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Abstract

Animatechumancharacteisin everydayscenariognustinteractwith theenvironmenusingtheir hands Captued
humanmotioncan provide a databaseof realisticexamplesHowever, examplesnvolving contactare dif cult to
edit and retamget; realismcan sufer whena grasp doesnot appearsecue or whenan appaentimpactdoes
not disturb the hand or the object. Physically basedsimulationscan preserveplausibility through simulating
interactionforces.However, sut physicaimodelamustbedrivenby a controller, andcreatingeffectivecontmollers
for new motiontasksremainsa challenge. In this paper wepresenta contoller for physicallybasedgraspingthat
draws from motion capture data. Our contwoller explicitly includespassiveand active componentgo uphold
compliantyetcontmollable motion,andit addscompensatiofior movemenbf thearm andfor gravity to male the
behaviorof passiveand activecomponenttessdependenon the dynamicsof arm motion.Givena setof motion
captuee graspexamplespur systensolvesfor all but a smallsetof parametes for this controller automatically
We demonstate resultsfor tasksincluding graspingandtwo-handinteractionand showthat a contmoller derived

froma singlemotioncaptule examplecanbe usedto form graspsof differentobjectgeometries.

Cateories and SubjectDescriptors(accordingto ACM CCS}) 1.3.3 [Computer Graphics]: Three-Dimensional

GraphicsandRealism:Animation

1. Intr oduction

Humandexterity is elegantly expressedhroughthe useof

our hands.However, dexterousbehaiors such as grasp-
ing and manipulationare dif cult to corvey in animated
human charactersWhile researchon graspinghas sepa-
rately explored naturalcoordinationpatterng(e.g.,[ SFS02

[KCS03 [ES03) andphysically basedcontrol(e.qg.,[1be97

[BLTK93]), no systemfor graspingis yet availablethatex-

hibits thelevel of realismwe seein motioncapturedataand
also portraysphysically plausibleinteractionsbetweenthe
handandagraspedbiject.

This paperdescribeanapproactwhich combineshuman
motion dataand physically basedsimulationwith the goal
of achiering compellinghandmotion and generatingcon-
vincing contactinteractionsWe have appliedthis algorithm
to hand motionsthat involve sustainedcontact(Figure 1)
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Figure 1: A handshak generted by our systemA grasp
contoller sequencethe appmoad, grasp, release and re-
treat.Joint limits anddesiedstatesor thecontmwller are ex-
tractedautomaticallyfrommotiondata.Resultge ect prop-
ertiesof the original motionandalsodisplayrealistic phys-
ical interactions.
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and demonstrateexamplesof passve responsegrasping,
andtwo-handinteractionthat were createdusing our tech-
nique. Our forward simulationactsbasedon a specialized
controllerwhich is derived from parameteralmostexclu-
sively extractedfrom motion capturedataandwhich makes
useof inversedynamicsasaninternal modelto compensate
for torquesproducedn the handdueto motion of the arm
anddueto gravity.

Ouremphasisn this paperis to allow a physically based
handto movein afashionsimilarto a motioncapturedriven
hand. In addition, when our physically basedhand nds
itself in a different environmentor subjectto unexpected
disturbancest shouldupholdthe samehigh-qualitymove-
ment.To meetthesegoals,we proposehatanimportantas-
pectof humanhandmotion comesfrom its duality asboth
actingactively andpassiely - atall times.This dual nature
givesthehandits complianceandotheridentifying qualities.
Thus,animportantaspecof this approactis the properex-
tractionanduseof control parameterérom motion capture
examples,jn particularto: capturethe passie effectsof the
handin a single neutralsetpoint(or desiredstate);extract
joint limits to keepthe handwithin viable bounds;de ne
active setpointghatallow a simple statemachineto control
graspingand,throughthesesetpointsreatea simplemeans
for controllingthe overall strengthof a grasp.We shaw that
a setof simple controlscanbe layeredtogetherto include
eachof thesecomponentsn turn andthatthey allow usto
generalizeacrossdifferent object geometriesgven from a
singlemotionexample.

The contrikutionsof this paperareto

demonstrateesultsfor graspingandinteractionthatcom-
binerealisticmotionandphysically plausiblecontact,
presenta techniquefor extracting passve and active pa-
rametersaswell asjoint limits from motiondata,

shav that a simple control schemewith few parameters
generateplausibleresponseso disturbancesind gener
alizesto differentobjectgeometries,
notethatinversedynamicscompensatiofior armmotion
andfor gravity is importantfor generatingpleasingmo-
tion with few setpoints.

2. Background

Researcton graspingin computergraphicshasfocusedin
parton kinematicsystemshat selectappropriateposesfor
the handto graspan object [AN99] [HBMT95] [RG91]],
andthere hasbeena large amountof researchn robotics
to position contactpoints optimally on an object surface
(see[Bic0Q] for anoverview). Determinatiorof handposes
for playing musicalinstrumentshas also beenconsidered
[KCMO00] [ES03. While thesesystemscancreatecorvinc-
ing handposture®r sequencesf handposturesthey ignore
thesubtlephysicalinteractionghatoccurasthe handmakes
contactwith anobject.Somerecentresearcthasfocusedon
creatingrealistic physical modelsof the handthat are suit-
ablefor simulation(e.g.,[AHS03), but this work doesnot
addresghe problemof controlling the handto achieve spe-
ci ¢ taskgoals.Researchers graphicsandroboticshave

developedcontrollersthat allow the handto dynamically
conformto objectshape(e.g.,[Ibe97 [MT94] [BLTK93]).

However, manualcontrollerdesignfor ahigh degreeof free-
dom systemsuchasthe humanhandremainsa challenge.
Our systemextracts mary of its parameterslirectly from

motion dataso that the graspingmotion generatecby the
controllercloselyresemblefiumanexamples.

We take inspirationfrom controllersdevelopedfor dy-
namic simulationsof full-body motion (e.g., [HWBO95,
[LvF96], [FvdPTO0J). Controller parametershave been
learnedin situationswith a clear objective function such
asdistancetraveled(e.g.,[VF93, [Sim94, [GT95). How-
ever, for graspingwe expectthat the objective function is
lessclearandthatmoreguidancefrom motion datamay be
requiredto mimic thehumancharacteristicsf this behaior.

A numberof researcherBave exploredsystemghatcom-
bine motion captureand simulation.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-defiative feedbackcontrol to
track real-timemotion capturedatain orderto displaythe
usershandinteractingwith objectsin avirtual environment.
For tasksotherthangrasping,Shapiro,Pighin, and Falout-
sos[SPF03 shav how handdesigneatontrollersandmotion
captureplaybackcan be combinedby switching between
simulationand playbackmodeswhen appropriate Zordan
and Hodgins[ZH02] proposea controller that tracks mo-
tion capturedataand combineit with passie simulation
for reactionsin taskssuchas boxing, and Yin, Cline, and
Pai [YCPO03 shaw thatstiffnesscanbe separatedrom qual-
ity of trackingby addinga feedforward termto the control
equation.And Playter[Pla0Q presentsresultsfor motion
trackingcombinedwith behaior basedtontrolfor simulated
humanrunning. Our work differs in extractinga compact
controllerfrom motion dataand also accommodatingitu-
ationswith sustainedcontact.Our goal is not to track the
motion data,but to nd a reducedrepresentatiorthat can
replicatethatdata,with the belief thatsucha form will bet-
tersupportinterpolationextrapolation plausiblebehaior in
unexpectedscenariosandusercontrol.

It may be desirableto createa controllerwhich is moti-
vatedfrom actualhumancontrol, and researcherin com-
putationalneurosciencéave considerea variety of models
for humanmotor control. An ongoingcontrozersypositions
the equilibrium point hypothesisagainst the role of inter
nalmodels(e.g.,[HMO03]). Theequilibriumpointhypothesis
suggestghat the humansystemcoordinatesnovementby
establishinga trajectoryof equilibrium points. Differences
betweenthe currentsystemstateand equilibrium statere-
sultin forcesdriving the systemandsmoothmotionresults
from the systems naturaldynamicsasit headgoward equi-
librium. In early work in this area,Bizzi and Polit [BP79
hypothesizedhatthetamgetin areachingtaskis encodedas
amuscleactiation "setpoint”,andFlash[Fla87 foundthat
relatively simpleequilibriumpointtrajectoriesouldexplain
obsered reachingmotions.In contrast,a representatiomf
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control using internalmodelsassumeshat peoplehave an

internalmodelof their systemdynamicsandusethis model
to “compute” muscleactivationsrequiredto control move-

ment. This view is supportedfor example,by experiments
testingmotorlearningandcontrolin environmentswith new

dynamics(e.g., arti cial force elds) [Kaw99]. Somere-

searchersuggesthatthe two modelsare not 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
handthat producesmotion of quality comparablé¢o motion
capturedata.The simulationinfrastructureincludesmecha-
nismsfor handlingcollision and contactandfor maintain-
ing the stateof the physical systemover time; our imple-

mentationof this systemis reviewedin Section7. The pri-

mary contritution of our paper however, is the control al-

gorithmthat suppliesjoint torquesto drive the handduring
eachtimestepof the simulation.

To control a physically basedhandfor grasping,we ex-
plicitly includecomponentgor passie movement(t p) and
active mavement(t o) stemmingfrom our belief that both
mustbepresento createbelievable,compliantmotionwhen
thehandsimulationis putundemew conditions We adddy-
namicscompensatiofior armmotion(t aArm) andfor gravity
(tg), andassembléhesecomponentin thefollowing equa-
tion:

t=tp+ta+ttarmtic ()

Parameters Arm andt g aredynamicscompensatioterms,
andtheir goal is to separatehe intentionalmotion of the
handfrom secondaneffectsdueto armmotionandgravity.
The separatiorof arm motion from shapingof the handfor
the graspis supportedby researcton humangrasping(e.g.,
see[MI94]), andthe useof internaldynamicmodelsis sup-
portedby researcton humanreaching Kaw99].

Parametersary andt g arecomputedy solvingfor joint
torquesthat would be requiredin the handif velocitiesand
accelerations thepalmand ngers werezero.More specif-
ically, assumeave write thedynamicsequatiorfor thesystem
asfollows

tp+ta+t tarm+ to+ I f= 19+ V(g0)+ G(q) (2)

wherel" f representorquesdueto externalforces|| thein-
ertiaof thesystemy/(q; q) velocity productterms,andG(q)
the effectsof gravity. In termsof this equationt g is setto
exactly cancelG(q), andt arwm is setto cancelcomponents
of Ig+ V(q;q) thatdependonly on the motion of the arm
(i.e.,thearmaccelerationermandary armvelocity product
terms).

Thedynamicscompensatiotermsallow t p andt 4 to rep-
resenpassie andactivejoint torquesspeci cally relevantto
grasping.Thenext sectionsdescribehow t p andt 5 arecal-
culatedfrom motion captureexamplesandhow we provide
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Figure 2: We performed“dr op” teststo empirically select
gainsfor the passivecontroller. This gur e showsresponse
of the passivecontwller during onesud drop test.

functionality for adjustinggraspforceswithin this control
scheme.

4. Passive Hand Control (tp)

Much of thehumanhands signatureanovementcomesfrom
its passve characteristicsboth derived from its tendeng
toward a comfortable,neutral posewhich it will returnto
when other excitationsare not presentand from the inter
play of joint limits - asa limit is meta joint up the chain
often providesadditionalpassve "give" to extendthe range
of motion. We combinethesetwo componentgo createa
handwhich actspassiely in a fashionsimilar to a human
hand.Thatis, without explicit internalactuationwe antici-
patethatour passie controllerwill yield asimulationwhich
shawvs bias toward a natural equilibrium or neutral point,
ONEUTRAL andwill obey reasonabl@int limits, v T, for
eachdggreeof freedom.As such,the equationthat we use
for passie controlis

g+ ki(aumit a9 kog (3)

Here q and g arethe currentjoint angleand joint angular
velocity valuesfor the systemin axis-angleformat. Param-
eterkg is the stiffnessusedto drive the systemtoward the
neutralpose,gneuTrAL and parametekp is the damping
constantStiffnessterm,k;j_, is usedto drive thesystenback
into thelegal rangeof joint anglesandis only nonzerovhen
ajoint is outsideits range.Jointlimit g T representshe
currently active limits for ary degreesof freedomthat are
outsidetheir rangesParametel is the inertiamatrix of the
bodieseffectedby thejoint (moving from thewrist outward).
Note that| dependon joint con guration and mustbe re-
computecevery timestep.

tp=1 ks(ONEUTRAL

Of the parametersequiredfor Equation3, two are ex-
tractedirom themotiondata.SetpointneyTraL iSthemean
posein our datasetJoint limits g_ vt are extremesob-
senedin themotion capturdibrary for eachdegreeof free-
dom. Theselimits include extreme posesobsered while
graspingand during active exploration of rangeof motion.
Our databaseéncludesmotionswherethe actoris asked to
move the handand ngers to exerciseeachdegreeof free-
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domtoits full extentwithouttheassistancef externalforces
from theervironment.

Threescalarparametersnustthenbe setby the animator
to fully de ne the passie controller:kg, kj_, andkp. These
parametergleterminethe complianceof the hand,both in
freemotionandasit approacheajoint limit. We makethese
parameterghe sameat every joint so that the compliance
throughoutthe handis uniform. More speci cally, consider
Equation2. From this equationwe seethat applying pas-
sive torquet p resultsin achangen accelerationtp = 1Dqg.
Comparingto Equation3 we seethat:

Dg = ks(AneuTraL @)+ KoL(Qumit @) kpd  (4)

In otherwords,givenconstanks, kj , andkp, thesameval-

uesfor (dneutrar @) (dumiT  d); andg will produce
thesamechangein acceleratiorg atevery joint.

We setparametergs, k., andkp basedn simple“drop”
testssuchasthatshavn in Figure 2. Speci cally, we chose
theseparameterghroughtrial and error by running simi-
lar drop testsa numberof timesuntil we obtainedvisually
pleasingresultsconsistentwith our obsenationsof human
handbehaior. Giventheright setof passve responsexper
iments webelieve theseparametersouldbedeterminediu-
tomatically but they werenotdif cult for usto set.Oncethe
valuesweretuned,we keptthem x edthroughoutour other
experimentswith somesmalladjustment$or thehandshak&
(Tablel).

5. Active Control (ta)

To activatethe handfor a graspingbehaior, we includeac-
tivetorque.t a, controlledvia thesimple nite statemachine
(FSM) shawn in Figure 3. This statemachineis mostlyin-

dependentf time andinsteadrelieson thedistancefrom an
objectto triggerdifferentactiondeadingupto andfollowing

a grasp.The statesof the FSM were selectedbasedon ob-

senationsof the motion of several graspexamplesandwe

believe will generalize¢o mary othergraspactvities.

Theequationfor theactive torqueis

ta=1 ks(dpes Q)+ kp(dpes ) (5)

wherethe stiffnessanddampingparameterareidenticalto
thoseusedin thepassie controllerandl is theinertiamatrix
for the outboardbodiesasin Equation3. Parametersipgs
and gpgs are desiredvaluesfor joint anglesand joint an-
gularvelocitiestoward which the handwill bedriven.They
dependnthecurrentstateof theFSM andon distancerom
handto object.In particular for eachstate,qpes andqpgs
will beablendbetweersetpoints.

Opes = BRs (6)
Opes = BP (7)

whereB is theblendfunctionandPs andPp arethe position
andvelocity elementf the setpoints.

We have six setpointqq;; gi), which areexpressedor al-

Figure 3: Finite statemadineandactivesetpoints.

gebraicmanipulationas
Ps = [do a1 = Gs]' (8)
T
Pbo = god1:0s 9)
Blend function B is dependenbn stateand distancefrom

handto object. The blendfunctionsare shavn in Figure 3.
For example,in theNEUTRAL state,

B=[100000Q] (20)
In the CLOSING state,
B=[0(1 a a000q (11)
with
_ D1 dist
" D1 DO (12)

In otherwords,duringthe CLOSING statewe linearly blend
from setpoint(gs; g1) to setpoint(gz; g2) asthedistancede-
creasedrom D1 to DO. Whenthe distancereache0, the
statetransitionso GRIPPING.

5.1. Extracting Active Setpointsfrom Motion Capture

To createan active controllerthat resultsin naturallooking
motion,we usethe simplecontrolmodelproposechereand
t the parametersf thatmodelusingdatafrom our motion
library. Assumewe have a singlegraspingtrajectorywe are
trying to match.This graspingtrajectorygives us the data
requiredto solve for setpointdPs andPy. CombiningEqua-
tions 1 and5 leadsto thefollowing expression.

ks(dpes @)+ ko(dpes @) =1 (t tarm tc tp)
(13)
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which canberewritten as
ksBPs+ kpBRb = ksg+ kpg+ | (t tarm tc tp)

(14)

whereall parametergxceptPs and Py areavailableor can

be computedrom the motion captureexample.Eachframe

of the example graspgives us one such equation,and we

combinetheseequationsnto asinglelargelinearsystenthat

canbesolvedfor Ps andPp usingleastsquares.

Notethatto make Equationl3linearin theunknavns,we
are suggestinghat we cantake the differenceof two rota-
tionsby subtractingheir vectorform representationsn our
systemwe modelall joints asball joints andoperateon ro-
tationsexpressedn axis-angleformat. While this is a very
poorapproximatiorin generalwe foundthatit workedwell
for extractingsetpoint€from themotiondata.We believe the
reasonthis works in our caseis that the joint motionsre-
quiredfor graspingare mostly rotationsabouta single axis
or anaxisthatchangeslowly throughouthe movement.

6. Grip Strength

In situationsof sustainedontactthereis onedif culty with

Equation 13—the actual joint torquest cannotbe deter

minedwithout someknowledgeof contactforces,andthese
contactforcesare generallynot availablefrom motion cap-
ture data. Without a representatiorof actualtorquesdur

ing contact,our setpointsmay leadto a handwhich is too

“weak” to supportthe objectin thegrasp.

Becausectualcontactforcesare not known, ratherthan
attemptingo accounfor themexplicitly, we take advantage
of the factthat carefulforce controlis not neededo create
thevisualappearancef graspsandinteractionsinsteadwe
rely onoursyntheticgraspgo createtheirown forcebalance
ascontactsaremadeandastheobjectis pulledinto thehand.
Our solution,then,is basedon the intuition that attempting
to closethe handfurtherwill resultin greaterforce applied
to theobject.Toimplementhisidea,we assumehattheset-
pointfor a rm graspcanbedeterminedy extrapolatingthe
motionbetweeranopenposeanda closedpose.The extent
of theextrapolationis adjustedby settinga singleparameter
a to getthedesiredappearancéor thegrasp.Controlof this
parameten canthenbeleft to theanimator

Note, from Figure 3,without the grip force parameter
only Setpoint2 is actve, i.e., B[2] = 1 during the GRIP-
PING state.When the grip force parametera is incorpo-
rated, then insteadof simply using setpoint(qgz; d2) dur
ing the GRIPPING state,we addto this setpointthe value
a(g2 g1;92 g1). Theresultingsetpointis equivalentto
closing the hand farther along the joint spaceline repre-
sentedby theclosingportionof themotion.Blendfunctions
for the GRIPPINGstatethenbecome:

B[2]
B[1]

1+a (15)
a (16)
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Figure 4: (Left) Rigid-body articulation for the physi-
cal simulation. Theseprimitive modelswere usedin self-
and objectcollision detectionand reactions(Center/Right)
Marker setsusedfor handmotioncaptue for one-andtwo-
handexamplesrespectively

7. Implementation and Results

Our physical model of the hand,seenin Figure 4, has19
ball joints, for 57 total degreesof freedom.We use ODE,
the OpenDynamicsEngine(www.ode.og), to simulatemo-
tion of the handand usethe simpli ed model of the hand
geometryshavn in Figure4 for the physicssimulation.Link
lengths,massesandinertiasfor the handmodelcomefrom
measurementsf our humanactor and assumptionsbout
averagedensity

The ODE simulationenginetakes careof detectingcol-
lisions, creatingand breakingcontact,and adding contact
forcesto the hand during the simulation. Contactis han-
dled by addinga specialtype of “contact constraint, and
the userhascontrol over parametersuchas coefcient of
friction. The ODE simulationis arigid-bodyapproximation
of the hand,which is potentially problematicgiven thatthe
humanhandis quite compliant.However, two thingsallow
us to getaway with this approximationthe stiffnessat the
joints is low, providing the handwith a greatdealof “give”
in respons¢o externalforces,andODE's contactconstraints
canbe madesoft, effectively addingcomplianceto the sys-
tem at the points of contact.The simulations computation
time variesdependingon the numberof contactspresentat
a given simulationtime; we recordedcomputationspeeds
from 5 to 20 fps on a 3.2 Ghz Athlon processomith the
simulationtimestepfor theexamplessetat0.2ms.

Ourhandmotioncapturdibrary containscylinder grasps,
a range-of-motiortestwherethe actorattemptsto exercise
all dggreesof freedom,and two-handinteractionsinclud-
ing handsha&s.Handmotionswerecapturedusinga Vicon
optical motion capturesystem.The Vicon systemgives us
3D positionsof the markers over time and, to obtainjoint
data,we adaptedthe techniquefrom Zordanand van der
Horst [ZH03]. For our exampleswe usedtwo marker sets
with 22 and30 markersshowvn in Figure4.

All of our experimentuusedthe FSM andblendfunctions
shavn in Figure3. To keepthe handfrom contactingheob-
jecttoo quickly, setpointB[1] wassetto 1 duringtheclosing
stateof the grasps.The control parametersisedappearin
Tablel. We setdistanceparameterdasedon visualinspec-
tion of themotions,but optimizationcouldbe usedto adjust
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Parameter ks kp kaL D1 D2

Units 1=s? 1=s 1=5? m m

5000 0.05 0.3
5000 0.09 0.2

Grasps 200 50
Handshak 300 60

Table 1: Parametervaluesusedin our experimentsDO is
de nedaszew for all cases.

Figure 5: Framesfroma handshak sequencgeneatedby
our systemTheposedor thetwo handsare different. Each

handis running its own contwller, with setpointsblended
basedon distancebetweerthe hands.

theseparametersutomaticallyfor thebest t to themotion
data.

The videos illustrate the effects of componentsof our
system.Jointlimits areimportantfor creatingplausiblere-
sponseto disturbancesbecausehe operatingstiffnessof
our handis quite low. The supplementarwideo shavs a
comparisonof the drop testwith and without joint limits.
Inverse dynamicscompensatioris importantfor reducing
nger lag dueto arm motion, especiallyduring a situation
suchasthe handshak, wherethe setpointis constantbut
thearmmotionis highly dynamic.Thesupplementaryideo
shaws the handsha& with andwithout the useof parameter
t aArm- Without inversedynamicscompensationwaving of

the ngers is visible asthe armaccelerateanddecelerates.

Wheninversedynamicscompensatiors enabledmuch of

the extra nger motion is eliminated.Graspforce parame-
ter a is surprisinglyeffective at corveying differentlevels

of strengthfor agrasp.Themainvideoshavs acomparison
of the samegraspexecutedat varying levels of a (varying

from 0.0to0 0.5).

Two-handinteractionandothergraspingresultsappeaiin
Figures1, 5, and6. We testedthe e xibility of our con-
troller by usingsetpointderived from a singlemotion cap-

ture exampleto graspobjectsof differentgeometriesFig-
ure6 shavs someexamplesandadditionalgraspsareshavn
in themainvideo.Figuresl and5 shav ahandsha&gener
atedby oursystemIn this experimentwe raisedthestiffness
anddampingto allow thehandso respondmorereasonably
to forcesfrom the otherhand(Table 1). The size of one of
the handsdiffers signi cantly from that of the actor from
with the motion datawascollected However, our systemis
ableto obtaina securegraspfor the handsha& despitethis
differencefrom the original motion capturescenario.

8. Discussion

Theprimarycontribution of this papetis atechniquéor cre-
ating controllersfor graspingandtwo-handinteractionthat
producehand motion with the richnessof motion capture
data.We proposedhatanimportantaspeciof humanhand
motioncomesrom how it combinegassve andactive con-
trol, andwe shawved how a layeredsetof controllerscould
be createdo obtaingoodresponséo externaldisturbances,
createmotion similar to motion capturedata,demonstrate
plausiblecompliancevhenacquiringthegrasp,andprovide
somecontrolover graspforces.

Setpointcontrolwith torquecontrollersat thejoints made
it easyfor usto separatgassie responsdrom active con-
trol of the hand,but it wasusefulfor otherreasonsaswell.
First, this controlscheméehaesin a consistentvay across
the contactboundary We do not have to changeparame-
ters or switch control modeswhen transitioningfrom free
spaceamotionto motionwith contact.The controlalgorithm
is exactly the samebefore,during,andafter contactandbe-
haveswell in situationswith sustaineadontact.Secondset-
point controllershave the advantageof simplicity. We have
very few setpointgjust six), andthey have a meaningfulin-
terpretation(neutral,open,close,grasp,releaserelax, and
return to neutral). Having a small numberof setpointsis
usefulbecausedhe setpointscanresultin meaningfulhand
poseswhichmaybe(re-)usedn simpleways.As anillustra-
tion, Figure7 shavs anexamplewherethe userinteractiely
switchesbetweenopenand closesetpointso move the ob-
jectwithin the grasp.We believe setpointcontrolwill make
it easierto obtainhighquality resultsfor re-parameterization
to graspnew objectsand to adapttiming and distanceto
new scenariosThere are alternatve controller forms that
could be selected- trackingcontrolasin ZordanandHod-
gins[ZH02Z] or Yin, Cline,andPai[YCPO03, or explicit force
controlfor the durationof the grasp.However, similar sim-
plicity and consisteng acrossthe contactboundarywould
bemoredif cult to achieve usingatrackingor mixed posi-
tion/forcecontrolapproach.

To createpleasingmotion with very few setpoints,we
found that inversedynamicscompensatiorfor arm motion
wasimportant.In additionto eliminatingsecondarynotion
of the ngers, inversedynamicscompensatiorhasthe ad-
vantageof separatinghe effects of arm and handmotion,
whichallows usto run our controllerswith armmotionfrom
sourcesotherthanthe original motion capturedata. There
areotherwayswe couldaddresghe problemof armmotion
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Figure 6: Graspsobtainedfroma singlemotioncaptuie example

Figure 7: Simpleinteractiveobjectmanipulationcanbe performedoy giving theanimatordirectcontrol over setpointsequenc-
ing. Here, theanimatoris choosingthetiming betweeropenandclosesetpointderivedfromthe motiondata.

in uencing handdynamics suchastrackinga denserepre-
sentationof the motion datawith high stiffness.However,
stiffnesshasbeensetto obtaindesiredpassie responsef
the hand,andwe do notwantto changethat.

We alsofound thatit 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 correctandthat stiffnessin the hand
may increaseawith increasingorce (e.g.,[HH97]), although
thesituationmaybemorecomplex duringgraspind MF98].
Understandindiow/whetherstiffnessmustbe controlledto
createhumanlile responsego disturbanceforces from a
graspedbjectis onetopic of futurework.

Oneadvwantageof ourapproachs to allow motioncapture
datato be generalizedo new skeletons(Figure5) andnew
object geometrieqFigure 6) while maintainingthe physi-
cally plausibleappearancef contacteventsand nger po-
sitions. Our algorithm is limited, however, to generating
graspshataresimilarin characteto the motioncaptureex-
amplesfrom which they were derived. Our controller has
no knowledge of the intendedtask andis not ableto ori-
entthe handor adjustthe ngers to obtaina “better” grasp.
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In addition, our algorithm for modulatingbetweensofter
and rmer graspsdoesnotexplicitly balancecontactforces.
It works becausehe graspswe explored were whole-hand
or erveloping graspswheresimply closingthe handmore
tightly is sufcient to pull the objectinto thegraspandgen-
erategreaterforce on the object. For thesetypesof grasps,
forcesarebalancechutomaticallyasthe handsettlesinto its

equilibriumposition.

For future work, we areinterestedn extendingthe con-
troller to bettercapturehenaturalcouplingbetweerdegrees
of freedomin thehand incorporatingcomplianceof theskin
andtissue andexploring automatigparameterizatioof con-
trollers basedon measuresuch as object size. We would
alsolike to develop a similar controllerfor armmotionthat
is derived from motion dataand senos the handappropri-
atelyto align it with the objectto begrasped.
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