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Abstract

This paperpresentsa techniquefor adaptingexisting motion of a
human-lile characteto have the desiredfeatureshatarespecified
by asetof constraintsThis problemcanbetypically formulatedas
a spacetimeconstraintproblem. Our approaclcombinesa hierar
chicalcurvefitting techniquewith a new inversekinematicssolver.
Usingthe kinematicssolver, we canadjustthe configurationof an
articulatedfigure to meetthe constraintsn eachframe. Through
thefitting techniquethe motiondisplacemendf everyjoint ateach
constrainedrameis interpolatedandthussmoothlypropagtedto
frames.We areableto adaptvely addmotiondetailsto satisfythe
constraintswithin a specifiecdtoleranceby adoptinga multilevel B-
splinerepresentatiomvhich also providesa speedugor the inter-
polation. The performanceof our systemis further enhancedy
the new inversekinematicssolver. We present closed-formsolu-
tion to computethe joint anglesof a limb linkage. This analytical
methodgreatlyreduceghe burdenof a numericaloptimizationto
find the solutionsfor full degreesof freedomof a human-lile artic-
ulatedfigure. We demonstratéhatthetechniquecanbeusedfor re-
targettinga motionto compensatéor geometricvariationscaused
by both charactersand ervironments. Furthermorewe can also
usethis techniquefor directly manipulatinga motion clip through
agraphicalinterface.

CR Categories: 1.3.7 [Computer Graphics]: Three-
dimensionalGraphics—Animation;G.1.2 [Numerical Analysis]:
Approximation—Splineandpieceavise polynomialapproximation

Keywords. Motion Editing, Motion Adaptation SpacetimeCon-
straints HierarchicalTechniqueslnverseKinematics

1 Introduction

Animating human-like characterss a recurringissuein computer
graphics. Recently motion capturehasbecomeone of the most
promisingtechnologiesn characteranimation. Realisticmotion
datacan be capturedby recordingthe movementof a real actor
with an optical or magneticmotion capturesystem. A motion li-
brary thatis anarchie of reusablemotion clips, is alsocommer
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cially available. Much of the recentresearchin motion control
hasbeendevoted to developing variouskinds of editing tools to
producea corvincing motion from prerecordednotion clips. To
reusemotion-capturediata, animatorsoften adaptthemto a dif-
ferentcharacteri.e., retagettinga motion from one characterto
another{13], or to a differentervironmentto compensatéor geo-
metricvariationg 3, 37]. Animatorsalsocombinetwo motionclips
in suchaway thattheendof onemotionis seamlesslgonnectedo
thestartof the other[28].

Thecoreof themotionmanipulationrcanbemodeledasa space-
time constraintproblem[12, 13, 28]. Eachkinematicconstraint
specifiegshedesiredpositionor orientationof anend-efector, such
asafoot andahand,of anarticulatedfigure at a specifictime. The
importantfeaturesof the target motion are specifiedinteractvely
asconstraintsandthe capturedmotionis deformedo satisfythose
constraints.

Motion dataconsistof a bundle of motion signals. Eachsignal
representa sequencef sampledvaluesfor eachdegreeof free-
dom. Thosesignalsaresampledat a sequencef discretetime in-
stancesith a uniformintenal to form a motionclip thatconsists
of a sequenc®f frames. In eachframe,the sampledvaluesfrom
the signalsdeterminethe configurationof an articulatedfigure at
that frame, and thus they arerelatedto eachother by kinematic
constraintsThis structureyieldstwo relationshipsmongsampled
values:inter-frameandintra-framerelationships Throughthe use
of aninversekinematicssolver, the intra-framerelationship,that
is, the configurationof an articulatedfigure within eachframecan
be adjustedto meetthe kinematicconstraints. However, if each
frame is consideredndependentlythen there could be an unde-
sirablejerkinessbetweenconsecutie frames. Therefore we have
to take accountof the inter-frame relationshipas well. For this
purposewe employ the multilevel B-splinefitting technique.We
alsopresentnefficientinversekinematicsalgorithmwhichis used
in conjunctionwith the fitting technique.Our approachis distin-
guishedfrom the work of Gleicher[13] who addressedhe same
problem.He provideda unifiedapproacho fusebothrelationships
into averylargenon-linearoptimizationproblem whichis cumber
someto handle.Insteadwe decoupleheprobleminto manageable
subproblemgachof which canbe solvedvery efficiently.

Multilevel B-splinefitting techniqueshave beeninvestigatedto
designsmoothsurfaceswhich interpolatescatteredeatureswithin
a specifiedtolerance[10, 20, 21, 34]. Among them, we extend
the techniquepresentedy Lee et al. [21] for adaptinga motion
to satisfythe constraintsvhich arescatteredver the frames. The
multilevel B-splinesmalke useof a coarse-to-findnierarcly of knot
sequences$o generatea seriesof uniform cubic B-spline curves
whosesumapproacheshe desiredfunction. At eachlevel in the
hierarcly, the control points of the B-spline curve are computed
locally with a least-squaremethodwhich providesan interactive
performance With this fitting techniquewe cannotonly manipu-
late a curve adaptvely to satisfya large setof constraintswithin a
specifiederrortoleranceput alsoedita curve at ary level of detail
to allow an arbitraryportion of the motionto be affectedthrough
direct manipulation. Exploiting thesefavorable propertiesof the



multilevel B-spline curves, we corvenientlyderive a hierarcly of

dispkacementapswhich areappliedto the original motiondatato

obtaina new, smoothlymodifiedmotion. Becausef this displace-
mentmappingthe detail characteristicef the original motion can
bepresered[3, 37).

Theperformanc®f ourapproachs furtherenhancedby our new
inversekinematicssolwver. It is commonplaceo formulatethein-
versekinematicswith multiple targetsasa constrainechon-linear
optimizationfor whichthecomputationatostis expensve[28, 38].
As noticedby KoreinandBadler[19], we canfind a closed-form
solutionto theinversekinematicgproblemfor alimb linkagewhich
consistsof threejoints, for example,shoulderelbav-wrist for the
arm and hip-knee-ankldor the leg. We combinethis analytical
methodwith a numericaloptimizationtechniqueto computethe
solutionsfor full degreesof freedomof a human-lile articulated
figure. Our hybrid algorithmenablesusto editthe motionsof a 37
DOF articulatedfigure,interactvely.

The remainderof the paperis organizedasfollows. After are-
view of previousworks,we give anintroductionto thedisplacement
mappingandthe multilevel B-splinefitting techniquen Section3.
In Sectiond, we presenbur motioneditingtechniqueln Sections,
we describewo inversekinematicsalgorithms:Oneis designedo
manipulateageneratree-structuredrticulatedigureandtheother
is specializedo a human-lile figure with limb linkages. In Sec-
tion 6, we demonstratdow our techniquecan be usedfor inter-
active motion capture-basednimationwhich includesadaptinga
motionfrom onecharacteto anotherfitting a recordedwalk onto
aroughterrainandperformingseamlessransitionsamongmotion
clips. Finally, we concludethis paperin Section7.

2 Previous Works

2.1 Motion Editing

Therehave beeranabundancef researchesultso developmotion
editing tools. Bruderlinand Williams [3] shaved thattechniques
from the signal processingdomain can be appliedto manipulat-
ing animatedmotions. They introducedthe ideaof displacement
mappingto alteramotionclip. Witkin andPopwi¢ [37] presented
a motion warpingtechniquefor the samepurpose.Bruderlinand
Williams alsopresented multi-targetinterpolationwith dynamic
time warpingto blendtwo motions.Unumaetal. [33] usedFourier
analysigechnigueso interpolateandextrapolatemotiondatain the
frequeny domain.Wiley andHahn[35] andGuoandRobegé[14]
investigatedspatialdomaintechniquego linearly interpolatea set
of examplemotions. Roseet al. [27] adopteda multidimensional
interpolationtechniqueo blendmultiple motionsall together
Witkin andKass[36] proposed spacetimeonstraintechnique
to producetheoptimalmotionwhich satisfiesa setof userspecified
constraintsBrotmanandNetravali [2] achieved a similar resultby
employing optimal controltechniquesThe spacetimdormulation
leadsto a constrainedon-linearoptimizationproblem.Cohen[5]
developeda spacetimeontrol systemwhich allows a userto inter-
actively guidea numericaloptimizationprocesgo find an accept-
ablesolutionin afeasibletime. Liu etal. [22] useda hierarchical
waveletrepresentatioto automaticallyaddmotiondetails.Roseet
al. [28] adoptedthis approactto generatea smoothtransitionbe-
tweenmotionclips. Gleicher{12] simplifiedthespacetimgroblem
by removing thephysics-relate@dspectsrom theobjectve function
and constraintsto achieve an interactive performanceor motion
editing. He alsoappliedthis techniqugor motionretagetting[13].

2.2 Hierarchical Curve/Surface Manipulation

Thereis a vastamountof literaturedevotedto investigating hier-
archicalrepresentationsf curvesandsurfaces.Schmittetal. [29]

presentednadaptve subdvision methodto producea smoothsur
facefrom sampleddata. Forse/ andBartels[9] introduceda hier
archicalB-splinerepresentatioto enhanceurfacemodelingcapa-
bility. This representatioallows detailsto be adaptvely addedto
the surfacethroughlocal refinement. They alsoemployed the hi-
erarchicalrepresentatioffor fitting a spline surfaceto the regular
datasampledatgrid points[10]. WelchandWitkin [34] proposed
variationalapproacho directly manipulatea B-splinesurfacewith
scatteredeaturessuchaspointsandcurves.Leeetal. [20, 21] sug-
gestedan efficient methodfor interpolatingscattereddatapoints.
They alsodemonstratethatimagewarpingapplicationcanbecast
asa surfacefitting problemby adoptingthe idea of displacement
mapping.Althoughauthorsuseddifferentterms,suchashierarchi-
cal and multilevel B-spline surfaces,to refer to their hierarchical
structurestheir underlyingideasare the same,that is, a coarse-
to-fine hierarcly of control lattices. Anotherclassof approaches
is due to multiresolutionanalysisand wavelets. Finkelsteinand
Salesin[8] usedB-spline waveletsfor multiresolutionediting of
curves.Many authorshave investicatedmultiresolutioranalysigor
manipulatingsplinesurfacesandpolygonalmesheg4, 6, 23, 30].

2.3 Inverse Kinematics

Traditionally, inversekinematicssolvers can be divided into two
categories: analytic and numericalsolves. Most industrial ma-
nipulatorsare designedo have analyticsolutionsfor efficientand
robustcontrol. Kahan[16] andPaden[24] independentlgliscussed
methodgo solve aninversekinematicgproblemby reducingit into
a seriesof simpler subproblemsvhoseclosed-formsolutionsare
known. KoreinandBadler[19] shavedthattheinversekinematics
problemof ahumanarmandleg allows ananalyticsolution.Actual
solutionsarederived by TolaniandBadler[32].

A numericalmethodrelieson aniterative procesgo obtaina so-
lution. GirardandMaciejevski [11] addressethelocomotionof a
leggedfigure using Jacobiammatrix andits pseudanverse. Koga
etal. [18] madeuseof resultsfrom neuroplysiologyto achieze an
“experimentally” good initial guessandthenemplo/ed a numer
ical proceduréfor fine tuning. Zhao and Badler[38] formulated
theinversekinematicsproblemof a humanfigure asa constrained
non-linearoptimizationproblem.Roseetal. [28] extendedhis for-
mulationto handlevariationalconstraintghathold over aninterval
of motionframes.

3 Preliminary

3.1 Displacement Mapping

The configurationof an articulatedfigure is specifiedby its joint
anglesin additionto the position and orientationof the root seg-
ment. We will denotethe positionof the root by a 3-dimensional
vectorandtheothersby unit quaternionsilt is well-known thatunit
quaternionganrepresen8-dimensionabrientationsmoothlyand
compactlywithout singularity [31]. This representatiorcan also
describea humanjoint corveniently

A motion is a time-varying function which provides the con-
figurationof an articulatedfigure at a time. We denotea motion
by m(1) = (p().q'(),--- ,q"(1))", wherep(t) € R® and
q'(t) € S describethe translationabndrotationalmotion of the
root sgment,andq’(t) € S® givesthe rotationalmotion of the
(i — 1)-thjointfor2 <i < mn.

A displacemenimap (also called a warp function) describes
the differencebetweentwo motions[3, 37]. Gleicher[13] pro-
vided a goodexplanationto introducethis techniqueinto a space-
time formulation. In our mathematicalsetting, the displace-
mentmapis definedasd(t) = m(t) © mo(t), whered(t) =
(VO(t),--- ,v™(t))T andvi(t) € R® for 0 < i < n. Thus,anew



motion can be obtainedby applyingthe displacemenmapto the
originalmotionasm(t) = mg(¢t) & d(¢), thatis,

P Po v? po +v°

q as v qg exp(v?)

R S R - . @
q" s v” q; exp(v™)

Here, exp(v) denotesa 3-dimensionalrotation about the axis
™ € R? by angle||v|| € R. We referthe readersto Kim et
al. [17] for detailsof quaternioralgebraandthe exponentialmap.
With the displacemenmapping,we areableto dealwith bothpo-
sition andorientationdatain a uniformway; thedisplacementap
is a homogeneousarray of 3-dimensionalectors,while the con-
figurationof anarticulatedigureis representedsa heterogeneous
arrayof avectorandunit quaternions.

3.2 Multilevel B-spline Approximation

Leeetal. [21] proposeda multilevel B-splineapproximatiortech-
nique for fitting a spline surfaceto scatteredatapoints. In this
section,we give a brief summaryto introducetheir fitting tech-
nique. Sincewe needto manipulatea curve ratherthana surface,
our derivationfocuseson curefitting.

LetQ = {t € R|0 < t < n} beadomaininterval. Considera
setof scatteredlatapoints® = {(t¢;, z;)} for t; € Q. To interpo-
late the datapoints, we formulatean approximatiorfunction f as
a B-splinefunctionwhichis definedover a uniform knot sequence
overlaid on the domainQ. The function f(t) = 333 _, Br(t —
[t])b¢)+x—1 canbe describedn termsof its control points and
uniform cubicB-splinebasisfunctionsBy, 0 < k < 3. Here,b; is
the i-th control point on the knot sequencdor —1 < i < n + 1.
With thisformulation theproblemof deriving function f is reduced
to that of finding the control pointsthat bestapproximatehe data
pointsin P.

Sinceeachcontrolpointb; is influencedby the datapointsin its
neighborhoodwe candefinethe proximity setP; = {(t;, ;) €
Plj — 2 < t; < j+ 2} whichaffectthevalueof b;. Simplelinear
algebrausingpseuddnverseprovidesaleast-squaresolution

2
_ E(fiﬂ?i)epj wijﬂij

b =
J 2
E(ti,zwe??j Wij

)

whichminimizesalocalapproximatiorerroryZ , ., cp. |lf(t:)—
z;]|?. Here,wi; = Bjy1- |4 (ti — [t:]) comesfrom a B-spline

i i = WigTi
basisfunction,and3;; = T Bt takesaneffectto pull

the curve towarda datapoint (¢;, x;).

Thereis atrade-of betweertheshapesmoothnesandaccurayg
of the approximatiorfunction. If the knot spacingof the approxi-
mationfunctionis too coarsejt may leave large deviationsat the
datapoints. Corversely if the functionis definedover an exces-
sively fine knotsequencets shapevould undulatehroughthedata
points.Multilevel B-splineapproximatiorusesa seriesof B-spline
functionswith differentknot spacingso achieze a smoothshape
while accuratelyapproximatinggiven datapointsin . The func-
tion from the coarsesknot sequenc@rovidesa roughapproxima-
tion, which is furtherrefinedin accurag by the functionsderived
from subsequerfiner knot sequences.

A multilevel B-splinefunctionis a sumof cubic B-splinefunc-
tions fo, - -, fr which are definedover uniform knot sequences
overlaid on domain{2. The knot sequencegield a coarse-to-fine
hierarcly. Withoutlossof generalitywe assumehattheknotspac-
ing of f; is coarserthanthatof f; for ary i < j. The multilevel
B-splineapproximatiorbeginsby determininghe controlpointsof
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Figurel: Hierarchicalcurwefitting to scatterediatathroughmulti-
level B-splineapproximation

fo with Equation(2), which senesasa smoothinitial approxima-
tion. fo mayleave adeviation A'x; = a; — fo(t;) for eachpoint

(ti,z;) in P. The next finer function f; is usedto approximate
the differenceD; = {Q(ti,Alxi)}. Then,thesum fo + f1 yields
a smallerdeviation A*x; = x; — fo(t;) — fi(t:) for eachpoint

(ti,z:). At alevel k of the hierarcly, function f, is derivedto ap-
proximateDy, = {(t;, AFx;)} whereAFz; = 2; — S50 fi(t:).

By repeatingthis procesdo the finestlevel, we canincrementally
derive thefinal approximatiorfunction f = ZZ:O Sr-

4 Hierarchical Motion Editing

4.1 Basic ldea

Giventhe original motionm, andasetC of constraintspur prob-
lem is to derive a smoothdisplacemenmapd suchthat a target
motionm = mg @ d satisfiegheconstraintsn C. Currentmotion
editing techniquegepresenthe displacementap as an array of
splinecurvesdefinedoveracommonknotsequencgl3, 37]. Each
splinecurve givesthetime-varyingmotiondisplacemenof its cor
respondingoint. With afiner knot sequenceye canpossiblyfind
asolutionthataccuratelysatisfiesall theconstraintsn C. However,
we have to paya highercomputationatostfor theaccurag dueto
thefiner knot sequenceldeally, we wish to determinethe density
of knotsto yield just enoughshapefreedomfor an exactsolution.
However, the target motionis not known in advanceandthuswe
requirethe displacemenimapwhich allows detailsto be addedby
adaptvely refiningtheknot sequence.

We adoptthe hierarchicaltructureg21] reviewedin Section3.2
to performthis adaptve refinement. The multilevel B-spline ap-
proximation techniquewas employed to derive a warp function
for imagemorphingand geometryreconstruction.In our context,
we extend this techniqueto handlemotion data. From the dis-
placementnapd, we derive a seriesof successiely finer submaps
di,--- ,d thatgive the correspondingeriesof incrementallyre-
finedmotions,my, --- ,my.

my, = (- ((mo ®d1) Bda) @ --- B dp). ©)

Here,dx, 1 < k < h, is representetly anarrayof cubic B-spline
cunesin the 3-dimensionalectorspace. The componenturves
of d, aredefinedover a commonsequencer, of knotsthat are
uniformly spaced. The knot sequencesy, 1 < k < h, forma
coarse-to-finenierarcly. 7, is placedon the coarsestevel in the
hierarcly andry, is onthefinestlevel. Themotionm; = mo $ d,
providesaroughapproximatiorto atargetmotion,whichis further
refinedby applyingd. to give amoreaccurateapproximationms.
By applyingthe submap®neby one,we canincrementallyobtain
thefinal motion. Be awarethatit is a very frequentmistale to have



d = 3F_, di from anerroneouslerivation, thatis, to substitute
exp(vi) exp(va) - - -exp(vy) forexp(vi+va+- - -+vy) in EQua-
tion (1) and(3). Thisderivationis not correct,sincethe quaternion
multiplicationis notcommutatve.

4.2 Constraints

To specifythe desiredfeaturesf thetargetmotion,two cateories
of constraintsareemployed: Theonesin thefirst catgory areused
to describean articulatedfigure itself, suchasa joint limit andan

anatomicakelationshipamongjoints. Thosein the othercateyory

arefor placingend-efectorsof thefigureat particularpositionsand
orientationswhich areinteractvely specifiedby the useror auto-
matically derived from the interactionbetweenthe figure and its

ervironment. For example,we first specify the contactpoint be-
tweenthefoot andthe groundthrougha graphicalinterfaceandau-

tomaticallymodify thepointlaterin accordancavith thegeometric
variationof theground.We assumehata constraintin eithercate-
gory is definedat a particularinstanceof time. A variationalcon-

straintthatholdsover aninterval of motionframescanberealized
by a sequencef constraintdor thetime intenal. An orderedpair

(t;,C;) specifieghesetC; of constraintsataframet;.

4.3 Motion Fitting

In orderto computea displacementnap, it is necessaryo esti-
matethe motion displacemenbf eachjoint at every constrained
frame. The displacementf the joint at a particularframeis inter-
polatedby the correspondingomponentune of thedisplacement
mapandthussmoothlypropagtedto theneighboringrames.Sup-
posethatwe arenow at the k-th level for 1 < k < h. At each
constrainedramet;, our inversekinematicssolver givesthe con-
figurationm® of thecharacterthatmeetsagivensetof constraints
(t;,C;). Sincetheremay exist mary possibleconfigurationghat
satisfyall constraintsn C;, we consistentlychoosethe onethatis
minimally deviated from the motion my_, at the previous level.
Thatis, we minimize

[d |5 = [m" & my—1(t;)]2 @)
n .
= aillvI%
1=0
0

whered® = (v°,--- ,v™). We cancontroltherigidity of anindi-
vidualjoint by adjustingits weightvalue.

Combiningthe inversekinematicssolver with the hierarchical
structuregivenin Equation(3), we give thefollowing motionfitting
algorithm:

Algorithm 1 Hierarchicalmotionfitting

INPUT : theoriginal motionmy, thesetC of constraints
OUTPUT: anen motionmy,

1: for k:=1tohdo

2 D=0

3:  for each (¢;,C;) € Cdo

4 m'i = IK_soher(C;, my_1(t;))
5: d% :=m" ©my_i(t;)

6: D:=DuU (t;,d%)
7

8

9
10:

end for

Computed,. by cunefitting to D
Domy i=my_1 bdg
end for

This algorithmevaluatesd,, 1 < k < h, in the coarse-to-fine
order At eachlevel k in the hierarcly, we computethe motion
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Figure2: A live-capturedvalking motion wasinteractizely mod-
ified at the middle frame suchthatthe characteibentforward and
loweredthepelvis. Thecharacteis depictecatthemodifiedframe.
Therangeof deformationis determinedy the densityof the knot
sequencesTheknotsin 7, arespacedevery (top) 4, (middle) 6,
and(bottom)12 frames.

displacementl’” = m' © my_1(t;) for all (¢;,C;) in C using
the inversekinematicssolver (Seelines 2—7). Here,my_; is ei-

therthe original motion (k = 1) or hasbeenalreadyobtainedin

thepreviouslevel (k > 1). Thenewly computeddisplacements

D = {(t;,d%)} areusedasthe keyframesfor derving the dis-
placementmap d(Seeline 8). Several techniquesare available
for computingd, thatinterpolateshedisplacementfOnepossible
solutionis to employ aniterative numericalmethodthat may give
an optimal solution. However, we choosea curwe fitting method
givenin Equation(2) to achieve an interactive performance.Our
methodis extremelyfast,sincethe solutioncanbe obtainedanalyt-
ically unlike the numericalmethodthat normally requiresa heary

computationatostfor iterations.In generaljocal curvefitting with

B-splinesmayhave severaldravbacks.Theresultingcurve maybe
lessaccurateandcould have undulationdecaus®f thelack of the
globalpropagtionof adisplacementFortunately our hierarchical
structurecan compensatéor suchdravbacksby globally propa-
gating the displacemenat a coarseevel and performingthe later
tuningatfine levels.

4.4 Knot Spacing

For simplicity, our implementationdoublesthe densityof a knot
sequencdrom onelevel to the next. Therefore|f 7, has(n + 3)
control points on it, thenthe next finer knot sequencery1 will
have (2n + 3) control points. The densityof a knot sequencer,
1 < k < h, determineghe rangeof influenceof a constrainton
the displacemenmmap at a level k. This is of greatimportance
for direct manipulation. For example,considerthe situationthat
we interactvely adjustthe configurationof anarticulatedfigure by
draggingone of its sggmentsat a certainframethrougha graphi-
calinterface.Theuserinputis interpretedasconstraintavhich are
immediatelyaddedto the setof prescribedconstraints.Then,our
systemsmoothlydeformsa portion of the motion clip aroundthis
modifiedframe. Here,the rangeof influenceon the motionclip is
mainly dependenonthespacingof 7. Thelargerspacingoetween



Figure3: A human-lile figure thathasexplicit redundanciesat its
limb linkages

knotsyieldsthewider rangeof deformation(SeeFigure2). There-
fore, the displacementnap d;, thatis derived from the coarsest
sequence, hasnon-zerovaluesover thewidestrangeto smoothly
propagtethe changeof themotion. Thesubsequerfiner displace-
mentmapsds, 2 < k < h, performsuccessie tuningsto satisfy
theconstraints.

Thedensityof thefinestknot sequence;, controlstheprecision
of the final motionmy,. If 73 is suficiently fine to accommodate
the distribution of constraintsn thetime domain,m; canexactly
satisfyall constraints.However, our algorithmmay leave a small
deviation for eachconstraintin C even with several levelsin the
hierarcly. In our experimentswe needjust four or five levels for
visually pleasingresults thatcanbefurtherenhancedo achie/e an
exactinterpolationby enforcingeachconstrainindependentlyvith
theinversekinematicssolver.

4.5 |Initial Guesses

For a spacetimeproblem,a goodinitial guesson the desiredsolu-
tionis veryimportantto improve boththecorvergenceof numerical
optimizationandthe quality of theresult[13]. We obtainaninitial
guesdor motionfitting by shifting the positionof theroot segment
in the original motion. To motivatethis, considerthe walking mo-
tion thatis adaptedo the roughterrainasshavn in Figures5 (a)
and(b). Thepositionof astancdoot, thattoucheghesurfaceof the
terrain,is pulledupwardata smallhill ontheterrain,andthusthe
characteiis unwantedlyforcedto squat. Eventhoughtheinverse
kinematicssolver triesto minimize the deviation of joint anglesit
cannotpreventthekneebendingcompletely To reducehis artifact,
we changehe positionof theroot segmentdueto thechangeof ge-
ometry Specifically we displacethe root sggmentby the average
shift of the contactpositionsat eachframe. The shift of the root
segmentpositionat aframecanalsobe smoothlypropagtedto the
neighboringramesusingthe multilevel B-splinefitting method.

5 Inverse Kinematics

The mosttime consumingcomponentin the motion fitting algo-
rithm is the inversekinematicssolver which is invoked very fre-
quentlyat eachlevel of thefitting hierarcly. Thereforethe overall
performanceof a hierarchicalfitting critically dependon the per
formanceof theinversekinematicssolver. We describeijn this sec-
tion, two inversekinematicsalgorithms. In Section5.1, we intro-
duceaninversekinematicsalgorithmfor a generaltree-structured
figure with sphericaljoints basedon numericaloptimizationtech-
niques.In Section5.2,we presentifasterspecializedalgorithmfor
a human-lile figurewith limb linkages.The latter algorithmcom-
binesthenumericatechniquesvith ananalyticalmethodllustrated
in Section5.3.

5.1 A Numerical Approach

Ourinversekinematicssolver is basedon a constrainedon-linear
optimizationtechniquethat minimizesthe objective function sub-
jectto asetC of constraintsWe have anadditionalburdento en-
forcetheunitarines®of eachquaterniorparameteq = (w, x, y, z).
Onepossiblesolutionwould be to augmenthe setC' with a new
constraintw? + x? + y> + 2> — 1 = 0 for the unit quater
nion parameter We circumwentthis extra constraintfrom the ob-
senation that every orientationq can be expressedas a rotation
exp(v) € S* from afixed referenceorientationqy € S®, thatis,

q = qo exp(v). Thereforewe canparameterizép, q*,--- ,q")
by asimplevectorx = (zo,--- , £3n42) € R3 "3 usingthedis-
placemend = (v°,--- ,v™) from agivenreferenceconfiguration

(po,as,--- ,qy) asfollows:

p:pOJFVOa and

qd' =qoexp(v’), 1<i<n, ®)
wherev® = (23:, 23i11, T3i+2) for 0 < i < n. Letting theref-
erenceconfigurationbe my_1 (¢;) in Equation(4), we reducethe
objective functionto a quadraticform of x. Accordingly, our con-
strainedoptimizationproblemis formulatedasfollows:

minimize  f(x) = %xTMx,

subjectto  ¢;(x)

(x) =0, i€ Ne,

ci(x) >0, i€ Ny,

whereM is a diagonalmatrix that determinegherigidity of indi-
vidual parameterfn x.

A typical approacho the constraineptimizationis to trans-
form the constrainecprobleminto an unconstrainedrersionwith
extra parametergthe Lagrangemultipliers) or extra enegy terms
(penaltyfunctions). We avoid illegal configurationsy employing
the penaltymethodthat allows us to handlethe equality and in-
equalityconstraintsn a uniformway [25]. The objectie function

for theunconstrainedersionis

9(x) = F() + 3 wies()? + 3 wilmin(ei(x),0))°, (6)

i€N, iEN;

wherew; weightseachindividual constraint.We adoptthe conju-
gategradientmethodto minimizethis function[26].

5.2 A Hybrid Approach

Themajordifficulty of solvinganinversekinematicgproblemstems
from theexcessie DOFsof anarticulatedfigure. A reasonabléu-
manmodelmayhave about40 DOFsfor computeanimationwhile

we specifymuchfewer constraint§or manipulatinghefigure. For
afigure of n DOFs,we canremaove ¢ of thoseDOFswith a setof

¢ independentonstraintamposedon it. The remaining(n — ¢)

DOFsspanthe solutionspaceof the problem.

A reduced-coordinatlormulation parameterizethe redundant
DOFswith areducedsetof (n — ¢) variables.Oneexplicit redun-
dang in the humanbody is the “elbow circle” thatwasfirst men-
tionedin Koreinand Badler[19]. Eventhoughthe shoulderand
the wrist arefirmly planted,we canstill afford to move the elbow
alonga circle with its axisthroughthe shoulderandthe wrist (See
Figure 3). The humanfigure hasfour limbs, two from armsand
two from legs. TheredundanDOF for thei-th limb linkagecanbe
parameterizedith arotationangled;, 1 < i < 4, aboutthe axis.

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



are left unchanged. Let m = (p,q',---,q",q"™,---,q")
be the configuration of a human-lile figure. Its rear part
(q"t,---,q™) denoteshe DOFsfor the limbs andthe fore part
(p,q",---,q") doesthe remainingDOFs. Sincethe constraints
restrainthe DOFsin thelimb linkages,the reducedsetof parame-
ters(p,q*, -+ ,q", 61, - ,04) spanall possibleconfigurationof
thefigureunderthe constraints.

Incorporatingthe idea of reduced-coordinatéormulation into
the numericaloptimization framevork, we can solve an inverse
kinematics problem using a fewer number of optimization pa-

rametersk = (xo,--- ,23r42,01,---,04) € R*T7. Note
that we have replacedthe rear part of x with the elbow circle
parameterd);,-- -, 04 for limb linkages. Whene&er we evalu-

atethe objective function with new parameters, the parameters
(p,q',---,q") arecomputedfirst by Equation(5), andthenthe
othersfor (q"*,--- ,q™) areuniquelydeterminecby an analyti-
calsolverwhichtakes(p,q*,--- ,q") andé;, 1 < i < 4, asinput.
Then,we extracttheunknawn part(z3,+3, - - - , Z3n+2) Of x from
(q"Tt,---,q™) to evaluatethe objective functionin Equation(6).
Thereduced-coordinafermulationusesafewernumberof param-
etersto yield fastercorvergenceandfewer iterationsto enhancehe
overallperformance.

5.3 Arm and Leg Postures

Considerlimb linkage for example,anarmlinkage. Startingfrom
aninitial configurationwe sequentiallyadjustthe joint anglesfor
the elbow, the shoulderandthe wrist of the arm linkageto place
thehandatthedesiredoositionandorientation.We assuméhatthe
torsoandthe shoulderpositionsaregiven. Let [y, Iz, 1, 2 and L
be definedasfollows (SeeFigure4(a)):

11 = thelengthof theupperarm,

l> = thelengthof theforearm

r1 = thedistancdrom the elbow rotationaxisto the shoulder
ro = thedistancdrom theelbow rotationaxisto thewrist, and
L = thedistancebetweerthe shoulderandthewrist.

To placethewrist at a positiondistantfrom the shouldeby L (See
Figure4(b)),theangle¢ betweerupperandlower armsis givenby

2 2 2./12 — 2 /2_,2_L2
¢_cosl<ll+l2+ B rivlh = , (N

27‘17‘2

asillustratedin the appendix.Then,we bring the wrist to the goal
positionby adjustingthe shoulderangles(SeeFigure4(c)). In the
subsequerdtep werotatethewrist anglego coincidewith thegoal
orientation.Onceonefeasiblesolutionis given,the othersolutions
can be obtainedby rotatingthe elbonv aboutthe axis that passes
throughthe shoulderandthe wrist positions.Given#;, we cande-
terminethe arm postureuniquely (SeeFigure4(d)). Similarly, we
candeterminealeg posture.

If L islongerthanthearmlength,l; + Iz, theelbow stretchess
faraspossible Ontheotherhand,if L istoosmall,thentheelbor
anglecould violateits lower limit andthusis pulled backinto the
allowablerange. In both caseswe cannotplacethe wrist at the
exactpositionandthusthe correspondingenaltyfunctionyieldsa
positive valuefor the giventorsoconfiguration.

6 Experimental Results

Our humanmodelhas6 DOFsfor the pelvis positionandorienta-
tion, 3 DOFsfor the (eitherrigid or flexible) spine,and7 DOFsfor
eachlimb to yield the total of 37 parametersor the inversekine-
maticsproblem. Otherparametersor the head,the neck,andthe

goalposition& orientation

N L

(a) Initial configuration (b) Elbow rotation

(d) Redundang (c) Shoulder& Wrist rotation

Figure4: Theprocesdor adjustingthearmposture

fingersare not usedfor resolvingkinematicconstraints. Through
the reduced-coordinatéormulation, we can remove 6 DOFs for
eachlimb andthuswe have at most13 DOFsto be computedby
anumericaloptimizationmethod.The motionclips for our experi-
mentshave beensampledattherateof 30 framespersecond.

Thewalking motionof Figure5(a)is producedy performinga
sequencef transitionsamongasetof motion-capturedlips, which
include“walk straight”,“turn left”, “turn right”, “start”, and“stop”.
We interactvely specifythe momentsof heel-strilkes andtoe-ofs
for the motion clips. This informationis usedfor establishinghe
kinematicconstraintshat enforcethe foot contactsfor the entire
motion. Theterrainof Figure5(b) is representedsa NURBS sur
faceof whichcontrolpointsareplacedonaregulargrid with aspac-
ing of 80 % of the heightof the characterandtheir y-coordinates
(heights)arerandomlyperturbedwithin 120 % of the height. To
adaptthemotionontotheroughterrainwith doorways,we first ad-
justtheconstraintsuchthatthe contactpositionsareshiftedalong
the y-axisto be placedon the terrain,and add nev constraintg¢o
bendthe characterunderthe doorways. Then,we useour motion
fitting algorithmto warpthe motionto satisfythe constraints.The
original andthe adaptednotionsare depictedin Figures5(a) and
5(b), respectiely.

The“climbing arope” examplein Figure5(c) givesconstraints
on bothhandsandfeet. A physically simulatedropeis usedto ex-
plicitly illustratethemomentof graspingandreleasingheropeby
a hand,which correspondo theinitiation andtermination respec-
tively, of a variationalconstraintfor thathand. We adaptthis mo-
tion to adifferentcharactewith longerlegsanda shorterbodyand
arms. For the charactemorphingexampleshowvn in Figure 5(d),
the size of a charactersmoothlychangego have extremelylong
legsanda shortbody, andthento have extremelyshortlegsanda
long body The original walking motion is warpedto presere its
uniform strideagainstthe changeof charactesize.

Ourmotionfitting methodis alsousefulfor generatinga smooth
transitionbetweermotion clips. Figure5(e) shavs the transitions
from walking to sneakingandfrom sneakingo walking. Thebasic
approachis very similar to the one presentedy Roseet al. [27]
We seamlesslyconnectthe motion databy fading one out while
fadingthe otherin. Over the fading duration,Hermite interpola-
tion andtime warpingtechniquesare usedto smoothlyblendthe
joint parametersf themotiondata.Sincejoint parameteblending
may causdoot sliding, we enforcefoot contactconstraintsvith the
motionfitting method.



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

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

(e) Transitions between walking and sneaking

Figure5: Examples



Figure6: Graphicaluserinterface

Table 1 givesa performancesummaryof the examples. Tim-
ing informationis obtainedon a SGI Indigo2 workstationwith an
R10000195MHz processarTheexecutiontime for eachexample
is not only influencedby quantitatve factorssuchasthe number
of frames,constraintsand parametersbut also by qualitative fac-
torssuchasthedifficulty of achieving desiredfeaturesspecifiedby
constraintsandthe quality of initial estimates.In particular well-
choseninitial estimatesprovide greatspeedup$or mostof exam-
ples. Onepromisingobsenation is that both executiontimesand
maximumerrorsrapidly decreaséevel by level. Thisimpliesthat
the performancef our algorithmis not critically dependenon the
errortoleranceln all examplesgvery constraintis satisfiedwithin
or slightly over1 % of theheightof thecharacteby thehierarchical
fitting of four levels. A few morelevelsmayresultin amoreaccu-
ratesolution.As shavn in experimentablata,we cananticipatethat
the computationcostfor an additionallevel is muchcheapethan
the costfor the prior level.

Our prototype systemis implementedin C++ on top of X-
windows/MOTIF  andOpeninventor thatfacilitatesdevelop-
ing interactve 3D userinterfaces.In particular Openlnventor
provides cornvenienttoolkits to supportdirect manipulationin the
3D space.With this toolkits, ananimatorcaninteractvely modify
the poseof a charactelby draggingoneof its sggments.Our user
interfaceallows the userto edit a desiredportion of the motion by
adjustingthe spacingof knotsover which the displacemeninapis
defined.Sincewe usecubicB-splinesto representhedisplacement
map,the changeof the poseat a framecouldaffect the posesatthe
neighboringframescoveredby seven knotsat the currentlevel in
thehierarcly [1, 7].

7 Discussion

In this sectionwe compareour motionfitting algorithmto the pre-
viousapproacheat severalviewpoints.

Interpolating splines vs. Multilevel B-splines: An inter
polating splineis a possiblechoiceto representhe displacement
map [3, 37]. However, the interpolatingspline could undulate
rapidly for a densedistribution of constraintsso thatit often fails
to preserethedetailcharacteristicsf theoriginalmotion. Instead,
we usea seriesof uniform B-splinesthatform a hierarcly of mo-
tion displacementsSinceuniform B-splinesapproximatedifferent

detailsof displacementaccordingto knot spacingsye areableto
edit the motion at ary level of detail; fitting at the coarsestevel
malesa grossdeformationandthenfine detailsareincrementally
addedatthefinerlevels.

Global vs. Local least-squares: Fitting a B-spline curve
to scattereddata points can be formulatedas a least-squaresp-
proximation problem for solving an over-determinedor under
determinedsystemof linearequationg26]. To obtainthe optimal
solutionin theleast-squaresensewe canusethe pseudanverseof
alarge matrix thataccommodatethe datapointsall together{15].
However, this global methodoften suffers from over-shootingthat
may give 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 accurag at eachlevel is not
critical. Thislocal methodis muchmoreefficientandlessproneto
over-shootingthanthe globalmethod.

Single large optimization vs. Many small optimizations:

Gleicher[13] castmotionretagettingasalarge optimizationprob-
lem. Basedonthe“divide-and-conquerstrateyy, however, we par

tition his optimizationprobleminto mary smallerinversekinemat-
ics optimizationsand then solve eachof themvery efficiently by
adoptingspecializedtechniquessuch as the hybrid inversekine-
maticssolver. Finally, we combinethe posesat constrainedrames
emplg/ingthehierarchicaturvefitting technique Thisdivide-and-
conquerapproactprovidesa noticeablespeeduyio satisfythe per

formancerequiremenof our interactve motioneditingsystem.

Limitation of our approach: Ourmotionfitting algorithmre-
quiresadditionalwork to handlean inter-frameconstrainthat en-
forcesthe relationshipamongparameterscatterecover multiple
frames. This kind of constraintsare usedfor avoiding foot sliding
betweerthe heel-strile of afoot andits toe-of while allowing the
absolutecoordinate®f thefoot to bealtered.We addresshis prob-
lem by incorpolatingtheintra-frameinversekinematicsconstraints
at thoseco-relatedframesinto a larger optimizationproblemthat
includesinter-frameconstraintsamongthoseframesaswell. In the
extreme casewhereall framesare relatedto eachother this ap-
proachis reducedo Gleichers sothatwe have to solve onelarge
optimizationproblemto derive the displacemeninapat eachlevel
in thehierarcly.

8 Conclusion

We have presente@ new approacho adaptingexisting motionof a
human-lite characteto have desiredfeatureshatare specifiedby
a setof constraints The key ideaof our approactis to introducea
hierarchicamotionrepresentatioby whichwe cannotonly manip-
ulatea motionadaptvely to satisfyalarge setof constraintsvithin
a specifiederrortolerancebut alsoedit an arbitraryportion of the
motionthroughdirectmanipulation.

The performanceof our algorithmis greatlyimproved by em-
ploying a curwe fitting techniquehatminimizesalocal approxima-
tion error. The hierarchicalstructurecompensatefor the possible
dravbacksof thelocalapproximatiormethodby globally propagt-
ing thedisplacemend&ta coarsdevel andlatertuningatfine levels.
Furtherperformancegain is achiezed by the new inversekinemat-
ics solver. Our hybrid algorithmperformsmuchfasterthana pure
numericalalgorithm. We also presenta simple yet effective for-
mulationto optimizeorientationparametersvithoutyielding extra
constraints.



Tablel: Performancelata.# of parametersountsthe DOFsof acharacteusedfor resolvingkinematicconstraintsA numberin () indicates

thatof reducedparametersThe maximumerroris measuredh percentagesf the heightof thecharacter

walking onroughterrain climbingarope

# of parameters 20(8) 37(13)
# of frames 464 275
# of constraintgexceptjoint limits) 5568 5898
preprocessingme (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.) 2.0 1. 1.31 | 1.10 .03 1]132]0.0
maximumerror (%) 14.31 24 | 34 1.0 11.0 .1 3. 1.11

charactemorphing transition
# of parameters 20(8) 20(8)
# of frames 62 119
# of constraintgexceptjoint limits) 420 834
preprocessingme (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.) 0.1 0.13 | 0.0 0.0 0.1 0.1 0.1 0.14
maximumerror (%) .3 3.0 1.10 1 4.1]1214 0. 4
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Appendix: Derivation for Equation (7)

To identify the anglebetweerthe upperandfore arms,we project
thejoint positionsontoa planeperpendiculato the elbow rotation
axis. Then,theprojectiondor theshoulderandthewrist areplaced
on two concentriccircleswhosecentercoincideswith the projec-
tion for theelbow. Thedistancer betweerthe projectionss given
in termsof r1, 72 andtheangle¢ betweerthem.

2 2 2
r° =1r] + 13 — 2riracos ¢.

Letting 1 = 4/12 —r? and 2 = /12 — rZ, respectiely, thedis-

tanceL betweerthe shoulderandthewrist positionsis

LP=(1+4 2)*+7r°

=+B+2 22 B—r2 vl 13+
=13+05+2 12—r2 12—72—2rracos( r1r2).
L4l +2 T —r T —r —
Thereforecos ¢ = ~———= 1 " u



