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Abstract

Animatedhumancharacters in everydayscenariosmustinteractwith theenvironmentusingtheir hands.Captured
humanmotioncanprovidea databaseof realisticexamples.However, examplesinvolvingcontactare dif�cult to
edit and retarget; realismcan suffer whena grasp doesnot appearsecure or whenan apparent impact does
not disturb the hand or the object.Physicallybasedsimulationscan preserveplausibility through simulating
interactionforces.However, such physicalmodelsmustbedrivenbya controller, andcreatingeffectivecontrollers
for new motiontasksremainsa challenge. In thispaper, wepresenta controller for physicallybasedgraspingthat
draws from motion capture data. Our controller explicitly includespassiveand active componentsto uphold
compliantyetcontrollablemotion,andit addscompensationfor movementof thearmandfor gravity to make the
behaviorof passiveandactivecomponentslessdependenton thedynamicsof arm motion.Givena setof motion
capture graspexamples,our systemsolvesfor all but a smallsetof parameters for this controller automatically.
We demonstrateresultsfor tasksincludinggraspingandtwo-handinteractionandshowthat a controller derived
froma singlemotioncaptureexamplecanbeusedto formgraspsof differentobjectgeometries.

Categories and SubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism:Animation

1. Intr oduction

Humandexterity is elegantly expressedthroughthe useof
our hands.However, dexterous behaviors such as grasp-
ing and manipulationare dif�cult to convey in animated
humancharacters.While researchon graspinghas sepa-
rately explorednaturalcoordinationpatterns(e.g.,[SFS02]
[KCS03] [ES03]) andphysicallybasedcontrol(e.g.,[Ibe97]
[BLTK93]), no systemfor graspingis yet availablethatex-
hibits thelevel of realismweseein motioncapturedataand
alsoportraysphysically plausibleinteractionsbetweenthe
handandagraspedobject.

Thispaperdescribesanapproachwhichcombineshuman
motion dataandphysically basedsimulationwith the goal
of achieving compellinghandmotion and generatingcon-
vincingcontactinteractions.Wehaveappliedthisalgorithm
to handmotions that involve sustainedcontact(Figure 1)
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Figure 1: A handshake generated by our system.A grasp
controller sequencesthe approach, grasp,release, and re-
treat.Joint limits anddesiredstatesfor thecontroller areex-
tractedautomaticallyfrommotiondata.Resultsre�ect prop-
ertiesof theoriginal motionandalsodisplayrealisticphys-
ical interactions.
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and demonstrateexamplesof passive response,grasping,
andtwo-handinteractionthat werecreatedusingour tech-
nique.Our forward simulationactsbasedon a specialized
controllerwhich is derived from parametersalmostexclu-
sively extractedfrom motioncapturedataandwhich makes
useof inversedynamicsasaninternalmodelto compensate
for torquesproducedin the handdueto motion of the arm
anddueto gravity.

Our emphasisin this paperis to allow a physically based
handto move in a fashionsimilar to amotioncapturedriven
hand. In addition, when our physically basedhand �nds
itself in a different environmentor subjectto unexpected
disturbances,it shouldupholdthesamehigh-qualitymove-
ment.To meetthesegoals,we proposethatanimportantas-
pectof humanhandmotion comesfrom its duality asboth
actingactively andpassively - at all times.This dualnature
givesthehandits complianceandotheridentifyingqualities.
Thus,animportantaspectof this approachis theproperex-
tractionanduseof controlparametersfrom motioncapture
examples,in particularto: capturethepassive effectsof the
handin a singleneutralsetpoint(or desiredstate);extract
joint limits to keepthe handwithin viable bounds;de�ne
active setpointsthatallow a simplestatemachineto control
grasping;and,throughthesesetpointscreateasimplemeans
for controllingtheoverall strengthof a grasp.We show that
a setof simplecontrolscanbe layeredtogetherto include
eachof thesecomponentsin turn andthat they allow us to
generalizeacrossdifferent object geometries,even from a
singlemotionexample.

Thecontributionsof thispaperareto

� demonstrateresultsfor graspingandinteractionthatcom-
binerealisticmotionandphysicallyplausiblecontact,

� presenta techniquefor extractingpassive andactive pa-
rametersaswell asjoint limits from motiondata,

� show that a simplecontrol schemewith few parameters
generatesplausibleresponsesto disturbancesandgener-
alizesto differentobjectgeometries,

� notethat inversedynamicscompensationfor armmotion
andfor gravity is importantfor generatingpleasingmo-
tion with few setpoints.

2. Background

Researchon graspingin computergraphicshasfocusedin
part on kinematicsystemsthat selectappropriateposesfor
the hand to graspan object [AN99] [HBMT95] [RG91],
and therehasbeena large amountof researchin robotics
to position contactpoints optimally on an object surface
(see[Bic00] for anoverview). Determinationof handposes
for playing musical instrumentshasalso beenconsidered
[KCM00] [ES03]. While thesesystemscancreateconvinc-
ing handposturesor sequencesof handpostures,they ignore
thesubtlephysicalinteractionsthatoccurasthehandmakes
contactwith anobject.Somerecentresearchhasfocusedon
creatingrealisticphysical modelsof the handthat aresuit-
ablefor simulation(e.g.,[AHS03]), but this work doesnot
addresstheproblemof controlling thehandto achieve spe-
ci�c taskgoals.Researchersin graphicsandroboticshave

developedcontrollersthat allow the hand to dynamically
conformto objectshape(e.g.,[Ibe97] [MT94] [BLTK93]).
However, manualcontrollerdesignfor ahighdegreeof free-
dom systemsuchas the humanhandremainsa challenge.
Our systemextractsmany of its parametersdirectly from
motion dataso that the graspingmotion generatedby the
controllercloselyresembleshumanexamples.

We take inspiration from controllersdevelopedfor dy-
namic simulationsof full-body motion (e.g., [HWBO95],
[LvF96], [FvdPT01]). Controller parametershave been
learnedin situationswith a clear objective function such
asdistancetraveled(e.g.,[vF93], [Sim94], [GT95]). How-
ever, for graspingwe expect that the objective function is
lessclearandthatmoreguidancefrom motiondatamaybe
requiredto mimic thehumancharacteristicsof thisbehavior.

A numberof researchershaveexploredsystemsthatcom-
bine motion captureandsimulation.In robotics,Kang and
Ikeuchi [KI97] classify the type of a human grasp and
then map that graspto a robot handin a proceduralman-
ner. In graphics,Borst and Indugula[BI05] usea forward
simulationwith proportional-derivative feedbackcontrol to
track real-timemotion capturedatain order to display the
user'shandinteractingwith objectsin avirtual environment.
For tasksotherthangrasping,Shapiro,Pighin,andFalout-
sos[SPF03] show how handdesignedcontrollersandmotion
captureplaybackcan be combinedby switching between
simulationand playbackmodeswhen appropriate.Zordan
and Hodgins[ZH02] proposea controller that tracksmo-
tion capturedata and combineit with passive simulation
for reactionsin taskssuchas boxing, and Yin, Cline, and
Pai [YCP03] show thatstiffnesscanbeseparatedfrom qual-
ity of trackingby addinga feedforward term to the control
equation.And Playter [Pla00] presentsresultsfor motion
trackingcombinedwith behavior basedcontrolfor simulated
humanrunning.Our work differs in extracting a compact
controller from motion dataandalsoaccommodatingsitu-
ationswith sustainedcontact.Our goal is not to track the
motion data,but to �nd a reducedrepresentationthat can
replicatethatdata,with thebelief thatsucha form will bet-
tersupportinterpolation,extrapolation,plausiblebehavior in
unexpectedscenarios,andusercontrol.

It may be desirableto createa controllerwhich is moti-
vatedfrom actualhumancontrol, and researchersin com-
putationalneurosciencehaveconsideredavarietyof models
for humanmotorcontrol.An ongoingcontroversypositions
the equilibrium point hypothesisagainst the role of inter-
nalmodels(e.g.,[HM03]). Theequilibriumpointhypothesis
suggeststhat the humansystemcoordinatesmovementby
establishinga trajectoryof equilibrium points.Differences
betweenthe currentsystemstateand equilibrium statere-
sult in forcesdriving thesystem,andsmoothmotionresults
from thesystem's naturaldynamicsasit headstowardequi-
librium. In early work in this area,Bizzi andPolit [BP78]
hypothesizedthatthetarget in a reachingtaskis encodedas
a muscleactivation"setpoint",andFlash[Fla87] foundthat
relatively simpleequilibriumpoint trajectoriescouldexplain
observed reachingmotions.In contrast,a representationof
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control using internalmodelsassumesthat peoplehave an
internalmodelof their systemdynamicsandusethis model
to “compute” muscleactivationsrequiredto control move-
ment.This view is supported,for example,by experiments
testingmotorlearningandcontrolin environmentswith new
dynamics(e.g., arti�cial force �elds) [Kaw99]. Somere-
searcherssuggestthat the two modelsarenot incompatible
(e.g.,[FOL� 98]), andin our technique,we usea combina-
tion of thetwo approaches.

3. Control Overview

Our goal is a physically basedsimulation systemfor the
handthatproducesmotionof quality comparableto motion
capturedata.Thesimulationinfrastructureincludesmecha-
nismsfor handlingcollision andcontactandfor maintain-
ing the stateof the physical systemover time; our imple-
mentationof this systemis reviewed in Section7. The pri-
mary contribution of our paper, however, is the control al-
gorithmthatsuppliesjoint torquesto drive thehandduring
eachtimestepof thesimulation.

To control a physically basedhandfor grasping,we ex-
plicitly includecomponentsfor passive movement(t P) and
active movement(t A) stemmingfrom our belief that both
mustbepresentto createbelievable,compliantmotionwhen
thehandsimulationis putundernew conditions.Weadddy-
namicscompensationfor armmotion(t ARM) andfor gravity
(t G), andassemblethesecomponentsin thefollowing equa-
tion:

t = t P + t A + t ARM+ t G (1)

Parameterst ARM andt G aredynamicscompensationterms,
and their goal is to separatethe intentionalmotion of the
handfrom secondaryeffectsdueto armmotionandgravity.
Theseparationof armmotion from shapingof thehandfor
thegraspis supportedby researchon humangrasping(e.g.,
see[MI94]), andtheuseof internaldynamicmodelsis sup-
portedby researchonhumanreaching[Kaw99].

Parameterst ARM andt G arecomputedby solvingfor joint
torquesthatwould berequiredin thehandif velocitiesand
accelerationsin thepalmand�ngers werezero.Morespecif-
ically, assumewewrite thedynamicsequationfor thesystem
asfollows

t P + t A + t ARM+ t G + JT f = I q̈+ V(q; �q) + G(q) (2)

whereJT f representstorquesdueto externalforces,I thein-
ertiaof thesystem,V(q; �q) velocityproductterms,andG(q)
theeffectsof gravity. In termsof this equation,t G is setto
exactly cancelG(q), andt ARM is setto cancelcomponents
of I q̈ + V(q; �q) that dependonly on the motion of the arm
(i.e.,thearmaccelerationtermandany armvelocityproduct
terms).

Thedynamicscompensationtermsallow t P andt A to rep-
resentpassiveandactivejoint torquesspeci�cally relevantto
grasping.Thenext sectionsdescribehow t P andt A arecal-
culatedfrom motioncaptureexamples,andhow we provide

Figure 2: We performed“dr op” teststo empirically select
gainsfor thepassivecontroller. This �gur e showsresponse
of thepassivecontroller duringonesuch drop test.

functionality for adjustinggraspforceswithin this control
scheme.

4. PassiveHand Control (t P)

Muchof thehumanhand'ssignaturemovementcomesfrom
its passive characteristics,both derived from its tendency
toward a comfortable,neutralposewhich it will return to
when other excitationsare not presentand from the inter-
play of joint limits - asa limit is met a joint up the chain
oftenprovidesadditionalpassive "give" to extendtherange
of motion. We combinethesetwo componentsto createa
handwhich actspassively in a fashionsimilar to a human
hand.That is, without explicit internalactuation,we antici-
patethatourpassivecontrollerwill yield asimulationwhich
shows bias toward a natural equilibrium or neutral point,
qNEUTRAL, andwill obey reasonablejoint limits, qLIMIT , for
eachdegreeof freedom.As such,the equationthat we use
for passivecontrolis

t P = I
�
kS(qNEUTRAL� q) + kJL(qLIMIT � q) � kD �q

�
(3)

Here q and �q are the currentjoint angleand joint angular
velocity valuesfor thesystemin axis-angleformat.Param-
eterkS is the stiffnessusedto drive the systemtoward the
neutralpose,qNEUTRAL, andparameterkD is the damping
constant.Stiffnessterm,kJL, is usedto drivethesystemback
into thelegal rangeof joint angles,andis only nonzerowhen
a joint is outsideits range.Joint limit qLIMIT representsthe
currentlyactive limits for any degreesof freedomthat are
outsidetheir ranges.ParameterI is the inertiamatrix of the
bodieseffectedby thejoint (moving fromthewrist outward).
Note that I dependson joint con�guration andmustbe re-
computedevery timestep.

Of the parametersrequiredfor Equation3, two are ex-
tractedfrom themotiondata.SetpointqNEUTRAL is themean
posein our dataset.Joint limits qLIMIT are extremesob-
servedin themotioncapturelibrary for eachdegreeof free-
dom. Theselimits include extreme posesobserved while
graspingandduring active explorationof rangeof motion.
Our databaseincludesmotionswherethe actor is asked to
move the handand�ngers to exerciseeachdegreeof free-
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domto its full extentwithouttheassistanceof externalforces
from theenvironment.

Threescalarparametersmustthenbesetby theanimator
to fully de�ne thepassive controller:kS, kJL, andkD. These
parametersdeterminethe complianceof the hand,both in
freemotionandasit approachesajoint limit. Wemakethese
parametersthe sameat every joint so that the compliance
throughoutthehandis uniform. More speci�cally, consider
Equation2. From this equationwe seethat applying pas-
sive torquet P resultsin a changein acceleration:t P = IDq̈.
Comparingto Equation3 weseethat:

Dq̈ = kS(qNEUTRAL� q) + kJL(qLIMIT � q) � kD �q (4)

In otherwords,givenconstantkS, kJL, andkD, thesameval-
uesfor (qNEUTRAL � q); (qLIMIT � q); and �q will produce
thesamechangein acceleration̈q atevery joint.

WesetparameterskS, kJL, andkD basedonsimple“drop”
testssuchasthatshown in Figure2. Speci�cally, we chose
theseparametersthrough trial and error by running simi-
lar drop testsa numberof timesuntil we obtainedvisually
pleasingresultsconsistentwith our observationsof human
handbehavior. Giventheright setof passiveresponseexper-
iments,webelievetheseparameterscouldbedeterminedau-
tomatically, but they werenotdif�cult for usto set.Oncethe
valuesweretuned,we keptthem�x edthroughoutour other
experiments,with somesmalladjustmentsfor thehandshake
(Table1).

5. ActiveControl (t A)

To activatethehandfor a graspingbehavior, we includeac-
tive torque,t A, controlledvia thesimple�nite statemachine
(FSM) shown in Figure3. This statemachineis mostly in-
dependentof timeandinsteadrelieson thedistancefrom an
objectto triggerdifferentactionsleadingupto andfollowing
a grasp.The statesof the FSM wereselectedbasedon ob-
servationsof the motion of several graspexamplesandwe
believewill generalizeto many othergraspactivities.

Theequationfor theactive torqueis

t A = I
�
kS(qDES � q) + kD( �qDES � �q)

�
(5)

wherethestiffnessanddampingparametersareidenticalto
thoseusedin thepassivecontrollerandI is theinertiamatrix
for the outboardbodiesasin Equation3. ParametersqDES
and �qDES are desiredvaluesfor joint anglesand joint an-
gularvelocitiestowardwhich thehandwill bedriven.They
dependonthecurrentstateof theFSMandondistancefrom
handto object.In particular, for eachstate,qDES and �qDES
will beablendbetweensetpoints.

qDES = BPS (6)
�qDES = BPD (7)

whereB is theblendfunctionandPS andPD aretheposition
andvelocityelementsof thesetpoints.

We have six setpoints(qi ; �qi), whichareexpressedfor al-

Figure3: Finite statemachineandactivesetpoints.

gebraicmanipulationas

PS = [q0 q1 ::: q5]T (8)

PD =
� �q0 �q1 ::: �q5

� T
(9)

Blend function B is dependenton stateand distancefrom
handto object.The blendfunctionsareshown in Figure3.
For example,in theNEUTRAL state,

B = [1 0 0 0 0 0] (10)

In theCLOSINGstate,

B = [0 (1� a) a 0 0 0] (11)

with

a =
D1� dist
D1� D0

(12)

In otherwords,duringtheCLOSINGstatewelinearlyblend
from setpoint(q1; �q1) to setpoint(q2; �q2) asthedistancede-
creasesfrom D1 to D0. Whenthe distancereachesD0, the
statetransitionsto GRIPPING.

5.1. Extracting ActiveSetpointsfr om Motion Capture

To createanactive controllerthat resultsin naturallooking
motion,we usethesimplecontrolmodelproposedhereand
�t theparametersof thatmodelusingdatafrom our motion
library. Assumewe have a singlegraspingtrajectorywe are
trying to match.This graspingtrajectorygivesus the data
requiredto solve for setpointsPS andPD. CombiningEqua-
tions1 and5 leadsto thefollowing expression.

kS(qDES � q) + kD( �qDES � �q) = I � 1(t � t ARM � t G � t P)
(13)
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whichcanberewrittenas

kSBPS+ kDBPD = kSq+ kD �q+ I � 1(t � t ARM � t G � t P)
(14)

whereall parametersexceptPS andPD areavailableor can
becomputedfrom themotioncaptureexample.Eachframe
of the examplegraspgives us one suchequation,and we
combinetheseequationsintoasinglelargelinearsystemthat
canbesolvedfor PS andPD usingleastsquares.

Notethatto makeEquation13linearin theunknowns,we
aresuggestingthat we cantake the differenceof two rota-
tionsby subtractingtheirvectorform representations.In our
system,we modelall joints asball joints andoperateon ro-
tationsexpressedin axis-angleformat.While this is a very
poorapproximationin general,wefoundthatit workedwell
for extractingsetpointsfrom themotiondata.Webelievethe
reasonthis works in our caseis that the joint motionsre-
quiredfor graspingaremostly rotationsabouta singleaxis
or anaxisthatchangesslowly throughoutthemovement.

6. Grip Strength

In situationsof sustainedcontact,thereis onedif�culty with
Equation13—the actual joint torquest cannotbe deter-
minedwithout someknowledgeof contactforces,andthese
contactforcesaregenerallynot availablefrom motioncap-
ture data.Without a representationof actual torquesdur-
ing contact,our setpointsmay leadto a handwhich is too
“weak” to supporttheobjectin thegrasp.

Becauseactualcontactforcesarenot known, ratherthan
attemptingto accountfor themexplicitly, wetakeadvantage
of the fact that carefulforcecontrol is not neededto create
thevisualappearanceof graspsandinteractions.Instead,we
rely onoursyntheticgraspsto createtheirown forcebalance
ascontactsaremadeandastheobjectis pulledinto thehand.
Our solution,then,is basedon the intuition thatattempting
to closethehandfurtherwill resultin greaterforceapplied
to theobject.To implementthis idea,weassumethattheset-
point for a�rm graspcanbedeterminedby extrapolatingthe
motionbetweenanopenposeanda closedpose.Theextent
of theextrapolationis adjustedby settingasingleparameter
a to getthedesiredappearancefor thegrasp.Controlof this
parametera canthenbeleft to theanimator.

Note, from Figure 3,without the grip force parameter,
only Setpoint2 is active, i.e., B[2] = 1 during the GRIP-
PING state.When the grip force parametera is incorpo-
rated, then insteadof simply using setpoint (q2; �q2) dur-
ing the GRIPPINGstate,we addto this setpointthe value
a(q2 � q1; �q2 � �q1). The resultingsetpointis equivalent to
closing the hand farther along the joint spaceline repre-
sentedby theclosingportionof themotion.Blendfunctions
for theGRIPPINGstatethenbecome:

B[2] = 1+ a (15)

B[1] = � a (16)

Figure 4: (Left) Rigid-body articulation for the physi-
cal simulation.Theseprimitive modelswere usedin self-
andobjectcollision detectionandreactions.(Center/Right)
Marker setsusedfor handmotioncapture for one-andtwo-
handexamples,respectively.

7. Implementation and Results

Our physical model of the hand,seenin Figure 4, has19
ball joints, for 57 total degreesof freedom.We useODE,
theOpenDynamicsEngine(www.ode.org), to simulatemo-
tion of the handandusethe simpli�ed modelof the hand
geometryshown in Figure4 for thephysicssimulation.Link
lengths,masses,andinertiasfor thehandmodelcomefrom
measurementsof our humanactor and assumptionsabout
averagedensity.

The ODE simulationenginetakescareof detectingcol-
lisions, creatingand breakingcontact,and addingcontact
forces to the handduring the simulation.Contactis han-
dled by addinga specialtype of “contact constraint,” and
the userhascontrol over parameterssuchascoef�cient of
friction. TheODE simulationis a rigid-bodyapproximation
of thehand,which is potentiallyproblematicgiven that the
humanhandis quite compliant.However, two thingsallow
us to get away with this approximation:the stiffnessat the
joints is low, providing thehandwith a greatdealof “give”
in responseto externalforces,andODE'scontactconstraints
canbemadesoft, effectively addingcomplianceto thesys-
tem at the pointsof contact.The simulation's computation
time variesdependingon thenumberof contactspresentat
a given simulationtime; we recordedcomputationspeeds
from 5 to 20 fps on a 3.2 Ghz Athlon processorwith the
simulationtimestepfor theexamplessetat0.2ms.

Ourhandmotioncapturelibrary containscylindergrasps,
a range-of-motiontestwherethe actorattemptsto exercise
all degreesof freedom,and two-handinteractionsinclud-
ing handshakes.Handmotionswerecapturedusinga Vicon
optical motion capturesystem.The Vicon systemgivesus
3D positionsof the markersover time and,to obtain joint
data,we adaptedthe techniquefrom Zordanand van der
Horst [ZH03]. For our exampleswe usedtwo marker sets
with 22and30markersshown in Figure4.

All of ourexperimentsusedtheFSMandblendfunctions
shown in Figure3. To keepthehandfrom contactingtheob-
ject tooquickly, setpointB[1] wassetto 1 duringtheclosing
stateof the grasps.The control parametersusedappearin
Table1. We setdistanceparametersbasedon visual inspec-
tion of themotions,but optimizationcouldbeusedto adjust
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Parameter kS kD kJL D1 D2

Units 1=s2 1=s 1=s2 m m

Grasps 200 50 5000 0.05 0.3

Handshake 300 60 5000 0.09 0.2

Table 1: Parametervaluesusedin our experiments.D0 is
de�nedaszero for all cases.

Figure 5: Framesfroma handshake sequencegeneratedby
our system.Theposesfor thetwo handsare different.Each
hand is running its own controller, with setpointsblended
basedondistancebetweenthehands.

theseparametersautomaticallyfor thebest�t to themotion
data.

The videos illustrate the effects of componentsof our
system.Joint limits areimportantfor creatingplausiblere-
sponseto disturbances,becausethe operatingstiffnessof
our hand is quite low. The supplementaryvideo shows a
comparisonof the drop test with and without joint limits.
Inversedynamicscompensationis important for reducing
�nger lag dueto arm motion, especiallyduring a situation
suchas the handshake, wherethe setpointis constant,but
thearmmotionis highly dynamic.Thesupplementaryvideo
shows thehandshake with andwithout theuseof parameter
t ARM. Without inversedynamicscompensation,waving of
the �ngers is visible asthearmacceleratesanddecelerates.
Wheninversedynamicscompensationis enabled,muchof
the extra �nger motion is eliminated.Graspforce parame-
ter a is surprisinglyeffective at conveying different levels
of strengthfor a grasp.Themainvideoshows a comparison
of the samegraspexecutedat varying levels of a (varying
from 0.0to 0.5).

Two-handinteractionandothergraspingresultsappearin
Figures1, 5, and 6. We testedthe �e xibility of our con-
troller by usingsetpointsderivedfrom a singlemotioncap-

ture exampleto graspobjectsof differentgeometries.Fig-
ure6 showssomeexamples,andadditionalgraspsareshown
in themainvideo.Figures1 and5 show a handshake gener-
atedby oursystem.In thisexperimentweraisedthestiffness
anddampingto allow thehandsto respondmorereasonably
to forcesfrom the otherhand(Table1). The sizeof oneof
the handsdiffers signi�cantly from that of the actor from
with themotiondatawascollected.However, our systemis
ableto obtaina securegraspfor thehandshake despitethis
differencefrom theoriginalmotioncapturescenario.

8. Discussion

Theprimarycontributionof thispaperis atechniquefor cre-
atingcontrollersfor graspingandtwo-handinteractionthat
producehandmotion with the richnessof motion capture
data.We proposedthat an importantaspectof humanhand
motioncomesfrom how it combinespassiveandactivecon-
trol, andwe showed how a layeredsetof controllerscould
becreatedto obtaingoodresponseto externaldisturbances,
createmotion similar to motion capturedata,demonstrate
plausiblecompliancewhenacquiringthegrasp,andprovide
somecontrolovergraspforces.

Setpointcontrolwith torquecontrollersat thejointsmade
it easyfor us to separatepassive responsefrom active con-
trol of thehand,but it wasusefulfor otherreasonsaswell.
First, thiscontrolschemebehavesin aconsistentwayacross
the contactboundary. We do not have to changeparame-
ters or switch control modeswhen transitioningfrom free
spacemotionto motionwith contact.Thecontrolalgorithm
is exactly thesamebefore,during,andaftercontactandbe-
haveswell in situationswith sustainedcontact.Second,set-
point controllershave theadvantageof simplicity. We have
very few setpoints(just six), andthey have a meaningfulin-
terpretation(neutral,open,close,grasp,release,relax, and
return to neutral).Having a small numberof setpointsis
usefulbecausethe setpointscanresult in meaningfulhand
poses,whichmaybe(re-)usedin simpleways.Asanillustra-
tion,Figure7 showsanexamplewheretheuserinteractively
switchesbetweenopenandclosesetpointsto move theob-
ject within thegrasp.We believe setpointcontrolwill make
it easierto obtainhighqualityresultsfor re-parameterization
to graspnew objectsand to adapttiming and distanceto
new scenarios.Thereare alternative controller forms that
couldbeselected– trackingcontrolasin ZordanandHod-
gins[ZH02] orYin, Cline,andPai [YCP03], orexplicit force
control for thedurationof thegrasp.However, similar sim-
plicity andconsistency acrossthe contactboundarywould
bemoredif�cult to achieve usinga trackingor mixedposi-
tion/forcecontrolapproach.

To createpleasingmotion with very few setpoints,we
found that inversedynamicscompensationfor arm motion
wasimportant.In additionto eliminatingsecondarymotion
of the �ngers, inversedynamicscompensationhasthe ad-
vantageof separatingthe effectsof arm andhandmotion,
whichallowsusto runourcontrollerswith armmotionfrom
sourcesother than the original motion capturedata.There
areotherwayswecouldaddresstheproblemof armmotion
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Figure6: Graspsobtainedfroma singlemotioncaptureexample.

Figure7: Simpleinteractiveobjectmanipulationcanbeperformedbygivingtheanimatordirectcontrol oversetpointsequenc-
ing. Here, theanimatoris choosingthetimingbetweenopenandclosesetpointsderivedfromthemotiondata.

in�uencing handdynamics,suchastrackinga denserepre-
sentationof the motion datawith high stiffness.However,
stiffnesshasbeenset to obtaindesiredpassive responseof
thehand,andwedonotwantto changethat.

We alsofound that it wasimportantto provide somein-
tuitive control over apparentgrip strength.To do this, we
choseto modify the grip setpointwhile leaving the com-
plianceof the hand�x ed,which kept our controllersimple
and predictable.Thereis someevidencethat this assump-
tion is not biologically correctandthatstiffnessin thehand
mayincreasewith increasingforce(e.g.,[HH97]), although
thesituationmaybemorecomplex duringgrasping[MF98].
Understandinghow/whetherstiffnessmustbe controlledto
createhumanlike responsesto disturbanceforces from a
graspedobjectis onetopicof futurework.

Oneadvantageof ourapproachis to allow motioncapture
datato begeneralizedto new skeletons(Figure5) andnew
object geometries(Figure 6) while maintainingthe physi-
cally plausibleappearanceof contacteventsand�nger po-
sitions. Our algorithm is limited, however, to generating
graspsthataresimilar in characterto themotioncaptureex-
amplesfrom which they were derived. Our controller has
no knowledgeof the intendedtask and is not able to ori-
ent thehandor adjustthe �ngers to obtaina “better” grasp.

In addition, our algorithm for modulatingbetweensofter
and�rmer graspsdoesnot explicitly balancecontactforces.
It works becausethe graspswe exploredwerewhole-hand
or envelopinggrasps,wheresimply closingthe handmore
tightly is suf�cient to pull theobjectinto thegraspandgen-
erategreaterforce on the object.For thesetypesof grasps,
forcesarebalancedautomaticallyasthehandsettlesinto its
equilibriumposition.

For future work, we areinterestedin extendingthe con-
troller to bettercapturethenaturalcouplingbetweendegrees
of freedomin thehand,incorporatingcomplianceof theskin
andtissue,andexploringautomaticparameterizationof con-
trollers basedon measuressuchas object size.We would
alsolike to developa similar controllerfor armmotionthat
is derived from motion dataandservos the handappropri-
atelyto align it with theobjectto begrasped.
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