
RecentAdvancesin ImageMor phing
�

GeorgeWolberg

Departmentof ComputerScience
City Collegeof New York / CUNY

New York, NY 10031
wolberg@cs-mail.engr.ccny.cuny. edu

Abstract

Imagemorphinghasbeenthesubjectof much attention
in recentyears.It hasprovento bea powerfulvisualeffects
tool in ®lmandtelevision,depictingthe¯uid transformation
of onedigital imageinto another. This paperreviews the
growth of this ®eldand describesrecentadvancesin im-
agemorphingin termsof threeareas: featurespeci®cation,
warpgenerationmethods,andtransitioncontrol. Thesear-
easrelateto theeaseof useandquality of results.We will
describetheroleof radial basisfunctions,thinplatesplines,
energyminimization,andmultilevelfree-formdeformations
in advancingthe state-of-the-artin imagemorphing. Re-
centworkona generalizedframework for morphingamong
multipleimageswill bedescribed.

1. Intr oduction

Imagemetamorphosishasprovento beapowerful visual
effectstool. Therearenow many breathtakingexamplesin
®lmandtelevisiondepictingthe¯uid transformationof one
digital imageinto another. This process,commonlyknown
asmorphing, is realizedby coupling imagewarpingwith
color interpolation. Imagewarpingapplies2D geometric
transformationsontheimagesto retaingeometricalignment
betweentheirfeatures,whilecolorinterpolationblendstheir
color.

Imagemetamorphosisbetweentwo imagesbeginswith
ananimatorestablishingtheir correspondencewith pairsof
featureprimitives,e.g.,meshnodes,line segments,curves,
or points. Each primitive speci®esan image feature,or
landmark.Thefeaturecorrespondenceis thenusedto com-
putemappingfunctionsthat de®nethe spatialrelationship
betweenall points in both images. Sincemappingfunc-
tionsarecentralto warping,we shallrefer to themaswarp
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functionsin this paper. They will beusedto interpolatethe
positionsof thefeaturesacrossthemorphsequence.Once
both imageshave beenwarpedinto alignmentfor inter-
mediatefeaturepositions,ordinarycolor interpolation(i.e.,
cross-dissolve) is performedto generateinbetweenimages.

Featurespeci®cationis themosttediousaspectof morph-
ing. Althoughthechoiceof allowableprimitivesmayvary,
all morphingapproachesrequirecarefulattentionto thepre-
ciseplacementof primitives.Givenfeaturecorrespondence
constraintsbetweenboth images,a warpfunctionover the
wholeimageplanemustbederived. Thisprocess,whichwe
refer to as warp generation,is essentiallyan interpolation
problem.Anotherinterestingproblemin imagemorphingis
transitioncontrol. If transitionratesareallowedto vary lo-
cally acrossinbetweenimages,moreinterestinganimations
arepossible.

The explosive growth of image morphing is due to
the compellingand aestheticallypleasingeffects possible
throughwarpingandcolor blending. The extent to which
artistsandanimatorscaneffectively usemorphingtools is
directly tied to solutionsto the following threeproblems:
featurespeci®cation,warp generation,and transitioncon-
trol. Together, they in¯uencetheeaseandeffectivenessin
generatinghigh-qualitymetamorphosissequences.Thispa-
perdescribesrecentadvancesin imagemorphingin termsof
their role in addressingthesethreeproblems.Comparisons
aregivenbetweenvariousmorphingtechniques,including
thosebasedonmeshwarping[14], ®eldmorphing[2], radial
basisfunctions[1], thin platesplines[9, 6], energy mini-
mization[7], andmultilevel free-formdeformations[8].

A tradeoff existsbetweenthecomplexity of featurespec-
i®cationandwarpgeneration.As featurespeci®cationbe-
comesmore convenient, warp generationbecomesmore
formidable.Therecentintroductionof splinecurvesto fea-
turespeci®cationraisesa challengeto thewarpgeneration
process,makingit the mostcritical componentof morph-
ing. It in¯uencesthesmoothnessof thetransformationand
dominatesthecomputationalcostof themorphingprocess.
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Figure 1. Cross-dissolve

Weshallcommentonthesetradeoffs anddescribetheir role
in in¯uencing recentprogressin this®eld.

2. Morphing Algorithms

Beforethe developmentof morphing,imagetransitions
weregenerallyachievedthroughtheuseof cross-dissolves,
e.g.,linearinterpolationto fadefrom oneimageto another.
Fig. 1 depictsthis processappliedover ®ve frames. The
resultis poor, owing to thedouble-exposureeffectapparent
in misalignedregions. This problemis particularlyappar-
entin themiddleframe,wherebothinput imagescontribute
equally to the output. Morphing achieves a ¯uid trans-
formationby incorporatingwarpingto maintaingeometric
alignmentthroughoutthecross-dissolveprocess.

In this sectionwe review several morphingalgorithms,
including thosebasedon meshwarping, ®eldmorphing,
radialbasisfunctions,thin platesplines,energy minimiza-
tion, andmultilevel free-formdeformations.This review is
intendedto motivatethe discussionof progressin feature
speci®cation,warpgeneration,andtransitioncontrol.

2.1.MeshWarping

MeshwarpingwaspioneeredatIndustrialLight & Magic
(ILM) by DouglasSmythefor usein the movie Willow in
1988. It hasbeensuccessfullyusedin many subsequent
motionpictures. To illustratethe2-passmeshwarpingal-
gorithm,considertheimagesequenceshown in Fig. 2. The
®ve framesin the middle row representa metamorphosis
(or morph)betweenthe two facesat bothendsof the row.
We will refer to thesetwo imagesas

���

and
���

, thesource
andthe target images,respectively. The sourceimagehas
mesh�

�

associatedwith it thatspeci®esthecoordinatesof
controlpoints,or landmarks.A secondmesh,�

�

, speci®es
their correspondingpositionsin the target image. Meshes

�

�

and �

�

arerespectively shown overlaidon
�

�

and
�

�

in theupperleft andlowerright imagesof the®gure.Notice
that landmarkssuchas the eyes, nose,and lips lie below
correspondinggrid linesin bothmeshes.Together, �

�

and
�

�

areusedto de®nethespatialtransformationthatmaps

all pointsin
���

onto
���

. Themeshesareconstrainedto be
topologicallyequivalent,i.e., no folding or discontinuities
are permitted. Therefore,the nodesin �

�

may wander
asfar from �

�

asnecessary, aslong asthey do not cause
self-intersection.Furthermore,for simplicity, the meshes
areconstrainedto have frozenborders.

All intermediateframesin the morphsequenceare the
productof a 4-stepprocess:

for eachframe � do
linearly interpolatemesh� , between�

�

and �

�

warp
�

�

to
�

1, usingmeshes�

�

and �

warp
���

to
�

2, usingmeshes�

�

and �

linearly interpolateimage
�
	

, between
�

1 and
�

2

end

Fig. 2 depictsthis process.In the top row of the®gure,
mesh �

�

is shown deformingto mesh �

�

, producingan
intermediatemesh� for eachframe � . Thosemeshesare
usedto warp

���

into increasinglydeformedimages,thereby
deforming

���

from its original stateto thosede®nedby
theintermediatemeshes.Theidenticalprocessis shown in
reverseorderin the bottomrow of the ®gure,where

�
�

is
showndeformingfrom itsoriginalstate.Thepurposeof this
procedureistomaintainthealignmentof landmarksbetween

�
�

and
���

asthey bothdeformto someintermediatestate,
producingthe pairsof

�

1 and
�

2 imagesshown in the top
andbottomrows, respectively. Only afterthis alignmentis
maintaineddoesa cross-dissolve betweensuccessive pairs
of

�

1 and
�

2 becomemeaningful,as shown in the morph
sequencein themiddlerow. Thissequencewasproducedby
applyingtheweights � 1 �

 75�

 5 �

 25� 0� and � 0 �

 25�

 5 ��
 75� 1�

to the®ve imagesin thetop andbottomrows, respectively,
andaddingthetwosetstogether. Thisprocessdemonstrates
thatmorphingis simply a cross-dissolve appliedto warped
imagery. The important role that warping plays here is
readilyapparentby comparingthemorphsequencein Fig.2
with thecross-dissolveresultin Fig. 1.

Theuseof meshesfor featurespeci®cationfacilitatesa
straightforwardsolutionfor warpgeneration:bicubicspline
interpolation.Theexampleabove employedCatmull-Rom
splineinterpolationto determinethecorrespondenceof all
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Figure 2. Mesh warping

pixels. Fant's algorithmwasusedto resampletheimagein
a separableimplementation[4, 14].

2.2.Field Morphing

Whilemeshesappearto beaconvenientmannerof spec-
ifying pairsof featurepoints,they are,however, sometimes
cumbersometo use. The ®eldmorphingalgorithmdevel-
opedby Beier andNeely [2] at Paci®cDataImagesgrew
out of the desireto simplify the user interfaceto handle
correspondenceby meansof line pairs. A pair of corre-
spondinglines in the sourceand target imagesde®nesa
coordinatemappingbetweenthetwo images.In additionto
the straightforwardcorrespondenceprovided for all points
alongthe lines,themappingof pointsin thevicinity of the
linecanbedeterminedbytheirdistancefromtheline. Since
multiple line pairsareusuallygiven,thedisplacementof a
point in thesourceimageis actuallya weightedsumof the
mappingsdueto eachline pair, with theweightsattributed
to distanceandline length.

This approachhasthe bene®tof beingmoreexpressive
thanmeshwarping. For example,ratherthanrequiringthe
correspondencepointsof Fig. 2 to all lie on a mesh,line
pairscanbedrawn alongthemouth,nose,eyes,andcheeks

of thesourceandtargetimages.Thereforeonly key feature
pointsneedbegiven.

Althoughthisapproachsimpli®esthespeci®cationof fea-
turecorrespondence,it complicateswarpgeneration.This
is dueto the fact thatall line pairsmustbeconsideredbe-
forethemappingof eachsourcepointis known. Thisglobal
algorithmis slower thanmeshwarping,which usesbicu-
bic interpolationto determinethemappingof all pointsnot
lying on the mesh. A more seriousdif®culty, though, is
that unexpecteddisplacementsmay be generatedafter the
in¯uence of all line pairsareconsideredat a singlepoint.
Additionalline pairsmustsometimesbesuppliedto counter
the ill-ef fectsof a previous set. In the handsof talented
animators,though,the meshwarping and ®eldmorphing
algorithmshave bothbeenusedto producestartlingvisual
effects.

2.3.Radial BasisFunctions/ Thin Plate Splines

The mostgeneralform of featurespeci®cationpermits
thefeatureprimitivesto consistof points,lines,andcurves.
Sincelinesandcurvescanbepointsampled,it is suf®cient
to considerthefeaturesonanimageto bespeci®edby aset
of points. In thatcase,the � - and � -componentsof a warp
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canbederivedby constructingthesurfacesthat interpolate
scatteredpoints. Consider, for example, � featurepoints
labeled ����� �����	� in the sourceimageand � �
� � ���	� in the
target image,where1 �
��� � . Deriving warpfunctions
thatmappointsfrom thetarget imageto thesourceimage
is equivalentto determiningtwo smoothsurfaces:onethat
passesthroughpoints � � � � � � ��� � � andtheotherthatpasses
through � � � � � � ��� � � for 1 ����� � .

This formulationpermitsus to draw upona large body
of work on scattereddatainterpolationto addressthewarp
generationproblem. All subsequentmorphingalgorithms
havefacilitatedgeneralfeaturespeci®cationby appealingto
scattereddatainterpolation.

Warp generationby this approachwasextensively sur-
veyedin [11,14]. Recently, twosimilarmethodswereinde-
pendentlyproposedusingthethinplatesurfacemodel[6, 9].
Anothermethodusingradialbasisfunctionswasdescribed
in [1]. Thesetechniquesgeneratesmoothwarpsthat ex-
actly re¯ect thefeaturecorrespondence.Furthermore,they
offer the mostgeneralform of featurespeci®cationsince
any primitive (e.g.,spline curves) may be sampledinto a
setof points.ElasticReality, acommercialmorphingpack-
agefrom Avid Technology, usescurvesto enhancefeature
speci®cation.Their warp generationmethod,however, is
unpublished.

2.4.Energy Minimization

All of themethodsdescribedabove donotguaranteethe
one-to-onepropertyof thegeneratedwarpfunctions.When
a warpis appliedto animage,theone-to-onepropertypre-
ventsthewarpedimagefrom folding backuponitself. An
energy minimizationmethodhasbeenproposedfor deriving
one-to-onewarp functionsin [7]. Thatmethodallows ex-
tensivefeaturespeci®cationprimitivessuchaspoints,poly-
lines,andcurves. Internally, all primitivesaresampledand
reducedto a collection of points. Thesepoints are then
usedto generatea warp, interpretedas a 2D deformation
of a rectangularplate. A deformationtechniqueis pro-
vided to derive �

1-continuousandone-to-onewarpsfrom
thepositionalconstraints.Therequirementsfor a warpare
representedby energy termsand satis®edby minimizing
their sum. The techniquegeneratesnaturalwarpssinceit
is basedon physicallymeaningfulenergy terms. The per-
formanceof thatmethod,however, is hamperedby its high
computationalcost.

2.5.Multile vel Free-Form Deformation

A new warpgenerationmethodwaspresentedin [8] that
ismuchsimplerandfasterthantherelatedenergy minimiza-
tionmethodin [7]. Largeperformancegainsareachievedby
applyingmultilevel free-formdeformation(MFFD) across

a hierarchyof control latticesto generateone-to-oneand
�

2-continuouswarpfunction. In particular, warpswerede-
rivedfrom positionalconstraintsby introducingtheMFFD
asanextensionto free-formdeformation(FFD)[12]. In that
paper, thebivariatecubicB-splinetensorproductwasused
tode®netheFFDfunction.A new directmanipulationtech-
niquefor FFD, basedon 2D B-splineapproximation,was
appliedtoahierarchyof controllatticestoexactlysatisfythe
positionalconstraints.Toguaranteetheone-to-oneproperty
of awarp,asuf®cientconditionfor a2DcubicB-splinesur-
faceto beone-to-onewaspresented.TheMFFD generates

�

2-continuousandone-to-onewarpswhich yield ¯uid im-
agedistortions. TheMFFD algorithmwascombinedwith
theenergy minimizationmethodof [7] in ahybridapproach.

An exampleof MFFD-basedmorphingis givenin Fig.3.
Noticethatthemorphsequenceshown in themiddlerow of
the®gureis virtually identicalto thatproducedusingmesh
warpingin Fig. 2. Thebene®tof thisapproach,however, is
that featurespeci®cationis moreexpressive andlesscum-
bersome.Ratherthaneditinga mesh,a smallsetof feature
primitivesarespeci®ed.To further assistthe user, snakes
areintroducedto reducetheburdenof featurespeci®cation.
Snakesareenergy minimizing splinesthatmove underthe
in¯uence of imageandconstraintforces. They were®rst
adoptedin computervision asanactive contourmodel[5].
Snakesstreamlinefeaturespeci®cationbecauseprimitives
mustonlybepositionednearthefeatures.Imageforcespush
snakestowardsalientedges,therebyre®ningtheir®nalpo-
sitionsandmakingit possibleto capturetheexactposition
of a featureeasilyandprecisely.

2.6.Discussion

Theprogressionof morphingalgorithmshasbeenmarked
by moreexpressive andlesscumbersometools for feature
speci®cation.A signi®cantstepbeyondmesheswasmade
possibleby thespeci®cationof line pairsin ®eldmorphing.
Thecomplicationsthatthisbroughttowarpgeneration,how-
ever, sometimesunderminedtheusefulnessof theapproach.
For instance,themethodsometimesdemonstratedundesir-
ableartifacts,referredtoasghosts,dueto thecomputedwarp
function[2]. To countertheseproblems,theuseris required
to specifyadditionalline pairs,beyondtheminimalsetthat
would otherwisebewarranted.All subsequentalgorithms,
including thosebasedon radial basisfunctions,thin plate
splines,andenergy minimization,formulatedwarpgener-
ation asa scattereddatainterpolationproblemandsought
to improve thequality (smoothness)of thecomputedwarp
function. They do soat relatively high computationalcost.
Thenewestapproach,basedontheMFFDalgorithm,signif-
icantly improvesmattersby acceleratingwarp generation.
The useof snakesfurther assiststhe userin reducingthe
burdenof featurespeci®cation.
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Figure 3. MFFD-based morphing

3. Transition Control

Transitioncontrol determinesthe rate of warping and
color blendingacrossthe morph sequence. If transition
ratesdiffer from part to part in inbetweenimages,more
interestinganimationsarepossible.Suchnonuniformtran-
sitionfunctionscandramaticallyimprovethevisualcontent.
Note that the examplesshown thus far all useda uniform
transitionfunction,wherebythepositionsof thesourcefea-
turessteadilymovedto theircorrespondingtargetpositions
ata constantrate.

Figs.4 and5 show examplesof the useof uniform and
nonuniformtransitionfunctions,respectively. The upper
left and lower right imagesof Fig. 4 are the sourceand
target images,respectively. The featuresusedto de®ne
the warp functionsareshown overlaid on the two images.
The top andbottomrows depicta uniform transitionrate
applied to the warping of the sourceand target images,
respectively. Notice, for instance,that all points in the
sourceand target imagesaremoving at a uniform rate to
their ®nalpositions. Thosetwo rows of warpedimagery
areattenuatedby the sametransitionfunctionsandadded
togetherto yield themiddlerow of inbetweenimages.Note

thatgeometricalignmentis maintainedamongthetwo sets
of warpedinbetweenimagesbeforecolor blendingmerges
theminto the®nalmorphsequence.

The example in Fig. 5 demonstratesthe effects of a
nonuniformtransitionfunctionappliedto the samesource
andtargetimages.In thisexample,atransitionfunctionwas
de®nedthatacceleratedthedeformationof thenoseof the
sourceimage,while leaving theshapeof theheadintactfor
the®rsthalf of thesequence.Thedeformationof thehead
beginsin themiddleof thesequenceandcontinueslinearly
to the end. The sametransitionfunctionwasusedfor the
bottomrow. Notice that this useof nonuniformtransition
functionsis responsiblefor thedramaticimprovementin the
morphsequence.

Transitioncontrol in mesh-basedtechniquesis achieved
by assigninga transitioncurve to eachmeshnode. This
provestediouswhencomplicatedmeshesareusedtospecify
the features. Nishita et al. mentionedthat the transition
behavior canbecontrolledby a BÂezierfunctionde®nedon
themesh[10].

In theenergy minimizationmethod,transitionfunctions
areobtainedbyselectingasetof pointsonagivenimageand
specifyingatransitioncurvefor eachpoint. Althoughearlier
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Figure 4. Unif orm metamorphosis

Figure 5. Nonunif orm metamorphosis

morphingalgorithmsgenerallycoupledthe featurespeci®-
cationandtransitioncontrolprimitives,thismethodpermits
themtobedecoupled.Thatis, thelocationof transitioncon-
trol primitivesmustnot necessarilycoincidewith thoseof

thefeatures.Thetransitioncurvesdeterminethetransition
behavior of theselectedpointsover time. For a giventime,
transitionfunctionsmust have the valuesassignedby the
transitioncurvesat theselectedpoints. Consideringa tran-
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Figure 6. Procedural transf ormation

sition rateasthe vertical distancefrom a plane,transition
functionsarereducedto smoothsurfacesthat interpolatea
setof scatteredpoints. The thin platesurfacemodel [13]
wasemployedto obtain �

1-continuoussurfacesfor transi-
tion functions.

In the MFFD-basedapproach,theMFFD techniquefor
warp generationwas simpli®edand appliedto ef®ciently
generatea �

2-continuoussurfacefor deriving transition
functions. The examplesin Figs. 4 and5 weregenerated
usingtheMFFD-basedmorphingalgorithm.

Transitioncurvescanbereplacedwith proceduraltransi-
tionfunctions[7,8]. An exampleisdepictedin Fig.6,where
a linearfunctionvaryingin theverticaldirectionis applied
to two input images.Theresultis aconvincing transforma-
tion in whichoneinput imagevariesinto theotherfrom top
to bottom.

4. Futur eWork

Thetraditionalformulationfor imagemorphingconsid-
ersonlytwoinputimagesatatime,i.e.,thesourceandtarget
images. In that case,morphingamongmultiple imagesis
understoodto meana seriesof transformationsfrom one
imageto another. This limits any morphedimageto takeon
thefeaturesandcolorsblendedfrom just two input images.
Given the successof morphingusing this paradigm,it is
reasonableto considerthebene®tspossiblefrom a blendof
morethantwo imagesat a time. For instance,considerthe
generationof a facial imagethat is to have its eyes,ears,
nose,andpro®lederived from four differentinput images.
In thiscase,morphingamongmultipleimagesis understood
to meana seamlessblendof severalimagesat once.

Despitetheexplosivegrowthof morphingin recentyears,
thesubjectof morphingamongmultipleimageshasbeenne-
glected. In ongoingwork conductedby theauthorandhis
colleagues,ageneralframework is beingdevelopedthatex-
tendsthe traditional imagemorphingparadigmappliedto

two images. We formulateeachinput imageto be a ver-
tex of a regularconvex polyhedronin ����� 1� -dimensional
space,where� is thenumberof inputimages.An inbetween
(morphed)imageis consideredto bea point in theconvex
polyhedron. The barycentriccoordinatesof that point de-
terminetheweightsusedto blendtheinput imagesinto the
inbetweenimage.

Morphing amongmultiple imagesis ideally suitedfor
imagecompositionapplicationswhereelementsareseam-
lessly blendedfrom two or more images. A composite
imageis treatedasa metamorphosisof selectedregionsin
severalinputimages.Theregionsseamlesslyblendtogether
with respectto geometryandcolor. In futurework, wewill
determinetheextent to which the techniqueproduceshigh
quality compositeswith considerablylesseffort thancon-
ventionalimagecompositiontechniques.In this regard,the
techniquecanbringto imagecompositionwhatimagewarp-
ing hasbroughtto cross-dissolve in deriving morphing: a
richerandmoresophisticatedclassof visualeffectsthatare
achievedwith intuitiveandminimaluserinteraction.

Futurework in morphingwill alsoaddressthe automa-
tionof morphingamonglimitedclassesof imagesandvideo
sequences.Consideralimited,butcommon,classof images
suchasfacial images.It shouldbepossibleto usecomputer
visiontechniquesto automaticallyregisterfeaturesbetween
two images.As theexamplesgivenin Figs.2 and3 demon-
strate,facialimagesrequirefeatureprimitivestobespeci®ed
alongtheeyes,nose,mouth,hair, andpro®le.Model-based
visionshouldbeabletoexploit knowledgeabouttherelative
positionof thesefeaturesandautomaticallylocatethemfor
featurespeci®cation[3]. Currently, this is an active area
of research,particularlyfor compressionschemesdesigned
for videoconferenceapplications.Thesameautomationap-
pliesto morphingamongtwo videosequences,wheretime-
varying featuresmustbe tracked. Interestedreadersmay
refer to the recentproceedingsof the 1995IEEE Interna-
tional Conferenceon ImageProcessing(Washington,D.C)
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for several paperson facial imageprocessingand motion
tracking. Thesepapersprovide a gooddescriptionof the
state-of-the-artaswell as future directionsfor thesechal-
lengingproblems.

5. Conclusions

This paperhasreviewedthegrowth of imagemorphing
anddescribedrecentadvancesin the®eld.Morphingalgo-
rithms all sharethe following components:featurespeci-
®cation,warpgeneration,andtransitioncontrol. The ease
with which an artist caneffectively usemorphingtools is
determinedby the mannerin which thesecomponentsare
addressed.We comparedvariousmorphingtechniques,in-
cludingthosebasedonmeshwarping,®eldmorphing,radial
basisfunctions,thin platesplines,energy minimization,and
multilevel free-formdeformations.

Theearliestmorphingapproachwasbasedonmeshwarp-
ing. It wasmotivatedby areasonablystraightforwardinter-
facerequiringmeshesto mark featuresandbicubic spline
interpolationto computewarp functions. The ®eldmor-
phingapproachattemptedto simplify featurespeci®cation
with the useof line pairsto selectlandmarks.This added
bene®tdemandeda morecomputationallyexpensive warp
generationstage. Subsequentmorphingalgorithmshave
soughtto maintaintheuseof curvesandpolylinesto select
features. Warp generationhasconsequentlybecomefor-
mulatedasascattereddatainterpolationproblem.Standard
solutionssuchasradialbasisfunctionsandthinplatesplines
have beendemonstrated.

Thenewestapproachbasedon multilevel free-formde-
formationshasfurther acceleratedwarp generation. That
sameapproachdemonstratedtheuseof snakesto assistthe
userin placingfeatureprimitives,therebyreducingthebur-
denin featurespeci®cation.Snakesareparticularlyuseful
whenfeatureslie alonglargeintensitygradients.

Transitioncontrol determinesthe rate of warping and
color blendingacrossthe morph sequence. If transition
ratesdiffer from part to part in inbetweenimages,more
interestinganimationsarepossible. The sametechniques
usedto computewarpfunctionsmaybeappliedfor transi-
tion controlfunctions,therebypropagatingthatinformation
everywhereacrossthe image. Although early morphing
algorithmsgenerallycoupledthe featurespeci®cationand
transitioncontrol primitives,morerecentalgorithmshave
permittedthemto bedecoupled.

Future work includes morphing among multiple im-
ages,and automatingmorphingamonga classof images
(e.g.,facial images)andvideosequences.The latterprob-
lem requiresfeaturesto be trackedacrossedvideo frames.
Progressin this areais tied to thatof themotionestimation
researchcommunity.
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