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Abstract

This paperdevelopsmethodsfor determininga visually appealinglengthfor a motiontransition,i.e., a segue
betweentwo sequencesf character animation.Motion transitionsare an importantcomponenin geneiating

compellinganimationstreamsin virtual environmentsand computergamesFor reasonf efficiencyand speed,
linear interpolationis oftenusedasthetransitionmethodwhele the motionis blendedbetweerspecifiedstartand

endframesTheblendlengthof a transitionusingthis techniqueis critical to thevisualappeaanceof the motion.
Twomethoddor determiningan optimalblendlengthfor sudh transitionsare presentedThesemethodsre suited
to differenttypesof motion. They are empirically evaluatedthroughuserstudies.For the motionstested we find

(2) that visually pleasingtransitionscan be geneiated usingour optimal blendlengthswithout further tuning of

theblendingparametes; and(2), that users preferthesemethodwover a genericfixed-lengthblend.

Cateories and Subject Descriptors(accordingto ACM CCS)

GraphicsandRealismAnimation

1.3.7 [Computer Graphics]: Three-Dimensional

1. Intr oduction

Motion captureis a popularway of obtainingrealistic mo-
tions for gamesand films. New motionscan be generated
by concatenatingxisting motionclips in the motionlibrary
ratherthancapturingthem.After determininga goodtransi-
tion point betweermotionclips, generatinga seamlesgran-
sitionis critical to thevisualappearancef theresultingmo-
tion.

Blendingis one solutionfor creatingsmoothtransitions
among motion segments.However, generatinghigh qual-
ity transitionsusing blendingis still difficult and involves
significant manuallabor An animator often needsto go
backandforth to modify parametergor blendingto obtain
a pleasingtransition. Someautomaticsystemssimply pre-
specifyafixedblendlengthfor all motions.

An appropriateblend lengthis crucial for mary transi-
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tions. Bad blendlengthscanaffect the timing betweermmo-
tions andintroducehopsor other artifactsinto the anima-
tion stream.Velocity mismatchesmay not be adequately
smoothedby a shortblend length. Target motionsmay be
diluted by alongerblendlength.In short,the blendinterval
is animportantaspecbf a goodtransition.

Our goal is to develop ways to producevisually com-
pelling transitionswithout manualintervention. In this pa-
per, we develop two methodsfor determiningthe blend
lengthfor a given transition.We also presenthe resultsof
anempiricalevaluationof thesemethodsWe shaw thatlin-
earblendingcancreateseamlessransitionsif agoodblend
lengthis used.A further goal is to have methodsthat are
computationallyinexpensve andthatcould beincorporated
into interactve andreal-timesystemsuchasvideogames.

Section2 of the paperplacesour work in context. Sec-
tion 3 describeghe methodswe developedto determinean
optimalblendlength.Section4 describesheempiricaleval-
uation of the motionsproducedby using the methodsand
Section5 presentghe resultsof this evaluation. Section6
discussesheresultsof thework.
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Figure 1: An exampleof a motion transition usedin our
study

2. Work in Context

The greatestiravbackof motion capturedatais the lack of
flexibility . To conquetthis problem,researcherbave dravn
inspiration from the work of Schédl et al. [SSSEOD on
video texturesto retain the original motion sequence$ut
play thembackin non-repetitve streamscreatingnewv se-
quenceqd SBS02 AF02, KGP02 LCR*02]. Transitionsare
an essentiacomponenf thesesystemsput the emphasis
of theabove researchvason selectingappropriatdransition
pointsratherthanthedurationsof transitionsWhile it is true
thattransitionsarelessof a problemif the motionsaresimi-
lar, visualartifactscanstill appeaif thedurationis too short
or toolong.

Blending is a basicway to createtransitions.If incor
rectly applied,simpleblendingcanproduceundesirablee-
sultsfor casesvherethemotionsarenotproperlyaligned,as
notedby Perlin[Per9j. In contrast,Roseet al. [RGBC94
used dynamic simulationto generatetransitions, using a
combinationof spacetimeconstraintaandinversekinematic
constraintgo createdynamicallyplausibletransitions.Ko-
var et al. [KGO3] introducedregistration curves that au-
tomatically determinedrelationshipsinvolving the timing,
local coordinateframe, and constraintsof the input mo-
tions;they present blendingalgorithmthatexploits thein-
formation containedin the registrationcurves. Their work,
like that of Bruderlin and Williams [BW95], usesdynamic
programmingand timewarping to createtransitions.Rose
et al. [RCB9g also use timewarping and linear interpo-
lation with an ease-inease-outcomponentto blend mo-
tions. Park et al. [PSS02 employed a similar method.Sev-
eral researchergWP95 GSKJ03 LCR*02] use displace-
ment mappingtechniquego blend motions. Mizuguchi et
al. [MBCO01] designedh frameavork thatallows animatorgo
definetransitionsfor usein interactve ervironments.They
investicatedsimpletransitiontechniqguesandhadanimators
pre-specifythe parameter$or eachof thetransitions.

In addition to the variety of techniquesbeing used
to generatetransitions, there is no generally accepted
standardfor generatingor specifying a transition. Sev-
eralresearcherfRGBC96 RCB98 MBCO01, KGP0Z] spec-
ify transitionsusing a start and end frame and blend be-

tweenthesemarker points. Others[AF02, AFO03 KGO03]
usea centeralignedtransitionspecificationj.e., the transi-
tion framesarethe midpointin the blendinginterval. Leeet
al. [LCR*02] usea “left-aligned” method.Pullenand Bre-
gler[PB0J andParketal. [PSS02 have still differentmeth-
ods.In particular PullenandBregler join motionsdirectly,
but thenblendthe motion with a smoothquadraticfitted to
thecurves.Thereis no directblendingof the two motions.

Thereareadwantagesanddisadantagego eachof these
methods Startandendframeshave the advantagethat they
areintuitive andeasyto specify They alsowork well if the
transitionpointsareat the endor beginning of motion seg-
ments.Their disadwantages thatthey canchangehealign-
ment of the motions as they are changed.Centeraligned
transitionshave fixedalignmentwhichis bothanadwantage
andadisadwantagelf thecenteralignedposesarequitesim-
ilar, thena centeralignedtransitionis morerobustto varia-
tions in the blend length. On the other hand,if the poses
aremismatchedthenno amountof blendingwill make the
transitionlook good.Centeralignedtransitionsalsohave the
disadwantagethat dependingon the blendlengththereis a
region at the beginningandendof eachmotion segmentfor
which atrueblendedransitioncannotbe made.

In this work, we choseto specify transitionswith start
and end frames. Centeraligned transitionsrely at present
too heavily upontransitionmetrics.Stateof the art transi-
tion metricsin theliterature,e.g.,[LCR*02, KGP0Z, donot
always choosepoints which representvisually corvincing
transitions Kovar et al. [KGP0Z usea thresholdfor gener
ating transitionsand ary transitionbelow this thresholdis
a candidate They themseles note that transitioninaccura-
ciesmay occur Lee et al. [LCR*02] usea Markov process
to selectatransition thusthereis someprobabilitythatabad
transitionwill beselectedseeexamplein supportingvideo,
wheee a “bad” transition with probability 0.2 is shown)
Arikan and Forsyth [AF02] do a randomizedsearchthat
may yield a badtransition.As notedin Wangand Boden-
heimer[WBO03], differentmotionsbehae differently under
thesetransitionsmetrics,tuningis required andthereareno
guaranteethata optimal transitionselectedby a methodis
visually appealingTherefore changinghetransitionpoints
by changingthe alignment,if it canbe donein a computa-
tionally efficient way, represents second-pasprocesghat
canimprove thevisualappeabf atransition.

Aside from the particular methodof specifyinga tran-
sition, the blend length or duration of the transitionis a
critical componentin the visual fidelity of a spliced an-
imation stream.Roseet al. [RGBC9§ found that transi-
tion durationsof 0.3sto 0.8s worked well, but left the
exact specificationof the durationto the operator Lee et
al. [LCR*02] found a transitiondurationof 1 to 2 seconds
workedwell, but againallowedtheoperatotto selectit based
on the particularmotions.Arikan and Forsyth[AF02] used
a constantblend duration of 2 seconds.Pullen and Bre-
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gler [PB0Z found a durationof 0.2sto 0.8sto work well,

basedn userselectionanddependingn the particularmo-
tions.WangandBodenheimefWBO03] recognizedheprob-
lem of transitiondurationbut consideredt a confounding
factor for their experimentsand simply concatenateano-
tion sggments.Mizuguchi et al. [MBCO01] were explicitly

concernedvith the blendlengthfor transitions but usedan
ad hoc methodof determiningthem.In their experience 10
frames(0.33s)worked for awide variety of motions.Kovar
etal. [KGP0J alsousedthis transitionduration.

Noneof the prior work attemptedo computean optimal
durationfor their particularmethodof transitiongeneration.
Whendynamicsareknown, transitiondurationscanbecom-
putedbasednthedynamicsof themotions,e.g.,Popwic et
al. [PSE00Q] andGrassidGra0q. Unfortunately this infor-
mationis notavailablefor mostmotioncapturdibrariesand
is difficult to estimate To our knowledge,the presentwork
is thefirst thatis explicitly concernedvith determiningthe
optimalblendlengthof atransition.

Additionally, we validateour resultsempirically Empiri-
cal evaluationhasrecentlygainedpopularity in the graph-
ics community although there is considerablework on
pointlight experimentsn the psychoplysicsliterature,e.g.,
[Joh73 SI87, Md98, PPBSO0]. The relevanceof theseex-
perimentsis that userscan discriminatebetweensubtle ef-
fectsgivena coarseaepresentationf humanmotionandab-
sentothervisual cues.Hodginset al. [HOT98] shaved that
discrimination of motion artifacts dependedon rendering
style,with afull-body renderingoeingbetterthana stick fig-
ure.Oesleretal. [OHJOQ assessethelevel of detailin an-
imationby studyingobsenrer’s discriminationof soccemo-
tion. WangandBodenheimefWBO03] usedempiricalmeth-
odsto optimizethe weightsfor computingtransitionpoints
betweenmotions.The presentwork is differentfrom theirs
in that we assumehe transitionpoints are given and want
to computea blend duration. Reitsmaand Pollard [RP03
studiedobsenrers’ ability to discriminatewhenerrorsin bal-
listic motionwerepresentindpresente@ metricto measure
perceptuaerrors.O’Sullivanetal. [ODGKO0J evaluatedhe
visualquality of physically basedsimulationin which phys-
ical behaiors weredegradedor distorted.

3. Transition Method

We choseto build our transitionmethodson top of linear
blendingbecausdinear blendingis the mostcommonand
widely usedmethodfor generatingransitionsbetweermo-
tion sggments.However, linear blendingviolatesthe laws
of physics becauset distortsthe real motions, being the
weightedsum of two or more motions.Linear blendingis
nonethelesa popularmethodbecausét is simpleandoften
generatesisually pleasingresults.

For two motions,sphericallinear interpolationis usedto
blend betweenthe quaternionsf eachjoint usinga linear
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weightfunction.A sigmoidalweightfunctionproducesim-
ilar resultswith only subtledifferencesThefacingdirection
andthe positionof the figure on the floor planearealigned
during the blending. We assumein this work that a start
framein afrommotionandanendframein ato motionare
specified.The startand end framesindicate the beginning
andendof theblending,respectiely.

Linearblendingmayintroduceartifactssuchasfoot-slide.
To fix such problems,inverse kinematicsor other tech-
niqgues[KSGO0J are often usedas a post-processThese
methodsmay be automatic.We usedthe inversekinematic
solver provided by MotionBuilder4.02to constrainsupport
limbsandcorrectfoot-slide.Otherthancorrectingfoot-slide,
it rarelyaffectsthevisualappearancef the motion.

3.1. Methodsfor Computing Blend Length

We developtwo methodso computeblendlengthbasedon
two hypothese®n the natureof blending.

3.1.1. Method I: Usingthe Geodesidistance

Onehypothesidor motion blendingis thata transitionwill
besmoothif two windows of themotionsto beblendedhave
strongcorrespondenceghich impliesthatthesetwo pieces
of motion have consistentvelocities.We computethe best
blendlengthfor blendingbetweentwo arbitrary framesby
calculatingthe costfor blendingwherethe blendlengthnor
mally rangesfrom 0.03to 2 secondq1 to 60 frames),and
pick the blendlengthwith minimumcost.

The costfor transitioningfrom framei to frame j with
blendlengthb is computedby averagingthe differenceof
all pairsof correspondingrameswithin the blendwindow
andis givenby

Dy :t;%. 1)

In this equation d; ; , is the differencebetweentwo corre-
il
spondingframesgivenby

b= 3 wlioa(a bt )| @

wheremis thenumberof non-globaljointsin thefigure,and
G- 9} arethe orientationsof joint k at framesi and j, re-

spectvely, expresse@squaternionsThelog-normtermrep-

resentshegeodesimormin quaterniorspaceandeachterm

is weightedby w, . The weightswere thosedeterminedoy

Wangand BodenheimefWBO03] in their work. Global de-

greesof freedomwere blendedusingthe methoddescribed
in Roseetal. [RCB9§.

Figure2 illustrateshow the costasafunctionof theblend
lengthb is calculated The costis the sumof the difference
of correspondingrames.Oncethe costsfor a blendlength
from 0.03to 2 secondsirrecomputedtheminimumcostcan
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Figure 2: Thecostfor blendlengthb is the average of the
differenceof correspondingframes.The transitionis from
framei to framej.

Geodesic Distance Cost as a Function of Blend Length
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Figure 3: An exampleof costas a functionof blendlength.
Theoptimalblendlengthis 0.5sfor this example Thetran-
sitionis froma walking motionto a walking motion.

becomputedtheoptimalblendlengthis givenby this mini-
mum.An exampleof the costfor awalking to walking tran-
sition versusdifferent blend lengthsis shown in Figure 3.
Theoptimalblendlengthis 0.5s.

3.1.2. Method II: Using Joint Velocities

Anotherapproachor predictingoptimal blendlengthis in-

spiredby theideathattherateof changefor ary joint in the
poseshouldnotchangeadicallyfor asmoothtransition.We

calculatethejoint differencebetweerthe startframeandthe
endframefor eachmajorjoint, i.e., shoulderselbows, hips
andkneesWe thencomputethe optimal blendlengthbased
onthevelocity of thejoint thathasthe maximumdifference
betweerthe startandendframes.

Thedifferencebetweerframei andframe j for joint k is

o= oo (ajia) ©

Right Hip 0.0352
RightKnee 0.0481
Right Shoulder 0.3029
Right Elbowv 0.0167
Left Hip 0.0044
Left Knee 0.0288
Left Shoulder  0.1192
Left Elbow 0.0178

Table 1: An exampleof the joint differencesbetweentwo
framesof motions.The maximumdifferenceis on the right
shoulder

Theoptimalblendlengthis then
dp, /Ivl )

wherep is thejoint with the maximumjoint difference and
v is theaverageof thejoint velocity for the beginningframe
and the end frame of joint p, respectiely. Table 1 shavs
an exampleof the joint differencesetweentwo framesof
motions.The maximumdifferenceis on theright shoulder

3.1.3. Ad Hoc Comparison

In informal testsof thesemethods,our experienceis that
the geodesidistancas moresuitablefor cyclic locomotion
suchaswalking andrunningfor which correspondences
theblendarecritical. Onepossiblereasonis thatcyclic mo-
tion hasa fixed patternand peopleare sensitve to move-
mentsthat are out of phase The geodesiaistancemethod
aimsatthe phaseaequiremenbf thesemotionsandfindsthe
bestcorrespondencef framesof motionfor blending.

On the otherhand,the velocity methodis more suitable
for physical activities suchas boxing and free-styledanc-
ing, etc. For motionslike these,peopledo not have strict
perceptuapredictionsfor the next move. However, alonger
blend length doesnot necessarilymeana bettertransition.
For example aratherquick punchby a boxer mightbecome
a slow punchafter a long blending. Therefore finding the
optimalblendlengththatproducesmoothnesandstill pre-
senesthe quality of the target motion becomesmportant.
The velocity methodmeetstheserequirementdy smooth-
ing the movementof every joint anddoesnot unnecessarily
stretchthe resultingmotion.

3.1.4. Alter native Methods

We studied alternatve techniquesfor computinga good
blendlength,morecomplex andcomputationallyexpensve
thanthe previous two. As notedin Section2, timewarping
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Figure4: Anillustration showingthe methodfor computing
thecostof a blendlengthwith timewarping Theblendlength

for the from motionis b; ., andthe blendlengthfor theto
motionis by,. In this example by, < by

has beenusedfor generatingtransitions.Thus, we modi-
fiedthegeodesidistancemethodto computea blendlength
wherethe fromandto motionscanbetimewarped.Givena
transitionfrom framei to frame j, atimewarpedblendlength
is calculatedby computinga costmatrix of blendlengthsin

thefrommotionversusblendlengthsin theto motion.Each
entryin this costmatrixC”- is givenby

2

log( g}
g (qJ 7bto+t:kqi+ b;ZmI_Lk)
®)

b m
Clj (bsrom: Pro) :t;k;lwk

if Btrom < bro, and

bfrum m 2

Cij (Ofrom: bro) =
|]( from bl ) t; kglwk

-1
log <qut0+b?r;nt7kqi+tl,k)
(6)
if bt om > bro, Whereby, ., andby, arethe blendlengthsin
thefromandto motions respectiely, andtheothertermsare
definedasin Equation2. Figure4 illustrateshow this costis
computed.The minimal costfrom the costmatrix C;; then
givestheappropriatenotionintervalswith whichto perform
timewarpedblending.Whenacomputedrametimeis notan
integer, joint valuesof the poseareobtainedoy sphericalin-
earinterpolationbetweerthetwo adjacenframes.Notethat
computingthe optimal blendlengthusingthe geodesidis-
tancer;ethodis O(b) whereaghetimewarpedblendmethod
isO(b%).

The secondalternatve we exploredis the idea of using
a non-uniform blend scheduleon the degreesof freedom
to producea transition.We could, for example,transitiona
shoulderdegreeof freedomover 10 framesanda hip degree
of freedomover 20. Therearetwo dravbacksto this method,
bothrelatedto thephysicalpropertieof themotion.First,as
shawn in Figure5, the physical coherencef theindividual
jointsindicateghattheoptimalblendlengthascomputedy
the geodesidistanceoccursat the samevaluefor mostim-
portantdegreesof freedom.This figure shows the geodesic
costfor individual joints of the motion shawvn in Figure 2.
Thejointsthatdo nothave minimaat0.5saretheleft shoul-
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Figure 5: Thegeodesiaistancecostfor ead of the joints
of themotiontransitionshownin Figure 2 (walkingto walk-
ing). Thejoints that do not haveminimaat 0.5sare the left
shoulder(bladk), right shoulder(yellow) and right elbow
(magenta).

der, right shoulder and right elbow, althoughthe cost for
the left shoulderis nearly constant.The second,more im-
portantdravbackis thatdifferentblendingschemeslestry
thephysicalcoherencef thedegreesof freedom Whentry-
ing to adaptthe methodgo differentblendschedulesyisual
artifactswereapparent.

We additionallytried to modify the velocity methodac-
cording to the methodsimplementedby Grassia[Gra0(Q.
We found no improvementfrom the basicmethoddescribed
above.

4. Experimental Evaluation

There are a numberof interestingpsychoplysical evalua-
tionsthatcouldbe conductedn the methodsdescribedre-
viously. In this study the methodsdescribedabove were
comparedto a typical transition schemethat employed a
fixed blend length. The goal of theseexperimentswas to

leveragetheresultsof ouradhoccomparisor{Section3.1.3

anddetermineuserpreference$or the methodsover awide
repertoireof motions. Additionally, we conductedexperi-
mentsto determinethe “just noticeabledifference”or dif-

ferentialthresholdof obserersto changesn blendlengths
within a neighborhoodof the optimal blend length deter

mined by the geodesiddistance f usersare largely insen-
sitive to changesn blendlength,thenthe methodsusedto
determinghoselengthsmaybe unimportant.
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4.1. Procedure

The fixed blend length we chosewas 0.33s (10 frames).
This valuewaschosenbecauset is the value suggestedby
Mizuguchi et al. [MBCO01], usedby [KGP0Z, andin the
rangespecifiedby both [RGBC9§ and[PB02J. Our expe-
riencefrom conductingpilot studiesprior to theseexperi-
mentsleadsusto believe thatthe resultsdescribecherewill

hold for ary fixedblendlength.

All experimentsvererunin asinglesessiorconsistingof
four distinct studies.The participantsverevolunteersfrom
our institution with no prior animationexperiencebeyond
exposureto video gamesand film. Thirty-five peoplevol-
unteered20 male and 15 female,aged22 to 40 years.All
participantshad normal or corrected-to-normatision. Ad-
ditionally, participantaverenaive asto the purposeof these
experiments.

Motion transitionswerecreatedrom a variety of motion
capturedataandshawn in the samerenderingstyle. Groups
of motionswereshavn from thesamecamergosition.Con-
sistentwith the point light experimentsmentionedin Sec-
tion 2, we choseto omit renderinga ground plane.While
thegroundplanecanprovide importantvisualcuesfor some
perceptuaktudies,e.g.,[RP03, we judgedit unnecessary
for our purposes.

4.2. Study One: Just NoticeableDiffer ence

In this experiment,we studied how noticeablethe blend
lengthof a transitionwas.\We asled usersto make a series
of two-alternatve forced choiceresponsedror a transition
betweertwo differentmotions,the optimaltransitionlength
k was computedusing the geodesicdistancemethod,and
transitionsof lengthsk — 15,k — 10,k —5, k, k+5, k+ 10,

andk + 20 were generatedThesemotion transitionswere
groupedin pairs:one memberof the pair wasthe lengthk

transitionandthe othermembemvasary of theotherlengths
(includinglengthk). Eachparticipantwvasshavn eachtransi-
tion pairtwice within a setof motions,onewherethelength
k transitionwaspresentedirst andonein which the length
k transitionwas presentedsecond.The presentatiorof the

transitionswasrandomizedpoth pairwiseandamongpairs
(thatis, thelengthof thetransitioncomparedo lengthk was
randomizedndalsowhetherthelengthk transitionwaspre-

sentedirst or second) Thesdransitionsetswerecreatedor

threedifferenttypesof motions:walking, standingto walk-

ing, andrunningto turning. Thus,userswereshavn a total

of 42motionpairs(7 x 2 x 3). Eachmotionpair consistecf

two second®f entrytime beforethetransitionoccurredand
two second®f exit time afterthetransitioncompleted.

Participantswerepresentedvith thesemotionsandasled
to determinewvhetherthe motionpairthey werebeingshavn
consistedof identical or different motions. They were in-
structedthat sometimeghe motion pair would be identical

andsometimedifferent. They were given five secondde-
tweeneachmotion pairto make their determination.

This experimentis of a kind known as the “method of
constantstimuli” in psychoplysics[GS64. In this type of
experimentthejustnoticeablalifferences the stimulusdif-
ferencethatis reportedcorrectly 75% of the time; anaccu-
ragy rateof 50% representghanceguessing.To determine
a very fine differentialthreshold,t is typical to usea large
numberof stimuli pairs. Our goal was a simplerand more
coarseanalysisto determinewith whataccurag a blending
methodshouldoperateA differentexperimentaidesignwas
usedto detectabsolutethresholdsn [ODGKO0J. Their de-
signwassimilar to the classicalmethodof limits.

4.3. Study Two: Geodesiadistancemethod versusfixed
blend-length

In this experiment,we studiedwhetherparticipantsudged
that motions containing a transition generatedby the
geodesialistancemethodappearednore naturalthan mo-

tionscontainingatransitionusingafixedblend-lengttof 10

frames.We selecteceight differentmotion transitionscon-
sistingof suchmotionsasstandingandidling to walking or

running(of differentspeeds)walking to running (of differ-

ent speeds)andvariousturning motions. Transitionpoints
wereselectedandomlyto make the studyindependenof a
particulartransitionmetric. As discussedreviously, these
motion types are thosewe believed most suitablefor the
geodesidistancanethod Noneof theoptimalblendlengths
werecloseto 10 frames.Optimal blendlengthsfor the mo-

tionstestedrangedrom 5 framesto 35frames.Motion pairs
weregeneratedonecontainingthe optimalblendlengthand
onecontainingthe 10 frameblendlength.Theorderof these
wasrandomized.

Participantswere presentecatight motion pairsandasked
to determinevhetherthefirst or secondnotionof apairwas
more natural. They were again given five secondsetween
eachmotion pairto make their determination.

4.4, Study Three:Velocity method versusfixed
blend-length

This experimentwas conductedo determinewhetherpar
ticipants judged motions containinga transition generated
by the velocity methodto appeamorenaturalthanmotions
containinga transition generatedoy a fixed blend-length.
The experimental proceduresand preparationof stimuli
wereidenticalto StudyTwo abore, exceptthattheeightmo-
tionschoserfor studyconsistedf boxing,dancing,andtai-
chi motions,motionsof atypewe believed mostsuitablefor
the velocity method.Participantswereagain presentedvith
eightmotionpairs.

(© TheEurographic#ssociation2004.
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4.5. Study Four: Geodesiadistancemethod versus
timewarping method

Finally, in this experimentwe studiedwhetherparticipants
judgedthatmotionscontaininga transitiongeneratedby the

geodesiadistancemethodappearednore naturalthan mo-

tions containinga transitiongeneratedising the timewarp-

ing stratgy discussedn Section3.1.4 The experimental
proceduresandstimuli wereidenticalto thoseof StudyTwo.

The timewarpedtransitionsaverageda warp of 10 frames;
for example,onemotionblendedl18 framesin thefrommo-

tion to 28 framesin theto motion.

5. Resultsand Analysis
5.1. Just NoticeableDifference

Theaggr@ateprobability of a subjectdeterminingcorrectly
whethera pair of motionswasdifferentis plottedagainstdif-
ferencein blendlengthandshavn in Figure6. The motions
wereidentical for the zerovalue on the x-axis, which cor-
respondgo a comparisonof the lengthk transitionversus
the lengthk transition; otherwise the motionswere differ-
ent. Also shawvn are standarderrorsof the meanfor each
blendlengthintenal. Notice that the probability of saying
thatidenticalmotionsweredifferent(0 on thex-axis)is low,
asit shouldbe. The 75% thresholdor just noticeabledif-
ferenceoccursat k+ 7 frameswhenthe transitionis made
longeror k — 8 frameswhenthe transitionis madeshorter
We discusghis finding furtherbelow, but the resultwe con-
cludefrom this studyis thatpeoplecandifferentiatebetween
transitionlengthsthatdiffer by sevenor eightframes.There
wasno statisticallysignificantdifferencen the performance
of thetestacrosamotions.

5.2. Comparison of Methods

Table 2 shaws the percentagef study participantsprefer

ring various methodsover the othersas testedin Studies
Two, Three,and Four. In particular we seethat 96.4% of

the participantsthoughtthat the geodesicdistancelooked

morenaturalwhencomparedo a10-frameblendfor themo-

tionsstudied,65.7%of the participantsfavoredthe velocity

methodoverthe10-frameblendwhenaskedwhichproduced
morenaturalmotion,and55.7%of participantsavoredthe
geodesidistancemethodover thetimewarpingmethod.

Also shavn in Table2 is the x2 teststatistic[Ric95 ap-
plied to thesestudies.An alphalevel of .01 was usedfor
all statisticaltests(the critical value of x2 for this alphais
6.64). Thereis onedegreeof freedomanda samplesize of
280(35x 8) for eachstudy

Theobsenredpercentagesf usergreferringthegeodesic
methodandvelocity methodsover 10-frameblendingis sta-
tistically significant.However, it is not clearthat userscan
successfullydistinguishbetweenthe geodesianethodand
our timewarping method. This result is supportedby the

(© TheEurographic#ssociation2004.
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-

o =)
® ©

T T

L L

o o o o o o
S o R @ &5 g
Y : : T T .
L L L L L L

Probability Subjects Reported Motions as Different

L L L L L L L L
-15 -10 -5 0 5 10 15 20 25

Difference in Frames from Blend Length k

o

l
N
S

Figure 6: Resultsof the just noticeabledifferencestudyfor
different blend lengths.The x-axis showsthe differencein
blend length from the optimal value k computedusing the
geodesiadistancemethod.They-axisshowsthe probability
of successfullyeportingthatthemotionswere different. The
75%threshholds alsodrawn. Theerror bars indicatestan-
dard errors of themean.

Method % favoring  x2(1,N = 280)
Geo.dist. over 10-frame 96.4 241.4,p< .01
Velocity over 10-frame 65.7 27.7,p< .01

Geo.dist. over Timewarping 55.7 3.66

Table 2: Thepercentaye of usessthat preferredtheindicated
methodsas describedn StudiesTwo, Threg and Four. The
first columngivesthe percentaye favoring the first method
listed over the second and the secondcolumngivesthe x2
teststatisticfor theexperiment.

commentsof mary of the participantswho notedthat the
motions seemedvery similar. The sameresultsare found
whenthe datais analyzedon a per motion basis.Also, for
StudiesTwo and Three, therewere no individual motions
for which userspreferrecthe 10-frameblend.

6. Discussion

In this work, we developedtwo methodsfor determining
the bestblend lengthsfor generatinga transition between
two motionsusinglinearblending.Visually appealingran-
sitions are critical in the re-useof large motion data-sets,
andthetransitiondurationis oneof the mostimportantfac-
torsin creatinga compellingtransition.Humanmotionsare
highly varied, and developing a universalmethodfor gen-



JingWang & BobbyBodenheimef Computingthe Duration of Motion Transitions:An Empirical Approacd

erating compelling transitionsmay not be possible.Thus,
investigating methodsthat work for cateyories of motions
seemgeasonable.

The first method, which we call the geodesicdistance
method,determineghe bestblendlengthsfor motionsthat
have a cyclic nature,suchasrunningandwalking. The sec-
ondmethod which we call the velocity method determines
thebestblendlengthsfor motionsthatarenon-repetitve, ac-
tivities suchasfree-formdancingandboxing. Thesemeth-
odsautomaticallygenerate blendlengthfor linearblending
giventwo motionsandthe framesin thosemotionsto tran-
sition between.This information is readily available from
suchsystemsas[LCR*02, KGP02 AF02]. Thereis noneed
for furthermodificationof blendparameterdy a useror an-
imator.

The methodsand experimentalevaluation describedin
this papergive guidanceto designerf animationsystems
whowishto incorporatevaryingblendlengthsinto their sys-
tem. However, therearea numberof otherinterestingpsy-
choplysical experimentsthat could be conductedon these
methods.For example,we could conductexperimentsus-
ing thegeodesi@andvelocity methodgo cateorizemotions,
anddeterminehow much,if arny, overlapthereis. We could
assestherobustnes®f the methodsacrosamary categories
of motion,andbettercomparehemto eachother We could
determineclasse®f motionsandtransitionsfor which peo-
plearesensitve or insensitve to atransitionmethod A more
fine-grainecandrobustassessmermtf thejustnoticeabledif-
ferencewould also be interesting.Theseare the subjectof
futureinvestications.

In our experience,our methodswork on a wide vari-
ety of motionsandtransitionpoints.However, we alsoper
formed a quantitatve evaluationof thesemethodsthrough
a user study Userswere shavn transitionsbetweenmo-
tions appropriateto the particularmethods.Thesemotions
consistedof running at different speedswalking at differ-
ent speedsstanding,idling, boxing, dancing,and tai-chi.
Whencomparedgainstafixedblendlength,usergpreferred
both the geodesicdistanceand velocity methodsfor cal-
culating blend lengths.The geodesiadistancemethodwas
strongly preferred We alsofound that userscandifferenti-
ateblendlengthsthat differ by approximatelyeight frames
(0.27s).This resultis generallyconsistentith differentia-
tion and recognitionof motion in point light experiments,
e.g., [Joh73, but reinforcesthe point that a fixed blend
lengthwill notproducevisually appealingesultsfor alarge
repertoireof motiontransitionsIn our userstudy therewere
no motiontransitionsfor which usersconsistentlypreferred
thefixedblendlength.

A surprisingresultof our studywasthatusersshaved no
preferencefor our timewarping methodover the geodesic
distance method. Timewarping was found to be helpful
for generatingransitionsby a numberof researchers.g.,
[BW95, RCB98 KGO03]. We conjecturethat there are two

major reasonsfor this contradictory finding. First, the
methodof timewarpingusedby [BW95, KG03] is moreso-
phisticatedand powerful than our techniquejnvolving dy-

namic programming We avoided employing dynamicpro-

grammingbecauseéts computationakostprecludests use
in asystemwhereperformancelemandsreinteractve and
high, e.g.,avideogame.However, therearequitelikely ad-
vantagego the more expensve approach Anotherreason
may be thattimewarpinghasbeenfoundto be usefulwhen
the motionstransitionedbetweenhave very different tim-

ings.While we includedsuchmotionsin our userstudy we

may not have includedmotionswith significantenoughtime

variationsto make timewarping necessaryMore investica-

tion of this areais ongoing.

The methods described in this paper could be
easily integrated into the systems described by
[LCR*02, KGP02 AF02, AFO03. These systems de-
terminetransitionpointsaspart of their function. The only
additional information neededwould be the category of
the motions, so that either the geodesicdistancemethod
or the velocity methodcould be chosen.The sameholds
true for integration into a video game. In particular the
computationalcost of thesemethodsis minimal and well
within the performanceboundssetfor animationby most
renderingengines.

The useof the algorithmsdescribechereimpliesthatthe
total length of a transitionwill vary dependingon the mo-
tionstransitionedfrom andto. In our experiencethe blend
lengthis normally between0.03and2 secondsAdditional
constraintscould be addedto the methodto further control
theblendlengthif ananimationsystemrequiredthem.

An importantissuefor ary automatictechniquefor re-
using motion datais its applicability to motionsfor which
it hasnot beentested.While our motion capturelibrary is
reasonablextensve, it doesnotcontainhighly specificmo-
tions that would be neededn, for example,a video game
dealingwith hockey. We mayfind new categoriesof motion
for which we requiredifferentmethods Moreover, the per
ceptionof visual artifactsdependsupon the task [OHJOQ
anduponthe renderingstyle [HOT98]. Insofar astaskdif-
fers from the motionitself we assumehattheseeffectsare
notsignificant,but have nottestedthis assumption.

Also, linear blendingoften exhibits artifactswhen foot-
slide occurs.In this work, a supportlimb is constrained
to prevent foot-slide using a particular inverse kinemat-
ics formulation. There are other solutionsto this problem
[KSGO02 LS99. We believe thatthe artifactspresentin the
motion are dominatedby the relative velocitiesof the two
motionsanddifferencesn pose,andthusnot by themecha-
nismof supportlimb constraint.Testingthis assumptiomne-
mainsfuturework.

Additionally, we would like to testand incorporateour
methodsinto dynamical simulation systemsthat produce
long stream=f animation,e.g.,[DYP03 ZH02, RGBC94.

(© TheEurographic#ssociation2004.
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Thesetypesof systemaypically imposetorqueconstraints
thatwill affectthedurationof transitionsput it is likely that

leeway exists in picking the transition. Also, linear blend-

ing may produceself-intersectionDetermininga fastway

of detectingthis situationwould extendits utility.

Acknowledgments

This researchwas supportedby National ScienceFounda-
tion Grant [1S-0237621.The authorsthank David Noelle
for help in constructingthe userstudy andto the anory-

mousreviewers for their constructve commentsthat have
improved this paper We thank Steve Park andthe Graph-
ics, Visualization,andUsability Centerat the Geogia Insti-

tute of Technologyfor supplyingsomeof the motion cap-
ture datausedin this study Othermotion capturedatawas
obtainedfrom mocap.cs.cmu.edg databasecreatedwith

fundingfrom NSFEIA-0196217.

References

[AF02] ARIKAN O., FORSYTH D. A.: Interactve mo-
tion generatiorfrom examples.ACM Transac-
tions on Graphics21, 3 (July 2002),483—-490.
ISSN 0730-0301(Proceedingonf ACM SIG-

GRAPH2002). 2,8

ARIKAN O., FORSYTH D. A., O'BRIEN J. F.:
Motion synthesisfrom annotations. ACM
Transactionson Graphics 22, 3 (July 2003),
402-408.2,8

[AFO03]

[BW95] BRUDERLIN A., WILLIAMS L.: Motion sig-
nal processing. In ComputerGraphics (Aug.
1995),pp.97-104.Proceedingsf SIGGRAPH

95.Heldin LosAngeles,CA. 2,8

DONTCHEVA M., YNGVE G., PoPovIC Z.:
Layeredactingfor characteranimation. ACM
Transactionson Graphics 22, 3 (July 2003),
409-416.8

[DYPO3]

[Gra00] GRAsSIA F. S.: Believable Automatically
SynthesizedMotion by Knowledg-Enhanced
Motion Transformation Ph.d. dissertation,
Carngyie Mellon University, Aug. 2000. CMU-

CS-00-163.3,5

GREEN D. M., SWeTs J. A.: Signal Detec-
tion TheoryandPsydhophysicsJohnWiley and
Sons,New York, 1966. 6

GLEICHER M., SHIN H. J.,, KOvAR L.,

JEPSEN A.: Snap-togethemotion: Assem-
bling run-time animation. ACM Transactions
on Graphics22, 3 (July 2003),702—702. 2

HobDGINS J. K., O'BRIEN J. F., TUMBLIN
J. F.: Judgmentof humanmotion with dif-
ferent geometricmodels. IEEE Transactions

[GS66]

[GSKJ03]

[HOTO8]

(© TheEurographic#ssociation2004.

[Joh73]

[KGO3]

[KGPO02]

[KSGO2]

[LCR*02]

[LS99]

[MBCO1]

[Md98]

[ODGKO3]

[OHJOO0]

on Visualizationand ComputerGraphics4, 4
(1998). 3,8

JOHANSSON G.: Visual perceptiorof biologi-
calmotionandamodelfor its analysis.Percep-
tion andPsyhophysicd4(1973),201-211. 3,
8

KOVAR L., GLEICHER M.: Flexible auto-
maticmotionblendingwith registrationcurves.
In Symposiunon Computer Animation 2003
(San Diego, CA, July 2003), Breen D., Lin
M., (Eds.), ACM SIGGRAPH/Eurographics,
pp.214-224.2,8

KovAR L., GLEICHER M., PIGHIN F.: Motion
graphs. ACM Transactionson Graphics21, 3
(July 2002),473-482. ISSN 0730-0301(Pro-
ceedingof ACM SIGGRAPH2002). 2, 3, 6,
8

KOVAR L., SCHREINER J., GLEICHER M.:

Footskatecleanupfor motion captureediting.
In ACM SIGGRAPHSymposiunon Computer
Animation(July 2002),pp.97-104. 3, 8

LEE J., CHAI J., REITSMA P. S. A., HOD-
GINS J. K., POLLARD N. S.: Interactve con-
trol of avatarsanimatedwith human motion
data. ACM Transactionson Graphics 21, 3
(July 2002),491-500. ISSN 0730-0301(Pro-
ceedingof ACM SIGGRAPH2002). 2,8

LEE J., SHIN S. Y.: A hierarchicalapproach
to interactive motioneditingfor human-lile fig-
ures. In Proceedingf SIGGRAPHI9 (Aug.
1999), Computer Graphics ProceedingsAn-
nual ConferenceSeriespp.39-48. 8

M1ZUGUCHI M., BUCHANAN J., CALVERT
T.. Datadriven motion transitionsfor interac-
tive games.Eurographics2001ShortPresenta-
tions(2001). 2, 3,6

MICHAELSC. F., DEVRIESM. M.: Higheror-
derandlower ordervariablesin the visual per
ceptionof relative pulling force. Journal of Ex-
perimentalPsydology: HumanPerceptionand
Performance?4, 2 (1998),526-546. 3

O’SULLIVAN C., DINGLIANA J., GIANG T.,
KAISER M. K.: Evaluatingthe visual fidelity
of physically basedanimations.ACM Transac-
tions on Graphics22, 3 (July 2003),527-536.
3,6

OESKER M., HECHT H., JUNG B.: Psycho-
logical evidencefor unconsciougprocessingf
detail in real-timeanimationof multiple char
acters. The Journal of Visualizationand Com-



[PBO2]

[Per95]

[PPBSO01]

[PSE00]

[PSS02]

[RCBYS8]

[RGBCY6]

[Ric95]

[RPO3]

[SBS02]

JingWang & BobbyBodenheimef Computingthe Duration of Motion Transitions:An Empirical Approacd

puterAnimationl1, 2 (June2000),105-112.3,
8

PULLEN K., BREGLER C.: Motion captureas-
sistedanimation:TexturingandsynthesisACM
Transactionson Graphics 21, 3 (July 2002),
501-508.2, 3,6

PeErRLIN K.: Realtime responsie animation
with personality IEEE Transactionson Visu-
alization and ComputerGraphics 1, 1 (Mar.
1995),5-15. 2

PoLLIcK F., PATERSON H. M., BRUDERLIN
A., SANFORD A. J.: Perceving affect from
arm movement. Cognition 82, 2 (2001),B51—
B61. 3

PorovIC J., SEITZ S. M., ERDMANN M.,
PopPovIC Z., WITKIN A.: Interactve manipu-
lation of rigid bodysimulationsIn Proceedings
of SIGGRAPH2000 (Aug. 2000), ACM SIG-
GRAPH, pp. 209-218. Held in New Orleans,
Louisiana. 3

PARK S. I., SHIN H. J., SHIN S. Y.: On-line
locomotiongeneratiorbasedon motion blend-
ing. In ACM SIGGRAPHSymposiunon Com-
puter Animation(July 2002),pp.105-112. 2

Rose C., COHEN M., BODENHEIMER B.:
Verbs and adwerbs: Multidimensional motion
interpolation. IEEE ComputerGraphicsand
Applicationsl18, 5(1998),32-40. 2, 3,8

Rose C. F., GUENTER B., BODENHEIMER

B., CoHEN M. F.: Efficientgeneratiorof mo-
tion transitionsusingspacetimeconstraints.In

Proceedingsof SIGGRAPH96 (New Orleans,
Louisiana,August 1996), ComputerGraphics
ProceedingsAnnual ConferenceSeries ACM

SIGGRAPH/ Addison Weslg, pp. 147-154.
ISBN 0-201-94800-1.2, 6, 8

Rice J. A.: MathematicalStatisticsand Data
Analysis 2nded. Duxbury PressBelmont,CA,
1995. 7

REITSMA P. S. A., POLLARD N. S.: Percep-
tual metricsfor characteanimation:Sensitvity
to errorsin ballistic motion. ACM Transactions
on Graphics(July 2003). Proceeding®f SIG-
GRAPH2003,to appear 3, 6

SIDENBLADH H., BLACK M. J., SIGAL L.:
Implicit probabilisticmodelsof humanmotion
for synthesisand tracking. In Computer\Ms-
tion—ECCV2002(1) (CopenhagerDenmark,
May 2002),HeydenA., SparrG., NielsenM.,,
Johansef®, (Eds.),LectureNotesin Computer

[SI87]

[SSSE00]

[WB03]

[WP95]

[ZHO02]

Science SpringerVerlag,pp. 784-800.7th Eu-
ropeanConferenceon ComputetVision. 2

SOGON S., 1zARD C. B.: Se differencesin
emotionrecognitionby observingbody move-
ments. Psydological Reseath 29 (1987),89—
93. 3

SCHODL A., SZELISKI R., SALESIN D. H.,

Essa I.: Video textures. In Proceedingsof

ACM SIGGRAPH2000(July 2000),Computer
GraphicsProceedingsAnnual ConferenceSe-
ries,ACM Presd ACM SIGGRAPH/ Addison
Weslegy Longmanpp.489—4981SBN 1-58113-
208-5. 2

WANG J., BODENHEIMER B.: An evalua-
tion of a cost metric for selectingtransitions
betweenmotion sggments. In Symposiunon
Computer Animation 2003 (San Diego, CA,
July 2003), BreenD., Lin M., (Eds.), ACM
SIGGRAPH/Eurographicpp.232-238. 2, 3

WITKIN A. P, PoPovIC Z.: Motion warping.
In Proceeding®f SIGGRAPHI5 (Aug. 1995),
ComputerGraphicsProceedingsAnnual Con-
ferenceSeriespp.105-108. 2

ZORDAN V. B., HoDGINS J. K.: Maotion
capture-dwensimulationgthathit andreact.In
ACM SIGGRAPHsymposiunon ComputerAn-
imation(July 2002),pp.89-96. 8

(© TheEurographic#ssociation2004.



