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Abstract

The useof tensionandrelaxationin the musclesof real creatures
givesriseto nuancednotionthatconveys emotionor intent. Artists
have long exploited knowledge of thisin traditionalanimationand
otherareashput it hasbeenboth overlooked anddifficult to achieve
in physically basedanimation.Therobotically stiff motionthathas
cometo typify physically basedapproachebeliesthe factthatdy-
namicshasmuchto offer in facilitating far more subtlemotionin
which animatorscould freely “shape”a motion. We demonstrate
thattensionandrelaxationcanbe introducedinto joint-level, pos-
ture basedanimation. While we shav that thesemodalitiescan
be efficiently incorporatednto traditional proportional-desiative
control models,we insteadformulate a more flexible and better
behaed model basedon antagonisticcontrol. This approachis
more biomechaically sound,but moreimportantlyit permitsthe
separatiorof stiffnesscontrolfrom positioncontrol,achiezing bet-
ter posturenterpolation pettererrorcontrol,andpassve andactive
dynamics.We introduceeffective mechanismso controlthe shape
of amotionanddescribean animationsystemthatefficiently inte-
gratesrelaxationandtensioncontrolin a physically basedsimula-
tion ervironmert.

CR Categories: 1.3.7 [ComputerGraphics]: ThreeDimensional
GraphicsandRealism—Animation;

Keywords:  Animation, Physically Based Animation, Human
Body Simulation

1 Introduction

Imaginethat one day you are out for a walk throughtown. Just
aheadyouseeadrunkenmanstumbleoutof abar His movements
arelooseanduncontrolledas he staggersdy you. A little further
alongyou passanarmybase.The soldiersaremarching.their ma-
neu\ersaretight andprecise After turningdown a sidestreetyou
seeayounggirl skippingalongthe sidevalk, swingingherarmsin
ahappy dance.Lostfor amoment,you glimpsetoo late out of the
cornerof your eyethesightof asoccerball sailingtowardyou. You
reflexively bracefor impact.

Thesesimple but interestingmovementscreatea wide rangeof
impressions.Their differencegelatelargely to the amountof ten-
sioninvolved in their motions. The drunken manandyoung girl
bothmovedin afree,relaxedmanner Theirmovementsvereloose
andlessconstrainedOnthe otherhand,themarchingsoldiers,and
youasyou bracedor impact,displayedconsiderablynoretension.

Theseobsenationshave not beenlost on traditionalanimators.
RecallDisney’shand-dravn Dumboin which Dumbo’s mothercra-
dles his headwith her trunk. Think aswell of the sadly sagging
unicycle Redin the early Pixar computeraided animationReds
Dream While separatedy morethan45 years(1941and 1987,
respectiely), theremarkablyeffective useof tensionandrelaxation
in impressionisti@nimationsetsa high visual standardor techni-
cal contritutionsto physically basedcharater animation.
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Turning now to realisticmotion synthesismavementin the hu-
manbodyrevolvesaroundthe subtleinterplayof tensionandrelax-
ation. Whenwe arerelaxed, our limbs sway freely undertheinflu-
enceof gravity andexternalforces,looselyguidedby our muscles.
The force from the movementof onelimb will effect the move-
mentof limbs attache to it. Whena personis tense however, their
movements will appea tightly controlledand their posturemore
rigid. Thetransferencef force from alimb’s movementwill have
little effect on neighbouringimbs andtherewill belessevidene
of the effect of gravity in a charactes movemen. Thedifference
betwe@ a loosely moving clown and a preciselymoving soldier
or robotis largely a differencein tensionandrelaxationof various
joints. Moreover, tensionandrelaxationwill vary acrosgoints and
throughoutvariousmovements.

To malke systematigrogresswe mustbe clearerandmorelim-
itedin scope.Ouraimis to provide animatorswith thetoolsneeded
to modeltensionin a charactes bodyin orderto generatea wide
range of expressve animations. Our currentfocus is on “low-
dynamic”behaiours suchasgesturesandpostureadjustmentsal-
thoughthe ideasare applicableto the full rangeof movements.
While admittinga rich repertoireof motion, these“low-dynamic¢
behaioursarenotasmechaniclly constrainedashighly dynamic
behaiour suchasgymnastiomaneuers[7, 22] andfalling[3]. De-
spitethis, dynamicshasanobviousimpacton theexpressie nature
of movemern. Thisis dueto the constaninfluenceon our bodiesof
gravity, momentumandforcetransferencéetweerjoints.

The tensionpresentin a persons$ body effects the trajectories
jointstake duringamaovemaent. A tightly-controlled,or hightension
motionrequiresexerting additionalenegy to overcomethe effects
of gravity andmomentum.Loosermavementswill insteadexhibit
theinfluenceof gravity, momenturmmandforcetransferencéetwesn
joints. Theseeffectsgive themovementsa senseof weightandhelp
createa senseof life in theanimation.

Determiningkinematictrajectoriesghatreflecttensionis a diffi-
cultthougheffective artin traditionalcharacteanimation.Our sys-
tem seeksto usethe physical dynamics,togetherwith the tension
stateof the charactetto determinethe final appropriatelynuaned
joint trajectories This shiftsthework of tediouslyspecifyingajoint
trajectoryto the animationsystem easingthe animationtask. Tra-
ditional physics-basedpproacheso charater animationhave not
capturedensionandrelaxationwell. Proportionalderiative con-
trol hascommonlybeenused.Here,oftenspringconstantarekept
highto minimizejoint errorandimprove positiontracking,but this
approab will oftenleadto stiff lookingmovementunlesshetrajec-
toriesbeingtracked areof very high quality. Alternately the gains
are kept low and position control is imprecise. In our approach,
the dynamicsare usedto help determineappropriatetrajectories,
leadingto morerealisticmovement.

Our approachgeneralizegposecontrol[21]. Poses,jn a man-
ner similar to keyframes,indicatea desiredsetof joint anglesfor
a charater. A posein our systemcaninvolve ary subsetof the
charater'sdeggrees-of-freedorandposesanoverlapin time. Con-
trollersarebuilt out of collectiors of posesandcanincludecycles.
At ary given time, multiple controllerscan be working together
to determinea charactes movements. Animationsare generated



from scriptswhich specify controllersandtheir starttimes. Ani-

matorscantag poseswith transitiontimesandkinematictransition
functionsthat suggesthe interpolationpathfor a DOF, aswell as
tensionparameters.The actualpath taken by a DOF will be de-
terminedby the interplayin the dynamicssimulationof the kine-
matic transitionfunction and the tensionparametes. Positionis

controlledby regulatingthe equilibrium point of the forcesacting
on the characterwhich allows precisegjoint positioning.An antag-
onisticactuatorformulationis usedwhich allows joint tensionto be
freely variedwithout changingthejoint angle.

Our approat hasseveral advantags. Chief amongthem, it al-
lows very straightforvard andflexible control over the amountof
tensionin acharater’sbody Thisis apowerful expressietool that
malesit easierto generateealisticjoint trajectories.Unlike tradi-
tional PD control, the antagoistic formulationdecouplesstiffness
control from positioncontrol. The systemalsoachiezesmorepre-
cisepositioncontrolasthe effect of gravity andexternalforcesare
takeninto accaunt. Flexible controloverthe“shape”or “envelope”
of amovementis provided boththroughtensioncontrolandby al-
lowing kinematictransitionfunctionsto be specifiedwhich guide
the movement. Transitionfunctionsallow for real-timekinematic
previews, which are useful for rapidly designingcontrollers. The
formulationis well suitedfor creatingmovementhatis morerichly
nuancedandrealisticthantraditional physics-base@pproacksto
animation.

This papemproceeddy first presentingelevantbackgroundna-
terial. Equilibrium point control and our antagonistidormulation
arepresentedh somedetail, followedby adiscussiorof how move-
ment“shape”or “envelopé€ is variedin thesystem.Finally, arange
of resultsis presentedwhichincludemodelingposturegestureand
anticipationeffects. Animationsare shovn both for a full body
modelandatorsomodel.

2 Background

2.1 Computer Animation

Ourwork relatesmostcloselyto previouswork doneon handtuned
controllersfor physics-based@nimation. Hodginset al., Wooten
andFaloutsosetal. have presenteguchcontrollersfor variousac-
tivities including running [7], gymnasticq7, 22] and reactingto
falling [3]. Theseworksuseproportionalderivative controlto cal-
culatethe joint torquesrequiredfor the movements.They alsofo-
cuson high level control of highly dynamicactvities. Our work
addressebow to moreeffectively controlthe expressie aspectof
movementsuchastiming, tensionandshape This papereportson
our progresson low-dynamicmotion, namelyfine-grainedphysi-
cally basednotionthatdepend$essonimpulsive controlthancon-
tinuouscontrol. As far we areaware,the modelingof tensionand
relaxationhasnot beendiscussedn previouswork in thisfield.

The useof PD controlis penasie in the literature. Laszlo et
al. usePD controlin which theanimatorinteractizely variesthe set
pointin orderto generatehe animation[13]. ZordanandHodgins
usePD controlto track motion capturedatafor the upperbody of
a charater[24]. They scalethe gains basedon the inertia of the
body part attachedy the joint andusean optimizationmethodto
determingthe bestgainsto tracktheinput data.Onceset,the gains
are locked for the animation. Our systemallows an animatorto
vary gainsthroughouta motion andan animationto achieze more
nuanced:ffects.

Kokkevis et al. take a similar approat to animationas ours,
tracking desiredkinematictrajectorieswith a control systemand
usinga dynamicsimulatorto generatehe final motion[11. They
divide DOFs into primary and secondarygroupsand accuratéy
trackkinematictrajectoriedor theprimaryDOFs,allowing thesec-
ondaryDOFsto move passvely. Our systemtakes a continuum

approab, providing control informationfor all DOFs, but allow-
ing usersto specifyhow closelythetrajectoriesareto befollowed.
Thiscanrangefrom closelytrackingthetrajectoryto allowing fully
passve motion,andall motionsin betwea.

The work of Lamouretand Gascuelis similar to our systemin
thatthey featureroughkinematictrajectoriesthat are loosely fol-
lowed by a control system[12]. The goalsof their work, however,
are synchronizatiorof movements,collision handlingand object
interaction ratherthanexpressve controlof ananimation.

Mataric and collaboratorshave presenteda variety of control
stratgies[15, 14]. For gesturesthey usePD control to achieve
specifiedjoint angles. End effector positioningis achieved using
impedane controlwherethe mechaical impedanceof the endef-
fector is modulatedby varying the torquesat eachof the joints.
They also presenta joint spaceforce field, which is a weighted
combinationof stepandpulsefunctionsmultiplied with individual
force functionsthat are similar to PD control for small gain, but
dropoff for largererrors.

Chietal. provide akinematicsystenthatallowsthetrajectoryof
armmotionsto bevariedbetwe@ endpositions[2. They useLaban
MovementAnalysisasthe basisfor aninterfacethatallows a user
to selecta particular style of movement. Being kinematic, their
systemin partattemptsto explicitly represensomeof the effects
of tensionandrelaxationon movement. Our systemmodifiesthe
tensiondirectly andallows the resultingmovemert to begenerated
by the dynamicssystem. Their movementinterpolationinterface
could be usefulin our systemto control transitionsbetweernposes
if it wasadapte to make useof thetensionparameters.

The work of Perlin usesstructurednoiseto simulatekinemati-
cally someof theeffectsrelatedto tensionchangesn thebody[18]

2.2 Biomechanics

The human body organizes musclesin agonist and antagoist
groupsaroundjoints. The musclepairsprovide movementin op-
posingdirectionsaroundajoint andalsoactto regulatethestiffness
of thejoint[8]. The systemoutlinedherefollows this organization,
using pairs of antagonisticangularspringsto control the position
andstiffnessof eachDOF.

The spring-like behaiour of realmuscless importantin postu-
ral stability. “It ... turnsoutthatfor stableequilibriumthe neuro-
musculoskletalsystemmustpossesshe attributesof springs,and
thatfor stability, thesespringsmustexceed a certaincritical stiff-
ness. The passie, relaxed personis inherentlyinstableat mary
levels — when someon€aints, the headfalls if the shouldersare
supportedthetorsofallsif thebodyis supported... Certainlythe
centralnenoussystemis partly responsibléor this behaiour, but
the primary modeof its influencecanbe consideredo be adjust-
ing muscle'spring-like’ behaiour” [1, p384] Suchinstability that
occursbelawv certainstiffnesslevelsis alsoanissuein our system.

Our antagonisticcontrol model correspondgo the equilibrium
pointhypothesedevelopedby motorcontrolresearchers biome-
chanics. In this model,originally proposedy Anatol Feldmanin
1966[4 for singlejoint systemsthe agonistand antagonisimus-
clesbothgeneratéorquesaroundajoint with theequilibriumpoint
of thesetorquesdefininga position[20,9]. This theorywould in
principleallow thebrainto avoid thecomplicatel inversedynamics
problem[§. Movementsareinsteadachiezed by graduallymoving
the equilibrium position betweenthe movemen end points. The
limb will follow the equilibrium trajectory[§ 9]. “Experimental
obsenationsshoved that the path betweentwo pointsexhibited a
measurabldegreeof stability, notjusttheend-point.Thus,thepro-
ductionof themovementappearso beaccomplishedby a progres-
sive movementof the neurally-definedequilibrium posture which
hasbeentermeda virtual trajectory’[8, p161,emphasigheirs]. In
generalthe positionof thelimb will vary from theneurallydefined



Figurel: Thedegreesof freedomfor thefull skeleton.

virtual trajectory whichis thetrajectoryof theequilibriumpoint[9].

Theopposingheoryin biomechanis, knowvn astheimpulsetim-
ing mode| suggestghat motor programsinsteaddirectly generate
shortimpulsesof torqueto control joint movement[2(Q. Thereis
experimentaevidencesupportingboththeories.Our work is com-
patible with the equilibrium point hypothesis Jessbecauset is a
plausiblecontrolmodelfor humanlocomotionthanthatit provides
a corvenient computationhapproachfor producingnuancedsyn-
thetic motion. However, we explicitly includegravity andexternal
forcesin our calculdionswhendecidinghow to tuneour springs.

It shouldbenotedthatwhile ourangularspringmodelis inspired
by the antagonistiagroupingof real musclesiit is still a substan-
tial simplificationof actualmusclebehaiour (e.g.,[17, 23]). Real
musclesare linear force generatorsandthe torquesthey generate
vary throughouta movementdueto variationin the momentarm.
Muscleforceis alsoaffectedby musclelengthandvelocity. Real
muscleshave morecomple attachmentssomespanningmultiple
joints and somehaving wide areasof attachment.The threeele-
mentHill basedmodelis often usedto model musculotendon#
thebiomechaicscommunity Our approactattemptdo isolatean-
otherimportantfeatureof real muscle,tensioncontrol, while still
maintainingcomputationbsimplicity.

3 Target Prototype

To illustrate our results,we currentlyemploy two skeletalmodels
in our prototypesystem.The first is a 47 DOF full body skeleton
thatcanfreely movein world spacelt is showvn in Figurel andthe
degreesof freedomat eachjoint areindicated. The secondmodel
is a28 DOFtorsomodel.It hasthe samedegreesof freedomasthe
full body model,but the hip is fixed andthereareno joints below
the hip. Both modelsinclude 2 DOF clavicles. Many previous
physics-base@nimationmodelshave notincludedthesgoints[22,
3, 15, 24]. In our work, the clavicles have beenfound to make
a significantcontritution to the expressie impactof a charactes
maovement.

The animation systemis basedon the Dynamic Animation
and Control Environment (DANCE), a freely available plug-
in basedsoftware packagefor building physics-basednimation
software[16]. Theequation®f motionareprovidedby athird party
simulationpackayethatusesanO(n) Kanesformulation[10]. This
packagealsoconverts the externalforcesactingon the characteto
joint torques.Whenthe equationsof motion are combinedwith a
semi-implicit Rosenbrockintegrator [19], the torsomodelruns at
one-tenthreal time on a Pentiumlll 800MHz machine This pro-
videsfor areasonablé@erative workflow. Bothmodelscangenerate
motionkinematicdly in real-time.Thisis very usefulfor roughing
outananimation.

4 Equilibrium Point Control

In physics-basednimation|t is necessaryo determinehetorques
that arerequiredat a joint in orderto producethe desiredmove-
ment. Often this is doneusinga controllaw suchasproportional
derivative (PD) control. PD control canbe thoughtof asa spring
anddampersystemandis written as

1)

where isthecurrentangleof thejoint, isthedesiredangle
of thejoint, isthevelocityofthejointand and arethespring
anddampermainsrespectiely.

Whena controlstratgy suchasPD controlis used therewill in
generabe an error betweerthe actualpositionof the joint andthe
desiredposition,evenat steadystate.Thisis dueto theinfluenceof
gravity, whichis pulling thejoint away from thedesiredangle.The
equilibriumpoint will bethe angleat which the proportionalterm
generateenoughtorqueto balancehetorquegeneratedy gravity.
This samephenomenomccursin the equilibrium point hypothesis
usedto characteze humanmovement andis why the virtual tra-
jectorymaydiffer from theactualtrajectory evenatsteadystate[9].

Thereis atendeng whenusingPD controlto reducesteadystate
errorby increasinghe proportionalgain. This canleadto very stiff
charaters. Assuminggravity is the only relevant external force,
whenPD controlis at equilibrium, therewill beno dampingforce,
andthenettorquewill bezero:

)

where s thetorquedueto gravity actingon thelimb. Thusthe
erroris givenby

— ®)

If the erroris to be reducedby increasingthe gain, the resultwill
necessarilypeoverly stiff charactes. Considera5kg solid cylinder,
suchasanarm,thatis 60 cm long androtatedarounda pin joint at
oneend. Thegain to keepit within 3 degreesof horizontal,repre-
sentinganglesasradians,is approximatty 280. To keepit within
0.5deggreestherequiredgainis 1680.

A relaxed, loosely moving charactershould have low gains,
whichmeanghattherewill bealargesteadystateerrorbetweenthe
set-pointof the PD controllerandthe actud positionof thejoint. It
is unwieldy for an animatorto try to anticipatethe amountof er
ror and provide a desiredset point that will compesatefor this
error. For this reason,our systemallows the animatorto specify
directly the actualanglefor thejoint. Thefinal positionof ajoint
will bethe equilibriumpoint of all the internalandexternalforces
actingonit. Thesystemestimatesheexternalforcesandcalculates
the gainsappropriatelyin orderto realizethe animators requested
anglewith the requestecamountof tension. This is what we re-
fer to asequilibrium point control. The animatoris given control
over intuitive parametersthe actualangleandactualtension,and
the systemdetermineghe gainsandsetpointsthatwill meetthese
constraints.Explicitly dealingwith the externalforcesallows for
accurae positioncontrol.

Currentlywe dealwith externalforcesdueto gravity andground
reactionforces, but it is straightforward to add otherforces. For
instance the massof an objectthe characteiis carrying could be
addedsothecharactecouldusetheappropriatdorceto lift it. This
allowsroomfor somefun effectsaswell. If thecharactewas"told”
the objectwasheavier thanit is, he would usetoo muchforce and
jerk thebox up quickly. Thisis the samebehaiour humansexhibit
whenthey misestimatethe weight of an objectthey are aboutto
lift. Making the charactewareof externalforcesis equivalentto
giving him or heralimited tactile sense.



4.1 Antagonistic Formulation

In placeof PD control,we employ anantagmistic actuator Antag-
onisticcontrolis implementedor eachDOF usingtwo idealangu-
lar springsthat are setin oppositionto eachother anda damper
Unlike PD control, eachspring hasa fixed setpoint that remains
constanthroughoutananimation.Thesesetpointsareplacedpast
thejoint limits for the DOF. The controllaw is written as

(4)

where is thetorquegenerated, is the currentangleof the DOF
and s its currentvelocity. and  arethe springsetpoints
which sene asendpointdor themotion, and referringto high
andlow limits, and  arethespringgains,and is thegain
on the dampingterm. The tensionor stiffnessof the joint is taken
asthe sumof thetwo springgains, . Thedesiredangleis
not explicitly shavn in the actuatoy but is controlledby the value
of thetwo gains.

Jointmovemert is achieved by varying the equilibrium point of
ajoint, whichis the pointatwhich all forcesactingon thejoint sum
to zero. This is doneby adjustingthe gainson the two springs.At
anequilibriumposition,boththedampingandthe netforcewill be
zero.Theforceonthejoint is then

®)

where  istheequilibriumpointand represents
gravity andall otherknown externalforcesacting on the system.
For ary givenequilibriumangle thegainsthatwill achieeit all lie
onalinein - gainspacegivenby

(6)

Thisline is referredto astheisoangleline. Noticethatthe slopeof
theline depend®nly onthelimits andthedesiredangleandthatthe
externalforceactsto vary the interceptof theline. Also, because

is boundedthe slopeof theline will alwaysbe positive. Since
we want the springsto only actin tension,gainsare only chosen
from thepositive quadranbfthe -  space.

We draw particularattentionto thelinearity of theisoanglerela-
tion, andthatit dependonly on the gains, currentjoint angleand
joint limits. Thisimpliesthatthetensionon ary joint, giveninitial
gains,canbeadjustedvithout needingio know the externalforces.

The antagonisticformulation reflectsthe organization of real
muscles.This approachwould remainsuitableeven asmorecom-
plex musclemodelsareintroduced. The formulationpermitseasy
tensionadjustmenty moving alongthe linear isoanglecune. It
alsomalesexplicit thatthe restanglewill necessarilyoe anequi-
librium point determinedy the springgains.

4.2 PD Formulation of Equilibrium Control

Sincethecurrentversionof antagonisticontrolusedinearsprings,
thereis amathemécal equivalencebetweerPD controlandantag-
onistic control. For equivalent values,they will shav exactly the
sameresponsdo error. This is shavn in the Appendix. Further
more, equilibrium point control can be implementedusinga PD
actuatorby rethinkingthe meaningof the desiredanglesetpointin
the PD controllaw. Insteadof usingthe setpoint asthe desiredan-
gle,thesetpointmustbetreatedasafree parametethatis variedso
thatatequilibrium,theangleof thejoint will betheanglerequested
by theanimator

We still preferdirectantagonisticontrolbecausd is morecon-
sistentwith animalsystemsandprovidesa morenaturalparameter
ization. Theisoangleline for PD controlis a function of stiffness

andsetpointgivenby:
— )

Theisoangleline is a hyperbolicfunction of the two termsandits
shapedepend®n the externalforces. For antagoistic control, the
isoangléds alinearfunctionof thetwo gains.

A personauthoringa controllerthat mustdealwith an external
disturbanceés given two intuitive optionswhenusingantagonistic
control: the springactingin the directionof the disturbancecanbe
relaxed to reducetorquein the disturbancedirectionor the spring
opposingthe disturbancecanbe tightenedto createa torqueto re-
sistthe disturbance Tensingor relaxinga joint to dealwith a dis-
turbancearethetwo optionshumansise whenfor instancenaking
balane adjustments(e.d5]). Achieving tensionandforcechanges
with PD control is lessintuitive, and caninclude moving the set
pointfrom onesideof theactualequilibriumpointto the other

Significantly with antagonisticcontrol, it is alsopossibleto re-
sista disturbancesimply by increasingthe tensionof the joint in
orderto reducethe error. This behaiour hasbeenobsened exper
imentallyin humans[8].Increasinghe stiffnesswill not generally
work for PD control. To make this clear considera limb under
loosePD control that at steadystateis leaningbelow its setpoint
dueto theinfluenceof gravity. If aforce hitsthelimb from below,
it will move the limb closerto the setpoint. Increasingthe gain
on the PD controllerwill not restorethe armto its original loca-
tion, but pull it closerto thesetpoint. Providedthedisturbancevas
not strongenoughto knock the arm pastthe setpoint, increasing
the stiffnessof the springhasexadly the wrong effect: it moves
thelimb furtherin the directionof the disturbanceaway from the
desiredequilibriumpointandcloserto the setpoint. By definition,
gainin antagonisticontrolis variedalongthecurrentisoangldine.
As the gain is increasedn responsdo a disturbancethe equilib-
rium point of anantagonisticontrollermovescloserto the desired
equilibriumpoint, equalingit in thelimit. Increasinghegainthere-
foreactsto resistthedisturbanceWith PD control,increasingyains
movesthe joint closerto the setpoint, not the desiredequilibrium
point. To achieve the sameeffect usingan equilibrium point varia-
tion of PD control, the gain andsetpoint would needto be varied
in tandem. It is impossibleto calculatehow muchto vary the set
pointwithoutknowing the sizeof thedisturbance.

4.3 Instability at Low Gains

In the presenceof gravity, certainlow gain configurationscanbe
unstable.This is becausehe torquedueto gravity is proportional
to , Where is theworldspaceangleof thelimb (0 is up) and
this can lead to several equilibrium pointsin the range
Considera limb controlledby PD controlat equilibrium. (The sn-
uationis the samefor antagonistiacontrol, but the PD analysisis
simpler) Thenettorqueactingonit will bezeroasgivenby

8)

where is the distancefrom the joint to the centreof massof the
limb, is the massof the limb and is the acceleratiordue to
gravity. This equationrepresentshe sumof a linear springforce
anda sinusoidalgravity force. For smallvaluesof  (low gains),
theslopeof theline will besmallcompare to themagnitudeof the
sinefunction. For a givengain and , theremay be several
valuesfor thatmake the equatiorzero.In otherwords,theremay
be multiple equilibrium pointswithin the limits of the joint. This
behaviour is shavn for low andhigh valuesof gain  in Figure?2.
Notice, thatfor low gain, therearethreeequilibrium pointswhere
the torqueon the joint will be zero. For high springstiffness
thereis only onepossibleequilibriumpoint.



Figure2: Comparisorof the nettorquefor alimb given high and
low gains: . Therearethreezero
torqueequilibriumpointsfor thelow gain case.

If thelimb is atanequilibriumpointthatis higherin world space
thananotherequilibriumpoint, thelimb will fall to thelower equi-
librium point givenary slight disturbanceThis of courseis alsoa
featureof the antagonistiacepresentatiorandis alsocharacteristic
of people[]. The isoanglescurves for both PD and the antago-
nistic control crossat low valuesof gain wherethereis instability.
It is possibleto testfor unstablelow gain configurationsandthus
avoid themby increasingthe gain, but it is importantfor usersof
the systemto be awareof this phenomenon.

5 Shape Control

The“shape”or ervelopeof a motionrefersto how speeds varied
over the durationof a motion. This canbe plottedasjoint position
vs. time. Somemotionsstartquickly and end slowly, suchasa

carefulreachingmotion. Othermotionsmay startslowly but speed
up attheend,like a dabbingmotionor a punch.Gentlemotionsof-

tenease-irtowardthe endposition,while moreaggressie striking

motionswill maintaina high velocity neartheend.Motionscanbe

exaggeré&ed by eitherrecoiling backwards beforestartingthe for-

ward path of the motion or overshootingthe end position before
returningto it.

The shapeof a motionis very importantfor the expressie im-
pactit makes. This hasnot beenexplicitly dealtwith in previous
work in physically basedanimation. The two commonsolutions
areeitherto usepureactuatednovementor to track splinecurves.
Actuatedmovement involvesstepchangesn the setpoint of aPD
controller The controllerwill thengeneratea force to negatethe
errorandmove to a new equilibrium point. This movemen hasa
charactestic shapemoving quickly atthe beginningwhenthe er-
ror is large andslowing down nearthe endof the movement.It can
beappropriatdor sometypesof movementsput looksoutof place
for gesturedikeawave. Splinefollowing simply usegshecontroller
to tracka predefinednotioncurve. This approachis limited by the
quality of theinput cune.

Our systemallows the animatorto control a motion’s shapein
two ways. First, ashapecurve canbe associatedvith thetransition
to a posethat the systemwill track. Secondtensionparameters
may be controlledthat indicate how closely the curve should be
followed. This combinationprovesto be very flexible and pow-
erful in practice. An animatorcan preciselycontrol a movement
whenthatis required. Often however, it is sufficient to provide a
very simpletrajectoryand a satisfyingshapecan be achiesed by
specifyingatensionchangehatshouldoccurduringthemotion. It
appeargasierto generatea desiredmotion by varying the tension
parametershanby trying to anticipatethe correcttransitioncurve.

Movementis a very naturalactiity for people,sothey caneasily
develop anintuition aboutthe tensionchangs they make duringa
movement. They simply needto make the movementand pay at-
tentionto the changesn their body Trajectorycurvesarea more
abstractoncepto work with.

5.1 Transition Functions for Shape Control

To control the shapeof a motion, animatorscan associate cubic
Hermitecurve with a pose.The curwe is parameterizedn [0,1] to
correspondo progressn time andprogresgoward the end point.
In practice thesetransitionfunctionshave provento be sufiiciently
flexible to allow an animatorgood control over shape. It allows
awide rangeof trajectoriesncluding recoil andovershooteffects.
Animatorscanalsoreparameterizéhe time domainusingstandard
techniqus to malke, for example, the relative transitiontime ex-
ponential. Transitionfunctionsalsoallow the systemto compute
kinematicpreviews, which are very usefulin roughingout an an-
imation. Thesefunctionsare alsousedwhenthe systemneedsto
estimatea future stateof the characte

5.2 Updating Gains

Given the control law and the transitionfunctionsthat are to be
tracked, the questionremainsasto how to updatethe gainson the
springgto achieve thedesiredmotion. Theupdateprocessnusttake
into accountthe external forcesacting on the characterto effect
equilibrium control. This is donein two waysin the system: by
samplingor by prediction,andthey canbeusedtogether

The samplingmethodtakes sampleof the forcesactingon the
figure at a given frequeng, corvertsthemto torquesand recal-
culatesthe two actuatorgains so that the equilibrium point at the
sampletime will be the angleindicatedby the transitionfunction.
This approachis mostappropriatefor situationswhereforcesmay
changein unexpecta waysor if the force modelusedfor a given
externalforce doesnot lenditself to predictive use. In our anima-
tions, samplingis usedfor joints in the lower body thatwill expe-
riencesignificantvariationin groundreactionforces,whereasghe
predictive approachs usedfor free upperbody movements.

Thepredictive approactdetermines setof gainsthatmatchthe
startingstateof the pose,a setof gainsthatwill achiese the end
stateof the poseandthensimply transitionsbetweenthe two sets
of gainsto achieve thedesiredmotion. Thestartinggainscanbethe
gainsthatarecurrentlyactive in the systempr they canberecalcu-
lated. At the startof a posethe externalforcescanbe determined
by queryingall thecontrollersdeliveringexternalforcesto thechar
acterand converting theseforcesto torques. For free upperbody
movements,the mostsignificantforcewill begravity. Theskeleton
stateis thenestimatedor the endpoint. This is doneby looking at
all the poseghatwill beactive attheendtime andconsultingtheir
transitionfunctionsto determinean estimateof the joint anglesfor
this time. Giventhe endstate,the forcesare again determinechy
consultingthe external force controllersand torque estimatesare
determined. With the external forcesand the equilibrium angles,
theisoanglelinesin gain spacecanbe calcdatedthatwill achiese
thetwo endpoints.

Thereare arbitrarily mary waysto transitionbetweenthe two
linesin -  space.Thepathchoserwill affectthe shapeof the
resultantmotion. By default, atransitionpathis choserthatkeeps
the joint stiffnessconstant. As stiffnessis definedasthe sum of
the two gains, this correspondgo a line with slope  in -
space.For sufficiently high gains,if thetransitionline is traversed
at constanspeedtheresultingmotionwill belinear Referto Ap-
pendix8.2. A linewith slope  isdravn betweerthetwoisoangle
lines, startingat the gain specifiedby the animator During the mo-
tion, gain valuesare determinedby interpolatingalong this line.



Progressalongthe line is determinedby the usersuppliedtransi-
tion function. This producesyains over time thatwill generatea
resultingmotionthathasthe sameshapeasthetransitionfunction.
With increasinggain, the provided trajectorywill be moreclosely
tracked.

The sameapproachis usedfor transitioningball joints repre-
sentedby quaternionsexcept that the progressbetweenthe end
pointsmustbe scaled. If the progressbetweenthe startand end
(i.e., zeroandone)is representethy andthe anglebetweenthe
two endquaternionss , theupdaterule is

9)

Dueto the estimatesnadefor theendstate smallerrorsmayoccur
in theendpositionif the estimatesrenotaccurateThisis consis-
tentwith atleastsomeformsof humanbehaiour suchasreaching
wherehumansoften have to make small correctionsto positionat
theendof amotion.

In somesituationsit is usefulnot to balane for externalforces,
andanimatorscan selectthis option. This is particularly useful if
the externalforceswill have aknown effect the animatorwishesto
take adwantaye of. For instance an animatormay wish to loosely
hold ajoint straight,suchasawrist, andallow the effect of gravity
to causat to sway from sideto sideduringa movement.

5.3 Tension and Relaxation Control

The power of the systemis thatvery often, desiredresultscanbe
achieved by specifyinga very simple transitionfunction sayan
ease-inease-outurwe or linear function— andshapingthe motion
almostcompletelythroughtensionchangs.

Theamounf tensionin ajoint is controlledby thetotal gainson
thetwo opposingsprings.As discussedior fixedangleshetension
of ajoint canbe varied by shifting gain valuesalongthe isoangle
line. It is alsousefulto vary the tensionduring a movement. For
instance an arm gesturemay startby beingtightly controlledand
endwith thearmswayinglooselyatthe charater’s side.

An animatorcanprovide tensionvaluesfor the startandtheend
positionfor eachDOF in a pose. Theseare usedwhenthe start
andendgains are calculatedfor the motion. If the gainsare cal-
culatedby resamplingthe external forces, the gain value at each
samplepointis determinedy the animators input. For predictive
updating,the transitionbetweenthe end gains can be affectedin
two ways. Thefirst methoddraws aline betweerthetwo gainsand
transitionsalongthis line. Thesecondnethoddetermines curved
line thatwill morecloselytrackthe providedtrajectory

Linesin gain spacehaving a slopeof otherthan  will induce
awarpingonthetrajectory Generdly speakingtransitioningfrom
a high gain to a lower gain will causethe motion to startslowly
andaccelerateowardsthe end. Moving from alow gain to a high
gain will causethe motion to accéeratequickly at the beginning
and easein toward the end. This is shavn graphicallyin Figure
3. Oftenthis warpingis enoughto provide the desiredshapefor
the motion. A linear transitionfunction can be combinedwith a
tensionchangeand the resultinganimationwill have the desired
appearare. Thisis especiallytrue for posturechanges.The ani-
matoris still freeto usearbitrarytransitionfunctionsto warp the
motionif additionalcontrolis neede.

The secondmethodallows the animatorto more closely track
the transitionfunction. The transitionfunction canbe usedto de-
terminedesiredanglesat eachmomentin time, andfrom this and
thejoint limits, the slopeof theisoangleline canbe calcuatedfor
thatmoment. With point andslopeestimatesanisoangleline can
be computedat eachupdatetime. Tensionis thenvariedby select-
ing a pointonthisline thatgivestherequestedtiffness.

With high gains, the resultingmotion will track the transition
functionsclosely As gainsarereducedthemomentunof thelimbs

Figure 3: Varying tensionduring a motion warps the motion’s
shape Thetrajectoryfunctionis anease-in-ease-ougtine.

Figure 4: Upward and downward motionsfor a limb comparing
high andlow gains.

startsto contritute more stronglyto the motion andthe trajectory
deviates from the transitionfunction. Figure4 showvs examplesof
bothdownwardandupwardmovements,eachattwo differentgains.
The high gain curve preciselytracksthe kinematictransitionfunc-
tion. For thedownward motion,thelower gain functionatfirst lags
behindthe high gainfunctionasit takeslongerto overcomethein-
ertiaof thelimb. During the middle sectionof the movemen, the
limb leadsthe kinematiccurve underthe effect of gravity. Thetwo
motionsreachthe end point at approximatelythe sametime, but
thelower gainmotionslightly overshootghe desirecposition. This
overshootis oftenvisually desirable The resultsaresimilar for an
upward motion. Onceagain the high gain motion preciselytracks
the kinematictransitionfunction. The lower gain motion again ex-
hibits a lag at the beginning and an overshootat the end. Since
gravity is now actingagainstthe motion, the lower gain transition
trails themotionthroughout.

Jointsthatarelessstiff will alsobe moreaffectedby the move-
mentof adja@ntlimbs. The antagonistiacontrollersdo not com-
pensatdor thesetransferencdorces,so the effect the forceshave
depend solelyon thetensionin the neighbouringoint. Transitory
effectswill becomemuch more apparentasthe characterelaxes
andthis canyield richermovement.

In an authoringsystem,it is importantto give an animatorsuf-
ficient control over the motion in orderto achieve the effects she
desiresThis controlis notuseful,however, if it is unintuitive. Con-
trolling gain parametersanbeunintuitive. Ratherthanautomating
thegain settingandlimiting animatorcontrol,a calibrationmethod
wasestablishedhatgivestheanimatorsomeintuition for whatgain
valuesmean.Thecalibrationprocesss performedonthesimulated
torso skeletonand malkesthe entire skeletonvery stiff exceptfor



Figure5: A montageof framesfrom the animationspresentedn
this paper

one DOF. The skeletonis then perturbedby pushingit at an end
effector appropriatefor the DOF with a force of 45N. This corre-
sponddo afirm push.Thetestis repeatedor severaldifferentgain
valuesfor the DOF andthenfor the restof the DOFsin thetorso.
The animatorcanthenaccess setof curvesthat shov the maxi-
mumdeformatiorthatapushwill give ateachDOF asafunctionof
gain. Thesecurveshave hyperbolicshapeandalsoindicatewhere
instabilitiesstartto occur Thisinformationprovidesaclearpicture
of how stiffnessvaluesrangeacrosdifferentjoints of the body, as
well asthe effect of changingthe gain, andallows the parameters
to beusedin aknowledgeablevay.

Dampingis thefinal control parametein the system.It canbe
varied to reduceovershootand transitory effectsin a motion. It
alsocreatesomelag. If dampingis toolow andthemovementsare
quitefast,ringing canoccurwherethe motion exceedshe equilib-
rium pointduringthetransitionandthengetspulledbacktowardit.
Increasingthe dampingcan curethis. Generally dampingvalues
thatareapproximatelyonetenthof gain valueswork well.

6 Results

The animationsystemoutlined here hasbeenappliedto a num-
ber of differenttasksincluding postureadjustmentsgesturecon-
trol andanticipationeffects. A montageof imagesfrom thesean-
imationsis shavn in Figure 5. The resultsare describedhere
andall animationsmentionedin the paperare available online at:
http://www.dgp.toronto.edu/"néfAll theanimationglescribeaton-
sistof a smallnumberof posesthe richnesscomingfrom the im-

pactof tensionvariationon the dynamicssimulation. Someitera-
tion wasinvolvedin generatinghe animations.In generalJessit-

erationis requiredwhentensionchangs arethe dominantshaping
functionthanwhenthetransitionfunctionsarecarefullytwealed.

6.1 Gestures

Gesturesrea prime candidae for expressve variationsin tension.
An animationis shavn thatcontrastsa relaxed, flamboyant charac-
ter anda police officer giving the direction“Y ou shouldgo left.”.
Thepoliceofficer'smovementsarequickandprecise Theflamboy-
antcharactés movementsarelooseandflowing. His armsswing
slightly at his sides his wristsflick, the movements acceleateand
decelerte basedntensionchangesAll of theseeffectsaredueto
tensionmodeling,notthekinematictrajectories.

A wave motionwasgeneratedisingpureactuatectontrol,kine-
matically, usingtight control and varying the tensionthroughthe

movement. The actuatedcontrol is quite unnaturalas the move-

mentacceleatesquickly andtheneasesn towardthe endof each
sectionof the motion. The kinematicwave is substantiallybetter

but still looks stiff andnot particularlylifelik e. Usingtight control

producesananimationthatlooksvery similar to the kinematicmo-

tion. Varyingtensionproducesa significantly morelifelik e wave.

Thewristis allowedto move passvely creatingaswayinghandmo-

tion, the forcetransferencgeneratesomemovementin the collar

bone thetrajectoriesaresmoothedandwarpeddueto theinfluence
of gravity andmomentumthearmswaysslightly atthe charactes

sideat the endof the movement. Theseeffectsrely on beingable
to vary the tensionduring a movement. For instance the armis

relaxed asit is broughtto the charact€s side, allowing it to sway

slightly at the end. If insteadthe gainswere reducedat the start
of the motion, the armwould fall in a physically realistic, but un-

naturalway. This animationuseskinematictrajectoriesfor shape
control,but enhanesthemby addingtensionvariation.

6.2 Postures

Postureadjustmentsare ideal candidats for tensioncontrol. If a
tired characteiis to sagdownwards the correctmotion shapecan
be achiered by simply providing a linear transitionfunction and
reducingthe tensionduringthe motion. Otherpostureadjustments
canbemadein asimilarly straightforvardmanner Importantly the
animatorretainsthe ability to provide arbitrarytransitionfunctions
to customizea motion.

Examplesarepresentedhatcontrasta formal greetingnod with
atired charactesaggingdownwards.A shrugis alsoshown.

6.3 Anticipation

Recallthe soccerball thatwasflying toward you in the story that
openedhe paper You changedyour tensionbecauseg/ou noticed
theball coming.If you hadnot, youwould have remainedelaxed.
Peoplemale tensionchangesvhenthey anticipatean event. This
affectshow they react. To demonstratehis a characte is shoved
with differentforcesanddifferentamountsof tensionin his body:
The effect of the shove becoms quite mutedashe bracesfor im-
pact.

Anotheranimationcombinegensionchangs andgesturessthe
charater reactsto beingpushedrom behind.

6.4 Crouch

The previous animationswere generatedn the torsomodel. The
systemalso allows full body animation,interactionwith ground
forces and provides balancecontrol. A crouchanimationis in-

cludedwhich demonstratethis. This animationusesan automatic
balane controllerthatis basednideasfrom [22].

7 Conclusion and Evaluation

A systemhasbeenpresentedhatallowsveryflexible charactecon-
trol in a physically basedanimationframework. It allowstheshape
of movemerts to be variedandthetensionof a characteto bevar
ied within a movementand acrossmovements. Tensioncontrol,
when combinedwith an underlyingdynamicssimulation,is seen
to be an effective methodto capturemary of the subtletiesof hu-
manmotion. This allows richly nuancednotionto be createdhat
requiresonly afew poses.

The animatorinterfaceis still lower level thanis desirableand
requiresa significantamountof input. Futurework will investicate
higherlevel interactiontechnique for animatorghatstill maintain
sufficient control. Anotheravenueof futureresearchs thecreation



of morerealistic musclemodelsthat captureadditionalaspectof
humanmovement.

8 Appendix

8.1 Equivalence of PD and Antagonistic Control

TheequivalencebetweerPD andantagonisticontrolcanbeshavn
by multiplying outthetwo equationsincludingexternalforces,and
equatingheterms.Thenettorquewith PD controlis givenas

(10)

andthe antagonisticontrolequationbecomes

11)
Thedampingtermandexternalforcetermsarethe same.Equating
the termsfrom bothequationgjives

12
(13)
(14)

Equatingthe setpointtermsgives:
(15)
— substl4. (16)

For in between and will be positive andless
than . This meansthatfor ary PD settings,thereare a pair of
positive valuesof ~ and  suchthatthe antagonisticcontroller
andthe PD controllerwill have the sameerrorresponseNote, this
is not the caseif the linear springsin the antagonistidormulation
arereplacel with non-linearfunctions. Also notethatthe stiffness
functionusedin antagoistic controlis , which equalsthe
stiffnessgain  in PD control.

8.2 Linear Transitions

An initial pointin -  spacesindicate as
tion passinghroughthis pointwith slope  is:

. Theequa-

a7

Consideringgravity forces,at equilibrium,the antagonisticontrol
law gives:

(18)

for ajoint. For sufiiciently high gains,the gaintermswill dominate
thegravity forceandtherelationcanbeapproximateds

19)
Rearrangingandsubstitutingl7 gives

(20)

(21)

(22)
Since is multiplied by a constanta linearchangen  will pro-

ducealinearchangein . Therefore for high gains,linear move-
mentsalongalinein -  spacewith slope  will producdin-
earmotions.
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