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Abstract

In this paper we presenta systemthat can synthesise
novelmotionsequenceffom a databaseof motioncapture
examples. This is achieved through learning a statistical
modelfrom the captured data which enablesrealistic syn-
thesisof new movementdy samplingthe original captured
sequencesNew movementsare synthesisedby specifying
the start and endkeyframes.Thestatisticalmodelidentifies
segmentsof the original motion captue data to geneate
novel motion sequencedbetweenthe keyframes. The ad-
vantage of this appmoad is that it combinesthe flexibility
of keyframeanimationwith the realismof motion capture
data.
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Figure 1. Overview of the system

Theautomaticsynthesiof realistichumanmotionis one
of the mostdifficult topicsin computergraphics.An expe-
riencedanimatoris challengedvhentrying to createsome
apparentlysimple motion like walking. The productionof

only a few secondsof animationcan take weeks,and re-

quiresa skill thatcantake yearsto acquire.Motion capture
(Mocap seemdo bethe mostsuitablesolutionto bring re-

alistic, naturalmotioninto the computemwhena skilled an-
imator is not available. However, motion capturehasan
importantweaknessit lacksflexibility. It is very difficult

to edit the capturedmotion without degradingits quality.

Commerciallyavailable motion capturelibraries are diffi-

cult to useasthey canhave hundredsof exampleswhich

arenormally browsedby the nameof the actionsthey con-
tain. In this papemwe presentaisystenthatcombineshead-
vantageof motion capturedatawith thoseof keyframing,
which is a naturalandwidely usedinterfacefor computer
animation.

We apply statisticallearningtechniquedo build a syn-
thetic modelfrom a databas®f motion captureexamples.
The modelis built with two levels. In the first level, a
Markov chainof the joint trajectoriesis built. This level
onits own cangenerate coarsemotionby traversingstates
of the Markov chain. However this doesnot sufiice if the
goalis high quality, realisticanimation,asall the nuances
in the motionarelostin the compressiomperformedby the
statisticalmodel. The main novelty of our approachs the
secondlevel of the model, which relatesthe statesof the
Markov chainwith segmentsof the original motionsin the
databaseand generates realistic syntheticmotion based
onthesesggments.

In section2 we compareour approachwith the work of
otherresearchersn section3 we explain how to build the
two levels of the model. Finally we presenbur resultsand
discusghefuturework in sectionst and5.

2. Related Work

Our methodderivesfrom thoseemployedby researchers
that usestate-spacenodelsto “see” humanactities, fol-



lowing theclassificatiorprovidedby Aggarwal andCai[1].

Johnsonand Hogg [5] use vector quantisationand
Markov chainsto build a statisticaimodelof thesilhouettes
of two personsshakinghandsin orderto synthesisene of
the silhouettesresultingin a virtual interaction. Brand|[3]
buildsaHMM of three-dimensionglositionsandvelocities
of motion capturemarkerson a humanmodel. This model
is usedto infer 3D informationfrom noisy 2D silhouettes.
Both aretrackingmethodsandthereforeneeda cuesignal
whichis not availablefor animation. Thesemodelsarenot
built on the joint spacebut on somework spaceof 2D or
3D points. This requiresstrongefforts in orderto make the
modelsinvariantwith respecpoint of view or scale.

More recently in [4], Galataextends[5] usingVariable
Length HMM to model longer memory dependenciesn
time sequencesAlso Bowden[2] usesK-meansclustering
andhierarchicaPCAto build aMarkov chainthatmodelsa
motionexample.Thesemethodf motionsynthesisvould
not be usefulfor animationasoncea first state(keyframe)
is chosenthe actionthat resultsis eitherfixed or random,
but cannotbe controllednor canhave new combinationof
actions.

PullenandBregler [9] alsousestatisticalmodelsof the
motioncapturedata,in particulara Kernelbasednodelling
of the joint probability of featuresof the motion at differ-
entfrequenciesThey shaw its applicationto thegeneration
of physically plausiblerandomvariationsof a 2D charac-
ter with 3 degrees-of-freedonperformingoneaction. It is
difficult to predicthow well this methodwill scalefor full
body3D motion.

Stuartand Bradley describea corpus-basednotion in-
terpolationin [12]. The motion of eachjoint is indepen-
dentlylearntandrepresentedThis allows for innovationin
the synthesisput fails to capturethe correlationsbetween
joints, andvery awkward posescanresult.

Most of previous approachesave in commonthat the
synthesisis an intermediatestep for tracking or gesture
recognitionandis not a goal in itself. Hencethe quality
of themotionis oftentoo poorto beof interestfor character
animation.Howeverthe statisticalframework givessupport
for generalisatiorand handlingof high dimensionality In
this paperwe introducea statisticalframewnork which ad-
dressesheproblemof “realistic” synthesiof novel human
movementdrom a setof capturedataexamples.

3. Mode Building

Thestatisticaimodelhastwo levels,eachhaving respon-
sibility for a stageof the motion synthesis.The first level
produces sketchof the motionsynthesig“k eyframes”the
animation)and the secondusesthis sketchto samplethe
original motion capturedataand generatea novel motion
sequence.

3.1. Representation of Motion Capture Data

The raw motion capturedataprovidesmeasurementsf
joints anglesat discretetime intenals t; = i x At for
i+ = 0....N — 1. A minimal angle-axis representatioffi7]
is usedto representherotationfor the jt* joint asathree-
componenvectorr,” = 6(t;)n(t;) wheren is aunitlength
axis and # the angle aboutthe axis. This representation
givesa minimal parameterisatiowhich readily allows the
distancebetweertwo rotationsandthe meanof a setof ro-
tationsto be computed. For similar rotationsthe distance
betweertwo rotationsr, andry is approximatedby the Eu-
clideandistancebetweerthevectors:d,, ~ ||(ra — 7b)|]-
Themearrotationof asetof N similarrotationscanbethen
estimatedasthebarycentrer,,, ~ % Zfi 1 T

Thesepropertiesof the angle-axisrotation enablecon-
structionof anefficient statisticalrepresentationf the mo-
tion capturedata. Alternative minimal representatiosuch
asEuleranglesdo not allow meanrotationor distancebe-
tween rotationsto be directly computed. Equivalent re-
dundantrepresentatiosuchas3 x 3 rotationmatrix or 4-
componentguarternionrepresentationsould be usedbut
requireadditionalconstraintso beimposedo computedis-
tancesandto interpolatebetweenrotations. The captured
joint-angle motion dataat eachtime instantcan therefore
be represente@sa vector ¢(t) which concatenatethe in-
dividual joint anglerotations: ¢(t;) = [r?, 7}, ...,r?~ 1T
wheren is thenumberof joints. Translatiorof theroot sey-
mentis ignoredfor the statisticaimodel.

3.2. Preprocessing

Thepreprocessingompriseslignmentandreductionof
dimensionalityof the data. Eachof the motionexamplesis
transformedby the inverseof the meanorientationof the
root sggmentalongthe verticalaxesto make the modelin-
variant with respecto wherethe actionis facing (e.g. we
would like to have the samerepresentatiorior a walking
actionfrom right to left asfor onefrom left to right, where
“left” and“right” aretwo oppositedirectionsontheground
plane). We canrepresenthetranslationandrotationthata
motion exampleappliesto the root sggmentin the hierar
chy of the humanmodelvia an homogeneougransforma-
tion matrix HY for eachframei. Before alignment,this
transformatiorcanbe decomposedsfollows[1]].

HY = H(s;) H(Ry(83:)) H(Ry(62:)) H(R:(61:)) (1)

s; is the translationapplied to the model at frame ¢ and
01,2,3 ; aretheEuler AnglesaroundaxesZ, X, Y. Suppose
Y istheverticalaxes. Themeanorientationarouncthis ver-
tical axiscanbedefinedasf; = % Zfil 63;. Thismeanis
computedfor eachmotion example. The new transforma-



tion appliedto theroot segmentbecomes

HY = H(R,(~63)) H? 2)
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Figure 2. The two principal components of
two motion examples are shown before and
after alignment.

The humanmodelsusedin motion captureto represent
complex movementshave a large numberof degrees-of-
freedom(DOF) (on the orderof 70) correspondingdo joint
rotations. This representatiogontainsconsiderableedun-
dang wherejoints suchashingejoints like the kneeand
elbow with oneor two DOF aremodelledasarevolutejoint
with 3 DOF Also in atypical movementsequencenot all
physically plausibleDOF are used. Motion datafrom op-
tical or electromagneticapturedevices will also contain
noisewith avariancein theindividual joint angleestimates
of afew degrees PrincipalComponenfnalysis(PCA) (see
for instance[8]) is employed as a datacompressiortech-
nigueto identify the significantvariationsin the dataand
eliminatethe redundang in therepresentationTheaim is
to approximateN vectors¢ in a d-dimensionalspaceby
vectorsin a M-dimensionakpacewhereM < d. Through
principal componentnalysiswe minimisethe error intro-
ducedby thedimensionalityreductionby choosinghevec-
torsto be approximatedvith the expression

_ ~ M ~ 1 N
=¢+ a;u; with = — 3
¢=0 ; i ¢= ; ¢ @
wherethe u; arethe eigervectorsof the covariancematrix

of thedataC. Cu; = \;u; Theeigervectorsarearranged
in descendingrderaccordingo theeigervalues.Themag-

nitudeof the eigervalues); identify the componentsn the

datawhich aremostsignificant. Takingthe M eigervectors
with the largesteigervalueswe canapproximatethe input

datawith areducedasis.In practicetakingapproximately
15eigervaluesrepresents- 97% of thevariationin themo-

cap data. This reducesthe compleity of deriving a sta-

tistical motion modelfrom trajectoriesn a 70-dimensional
spaceo a 15-dimensionaspace.

33. Level 1

After thepreprocessingtagethefirst level of themodel
building startsby dividing the joint spacein clustersusing
aK-meansclassifier[6]. Thisis effectively avector quan-
tisation which is preferredto a multidimensionalgrid that
dividesthe spaceinto regular cells; throughvectorquanti-
sationthe shapeof the cellscanvary to adaptthe densityof
the point distribution of the input signal. This allows usto
betterminimisethequantisatiorerror[6]. A Markov chain
is thenbuilt to recosertemporalbehaiour in theexamples.
Eachstatecorresponddo one of the regionsfoundin the
previously computedclustering. The transition probabili-
tiesbetweerthesestatesareestimatecdy frequeng count-
ing on the training data. Thatis, for two consecutie input
vectorsfoundin thetrainingdata,¢, andg,, firstthequan-
tisedversionsarecomputedisingtheK-meansclassifierg,
= ¢(¢o) andgs = ¢(¢s). Thetotal numberof timesthat
a transitionbetweeng, andgq; occurs,divided by the to-
tal numberof timesa positionis quantisedasq,, givesthe
estimatedransitionprobability P(gp|qa)-

Mocap database

Figure 3. The first level of the model

3.4. Level 2

The secondevel of the modelis a discreteoutputHid-
den Markov Model [10] in which the hidden“states”are
the motion examples. We choosethe obsenable output
probability distribution b of eachof thesestatesas being
on the labels of the clustersfound on the previous stage
of the model, i.e. the statesof the Markov chain (b =
b(cluster|example)). This canbe estimatedusingBayes’
relationship

b(cluster|example) x blexample|cluster)b(cluster)

We set the same a-priori probability for all K clus-
ters b(cluster) = +. The conditional probability
b(exzample|cluster) is estimatedasthe ratio betweenthe
numberof sampleof thatexamplethatfall into thatcluster
divided by the total numberof sampledn the cluster The
resultis normalisedby the maminal probability

K
Z b(example|cluster)b(cluster)

cluster=1

b(example) =



The only thing that is neededto have a completeHMM
is the transition probabilities betweenmotion segments.
Theseshould be inverselyrelatedto the costof jumping
from onemotion sggmentto another In afirst approxima-
tion we choosehesetransitionprobabilitiesto be fixedfor
ary two examplesm andn. Our basicassumptionis that
the longer the syntheticmotion resemblesa motion cap-
tureexample themorerealisticit will appearThisimplies
choosingthe transitionprobabilitiesso that we discourage
jumping betweermotion examples,i.e. choosingP(m|n)
smalland P(m|m) large.

Mocap database Jevel 1

Figure 4. The second level of the model iden-
tifies motion examples with hidden states of
a HMM.

3.5. Motion Synthesis

Thesynthesidgs performedn two stagesThefirst stage
startsby quantisingthe two userspecifieckeyframesusing
the K-meansclassifier This resultsin an initial and final
statein the associatedarkov chain. A sequencef jumps
betweendifferentstatess neededo travel from theinitial
to the final state. We formulatethis statesequencesearch
asasynchronous sequential decision problem[10], which
is solvedusingdynamicprogramming Only transitionsbe-
tweendifferentstateshave to beconsideredo find the most
likely statesequencgiventhe model.

A motion examplemay intersectseveral of the regions
in the clusteredoint space.Thefrontiersbetweerthesere-
gionsdivide the motion examplesinto motion “segments”.
The secondstageof the synthesigakesthe generatedtate
sequenceas an input and solves for the most likely se-
guenceof motion segmentsthat could have generatedhat
statesequence The parameter®f the HMM werechosen
in sucha way thatthe solutioncanbe evaluatedusingthe
Viterbi algorithm[10] with known initial andfinal hidden
states.Theinitial andfinal motion sgmentsarechoserto
be the motion trajectoriesclosestto the arbitrary startand
endkeyframesspecifiedby theuser

Theresultingmotion consistsof a seriesof segmentsof
the original capturedmotion sequencesTo smoothlylink
thesesggmentsthelastpositionof theroot segmentin each
motionsegmentsenesasaworld coordinatesystentfor the

following motionsegment. Theorientationsof all jointsare
blended overasmallinterval of framesaroundthe point at
which the two motion sggmentsare closest. Two rotations
ro andr, canbe interpolatedby taking the rotation that
transformsoneinto theotherrq,, = 7 © r;l = O0opNab.

o is the compositionof rotationsandr, * is theinversero-

tationof r4 [7]. Interpolatedotationsb,, canbefoundby
composingafraction\ € [0, 1] of thisrotationrqe with 74

(bab = ATab © To). The motionsof ajoint in two exam-
plescanbeblendedover aninterval of time [n,n + T — 1]

by calculatinga sequencef T interpolatedrotationswith

somefunction \(t;) definedin thatinterval.

ra(ti) i€0,...,n—=T—-1]
bab(ti) =< Mti)rap(ti) ore(t;) i€[n—1T,...,n]
’l"b(ti) 1€ [’I’L+1,...7N—1]

n andN — n + T arethe numberof framesof examplesa
andb respectiely.
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Figure 5. Three principal components of the
motion capture database joint space.

4. Reaults

We shav here an example of the functionality of the
modelon a small motion capturedatabasef four motion
sequencesThe databaseontainsa total of 465framesand
threedifferentactions:standingup from thefloor, walking
andrunning. The original examplescombinetheseactions
asfollows (seeFig. 5). 1: Standingup andthenwalking. 2:
Running.3: Walking andthenrunning.4: Walking.

We choosehenumberof clusterdor themodelto be 15,
which representa goodcompromisébetweeraccumulated
guantisatiorerrorandcompleity of themodel. In figure 6
theerroris plottedin 110runsof theK-meansalgorithmas
a function of K. The randominitialisation of the K-means
algorithmcanproducebig errorswhenK is small.
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A possibly desired synthetic motion would have the
modelstandingup andthenrunning,however his seriesof
actionsis notavailablein thecapturedxamples.To synthe-
sisethe novel motion sequenceve presenthe modelwith
thekeyframesof Fig. 7.

Figure 7. Keyframes for sitting and running.

Theresultingmotionhasgonethroughatotal of tenclus-
tersandis composedf 71 frames(Fig 8). Two examples
wereusedby the systento build themotion,numberl and
number3. In figure 9 we shov the smoothtransitionbe-
tweenthetwo actions.
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Figure 8. Synthetic motion in the joint space

5. Discussion and Future Work

We have developeda statisticalframewnork which ad-
dresseshe problemof “realistic” synthesif novel human
movementgorm a setof capturedataexamples.Our goal
is to usethis framework to build a naturalinterfacebetween
ananimatoranda motion capturedatabasekor this reason
we have choserto have the systemdrivenby userspecified
keyframes.

The initial result presentedn this paperfor a small
databasef motioncapturesxamplesdemonstrat¢hefeasi-
bility of realisticmotion synthesiausinga statisticalmodel
which generatesnovel sequencesdasedon the original
motion capturedata. Resultsshow that for this scaleof
databaséhereconstructednovementis realistic. The next
stageis to scalethe framework to a databaseof 50-100
movementexamplesto evaluatethe performance.
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