RecentAdvancesin Image Mor phing

GeogeWblberg

Departmenbf ComputerScience
City Collegeof New York/ CUNY
New York, NY 10031

wolberg@cs-mail.engr.ccny.cuny.

Abstract

Imagemorphinghasbeenthe subjectof mud attention
in recentyears.It hasprovento bea powerfulvisualeffects
tool in ®Imandtelevision,depictingthe uid transformation
of one digital imageinto another This paperreviews the
growth of this ®eldand describesrecentadvancesn im-
agemorphingin termsof threeareas: feature speci®cation,
warp geneationmethodsandtransitioncontmol. Thesear-
easrelateto the easeof useand quality of results. We will
describetherole of radial basisfunctionsthin platesplines,
enegy minimizationandmultilevel free-formdeformations
in advancingthe state-of-the-arin imagemorphing Re-
centwork ona genealizedframeavork for morphingamong
multipleimageswill bedescribed.

1. Intr oduction

ImagemetamorphosiBasprovento beapowerful visual
effectstool. Therearenow mary breathtakingxamplesin
®Imandtelevision depictingthe uid transformatiorof one
digital imageinto another This processcommonlyknown
asmorphing is realizedby couplingimagewarpingwith
color interpolation. Imagewarpingapplies2D geometric
transformationsntheimagedo retaingeometrialignment
betweertheirfeatureswhile colorinterpolatiorblendsheir
color.

Imagemetamorphosibetweenwo imagesbegins with
ananimatorestablishingheir correspondenceith pairsof
featureprimitives,e.g.,meshnodes/ine sgments curves,
or points. Each primitive speci®esn image feature, or
landmark.Thefeaturecorrespondends thenusedto com-
pute mappingfunctionsthat de®nehe spatialrelationship
betweenall pointsin both images. Since mappingfunc-
tionsarecentralto warping,we shallreferto themaswarp

Presented at: International

'96, Pohang, Korea.

Computer Graphics
June 1996

edu

functionsin this paper They will beusedto interpolatethe
positionsof the featuresacrosshe morphsequenceOnce
both imageshave beenwarpedinto alignmentfor inter-
mediatefeaturepositions,ordinarycolor interpolation(i.e.,
cross-dissole) is performedo generaténbetweerimages.

Featurespeci®catiois themosttediousaspecbf morph-
ing. Althoughthe choiceof allowableprimitivesmayvary;
all morphingapproachergequirecarefulattentiornto thepre-
ciseplacemenbf primitives. Givenfeaturecorrespondence
constraintdbetweerbothimages,a warp function over the
wholeimageplanemustbederived. Thisprocesswhichwe
refer to aswarp generationjs essentiallyan interpolation
problem.Anotherinterestingproblemin imagemorphingis
transitioncontrol. If transitionratesareallowedto vary lo-
cally acrossnbetweernimagesmoreinterestinganimations
arepossible.

The explosive growth of image morphingis due to
the compellingand aestheticallypleasingeffects possible
throughwarpingandcolor blending. The extentto which
artistsandanimatorscaneffectively usemorphingtoolsis
directly tied to solutionsto the following three problems:
featurespeci®cationywarp generationand transitioncon-
trol. Togetheythey in"uence the easeandeffectivenessn
generatindnigh-qualitymetamorphosisequencesThispa-
perdescribesecentadwvancesn imagemorphingin termsof
theirrolein addressinghesethreeproblems.Comparisons
aregiven betweervariousmorphingtechniquesincluding
thosebasednmeshwarping[14], ®eldmorphing[2], radial
basisfunctions[1], thin plate splines[9, 6], enegy mini-
mization[7], andmultilevel free-formdeformation$8].

A tradeof existsbetweerthecompleity of featurespec-
i®cationandwarp generation.As featurespeci®catiotve-
comesmore corvenient, warp generationbecomesmore
formidable. Therecentintroductionof splinecunesto fea-
ture speci®catiomaisesa challengeto the warp generation
processmakingit the mostcritical componenbf morph-
ing. It in"uencesthe smoothnessf thetransformatiorand
dominateghe computationatostof the morphingprocess.



Figure 1. Cross-dissolve

We shallcommenbntheseradeofs anddescribeheirrole
in in uencing recentprogressn this ®eld.

2. Morphing Algorithms

Beforethe developmentof morphing,imagetransitions
weregenerallyachieved throughthe useof cross-dissolss,
e.g. linearinterpolationto fadefrom oneimageto another
Fig. 1 depictsthis processappliedover ®we frames. The
resultis poor, owing to thedouble-aposureeffectapparent
in misalignedregions. This problemis particularlyappar
entin themiddleframe,wherebothinputimagescontritute
equally to the output. Morphing achieves a "uid trans-
formationby incorporatingwarpingto maintaingeometric
alignmentthroughouthe cross-dissolg process.

In this sectionwe review several morphingalgorithms,
including thosebasedon meshwarping, ®eld morphing,
radial basisfunctions,thin platesplines,enegy minimiza-
tion, andmultilevel free-formdeformations This review is
intendedto motivatethe discussionof progressn feature
speci®cationyarpgenerationandtransitioncontrol.

2.1.MeshWarping

MeshwarpingwaspioneeredtIndustrialLight & Magic
(ILM) by DouglasSmythefor usein the movie Willow in
1988. It hasbeensuccessfullyusedin mary subsequent
motion pictures. To illustrate the 2-passmeshwarpingal-
gorithm,considettheimagesequencshavnin Fig. 2. The
®we framesin the middle row representa metamorphosis
(or morph)betweerthe two facesat both endsof the row.
We will referto thesetwoimagesas and , thesource
andthe tametimagesrespectiely. The sourceimagehas
mesh  associatewvith it thatspeci®ethecoordinate®f
controlpoints,orlandmarks A secondnesh, , speci®es
their correspondingpositionsin the targetimage. Meshes

and arerespectiely shovn overlaidon  and
in theuppereft andlowerrightimagef the®gure.Notice
that landmarkssuchasthe eyes, nose,and lips lie belov
correspondingrid linesin bothmeshesTogether and
areusedto de®ndhe spatialtransformatiorthat maps

all pointsin ~ onto . Themeshesareconstrainedo be
topologicallyequialent,i.e., no folding or discontinuities
are permitted. Therefore,the nodesin may wander
asfar from asnecessaryaslong asthey do not cause
self-intersection. Furthermorefor simplicity, the meshes
areconstrainedo have frozenborders.

All intermediateframesin the morphsequencare the
productof a 4-stepprocess:

for eachframe do
linearlyinterpolatemesh , between
warp to ;,usingmeshes and
warp to p,usingmeshes and
linearlyinterpolateémage , between; and ;

and

end

Fig. 2 depictsthis process.In the top row of the ®gure,
mesh is shavn deformingto mesh |, producingan
intermediatenesh  for eachframe . Thosemeshesre
usedowarp intoincreasinglydeformedmagesthereby
deforming  from its original stateto those de®nedby
theintermediateneshesTheidenticalprocesss shavn in
reverseorderin the bottomrow of the ®gurewhere is
shavndeformingfromits originalstate. Thepurposeof this
proceduréstomaintainthealignmenbflandmarkdetween

and asthey both deformto someintermediatestate,
producingthe pairsof ;1 and , imagesshawn in the top
andbottomrows, respectiely. Only afterthis alignmentis
maintaineddoesa cross-dissole betweensuccessi pairs
of ;1 and , becomemeaningful,asshavn in the morph
sequencen themiddlerow. Thissequencwasproducedy
applyingtheweights1 75 5 250and0 25 5 751
to the®we imagesin thetop andbottomrows, respectiely,
andaddingthetwo setstogether Thisprocesslemonstrates
thatmorphingis simply a cross-dissole appliedto warped
imagery The importantrole that warping plays hereis
readilyapparenby comparinghemorphsequence Fig. 2
with the cross-dissolgresultin Fig. 1.

The useof meshedor featurespeci®catiofiacilitatesa
straightforwardolutionfor warpgenerationbicubicspline
interpolation. The exampleabore employedCatmull-Rom
splineinterpolationto determinethe correspondencef alll



Figure 2. Mesh warping

pixels. Fant's algorithmwasusedto resampléheimagein
aseparablémplementatiorj4, 14].

2.2.Field Morphing

While meshesppeato beaconvenientmannerof spec-
ifying pairsof featurepoints,they are,however, sometimes
cumbersoméo use. The ®eldmorphingalgorithmdevel-
opedby Beier and Neely [2] at Paci®cDatalmagesgrew
out of the desireto simplify the userinterfaceto handle
correspondencby meansof line pairs. A pair of corre-
spondinglines in the sourceand target imagesde®nesa
coordinatenappingbetweerthetwo images.In additionto
the straightforwardcorrespondencprovidedfor all points
alongthelines,the mappingof pointsin thevicinity of the
line canbedeterminedytheirdistancdromtheline. Since
multiple line pairsareusuallygiven,the displacementf a
pointin thesourceimageis actuallya weightedsumof the
mappingdueto eachline pair, with the weightsattributed
to distanceandline length.

This approachhasthe bene®bf beingmore expressie
thanmeshwarping. For example,ratherthanrequiringthe
correspondencpoints of Fig. 2 to all lie on a mesh,line
pairscanbedravn alongthe mouth,nose gyes,andcheeks

of thesourceandtargetimages.Thereforeonly key feature
pointsneedbegiven.

Althoughthisapproaclsimpli®eshespeci®catioof fea-
ture correspondencéd, complicatesvarp generation.This
is dueto thefact thatall line pairsmustbe considerede-
forethemappingof eachsourcepointis known. Thisglobal
algorithmis slower than meshwarping, which usesbicu-
bic interpolationto determinghe mappingof all pointsnot
lying on the mesh. A more seriousdif®culty though,is
that unexpecteddisplacementsnay be generatedfter the
in"uence of all line pairsare consideredat a single point.
Additionalline pairsmustsometime®esuppliedto counter
the ill-effectsof a previous set. In the handsof talented
animators,though,the meshwarping and ®eld morphing
algorithmshave both beenusedto producestartlingvisual
effects.

2.3.Radial BasisFunctions/ Thin Plate Splines

The mostgeneralform of featurespeci®catiompermits
thefeatureprimitivesto consistof points,lines,andcurves.
Sincelinesandcurvescanbe pointsampledit is suf®cient
to considetthefeaturesonanimageto bespeci®edy a set
of points. In thatcasethe - and -component®f awarp



canbe derivedby constructinghe surfaceghatinterpolate
scatteregpoints. Consideffor example, featurepoints

labeled in the sourceimageand in the

targetimage,wherel . Deriving warpfunctions

thatmappointsfrom the targetimageto the sourceimage

is equivalentto determiningwo smoothsurfaces:onethat

passeshroughpoints andtheotherthatpasses
through for 1 .

This formulationpermitsusto drav upona large body
of work on scatteredlatainterpolationto addresghe warp
generatiorproblem. All subsequenmorphingalgorithms
have facilitatedgenerafeaturespeci®catioby appealingo
scatteredlatainterpolation.

Warp generationby this approachwas extensvely sur
veyedin [11, 14]. Recentlytwo similarmethodswvereinde-
pendentlyproposedisingthethin platesurfacenodel[6, 9].
Anothermethodusingradialbasisfunctionswasdescribed
in [1]. Thesetechniquegyeneratesmoothwarpsthat ex-
actly re” ect thefeaturecorrespondencerurthermorethey
offer the mostgeneralform of featurespeci®catiorsince
ary primitive (e.g., spline curves) may be sampledinto a
setof points. ElasticReality acommercialmorphingpack-
agefrom Avid Technology usescurvesto enhancdeature
speci®cation.Their warp generatiormethod,however, is
unpublished.

2.4.Energy Minimization

All of themethodsdescribedbose do notguarante¢he
one-to-ongropertyof thegeneratedvarpfunctions.When
awarpis appliedto animage,the one-to-ongropertypre-
ventsthe warpedimagefrom folding backuponitself. An
enegy minimizationmethochasbeenproposedor deriving
one-to-onewarp functionsin [7]. Thatmethodallows ex-
tensvefeaturespeci®catioprimitivessuchaspoints,poly-
lines,andcurves. Internally, all primitivesaresampledand
reducedto a collection of points. Thesepoints are then
usedto generatea warp, interpretedas a 2D deformation
of a rectangulamplate. A deformationtechniqueis pro-
videdto derive !-continuousandone-to-onewarpsfrom
the positionalconstraints.Therequirement$or awarpare
representedy enegy termsand satis®edy minimizing
their sum. The techniquegeneratesaturalwarpssinceit
is basedon physicallymeaningfulenegy terms. The per
formanceof thatmethod however, is hamperedy its high
computationatost.

2.5.Multile vel Free-Form Deformation

A new warpgeneratiormethodwaspresentedh [8] that
ismuchsimplerandfasterthantherelatedenegy minimiza-
tionmethodn [7]. Largeperformancgainsareachiezedby
applyingmultilevel free-formdeformation(MFFD) across

a hierarchyof control latticesto generateone-to-oneand

2-continuousvarpfunction. In particular warpswerede-
rivedfrom positionalconstraintdy introducingthe MFFD
asanextensiorto free-formdeformatio(FFD)[12]. Inthat
paperthe bivariatecubic B-splinetensorproductwasused
to de®neheFFDfunction. A new directmanipulatiortech-
niquefor FFD, basedon 2D B-splineapproximationwas
appliedto ahierarchyof controllatticesto exactly satisfythe
positionalconstraintsTo guarante¢heone-to-ongroperty
of awarp,asuf®cientconditionfor a 2D cubicB-splinesur
faceto be one-to-onevaspresentedThe MFFD generates

2-continuousandone-to-onevarpswhichyield “uid im-
agedistortions. The MFFD algorithmwascombinedwith
theenegy minimizationmethodof [7] in ahybridapproach.

An exampleof MFFD-basednorphingis givenin Fig. 3.

Noticethatthemorphsequencshavn in themiddlerow of
the®gurds virtually identicalto thatproducedisingmesh
warpingin Fig. 2. Thebene®bf this approachhowever, is
thatfeaturespeci®catiolis more expressve andlesscum-
bersome Ratherthaneditinga mesh,a smallsetof feature
primitivesare speci®ed.To further assistthe user snakes
areintroducedo reducethe burdenof featurespeci®cation.
Snakesare enegy minimizing splinesthatmove underthe
in"uence of imageand constraintforces. They were ®rst
adoptedn computewision asanactive contourmodel[5].
Snakesstreamlinefeaturespeci®catiolbecauseprimitives
mustonly bepositionecthearthefeatures.Imageforcespush
shakegowardsalientedgestherebyre®ningheir ®nalpo-
sitionsandmakingit possibleto capturethe exact position
of afeatureeasilyandprecisely

2.6.Discussion

Theprogressiomf morphingalgorithmshasbeemmarked
by moreexpressie andlesscumbersoméools for feature
speci®cationA signi®canstepbeyond meshesvasmade
possibleby thespeci®catioof line pairsin ®eldmorphing.
Thecomplicationghatthisbroughttowarpgeneratiorhow-
ever, sometimesinderminedheusefulnessf theapproach.
For instancethe methodsometimeslemonstratedndesir
ableartifactsreferredo asghostsdueto thecomputedvarp
function[2]. To countertheseproblemstheuserisrequired
to specifyadditionalline pairs,beyondthe minimal setthat
would otherwisebe warranted.All subsequerdlgorithms,
including thosebasedon radial basisfunctions,thin plate
splines,and enegy minimization,formulatedwarp gener
ation asa scattereddatainterpolationproblemand sought
to improve the quality (smoothnessdf the computedwvarp
function. They do soatrelatively high computationatost.
ThenewestapproachbasedntheMFFD algorithm signif-
icantly improves mattersby acceleratingvarp generation.
The useof snakedurther assistsghe userin reducingthe
burdenof featurespeci®cation.



Figure 3. MFFD-based morphing

3. Transition Control

Transitioncontrol determinegshe rate of warping and
color blending acrossthe morph sequence. If transition
ratesdiffer from partto partin inbetweenimages,more
interestinganimationsare possible.Suchnonuniformtran-
sitionfunctionscandramaticallymprovethevisualcontent.
Note that the examplesshownn thusfar all useda uniform
transitionfunction,wherebythe positionsof the sourcefea-
turessteadilymovedto their correspondingargetpositions
ataconstantate.

Figs.4 and5 shov examplesof the useof uniform and
nonuniformtransition functions, respectrely. The upper
left and lower right imagesof Fig. 4 are the sourceand
target images,respectrely. The featuresusedto de®ne
the warp functionsare shavn overlaid on the two images.
The top and bottom rows depicta uniform transitionrate
appliedto the warping of the sourceand target images,
respectiely. Notice, for instance,that all pointsin the
sourceandtargetimagesare moving at a uniform rate to
their ®nalpositions. Thosetwo rows of warpedimagery
are attenuatedy the sametransitionfunctionsand added
togetheto yield themiddlerow of inbetweerimages.Note

thatgeometricalignmentis maintainecamongthe two sets
of warpedinbetweenmagesbeforecolor blendingmeges
theminto the®nalmorphsequence.

The examplein Fig. 5 demonstrateshe effects of a
nonuniformtransitionfunction appliedto the samesource
andtargetimages.In thisexample atransitionfunctionwas
de®nedhatacceleratedhe deformationof the noseof the
sourcamage,while leaving the shapeof the headintactfor
the ®rsthalf of the sequenceThe deformationof the head
baginsin the middle of the sequencandcontinuedinearly
to the end. The sametransitionfunction wasusedfor the
bottomrow. Notice thatthis useof nonuniformtransition
functionsis responsibléor thedramatidmprovementn the
morphsequence.

Transitioncontrolin mesh-basetechniquess achiered
by assigninga transitioncurve to eachmeshnode. This
provestediousvhencomplicatedneshesreusedo specify
the features. Nishita et al. mentionedthat the transition
behaior canbe controlledby a Bézierfunctionde®nedn
themesh[1Q].

In the enegy minimizationmethod transitionfunctions
areobtainedy selectingasetof pointsonagivenimageand
specifyingatransitioncurvefor eactpoint. Althoughearlier



Figure 4. Uniform metamorphosis

Figure 5. Nonunif orm metamorphosis

morphingalgorithmsgenerallycoupledthe featurespeci®-
cationandtransitioncontrolprimitives this methodpermits
themto bedecoupledThatis, thelocationof transitioncon-
trol primitivesmustnot necessarilycoincidewith thoseof

thefeatures.Thetransitioncurvesdeterminehetransition
behaior of the selecteointsover time. For agiventime,
transitionfunctionsmust have the valuesassignedy the
transitioncurvesat the selectecpoints. Consideringa tran-



Figure 6. Procedural transformation

sition rate asthe vertical distancefrom a plane,transition
functionsarereducedo smoothsurfaceghatinterpolatea
setof scatteredpoints. The thin plate surfacemodel[13]

wasemployedto obtain !-continuoussurfacedor transi-
tion functions.

In the MFFD-basedapproachthe MFFD techniquefor
warp generatiorwas simpli®edand appliedto ef®ciently
generatea 2-continuoussurfacefor deriving transition
functions. The examplesin Figs. 4 and5 were generated
usingthe MFFD-basednorphingalgorithm.

Transitioncurvescanbereplacedwith proceduratransi-
tionfunctiong7, 8]. An exampleisdepictedn Fig.6,where
alinearfunctionvaryingin the vertical directionis applied
to two inputimages.Theresultis a corvincing transforma-
tion in which oneinputimagevariesinto the otherfrom top
to bottom.

4. Futur e Work

Thetraditionalformulationfor imagemorphingconsid-
ersonlytwoinputimagestatime,i.e.,thesourceandtarmget
images. In that case morphingamongmultiple imagesis
understoodo meana seriesof transformationgrom one
imageto another Thislimits any morphedmageto takeon
thefeaturesandcolorsblendedrom justtwo inputimages.
Given the succesf morphingusing this paradigm.,it is
reasonabléo considetthe bene®tpossiblefrom a blendof
morethantwo imagesatatime. For instanceconsiderthe
generatiorof a facial imagethatis to have its eyes, ears,
nose,and pro®lederived from four differentinputimages.
In thiscasemorphingamongmultipleimagess understood
to meana seamlesblendof severalimagesat once.

Despiteheexplosivegrowth of morphingin recentears,
thesubjecbf morphingamongnultipleimageshasbeeme-
glected. In ongoingwork conductedby the authorand his
colleaguesageneraframeavork is beingdevelopedthatex-
tendsthe traditionalimage morphingparadigmappliedto

two images. We formulateeachinput imageto be a ver

tex of aregularconvex polyhedronn 1 -dimensional
spacewhere isthenumberof inputimages.An inbetween
(morphed)imageis consideredo be a pointin the corvex

polyhedron. The barycentriccoordinatef that point de-

terminetheweightsusedto blendtheinputimagesnto the
inbetweerimage.

Morphing amongmultiple imagesis ideally suitedfor
imagecompositionapplicationsvhereelementsare seam-
lessly blendedfrom two or more images. A composite
imageis treatedasa metamorphosisf selectedegionsin
sev/eralinputimages.Theregionsseamlesslplendtogether
with respecto geometryandcolor. In futurework, we will
determinghe extentto which the techniqueproducesigh
guality compositeswith considerablylesseffort thancon-
ventionalimagecompositiontechniquesin thisregard,the
techniquecanbringtoimagecompositiorwhatimagewarp-
ing hasbroughtto cross-dissolg in derving morphing: a
richerandmoresophisticatealassof visualeffectsthatare
achiezedwith intuitiveandminimal userinteraction.

Futurework in morphingwill alsoaddresghe automa-
tion of morphingamondimited classe®f imagesandvideo
sequencegLonsiderlimited, butcommongclassofimages
suchasfacialimages.It shouldbe possibleto usecomputer
visiontechniqueso automaticallyregisterfeatureetween
two images.As theexamplesgivenin Figs.2 and3 demon-
stratefacialimagegsequirefeatureprimitivesto bespeci®ed
alongtheeyes,nose mouth,hair, andpro®le.Model-based
visionshouldbeableto exploit knowledgeabouttherelative
positionof thesefeaturesandautomaticallylocatethemfor
featurespeci®cationf3]. Currently this is an active area
of researchparticularlyfor compressioschemeslesigned
for videoconferencapplications.The sameautomatiorap-
pliesto morphingamongtwo videosequencesyheretime-
varying featuresmust be tracked. Interestedreaderamnay
refer to the recentproceeding®f the 1995 IEEE Interna-
tional Conferenceon ImageProcessingWashingtonD.C)



for several paperson facial image processingand motion
tracking. Thesepaperspravide a good descriptionof the
state-of-the-araswell asfuture directionsfor thesechal-
lengingproblems.

5. Conclusions

This paperhasreviewed the growth of imagemorphing
anddescribedecentadvancesn the®eld. Morphingalgo-
rithms all sharethe following components:featurespeci-
®cationwarp generationandtransitioncontrol. The ease
with which an artist can effectively usemorphingtools is
determinedoy the mannerin which thesecomponentsre
addressedWe comparedrariousmorphingtechniquesin-
cludingthosebasednmeshwarping ®eldmorphingradial
basisunctions thin platesplines.enegy minimization,and
multilevel free-formdeformations.

Theearliesmorphingapproachwvasbasednmeshwvarp-
ing. It wasmotivatedby areasonabltraightforwardnter-
facerequiringmeshedo mark featuresand bicubic spline
interpolationto computewarp functions. The ®eldmor-
phing approachattemptedo simplify featurespeci®cation
with the useof line pairsto selectlandmarks. This added
bene®demandech more computationallyexpensve warp
generationstage. Subsequenmorphingalgorithmshave
soughtto maintainthe useof curvesandpolylinesto select
features. Warp generationhas consequentlpecomefor-
mulatedasa scatteredatainterpolationproblem. Standard
solutionssuchasradialbasidunctionsandthin platesplines
have beendemonstrated.

The newestapproachhasedon multilevel free-formde-
formationshasfurther acceleratedvarp generation. That
sameapproachdemonstratethe useof snakego assisthe
userin placingfeatureprimitives,therebyreducingthe bur-
denin featurespeci®cationSnakesare particularlyuseful
whenfeaturedie alonglargeintensitygradients.

Transitioncontrol determineshe rate of warping and
color blending acrossthe morph sequence. If transition
ratesdiffer from partto partin inbetweenimages,more
interestinganimationsare possible. The sametechniques
usedto computewarp functionsmay be appliedfor transi-
tion controlfunctions therebypropagatinghatinformation
everywhereacrossthe image. Although early morphing
algorithmsgenerallycoupledthe featurespeci®catiomnd
transitioncontrol primitives, more recentalgorithmshave
permittedthemto be decoupled.

Future work includes morphing among multiple im-
ages,and automatingmorphingamonga classof images
(e.g.,facialimages)andvideo sequencesThe latter prob-
lem requiresfeaturesto be trackedacrossediideo frames.
Progressn this areais tied to thatof the motionestimation
researcltommunity

Acknowledgements

Thiswork wassupportedn partby anNSF Presidential
Younglnvestigatolaward (IRI1-9157260)andaPSC-CUNY
grant(RF-666338).The authorwould like to thankSeung-
Yong Lee for valuablediscussionsand help with someof
the®gures.

References

[1] N. Arad, N. Dyn, D. Reisfeld,and Y. Yeshurun. Image
warpingby radialbasisfunctions: Applicationsto facial ex-
pressionsCVGIP:GraphicalModelsandimageProcessng,
56(2):161+172\March1994.

[2] T.BeierandS.Neely. Feature-baseidhagemetamorphosis.
ComputerGraphics(Proc. SIGGRAPH92), 26(2):351£42,
1992.

[3] R.BrunelliandT. Poggio. Facerecognition: Featuresver
sustemplates.|EEE Trans. Pattern Analysisand Machine
Intelligence 15(10):1042+1052,993.

[4] K. M. Fant. A nonaliasingreal-timespatialtransformtech-
nique.l[EEE ComputeiGraphicsandApplications 6(1):71+
80, Januaryl986.

[5] M. Kass,A. Witkin, andD. Terzopoulos.Snakes:Active
contourmodels.Intl. J. of Computeiision, pages321+331,
1988.

[6] S.-Y.Lee,K.-Y.Chwa,J.Hahn,andS.Y. Shin. Imagemor
phingusingdeformablesurfacesProc. ComputeAnimation
'94, pages31+39,1994. IEEE ComputelSocietyPress.

[7] S.-Y. Lee, K.-Y. Chwa, J. Hahn,and S. Y. Shin. Image
morphingusing deformationtechniques. J. Misualization
and ComputerAnimation 7(1):3+23,1996.

[8] S.-Y.Lee,K.-Y. Chwa,S.Y. Shin,andG. Wolbelg. Image
metamorphosisising snakesand free-form deformations.
ComputeiGraphics(Proc. SIGGRAPH95),page39+44,
1995.

[9] P Litwinowicz andL. Williams. Animating imageswith
dravings. Computer Graphics (Proc. SIGGRAPH'94),
pagest09+4121994.

[10] T. Nishita, T. Fujii, and E. Nakamae. Metamorphosisis-
ing Bézierclipping. Proc. First Paci®cConf on Computer
Graphicsand Applications pages162+173,1993. Seoul,
Korea,World Scienti®dublishingCo.

[11] D. RuprechtandH. Méller. Imagewarpingwith scattered
datainterpolation. IEEE ComputerGraphicsand Applica-
tions 15(2):37+43March1995.

[12] T. W. Sederbay and S. R. Parry. Free-formdeformation
of solid geometrionodels.ComputerGraphics(Proc. SIG-
GRAPH'86), 20(4):151+1601.986.

[13] D. TerzopoulosMultilevel computationaprocessefor vi-
sualsurfacereconstructionComputeMsion, Graphics and
ImageProcessing24:52+96,1983.

[14] G.Wolbeg. Digital ImageWarping. [IEEEComputeiSociety
Press|.os Alamitos,CA, 1990.



