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Abstract

Stopmotion animationis a well-establishedtechniquewherestill
picturesof staticscenesare taken andthenplayedat �lm speeds
to show motion. A major limitation of this methodappearswhen
fastmotionsaredesired;mostmotionappearsto have sharpedges
andthereis no visible motionblur. Appearanceof motionblur is a
strongperceptualcue,which is automaticallypresentin live-action
�lms, andsyntheticallygeneratedin animatedsequences.In this
paper, we presentanapproachfor automaticallysimulatingmotion
blur. Ours is wholly a post-process,and usesimagesequences,
bothstopmotionor raw video,asinput. First we track the frame-
to-framemotionof theobjectswithin theimageplane.We thenin-
tegratethescene's appearanceasit changedover a periodof time.
Thisperiodof timecorrespondsto shutterspeedin live-action�lm-
ing, andgivesus interactive controlover theextentof the induced
blur. We demonstratea simpleimplementationof our approachas
it appliesto footageof differentmotionsandto scenesof varying
complexity. Ourphotorealisticrenderingsof theseinputsequences
approximatetheeffect of capturingmoving objectson �lm that is
exposedfor �nite periodsof time.

CR Categories: I.3.3 [ComputerGraphics]:Picture/ImageGeneration—displayal-
gorithms; I.3.7 [ComputerGraphics]: Three-DimensionalGraphicsand Realism—
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1 Intr oduction

Stopmotion animationis a widely respectedand traditionalpro-
cessfor generatingmovies.ChickenRun, WallaceandGromit, and
Nightmare Before Christmasaresomeof the recentfeatureworks
following from earlier productionslike King Kong. Stop motion
is alsowidely usedto generatedynamic(andcontrolled)effectsin
regularproductions[17]. Theprocessof stop-motionanimationis
laborious,requiring that eachscenebe photographedafter being
movedandmodi�ed incrementally[12]. Talentedanimatorsshow
very elaborateanddetailedmotionsof charactersandobjectswith
varyingspeedsandtrajectories.A tool unavailableto theseanima-
torsis onethatwould aid in thegenerationof motionblur between

Figure1: The miniKingKong stop motion sequencewas shotby
manuallyrotating the propeller. The top two imagesareoriginal
framesandthebottomimageshowsablurredpropellerasrendered
automaticallyfrom thatinput.

staticframesto show fastmotions.We addressthis problemwith a
techniquethat functionsasa post-process,requiringno extra work
on thepartof theanimator.

Thepresenceof motionblur is very importantperceptually. Like
many artifactsof photo imagery, oneusuallyonly noticesits ab-
sence;it' spresencegivesanair of realism[9, 13]. In addition,with-
outmotionblur, animatedimagesequencesaremoresusceptibleto
strobingeffectsandaliasingin time. Motion blur is a well-studied
topic in computergraphics,with commerciallyavailablesoftware
andhardwaresolutionsthataid in thesynthesisof realisticmotion.

Stop-motionanimatorstoil to preventaudiencesfrom beingdis-
tractedby the lack of motion blur by changingthe poseof their
charactersbetweenframesonly slightly. In addition,several tricks
thatinvolvedeformingobjectsandrepeated�lm exposuresarealso
employed. Further, a mechanicaltechniquecalled “go-motion”
wasdevelopedat IndustrialLight andMagic andwas�rst usedin
the 1981�lm Dragonslayer[17]. This techniqueusescomputer-
controlledarmaturesto effectively enhancethemotionof stopmo-
tion animatedcreatures.

1.1 Related Work

Film exposedto live actionimplicitly containsmotionblur, which
guaranteesthat fastobjectswill beregistereddifferently thanslow



moving ones.At present,only researchin computeranimationhas
addressedtheproblemof creatingphotorealisticmotionblurredim-
ages. Antialiasingof time-sampled3D motion is now a standard
partof mostrenderingpipelines.

Theseminalwork in motionblur was�rst introducedin 1983by
Korein andBadler[11], andPotmesilandChakravarty [14]. Kor-
ein andBadlerintroducedtwo approaches,bothmodeledafter tra-
ditional cartoonists'work. The�rst implementationparameterized
the motion over time of 2D primitivessuchasdiscs. The second
relied on supersamplingthe moving imageand then �ltering the
resultingintensityfunction to generateimageswith superimposed
multiple renderingsof the action. The resultingimageslook like
multiply exposed�lm.

PotmesilandChakravarty proposeda differentmethodfor blur-
ring motioncontinuously. A general-purposecameramodelaccu-
mulates(in time)theimage-planesamplepointsof amoving object
to form apath.Eachsample's colorvaluesarethenconvolvedwith
thatpathto generate�nite-time exposuresthatarephotorealistic.

The mostsigni�cant subsequentdevelopmentin antialiasingin
the time domain came with the distributed raytracing work of
Cooket al. [6]. This work successfullycombinesimage-spacean-
tialiasing with a modi�ed supersamplingalgorithm that retrieves
pixel valuesfrom randomlysampledpointsin time.

Thesealgorithmscannotbe applied directly to raster images
of stopmotion animationbecausethe transformationinformation
aboutthesceneis absent.Both convolution with a pathandsuper-
samplingthat path in time requirethat the motion be fully speci-
�ed while the “shutter” is open.Rasterimagesof stopmotionare
effectively snapshots,which in termsof motion, were shot with
an in�nitely fastshutter. While only the animatorknows the true
pathsof theobjects,visual inspectionof thesceneallows usto in-
fer approximationsof the intendedmotionpaths.Cucka[7] man-
agedto estimatelocalizedmotionswhen developing a systemto
addmotionblur to hand-drawn animations.Muchlikethecommer-
cial blur-generationand video-retimingpackagescurrently avail-
able,only small frame-to-framemotionsaretracked successfully,
andpre-segmentationmustbedoneeitherby handor aspartof the
animationprocess.

Our approachis entirelyimage-based.Animatorscanadjustthe
extent of the generatedblur to their liking after the imagesare
acquired.We take advantageof well-establishedcomputervision
techniquesto segmentand track large motions throughouta se-
quence. Our proposedtechniquesrely on combinationsof back-
groundsubtractionandtemplatematchingin additionto theprevi-
ouslyexploredcapabilitiesof optical �o w andvisualmotioncom-
putations. Thoughexisting techniquesfor encodingmotionsare
becomingquitere�ned (e.g., MPEG-4[10]), suchmethodsarenot
suf�cient for ourneeds.

1.2 Overview

We are interestedin changingthe regions of an imagesequence
whichcorrespondto stopmotionactivity to show motionblur. Our
goal is to give theusercontrolover theamountof blur, andto per-
form therestof theprocessasautomaticallyaspossible.Onemajor
taskis the detectionandextractionof regionsthat areaffectedby
movementin consecutive frames.

To help determinethe correspondencebetweenpixels in two
consecutive frames,we initially group neighboringpixels within
eachimageinto blobs, and theseare assumedto move indepen-
dently (Section2). The af�ne transformationsof theseblobsare
tracked andrecordedaspixel-speci�c motion vectors.Thesevec-
torsmaysubsequentlybere�ned individually to modelothertypes
of motion.Oncethemotionvectorsadequatelyexplainhow thepix-
elsfrom apreviousimagemoveto theirnew positionsin thecurrent
image,eachpixel is blurred(Section3). Thepixel color valuesare

redistributedaccordingto thedistancetraveled,so thatpixelswith
null vectorsareunchangedwhile pixels with long motion vectors
areconvolved (or smeared)in accordancewith that path. Finally,
we demonstratethe variousresultsrenderedby our experimental
implementation(Section4). Figure2 illustratesourpipelinegraph-
ically.

Figure2: Using framesfrom the �lm Chicken Run, andstarting
with the inset of the top image,eachlevel representsa stageof
our technique:segmentation,rigid blob tracking,�o w correction,
andaccumulationof smearedsamples.Combined,they yield the
blurredimageof Rocky rolling backwardson thetricycle.



2 Finding Pixel Transf ormations

Ideally, we desirethe same3D transformationdataasis available
to mesh-basedanimationrenderers.Somestructure-from-motion
and scenereconstructiontechniques,studiedby computervision
researchers,arecapableof extractingsuchposeinformationfrom
certainclassesof imagesequences[8]. They usuallyseekoptimal
scenegeometryassumingthatasinglemotion,like thatof thecam-
era,causedall thechangesin thescene.Footagecontainingarticu-
latedcharactersis troublesomebecausemultiplemotionscontribute
to thechanges.Oursis consequentlya ratherbrute-forcebut gen-
eralpurpose2D motionestimationmethod.Theresultingsystemis
but avariantof thepossiblemotionestimatorsthatcouldsatisfythe
needsof our approach.Thefollowing descriptionexplainshow to
handleobjectsthataretravelinglargedistancesbetweensubsequent
frames.

2.1 Scene Segmentation

Thetaskof segmentingandgroupingpixelsthataretrackedis sim-
pli�ed by the high quality of the footagecapturedfor most stop
motionanimations.Additionally, scenesshotwith a moving cam-
eratendto betheexception,sobackground-subtractionis a natural
choicefor segmentingtheaction.

If a cleanbackgroundplateis not available,median�ltering in
thetimedomaincanusuallygenerateone.Weobserveapixel loca-
tion over theentiresequence,sortingtheintensityvalues(asmany
asthereareframes).By choosingthemedian,thebackgroundcan
bereconstitutedonepixel at a time. This highly parallelizablepro-
cessresultsin choosingthecolorswhichweremostfrequentlysam-
pledby agivenpixel, or at leastcolorsthatwereclosestto doingso.
Givena reasonablygoodimageof thebackground(I b), thepixels
thataredifferentin a givenframe(I f ) areisolated.An image(I m )
containingonly pixelsthataremoving is obtainedaccordingto this
criterion:

I m (x; y) =

�

I f (x; y) jI f (x; y) � I b(x; y)j > threshold
0 otherwise

(1)
A goodthresholdvalue, that worked on all sequenceswe pro-

cessed,was7.8%of the intensityscale's range. Note that we use
grayscaleversionsof our color differenceimageswhencomparing
againstthis threshold.Eachcontiguousregion of pixelswithin I m

is groupedasa singleblob (b), with the intentof locatingit again
in thesubsequentframe.Naturally, blobsrepresentingseparateob-
jectscanmergeandseparateover time,dependingontheirproxim-
ity. While this hasnot beena problemfor us, it canbedealtwith
by usingcolor-similarity andcontour-completionassupplementary
meansof choppingthesceneinto manageableblobs. Thesefuture
extensionswouldalsohelpin dealingwith footageshotwith amov-
ing camera.

2.2 Blob Tracking

Objects,andthereforetheblobsthatrepresentthem,canmove sig-
ni�cantly betweenframei andframei + 1. To determinethepaths
along which blur will eventually take place,we must �rst �nd a
correspondencewhich mapseachblob to its appearancein suc-
cessive frames. This motion estimationis a long-standingvision
researchproblem. Large regionsof solid color and non-uniform
scene-lightingcompoundtheviolationof theoptical�o w constraint
equation. Hierarchicaltechniques,someof which include rigid-
ity constraints,have beendevelopedto make this problemmore
tractable. Bergen et al. [1] developeda hierarchicalframework
whichuni�es severalparameter-basedoptical�o w methods.These

ReelSmart Motion Blur
(Blur Amount = 0.25)

Our Method
(exposure = 0.29sec)

Figure3: Thesamesequencewasprocessedusingbotha commer-
cial motion blur packageandour technique.The close-upon the
left shows thattheinterframemotionwastoo largebecausethehi-
erarchical�o w vectorshave affectedthe partsof the background
visible betweenthemoving wheels.Our resultson theright give a
strongerindicationthatmovementis occurringfrom left to right.

helpto constrainthemotionof thetroublespots,thougha morere-
centwork [16] shows morepromisefor thelargemotionswe must
handle.TweedandCalway performblock-basedtranslationalmo-
tion estimationfollowedby a partial-correlationpasswhich re�nes
thesegmentationblocksto meaningfulshapes.While rotationsand
translationsgreaterthanhalf a block-sizearenot yet handled,oc-
clusioninformationis handledexplicitly.

To dealwith footagecontainingbothsubstantialtranslationand
rotation,our two-passapproachstartswith a non-localsearchbe-
fore verifying with proximity dependenttechniques.For this pur-
pose,we performa ratherexhaustive searchby evaluatingthesim-
ilarity betweeneachblob b in I m (i ) with theblobsin I m (i + 1),
referredto hereasthesetsB (i ) andB (i + 1) respectively. A fully
exhaustive searchwouldentailrotatingvariousscaledversionsof a
blobbby smallangularincrements,andtestingit' scorrelationwith
B (i + 1), centeredoneachpossible(x; y) location.Eventually, one
would expectto �nd therotation,translation,andscaleparameters
whichwouldbesttransformall theblobsin B (i ) to look like blobs
in B (i + 1).

Here,we make two assumptionsaboutour footagethat do not
compromiseour goals,have minimal impact on our results,and
allow for amoreef�cient parametersearch.Theseassumptionsare:
(a)scaledoesnotsigni�cantly affect theappearanceof anobjectin
consecutiveframes,and(b) theextentof rotationcanbedetermined
by evaluatingabsoluteorientationsof all blobs.Theorientation(� )
is foundfor eachblob usingits �rst andsecondnormalizedcentral
momentsu( x;y ) , which essentiallymeasurethe asymmetryabout
thex andy axes.

� =
1
2

tan � 1 �

2u(1 ;1)

u(2 ;0) � u(0 ;2) �

; (2)

whereeachblob's differentmomentsu( m;n ) , arecalculatedas:

u( m;n ) =

bh
�

j =1

bw
�

k =1

(xk � x0)m (yj � y0)n I m ( k ;j )

ba
2 ; (3)

wherebw , bh arethewidth andheightof theblob andba is its area
measuredin pixels.

Takingeachb(i ) in turn, we generateasmany rotatedversions
of it asthereareelementsin b(i + 1), plusanadditionalonerepre-
sentingthepossibilitythatnorotationis occurring.Eachversionof
b(i ) is template-matchedagainstI m (i + 1). This way, eachrendi-
tion of b(i ) is foundto have a translationaloffsetwhichmaximizes



the normalizedcrosscorrelation(NCC). The normalizedcorrela-
tion betweena blob's pixel values,b(x; y), andan image,I (x; y),
is calculatedat eachcoordinateas:

NCC =

bh
�

j =1

bw
�

k =1

b(k; j ) I (x + k; y + j )

��

�

�

bh
�

j =1

bw
�

k =1

b(k; j )2 �

bh
�

j =1

bw
�

k =1

I (x + k; y + j )2 �

: (4)

Theversionof b(i ) which achievesthehighestcorrelationscore
(usuallyabove 0.9) is recordedasthebestestimateof a blob's mo-
tion betweenframesi andi + 1. It is interestingto notethatwith
objectsenteringandleaving thescene,thebesttranslationandro-
tationparametersoftenpusha blob beyondtheimageboundaries.

2.3 Flow Correction

Thecurrentblob trackingresultsrepresentthebestestimateof the
rotationsand translationsperformedby the objectsin the scene.
By applyingtherespective 2D transformationsto eachblob's con-
stituentpixel coordinates,avectormapV i , representingthemove-
mentof eachpixel from its original locationis obtained.A current
estimateof I f (i + 1), calledI r (i + 1), is regeneratedbyapplyingthe
V i vectorsto I f (i ). Ideally, I r (i + 1) would look like I f (i + 1)
if all the motionswerepurely due to translationandrotation. In
practice,othertransformationsandlighting changescombinewith
theeffectsof perspective projectionto reveal thatwe mustlocally
re�ne the motion estimates.Sincethereis a large selectionof al-
gorithmsfor computingvisual motion, we tried several different
onesandarenow usinga slightly modi�ed versionof themethod
proposedby Black andAnandan[2]. This methodcomputeshier-
archicaloptical �o w to �nd themotionvectorswhich bestwarped
I r (i + 1) to look like I f (i + 1). Thebene�tsof otherlocal-motion
estimationalgorithmscanbe signi�cant, but eachhasa breaking
point thatcanbereachedwhentheframe-to-framedeformationor
lighting changesaretoo large.

Estimatingoptical �o w allows for thecreationof a mapof cor-
rective motion vectors.Themapis combinedwith the initial mo-
tion vectorsin V i . I r (i + 1) imagesregeneratedusingthecorrected
V i 's now have fewer visiblediscrepancieswhencomparedagainst
their intendedappearance(seeFigure2).

3 Rendering Blur

Theframe-to-frametransformationsintendedby theanimatorhave
now beenapproximated. We proceedto interpolatepathsalong
whichpixelswill beblurred.

A V i map tells us whereto move the pixels sampledat time
t i (timestampof framei ) to make themlook like I f (t i + 1), the
imagesampledat framei + 1. To renderthesimulatedobjectmo-
tion, which is supposedto beoccurringbetweenthesediscretetime
samples,the intermediatepixel motion mustbe interpolated.For
simplicity, we startedwith linear interpolation,thoughB-splines
aremoreappropriatefor archingmotions. We modelthepathfol-
lowed by a pixel over time, or its locus,asa function L i (x; y; t).
The function reportsthe interpolatedoffsetsof a pixel that wasat
(x; y) at time t i (seeFigure4). Thelocusis a parametricfunction
of time with units in pixels, valid over the periodfrom t = t i to
t = t i +1 . Weassumethata pixel's locusmostfaithfully represents
thetruemotionof a pixel at thetimesimmediatelysurroundingt i .
Therefore,motion blur is generatedbasedon the eventsimmedi-
ately beforeandafter eachpicturewasshot,ratherthansampling
L (t) at someotherphaseor frequency.

c

s
2

t=a t=b t=t i+1t=t i

L(t)

w(0,1)

‹ ›0,10,0 ‹ ›0,2

‹1 ›,0

‹ ›

Figure4: Colorpixel c movedaccordingto thedottedpathL . After
choosingadesiredshutterspeeds, c'sRGBvaluesareredistributed
accordingto thetime it spentmoving througheachpixel.

3.1 Smearing Pixels

We now tie togethertheextractedinformationto actuallysimulate
�lm that wasexposedto our scene's motionsfor �nite periodsof
time. The animatorwho posedthe scene,shot it at a periodof �
secondsbetweensamples,correspondingto the inverseof the in-
tendedplaybackframe-rate.Therealcamera's actualshutterspeed
only affectedintensity. Thus,wereferhereto shutterspeeds asthe
timeduringwhichourvirtual camerais exposedto theinterpolated
pixel motions.For example,for a playback� of 1/24sec.,a typical
s mightbe1/58sec.,but will rarelyexceed� .

To rendera simulatedexposuretime, non-zeromotion dictated
by eachL i (x; y; t) is integratedfor a total of s seconds:half be-
fore andhalf after t i . Let us �rst discussthe blurring of motion
occurringafter time t i , noting thatwe processonepixel at a time,
independentlyof therest.Thiswill resultin ablurredimagewecall
I Aft (t i ). It is worth noting that CabralandLeedom [5] demon-
strateda variantof their Line Integral Convolution which usedthe
vector�eld magnitudeto vary thelengthof theline integral to ren-
derblur. However, theapproachbelow is simpleranddoesnotsuf-
fer from singularitieswhenadjacentstreamlinecellspoint at each
other.

First, thevalid interval of L i (x; y; t) is plottedonablankgrid of
pixels,approximatedfor ef�ciency assquareshaped(seeFigure4).
Therelevantinterval is from t i to t i + s=2, andthepixel in question
canberepresentedby colorc = R, G, B. Wefoundit impracticalto
actuallycreatea box �lter in the shapeof L andconvolve c with
it. To preserve theoriginal intensityof eachimage,we distributec
alongtheintervalof L , proportionatelywith thefractionof timethat
pixel spentoccupying eachgrid-square.This fraction of the path
(w( x;y ) ) which fell within a given destinationpixel's boundaries
[a; b] for a time periodof a � t � b, is calculatedasfollows:

w( x;y ) = 	

b

a 
�
�

�

dx
dt

�

2

+ �

dy
dt

�

2 ��

dt

s=2
; (5)

wherebothx andy canbeexpressedasparametricfunctionsof t . A
form of stylizedmotionblur is alsopossible.Insteadof weighting
all the pointson the locusequally, onecanbias the weighting to
emphasizethebeginningor endof a motion,makingtheindividual
streakslook morelike comets.

Thecolorvaluesof eachdestinationpixel ata given(x; y) loca-
tion areincrementedby cw( x;y ) . This way, eachdestinationpixel
accumulatesa smeared(dimmerbut samecolor) versionof all the
moving pixels thatpassedthroughit. Also, anaccumulator-image
keepscountof thetotal w( x;y ) depositedateachlocation.

Thesameprocedurejust followedin renderingI Aft (t i ), themo-
tion of I f (t i ) from t i to t i + s=2, cannow berepeatedto generate



Figure 5: JackieChan in an episodeof the PJsis shown jump-
kicking. Thebottomimagewasrenderedwith a simulatedshutter
speedof 0.025seconds.

I Bef (t i ): the motion of that imagefrom t i to t i � s=2. In con-
trastto the I Aft case,the L usedherecomesfrom traveling along
theL i � 1(t ) obtainedfrom estimatingthemotionof the imagese-
quencein reverse.

3.2 Compositing Pixel Motion

TheI Bef (t i ) andI Aft (t i ) canberegardedastwo piecesof exposed
�lm, eachhaving witnessedhalf of themotionoccurringdurings.
Sinceeachimagewasnormalizedwith respecttoc, mergingthetwo
meansperformingapixel-wiseaverage.Addingthetwo occupancy
mapstogetherrevealsthatmany pixelshave beenexposedfor less
thans seconds.

Pixels thatexhibitedno motionhave zerooccupancy, andother
pixelsmayhavebeenvisitedby motiononly brie�y . Theremaining
time mustbeaccountedfor by blendingin a proportionalamount,
(s � w( x;y ) )=s, of a staticpixel locatedat that (x; y). For pixels
whereI m (x; y) is 0, thatpixel is takenfrom I b, andit is takenfrom
I f otherwise.

4 Discussion and Results

To testour algorithm,we shotstopmotionfootageof our own and
digitizedsequencesmadeby professionalstudios.We testedclips
from Chicken Run, The PJs, andTheLife & Adventuresof Santa
Claus. Figure5 shows a representative input andoutputpair. Note
thatthepreviousandsubsequentframesof theinputsequencewere
alsousedto make eachblurredimage.

After themotion hasbeenestimatedonce,the renderedmotion
blurredimagesequencelooksasif theobjectsweremoving while
the shutterwasopen. The user-controlledvirtual shutterspeeds

Figure6: ThePJscharacter”The Clapper”is twirling his weapons
while runningforward. Two shutterspeeds,0.025and0.058sec-
onds,werechosento rendertheleft andright imagesrespectively.

allows for thesamemotion to be renderedwith moreor lessblur,
asseenin Figure6.

Our own footageproved to bemorechallengingbecauseof the
overall lower quality, including badlighting andlarge inter-frame
motions.Onesequenceincludedclayandastickrotatinglikeapen-
dulum. The largemotionsaredetectedandthependulumappears
blurredin Figure7, in accordancewith the linear interpolationof
its motion. Theresultsbreakdown if s is long enoughto integrate
thepixels' locusfunctionswhenthey poorly modeltheobject's ac-
tual motion. The pendulumcontainsmotion that would be better
servedby interpolatingthepathto �t a B-spline,thoughthis too is
not a generalsolutionbecauseotherlargemotionsmight bebetter
modeledcurrently, with thelinearinterpolation.

Thematterof shadows castby moving objectsdeservesspecial
attention,and is still not fully resolved. Shadows incorrectlyap-
pearto our systemasmoving objects,andgetblurredaccordingto
thesamerules(seeFigure8). Thetextureundera moving shadow
is not moving, and shouldthereforebe left un�ltered. Shadows
of fast-moving objectsshouldbebroaderandbrighterbecausethey
arepurportedlytheresultof light beingobscuredduringonly partof
theexposure.Unfortunately, generatinganaccurateshadow with an
appropriatelylargerfootprint requiresknowing boththe3D geom-
etryof theshadowedregion,andthelocationsof thelight sources.

In contrastto CG-blurring,occlusionsarenot ascritical in this
taskbecausewe aredealingwith only the visible surfacesof our
scene.Nevertheless,we mustbecautiousnot to smearthemoving
pixelsontoforegroundobjectsthatoccludetheaction.Sucha fore-
groundmaskcanbe paintedby handfor eachscene,but we have
successfullyuseda simpli�ed implementationof [4] to accomplish
thesametaskautomatically.

5 Summar y and Future Work

Theparticularbene�t of post-processingstopmotion footageinto
motionblurredrenderingsis thesmoothnessof fastmotions,allow-
ing for betterintegrationwith live-actionfootage.Without resort-

Figure7: The extendedshutterspeedof theseblurred imagesre-
vealsthatthis pendulummotionis beinginterpolatedlinearly.



Figure8: Carpetappearsto move whenshadows passover it.

Figure9: The shutterspeedof 0.025secondsrevealsin onestill
thatBunty is pushingBabsona swingin ChickenRun.

Figure 10: A droppingbasketball was �lmed with two cameras.
The left imagewas shot with a shutterspeedof 0.001 seconds,
while thecenterimageis from acamerawith a0.017secondsshut-
ter. We processedthecrispersequenceto renderthe imageon the
right, simulatingthethelongerexposure.As expected,theblur has
beenmimickedandtheoriginal lighting is retained.

ing to multiple-exposuresor additionalposingof the scene,even
individual framescanconvey themotionthattheanimatorintended
(seeFigure9). Thisapproachcanactuallyreducethelaborinvolved
in animatingcertainscenes.Potentially, fastmotions,which have
normallybeenposedat higherfrequenciesto maintainvisual con-
tinuity, will requirenomoreposingthanslowly moving objects.

While our approachemulatesrealmotionblur successfully(see
Figure10), certainareasdeserve further attentionso motion blur-
ring canbecomea general-purposepost-processingtool. It will be
interestingto incorporateothermotionestimationalgorithms,pos-
sibly stereoand3D, to helpwith accurateframe-to-frametracking
of pixels. The addedbene�t of rangedatawill be the increased
precisionin separatingoutandregeneratingshadows.

Other curve-basedinterpolationalgorithmscould be evaluated
asmodelsfor pixel locus. We expect that at leastin mostcases,

even linearmotionswill yield reasonableresultswhenmodeledas
curves.A goodmotionblurring systemmight do well to have user
controlof bothshutterspeedandinterpolationtype.

Finally, as motion estimationimproves, a user-interfacecould
be addedto allow animatorsto specify the elapsedtime between
snapshots.Thesewould correspondto keyframesthatcouldsubse-
quentlyberenderedoutatthedesiredframe-rateandshutter-speed.
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