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Abstract

Usingpre-recordedhumanmotionandtrajectorytracking,we
can control the motion of a humanoidrobot for free-space,
upperbodygestures.However, thenumberof degreesof free-
dom,rangeof joint motion,andachievablejoint velocitiesof
today'shumanoidrobotsarefarmorelimited thanthoseof the
averagehumansubject.In thispaper, weexploreasetof tech-
niquesfor limiting humanmotion of upperbody gesturesto
that achievableby a Sarcoshumanoidrobot locatedat ATR.
We assessthequality of the resultsby comparingthemotion
of thehumanactorto thatof therobot,bothvisuallyandquan-
titatively.

1 Intr oduction

Humanoidrobotsarealreadycommonin themeparkssuchas
Disneyworld andUniversalStudioswheretheinvestmentfor a
new attractionissubstantial.To makehumanoidentertainment
robotsaviablealternative for smallerscaleattractionssuchas
location-basedentertainmentvenues(Disney QuestandDave
andBuster's, for example)andin museumsor themerestau-
rants,we needeasierwaysof programmingtheserobots.En-
tertainmentrobotsmusthave a naturalandentertainingstyle
of motion and often requiresubstantialmotion databasesto
ensurea largevarietyof behaviors.

For a humanoidrobot, such as the Sarcosrobot at ATR
(DB) [1] shown in �gure 1, oneobviousapproachis to drive
the motion of the robot with motion capturedata recorded
from a professionalactor. Suchdatawould containthe tim-
ing andmany of theothersubtleelementsof theactor's per-
formance.However thecurrentmechanicallimitationsof hu-
manoid robots prevent the recordedmotion from being di-
rectly applied,unlessthehumanactorsuseonly a fractionof
their naturaljoint rangeandmove with slower velocitiesthan
thosecommonlyseenin humanmotion.

We addressedthese limitations with straightforward tech-
niques:thelocationof themarkersin themotioncapturedata
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Figure1: TheSarcoshumanoidrobotatATR (DB) trackingmotion
capturedataof a humanactor.

is �rst mappedto the degreesof freedomof the robot by in-
versekinematicson individual limbs. Then joint angleand
velocity limits areimposedon the motion via a local scaling
technique.Therobottracksthetrajectoriesof thetransformed
datausinga positionandvelocity trackingsystemwith oneor
two iterationsof feedforwardtrajectorylearning.

We testedthesetechniqueswith fourteenmotion sequences
from sevenprofessionalactors.Eachsubjectperformedto the
sameaudiotrackof thechildren's song,“I'm a little teapot.”
We chosethis selectionbecauseit was familiar enoughthat
most actorswould perform the motion in a similar but not
identicalway. It wasourhopethatanindividual'sstylewould
be preserved throughthe transformationsnecessaryto allow
therobotto performthemotion. Thesetransformationsresult
in signi�cant changesto the motion even for the simpleac-
tionsthataccompany this children'ssongmakingit important
to choosescalingtechniquesthatpreserve thesalientaspects
of the motion and to assessthe resultswith both qualitative
andquantitativemeasurementsof themotion.

2 RelatedWork

Two bodiesof work arerelevantto this research:roboticsre-
searchershave exploredalgorithmsfor adaptinghumanmo-
tion to humanoidandleggedrobotsandresearchersin com-
puteranimationhaveexploredalgorithmsfor adaptinghuman
motion to animatedcharacters.The problemsaresimilar in
thatbothrequirehumanmotionto beadaptedto asystemwith
differentkinematicsthanthatof theactorwho wascaptured.
But the dif�culties encounteredin the two �elds arenot the
same. The rangeof body typesfound in animatedcharac-
tersis muchgreaterthanthatseenin humanoidrobotsmaking
theadaptationproblemmorechallenging.On theotherhand,
the motion of animatedcharactersis lessrestrictedthanthat
of currenthumanoidrobots,reducingor eveneliminatingthe
problemof handlingjoint andvelocity limits thatwe facedin



adaptinghumanmotionto theSarcoshumanoidrobotatATR.

Riley et al. adaptedmotion datarecordedfrom an Optotrak
motioncapturesystemto thesamerobotusedin thiswork [2].
If themotionwasoutsideof therobot'sjoint anglelimits, their
systemtranslatedandscaledthejoint trajectoryglobally. This
approachkept the magnitudeof the motionsaslarge aspos-
siblebut at thecostof perhapsusinga partof the joint space
that the humanhadnot used. In somesituations,the global
scalingmight alsoreducethemagnitudeof smallbut stylisti-
cally importantoscillations.Becausetheir samplemotion,an
Okinawanfolk dance,hadamusicalbeat,thisscalinglaw was
agoodsolutionandtherobotmotionresemblesthatof thehu-
mandanceralbeitwith asloweroverallvelocitybecauseof the
reducedrangeof motion.

Motion datahasbeenproposedby DasguptaandNakamuraas
awayto modify thewalkingpatternof leggedrobotsto appear
morehuman-like [3]. Becausebalanceis of primaryconcern
in walking, they usedthe motion datato specifya trajectory
for the zeromomentpoint in the control systemratherthan
usingit explicitly asdesiredjoint angles.

Dynamicallysimulatedhumanshavealsobeencontrolledwith
humanmotion data. Zordanuseddatarecordedfrom a mag-
neticmotioncapturesetupto drive theupperbodymotionof
simulatedhuman�gures that gesture,drum and play patty
cake [4]. Taskconstraintsfor contactareenforcedby using
inversekinematicsto modify the motion trajectoriesfor the
kinematicsof aparticularanimatedcharacter.

Playterbuilt a simulationsystemfor a two-dimensionalrun-
ning characterin which thecontrolleris constructedwith the
aidof motioncapturedata[5]. Simpleservo-mechanismscon-
trol eachjoint to approximatelyfollow thedesiredmotiontra-
jectory. Theinput motiontrajectoriesarescaledin time in an
on-linefashionto matchthe�ight andstancetimefor thechar-
acterbeingsimulatedandto modify thedesiredjoint trajecto-
ries in orderto maintainbalanceandreduceerrorsin forward
speedand�ight time.

Becauseof the dif�culty of animatingcomplex characters,
the animationcommunityhasdevoteda signi�cant effort to
adaptinghumanmotion to animatedcharacters.In his mo-
tion editing andretargetingwork, Gleicherchoseto perform
a trajectoryoptimizationthat did not maintainphysicalreal-
ism in orderto allow interactive responsefor the user[6, 7].
In performanceanimationor computerpuppetry, in contrast,
themotionis applieddirectly to thecharacterwithout theop-
portunity for userintervention. Shin et al. implementedan
importance-basedapproachin which the relative importance
of joint anglesfor freespacemovementsandendeffectorposi-
tion andorientationwereevaluatedbasedon theproximity of
objectsandon a priori notationsin theperformer's script [8].
Their systemwasusedto animatea characterin real time for
broadcast.

3 Capturing Human Motion

We useda commerciallyavailablesystemfrom Vicon to cap-
ture the motion dataof the actors[9]. The systemhaseight
cameras,eachcapableof recordingat 120Hzwith imagesof
1000x1000pixel resolution. We useda marker set with 35
14mm markers that allowed us to measuremeasurewhole
body motion. In particular, the systemcapturedwrist angles
andheadorientationbut not �nger or facialmotion.

Our actorswere professionallytrained in expressive move-
mentandhadextensive danceanddramaeducation.We used
sevenactorswho areidenti�ed in this paperasActors#1-#7.
They wereinstructedto performto apre-recordedaudiotrack
whichenforcedasimilar timing for all actors.

Theaudiotrackwasthechildren's song,“I'm a little teapot.”
We selectedthis piecebecauseit wasfamiliar to all of our ac-
tors andcontainedsomesequencesthat were relatively well
prescribedby childhoodtraining(“Here is my handle,hereis
my spout.”) andsomesequencesthat allowedmorefreedom
of expression(“When I geta steamup hearme shout.”). We
recordedeachsubjectperformingthe motion twice. For the
�rst trial, subjectsweretold to standwithoutmoving their feet
andto tell thestorythroughgestures.Beforethesecondtrial,
the subjectswereshown a movie of the robot in motion, in-
formally coachedon the joint anglelimits of the robot, and
instructedto try to constraintheir motion to be closerto the
limits of the robot. We did not seea noticeabledifferencein
their gesturesbeforeandafterinstruction.

4 Techniquesfor Limiting Human Motion

The capturedmotion mustbe processedin several waysbe-
fore it canbeappliedto thehumanoidrobot. First themotion
is constrainedto matchthe degreesof freedomof the robot.
Thenjoint angleandvelocity limits areapplied.A trajectory
trackingcontrolsystemis thenusedto follow themotion.Sub-
sequentiterationsof trajectorylearningimprovethetrajectory
trackingperformance.Eachof thesestagesis describedin de-
tail in thesectionsbelow.

4.1 Constraining the motion to the joints of the robot
The processedmotion capturedatausedfor our experiments
wasgeneratedfrom raw datacollectedduringthemotioncap-
ture sessionusing Vicon's Bodybuilder software. The raw
marker datais mappedonto a skeletonhaving 39 degreesof
freedomin the upperbody (�gure 2). Link lengthsfor the
skeletonarespeci�c to eachhumanactor, andareestablished
by the softwarebasedon a calibrationposetaken during the
motioncaptureshootfor thatactor.

Themotioncapturedatais mappedto theless�e xible skeleton
of therobot(�gure 2) by settingjoint anglesto matchtheori-
entationof eachsegmentof the robotwith thecorresponding
link or setof links of the humanskeleton. Head,upperarm,



Figure 2: Degreesof freedomfor the upperbody of the motion
captureskeleton(left) andthe robot (right). For the hu-
manskeleton,all joints arethreedegreeof freedomball
joints except the ROOT (6DOF), the elbows L EB and
R EB (1DOFeach),andtheclaviclesL CLV andR CLV
(2DOFeach).

lower arm, andhandorientationscould be matcheddirectly,
becauseboth skeletonscontainthoselinks. The torsoorien-
tation of the robot wassetso that the trianglecontainingthe
waist andshoulderpositionshadthesameorientationfor the
two skeletons.Joint limits weredisregardedduring this part
of theprocess.

4.1.1 Gimbal Lock: Jointanglesshow largevariations
when the robot is near gimbal lock. Regions near gimbal
lock were encounteredfrequently in thesemotionsbecause
the robot shoulderhasa singularitywhenthe armsareat 90
degreesabduction,or swungout to the side of the body to
a horizontalposition. In this position, the rotationalaxesof
the motorsfor �e xion/extension(R SFE or L SFE) and for
humeralrotation(R HR or L HR) align with oneanotherand
onedegree-of-freedomis lost.

To addressthis problem,we locateregionsin thedatathatare
neargimbal lock andcomputea restricteddegree-of-freedom
solutionwithin thoseregions. The processfor a single joint
�rst createstwo solutiontracks.Thedesiredrotationaltrans-
form for thejoint is extractedfrom themotioncapturedataat
eachframeof the motion sequence.Two solutionsarepos-
sible for converting any rotationaltransformto desiredjoint
angles.Thesetwo solutionsareswappedandadjustedby �
	

asneededto createtwo tracks(of threejoint angleseach)that
varysmoothlyover time.

Second,desiredjoint anglesareconstructedfrom thetwo so-
lution tracks.Timeperiodswhentherobotis neargimballock
aremarked.For timeperiodswhenthejoint is notneargimbal
lock, thesolutionclosestto themiddleof thejoint anglerange
is selected. For time periodswhen the joint is neargimbal
lock:

� An initial guessis generatedby linearly interpolatingbe-
tweenjoint anglevaluesat thestartandendof the time
period.

� Giventhisinitial guess,ajoint anglesolutionis computed
assumingtherobot is in a singularcon�guration. When
the robot is in a singularcon�guration, only the sumor
the differenceof the two alignedjoint anglesis known.
ForZYX �x ed-axisangles,for example,if � , 
 , and� are
theZ, Y, andX axisrotationsrespectively, thesolutionis:
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4.2 Joint Angle Limits
Therangeof motionof the joints of the robot is signi�cantly
lessthan that commonlyseenin humanmotion. Therefore,
scalingthemotionappropriatelyto bringit within thejoint an-
gle limits of therobot is particularlyimportantfor preserving
the style of the motion. We useda non-uniform,local scal-
ing to modify eachtrajectoryof the motion to lie within the
joint limits of therobotwhile retainingmostof theindividual
oscillationsseenin theoriginalmotion.

Looking at eachjoint angleindependently, eachsegmentof
motionthatis greaterthanthejoint anglelimit ?A@ is identi�ed
(similarly for segmentsof motion that are lessthanthe joint
anglelimit ?
B ). Thesegmenthasendpointsin timeof :

#

and :

�

anda maximumvalueof ?DCE@ . Thesegmentis thenexpanded
in time by a user-controlledmargin that is a fraction of the
lengthof thesegment.Thisexpansionprovidesnew endpoints
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for thetrialsshown in thispaper. All of themotionwithin this
expandedsegment is then scaledby a linear blend between
two scalefactors,S
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With a aweightingfunctionfor alinearblendfrom 0 to 1 over
theexpandedsegment,wehave
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Figure 3: Resultsof positionandvelocity scaling. All plotsshow
the original mappingto the robot's degreesof freedom,
the curve after local scaling to joint angle limits, and
the curve after both joint angle and velocity scaling.
(Top) Scalingof thewaistabduction/adduction(B TAA)
axisastheperformerbendsto theleft. Theoriginal bob-
bingmotionis still evidentin therobot'smotion,although
it hasbeenmoved to a differentpart of the workspace.
(Middle) Scalingof theleft elbow joint (L EB). Both lo-
cal joint scalingandvelocity scalingeffectsareseenas
theperformerthrows herarmsout nearlystraight. (Bot-
tom)Scalingof theright shoulder�e xion / extensionjoint
(R SFE).Herethe performer�ings her armsup into the
air, holdsthemtherefor ashorttimeandpullsthemdown-
ward abruptly. The robot cannotraiseits elbows much
above the shoulder, andvelocity limits for the shoulder
are somewhat severe, so the scalingtechniquesconvert
this motion to a moresubduedextensionof thearmsout
to thesides.

Figure3 shows joint anglesthat werescaledusingthis algo-
rithm. The local oscillationsthat occuroutsideof the range
of motionof the robotarepreservedalbeitat a reducedscale
in the top graph. Thebottomgraphshows a motionsegment
that is dif�cult to scalebecausetheamplitudewasdrastically
reducedby thejoint anglelimits.

For somejoint angletrajectories,local scalingmay not give
thebestanswer. For example,percussive movementssuchas
striking adrummight bestbescaledby truncationto preserve
thevelocity of themovementup until the joint anglelimit is
reached.If maintainingthespeedof amovementascloselyas
possibleis moreimportantthantheabsolutejoint angle,thena
globalscalingalgorithmwould allow theuseof thefull range
of motionatthecostof movingthejoint intoapartof therange
thattheoriginalmotiondid notuse.

4.3 Velocity Limits
The joint velocitiesarecomputednumericallyfrom the joint
positiondata.Velocity limits for eachjoint wereobtainedem-
pirically. Eachjoint anglecurve is scaledby averagingthe
resultsof an ideal, simulated,velocity-limited trackingcon-
troller runbothforwardandbackwardin time. Giventheorig-
inal curve g , the controller is run forward to producegDh6i j[k,l

for all timestepsm asfollows:
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where
n

g
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n

g
Ž arethe lower anduppervelocity limits for

this joint respectively, andall valuesfor outof boundsindices
m aresetto zero.

Runbackward,thecontrollercomputesg�• asfollows:
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The�nal, velocity-limitedcurve g’– is theaverageof the for-
wardandbackwardpasses:

g
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Thecontrolleris setto becritically damped,andthetimecon-
stantfor responseto errorsis determinedby a singlestiffness
parameterz

{ . Averagingthe forward andbackward simula-
tions producesa curve that hasbeenmodi�ed symmetrically
in time(�gure 3).

4.4 Trajectory Tracking and Learning
The joint angleandvelocity limited trajectoryis usedasin-
put to a trajectorytrackingcontrolsystemthatcomputesjoint
torquesfor therobotusinga PD servo:
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Figure5: Two trials for eachof sevenactors.Theimagesshow theactorin theposethataccompaniedtheendof “Here's my handle,here's my
spout”aswell asthecorrespondingposefor therobot.
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Figure4: Severalsecondsof anexampletrajectorybeforeandafter
trajectorylearning.

where z
• and z’  arepositionandvelocity gainsrespectively,
g�ž is thedesiredtrajectorycalculatedfrom thehumanmotion
data,

n

g�ž is the velocity of that trajectory(computednumeri-
cally) and g and

n

g arethe joint angleandjoint velocity of the
robot.Thegainswerehand-tunedto bestiff withoutproducing
vibrationfor themotiontrajectoriesin our testset.

Thejoint anglesproducedby thetrajectorytrackingservo nec-
essarilylag behindthe desiredjoint angles.We reducedthis
lag and provided gravity compensationwith a feedforward
term. Thefeedforwardtermwascomputedby runninga par-
ticular trajectoryandrecordingthe torquefrom that trial for
useasthe feedforward term on the next trial. This approach
to trajectorylearningwas originally proposedby Kawato et
al. [10, 11]. Figure4 shows anexampletrajectorybeforeand
after trajectorylearning. The resultspresentedin this paper
areafteroneor two iterationsof feedforwardlearning.

5 Assessmentof the Motion Quality

Figure 6 shows the motion of one of the trials for actor #7
sampledevery 0.33sec.In many of the framesthe robotmo-
tion is a good match for the actors. However, the end of
the fourth row of pairedimagesshows the effect of the lim-
ited shouldermotion both in how high the robot can raise
its arms (L SAA, R SAA) and in humeralrotation (L HR,
R HR). The motion from this trial andotherscanbe viewed
athttp://www.cs.cmu.edu/¡ jkh/style/.
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Figure 7: Differencebetweenthe recordedhumanmotionmapped
to therobot'sdegreesof freedombut not joint angleor ve-
locity limitedandtheactualmotionexecutedby therobot.
Eachnumberis theaverageof thesumsquarederrorover
theeight joint angles(in tenthsof rad

�

). Thetableshows
thehumanmotionfor eachof thefourteentrialscompared
to the robot motion for eachtrial. If the robot trajectory
is a goodmatchfor thehumanmotion,we would expect
smallernumberson thediagonal(bold). If theothertrial
from thatactor(alsobold)hasa low numberthenthetwo
trialsweresimilar.

Figure5 showstwo trials for eachof sevenactors.Theimages
show the actor and the robot in the posethat accompanied
“Here is my handle,hereis my spout.” The differencesbe-
tweeneachof thetwo performancesfor anactorarein general
muchsmallerthanthe differencesbetweenthe actors. Simi-
larly, the robotmotion for oneactortendsto bemoresimilar
thanthemotiongeneratedby thetrajectoryrecordedfrom dif-
ferentactors.

Figure 7 shows the differencebetweenthe recordedhuman
motionmappedto therobot'sdegreesof freedombut not joint
angleor velocity limited and the actualmotion executedby
therobot. Smallnumbersalongthediagonalindicatethat the
robotmotionwasa goodmatchfor thecorrespondinghuman
motion.

6 Discussion

This paperdescribesour approachto scalinghumanmotion
capturedatato thecapabilitiesof a humanoidrobot.Jointand
velocity limits wereincorporatedinto the motion usinglocal
scalingalgorithms,andthemotionwasprocessedto avoidarti-
factsdueto thesingularitywithin theworkspaceof therobot's
shoulder.

Probablythegreatestlimitation of thisapproachis thatweare
scalingthedegreesof freedomof eachjoint independently. In
motion segmentswhereonedegreeof freedomof a joint ex-
ceedsits limits but anotherdoesnot,thisproducesmotionthat

doesnot matchthatof theactor. For example,whentheactor
bendsbothsidewaysandforward, the resultingrobotmotion
is primarily forward becauseof the joint limits at the waist
joint. Themotionmight morecloselymatchthatof theactor
if themotionof bothdegreesof freedomwerescaledto keep
their relativemovementthesame.Theprincipleof scalingall
degreesof freedomof a joint togethercould be extendedto
scalingthemotionof a limb asoneelement.By usinginverse
kinematics,we could ensurethat the location of the robot's
handmatchedthatof theactor'sascloselyaspossible.While
this criterionis not importantfor all tasksit would allow con-
tactbetweenbodypartsandwith objectsin theenvironment.

Earlier work with this robot hasincludeda dynamicsmodel
for usein feedforward control [12]. We consideredthat ap-
proachbut choseto usetrajectorylearninginsteadbecauseit
waseasyto applyandhandledtaskdependentactuatordynam-
icsandfriction. Inversedynamicsrequiresdatafor thedesired
accelerationwhich hasto be computedby differentiatingthe
motioncapturepositiondataand�ltering heavily.

Although the resultingrobot motion is often recognizableas
having many of the salientcharacteristicsof the actor's mo-
tion, therearealsomany detailsthat aremissing. We asked
theactorsnot to move their feet,but someof thecapturedse-
quencescontainsigni�cant hip, knee,andanklemotion. This
motion was discardedand only the motion from the pelvis,
torso,armsandheadwasprocessed.We restrictedthemotion
in this way becausetherobotwasnot designedto supportits
own weightandtrackingthelowerbodymotionwhile holding
thepelvisstationaryandthefeetoff thegroundwouldresultin
motionthatdid notatall resemblethatof theactorstandingon
theground. If wholebodymotionwasrequired,for example
for adaptingmotionfor a humanoidrobotcapableof walking
thenmotion stability would have to be addressedin addition
to thejoint andvelocity limits asdiscussedhere.

Our motioncapturewaslimited aswell. For example,direc-
tion of gazeis often important for communication,particu-
larly in conversationalturn taking. Our motion capturesys-
temrecordsthepositionandorientationof theheadbut cannot
recordthegazedirectionof theeyesrelative to thehead.The
robot hasactuatorsto control the gazedirection of cameras
locatedaseyesin the headwhich werenot usedin theseex-
periments.We couldsynthesizethemissinginformationwith
heuristicsabouthow peopledirect their gazerelative to their
heador usean eye tracker to recordeye gazealongwith the
motiondata.Althoughtheimportanceof eyegazeasastylistic
elementis not known, it hasbeendemonstratedto be impor-
tantbothin theperformanceof aconversationalrobot[13] and
in anavatarusedfor anegotiationtask[14].

We recordedseveralothermotionsin additionto “I'm a Little
Teapot”but, as performedby our actors,eachof thesemo-
tions involvedsigni�cant contactor nearcontactbetweenthe
actor'sbodysegments.Whenthesemotionswerescaledto the
degreesof freedomandlimb lengthsof therobot,therewasin-
terpenetrationof bodysegmentsandthetrajectoriescouldnot



be run safelyon the robot. Small interpenetrationscould be
resolvedby detectingcollisionsandusingtheJacobianof the
robot to perturbthetrajectoryandavoid thecollision. Larger
interpenetrationsmight requirea planningalgorithmto deter-
minehow thetrajectoryshouldbealtered.Becausetheorigi-
nal motionwasproducedby actorswhosekinematicstructure
is similar to thatof the robot,we hypothesizethat thesimple
approachmight besuf�cient.

In the longerterm,we would like to morerigorouslyanswer
thequestionof whetherthestyleof an individual actoris re-
taineddespitethetransformationsperformedon thedatato �t
it to therobot.We planto show pairedvideosof motions(one
robot, onehuman)to subjectsandaskthemwhetherthe two
videosarebasedon thesamemotionsequence.If the results
of thisexperimentshow thatthesubjectsareableto makethis
distinctionthenwewill havedemonstratedthatthestyleof an
particularperformancewasretained.A second,moredif�cult,
testwouldassesswhetheranindividual'sstyleis recognizable.
In this experiment,subjectswould view severalinstancesof a
particularactorperformingand thendecideif a given robot
motionhadbeenperformedby thatactor. If subjectscanmake
this judgmentsuccessfully, thentheactor's stylehasbeenre-
tainedin themotion.
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Figure6: Actor #7,Trial #12sampledevery tenframes(0.33sec).


