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Abstract

This paperpresentsa techniquefor adaptingexisting motion of a
human-likecharacterto have thedesiredfeaturesthatarespecified
by asetof constraints.Thisproblemcanbetypically formulatedas
a spacetimeconstraintproblem. Our approachcombinesa hierar-
chicalcurvefitting techniquewith anew inversekinematicssolver.
Usingthekinematicssolver, we canadjusttheconfigurationof an
articulatedfigure to meetthe constraintsin eachframe. Through
thefitting technique,themotiondisplacementof every joint ateach
constrainedframeis interpolatedandthussmoothlypropagatedto
frames.We areableto adaptively addmotiondetailsto satisfythe
constraintswithin aspecifiedtoleranceby adoptingamultilevel B-
splinerepresentationwhich alsoprovidesa speedupfor the inter-
polation. The performanceof our systemis further enhancedby
thenew inversekinematicssolver. We presenta closed-formsolu-
tion to computethe joint anglesof a limb linkage. This analytical
methodgreatlyreducesthe burdenof a numericaloptimizationto
find thesolutionsfor full degreesof freedomof ahuman-likeartic-
ulatedfigure.Wedemonstratethatthetechniquecanbeusedfor re-
targettinga motion to compensatefor geometricvariationscaused
by both charactersand environments. Furthermore,we can also
usethis techniquefor directly manipulatinga motionclip through
agraphicalinterface.

CR Categories: I.3.7 [Computer Graphics]: Three-
dimensionalGraphics—Animation;G.1.2 [Numerical Analysis]:
Approximation—Splineandpiecewisepolynomialapproximation

Keywords: Motion Editing,Motion Adaptation,SpacetimeCon-
straints,HierarchicalTechniques,InverseKinematics

1 Introduction

Animatinghuman-like charactersis a recurringissuein computer
graphics. Recently, motion capturehasbecomeone of the most
promisingtechnologiesin characteranimation. Realisticmotion
datacan be capturedby recordingthe movementof a real actor
with an optical or magneticmotion capturesystem.A motion li-
brary, that is anarchive of reusablemotionclips, is alsocommer-�
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cially available. Much of the recentresearchin motion control
hasbeendevoted to developing variouskinds of editing tools to
producea convincing motion from prerecordedmotion clips. To
reusemotion-captureddata,animatorsoften adaptthemto a dif-
ferent character, i.e., retargettinga motion from onecharacterto
another[13], or to a differentenvironmentto compensatefor geo-
metricvariations[3, 37]. Animatorsalsocombinetwo motionclips
in suchawaythattheendof onemotionis seamlesslyconnectedto
thestartof theother[28].

Thecoreof themotionmanipulationcanbemodeledasaspace-
time constraintproblem[12, 13, 28]. Eachkinematicconstraint
specifiesthedesiredpositionor orientationof anend-effector, such
asa foot anda hand,of anarticulatedfigureat aspecifictime. The
importantfeaturesof the target motion arespecifiedinteractively
asconstraints,andthecapturedmotionis deformedto satisfythose
constraints.

Motion dataconsistof a bundleof motionsignals.Eachsignal
representsa sequenceof sampledvaluesfor eachdegreeof free-
dom. Thosesignalsaresampledat a sequenceof discretetime in-
stanceswith a uniform interval to form a motionclip thatconsists
of a sequenceof frames. In eachframe,the sampledvaluesfrom
the signalsdeterminethe configurationof an articulatedfigure at
that frame, and thus they are relatedto eachother by kinematic
constraints.Thisstructureyieldstwo relationshipsamongsampled
values:inter-frameandintra-framerelationships. Throughtheuse
of an inversekinematicssolver, the intra-framerelationship,that
is, theconfigurationof anarticulatedfigurewithin eachframecan
be adjustedto meetthe kinematicconstraints. However, if each
frame is consideredindependently, then therecould be an unde-
sirablejerkinessbetweenconsecutive frames.Therefore,we have
to take accountof the inter-frame relationshipas well. For this
purpose,we employ the multilevel B-splinefitting technique.We
alsopresentanefficient inversekinematicsalgorithmwhich is used
in conjunctionwith the fitting technique.Our approachis distin-
guishedfrom the work of Gleicher[13] who addressedthe same
problem.Heprovidedaunifiedapproachto fusebothrelationships
into averylargenon-linearoptimizationproblem,whichis cumber-
someto handle.Instead,wedecoupletheprobleminto manageable
subproblemseachof whichcanbesolvedveryefficiently.

Multilevel B-splinefitting techniqueshave beeninvestigatedto
designsmoothsurfaceswhich interpolatescatteredfeatureswithin
a specifiedtolerance[10, 20, 21, 34]. Among them, we extend
the techniquepresentedby Lee et al. [21] for adaptinga motion
to satisfytheconstraintswhich arescatteredover the frames.The
multilevel B-splinesmake useof a coarse-to-finehierarchy of knot
sequencesto generatea seriesof uniform cubic B-spline curves
whosesumapproachesthe desiredfunction. At eachlevel in the
hierarchy, the control points of the B-spline curve are computed
locally with a least-squaresmethodwhich providesan interactive
performance.With this fitting technique,we cannotonly manipu-
latea curve adaptively to satisfya largesetof constraintswithin a
specifiederrortolerance,but alsoedit a curve at any level of detail
to allow an arbitraryportion of the motion to be affectedthrough
direct manipulation. Exploiting thesefavorablepropertiesof the
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multilevel B-splinecurves,we convenientlyderive a hierarchy of
displacement� mapswhichareappliedto theoriginalmotiondatato
obtaina new, smoothlymodifiedmotion.Becauseof thisdisplace-
mentmapping,thedetailcharacteristicsof theoriginal motioncan
bepreserved[3, 37].

Theperformanceof ourapproachis furtherenhancedby ournew
inversekinematicssolver. It is commonplaceto formulatethe in-
versekinematicswith multiple targetsasa constrainednon-linear
optimizationfor whichthecomputationalcostisexpensive[28, 38].
As noticedby Korein andBadler[19], we canfind a closed-form
solutionto theinversekinematicsproblemfor alimb linkagewhich
consistsof threejoints, for example,shoulder-elbow-wrist for the
arm and hip-knee-anklefor the leg. We combinethis analytical
methodwith a numericaloptimizationtechniqueto computethe
solutionsfor full degreesof freedomof a human-like articulated
figure. Our hybrid algorithmenablesusto edit themotionsof a 37
DOFarticulatedfigure,interactively.

Theremainderof thepaperis organizedasfollows. After a re-
view of previousworks,wegiveanintroductionto thedisplacement
mappingandthemultilevel B-splinefitting techniquein Section3.
In Section4, wepresentourmotioneditingtechnique.In Section5,
we describetwo inversekinematicsalgorithms:Oneis designedto
manipulateageneraltree-structuredarticulatedfigureandtheother
is specializedto a human-like figure with limb linkages. In Sec-
tion 6, we demonstratehow our techniquecanbe usedfor inter-
active motion capture-basedanimationwhich includesadaptinga
motionfrom onecharacterto another, fitting a recordedwalk onto
a roughterrainandperformingseamlesstransitionsamongmotion
clips. Finally, weconcludethispaperin Section7.

2 Previous Works

2.1 Motion Editing

Therehavebeenanabundanceof researchresultsto developmotion
editing tools. Bruderlin andWilliams [3] showed that techniques
from the signal processingdomaincan be appliedto manipulat-
ing animatedmotions. They introducedthe ideaof displacement
mappingto altera motionclip. Witkin andPopović [37] presented
a motion warpingtechniquefor the samepurpose.Bruderlin and
Williams alsopresenteda multi-target interpolationwith dynamic
timewarpingto blendtwo motions.Unumaetal. [33] usedFourier
analysistechniquesto interpolateandextrapolatemotiondatain the
frequency domain.Wiley andHahn[35] andGuoandRobergé[14]
investigatedspatialdomaintechniquesto linearly interpolatea set
of examplemotions. Roseet al. [27] adopteda multidimensional
interpolationtechniqueto blendmultiplemotionsall together.

Witkin andKass[36] proposedaspacetimeconstrainttechnique
to producetheoptimalmotionwhichsatisfiesasetof user-specified
constraints.BrotmanandNetravali [2] achieveda similar resultby
employing optimalcontrol techniques.Thespacetimeformulation
leadsto a constrainednon-linearoptimizationproblem.Cohen[5]
developeda spacetimecontrolsystemwhichallowsa userto inter-
actively guidea numericaloptimizationprocessto find anaccept-
ablesolutionin a feasibletime. Liu et al. [22] useda hierarchical
waveletrepresentationto automaticallyaddmotiondetails.Roseet
al. [28] adoptedthis approachto generatea smoothtransitionbe-
tweenmotionclips. Gleicher[12] simplifiedthespacetimeproblem
by removing thephysics-relatedaspectsfrom theobjectivefunction
and constraintsto achieve an interactive performancefor motion
editing.Healsoappliedthis techniquefor motionretargetting[13].

2.2 Hierarchical Curve/Surface Manipulation

Thereis a vastamountof literaturedevotedto investigating hier-
archicalrepresentationsof curvesandsurfaces.Schmittet al. [29]

presentedanadaptivesubdivisionmethodto produceasmoothsur-
facefrom sampleddata. Forsey andBartels[9] introduceda hier-
archicalB-splinerepresentationto enhancesurfacemodelingcapa-
bility. This representationallows detailsto beadaptively addedto
the surfacethroughlocal refinement.They alsoemployed the hi-
erarchicalrepresentationfor fitting a splinesurfaceto the regular
datasampledatgrid points[10]. WelchandWitkin [34] proposeda
variationalapproachto directlymanipulatea B-splinesurfacewith
scatteredfeatures,suchaspointsandcurves.Leeetal. [20, 21] sug-
gestedan efficient methodfor interpolatingscattereddatapoints.
They alsodemonstratedthatimagewarpingapplicationscanbecast
asa surfacefitting problemby adoptingthe ideaof displacement
mapping.Althoughauthorsuseddifferentterms,suchashierarchi-
cal andmultilevel B-splinesurfaces,to refer to their hierarchical
structures,their underlyingideasare the same,that is, a coarse-
to-fine hierarchy of control lattices. Anotherclassof approaches
is due to multiresolutionanalysisand wavelets. Finkelsteinand
Salesin[8] usedB-spline waveletsfor multiresolutionediting of
curves.Many authorshaveinvestigatedmultiresolutionanalysisfor
manipulatingsplinesurfacesandpolygonalmeshes[4, 6, 23,30].

2.3 Inverse Kinematics

Traditionally, inversekinematicssolverscan be divided into two
categories: analytic and numericalsolvers. Most industrial ma-
nipulatorsaredesignedto have analyticsolutionsfor efficient and
robustcontrol.Kahan[16] andPaden[24] independentlydiscussed
methodsto solveaninversekinematicsproblemby reducingit into
a seriesof simplersubproblemswhoseclosed-formsolutionsare
known. KoreinandBadler[19] showedthattheinversekinematics
problemof ahumanarmandleg allowsananalyticsolution.Actual
solutionsarederivedby TolaniandBadler[32].

A numericalmethodreliesonaniterativeprocessto obtainaso-
lution. GirardandMaciejewski [11] addressedthelocomotionof a
leggedfigure usingJacobianmatrix andits pseudoinverse.Koga
et al. [18] madeuseof resultsfrom neurophysiologyto achieve an
“experimentally”good initial guessand thenemployed a numer-
ical procedurefor fine tuning. Zhao andBadler [38] formulated
theinversekinematicsproblemof a humanfigureasa constrained
non-linearoptimizationproblem.Roseetal. [28] extendedthisfor-
mulationto handlevariationalconstraintsthatholdoveraninterval
of motionframes.

3 Preliminary

3.1 Displacement Mapping

The configurationof an articulatedfigure is specifiedby its joint
anglesin additionto the positionandorientationof the root seg-
ment. We will denotethe positionof the root by a 3-dimensional
vectorandtheothersby unit quaternions.It is well-known thatunit
quaternionscanrepresent3-dimensionalorientationssmoothlyand
compactlywithout singularity [31]. This representationcan also
describeahumanjoint conveniently.

A motion is a time-varying function which provides the con-
figurationof an articulatedfigure at a time. We denotea motion
by �
	������	���	����������	��������������� �!	���"$# , where ��	���&%('*) and���+	���,%.-!) describethe translationalandrotationalmotionof the
root segment,and ��/0	���1%2-!) gives the rotationalmotion of the	�3�4
56 -th joint for 798:3;8
< .

A displacementmap (also called a warp function) describes
the differencebetweentwo motions[3, 37]. Gleicher [13] pro-
videda goodexplanationto introducethis techniqueinto a space-
time formulation. In our mathematicalsetting, the displace-
ment map is definedas =�	���>�?�
	���A@B�:CD	��� , where =�	���>�	�E C 	��������������EF�G	���"$# and EF/�	���H%>'I) for JK8.3L8.< . Thus,a new
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motion canbe obtainedby applyingthe displacementmapto the
originalM motionas �
	���I�N� C 	���FO:=�	��� , thatis,PQQQR ����

...� �
S�TTTU � PQQQR ��C���C

...���C
S�TTTU O PQQQR E CEI�

...E �
S�TTTU � PQQQR � C*V E C���CXW�Y[Z 	�EI�+

...� �C W�Y\Z 	�E � 
S�TTTUB] (1)

Here, W�Y[Z 	�E^ denotesa 3-dimensionalrotation about the axis_` _ ` %a'*) by angle bDE�bc%d' . We refer the readersto Kim et
al. [17] for detailsof quaternionalgebraandtheexponentialmap.
With thedisplacementmapping,we areableto dealwith bothpo-
sitionandorientationdatain auniformway; thedisplacementmap
is a homogeneousarrayof 3-dimensionalvectors,while the con-
figurationof anarticulatedfigureis representedasaheterogeneous
arrayof avectorandunit quaternions.

3.2 Multilevel B-spline Approximation

Leeet al. [21] proposeda multilevel B-splineapproximationtech-
nique for fitting a splinesurfaceto scattereddatapoints. In this
section,we give a brief summaryto introducetheir fitting tech-
nique. Sincewe needto manipulatea curve ratherthana surface,
ourderivationfocusesoncurvefitting.

Let ef�ag��h%i'kj J�8N�hlN<km bea domaininterval. Considera
setof scattereddatapoints no�2gp	�� / �0q / �m for � / %
e . To interpo-
late the datapoints,we formulatean approximationfunction r as
a B-splinefunctionwhich is definedover a uniform knot sequence
overlaid on the domain e . The function rs	���t�vu )w�x Czy w 	��{4| �0}\�~[������� wD� � can be describedin termsof its control pointsand
uniformcubicB-splinebasisfunctionsy w , J18B��8f� . Here,~ / is
the 3 -th controlpoint on theknot sequencefor 4,5�8B3�8�< V 5 .
With thisformulation,theproblemof deriving function r is reduced
to thatof finding thecontrolpointsthatbestapproximatethedata
pointsin n .

Sinceeachcontrolpoint ~�� is influencedby thedatapointsin its
neighborhood,we candefinethe proximity set n � ��gp	�� / �0q / �%n�j �h4�798:� / l:� V 76m whichaffect thevalueof ~�� . Simplelinear
algebrausingpseudoinverseprovidesa least-squaressolution~��A� u�� ���$� ���0����� �G�L�/ �$� / �u � ����� ��������� � � �/ � (2)

whichminimizesalocalapproximationerror u�� � � � � � ����� � b rs	�� / D4q / b � . Here, � / �t� y � � � � ��� � � 	�� / 4 | � / }\ comesfrom a B-spline
basisfunction,and � / � � ¡ ���+���¢H£ ¤�¥z¦^§ ¤ � ��� � �����¨��� takesaneffect to pull

thecurve towardadatapoint 	�� / �0q /  .
Thereis a trade-off betweentheshapesmoothnessandaccuracy

of theapproximationfunction. If theknot spacingof theapproxi-
mationfunction is too coarse,it may leave large deviationsat the
datapoints. Conversely, if the function is definedover an exces-
sively fineknotsequence,its shapewouldundulatethroughthedata
points.Multilevel B-splineapproximationusesaseriesof B-spline
functionswith differentknot spacingsto achieve a smoothshape
while accuratelyapproximatinggivendatapointsin n . Thefunc-
tion from thecoarsestknot sequenceprovidesa roughapproxima-
tion, which is further refinedin accuracy by the functionsderived
from subsequentfinerknotsequences.

A multilevel B-splinefunctionis a sumof cubicB-splinefunc-
tions r C ����������rp© which aredefinedover uniform knot sequences
overlaid on domain e . The knot sequencesyield a coarse-to-fine
hierarchy. Without lossof generality, weassumethattheknotspac-
ing of r / is coarserthanthat of r � for any 3�l�� . The multilevel
B-splineapproximationbeginsby determiningthecontrolpointsof

ª �ª �
ª CI« ª � « ª �ª C*« ª �ª C

Figure1: Hierarchicalcurvefitting to scattereddatathroughmulti-
level B-splineapproximationrDC with Equation(2), which servesasa smoothinitial approxima-
tion. r C mayleave a deviation ¬��q / �cq / 4cr C 	�� /  for eachpoint	�� / �0q /  in n . The next finer function r � is usedto approximate
thedifference® � �¯g 	�� / ��¬��q / �m . Then,thesum r CHV r � yields
a smallerdeviation ¬ � q / �dq / 4fr C 	�� / *4fr � 	�� /  for eachpoint	�� / �0q /  . At a level � of thehierarchy, function r w is derivedto ap-
proximate® w ��gp	�� / ��¬ w q / �m where ¬ w q / �&q / 4&u wD� �° x C r ° 	�� /  .
By repeatingthis processto thefinestlevel, we canincrementally
derive thefinal approximationfunction r��±u ©w�x C r w .
4 Hierarchical Motion Editing

4.1 Basic Idea

Giventheoriginal motion � C anda set ² of constraints,our prob-
lem is to derive a smoothdisplacementmap = suchthat a target
motion �³�´� C Oi= satisfiestheconstraintsin ² . Currentmotion
editing techniquesrepresentthe displacementmapasan arrayof
splinecurvesdefinedoveracommonknotsequence[13, 37]. Each
splinecurvegivesthetime-varyingmotiondisplacementof its cor-
respondingjoint. With a finer knot sequence,we canpossiblyfind
asolutionthataccuratelysatisfiesall theconstraintsin ² . However,
wehave to paya highercomputationalcostfor theaccuracy dueto
thefiner knot sequence.Ideally, we wish to determinethedensity
of knotsto yield just enoughshapefreedomfor anexactsolution.
However, the target motion is not known in advanceandthuswe
requirethedisplacementmapwhich allows detailsto beaddedby
adaptively refiningtheknotsequence.

We adoptthehierarchicalstructure[21] reviewedin Section3.2
to performthis adaptive refinement. The multilevel B-splineap-
proximation techniquewas employed to derive a warp function
for imagemorphingandgeometryreconstruction.In our context,
we extend this techniqueto handlemotion data. From the dis-
placementmap = , we deriveaseriesof successively finersubmaps= � ������� ��= © thatgive thecorrespondingseriesof incrementallyre-
finedmotions,� � ������� ��� © .� © �±	�������	"	��:C;O:= � �O
= � �O&����� O
= ©  ] (3)

Here, = w , 5µ8��8�¶ , is representedby anarrayof cubicB-spline
curvesin the 3-dimensionalvectorspace.The componentcurves
of = w are definedover a commonsequence· w of knots that are
uniformly spaced.The knot sequences· w , 5.8v�´8v¶ , form a
coarse-to-finehierarchy. · � is placedon the coarsestlevel in the
hierarchy and·[© is on thefinestlevel. Themotion � � �N� C O¸= �
providesaroughapproximationto atargetmotion,which is further
refinedby applying = � to giveamoreaccurateapproximation� � .By applyingthesubmapsoneby one,we canincrementallyobtain
thefinal motion.Beawarethatit is avery frequentmistake to have
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=´� u ©w�x � = w from anerroneousderivation, that is, to substituteW�Y\Z 	�E �  W�Y[Z 	�E � !����� W�Y[Z 	�E ©  for W�Y[Z 	�E � V E � V ����� V E ©  in Equa-
tion (1) and(3). Thisderivationis not correct,sincethequaternion
multiplicationis notcommutative.

4.2 Constraints

To specifythedesiredfeaturesof thetargetmotion,two categories
of constraintsareemployed:Theonesin thefirst categoryareused
to describeanarticulatedfigure itself, suchasa joint limit andan
anatomicalrelationshipamongjoints. Thosein theothercategory
arefor placingend-effectorsof thefigureatparticularpositionsand
orientationswhich are interactively specifiedby the useror auto-
matically derived from the interactionbetweenthe figure and its
environment. For example,we first specify the contactpoint be-
tweenthefoot andthegroundthroughagraphicalinterfaceandau-
tomaticallymodify thepoint laterin accordancewith thegeometric
variationof theground.We assumethata constraintin eithercate-
gory is definedat a particularinstanceof time. A variationalcon-
straintthatholdsover aninterval of motionframescanberealized
by a sequenceof constraintsfor thetime interval. An orderedpair	����D��¹I�� specifiestheset ¹I� of constraintsat a frame��� .
4.3 Motion Fitting

In order to computea displacementmap, it is necessaryto esti-
matethe motion displacementof eachjoint at every constrained
frame. Thedisplacementof the joint at a particularframeis inter-
polatedby thecorrespondingcomponentcurveof thedisplacement
mapandthussmoothlypropagatedto theneighboringframes.Sup-
posethat we arenow at the � -th level for 5:8º�&8º¶ . At each
constrainedframe � � , our inversekinematicssolver givesthecon-
figuration� �»�

of thecharacter, thatmeetsagivensetof constraints	����D��¹I�� . Sincetheremay exist many possibleconfigurationsthat
satisfyall constraintsin ¹I� , we consistentlychoosetheonethat is
minimally deviated from the motion � wD� � at the previous level.
Thatis, weminimizebD= �»� b �¼ �fb�� �½� @:� w�� � 	����D�b �¼ (4)� �¾ / x C!¿ / bDE / b � �
where= �»� �±	�E C ����������EF�G . Wecancontroltherigidity of anindi-
vidual joint by adjustingits weightvalue.

Combiningthe inversekinematicssolver with the hierarchical
structuregivenin Equation(3),wegivethefollowingmotionfitting
algorithm:

Algorithm 1 Hierarchicalmotionfitting
INPUT : theoriginalmotion � C , theset² of constraints
OUTPUT: anew motion � ©

1: for �µÀ��±5 to ¶ do
2: ®ÁÀ¨�
Â
3: for each 	����D��¹I��*%�² do
4: � � � À�� IK solver	�¹I����� wD� � 	�����"
5: = �»� À¨�N� �½� @i� w�� � 	�����
6: ®ÁÀ¨�
®�Ãt	����D��= �½� 
7: end for
8: Compute= w by curvefitting to ®
9: � w À¨�N� wD� � O
= w

10: end for

This algorithmevaluates= w , 5K8o�Ä8Å¶ , in the coarse-to-fine
order. At eachlevel � in the hierarchy, we computethe motion

Figure2: A live-capturedwalking motion wasinteractively mod-
ified at themiddle framesuchthat thecharacterbentforwardand
loweredthepelvis.Thecharacteris depictedat themodifiedframe.
Therangeof deformationis determinedby thedensityof theknot
sequences.The knots in · � arespacedevery (top) 4, (middle) 6,
and(bottom)12 frames.

displacement= �½� �¯� �½� @c� wD� � 	����� for all 	����D��¹I�� in ² using
the inversekinematicssolver (Seelines 2–7). Here, � w�� � is ei-
ther the original motion ( �
�Æ5 ) or hasbeenalreadyobtainedin
thepreviouslevel ( �1Ç�5 ). Thenewly computeddisplacementsin®È�³gp	����D��= �½� �m areusedas the keyframesfor deriving the dis-
placementmap = w (Seeline 8). Several techniquesare available
for computing= w thatinterpolatesthedisplacements.Onepossible
solutionis to employ an iterative numericalmethodthatmaygive
an optimal solution. However, we choosea curve fitting method
given in Equation(2) to achieve an interactive performance.Our
methodis extremelyfast,sincethesolutioncanbeobtainedanalyt-
ically unlike thenumericalmethodthatnormally requiresa heavy
computationalcostfor iterations.In general,localcurvefitting with
B-splinesmayhaveseveraldrawbacks.Theresultingcurvemaybe
lessaccurateandcouldhaveundulationsbecauseof thelack of the
globalpropagationof a displacement.Fortunately, our hierarchical
structurecan compensatefor suchdrawbacksby globally propa-
gating the displacementat a coarselevel andperformingthe later
tuningatfine levels.

4.4 Knot Spacing

For simplicity, our implementationdoublesthe densityof a knot
sequencefrom onelevel to thenext. Therefore,if · w has 	�< V � 
control points on it, then the next finer knot sequence· w � � will
have 	"7+< V �  controlpoints. Thedensityof a knot sequence· w ,5Ä8É�:8(¶ , determinesthe rangeof influenceof a constrainton
the displacementmap at a level � . This is of great importance
for direct manipulation. For example,considerthe situationthat
we interactively adjusttheconfigurationof anarticulatedfigureby
draggingoneof its segmentsat a certainframethrougha graphi-
cal interface.Theuserinput is interpretedasconstraintswhich are
immediatelyaddedto the setof prescribedconstraints.Then,our
systemsmoothlydeformsa portionof themotionclip aroundthis
modifiedframe. Here,therangeof influenceon themotionclip is
mainlydependentonthespacingof · w . Thelargerspacingbetween
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Figure3: A human-like figure thathasexplicit redundanciesat its
limb linkages

knotsyieldsthewider rangeof deformation(SeeFigure2). There-
fore, the displacementmap = � , that is derived from the coarsest
sequence· � , hasnon-zerovaluesoverthewidestrangeto smoothly
propagatethechangeof themotion.Thesubsequentfinerdisplace-
mentmaps= w , 718Á�¸8Á¶ , performsuccessive tuningsto satisfy
theconstraints.

Thedensityof thefinestknotsequence· © controlstheprecision
of the final motion � © . If · © is sufficiently fine to accommodate
thedistribution of constraintsin the time domain, ��© canexactly
satisfyall constraints.However, our algorithmmay leave a small
deviation for eachconstraintin ² even with several levels in the
hierarchy. In our experiments,we needjust four or five levels for
visuallypleasingresults,thatcanbefurtherenhancedto achievean
exactinterpolationby enforcingeachconstraintindependentlywith
theinversekinematicssolver.

4.5 Initial Guesses

For a spacetimeproblem,a goodinitial guesson thedesiredsolu-
tion is veryimportantto improveboththeconvergenceof numerical
optimizationandthequality of theresult[13]. We obtainaninitial
guessfor motionfitting by shifting thepositionof therootsegment
in theoriginal motion. To motivatethis, considerthewalking mo-
tion that is adaptedto the roughterrainasshown in Figures5 (a)
and(b). Thepositionof astancefoot, thattouchesthesurfaceof the
terrain,is pulledupwardat a smallhill on theterrain,andthusthe
characteris unwantedlyforcedto squat. Even thoughthe inverse
kinematicssolver triesto minimizethedeviation of joint angles,it
cannotpreventthekneebendingcompletely. To reducethisartifact,
wechangethepositionof therootsegmentdueto thechangeof ge-
ometry. Specifically, we displacethe root segmentby theaverage
shift of the contactpositionsat eachframe. The shift of the root
segmentpositionata framecanalsobesmoothlypropagatedto the
neighboringframesusingthemultilevel B-splinefitting method.

5 Inverse Kinematics

The most time consumingcomponentin the motion fitting algo-
rithm is the inversekinematicssolver which is invoked very fre-
quentlyat eachlevel of thefitting hierarchy. Therefore,theoverall
performanceof a hierarchicalfitting critically dependson theper-
formanceof theinversekinematicssolver. Wedescribe,in thissec-
tion, two inversekinematicsalgorithms. In Section5.1, we intro-
ducean inversekinematicsalgorithmfor a generaltree-structured
figurewith sphericaljoints basedon numericaloptimizationtech-
niques.In Section5.2,wepresentafasterspecializedalgorithmfor
a human-like figurewith limb linkages.Thelatteralgorithmcom-
binesthenumericaltechniqueswith ananalyticalmethodillustrated
in Section5.3.

5.1 A Numerical Approach

Our inversekinematicssolver is basedon a constrainednon-linear
optimizationtechniquethat minimizesthe objective function sub-
ject to a set ¹ of constraints.We have anadditionalburdento en-
forcetheunitarinessof eachquaternionparameter�K�±	�Êµ�0q���Ë �0Ì! .
Onepossiblesolutionwould be to augmentthe set ¹ with a new
constraint Ê � V q � V Ë � V Ì � 4Á5o�ÈJ for the unit quater-
nion parameter. We circumvent this extra constraintfrom the ob-
servation that every orientation � can be expressedas a rotationW�Y[Z 	�E^Í%N-!) from a fixed referenceorientation� C %´-!) , that is,�
��� C W�Y\Z 	�E^ . Therefore,we canparameterize	����+���+������� �����G
by a simplevector Î.�d	�qFCD������� �0q )$� � � {%
'*)$� � ) usingthedis-
placement=Ä�±	�E C ����������EF�! from agivenreferenceconfiguration	�� C ��� �C ����������� �C  asfollows:�>�N� C*V E C � and� / �N� /CXW�Y[Z 	�E / �� 598:3;8
<*� (5)

where E / �É	�q )"/ ��q )$/ � � �0q )$/ � �  for J&8�3Ï8�< . Letting the ref-
erenceconfigurationbe � wD� � 	����� in Equation(4), we reducethe
objective functionto a quadraticform of Î . Accordingly, our con-
strainedoptimizationproblemis formulatedasfollows:

minimize rs	�Î�I� 57 Î #FÐ Î^�
subjectto Ñ / 	�ÎFI�:JÒ�Ó3;%�Ô1Õ��Ñ / 	�ÎF*ÇiJÒ�Ó3;%�Ô / �

where Ð is a diagonalmatrix thatdeterminestherigidity of indi-
vidualparametersin Î .

A typical approachto the constrainedoptimizationis to trans-
form the constrainedprobleminto an unconstrainedversionwith
extra parameters(the Lagrangemultipliers) or extra energy terms
(penaltyfunctions).We avoid illegal configurationsby employing
the penaltymethodthat allows us to handlethe equality and in-
equalityconstraintsin a uniform way [25]. Theobjective function
for theunconstrainedversionisÖ 	�ÎFI�frs	�ÎF V ¾/ �\×�Ø � / Ñ / 	�ÎF � V ¾/ �\×�� � / 	½ÙÏÚ¨Û^	�Ñ / 	�ÎF���Js" � � (6)

where� / weightseachindividual constraint.We adopttheconju-
gategradientmethodto minimizethis function[26].

5.2 A Hybrid Approach

Themajordifficulty of solvinganinversekinematicsproblemstems
from theexcessiveDOFsof anarticulatedfigure.A reasonablehu-
manmodelmayhaveabout40DOFsfor computeranimation,while
wespecifymuchfewerconstraintsfor manipulatingthefigure.For
a figureof < DOFs,we canremove Ñ of thoseDOFswith a setofÑ independentconstraintsimposedon it. The remaining 	�<
4�Ñ6
DOFsspanthesolutionspaceof theproblem.

A reduced-coordinateformulationparameterizesthe redundant
DOFswith a reducedsetof 	�<>4¸Ñ6 variables.Oneexplicit redun-
dancy in thehumanbody is the “elbow circle” thatwasfirst men-
tioned in Korein andBadler [19]. Even thoughthe shoulderand
thewrist arefirmly planted,we canstill afford to move theelbow
alonga circle with its axisthroughtheshoulderandthewrist (See
Figure3). The humanfigure hasfour limbs, two from armsand
two from legs.TheredundantDOFfor the 3 -th limb linkagecanbe
parameterizedwith a rotationangleÜ / , 598:3;8:Ý , abouttheaxis.

Without loss of generality, we assumethat the positionsand
orientationsof handsand feet are fixed by constraints. If there
is a free hand or foot, the DOFs in the correspondinglimb
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are left unchanged. Let � �Þ	��I������������� ����ß�����ß � ���������Ò�+���G
be theà configuration of a human-like figure. Its rear part	���ß � ��������� �����G denotestheDOFsfor the limbs andthe fore part	��I��� � ������� �+� ß  doesthe remainingDOFs. Sincethe constraints
restraintheDOFsin thelimb linkages,thereducedsetof parame-
ters 	��I�����+������������ß��0Ü � ������� �0Ü[á� spanall possibleconfigurationsof
thefigureundertheconstraints.

Incorporatingthe idea of reduced-coordinateformulation into
the numericaloptimization framework, we can solve an inverse
kinematicsproblem using a fewer number of optimization pa-
rameters âÎã�ä	�q C ������� ��q )$ß � � �0Ü � ������� �0Ü[á�Å%å'*)$ß � æ . Note
that we have replacedthe rear part of Î with the elbow circle
parametersÜ � ������� �0Ü á for limb linkages. Whenever we evalu-
ate the objective function with new parametersâÎ , the parameters	��I��� � ������� �+� ß  arecomputedfirst by Equation(5), andthenthe
othersfor 	���ß � ���������������G areuniquelydeterminedby ananalyti-
calsolverwhichtakes 	��I��� � ������� ��� ß  andÜ / , 598:3;8iÝ , asinput.
Then,we extracttheunknown part 	�q )$ß � ) ������� �0q )"� � �  of Î from	���ß � ��������� �����G to evaluatetheobjective functionin Equation(6).
Thereduced-coordinateformulationusesafewernumberof param-
etersto yield fasterconvergenceandfewer iterationsto enhancethe
overallperformance.

5.3 Arm and Leg Postures

Consideralimb linkage,for example,anarmlinkage.Startingfrom
an initial configuration,we sequentiallyadjustthe joint anglesfor
the elbow, the shoulderandthe wrist of the arm linkageto place
thehandat thedesiredpositionandorientation.Weassumethatthe
torsoandtheshoulderpositionsaregiven. Let ç � , ç � , è � , è � and é
bedefinedasfollows(SeeFigure4(a)):ç � � thelengthof theupperarm�ç � � thelengthof theforearm�è � � thedistancefrom theelbow rotationaxisto theshoulder�è � � thedistancefrom theelbow rotationaxisto thewrist, andé´� thedistancebetweentheshoulderandthewrist]
To placethewrist at apositiondistantfrom theshoulderby é (See
Figure4(b)), theangle ê betweenupperandlowerarmsis givenbyê��:ë�ì í � �hî ç � � V ç �� V 7Gï ç � � 4¸è �� ï ç �� 4�è �� 4Ké �7+è � è � ð � (7)

asillustratedin theappendix.Then,we bring thewrist to thegoal
positionby adjustingtheshoulderangles(SeeFigure4(c)). In the
subsequentstep,werotatethewrist anglesto coincidewith thegoal
orientation.Onceonefeasiblesolutionis given,theothersolutions
can be obtainedby rotating the elbow aboutthe axis that passes
throughtheshoulderandthewrist positions.Given Ü / , we cande-
terminethearmpostureuniquely(SeeFigure4(d)). Similarly, we
candeterminea leg posture.

If é is longerthanthearmlength,ç � V ç � , theelbow stretchesas
faraspossible.On theotherhand,if é is toosmall,thentheelbow
anglecouldviolate its lower limit andthusis pulledbackinto the
allowable range. In both cases,we cannotplacethe wrist at the
exactpositionandthusthecorrespondingpenaltyfunctionyieldsa
positivevaluefor thegiventorsoconfiguration.

6 Experimental Results

Our humanmodelhas6 DOFsfor thepelvispositionandorienta-
tion, 3 DOFsfor the(eitherrigid or flexible) spine,and7 DOFsfor
eachlimb to yield the total of 37 parametersfor the inversekine-
maticsproblem. Otherparametersfor thehead,the neck,andthe

ñ �
goalposition& orientation

ò �
ó ò �ñ �

ô /
(d) Redundancy

(a) Initial configuration

(c) Shoulder& Wrist rotation

(b) Elbow rotation

õ

Figure4: Theprocessfor adjustingthearmposture

fingersarenot usedfor resolvingkinematicconstraints.Through
the reduced-coordinateformulation, we can remove 6 DOFs for
eachlimb andthuswe have at most13 DOFsto be computedby
a numericaloptimizationmethod.Themotionclips for our experi-
mentshavebeensampledat therateof 30 framespersecond.

Thewalking motionof Figure5(a)is producedby performinga
sequenceof transitionsamongasetof motion-capturedclips,which
include“walk straight”,“turn left”, “turn right”, “start”, and“stop”.
We interactively specify the momentsof heel-strikesandtoe-offs
for themotionclips. This informationis usedfor establishingthe
kinematicconstraintsthat enforcethe foot contactsfor the entire
motion. Theterrainof Figure5(b) is representedasa NURBSsur-
faceof whichcontrolpointsareplacedonaregulargridwith aspac-
ing of 80 % of theheightof thecharacter, andtheir y-coordinates
(heights)arerandomlyperturbedwithin 120 % of the height. To
adaptthemotionontotheroughterrainwith doorways,wefirst ad-
just theconstraintssuchthatthecontactpositionsareshiftedalong
the y-axis to be placedon the terrain,andaddnew constraintsto
bendthecharacterunderthedoorways. Then,we useour motion
fitting algorithmto warpthemotionto satisfytheconstraints.The
original andthe adaptedmotionsaredepictedin Figures5(a) and
5(b), respectively.

The“climbing a rope” examplein Figure5(c) givesconstraints
on bothhandsandfeet. A physically simulatedropeis usedto ex-
plicitly illustratethemomentsof graspingandreleasingtheropeby
a hand,which correspondto theinitiation andtermination,respec-
tively, of a variationalconstraintfor thathand. We adaptthis mo-
tion to adifferentcharacterwith longerlegsandashorterbodyand
arms. For the charactermorphingexampleshown in Figure5(d),
the size of a charactersmoothlychangesto have extremely long
legsanda shortbody, andthento have extremelyshortlegsanda
long body. The original walking motion is warpedto preserve its
uniformstrideagainstthechangeof charactersize.

Ourmotionfitting methodis alsousefulfor generatingasmooth
transitionbetweenmotionclips. Figure5(e)shows the transitions
from walkingto sneakingandfrom sneakingto walking. Thebasic
approachis very similar to the onepresentedby Roseet al. [27]
We seamlesslyconnectthe motion databy fading one out while
fadingthe other in. Over the fadingduration,Hermite interpola-
tion andtime warpingtechniquesareusedto smoothlyblendthe
joint parametersof themotiondata.Sincejoint parameterblending
maycausefoot sliding,weenforcefoot contactconstraintswith the
motionfitting method.
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(e)  Transitions between walking and sneaking

(d)  Character morphing(c)  Climbing a rope for different characters

(b)  The adapted motion for the rough terrain(a)  The original walking motion on the flat ground

Figure5: Examples
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Figure6: Graphicaluserinterface

Table 1 givesa performancesummaryof the examples. Tim-
ing informationis obtainedon a SGI Indigo2workstationwith an
R10000195MHz processor. Theexecutiontime for eachexample
is not only influencedby quantitative factorssuchas the number
of frames,constraintsandparameters,but alsoby qualitative fac-
torssuchasthedifficulty of achieving desiredfeaturesspecifiedby
constraintsandthequality of initial estimates.In particular, well-
choseninitial estimatesprovide greatspeedupsfor mostof exam-
ples. Onepromisingobservation is that both executiontimesand
maximumerrorsrapidly decreaselevel by level. This implies that
theperformanceof our algorithmis not critically dependenton the
errortolerance.In all examples,every constraintis satisfiedwithin
or slightlyover1 % of theheightof thecharacterby thehierarchical
fitting of four levels.A few morelevelsmayresultin a moreaccu-
ratesolution.As shown in experimentaldata,wecananticipatethat
the computationcostfor an additionallevel is muchcheaperthan
thecostfor theprior level.

Our prototypesystemis implementedin C++ on top of X-
windows/MOTIF ö�÷ andOpenInventorö�÷ thatfacilitatesdevelop-
ing interactive 3D userinterfaces.In particular, OpenInventorö�÷
providesconvenienttoolkits to supportdirect manipulationin the
3D space.With this toolkits, ananimatorcaninteractively modify
theposeof a characterby draggingoneof its segments.Our user
interfaceallows theuserto edit a desiredportionof themotionby
adjustingthespacingof knotsover which thedisplacementmapis
defined.SinceweusecubicB-splinesto representthedisplacement
map,thechangeof theposeata framecouldaffect theposesat the
neighboringframescoveredby seven knotsat the currentlevel in
thehierarchy [1, 7].

7 Discussion

In thissection,wecompareourmotionfitting algorithmto thepre-
viousapproachesatseveralviewpoints.

Interpolating splines vs. Multilevel B-splines: An inter-
polatingspline is a possiblechoiceto representthe displacement
map [3, 37]. However, the interpolatingspline could undulate
rapidly for a densedistribution of constraintsso that it often fails
to preservethedetailcharacteristicsof theoriginalmotion.Instead,
we usea seriesof uniform B-splinesthat form a hierarchy of mo-
tion displacements.SinceuniformB-splinesapproximatedifferent

detailsof displacementsaccordingto knot spacings,we areableto
edit the motion at any level of detail; fitting at the coarsestlevel
makesa grossdeformationandthenfine detailsareincrementally
addedat thefiner levels.

Global vs. Local least-squares: Fitting a B-spline curve
to scattereddatapoints can be formulatedas a least-squaresap-
proximation problem for solving an over-determinedor under-
determinedsystemof linearequations[26]. To obtaintheoptimal
solutionin theleast-squaressense,wecanusethepseudoinverseof
a largematrix thataccommodatesthedatapointsall together[15].
However, this globalmethodoftensuffers from over-shootingthat
maygive anundesirablecurve shape.Ironically, the lessaccurate
local methodin Equation(2) is preferredin a hierarchicalframe-
work. Sinceapproximationerrorsat one level are incrementally
canceledout in the later levels, the accuracy at eachlevel is not
critical. This localmethodis muchmoreefficientandlessproneto
over-shootingthantheglobalmethod.

Single large optimization vs. Many small optimizations:
Gleicher[13] castmotionretargettingasa largeoptimizationprob-
lem. Basedon the“divide-and-conquer”strategy, however, wepar-
tition hisoptimizationprobleminto many smallerinversekinemat-
ics optimizationsand thensolve eachof themvery efficiently by
adoptingspecializedtechniquessuchas the hybrid inversekine-
maticssolver. Finally, we combinetheposesat constrainedframes
employing thehierarchicalcurvefitting technique.Thisdivide-and-
conquerapproachprovidesa noticeablespeedupto satisfytheper-
formancerequirementof our interactivemotioneditingsystem.

Limitation of our approach: Ourmotionfitting algorithmre-
quiresadditionalwork to handlean inter-frameconstraintthaten-
forcesthe relationshipamongparametersscatteredover multiple
frames.This kind of constraintsareusedfor avoiding foot sliding
betweentheheel-strike of a foot andits toe-off while allowing the
absolutecoordinatesof thefoot to bealtered.Weaddressthisprob-
lemby incorpolatingtheintra-frameinversekinematicsconstraints
at thoseco-relatedframesinto a larger optimizationproblemthat
includesinter-frameconstraintsamongthoseframesaswell. In the
extremecasewhereall framesare relatedto eachother, this ap-
proachis reducedto Gleicher’s so thatwe have to solve onelarge
optimizationproblemto derive thedisplacementmapat eachlevel
in thehierarchy.

8 Conclusion

Wehavepresentedanew approachto adaptingexistingmotionof a
human-like characterto have desiredfeaturesthatarespecifiedby
a setof constraints.Thekey ideaof our approachis to introducea
hierarchicalmotionrepresentationby whichwecannotonly manip-
ulatea motionadaptively to satisfya largesetof constraintswithin
a specifiederror tolerance,but alsoedit anarbitraryportionof the
motionthroughdirectmanipulation.

The performanceof our algorithmis greatly improved by em-
ploying acurvefitting techniquethatminimizesa localapproxima-
tion error. Thehierarchicalstructurecompensatesfor thepossible
drawbacksof thelocalapproximationmethodbygloballypropagat-
ing thedisplacementatacoarselevel andlatertuningatfine levels.
Furtherperformancegain is achievedby thenew inversekinemat-
ics solver. Our hybrid algorithmperformsmuchfasterthana pure
numericalalgorithm. We alsopresenta simpleyet effective for-
mulationto optimizeorientationparameterswithout yielding extra
constraints.
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Table1: Performancedata.# of parameterscountstheDOFsof acharacterusedfor resolvingkinematicconstraints.A numberin ( ) indicates
thatof reducedparameters.Themaximumerroris measuredin percentagesof theheightof thecharacter.

walkingon roughterrain climbinga rope
# of parameters 20 (8) 37 (13)
# of frames 464 275
# of constraints(exceptjoint limits) 5568 5898
preprocessingtime(CPUsec.) 0.17 0.21
level 1st 2nd 3rd 4th 1st 2nd 3rd 4th
# of frames/knot 16 8 4 2 16 8 4 2
executiontime(CPUsec.) 7 ]ùø J 5 ]�ú û 5 ] � 5 5 ] 5�J ú6]�ø J � ]�ø 5 5 ] �67 J ]�û Jmaximumerror(%) 5�Ý ] �65 ü ] 7�Ý � ] Ýsý 5 ] J ú 5 5 ] Jsü û ]�ø 5 � ]ùø6û 5 ] 5 5

charactermorphing transition
# of parameters 20 (8) 20 (8)
# of frames 62 119
# of constraints(exceptjoint limits) 420 834
preprocessingtime(CPUsec.) 0.02 �
level 1st 2nd 3rd 4th 1st 2nd 3rd 4th
# of frames/knot 16 8 4 2 16 8 4 2
executiontime(CPUsec.) J ] 56ý J ] 5 � J ] Jsü J ] J ú J ] 5 ý J ] 5 ø J ] 5 ø J ] 5�Ýmaximumerror(%) ú\] ü6ý ø6] � ø � ] Jsý 5 ] 5�J û6] 5 û Ý ]�û 5 7 ] 5+Ý J ]�û Ý
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Appendix: Derivation for Equation (7)ò �ñ � þ � þ �ò � óõ ññ �
To identify theanglebetweentheupperandfore arms,we project
thejoint positionsontoa planeperpendicularto theelbow rotation
axis.Then,theprojectionsfor theshoulderandthewrist areplaced
on two concentriccircleswhosecentercoincideswith the projec-
tion for theelbow. Thedistanceè betweentheprojectionsis given
in termsof è � , è � andtheangle ê betweenthem.è � ��è �� V è �� 4�7+è � è � ë�ì6í�ê ]
Letting ÿ � � ï ç �� 4Kè �� and ÿ � � ï ç �� 4¸è �� , respectively, thedis-
tanceé betweentheshoulderandthewrist positionsisé � �±	�ÿ � V ÿ �  � V è ��
ç �� V ç �� V 7�� ç �� 4Kè �� � ç �� 4Kè �� 4Kè �� 4¸è �� V è ��
ç �� V ç �� V 7�� ç �� 4Kè �� � ç �� 4Kè �� 4�7+è � è � ë�ì í�	���è � è �  ]
Therefore,ë�ì í�ê� ° � � � ° �� � ��� ° � � � ß � � � ° �� � ß �� ��� �� ß � ß � ]
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