxbetweenneighboring
cameraslnstead staggeredriggersarea bettersamplingstrateyy.
Improvedtemporalsamplingdecreasetemporalimagemotion,al-
lowing usto usesimpler morerohustinterpolationmethodssuch
asoptical ow. As section2 shows, planararraysare well-suited
to usinga simple plane+ parallaxformulationthat allows oneto
robustly calibrateimagesandalsoprovidesa very nice framevork
tosetup o w. It providesaconstrainegpacedor computingoptical
0 w betweerdisparatecameras.

The next sectiondescribegprevious work in capturingand inter
polating betweenspace-timeémage samples. Following that, we
describeour methodfor calibratingthe cameraarrayandrendering

OSubmittedo Siggraph 2004



new views. We review plane+ parallaxgeometry which playsa

centralrole in our calibrationandoptical o w algorithms.We then

describea frameawork for determininghow bestto distribute our

cameraarraysamplesn time. We shaw for linearinterpolationbe-

tweenviews that bettersamplinggreatlyimprovesreconstruction.
Finally, we presentan optical o w methodfor determiningspatial

andtemporalmotionbetweerseveralviews in spaceandtime.

1.1 Previous Work

The increasingavailability and lower costof cam arrayshasen-
ableda numberof researcherto look at the potentialof thesesys-
tems. VirtualizedReality™ [Randeret al. 1997]andits successor
the 3D-Room[Kanadeet al. 1998] aretwo pioneeringlarge-array
designs.The systemsapturevideo from widely spacedsynchro-
nizedcamerasBecausghesystencapturesampleghataresparse
in spaceandtime, interpolationdependstronglyon the quality of
the inferred scenemodel. Yanget al. took a differentapproach.
Ratherthanconstructa scenemodel,they capturedensersamples
andusesimplelight eld interpolationto runin real-time.Thisin-
terpolatiormethodproduceghostingartifactsin theiroutput. They
arenotconcernedvith interpolationin time. The mostvisible mul-
tiple camerawork is the linear array of over 100 camerasusedto
producethe“Bullet Time” effectsfor TheMatrix. They simulatea
virtual high-speed¢cameraying atimpossiblyhigh speedsround
adynamicscene Theirsystencapture®netrajectorythroughtime
andspace.

Our goalis to investigatehow well onecoulddo “Bullet Time” ef-
fectsasa post-processingtepfor a capturedsetof imageswithout
specifyingthe view trajectoryin advance. We explore this using
a 100 cameraarraythatcombinesselectedeaturesrom thesede-
signs. It capturesall of the datafrom a large numberof precisely
timed, inexpensve CMOS videoimagesensors Althoughthis ar
ray wasbuilt to enablea wide rangeof researchthe technologies
requiredfor this work arecommonlyavailable. The key featureof
thearrayfor the resultspresentedn this paperis a programmable
trigger offsetat eachcamera.Many CMOS sensorffer the digi-
tal synchronizatiofnputsrequiredto implementhis sortof precise
timing control.

Image-basedenderingmethodsfor view synthesigdiffer primar
ily in how they resampleacquiredimagesto generatenew views.
Light Field RenderingLevoy andHanrahan996] assumes at
scenewhich leadsto aliasingartifacts. LumigraphgGortler et al.
1996] assumea known geometry eithersyntheticdataor a manu-
ally speci ed geometricproxy [Buehleretal. ]. [Lin and Shum]
presenta maximumcameraspacingfor light elds with a constant
depthassumptionand[Chaietal. 2000]analyzeheminimumspa-
tial samplingratefor light elds including geometryinformation.
We arethe rst to investigatethe minimumtemporalsamplingrates
for videolight elds.

While hardwareallows usto capturesamplesn the spatiotemporal
volume,our next taskis to interpolatebetweenmagesto produce
new views. View interp using image warps[Chenand Williams
1993; Seitz and Dyer 1995] allows oneto producesharpimages
evenwhenlargeimagemotionis presentut requiressomemeans
of determininghow to warp pixels betweerviews. The simplestof
theseschemesreimagebasedmethodsusingoptical o w[Avidan
and Shashual998; Irani et al. 1998], which is not robust over
large displacementsr lighting changes. For more widely sep-
aratedcameras3D modelshave beencomputedusing disparity
maps[Randeet al. 1997], voxel coloring[Seitzand Dyer 1997],
or visual hulls[Matusiket al. 2000]. Althoughmodelscompensate

for larger cameraspacingsinferring the structureof comple, real
sceness achallengingask.

2 Calibration and Rendering

A challengeof working with mary camerass nding aframewvork
for combininginformationfrom the differentviews. Even simple
camerahoppingwill producepoorresultsif the camerasave dif-
ferentcolor responsesBecausenexpensve imagesensorsely on
humansensitvity to relative, notabsolutecolor differencesthere-
sponse®f imagesensoryariesgreatly We correctthis usingthe
automaticcolor calibrationmethodof [Wilburn et al. ], iteratively
adjustingcamerajainssoeachsensoapproximatesdesiredinear
responsethenapplyinga post-processingtepto correctfor sensor
nonlinearitiesandcolor differences.

Oncethe cameracolor responsesre matchedwe needto under
standthe geometryof our camerasandimages.Our goalshereare
twofold. First, we mustcorrectfor nonuniformitiesbetweencam-
eras,suchasvarying focal lengthsandorientations.As with color
variationsyview hoppingacroscamerasvill look poorif thevirtual
cameras perspectie propertiegump discontinuouslyfrom view to
view. Secondwe needa framework for combiningdatafrom dif-
ferentimagesthat capturegshe geometriarelationshipbetweerour
camerasut doesnotrequireknowledgeof thescenegeometry We
usethe methodof [Vaishet al. ] for calibratinga planararray of
camerasisingplane+ parallax[ShashuandNavab 1994; Kumar
et al. 1994; Irani et al. 1997]. This methodaligns views in im-
agespaceinsteadof relying on full geometriccalibration,making
it bothsimplerandmorerobust. As we will see,it alsoprovidesan
effective frameawvork for computingoptical o w in spaceandtime
andfor analyzingspatiotemporasampling.

2.1 Plane + Parallax Calibration

We will brie y summarizeheimplementatiorandimplicationsof

theplane+ parallaxcalibrationdescribedn [Vaishetal.]. We start
by aligningimagesrom all of ourcameraso areferenceplanethat
is roughlyparallelto thecamerglane.To dothis, we take apicture
of a planarcalibrationtarget roughly in the middle of our scene,
frontoparallelto the cameraplane. We use an automaticfeature
detectorto locateand label points on the tamget. We designatea

centralcamerao bethe referenceview andcomputean alignment
for it thatmakesthe target appearfrontoparallelwhile perturbing
the imagedtarget featurelocationsaslittle aspossible. We then
computeplanarhomographieghat align the rest of the views to

thealignedreferenceview [Hartley andZissermar000]. Figure2

shavstheoriginalandalignedimagesof our calibrationtargetfrom

anon-referenceiew.

In the alignedimages thereis a simplerelationbetweena point's
distancefrom the referenceplane and its parallax betweentwo
views. Figure 3 shavs a scenepoint P and its locations pg =
(so;to)T;pr = (s1;t1)T in the alignedimagesfrom two cameras
Co andCy. Let Dzp be the signeddistancefrom P to the refer
enceplane(negative for this example),Zg bethe distancefrom the
camergplaneto the referenceplane,and Dx be the vectorfrom Cy
to C; in the cameraplane. De ne the relative depthof P to be

d= Dzliipzo' Giventhis arrangementheparallaxDp= p1  pg is
simply Dp= Dxd.

This hastwo importantconsequencesr our work:
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Figure2: AlignmentusingplanarhomographiesUsingimagesof
a planarcalibrationtarget, we computea planarhomograpk that
alignseachimageto areferenceplane. (a) shavs animageof the
targetfrom a cornercameraof thearray (b) shav the sameimage
warpedto the referenceview. The planartargetappeargrontopar
allelin all of thealignedimages.
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Figure 3: Planarparallaxfor planarcameraarrays. A point P not
onthereferenceplanehasdistinctimagespg; p1 in camerag£y; C;.
Theparallaxbetweerthesawo is theproductof therelative camera
displacemenbx andtherelative depthDzp.

The parallaxbetweeralignedimagesof a singlepoint off the
referenceplaneis enoughto determinethe relative locations
in thecamerglaneof all of thecamerasTypically, onemea-
suresthe parallaxof mary pointsto make the processmore
robust.

Oncewe know therelative camerdocations,determiningthe
relative depthof a pointin oneview is enoughto determine
its locationin all otherviews.

This givesustheframewvork we needfor interpolation.Thealigned
imagesprovide acommonspacen which to analyzeandcombine
views. In fact, they correspondo the (u;v) parameterizedmages
for light eld rendering(assumingconstantdepthat the reference
plane),someasuringnotionin referenceplaneindicateshow much
aliasingwe will seein reconstructedight eld images.As we will
sedater, parallaxbeingafunctionof relative depthpermitsasimple
optical o w methodfor determiningmage o w betweemeighbor
ing spacetimeviews.

2.2 Rendering

Aligning ourimagego areferenceplaneautomaticallycorrectsfor
geometricvariationsin our cameragexcluding translationsout of
the cameraplaneandradial distortion,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 maximumimage motion betweentem-
poral sampleds equalto the maximumparallaxbetweenspatially
neighboringviews. If we measurdime in incrementsof Dt and
spacein incrementof the cameraspacing thendistancebetween
view coordinategorrespondso the maximumpossiblemagemo-

tion betweernviews.

negligible for our application). The alignedimagesare generally
off-axis projections,which are visually disturbing. This is clear
from the alignedviews of the calibrationtamget, in which the ref-
erenceplanetarget alwaysappeardrontoparallelregardlessof the
camergposition.

The transformatiorthat correctsthe off-axis projectionis equiva-

lentto takinga pictureof thealignedplanefrom thevirtual camera
position. The plane+ parallaxcalibrationdoesnot provide enough
informationto do this. If we x therelatve camerdocationspro-

ducedby our calibration,the missinginformation correspondso

the eld of view of our referencecameraandthe distancefrom the

cameraplaneto the referenceplane. Thesequantitiescanbe de-

terminedeitherby calibratingthe referencecamerarelative to the

referenceplane or simple manualmeasurement.In practice,we

have foundthatsmallerrorsin thesequantitiegproducevery subtle
perspectie errorsandarevisually negligible.

3 Spatiotemp oral Sampling

We now turn our attentionto the temporaldistribution of our sam-
ples.We assumehatour camerasll run atasinglestandardiideo
rate(30fpsfor our array),thatthey areplacedon a planargrid, and
thatthe desiredcameraspacinghasalreadybeendetermined Fig-

ure 4 shaws alignedsynchronizedmagesfrom our array of 30fps
video cameras.Differenceshetweenimagesare dueto two com-
ponents: parallax betweenviews and temporal motion between
frames.Fromtheimagesit is clearthatthetemporaimagemotion

is much greaterthanthe parallaxfor neighboringviews in space
andtime. This suggestshatwe shouldsamplemore nely tempo-
rally to minimizethemaximumimagemotionbetweemeighboring
viewsin spaceandtime. In thenext sectionwe shav how temporal
andspatialview samplingarerelatedby imagemotion.
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Figure4: For synchronizeccamerasthe motiondueto parallaxbetweemeighboringcamerass often muchlessthanthe temporalmotion
betweerframesfor thesamecamera(a) and(b) areimagesrom adjacentamerastthe samepointin time. Disparitiesbetweerimagesare
small. (c) shows a picturefrom the samecameraas(b), oneframelater. Themotionis obviousandmuchlarger.

3.1 Normalizing the Spatial and Temporal Sampling
Axes

For agivenlocationof thereferenceplaneatadistanceZg from the
cameraplane,if we boundthe maximumparallaxin our aligned
images,we can establishnearandfar depthlimits for our scene,
Znear andzs 4. Alternatively, we coulddeterminghe minimumand
maximumdepthlimits of our sceneandplacethe referenceplane
accordingly[Chai et al. 2000]. The nearandfar boundsandcam-
eraspacingDx determinethe maximumparallaxfor ary point be-
tweenneighboringcameras.Given this neardepthlimit z,ear and
a maximumvelocity of v for ary objectin the scenewe cande-
terminethe time for which the maximumpossibletemporalimage
motion equalsthe maximumparallaxbetweenneighboringviews.

Thisis shavnin gure 5. Thetemporalmotionfor P in cameraCy

is greatestf it is at the neardepthlimit and movessuchthatthe
vectorRR. 1 is orthogonalto the projectionray from Cy at time

t+ 1. If weassumenarrov eld of view for our lenseswe can
approximatehis with avectorperpendiculato thereferenceplane,
shavn asvDx. If P hasvelocity v, themaximumtemporalimotionof

vDiZo

itsimagein Cy is 70+ D2oen Equatingthis motionto the maximum

parallaxfor P in aneighboringcamerayields

- DXZnear

D vDZy

1)

Thisis thetimestepfor which maximumimagemotionequalsmax-
imum parallaxbetweemeighboringviews.

Measuringiime in incrementof thetimestepDt andspacein units
of cameraspacingsprovides a normalizedset of axes to relate
space-timeviews. A view is representedy coordinates(x;y;t)
in this system.For nearest-neighbasr weightedinterpolationbe-
tween views, measuringview distancein thesecoordinateswill
minimizejitter or ghostingduringreconstructionChoosingatem-
poral samplingperiodequalto Dt will alsoensurethatmaximum
temporaimotionbetweerframeswill notexceedthemaximumpar
allax betweemeighboringviews.

Determiningmaximumscenerelocitiesaheadf time (for example,
from the biomechanicof humanmotion, or physical constraints
suchasacceleratiordueto gravity) canbe dif cult. An alterna-
tive to computingthemotionis Iming arepresentate scenewith

synchronizedtamerasndsettingthetimestepequalto theratio be-
tweenthemaximumtemporalandparallaxmotionsfor neighboring
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Figure6: An exampletrigger patternfor a 3x3 array of cameras
with nine evenly staggeredriggers. The numbergepresenthe or-
derin which camerasre. The orderwas selectedto have even
samplingn the(x;y;t) spaceacrosghepattern.Wetessellatéarger
arrayswith patternssuchasthis oneto ensuresven spatiotemporal
sampling.

views. Onecouldevendesigna cameraarraythatadaptvely deter
minedthetimestepbasedn trackedfeaturepointsbetweenviews.

3.2 Spatiotemp oral Sampling Using Staggered Trig-
gers

The timestepDt tells us the maximumtemporalsamplingperiod
thatwill ensuretemporalresolutionat leastasgoodasthe spatial
resolutionacrossviews. Onecouldincreaseghetemporalsampling
rate by using an array of high-speedcamerasbut this could be
prohibitively expensve andwould increasedemand®n databand-
width, processingandstorage By staggeringhe camerastrigger
times, we canincreasethe temporalsamplingrate without adding
new samples.

Our goalis to ensureeven samplingin spaceand time using our
normalizedaxes.A corvenientwayto dothisis with atiled pattern,
usingthe minimum numberof evenly staggeredrigger timesthat
gives an offset lessthan Dt. To approximateuniform sampling,
the offsetsaredistributed evenly within the tile, andthe patternis
thenreplicatedacrosghecameraarray Figure6 shavs anexample
trigger patternfor a 3x3 array of cameras.For larger arrays,this
patternis replicatedvertically and horizontally The patterncan
be truncatedat the edgesof arrayswith dimensionsthat are not
multiplesof three.



3.3 Interpolating New Views

We can now createour distancemeasurefor interpolation. The
plane+ parallaxcalibrationgivesup cameragpositionsin the cam-
eraplaneup to somescalefactor We normalizethesepositions
by dividing by the averagespacebetweeradjacentamerassothe
distancefrom a camerato its horizontaland vertical neighborsis

approximatelyone. Let (x;y) be the position of eachcamerain

thesenormalizedcoordinatesandlett bethetime atwhichagiven

imageis acquired,measuredn timestepof Dt. Becauseve have

chosena timestepthat setsthe maximumparallaxbetweenviews

equalto the maximumtemporalmotion betweertimestepsthe eu-
clideandistancebetweernthe (x;y;t) coordinategepresentingwo

views s avalid measuref the maximumpossiblemotionbetween
thetwo images.

The simplestway we couldinterpolatenew views would beto use
nearesnheighbors.This is the methodusedby [Wilburn etal. ] to
createa virtual camerausinga densecameraarray This method
producesacceptablaesults,but as points move off the reference
plane,their imagesjitter dueto parallaxbetweernviews. The per
ceived jitter can be reducedusing interpolationbetweenseveral
nearbyviews. To determinewhich imagesto blend and how to
weightthem,we computea Delaung tessellatiorof our captured
imagecoordinatesFor anew view (X;y;t), we nd thetetrahedron
of imagesin thetessellatiorcontainingthe view andblendtheim-
agesat its verticesusingtheir barycentriccoordinatesas weights.
Using this tessellatiorand barycentricweighting ensureghat our
blendingvariessmoothlyaswe move thevirtual viewpoint. As we
leave onetetrahedronthe weightsof droppedverticesgo to zero.
Ourtemporalsamplingpatternis periodicin time, sowe only need
to computethetessellatiorfor three30Hzsamplingperiodsto com-
putetheweightsfor anarbitrarily long sequence.

Figure 7 shavs the bene ts of improved temporalsampling. In
this experiment,we useda 12x8 array of 30fpsvideo camerago
Im asoccermplayer Thecameraweretriggeredaccordingto the
patternin gure 6, tiled acrosshearray We thengenerate@70fps
interpolatedvideo using several methods. First, we useda cross-
dissole betweersequentiaframesatonecamerao simulatelinear
interpolationfor a synchronizedarray The motion of the soccer
ball betweencapturedramesis completelyabsent.Next, we used
nearest-neighbdnterpolation,which assembles video sequence
usingvideocapturedatthe propertime from neighboringcameras.
This producessharpimagesand captureghe path of the ball, but
the motion s jittered dueto parallaxbetweenviews. Finally, we
usedthebarycentrioveightedaveragingdescribegreviously. This
reducegheball's motionjitter but introducegghosting.

Staggeringthe camerasclearly improves our temporalresolution
andresultsin muchbetterresultsevenfor simplenearest-neighbor
andweightedinterpolation.Becauseur inputimagesarenot ban-
dlimited in spaceandtime, new views interpolatedwith either of
thesemethodswill always suffer from artifactsif the motion be-
tweenviews in time or spaces too great. Onecouldimaginepre-
Itering spatially as describedn [Levoy and Hanrahanl1996], or
temporallyby using overlappedexposurewindows, but pre Iter-
ing addsundesirableblur to our images. In the next section,we
improve our spacetimeview interpolationby analyzingthe motion
betweercapturedmages.

4 Optical Flow for Spatiotemp oral View In-
terp olation

We have seenthat distributing samplesfrom a densecameraar
ray more evenly in time improves spatiotemporaliew interpola-
tion using nearest-neighboor weightedinterpolation. Reducing
theimagemotion betweercapturedspatiotemporatiews canalso
decreasehe compleity or increasethe robustnessof otherinter
polation methods. We have found that the combinationof dense
camerasjmproved temporalsampling,and plane+ parallaxcali-
brationallows usto computenew views robustly usingoptical o w.

We extendedheoptical o w methodof [Black andAnandan1993]
using codeavailable on the authors web site. Their algorithmis
known to handleviolationsof the intensityconstang andsmooth-
nessassumptionsvell usingrobust estimation. It usesa standard
hierarchicaframework to capturdargeimagemotions,but canfail
due to maskingwhen small regions of the scenemove very dif-
ferentlyfrom a dominantbackground[Beagenet al. 1992]. For our
30fpssynchronizeduggling sequencehealgorithmsucceedebe-
tweencamerast the sametime but failed betweenframesfor the
samecameraThemotionof thesmalljuggledballswasmasledby
the stationarybackground.Oncewe retimedthe camerasthe mo-
tion of the ballswasgreatlyreduced andthe algorithmcomputed
o w accuratelybetweenpairs of imagescapturedat neighboring
locationsandtimesteps.

Our modi ed spatiotemporabptical o w algorithmhastwo novel

features.First, we solve for a ow eld atthe(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],who obsere thatfor view interpolation,computingthe o w

at the new view position insteadof either sourceimage handles
degenerateo w casesbetterand avoids the hole- lling problems
of forward-warping when creatingnew views. They usethis to

compute o w at a frame halfway 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
nearesfour capturedmagestowardthevirtual view andminimize
the weightedsum of the robust pairwise dataerrorsand a robust
smoothnessrror.

Motion cannotbemodelledconsistenthyfor fourimagesatdifferent
spacetimdocationsusingjust horizontaland vertical image o w.

Thesecondcomponenbf ouralgorithmis simultaneouslyccount-
ing for parallaxandtemporalmotion. We decomposeptical o w

into thetraditionaltwo-dimensionatemporal o w plusathird ow

term for relative depththat accountsfor parallaxbetweenviews.

Plane+ parallaxcalibrationproducegherelative displacementsf

all of our camerasandwe know that parallaxbetweentwo views

is the productof their displacemenandthe point's relative depth.
Thestandardntensityconstang equatiorfor optical o w is

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

Here,(i; j;t) representhe pixel imagecoordinatesindtime, andu
andv arethe horizontalandvertical motion at animagepoint. We
usei andj in placeof theusualx andy to avoid confusionwith our
view coordinategx; y;t).

Our modi ed intensity constang equationincludesnew termsto
handleparallax. It representgonstang betweena desiredvirtual
view andanearbycapturedmageat someoffset(ddx; ddy; dat) in
the spaceof sourceimages.It accountdor therelative depth,d, at
eachpixel aswell asthetemporal o w (u; V):
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Figure7: Bettertemporalsamplingimprovesinterpolation.(a) Linearinterpolationbetweerframesin time for a synchronizedameraarray
is just a cross-dissolg. (b) Nearest-neighbanterpolationusing staggeredcameragproducessharpimages but this compositeof multiple
imagesshaows thatthe pathof theball is jittereddueto parallaxbetweerdifferentcameras(c) Weightedinterpolationusingthe nearesviews

in time andspaceeduceghepercevedjitter but causeghostimages.

Wirtual (i5 s X i t) = lsoure(i+ udt+ ddx; j+ vdt+ ddy;t+ dt) (3)

We compute o w using four imagesfrom the tetrahedrorwhich
encloseghe desiredview in the sameDelaung triangulationas
before. Theimagesare progressiely warpedtoward the common
virtual view at eachiterationof the algorithm. We cannottestthe
intensity constang equationfor eachwarpedimageagginsta vir-

tualview, soweinsteadmninimizetheerrorbetweerthefour warped
imagesthemseles, usingthe sumof the pairwiserobustintensity
constang errorestimatorsThis produces single o w map,which
can be usedto warp the four sourceimagesto the virtual view.

We currentlydo not reasoraboutocclusionsandsimply blendthe
o wedimagesusingtheir barycentrioveightsin thetetrahedron.

Figure8 compares/iew interpolationresultsusingour spatiotem-
poraloptical o w vs. aweightedaverage. Becausehe computed
o w is consistenffor the four views, whenthe sourceimagesare
warpedandblendedtheball appearsharp.

5 Discussion

We have showvn that usinga well-constructeccameraarray allows
oneto control the imagesampleshat are recordedfrom the spa-
tiotemporalvolume a scenegeneratesand that the samplingpat-
ternchosergreatlyaffectsthe compl«ity of theview interpolation
task. While in theoryit is possibleto simply resamplealinear |-
teredversionof thesamplego generataew views, evenwith large
numberf inexpensie camerasit seemainlikely onecouldobtain
high enoughsamplingdensityto prevent eitherblurredimagesor
ghostingartifacts.Insteadthe correctplacemenbf samplesllows
theuseof simplermodelingapproachestherthannoneatall. The
key questionis, how sophisticateédhmodelis neededindwhatsam-
pling basisallows the mostrobustmodellingmethodgo be usedto
constructa desiredview? [Chai et al. 2000] et al. addresshis for
spatialview interpolation.

For mary interpolationmethodsminimizingimagemotionleadsto
betterquality view synthesissowe useminimizing imagemotion
to guideour sampleplacementGivenour relatively planarcamera
array we usea very simpleplane+ parallaxcalibrationfor inter
polationin space.For imagesalignedto a referenceplane,spatial

view motionresultsn parallaxfor pointsnotonthereferenceplane.
This motion mustbe balancedagainsttemporalimagemotion. In
our cameraarraythis disparitymotionis modestbetweeradjacent
camerasandis muchsmallerthanthe true motion from frameto
frame.

Staggeringcameratrigger in time distributes samplesto reduce
temporalimagemotionbetweemeighboringviews withoutadding

new samples. In a way staggeredime samplingis never a bad

samplingstrateyy. Clearlythe densetime sampleselpfor scenes
with highimagemotion. For scenesvith smallmotion,thedenser
time samplesdo no harm. Sincethe true imagemotion is small,

it is easyto estimatethe imageat ary intermediatetime, undoing

the time skew addslittle error. Sincethe spatialsamplingdensity
remainsunchangedt doesnotchangeheview interpolationprob-

lematall. Bettertemporalsamplingletsusapplyrelatively simple,

fairly robustmodelslike optical o w to view interpolationin time

andspace We solve for temporalimagemotionandimagemotion

dueto parallaxwhichimprovesourinterpolation.

Becauseour o w basedview interpolationmethodsarelocal, the
only constraintson the cameratimings arealsolocal. They need
to sampleevenly in every local neighborhood. We usea simple
tessellategbatternwith locally uniform samplingattheinteriorand
acrossboundaries.Algorithms that aggreyate datafrom an entire
array of cameraswill bene t from differenttime staggerpatterns
andraisesthe interestingquestionof nding an optimal sampling
patternfor afew of the moresophisticateanodel-basednethods.

While it is temptingto constructordereddither patternsto gener

ateuniquetriggertimesfor all cameraghereis a tensionbetween
staggeredahuttersto increaseemporalresolutionand modelsthat
exploit the rigid-body natureof a singletime slice. This seemgo

beanexciting areafor futherresearch.

Staggeredrigger timesfor cameraarraysincreaseemporalreso-
lution with no extra costin hardwareor bandwidth,but have other
limits. One fundamentalimit is the numberof photonsimaged
by the camerasf the exposurewindows are nonoverlapping. The
aperturgime for eachcamerds setto be equalto thesmallestime
differencebetweerthe cameras While this minimizesunintended
motionblur, allowing sharpmagesdn “Bullet time” cameramotion,
atsomepointthe numberof photonsn the scenewill betoo small,
andthe resultingimagesignalto noiseratio will begin to increase.
This givesrise to anotherdimensionthat needsto be explored—
optimizingtherelationbetweertheminimumspacingetweertime
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Figure8: View interpolationusingspacetimeoptical o w. (a) Interpolated270fpsvideo usingweightedaverageof four sourceimages.(b)
Interpolated270fpsvideousingoptical o w. The four sourceimageswerewarpedaccordingto the computedo w andthenaveragedising
thesameweightsasin imagea. No doubleimagesarepresentecaus@arallaxandmotionfor theball werecorrectlyrecosered.

samplesandthe apertureof the camerasShechtmaret. al. [2002]
have donesomepromisingwork in this areausingmultiple unsyn-
chronizedcameraswvith overlappingexposurego eliminatemotion
blur andmotionaliasingin a videosequenceThey performareg-
ularizeddecorvolutionto synthesizehe high-speedrames.

For our image-basednethods,uniform spatiotemporakampling
limits image motion and enhanceghe performanceof our inter

polationmethods.We analyzedspatiotemporasamplingfrom the
perspectie of interpolationwith a constantdepthassumptiorand
relatedthetemporalandspatialaxeswith maximumimagemotions
dueto parallaxandtime. Thatconstant-depthssumptioris oneof

the limitations of this work. In the future, we would lik e to enable
more generalscenegeometries. Our spatiotemporabptical o w

methodgeneratesigni cantly betterresultsthanweightedaverag-
ing, but still suffersfrom thestandardrulnerabilitiesof optical o w,

especiallyocclusionsaandmasking.

6 Conclusion

In this paper we shav that for densevideo cameraarrays,sam-
pling more ef ciently temporallyleadsto much betterspatiotem-
poralview interpolationresults.For agivenarrayof camerasstag-
geredtriggerscan provide increasedemporalresolutionwithout

increasinghetotal numberof samplesor theframerateof thecam-
eras.We describea methodfor computingthe minimumtemporal
samplingrate by equatingthe maximumpossibleimage motions
dueto parallaxand temporalmotion betweenneighboringviews.

Constrainingmagemotionbetweemeighboringviews greatlyaids
optical o w algorithms. We presenta spatiotemporabptical o w

algorithmfor view interpolationthatusesplane+ parallaxcalibra-
tion andknowledgeof thetriggertimesto solve for bothtemporal
o w andrelative depth.
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