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Abstract

Thehumanhandis a complex organ capableof both grossgraspand ne motor skills. Despitemanysuccessful
high-level skeletal contmol techniques,animating realistic hand motion remainstediousand challenging This
paperpresentgeseach motivatedby the comples nger positioningrequired to play musicalinstrumentssud
astheguitar. We r st describea datadrivenalgorithmto add sympatheticng er motionto arbitrarily animated
handsWe thenpresenta procedual algorithmto geneatethemotionof thefrettinghandplayinga givenmusical
passa@e on a guitar. Thework here is aimedas a tool for musiceducationand analysis.The contributions of
this paperare a geneal architectuee for the skeletal contiol of interdependenarticulationsperformingmultiple
concurentreadingtasks,anda procedual tool for musiciansaandanimatoss that captuesthe motioncompleity

of guitar ngering.

CatgyoriesandSubjectDescriptorqaccordingo ACM CCSy 1.3.7 [ComputerGraphics]:AAnimation

1. Intr oduction

The humanhandis an essentiapart of humanform, func-
tion, and communicationcapableof comple, expressie
articulation. Its complicatedneuro-plysiology makes it a
formidablechallengefor animatorsto emulate.Most com-
puter graphicsresearchon hand motion has focusedon
graspingandgesture$’ 12 with applicationto areasof robot
planning,prostheticshumancomputerinteractionandsign
language.

Therearealsoa numberof penasie applicationssuchas
typing, the playing of musicalinstrumentsandmary sports,
where ne motor control of the handis usedto accom-
plish multiple concurrentreachingtasks.The motor skills
for theseapplicationsare learnedover time andthe devel-
opmentof form andtechniques animportantareaof study
for educatorg!. Theseapplicationsarealsoa major source
of repetitive stressinjuries andthus of greatimportanceto
medicalresearch¥ 20, Fromacomputergraphicsstandpoint,
theseapplicationsare dif cult to animaterealistically and
arerelatively unexplored.

Kinematics,dynamicsand recentmotion-capturebased
techniguesprovide characteranimators with high-level
skeletalcontrol. Theseapproacheby themselesfail to cap-
ture the subtletiesof hand motion performing concurrent
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reachingtasksfor two mainreasonsThe rst is thattypical
inversekinematicq1K) algorithmsaredesignedo dealwith
constraintsaalonga singlechain,whereasa multi-appendage
limb like the humanhandhasconstraintdbetweenjoints of
different chains. The secondshortcomingis that IK solu-
tionstypically mapa singleend-efectorto a singlereaching
goal 2833 A sequencef reachingtasksmust,therefore be
performedn orderby the sameend-efector. Thereis anex-
ponentiaincreasehowever, in thenumberof waysby which
a multi-appendagdimb may satisfy a sequenceof multi-
ple concurrenteachingasks,suchasplayingasequencef
chordson a guitar (Figure 10). This is further complicated
by the factthat sometimesan entire nger may be usedas
alarge end-efectorto satisfymultiple reachinggoalssimul-
taneously(shavn by theindex nger playingabarchordin
Figure10(c)).Ourresearchs motivatedby musiceducation
in generalandthe guitarin particular wherenot only must
theplayerdecideonachoiceof ngering butalsodo sowith
economyof effort andaslittle sympatheticnger motionas
possible.

An architecturehat mapsmultiple-appendage® multi-
ple goalsmustmale decisiononthechoiceof end-efectors
with whichto satisfya setof reachinggoals.Thesedecisions
arebasedn variousappendag@arametersindconstraints,
the geometryand currentposition of the articulationswith
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respecto eachother andthe speci edreachinggoals.Once
end-efectorshave beenmappedo thegivengoals theprob-
lem reducedo the traditional single chain scenariowhere
we can apply a wealth of well-establishedkinematic, dy-

namic and even motion-capturebasedalgorithms.The re-

sultsof the singlechainsolutionsthenneedto beintegrated
to accountfor joint interdependencieacrossarticulations.
This architecturds shavn in Figure1. Sucha modularab-
stractionof joint interdependenciesnly workswell on the

assumptiorthat the incrementalsympathetigoint motions
are smallin comparisorto overall reachingmotion of the

multi-appendagdimb. In section3, we shav that this can
be appliedin the contet of the humanhand.The modular
designallows usto improve the quality of arbitraryhandan-

imationsby addingary missingjoint interdependencies.

The contritutions of this work are broken up into two
main parts,the rst is describedn section3 andthe second
in sections. We startby rst shaving adata-drivenapproach
for modelingthe sympathetieonotionbetweenngers of the
hand.We usea k-NearestNeighborsearchto maparbitrar
ily speci edhandcon gurationsto realistichandcon gura-
tions. The fretting handplaying guitar (Figure 9) is one of
the mostcomplex applicationsin which the handperforms
a sequenceof multiple concurrentreachingtasks.Section
5 developsa proceduralalgorithmto control the fretting-
handfor a given piece of music. The algorithm homoge-
neouslyaddressesomplex parametersuchasthesizeof the
handrelative to theguitar, thenumbergeometryandrelative
strengthof different ngers andthemusicreadingskill of the
player Theresultis a systemthatcanbe usedasa tool for
music educationcomparisorand analysisof variousplay-
ing styles.While the algorithmis designedand described
for guitar, the costminimization approachgeneralizego a
numberof similar problems,suchas typing and comple
graspswhere ngers choosemultiple pointsof support.In
generalmary aspectsf this work have a broaderimpact
on the skeletalcontrol of structureswith interdependerdp-
pendagegperformingmultiple concurrenteachingasks.

An overview of the restof the paperis asfollows: sec-
tion 2 discusseselatedwork. Section3 describeshedesign
of ourhandmodelandthedata-drvenapproactio modeling

sympathetienotionbetweenngers. Sectiond thenprovides
basicguitarterminologyandade nition of thefretting-hand
problem,a procedurakolutionto whichis presentedh sec-
tion 5, followed by implementatiordetailsin section6 and
adiscussiorof resultsin section7. Section8 concludewith

the scopefor futurework.

2. Previous Work

The humanhandis a fertile areaof researchin mary disci-
plines.We classifyrelevantwork herein termsof broadarea
of research.

Anatomy. Studieson the limitations and constraintsof
thevariousjoints of thehandarewell understoodTheinter-
dependeng of the variousjoints, however, is largely based
onempiricalobsenation?. It is thatinterdependencthatwe
strive to capturein the handmodel presentedn this paper
The currentlyacceptedheoryfor the causeof sympathetic
movemenin thehandis dueto acombinatiorof biomechan-
ical andneurologicakonstraintsBiomechanicatestrictions
are partially due to the muscleand tendoncon guration.
Muscles,suchasthe ExtensorDigitorum Communisin the
forearmhaveinsertiondn multiplejoints (Figure2). Theac-
tivationof suchmuscleghusresultsin theexcursionof mul-
tiple tendons.The tendonsalsorestricteachothersmotion
dueto their con gurationandcloseproximity. Neurological
constraintarealsobelievedto contrituteto the sympathetic
motion 327, Understandinghe neuro-plysiology of the hu-
manhandis still anareaof active researctandnot yet ma-
tureenougho construcananatomicalljcompletemodelfor
sympathetidvandmotion.

Robotics Roboticsresearcherhave studiedthe handin
the contet of graspingandmanipulationplanning?4. Koga
et al. 12 usepre-con guredhandposturesand choosefrom
amongthemto selectthe propergrasp.Much of thework in
this areatreatsthe handasamitt thatcangraspandmanipu-
late objects but generallydoesnot dealwith the ne motor
capabilitiesof the ngers.

Animation Industry. Animatorstoday usea combina-
tion of IK andexpressiongo provide high-level controlover
kinematics.The spreadof the palm (adduction/abduction),
the clenchingof the st, andthe curling of each nger are
examplesof high-level forward kinematic control that are
usuallyblendedtogethemwith inversekinematicsunderuser
control.

Graphics and Vision. Although othershave considered
branchedinematicchains?®2, we addresshe speci ¢ prob-
lem reachingof multiple goalsby multiple interdependent
articulatedchains Visionresearchersolve theinverseprob-
lem and have employed simpli ed handmodelsfor image
basedgesturerecognition.Early work on grasping?’ rec-
ognizedthe importanceof the interdependencef the hand
joints introducingthe commonlyusedjoint angleconstraint
dpip = %qmp (seeFigure 2). We usedthe datameasured
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Figure 2: Bonesand joints of the hand and the Extensor
Digitorum Communis.

Index Middle Ring Little
Average 291 4:24 0:80 4:60
Stdde 1982 1628 1080 1503

Table 1: Average and stdde of the measued value of
Opip %qp“: in degreesover approximately20,000sam-
ples.

from arealsubjectandfoundthatthe constrainis toorough
an approximationfor intricate control of the hand.Further
for applicationssuchasthe playing of musicalinstruments,
thereis amarkeddifferencen the nger interdependencef
playersof differentskill levels. The averagedifferencebe-
tweenDIP andPIP andstandarddeviation are summarized
in Table 1 and an example of wherethe assumptiorfalls
shortis shavn in Figure3.

Thehandposturereconstructionvork of LeeandKunii 15
proposeda modelthatincludeddependenceonstraintse-

>
Figure 3: Exampleof hand postue where the assumption
doip = 30pip isinadequate
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tweentheDIP andPIPjoints of each nger andamongMCP
joints of therestof the ngers. Thiswork, however, doesnot
capturetheinterdependencighat exist amongthe DIP and
PIPjoints of different ngers.

Otherwork focuseson the skin deformationsnecessary
for realistic hand modeling 2211 built upon ary arbitrary
skeletalcontrolapproach.

A lot of interesthasrecentlybeengivento motioncapture
techniquesté 132142517 Theseworks shov how motion
capturedatacanbe sgmentedand usedto effectively syn-
thesizenew motion. We also adopta data-drven approach
to generataealistichandmotion. PullenandBregler 25 de-
scribeamethodfor usingmotioncapturedatato addrealism
to existing keyframedanimation As in their work we do not
explicitly play backcompletemotionclips but ratherusethe
motiondatato correctarbitrarily generatedhandanimation,
shavn in section3.

Music. Ourproceduraguitarplayeris auniqguecomputer
simulatedaid to music educationand analysisof playing
style. The marriageof music and computergraphicshow-
ever is not new and hasbeenappliedeffectively by mary,
includingLytle 1918, Bargar 4 andHanninentO.

Say@h 2° presents dynamicprogrammingalgorithmfor
avariantof the ngering problemfor stringinstrumentsUn-
like Saygh's solutionto a sequenc®f notes,ourssolvesa
polyphonicproblemandhandleschords.Our approactalso
emplgys variousparametershat provide ananimatoror ed-
ucatorwith controlover theresultingsolution.

3. Hand Model

The humanhandhas27 degreesof freedom:4 in each n-

ger, 3 for extensionand e xion and one for abductionand
adduction;the thumbis more complicatedandhas5 DOFR,
leaving 6 DOF for therotationandtranslationof thewrist 1.

To accuratelymodelthe hand,a completemodel of the
muscles,tendons,bonesand a neurologicalcontrol struc-
tureis necessaryl hedynamicsof suchacomplex modelare
still poorly understoodforcing theuseof simpli ed models.
Currentmodels?® 23 31 gretoo simpli ed for our purposeso
weturnto recentwork from themedicalcommunityto moti-
vateassumptionsisedin a nev modelthatwe proposehere.
We usea 27 DOF modelof thehandwith thefollowing sim-
plifying assumptions:

. Thethumbis independentf the other ngers.

. Adduction/abductiof the nger jointsareindependent.

. Motion frequeny doesnotaffectjoint interdependence.

. Both handshave the sameinterdependenceodel.

. The postureof the wrist and the restof the arm do not
affecttheunderlyinginterdependencstructure.

A WNE

Assumptionl canbe veri ed by casualobsenation, but
is alsoquanti ably justi ed by HagerRossand Schieber.
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We thusdo notincludethe 5 DOF thumbin theinterdepen-
dencemodel. Abduction and adductionis the side-to-side
movementof ngers. Thatthesemotionsarenotaffectedby
interdependenceonstraintss a simplifying assumptiorthat
seemgeasonabldut is not supportedy researctknown to
us. Assumption3 is known to be false.The independence
of the ngers is inverselycorrelatedo their movementfre-
qgueng. Thedeggreeto whichindependencis affectedis fur-
therexploredby HagerRossandSchieberandmaynothave
a large practicalimpactfor our purposeshowever, a more
completemodelwould certainlyincludethisfactor Weleave
the removal of this assumptiorasfuture work. Assumption
4, supportedby HagerRossand Schieber?, allows us to
talk freely of the handwithout having to specify whether
we meanthe left handor the right hand.HagerRossand
Schieberquote ndings that nger dexterity is maximized
whenthewrist is extended10-20degreesbut in generathe
effectof thearmandwrist postureontheinterdependencef
ngers is not clearly understoodWe make assumptiorb to
reducethe dimensionalityof our interdependenbOFs.We
obsere,though thatourdata-drvenmodelcanbeeasilyex-
tendedto includedatafor the wrist, arm or ary otherjoints
ascontrikuting to theinterdepender®OFs.

Theabore veassumptionteave uswith thetaskof mod-
eling the 12 moststronglyinterdependerjbints of the hand
(MCP, PIPandDIP of the4 ngers).

3.1. Posture Reconstruction

Motion captureof realhandswvasusedto extractthespaceof
possiblehandcon gurations.Two NDI Optotrak3020cam-
eraswereconnecte@ndcalibratedo capturethe positionof
24 1RED marlkers.Four markerswereplacedalongeach n-
gerandthreealongthethumb,leaving vethatwereplaced
along the wrist. The 3D position dataof the markers was
Itered andcorvertedto joint-anglecon gurationss.

Oursampledatais agenerakaptureof handmotiondrills
and nger wiggling, which is usedto correctpartially spec-
i ed handcon gurations.We speci cally did not chooseto
only includetask speci ¢ motionsso that we may be able
to apply the datato arbitrary handanimations.The differ-
encebetweenlK by exampleapproachegwherecomplete
posturesarestrictly determinecby sampledata)28 andour
posturecorrectionis subtlebut importantfor problemspaces
with requirementsuchasours:(a) acomple« motionspace
with singularities;(b) mary differentways of realizingthe
samegoals; (c) preciselK requirementsvith multiple hit
pointson the same nger like with bar chords;(d) the abil-
ity to isolatemotionresultingfrom joint interdependencies.
This modelis applicableto ary animationinvolving hands
and can be turned on/off seamlesslyin currentanimation
work ows.

The joint anglesresultingfrom the motion capturepro-
cessarepoints,Q;'s, in a 12 dimensionalectorspace To-

gethetthey representhephysically possiblenger joint con-
guration spaceOur problemis asfollows: Givenadesired
(sometime®nly partially speci ed) handcon guration, nd
aproximalposturein the spaceof physically attainablepos-
tures.Mathematicallywe canmodelthe problemasa func-
tion thatmapsajoint anglevectorto anothejfjoint anglevec-
tor. Theinputto thefunctionis two 12D vectors:ajoint an-
gle vector F and a weight vector w; the outputis a joint
anglevectorY . Thejoint anglevectoris adesirechandpos-
ture andthe weightscapturethe relative importanceof cor
respondingoint angles Theweightvectorfor Figure8, for
example,would have the weightvaluesfor the joint angles
of theindex nger (controlledby IK), higherthanthosefor
the remainingunconstrainedngers. The outputjoint angle
vectorY is theresultingrealisticcon guration.

The handmodelis designedio be a modularandinter
active post-processo an arbitrary skeletal control system.
The weight vector providesthe skeletal control systemthe
capabilityto specifya partialposture.

The modelis implementedusing a k-NearestNeighbors
searchin a 12D spaceto retrieve the plausiblejoint angles.
Firstly a choicefor k mustbemade.If sufcient dataexists,
achoiceof k= 1returnsthenearesheighborwhichis guar
anteedo beavalid con gurationsinceit wascapturedrom
areal hand.In the absenceof sufcient data,we choosea
larger k andinterpolatebetweerthe k nearesneighborsin
practice,a valueof k= 3 or k= 4 givesgoodresultsfor a
databasef 20;000samples.

We useaweightedEuclideandistancemetricgiven by

o
I
<
Qog;

wi((Q)j Fj)? @)

j=1

The interpolationweightsfor the k nearesnheighborsare
de ned by

e bd;

Wi= 7
a'lee bd,

)

whered; is the distanceof theith nearesneighborandb
is adecayparameter

The outputjoint vectorY is an averageof the joint vec-
tors of the k nearestneighbors proportionalto their inter
polationweight. It is worthwhile noting that unlessk = 1,
thereis no guarantedhat the interpolatedcon guration is
physically possible.However, unlessthe datais extremely
sparseblendingbetweera smallnumberof k nearesheigh-
borsdoesnot produceundesirableesults We alsonotethat
sincethe handscon guration spaceis not necessarilycon-
vex, it is possible gvenwith densesampling for thek near
estneighborsof aninput postureto have very differentcon-
gurations. Thisis especiallytrueof partially speci edinput
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posturesWe shouldthustake careto pick asingleclusterof
spatially proximal neighborsfor blendingto be valid. The
algorithmbottleneckis the k-NearestNeighborssearchWe
foundak-D treebasedschemeo give usinteractive results
for 20,000datapointsin a 12 dimensionakpaceFor higher
dimensionalityapproachesuchasthe approximatenearest
neighbor® may provide betterresults.

3.2. Joint Blending

A problemwith modifying an IK solutionis thatthe guar
anteeof reachinga giventamgetis lost. A similar problem
exists whenmodifying a dynamicsolutiondueto collision
responseor constraintsatishction. While the weight vec-
tor can strongly bias the hand model to presere the an-
glesonjoints controlledby theinput skeletalcontroller(see
Figure 1), a precisesolutionmay be desirable This canbe
solved by aniterative skeletalcontrolandhandmodelloop,
corveming to a desiredaccurag. As thereis no guarantee
of corvergencetheloop canbemademoreef cient in prac-
tice by simply blendingin theallowablecorrectionghehand
modelcanmaketo ary givenjoint angle.Thisblendis based
onanothemveightvectorprovided by the skeletalcontroller
andbringsthe computedhandposturecloserto the desired
solution.

3.3. Joint Retargeting

Thehand-datas storedasjoint-anglevectors;no othercon-
ceptof spaceis requiredfor our purposesRetagetingthe
datamodelto ahandof differentsizeis thusstraightforvard,
solong aswe arenot concernedvith space-constraintx-
ternalto the hand.Detectingobject grasps,and other spe-
cic ngertip constraintscanbe donein the way described
by Gleicher®. Whetherthe sympathetienotionbetweenn-
gersis affectedby the size of the handitself remainsto be
explored.

4. The Guitar

The guitar is amongthe mostcomple instrumentgo play
with respecto overall handmotion. Thefretting-handprob-
lem is the task of providing the skeletal control of the
fretting-hand(seeFigure9) neededo play a given pieceof
tablature(seeFigure 8). This problem,of greatimportance
to guitar playersandteachersinspiresthis researctandil-
lustrateghe complexity of handmotionrequiredto perform
multiple concurrentreachingtasks.In this sectionwe pro-
vide sufcient backgroundandguitarterminology

A guitar producessoundthroughthe vibration of strings
(typically 6) that are stretchedacrossits neckas shavn in
Figure 4. The stringsare numberedirom 1 (highestpitch,
lightestgauge)to 6 (lowestpitch, heaviestgauge).The mu-
siciancanplay differentnotesby pressinglown onthestring
at calibratedocationsalongthe neck,calledfrets. Thefrets
arenumberedn increasingorderfrom the nut (fret 0).
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Figure 4: Theanatomyof a guitar.

Thetwo handsplay differentbut equallyimportantroles.
The dominanthandtypically strumsor plucksthe strings.
The fretting handcontrolsthe notesplayedby pressinghe
stringatafret.

Tablatureis a commonly usedform of guitar notation
(Figure7). Six horizontallines eachrepresena string (1 to
6 from top to bottom)on a guitar Notesareplayedin time
from left to right. Numbersare placedon lines to indicate
which fret on the correspondingstring mustbe held down.
We useanaugmentedorm of tabnotationin whichthespac-
ing betweemotesindicatesthe relative timing of the notes.
Notethattablaturedoesnottell theplayerwhat nger to use
but ratherprovides a sequencef reachinggoalsthat must
bemetby somecombinationof ngers.

5. Procedural Guitar Player

This section containsa descriptionof an algorithm that
solvesthe fretting-handproblem.The useof suchan algo-
rithm asa musiceducatiortool drivesour designobjecties.

5.1. DesignObjectives

Playingtheguitaris anartthatofferslimitlessexpressve ca-
pabilities.We would, therefore ik e to provide awide range
of controlovertheguitaristsfretting hand,while adheringo

basicplaying principlesand maintaininga level of realism
throughout.We would alsolike a systemthat can produce
the fretting handof a novice asreadily asthat of an expert
player allowing playersto learna given pieceby adjusting
style andskill level. The following objectveshelp us meet
theserequirements.

1. Minimize the amountof motion producedwhile play-
ing. The “economyof effort” 26 is recommendedor the
fretting-hand.

2. Controlover how faraheada pieceof musicis read.This
is a skill level objective thathelpsmodelnovice players
by restrictingthe ability to readaheadn themusic.
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3. Maintain the natural postureof the ngers as muchas
possiblekeepingeach nger over adifferentfret. Finger
motionshouldfavor the naturalarcof the ngers.

4. Capturethedifferencein dexterity andstrengthof differ-
ent ngers. For example,shorterandwealer ngers, like
the little nger, have a hardertime playing the heavier
strings.

5. The ngertip musttouchthe guitarfretboardas closeto
the desiredfret aspossiblein theregion behindit.

A cost-minimizationapproachallows us to frame these
objectivesascostfunctions.Economyof effort is achieved
by assigninga costto the motion of the wrist and ngers.
Look-aheadn apassagés controlledby performingtheop-
timizationlocalizedoverawindow of asizespeci edby the
user Beginnerswill typically have a smallerwindow than
expertplayers.Controllingskill levelis alsoachievedby al-
teringcostfunctionsto producehighercostsfor ngers with
which the player is unskilled. The costfunctionsare also
usedto embodythe structureof the handand the relative
position, strengthand dexterity of the ngers. The last ob-
jective is metby rst assuminghe ideal positionbehinda
fret followed by a simple geometricpost-processo adjust
the ngers into acollisionfreecon gurationbehindthefret.

5.2. Choosingthe CostFunctions

The nal ngering of the given musicalscoreis largely de-
terminedby the chosercostfunctions.As anexample,alow
costfor thewrist andindex nger andhigh costfor theother
ngers wouldresultin notesbeingplayedby theindex nger
alone.

Multiple costfunctionscanbe associatedvith each n-
ger to re ect various attributes. The input to a geometric
costfunctionis the displacemenbetweena target position
andthecurrentpositionof the nger. This costalsocaptures
the reachabilityof a nger. The input to a dexterity func-
tion would includethetime givento reachthetamget,which
would in uence the costdueto acceleratiorconstraintsof
the nger. We usea constandexterity function leaving the
extensionto a morecompletecostfunctionmodelasfuture
work. Thestrengthcostfunction,in ourcontext, is controlled
by the gaugeof the string to be playedandthe strengthof
each nger. Other stylistic attributessuchas nger prefer
encearealsomodeledasindividual costfunctions.

The geometriccostfunction is particularlyimportantin
a kinematic setting. The functions are typically smooth,
corvex and have a unique minimum for zero displace-
ment.Smoothnesandcornvexity assureareasonablglace-
mentandthat ngers do notteleport.The uniqueminimum
achiezeseconomyof motion.

Thedescriptiorbelow is in areferencdramewith theori-
gin attheguitarnut,thex-directionalongtheguitarneck,the
y-directionparallelto thefretsandthe z-directionperpendic-
ularto the planeof the neck.We usethefollowing function

o liagjidi™ ifdx 0,
fO=" | lpijidi™ if de< 0 3
to calculatethe costof the moving the nger i by thedis-
placementectord = ¢ pj, wherec is the target position
andp; is thecurrentpositionof the nger andc; pj;d 2 <3,

Thefunctionsaresplit into two partsto capturethediffer-
entability of ngers to move forwardsandbackwardsafret.
Thenaturalarcof the handmalesit suchthattheindex and
middle ngers canreachforwardseasierthan canthering
andlittle nger. This propertyis capturedby the constants
a; andb;. Settinga; < by wouldthusindicatethattheindex
canmove forwardseasiertthanit canmove backwardsalong
theneckof theguitar Thechoicefor a;'sandb;'sis usually
x ed by the systemdesignerandwe recommenda; < b,
ao < by, az> bzandas > by.

The parametet ; canbe setby the userto customizethe
relative costof moving particular ngers, biasingthe algo-
rithm to producedifferentresults.Settingl 1 < | » wouldin-
dicatethatthe index nger should,in generalbe preferred
to themiddle nger, for example.

The exponentsm; simply adjusthow fastthe costgrows
with respectto jjdjj andthus control the costincurredby
nger i to play atafret distantfrom its naturalposition.

Thecostfunctionfor thewrist, fyrist, is similar to thatof
the ngers andre ects that moving the wrist incursa cost.
Oncethe costfunctionshave beendesignedwe feedthem
into the cost-minimizingalgorithmdescribedelow.

5.3. Cost-Minimizing Algorithm

Thealgorithmdescribedhereis agreedysolutionto aglobal
minimization problem.Insteadof nding the overall mini-
mumcost ngering for anentirepieceof music,we nd the
minimum cost ngering within a moving window of a user
de nablesize.

Theposition,c, thatminimizes:

T+W
c(c) = fwrist(c)+ @ resoleFngers(c;t) 4)
t=T

tells us whereto move the wrist. We solve for this min-
imum at eachtimestepT. For our application,we solve a
simple discreteminimization problemsincewe needonly
testat integral fret positions,a maximumof twenty-fouron
atypical guitar Only integral stepsare consideretecause
guitarfretting techniquerequiresthatthe ngertip beplaced
ascloseaspossiblebehindthe fret for the bestsoundqual-
ity 26. We thus choosethe bestlocationfor eachfret. The
possibility of nger collision may modify this position as
describedelow.
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In the abore Equation4, W is the size of the window
andresoleFRngers is the function de ned by Algorithm 1,
which usesthe costfunctionsas describecearlier but with
themodi cation showvn here:

o L if ngeriisused,
9= f; otherwise ®)
wherelL is a prohibitively large cost. This modi cation
forcesthealgorithmto pick a nger thatmaynotbeoptimal
if theoptimal nger is alreadyused,asis oftenfoundwhen
playingchords.

Algorithm 1 resoleRngers(c, t)
Initialize nger positions
totalcog O
for eachstrings from highto low do
n fretplayedonstringsattimet
if n> Othen

cog  min(gi(c))
i argmin(gi(c))
if i is notusedthen
play noteatswith nger i
marki asused
totalcod = totalcod + cog
endif
endif
endfor
return totalcod

The rst step,initializing the nger positions,is doneby
placing ngers in line and e xed at aboutonethird of their
range.This, althoughuserde nable, seemso be the most
naturalandreadypositionfor the ngers 21,

Finally, we address$wo detailsthataffectthebelievability
of theresult:wrist postureand nger collisions.Thesédssues
arehandledafterthe nger positionsarefound.

Wrist extensionand e xion arecalculatedusinga heuris-
tic that the wrist will extendto play high stringsand e x
to play low strings. The highestand lowest strings played
at eachtimestep s,j ands, arebookmarled whenrunning
Algorithm 1. Theminimumandmaximumextension/ exion
anglesof thewrist, gmin andgmax aregivenby the userand
ablendfactor b= %ﬂ betweerthemis computedWrist
pronation/supinatiosanbe handledn a similar way.

To handle nger collision we assumesach nger is acir-
cle on the fretboard.Once the ngers have beenplaced,
circle-circleintersectiontestsare performedandif two cir-
clesarefoundto intersectthe nger on the lower stringis
pushedback along the fret in orderto avoid the collision
(Figure5).

Finally, the proceduralguitar control algorithm supplies
thehandmodeltheappropriatdK blendfactorsasdiscussed
in section3.2.

¢ TheEurographic#ssociation2003.

Figure 5: Finger collision on the fretboad: r; andr;, are
theradii of two colliding ngers, h is the distancebetween
strings. We solvefor x to determinehow far bad to move
nger2.
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Figure 6: Detailedsystenarchitectuse.

5.4. Controller Failur e FeedbackLoop

It is possiblethatthe given costfunctionsandwindow size
causethe IK solver to fail reachinga desiredtarget. A feed-
backloop is thereforedesirablein orderto modify the pa-
rametersso that the targets are reached.The hand model
would reportbackto the skeletalcontrollerif it wasunable
to achieve its targets.The controllerwould thenadjustsome
parametersand try again (seeFigure 6. A straightforvard
approacthis to shrinkthewindow sizeuponfailureuntil only
one note or chordis consideredshawvn in the video on a
chromaticscale) We assumehe costfunctionsandhandge-
ometryis designedsothatary notecanbe hit with at least
one nger by moving thewrist.
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6. Implementation

Thetablatureparserprocedurafretting algorithmandhand
model,asshavn in Figure 6, are all implementedn Side
EffectsSoftware's Houdini animationplatform.

The tablatureparserfeedsthe proceduralfretting algo-
rithm, which is implementedasa CHOP (channel-operator)
Iter . Thealgorithmcontrolsthe motionof theend-efectors
or ngertips of thehandbasedon theinput tablature These
feed into the standardHoudini IK solver (a CHOP). The
solverproducesnger con gurationsthatareconstrainedy
prede nedjoint constraintsThese nger con gurationsare
thenfedalongwith weightsthatre ect which ngers arecur-
rently playinganote,to thehandmodel(alsoa CHOP).The
handmodel Iter then correctsthe handcon gurationsto
conformto the capturechandmotiondata.The handmodel
canbebypasseavith a switch,to compareheresultsof the

handmodelwith thatof theunmodi ed IK solution.

Part of a musicians training is to minimize the sympa-
theticmotionbetweenngers 2! allowing maximumdexter-
ity andindependencef the ngers. The modularity of our
architectureallows one to monitor progresshy seeingthe
magnitudeand natureof the sympatheticmotion of a stu-
dentshand.Sucha separatioralsoallows the handmodelto
be usedindependentlyf the procedurabuitarplayer

7. Results

Figures8, 9, 10 andthe accompaying video shav our re-
sults.We describea few testcasedelow.

7.1. Hand Model

Figure 8 shaws the differencebetweenusing a generallK

solution and using the augmentechandmodel. Both illus-

trationsare the resultsof using the samereachingtargets.
Figure 8 comparegeal handdatawith a traditional IK so-
lution andthe IK solutionaugmentedvith the handmodel.
The subjectwasasledto e x only hisindex nger. ThelK

solutionandthehandmodelusethe sametargetend-efector
positions.The IK solutionignoressympathetiomotion be-
tween ngers producingunrealisticresults.The handmodel
augmentedsolution producegresultscloseto the real hand
data,falling alittle shortdueto the non-zeroweightsof the
fully extendedngers thatareoutputby thelK solution.

7.2. C-Major Scale

Figure 9 shaws eight framesfrom an animationplaying a
C-Major scaleon a guitar Note thatthe rst noteis played
using the middle nger in orderto avoid having to move
the wrist to play the entire scale.The accompaning video
shavs how addingin the sympathetianotionfrom the hand
modelresultsin alessmechanicabppearancef thehand.
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Figure 7: Passae showcasingng ering for notecontinuity

7.3. Chords

Unlike a musicalscale,which can be playednaiely with
one nger, chordsrequiremultiple notesto be playedsimul-
taneouslyFigure 10 shavs a chordprogressiorC-G-F#-G.
Notethatthe algorithm ngers the G chordfollowing the C
differently from theway it ngers the samechordafterthe
F#.Thereasorfor thisis thattheminimalmovementeeded
to changdrom aC to a G requiresheuseof thelittle nger.
Following the F#thereis suf cient motionneededo change
to a G, thatthe general nger preferenceavors the index,
middleandring nger overthelittle nger. Contect depen-
dent ngerings like this are commonlyusedby guitarists.
Also notewvorthy is theindex nger formingabaratthesec-
ondfretto playtheF#chord.Thechordrequiresall 6 strings
to be playedwith 4 ngers. Theonly way thisis possibleis
for ngers to reachmultiple strings.Giventhe penasiveness
of bar chordsto guitar playing we implementedhemasa
specialcase.The algorithmattemptgo play morethanfour
concurrenhotesby usingtheindex nger atthelowestgiven
fretandusingtheotherthree ngers to resolhetheremaining
notes.

7.4. Complex Passage

The passagen Figure 7 shavs a mix of single notesand
chords.The C chordat the endis ngered with the index,
middle andring ngers. A novice is likely to usethe ring
nger to play the penultimatenoteon the third fret. As the
ring nger is movedto play the subsequenthord,anexpert
would playthenotewith theunusedittle nger allowing the
noteto lingerfor abettersound?l. Ourprocedurahlgorithm
captureshiswith acostfunctionfor themovemenof ngers
acrossstrings.

8. Conclusionand Futur e Work

This paperpresent@n explorationin capturingtheintricate
naturein which the ngers of the handwork together Our
handmodelis a simpleinteractive modulethatenhanceshe
realismof arbitraryhandanimationslt alsoprovidesinsight
into thecompleity of joint interdependencie$Ve setupthe
groundwork for a more completeanatomicallybasedhand
modelthatcanbe tted to andvalidatedby humanmotion
data.The consideratiorof temporalcoherencés important
toremove problemghatmayresultin jerkinessof theanima-
tion, if thealgorithmchoosegarticularlydiffering postures
betweenframes.Our requirementthat posturesbe chosen

¢ TheEurographic#Association2003.



ElKoura and Singh/ Animatingthe HumanHand

basedon geometricproximity doesnot guaranteeaemporal
coherencandis animportantissueto addressn thefuture.

Otherimprovementso the handmodelincludethe addi-
tion of joint velocity andwrist andarmpostureto thecon g-
urationspaceJointvelocitieswould allow betterhandlingof
dexterity constraintsandprovide bettermotiondynamicsas
the ngers move from noteto note.

The proceduralalgorithmto the fretting-handproblem,
thoughdescribedn the context of guitargeneralizeso sim-
ilar taskssuchastyping andplayingotherinstrumentsAs a
musiceducatiortool the algorithmallows a studentto con-
trol and separatevariouselementsof playing style and ex-
plorealternatetunings.While mostimportantaspect®f the
fretting handarecapturedelementf playingsuchasham-
mers,pull-offs andbendsareleft asfuturework. The“Stair-
way to Heaven” tablaturein Figure 6 andthe video further
shav the importanceof generalizingthe reachingareaof a

nger beyondthe ngertip, wherethe arpeggiatednoteson
thest fretin the openingcouldall have beenplayedwith a
barredindex nger. As ananimatorstool, this work greatly
simpli es the control of realistic animationof the human
hand.
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(@) (b) (©

Figure 8: (a) Joint angledataof a personasledto ex hisindex nger; (b) theresultof anIK only solutionwith thesametarget
end-efectorfor theindex; (c) theresultof our hand-modelvith the sametarget end-efectorfor theindex.

Figure 9: Resultof thealgorithmrunningon a C-Major scaleusingthe handmodel.
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Figure 10: Here a progressiorof chordsis played:C (a) — G (b) — F# (c) — G (d). TheG is playedin two differentcon gurations
basedonthe precedingchord in order to minimizethe moszemenof thehhand.
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