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Abstract
Robotichandsare still a long way from matching the

graspingandmanipulationcapabilityof their humancoun-
terparts.Onewayto pushtheresearch further alongis to
usecomputermodelingandsimulationto learnmoreabout
humanand robotic grasping. We havecreateda publicly
availablesimulator to servethis purpose. It can accom-
modatea widevarietyof handdesigns,andit canevaluate
graspsformedby thesehands,aswell asperformfull dy-
namicsimulationof thegraspingprocess.In thispaper, we
presentthevariouscomponentsof thesystem,andwede-
scribetwoprojectswhichuseit asanintegral part of larger
graspplanningsystems.We alsodiscussthedevelopment
of a humanhandmodelthat usesaccurategeometryand
kinematicsderivedfromexperimentalmeasurements.This
is part of our currentproject to createa biomechanically
realistichumanhandmodelto betterunderstandwhatfea-
turesaremostimportantto mimicin thedesignsof robotic
hands.

1 Intr oduction
Theprogressin building capablerobotichandshasbeen

slow. An importantfactorthathasaffectedtheprogressin
this �eld is the lack of easilyobtainable,low costexper-
imental robotic handsthat canbe usedas testbeds. The
high costanddif�culty of building a robotic hand,along
with theassociatedelectronics,control systems,andinte-
gratedsensinghasledto aseriouslackof experimentalde-
vicesin the�eld. In fact,wereonedesirousof purchasing
a robotichandtoday, thereappearto befew, if any, avail-
able. Customdesignsexist, but usuallyarelacking in the
higherlevelsof systemintegrationthatcanturna mechan-
ical device into a full-�edged graspingsystem.

Whatcanpushthis researchfurtheralong?How canwe
designintelligentsystemswith theability to graspobjects?
A partialsolutionto this problemis to usecomputermod-
eling andsimulationto effectively designandtestrobotic
handsin typical taskenvironments.As thecomputermod-
elsgetbetter, andthehardwarefaster, realisticsimulation
canbeusedto learnmoreaboutroboticgrasping.

At Columbia University, we have createda publicly
availablesimulatorto serveasausefultool for graspingre-
search.Thesystem,calledGraspIt!1, canaccommodatea

1The source code for GraspIt! is available for download from
http://www.cs.columbia.edu/˜amiller/graspit.

widevarietyof handandrobotdesigns.It includesa rapid
collision detectionandcontactdeterminationsystemthat
allows a userto interactively manipulatethe joints of the
handandcreatenew graspsof a targetobject. Eachgrasp
is evaluatedwith numericquality measures,andvisualiza-
tion methodsallow the userto seethe weakpoint of the
graspandcreatearbitrary3D projectionsof the 6D grasp
wrenchspace.Thedynamicsenginewithin GraspIt! com-
putesthemotionsof a groupof connectedrobotelements,
suchas an arm and a hand,under the in�uence of con-
trolled motorforces,joint constraintforces,contactforces
andexternalforces.Thisallows thedynamicsimulationof
anentiregraspingtask,aswell astheability to testcustom
robotcontrolalgorithms.

In this paperwe presentfurther details regardingthe
variouscomponentsof the system,and we also describe
two projects which use GraspIt! as an integral part of
a larger graspplanningsystem: one generatescandidate
graspsusingheuristicsandprede�nedgrasptaxonomies,
andtheotherusesa supportvectormachineto learnhigh
quality graspsof parametricobjects. Finally, we discuss
our developmentof a humanhandmodel that usesaccu-
rate geometryandkinematicsderived from experimental
measurements.This is partof anongoingprojectto create
abiomechanicallyrealistichumanhandmodelto betterun-
derstandwhatfeaturesaremostimportantto mimic in the
designsof robotic hands. Sucha modelwill alsoenable
studiesof thefunctionalabilitiesof theintactandimpaired
humanhandusingtherigorousmathematicalframeworkof
robotics.

2 GraspIt!
In building GraspIt!, we were aware of several com-

mercial roboticssimulatorsavailable, including Delmia's
IGRIP, Flow Software Technologies'Workspace5,MCS
Software's ADAMS, andtheEasy-Robsystem,aswell as
pastandpresentresearchprojectsin robot simulation,in-
cludingamongothersCorke'sRoboticsToolboxfor MAT-
LAB [4], Speckand Klaeren's RoboSiM [29], and Rus-
pini and Khatib's Simpact[25]. Thereare a numberof
importantelementsthat setGraspIt! apartfrom this body
of previous work, the most important being that it has
beendevelopedspeci�cally to analyzeand visualize the
roboticgraspingtask.Accordingly, noneof thesimulators
above have the capability to computedynamicfrictional



Figure1: GraspIt! robotmodelsof (from left to right): a paralleljaw gripper, Barretthand,DLR hand,NASA Robonauthand,Rutgers
hand,andPuma560arm.

contactforcesaccurately, which is anessentialcomponent
of graspingproblems. Further, they also lack the grasp
analysisandplanningalgorithmsthat are incorporatedin
GraspIt!. Finally, GraspIt! is a total packagethat includes
not only modelsand a simulation engine,but a power-
ful andadvanceduserinterfacethat facilitatesits use. In
the following sectionswe provide a brief overview of the
componentsandfeaturesof thesystem,aswell asdescribe
someof its applications.Furtherinformationregardingthe
systemandits applicationscanbe found in the following
papers[12, 14, 15, 16, 17, 23].

2.1 GraspIt! World Elements
Body Types: A basicbody consistsof a pointerto its

geometry, a materialspeci�cation, a list of contacts,and
a transformthat speci�es the body's poserelative to the
world coordinatesystem.Thebodygeometryis readfrom
anInventormodel�le thathasessentiallythesameformat
asVRML 1.0. The materialis oneof a setof prede�ned
materialtypesandis usedwhencomputingthecoef�cient
of friction betweentwo contactingbodies.

A dynamicbodyinheritsall of thepropertiesof a body
andde�nes themassof thebody, thelocationof its center
of mass,andits inertia tensor. If the massdistribution is
unknown, thesystemcancomputetheinertiatensorby as-
sumingauniformmassdistribution. Thereasonfor distin-
guishingbetweenbodiesanddynamicbodiesis thatsome
bodiesaresimplyconsideredobstacles,andwhile they are
elementsof thecollisiondetectionsystemandcanprovide
contactsonotherbodies,they arenotpartof thedynamics
computationsandremainstatic. This makesit possibleto
createa complex world full of obstacleswithout making
thedynamicsintractableto compute.

Robots: Wehavetried to makethede�nition of a robot
asgeneralaspossibleto allow a wide varietyof robotde-
signsto be imported. Thesystemreadsthekinematicpa-
rameters(speci�ed in standardDenavit-Hartenberg nota-
tion) for eachchainof links andjointsfromatext �le, loads
thegeometryfor eachlink, andconstructsthe robot. Our
de�nition separatesdegreesof freedom(DOF) from joints
andallows multiple joints to be driven by the sameDOF
becauseit is commonin many handdesignsto have cou-
pledjoints thatarepassively controlledby otherjoints.

A handis aspecialtypeof robotthatcanform graspsof
objects,andthesegraspswill beanalyzedby thesystem.It
alsoincludesanauto-graspmethodwhichclosesthejoints
of the handat presetvelocities. Eachjoint stopswhenit

hasreachedits limit or whena link that follows it in the
kinematicchaincontactsanobjector another�nger link.

The Robot Library: The ability to easily add new
robot designsis a key bene�t of our system. It is a rela-
tively simpleprocessof specifyingtheparametersrequired
by the con�guration �le, creatingthe link geometry�les,
andin mostcasestakeslessthananhouror two to setup.
Wehavealreadycreatedmodelsof aparalleljaw gripper, a
Puma560arm,andasimpli�ed NomadicsXR4000mobile
robot. Additionally, throughcollaborationwith other re-
searchsiteswe have obtainedCAD modelsandkinematic
descriptionsof four differentarticulatedhanddesigns(see
�gure 1).

Anotherfeatureof GraspIt! is theability to attachmul-
tiple robots to createrobotic platforms. The systemal-
lows the de�nition of a treeof robotswhereany number
of robotscan be attachedto the last link of a kinematic
chainof anotherrobot. This allows us to constructmore
complex manipulationsystems,andtogetherwith a world
modelspecifyingtherobot'senvironment,wecanplanand
testour entiregraspingtasksothatwe canavoid planning
graspsthatwill con�ict with theseobstacles.

2.2 User Interface
Oneof thedesigngoalswe believe we achievedwasto

make theuserinterfaceasintuitiveandtransparentaspos-
sible. When a userstartsa new session,he is presented
with an empty world into which he can import new ob-
stacles,graspablebodies,or robots,andat any point the
currentstateof theworld canbesaved to be loadedagain
later in anothersession.Theprimaryelementof themain
window is a standardviewer, which displaysa projection
of a 3D world in a 2D window. Thevirtual cameracanbe
rotated,panned,or zoomed,anda seektool allows close
up inspectionof a particulardetail in thescene.

Whenthedynamicsarenotbeingused,obstacles,gras-
pablebodies,androbotsmay be translatedandrotatedin
3D using an appropriatemanipulatorthat appearsupon
clicking ontheobject.Manipulatingtheindividualdegrees
of freedomof a robot is equally intuitive. Clicking on a
kinematicchainof the robot bringsup an interactive ma-
nipulatorfor eachactively controllablejoint in the chain.
Revolute joints are controlledby dragginga disc whose
axis of rotation is coincidentwith the joint axis (see�g-
ure 2), andprismaticjoints arecontrolledby draggingan
arrow whichis alignedwith thejoint axis.Thesemanipula-
torsobey thejoint limits de�ned in therobotcon�guration



Figure2: Left: Theuserinterfacemakesmanipulatingjoints simple. Theangleof a revolute joint canbechangedby dragginga disc
manipulatorlocatedat the joint. The passive distal joint movesin a �x ed relationshipwith the medial joint. The quality of a graspis
shown as“Unstable”until a force-closuregraspis formed.Right: A force-closuregraspof a mugusinga paralleljaw gripper. Theworst
andaveragecasequality valuesaredisplayedin thelower left portionasthevaluese andv. Thepair of purpleindicatorsshow theforce
andtorquecomponentsof theworstcasedisturbancewrench.In theupperleft is a projectionof thegraspwrenchspacethatshows the
spaceof forcesthat canbeappliedto themug without creatinga moment,andin the lower left is a projectionthat shows thespaceof
torquesthatcanbeappliedwithouta netforceactingon theobject.

�le andpreventtheuserfrom moving beyondthem.
Anotherimportantfeatureis theability to interactwith

portionsof GraspIt! throughMATLAB. The systemcan
be run as a server that acceptsTCP socket connections,
andthenin MATLAB, compiledMEX functionsareused
to communicatewith theserver to setrobotmotortorques,
stepthedynamicsimulationby onetime step,andretrieve
thestateof theworld includingall of thecontactforcesand
thecurrentpositionandvelocityof eachbody. Thisallows
externalMATLAB functionsto controlthesimulation.
2.3 Contacts

To prevent bodies from passingthrough each other
while they arebeingmanipulatedby the user, the system
performsreal-timecollision detectionusingtheProximity
QueryPackage[13]. If a collision is detected,themotion
of thebodiesmustbereversedbackto thepoint whenthe
contact�rst occurs.To �nd this instant,GraspIt! performs
a binarysearchthatendswhenthebodiesareseparatedby
a distancethat is lessthanthecontactthreshold(currently
setat 0.1mm).Thenthesystemdeterminestheconvex re-
gionsof contactbetweenthe two bodiesanddraws a red
friction coneat eachcontactpoint, which servesto visu-
ally mark the positionof the contactandits normal. The
width of thisconeidenti�es how largeany frictional forces
can be with respectto a force appliedalong the contact
normal.
2.4 Grasp Analysis

WhenGraspIt! is usedin thestaticmode,the�ngers of
a handmay be closedaroundthe objectwithout causing
it to move, andevery time a contactis formedor broken
thesystemevaluatesthe currentgrasp.This evaluationis
doneusingoneor morequality metrics.Thecurrentmet-
rics evaluatethe ability of the graspto resistdisturbance
forces,but future metricswill evaluateobject manipula-
bility andthe grasp's robustnesswith respectto errorsin
contactplacement.

Toevaluateagrasp'sef�ciency againstdisturbances,the
systembuilds the 6D graspwrenchspaceusinga convex
hull operationonthesetof possiblecontactwrenchesgiven

aunit strengthgrasp[14]. Thevolumeof thisspaceis used
as an averagecasequality measure,since the larger the
spaceis, themoreef�cient thegraspis. The point on the
hull boundarythat is closestto the origin representsthe
grasp'sweakestpoint (i.e. thewrenchthatis mostdif�cult
for thegraspto apply).Thedistanceto thispoint is usedas
aworstcasequality measure.

Thesenumeric resultsallow an objective comparison
betweengrasps,but in somecasesit is desirableto visual-
izemoreof thegrasp'scharacteristics.To supportthis, the
systemcanproducearbitrary3D projectionsof the grasp
wrench spacewhich give a better senseof a particular
grasp's strengthsandweaknesses.It canalsodisplaythe
worst casedisturbancewrench,which is the force-torque
combinationthat is most dif�cult for the graspto resist.
Figure2 shows an exampleof theseresults,anddemon-
strateswhy paralleljaw grippersarenot goodat grasping
roundobjects.Becausethe�at platesonly contactthemug
surfacein two places,thegraspcannoteasilyresistatorque
abouttheaxisbetweenthosetwo contactregions,asshown
by thepurpleworstcasedisturbancewrenchindicator.

2.5 Simulating Dynamics
Thesystemallows theuserto form graspsof anobject

andanalyzethesegraspswithoutusingdynamics.To study
theevolution of a graspandto testgraspingcontrolalgo-
rithms,however, we mustconsiderhow thehandandob-
jectmoveovertimeunderthein�uenceof controlledmotor
forces,gravity, inertialforces,andin responseto collisions.
To computethemotionof eachdynamicbodyin theworld,
we usea numericalintegrationschemethat computesthe
changein velocity of eachbody over a small �nite time
stepgivena setof externalforcesactingon thebody and
any joint constraints,non-interpenetrationconstraints,and
friction constraintsthat may alsobe present.Thesecon-
straintsare linearizedandformulatedasa linear comple-
mentarityproblem(LCP) [1], thatis solvedusingLemke's
algorithm[5], a pivoting methodsimilar to thesimplex al-
gorithmfor linearprogramming.Thesolutionprovidesnot
only thenew velocityof thebodies,but alsothenormaland



frictional impulsesat thecontactpoints. After eachitera-
tion of thedynamicsis completed,thesystemcandraw the
contactforcesateachcontactpoint,andatany timethedy-
namicsmaybe pausedto examinethestateof thesystem
or to changethecurrentsimulationparameters.

With the dynamicsin place,it is possibleto studythe
temporalformation of grasps. In the examplepresented
in �gure 3, the Barrett handis positionedabove a wine
glasswhich restson its side on the table. The PD joint
controllersof thePumarobot hold thewrist in place,and
the desired�nal positionof the handjoints is set to fully
closed. The �gure shows the initial setupand5 different
time slicesduring thesimulation.Thedefault time stepis
2.5ms,but smallerstepsmayoccurdueto contactevents.
Becausethereis very little friction betweentheplasticand
glasssurfaces,andbecausethe glassis tapered,the hand
squeezestheglassout of its grasp.As thesimulationcon-
tinues,thewine glassslidesandrolls off the table,hitting
thePumaroboton its waydown to the�oor .

3 Applications
GraspIt! hasbecomea platform that supportsresearch

in avarietyof areasrelatedto grasping.With its integrated
graspanalysismethods,we have appliedit to theproblem
of planninghigh quality graspsof objects.Below we de-
scribetwo differentsystemswe have built with GraspIt!
that approachthis challengingproblemin differentways.
Finally, we presentsomeof our mostrecentwork in creat-
ing abiomechanicallyrealistichumanhandmodelthatwill
notonly helpcliniciansbetterunderstandthemechanicsof
the handand plan reconstructive surgeries,but will also
help robotic handdesignersbuild handsthat comecloser
to matchingthecapabilitiesof our own hands.

3.1 Grasp Planning
The graspplanningproblemis extremelydif�cult be-

causeof the numberof degreesof freedomof a robotic
hand.For example,the relatively simpleBarretthandhas
10 degreesof freedom,6 for orientationrelative to theob-
ject,and4 for �nger manipulation.This numberof DOF's
createsa large searchspaceof handcon�gurations. Of
course,large portionsof this spaceareworthlessbecause
the�ngers arenot in contactwith theobject,but evenif the
problemwerereparameterized,a bruteforcesearchwould
still beintractable.

A varietyof otherapproacheshave beenusedto tackle
this problem. A numberof paperspresentcontact-level
graspsynthesisalgorithms[6, 18, 24]. Thesealgorithms
areconcernedonly with �nding a �x ednumberof contact
locationswithout regardto handgeometry. Othersystems
built for usewith a particularhandrestricttheproblemto
choosingprecision�ngertip grasps,wherethereis onlyone
contactper �nger [3, 11]. Thesetypesof graspsaregood
for manipulatinganobject,but arenotnecessarilythemost
stablegraspsbecausethey do notuseinner�nger surfaces
or thepalm.

Oneway of limiting the largenumberof possiblehand
con�gurationsis to usegrasppreshapes.Beforegrasping
an object,humansunconsciouslysimplify the taskto se-
lectingoneof only a few differentprehensileposturesap-

propriatefor the objectandfor the taskto be performed.
Thesepostureshavebeenenumeratedin variousgrasptax-
onomies(e.g. [19]).

Our �rst plannertakesadvantageof this fact,in orderto
reducethe searchspacesizeto a small numberof grasps
that are more likely to have a high quality. The system
consistsof two parts,oneto generateasetof startinggrasp
locationsbasedon a simpli�ed objectmodel,andoneto
testthefeasibilityandevaluatethequality of thesegrasps.
Thesimpli�ed objectmodelis constructedfrom asmallset
of shapeprimitivessuchasspheres,cylinders,conesand
boxes,andheuristicgraspingstrategiesfor theseshapesal-
low thesystemto generatea setof grasppossibilities.The
grasptestermovesthehandfrom a graspstartingposition
towardtheobject,closesthe�ngers aroundtheobject,and
evaluatesthegrasp.After testingall of thegeneratedgrasp
possibilities,the useris presentedwith the bestgraspsof
theobjectin descendingorderof quality (see�gure 4). In
orderto prevent infeasiblegraspsfrom beingplanned,the
usermay import a world model containingobstacles,as
well asa robot armmodelso that reachabilityconstraints
maybeconsidered(see�gure 5).

Thedrawbackof this approachis thatsinceit only con-
sidersa subsetof the possiblegrasps,it may missa bet-
terpossibility. Humansmayinitially chooseasub-optimal
graspof anovelobject,but with experiencethey will adapt
their graspto the mostappropriateonefor the task. Our
mostrecentplanningsystemappliesnew machinelearning
techniquesto this problemto effectively have robotslearn
how to grasparbitraryobjects.

Weareusingsupervisedtrainingto learnwhatis agood
graspfor a robotic hand. This requiresa methodthat al-
lows us to try a large numberof graspsof an objectand
reporta metricon thequality of eachgraspin thetraining
set,andGraspIt! is perfectlysuitedfor this. Using this
trainingset,we canthengeneratebasisfunctionsthatcan
effectively bothpredictthequality of anarbitrarynew set
of graspingparametersandalsousethesebasisfunctions
to �nd anoptimalsetof graspingparametersfor anobject.
Theseparameterscorrespondto thedegreesof freedomof
anactualhand,ratherthantheplacementof point contacts
on theobjectsurface. It is alsoimportantto notethatour
methodis not dependenton a singletype of robotic hand
or classof objects.It providesa robustsystemfor testing
differentrobotichandsandanalyzingthequalityspacethat
they span.

For our testswe againusedthe Barrett hand,and the
objectsin our trainingsetwere9 differentsuperellipsoids,
whichcanbedescribedwith two shapeparameters,� 1 and
� 2. For eachsuperellipsoidwe generated1,600 grasps,
whichconsistedof 100randomroll andspreadanglecom-
binationsfor eachof 16 regularly sampledgraspstarting
positions,as shown in the left portion of �gure 6. This
gave us a total of 14,400grasps,which were evaluated
by GraspIt!over the courseof approximately4 hourson
aPentiumIV 2.3GHzWindowsmachine.

We thenusedan SVM regressionto createa mapping
betweenobjectshape,graspparametersandgraspquality.
Our learnedregressionmappingacceptsa �x edlengthin-



Figure3: TheBarretthandattemptsagraspof thewineglass,but duethelow degreeof friction at thecontactsandthetaperof theglass,
theglassissqueezedoutof thegrasp.The�rst frameshowstheinitial setup,andfollowing from left to right,snapshotsaretakenat0.5103,
0.5425,0.6148,0.6586,0.6956secondsof simulationtime. Thefull movie is athttp://www.cs.columbia.edu/˜amiller/graspit/movies.html.

Figure4: The�rst imageshows theprimitive modelusedfor planninggraspsfor thecoffeemugandshows thegeneratedsetof grasp
positionsto betested.Theotherimagesshow threeof thebestgraspsof themugin descendingquality order.

Figure5: Thebestplannedgraspof themugin thepresenceof
obstaclesandusingthereachabilityconstraintsof thePumaarm.

put vector that containsthe shapeand graspingparame-
tersandreturnsa singlescalarwhich estimatesthe grasp
quality. If only providedwith a subsetof the input vector
(i.e. the shapeparameters),the regressionalgorithmwill
performan ef�cient searchfor the optimal settingof the
missinginputvectorvalues(i.e. thegraspparameters)that
maximizegraspquality. Themiddleandright portionsof
�gure 6 show theresultsof thesesearchesfor bothashape
thatwasin thetrainingsetandonethatwasn't.

Our initial superquadricmodelsareclearly not ableto
modelthe full rangeof possibleobjectsto be grasped,so
our next taskis to extendthis techniqueto morecomplex
shapes,which could be compositemodelscomposedof
multiple superquadricshapes.Possiblemethodsfor solv-
ing thismulti-superquadricgraspingproblemarediscussed
in [23].

3.2 Modeling the Human Hand
There is an inherentmismatchbetweenthe mechan-

ical designand capabilitiesof robotic handsversushu-
man hands. Why is this so? Robotics-basedmodelsof
the humanhanduse idealizedsimple joints, torquemo-
torsand�nger-padelements.It hasbeenshown thatthese
simpli�cations do not suf�ce to createa realistic model



Figure6: Left: For eachsuperquadricin thetrainingsetwe generate1,600graspstartingposes.Thesecover 16 positionsover 1/8thof
thetotal surfacearea,with 100randomcombinationsof differentthumborientationsand�nger spreadangles.Herethelong vectorfrom
eachpoint denotesthe graspapproachdirectionandthe collectionof shortvectorsshows the variousthumborientations.The spread
angleis not shown. Middle: Theoptimalgraspof theSVM regressionfunctionfor a superquadricshapepreviously seenin thetraining
set(� 1 = 1; � 2 = 0:3). Thequality of this graspastestedin GraspIt!is 0.402.Right: Theoptimalgraspof theSVM regressionfunction
for novel a superquadric(� 1 = 0:6; � 2 = 0:5) Thequalityof thisgraspastestedin GraspIt!is 0.315.

of the thumb becausethey do not replicatethe complex
functional interactionsamongbones,ligamentsandmus-
cles[30]. If we truly desireto createhand-like functions
in arobot,weneedto learnfrom aworkingsystemsuchas
thehumanhand.

Ourcurrenteffortsarefocusedonconstructingabiome-
chanicallyrealistichumanhandmodelthatwouldallow us
to determinewhatfeaturesof thehumanhandarethemost
importantto bemimickedwhendesigninga robotichand.
Thesebene�cial featureswill beidenti�ed by creatingsev-
eralversionsof thehumanhandmodel,eachwith different
setsof features,andanalyzingthe ability of eachhandto
performa setof graspingandmanipulationtasks. These
iterative re�nementsbegin with developinga handmodel,
with rigid bodiesmodelingthegeometryof thedigits, that
hasa simpli�ed versionof the actualhumankinematics.
Thiswill thenbecomparedto aversionof thehandthathas
links thatdeformin amannersimilar to the�eshy portions
of thehumanhandto evaluatehow compliantsurfacesaid
stablegrasping.Anotherversionof thehandwill havereal-
istic humanjoints to determinethebene�tsof a compliant
kinematicstructure,anda fourth versionwill incorporate
the network of tendonsto determinewhat are the advan-
tages,if any, of indirectactuationof the joints. Our simu-
lation systemwill provideanarenafor thesecomparisons,
becauseof its ability to simulatedynamicgraspingtasks
andevaluatethecompletedgraspswith avarietyof quality
metrics.

As a �rst step,we have createda humanhandmodel
that usesaccuratekinematicparametersfor the joint axes
of thethumb. A highqualitypolygonalmodelof theskin's
surfacewas obtainedfrom the programPoser, which is
usedfor animating3D characters.For eachof the �ngers
we usethreeparallel�e xion-extension(FE) joint axesand
oneabduction-adduction(AA) joint axisthatintersectsthe
�rst FE axisat a right angle. Initially, we usedsimilar in-
tersectingaxesfor the joints of the thumb(threeFE axes
andtwo orthogonalAA axes).However, while this simple
orthogonalmodelhasbeenconsideredin thepast,sucha
modeldoesnotaccuratelypredictmaximalstaticthumbtip

Figure7: Left: The � ve joint axesof the thumbarearranged
in a way commonlyseenin mechanicaldesignswith orthogonal
andintersectingpairsof axes. Right: Whenusingideal revolute
joints to model the kinematicsof the hand, this set of skewed
axesmoreaccuratelypredictedexperimentalthumbtipforcesand
musclecoordinationpatterns.

forces[30].
Throughthe useof Markov ChainMonte Carlo simu-

lations [8] and the virtual � ve-link thumbmodel [9], we
have arrivedat a setof kinematicparametersthatcanbest
�t, in a leastsquaressense,experimentalthumbtipforces
andelectromyographydata[27]. The differencein these
two setsof joint axescanbeseenin �gure 7.

Sincethesemodelsrely on ideal revolute joints, they
will not beableto truly mimic all of thepossiblemotions
of thedigits. This limitation canbeseenin �gure 8, where
thehandgraspsa mug. Initially thesideof thethumbis in
contactwith themug,but in a realgrasp,thethumbwould
twist passively aspressureis increasedat thecontact.The
currentkinematicmodelpreventsthis from happeningin
simulation.Whatis neededis a modelto predictthekine-
maticsof a joint asa functionof theshapeof thebonear-
ticularsurfacesin contact,thegeometryandmaterialprop-
ertiesof theligamentsandtheappliedload.

In addition,as the pressureincreasesat a contact,the
�nger surfacedeformsand begins to approachthe local
shapeof the graspedobjectat the contactpoint. This re-
sultsin anexpandedcontactareathatreducesshearstresses
for a given �ngertip force and or torquemagnitude,im-
provestactile informationaboutthecontact,andincreases
thesafetymargin to microslips,thusimproving thestabil-
ity of thegrasp.Currentlyin GraspIt! all of the links are



Figure8: Thethumbcontactsthemugon its ulnarside,but be-
causeof theconstraintsof usingidealizedjoints, it will not twist
andmake contactwith thethumbtippadaspressureis increased
at thecontact.

Figure9: A computer-controlledsystemto deliver known ten-
sionsanddisplacementsto cadaveric hands[22, 31].

consideredindividual rigid bodies; however, we are be-
ginning to develop a physically-baseddeformable�nger
model to predict the geometricchangein the contactre-
gionsandaccuratelycomputecontactforcesbetweennon-
rigid bodiesduringgrasping.We areinvestigatingtheuse
of adaptivere�nement�nite elementmethods[10] to com-
putetheskindeformationsin bothcontactandjoint move-
mentsituations,andwe plan to usean accuratemodelof
the skeletalstructureto constrainthe positionsof the in-
nermostelements,which contactthe bone. CT andMRI
scanscurrentlybeingcollectedwill provide thenecessary
geometricdetail to modelthebonesandsoft tissueof the
hand. We will alsousepublishedexperimentallyderived
modelsof viscoelasticpropertiesof the �nger padsto ac-
curatelysimulatethesedeformations[21, 28].

Finally, we areinterestedin modelingtheindirectactu-
ationof the tendonnetworkswithin each�nger. Usingan
existingcomputer-controlledsystemfor actuatingmultiple
musclesin cadaveric hands(see�gure 9), we can mea-
sure�nger forcesand torquesor movementfor given in-
put tendonforcesor excursions. Thenwith this datawe
will usemodel-basedestimationtechniques[2] to deter-
mine thestatisticallybestsuitedrepresentationof the �n-
gerextensormechanism(see�gure 10). This will involve
estimatingthenumberandlocationof theconnections(i.e.
pointsof bifurcationor con�uence)amongthetendons.

Wehaveusedanidealizedextensormechanismdescrip-

Figure 10: Stylized anatomy of the middle �nger show-
ing the tendinousnetwork that makes up the �nger extensor
mechanism[20].

Figure11: Dr. Valero-Cuevas'modelof theextensormechanism
of theindex �nger [32].

tion datingfrom the17thcentury(see�gure 11a)andhave
simulatedits behavior asa3D �oating net.Thedistribution
of tensionamongthe differentbranchesdependson their
geometriccon�guration [32] which is known to change
with �nger posture[7](see�gure 11b). In contrast,pre-
vious descriptionsof the extensormechanismassumeda
�x eddistribution of tensionamongits elements.More re-
cently, otherstudieshave usedthis �oating net approach
to study �nger movement[26] and thumb force produc-
tion [30]. However, thesemodelsof the extensormech-
anismsare not entirely validatedfor all �nger postures
(aswould bedesirablefor a general-purposemodelof the
hand),nor is therea mechanics-baseddescriptionof the
extensormechanismthat canbe ef�ciently encodedto be
partof a computersimulatorof thehumanhand.

4 Conclusion
We have presenteda versatilesimulationsystemthat

canaidgraspingresearchby facilitatingthetestingof grasp
planningandgraspingcontrolalgorithmswithout theneed
for costly robotic hands. Of course,if onehasa manip-
ulation system,this softwarecanbe usedeffectively asa
planningenvironmentto deviseagraspingstrategy for that
hand[12]. Synthesizingappropriategraspsfor agiventask
is notatrivial problem,however, giventhelargenumberof
possibilities,andwehavedemonstratedtwo differentgrasp
planningsystemsthatareinspiredby theway humansap-
proachtheproblem.The�rst attemptsto limit this search
spaceby usingtaxonomiesof prehensilegraspingpostures
andruleson how to chooseappropriateposturesfor given
primitive shapeswithin the objectmodel,andthe second



attemptsto learntherelationshipbetweengraspqualityand
thecombinationof objectshapeandgraspingparameters.

GraspIt! canalsobeusedto evaluatenew robotichand
designs. Simulationis often usedin the designof many
othermechanicaldevicesbecauseit allows a designerto
investigatehow changesto variousparametersaffect the
performanceof thedevice without theneedto build time-
consumingand costly prototypes. Many currentrobotic
handdesignsattemptto emulatethehumanhandbecause
of its provenmanipulationcapabilities[33]. Still however,
we do not fully understandall the intricaciesof this com-
plex biologicalmechanism,nordowehaveaclearsenseof
which elementsaremostinstrumentalin makingthehand
suchaneffectivemanipulator. Thuswe have embarkedon
a projectto createa simulatedbiomechanicalmodelof the
humanhandthatwe hopewill give us insight into how to
build abetterrobotichand.
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