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Abstract

Stop motion animationis a well-establishedechniquewherestill
picturesof static scenesaretaken andthenplayedat Im speeds
to shav motion. A major limitation of this methodappearsvhen
fastmotionsaredesired;mostmotion appeargo have sharpedges
andthereis no visible motionblur. Appearancef motionbluris a
strongperceptuatue,whichis automaticallypresenin live-action
Ims, andsyntheticallygeneratedn animatedsequencesln this
paperwe presenainapproachor automaticallysimulatingmotion

blur. Oursis wholly a post-processand usesimage sequences,

both stopmotion or raw video, asinput. First we track the frame-
to-framemotion of the objectswithin theimageplane.We thenin-
tegratethe scenes appearancasit changecdver a periodof time.
This periodof time correspond$o shutterspeedn live-action Im-
ing, andgivesusinteractive control over the extentof theinduced
blur. We demonstrata simpleimplementatiorof our approachas
it appliesto footageof differentmotionsandto scenef varying

compleity. Our photorealisticenderingof theseinput sequences

approximatethe effect of capturingmoving objectson Im thatis
exposedor nite periodsof time.

CR Categories: 1.3.3 [ComputerGraphics]: Picture/ImageGeneration—displagl-
gorithms; 1.3.7 [ComputerGraphics]: Three-DimensionalGraphicsand Realism—
Animation; I.4.9 [Image Processingand ComputerVision]: SceneAnalysis—Time-
varyingImages

Keywords: Animation, computervision, image-basedendering,motion blur, stop
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1 Introduction

Stop motion animationis a widely respectedand traditional pro-
cessfor generatingnavies. ChickenRun Wallace and Gromit, and
Nightmae Before Christmasare someof the recentfeatureworks
following from earlier productionslike King Kong Stop motion
is alsowidely usedto generatalynamic(andcontrolled)effectsin
regular productiong17]. The procesf stop-motionanimationis
laborious, requiring that eachscenebe photographedfter being
moved andmodi ed incrementally{12]. Talentedanimatorsshav
very elaborateanddetailedmotionsof characterandobjectswith
varying speedsindtrajectories A tool unavailableto theseanima-
torsis onethatwould aid in the generatiorof motionblur between

Figure 1. The miniKingKong stop motion sequenceavas shotby
manuallyrotating the propeller The top two imagesare original
framesandthe bottomimageshaws a blurredpropellerasrendered
automaticallyfrom thatinput.

staticframesto shav fastmotions.We addresghis problemwith a
techniguethatfunctionsasa post-processiequiringno extrawork
onthe partof theanimator

Thepresencef motionblur is veryimportantperceptuallyLike
mary artifactsof photoimagery one usually only noticesits ab-
sencejt' spresencgivesanair of realism[9, 13]. In addition,with-
outmotionblur, animatedmagesequencearemoresusceptibldéo
strobingeffectsandaliasingin time. Motion blur is a well-studied
topic in computergraphics,with commerciallyavailable software
andhardwaresolutionsthataid in the synthesiof realisticmotion.

Stop-motionanimatorgoil to preventaudience$rom beingdis-
tractedby the lack of motion blur by changingthe poseof their
characterbetweerframesonly slightly. In addition,severaltricks
thatinvolve deformingobjectsandrepeatedim exposuresarealso
emplgred. Further a mechanicaltechniquecalled “go-motion”
wasdevelopedat Industrial Light andMagic andwas rst usedin
the 1981 Im Dragonslayer[17]. This techniqueusescomputer
controlledarmaturego effectively enhancehe motionof stopmo-
tion animateccreatures.

1.1 Related Work

Film exposedto live actionimplicitly containsmotion blur, which
guaranteethatfastobjectswill beregistereddifferentlythanslow



moving ones.At presentpnly researchin computeranimationhas
addressetheproblemof creatingphotorealistianotionblurredim-
ages. Antialiasing of time-sampled3D motionis now a standard
partof mostrenderingpipelines.

Theseminalwvork in motionblurwas rst introducedn 1983by
KoreinandBadler[11], andPotmesiland Chakraarty [14]. Kor-
ein andBadlerintroducedtwo approaches)oth modeledaftertra-
ditional cartoonistswork. The rst implementatiorparameterized
the motion over time of 2D primitives suchasdiscs. The second
relied on supersamplinghe maving image andthen ltering the
resultingintensity functionto generatémageswith superimposed
multiple renderingsof the action. The resultingimageslook like
multiply exposedIm.

Potmesiland Chakraarty proposed differentmethodfor blur-
ring motion continuously A general-purposeameramodelaccu-
mulateg(in time)theimage-planesamplepointsof amoving object
to form apath.Eachsamples color valuesarethenconvolved with
thatpathto generatenite-time exposureghatarephotorealistic.

The mostsigni cant subsequentlevelopmentin antialiasingin
the time domain camewith the distributed raytracingwork of
Cooketal. [6]. Thiswork successfullycombinesmage-spacen-
tialiasing with a modi ed supersamplinglgorithm that retrieves
pixel valuesfrom randomlysampledpointsin time.

Thesealgorithmscannotbe applied directly to rasterimages
of stop motion animationbecausehe transformationinformation
aboutthe scends absent.Both convolution with a pathandsuper
samplingthat pathin time requirethat the motion be fully speci-
ed while the “shutter” is open. Rasterimagesof stopmotionare
effectively snapshotswhich in termsof motion, were shot with
anin nitely fastshutter While only the animatorknows the true
pathsof the objects visualinspectionof the sceneallows usto in-
fer approximationof the intendedmotion paths. Cucka[7] man-
agedto estimatelocalized motionswhen developing a systemto
addmotionblur to hand-dravn animationsMuchlike thecommer
cial blur-generationand video-retimingpackagesurrently avail-
able, only small frame-to-framemotionsaretracked successfully
andpre-sgmentatiormustbe doneeitherby handor aspartof the
animationprocess.

Our approachs entirelyimage-basedAnimatorscanadjustthe
extent of the generatedblur to their liking after the imagesare
acquired. We take adwantageof well-establishedcomputervision
techniqguesto segmentand track large motions throughouta se-
quence. Our proposedechniquegely on combinationsof back-
groundsubtractiorandtemplatematchingin additionto the previ-
ously exploredcapabilitiesof optical o w andvisual motioncom-
putations. Though existing techniquedfor encodingmotionsare
becomingquitere ned (e.g., MPEG-4[10]), suchmethodsarenot
sufcient for our needs.

1.2 Overview

We are interestedin changingthe regions of an image sequence
which correspondo stopmotionactivity to shav motionblur. Our
goalis to give the usercontrol over the amountof blur, andto per
form therestof theprocessasautomaticallyaspossible Onemajor
taskis the detectionand extraction of regionsthat are affectedby
movementin consecutie frames.

To help determinethe correspondencéetweenpixels in two
consecutie frames,we initially group neighboringpixels within
eachimageinto blobs, and theseare assumedo move indepen-
dently (Section2). The afne transformation®of theseblobsare
tracked andrecordedas pixel-speci ¢ motion vectors. Thesevec-
torsmay subsequentlpere ned individually to modelothertypes
of motion. Oncethemotionvectorsadequatelgxplainhow thepix-
elsfrom apreviousimagemove to their new positionsin thecurrent
image,eachpixel is blurred(Section3). The pixel color valuesare

redistritutedaccordingto the distancetraveled,so that pixels with

null vectorsare unchangedvhile pixels with long motion vectors
arecornvolved (or smeared)n accordancevith that path. Finally,

we demonstratehe variousresultsrenderedoy our experimental
implementatior{Sectiord). Figure2 illustratesour pipelinegraph-
ically.

Figure 2: Using framesfrom the Im Chicken Run, and starting
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 Transformations

Ideally, we desirethe same3D transformatiordataasis available
to mesh-basednimationrenderers. Somestructure-from-motion
and scenereconstructiortechniques studiedby computervision
researchersare capableof extracting suchposeinformationfrom
certainclasse®of imagesequencef8]. They usuallyseekoptimal
scenegeometryassuminghatasinglemotion, lik e thatof thecam-
era,causedll the changesn the scene Footagecontainingarticu-
latedcharacterss troublesoméecausenultiple motionscontribute
to the changes.Oursis consequentlya ratherbrute-forcebut gen-
eralpurpose2D motionestimatiormethod.Theresultingsystems
but avariantof thepossiblemotionestimatorghatcouldsatisfythe
needsof our approach.The following descriptionexplainshow to
handleobjectsthataretravelinglargedistancedetweersubsequent
frames.

2.1 Scene Segmentation

Thetaskof sggmentingandgroupingpixelsthataretrackedis sim-
plied by the high quality of the footagecapturedfor most stop
motion animations.Additionally, sceneshotwith a moving cam-
eratendto bethe exception,sobackground-subtractias a natural
choicefor sgmentingthe action.

If acleanbackgroundolateis not available, median ltering in
thetime domaincanusuallygenerat®ne.We obsere a pixel loca-
tion over the entiresequencesortingtheintensityvalues(asmary
asthereareframes).By choosingthe median the backgrounccan
bereconstitutednepixel atatime. This highly parallelizablepro-
cesgesultsn choosinghecolorswhichweremostfrequentlysam-
pledby agivenpixel, or atleastcolorsthatwereclosesto doingso.
Givenareasonablyoodimageof the backgroundl ), the pixels
thataredifferentin agivenframe(l; ) areisolated.An image(l m)
containingonly pixelsthataremoving is obtainedaccordingo this
criterion:

[ (xy) jle(xy) lo(x;y)j > threshold
0 .

tm (% Y) = otherwise
)

A goodthresholdvalue, that worked on all sequencesve pro-
cessedwas 7.8% of the intensity scales range. Note that we use
grayscaleversionsof our color differenceimageswhencomparing
againsthis threshold.Eachcontiguousregion of pixels within | m
is groupedasa singleblob (b), with the intent of locatingit again
in thesubsequerframe. Naturally, blobsrepresentingeparateb-
jectscanmergeandseparat®ver time, dependingn their proxim-
ity. While this hasnot beena problemfor us, it canbe dealtwith
by usingcolor-similarity andcontourcompletionassupplementary
meansof choppingthe sceneinto manageabl®lobs. Thesefuture
extensionsvould alsohelpin dealingwith footageshotwith amov-
ing camera.

2.2 Blob Tracking

Objects,andthereforethe blobsthatrepresenthem,canmove sig-
ni cantly betweerframei andframei + 1. To determinethepaths
along which blur will eventually take place,we must rst nd a
correspondencevhich mapseachblob to its appearancén suc-
cessve frames. This motion estimationis a long-standingvision
researchproblem. Large regions of solid color and non-uniform
scene-lightinggompoundheviolation of theoptical o w constraint
equation. Hierarchicaltechniquessomeof which include rigid-
ity constraints have beendevelopedto male this problemmore
tractable. Bemgen et al. [1] developeda hierarchicalframevork
which uni es severalparametebasedptical o w methodsThese

ReelSmart Motion Blur Our Method
(Blur Amount = 0.25) (exposure = 0.29sec)

Figure3: Thesamesequencevasprocessedisingbotha commer
cial motion blur packageand our technique. The close-upon the
left shaws thattheinterframemotionwastoo large becausehe hi-
erarchical o w vectorshave affectedthe partsof the background
visible betweerthe moving wheels.Our resultson theright give a
strongerindicationthatmovementis occurringfrom left to right.

helpto constrainthe motion of thetroublespots thougha morere-
centwork [16] shavs morepromisefor the largemotionswe must
handle. Tweedand Calay performblock-basedranslationaimo-
tion estimationfollowed by a partial-correlatiorpasswhichre nes
the sggmentatiorblocksto meaningfulshapesWhile rotationsand
translationggreaterthanhalf a block-sizeare not yet handled,oc-
clusioninformationis handledexplicitly.

To dealwith footagecontainingboth substantiatranslationand
rotation, our two-passapproachstartswith a non-localsearchbe-
fore verifying with proximity dependentechniques.For this pur-
pose we performaratherexhaustve searchby evaluatingthe sim-
ilarity betweeneachblob bin | m (i) with theblobsin I m (i + 1),
referredto hereasthesetsB (i) andB (i + 1) respectiely. A fully
exhaustve searchwould entailrotatingvariousscaledversionsof a
blob b by smallangularincrementsandtestingit' s correlationwith
B (i + 1), centeredneachpossible(x; y) location.Eventually one
would expectto nd therotation,translationandscaleparameters
which would besttransformall the blobsin B (i) to look like blobs
inB(i + 1).

Here,we make two assumptionsboutour footagethat do not
compromiseour goals, havze minimal impact on our results,and
allow for amoreef cient parametesearch.Theseassumptionare:
(a) scaledoesnotsigni cantly affecttheappearancef anobjectin
consecutie framesand(b) theextentof rotationcanbedetermined
by evaluatingabsoluteorientationsof all blobs. Theorientation( )
is foundfor eachblob usingits rst andsecondhormalizedcentral
momentsu .y y, Which essentiallymeasurethe asymmetryabout
thex andy axes.
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whereeachblob's differentmoments ., y, arecalculatedas:
bh by
(%)™ (¥ Y0)" Imki)
j=1 k=1
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b’ ;
whereby, , b, arethewidth andheightof theblob andb, is its area
measuredhn pixels.

Taking eachb(i) in turn, we generateas mary rotatedversions
of it asthereareelementsn b(i + 1), plusanadditionalonerepre-
sentingthepossibilitythatno rotationis occurring.Eachversionof
(i) is template-matchedgainst (i + 1). Thisway, eachrendi-
tion of b(i) is foundto have atranslationabffsetwhich maximizes



the normalizedcrosscorrelation(NCC). The normalizedcorrela-
tion betweena blob's pixel values,b(x; y), andanimage,| (x;y),
is calculatecht eachcoordinateas:

bp  bw
bk;j) I (x+ kiy+j)
NCC = j=1 k=1 (4)
by by by bw
b(k;j)? L(x+ kiy+j)?
j=1 k=1 j=1 k=1

Theversionof b(i) which achievesthe highestcorrelationscore
(usuallyabore 0.9)is recordedasthe bestestimateof a blob's mo-
tion betweerframesi andi + 1. It is interestingto notethatwith
objectsenteringandleaving the scenethe besttranslationandro-
tation parametersften pusha blob beyondtheimageboundaries.

2.3 Flow Correction

The currentblob trackingresultsrepresenthe bestestimateof the
rotationsand translationsperformedby the objectsin the scene.
By applyingtherespectie 2D transformationso eachblob's con-
stituentpixel coordinatesavectormapV ;, representinghe move-
mentof eachpixel from its original locationis obtained.A current
estimateof I+ (i+ 1), calledl, (i+ 1), is regeneratetby applyingthe
Vi vectorsto I (i). Ideally, I, (i + 1) would look like I (i + 1)
if all the motionswere purely dueto translationand rotation. In
practiceothertransformationgndlighting changesombinewith
the effectsof perspectie 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 the method
proposecdby Black and Anandan[2]. This methodcomputeshier
archicaloptical ow to nd the motionvectorswhich bestwarped
I (i + 1) tolooklikel; (i + 1). Thebene tsof otherlocal-motion
estimationalgorithmscan be signi cant, but eachhasa breaking
pointthatcanbe reachedvhenthe frame-to-framedeformationor
lighting changesretoo large.

Estimatingoptical o w allows for the creationof a mapof cor
rective motion vectors. The mapis combinedwith theinitial mo-
tionvectorsin V. I (i + 1) imagesegeneratedisingthecorrected
V i'snow have fewer visible discrepanciesvhencomparedagainst
theirintendedappearancéseeFigure?2).

3 Rendering Blur

Theframe-to-framdransformationéntendedby the animatorhave
now beenapproximated. We proceedto interpolatepathsalong
which pixelswill beblurred.

A Vi maptells us whereto move the pixels sampledat time
t; (timestampof framei) to make themlook like I'¢ (ti + 1), the
imagesampledatframei + 1. To renderthe simulatedobjectmo-
tion, whichis supposedo beoccurringbetweerthesediscretetime
samplesthe intermediatepixel motion mustbe interpolated. For
simplicity, we startedwith linear interpolation,though B-splines
aremoreappropriatdor archingmotions. We modelthe pathfol-
lowed by a pixel over time, or its locus,asa functionL; (x; y; t).
The function reportsthe interpolatedoffsetsof a pixel thatwasat
(x;y) attimet; (seeFigure4). Thelocusis a parametridunction
of time with unitsin pixels, valid over the periodfromt = t; to
t = ti+1 . Weassumehata pixel's locusmostfaithfully represents
thetrue motion of a pixel at thetimesimmediatelysurroundingt; .
Therefore,motion blur is generateasedon the eventsimmedi-
ately beforeandafter eachpicturewasshot, ratherthansampling
L (t) atsomeotherphaseor frequeng.

s e
2
w 1 L(t)
e
@
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Figure4: Color pixel c movedaccordingo thedottedpathL . After
choosingadesirecshutterspeeds, ¢'sRGB valuesareredistributed
accordingo thetime it spentmoving througheachpixel.

3.1 Smearing Pixels

We now tie togetherthe extractedinformationto actuallysimulate
Im thatwas exposedto our scenes motionsfor nite periodsof
time. The animatorwho posedthe scene shotit at a period of
seconddbetweensamplescorrespondingo the inverseof the in-
tendedplaybackframe-rate Therealcameras actualshutterspeed
only affectedintensity Thus,we referhereto shutterspeeds asthe
time duringwhich our virtual cameras exposedo theinterpolated
pixel motions.For example,for aplayback of 1/24sec.,atypical
s mightbe 1/58sec. but will rarelyexceed .

To rendera simulatedexposuretime, non-zeromotion dictated
by eachL;(x; y;t) is integratedfor a total of s seconds:half be-
fore and half aftert;. Let us rst discussthe blurring of motion
occurringaftertime t;, notingthatwe procesnepixel atatime,
independentlpf therest. Thiswill resultin ablurredimagewe call
laie (ti). It is worth noting that Cabraland Leedom [5] demon-
strateda variantof their Line Integral Convolution which usedthe
vector eld magnitudeto vary thelengthof theline integral to ren-
derblur. However, theapproactbelawv is simpleranddoesnot suf-
fer from singularitieswhenadjacentstreamlinecells point at each
other

First,thevalid intenval of L (X; y; t) is plottedon ablankgrid of
pixels,approximatedor ef ciency assquareshapedseeFigure4).
Therelevantinterval is fromt; tot; + s=2, andthepixelin question
canberepresentedly colorc = R, G, B. We foundit impracticalto
actually createa box lter in the shapeof L andconvolve ¢ with
it. To presere the original intensityof eachimage,we distribute c
alongtheinterval of L, proportionatelywith thefractionof timethat
pixel spentoccupying eachgrid-square.This fraction of the path
(W(xy )) which fell within a given destinationpixel's boundaries
[a; b] for atime periodofa t b, is calculatedasfollows:

b dXZ QZ

a dt

()

Wiy ) = s= ;
wherebothx andy canbeexpresse@sparametridunctionsoft. A
form of stylizedmotionblur is alsopossible.Insteadof weighting
all the pointson the locus equally one canbiasthe weightingto
emphasizeéhe beginning or endof a motion, makingtheindividual
streakdook morelike comets.

The color valuesof eachdestinatiorpixel atagiven(x; y) loca-
tion areincrementedy cw(, . Thisway, eachdestinatiornpixel
accumulates smeareddimmerbut samecolor) versionof all the
moving pixelsthat passedhroughit. Also, anaccumulatoimage
keepscountof thetotal w(,., ) depositecateachlocation.

Thesameprocedurgustfollowedin renderind ax (ti), themo-
tionof I+ (ti) fromt; tot; + s=2, cannow berepeatedo generate



Figure 5: JackieChanin an episodeof the PJsis shawn jump-
kicking. The bottomimagewasrenderedvith a simulatedshutter
speedf 0.025seconds.

I get (ti): the motion of thatimagefrom t; tot; s=2. In con-
trastto thel ax casetheL usedherecomesfrom traveling along
thelL; 1(t) obtainedfrom estimatingthe motion of theimagese-
guencdn reverse.

3.2 Compositing Pixel Motion

Thel ges (ti) andl ax (ti) canberegardedastwo piecesof exposed
Im, eachhaving witnessechalf of the motion occurringdurings.
Sinceeachimagewasnormalizedwith respecto ¢, megingthetwo
meangerformingapixel-wiseaverage Adding thetwo occupang
mapstogetherevealsthatmary pixels have beenexposedfor less
thans seconds.

Pixels thatexhibited no motion have zerooccupanyg, andother
pixelsmayhave beenvisitedby motiononly brie y. Theremaining
time mustbe accountedor by blendingin a proportionalamount,
(s wy))=s, of astaticpixel locatedat that (x; y). For pixels
wherel m (x; y) is 0, thatpixel is takenfrom | ,, andit is takenfrom
|+ otherwise.

4 Discussion and Results

To testour algorithm,we shotstopmotion footageof our own and
digitized sequencemadeby professionaktudios. We testedclips
from Chicken Run The PJs and ThelLife & Adventuesof Santa
Claus Figure5 shavs arepresentatie inputandoutputpair. Note
thatthe previousandsubsequerframesof theinputsequencevere
alsousedto male eachblurredimage.

After the motion hasbeenestimatednce,the renderednotion
blurredimagesequencdooks asif the objectsweremoving while
the shutterwas open. The usercontrolledvirtual shutterspeeds

Figure6: ThePJscharactef'The Clapper”is twirling his weapons
while runningforward. Two shutterspeeds.025and0.058sec-
onds,werechoserto rendertheleft andright imagesrespectiely.

allows for the samemotion to be renderedvith moreor lessblur,
asseenin Figure6.

Our own footageproved to be morechallengingbecausef the
overall lower quality, including badlighting andlarge inter-frame
motions.Onesequenc@cludedclayandastickrotatinglike apen-
dulum. Thelarge motionsaredetectedandthe pendulumappears
blurredin Figure7, in accordancevith the linear interpolationof
its motion. Theresultsbreakdown if s is long enoughto integrate
thepixels' locusfunctionswhenthey poorly modelthe objects ac-
tual motion. The pendulumcontainsmotion thatwould be better
senedby interpolatingthepathto t aB-spline,thoughthistoois
not a generalsolutionbecausetherlarge motionsmight be better
modeledcurrently with thelinearinterpolation.

The matterof shadovs castby moving objectsdeseres special
attention,andis still not fully resohed. Shadas incorrectly ap-
pearto our systemasmoving objects,andgetblurredaccordingto
the samerules(seeFigure8). Thetexture undera moving shada
is not moving, and shouldthereforebe left un ltered. Shadevs
of fast-mwing objectsshouldbe broaderandbrighterbecaus¢hey
arepurportedlytheresultof light beingobscuredluringonly partof
theexposure .Unfortunatelygeneratinganaccurateshadav with an
appropriatelylargerfootprint requiresknowing boththe 3D geom-
etry of the shadaved region, andthelocationsof thelight sources.

In contrastto CG-blurring,occlusionsarenot ascritical in this
task becauseve are dealingwith only the visible surfacesof our
scene.Neverthelessywe mustbe cautiousnot to smearthe moving
pixelsontoforegroundobjectsthatoccludethe action. Sucha fore-
groundmaskcan be paintedby handfor eachscene pbut we have
successfullyuseda simpli ed implementatiorof [4] to accomplish
thesametaskautomatically

5 Summary and Future Work

The particularbene t of post-processingtop motion footageinto
motionblurredrenderingss the smoothnessf fastmotions,allow-
ing for betterintegrationwith live-actionfootage. Without resort-

Figure7: The extendedshutterspeedof theseblurredimagesre-
vealsthatthis pendulummotionis beinginterpolatedinearly.



Figure8: Carpetappeardo move whenshadws passover it.

Figure9: The shutterspeedof 0.025secondsevealsin one still
thatBunty is pushingBabson a swingin ChickenRun.

Figure 10: A droppingbasletball was Imed with two cameras.
The left image was shot with a shutterspeedof 0.001 seconds,
while the centerimageis from a camerawith a0.017secondshut-

ter. We processedhe crispersequencéo rendertheimageon the

right, simulatingthethelongerexposure As expectedtheblur has
beenmimickedandthe originallighting is retained.

ing to multiple-exposuresor additionalposingof the scene,even
individual framescancorvey themotionthattheanimatorintended
(seeFigure9). Thisapproacltanactuallyreducethelaborinvolved
in animatingcertainscenes.Potentially fastmotions,which have
normally beenposedat higherfrequenciedo maintainvisual con-
tinuity, will requireno moreposingthanslovly moving objects.

While our approactemulategeal motion blur successfullysee
Figure 10), certainareasdesere further attentionso motion blur-
ring canbecomea general-purpospost-processingpol. It will be
interestingto incorporateothermotion estimationalgorithms,pos-
sibly sterecand 3D, to helpwith accuratérame-to-frameracking
of pixels. The addedbene t of rangedatawill be the increased
precisionin separatingut andregeneratingshadavs.

Other curve-basednterpolationalgorithmscould be evaluated
asmodelsfor pixel locus. We expectthat at leastin mostcases,

evenlinearmotionswill yield reasonableesultswhenmodeledas
curnwes. A goodmotionblurring systemmight do well to have user
controlof bothshutterspeedandinterpolationtype.

Finally, as motion estimationimproves, a userinterface could
be addedto allow animatorsto specifythe elapsedime between
shapshotsThesewould correspondo keyframesthatcould subse-
quentlyberenderedutatthedesiredrame-rateandshutterspeed.
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