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Abstract

In this paper we presenta systemthat can synthesise
novel motionsequencesfroma databaseof motioncapture
examples. This is achieved through learning a statistical
modelfrom the captured data which enablesrealistic syn-
thesisof new movementsby samplingtheoriginal captured
sequences.New movementsare synthesisedby specifying
thestart andendkeyframes.Thestatisticalmodelidentifies
segmentsof the original motion capture data to generate
novel motion sequencesbetweenthe keyframes. The ad-
vantage of this approach is that it combinesthe flexibility
of keyframeanimationwith the realismof motioncapture
data.

1. Introduction

Figure 1. Overview of the system

Theautomaticsynthesisof realistichumanmotionis one
of themostdifficult topicsin computergraphics.An expe-
riencedanimatoris challengedwhentrying to createsome
apparentlysimplemotion like walking. The productionof

only a few secondsof animationcan take weeks,and re-
quiresa skill thatcantake yearsto acquire.Motion capture
(Mocap) seemsto bethemostsuitablesolutionto bring re-
alistic,naturalmotioninto thecomputerwhena skilled an-
imator is not available. However, motion capturehasan
importantweakness:it lacksflexibility . It is very difficult
to edit the capturedmotion without degradingits quality.
Commerciallyavailablemotion capturelibrariesare diffi-
cult to useas they canhave hundredsof exampleswhich
arenormallybrowsedby thenameof theactionsthey con-
tain. In thispaperwepresentasystemthatcombinesthead-
vantagesof motion capturedatawith thoseof keyframing,
which is a naturalandwidely usedinterfacefor computer
animation.

We apply statisticallearningtechniquesto build a syn-
thetic modelfrom a databaseof motion captureexamples.
The model is built with two levels. In the first level, a
Markov chainof the joint trajectoriesis built. This level
on its own cangenerateacoarsemotionby traversingstates
of the Markov chain. However this doesnot suffice if the
goal is high quality, realisticanimation,asall the nuances
in themotionarelost in thecompressionperformedby the
statisticalmodel. The main novelty of our approachis the
secondlevel of the model, which relatesthe statesof the
Markov chainwith segmentsof theoriginal motionsin the
database,andgeneratesa realisticsyntheticmotion based
on thesesegments.

In section2 we compareour approachwith thework of
otherresearchers.In section3 we explain how to build the
two levelsof themodel.Finally we presentour resultsand
discussthefuturework in sections4 and5.

2. Related Work

Ourmethodderivesfrom thoseemployedby researchers
that usestate-spacemodelsto “see” humanactivities, fol-



lowing theclassificationprovidedby Aggarwal andCai [1].
Johnsonand Hogg [5] use vector quantisationand

Markov chainsto build astatisticalmodelof thesilhouettes
of two personsshakinghandsin orderto synthesiseoneof
thesilhouettes,resultingin a virtual interaction.Brand[3]
buildsaHMM of three-dimensionalpositionsandvelocities
of motioncapturemarkerson a humanmodel. This model
is usedto infer 3D informationfrom noisy 2D silhouettes.
Both aretrackingmethodsandthereforeneeda cuesignal
which is not availablefor animation.Thesemodelsarenot
built on the joint spacebut on somework spaceof 2D or
3D points.This requiresstrongefforts in orderto make the
modelsinvariantwith respectpointof view or scale.

More recently, in [4], Galataextends[5] usingVariable
Length HMM to model longer memory dependenciesin
time sequences.Also Bowden[2] usesK-meansclustering
andhierarchicalPCAto build aMarkov chainthatmodelsa
motionexample.Thesemethodsof motionsynthesiswould
not beusefulfor animationasoncea first state(keyframe)
is chosen,the actionthat resultsis eitherfixed or random,
but cannotbecontrollednor canhavenew combinationsof
actions.

PullenandBregler [9] alsousestatisticalmodelsof the
motioncapturedata,in particularaKernelbasedmodelling
of the joint probability of featuresof the motion at differ-
entfrequencies.They show its applicationto thegeneration
of physicallyplausiblerandomvariationsof a 2D charac-
ter with 3 degrees-of-freedomperformingoneaction. It is
difficult to predicthow well this methodwill scalefor full
body3D motion.

StuartandBradley describea corpus-basedmotion in-
terpolationin [12]. The motion of eachjoint is indepen-
dentlylearntandrepresented.Thisallows for innovationin
the synthesis,but fails to capturethe correlationsbetween
joints,andveryawkwardposescanresult.

Most of previous approacheshave in commonthat the
synthesisis an intermediatestep for tracking or gesture
recognitionand is not a goal in itself. Hencethe quality
of themotionis oftentoopoorto beof interestfor character
animation.Howeverthestatisticalframework givessupport
for generalisationandhandlingof high dimensionality. In
this paperwe introducea statisticalframework which ad-
dressestheproblemof “realistic” synthesisof novel human
movementsfrom asetof capturedataexamples.

3. Model Building

Thestatisticalmodelhastwo levels,eachhaving respon-
sibility for a stageof the motion synthesis.The first level
producesasketchof themotionsynthesis(“keyframes”the
animation)and the secondusesthis sketch to samplethe
original motion capturedataandgeneratea novel motion
sequence.

3.1. Representation of Motion Capture Data

Theraw motioncapturedataprovidesmeasurementsof
joints anglesat discretetime intervals �������
	��
� for������������� ����� . A minimal angle-axis representation[7]
is usedto representtherotationfor the ����� joint asa three-
componentvector �! � �#"%$�����&(')$*���(& where' is aunit length
axis and " the angleabout the axis. This representation
givesa minimal parameterisationwhich readily allows the
distancebetweentwo rotationsandthemeanof a setof ro-
tationsto be computed.For similar rotationsthe distance
betweentwo rotations�,+ and�,- is approximatedby theEu-
clideandistancebetweenthevectors: .�/10
243�3�$5�,+6�7�,-8&93�3 .
Themeanrotationof asetof � similarrotationscanbethen
estimatedasthebarycentre�;:42=<>�? >��@ < �;A .

Thesepropertiesof the angle-axisrotationenablecon-
structionof anefficient statisticalrepresentationof themo-
tion capturedata. Alternative minimal representationsuch
asEuleranglesdo not allow meanrotationor distancebe-
tween rotationsto be directly computed. Equivalent re-
dundantrepresentationsuchas B6CDB rotationmatrix or E -
componentquarternionrepresentationscould be usedbut
requireadditionalconstraintsto beimposedto computedis-
tancesandto interpolatebetweenrotations. The captured
joint-anglemotion dataat eachtime instantcan therefore
be representedasa vector F (t) which concatenatesthe in-
dividual joint anglerotations: FG$*� � &)�IH �%J�LK � <��K ����� K �%M,N <� OQP
whereR is thenumberof joints. Translationof therootseg-
mentis ignoredfor thestatisticalmodel.

3.2. Preprocessing

Thepreprocessingcomprisesalignmentandreductionof
dimensionalityof thedata.Eachof themotionexamplesis
transformedby the inverseof the meanorientationof the
root segmentalongtheverticalaxesto make themodelin-
variant with respectto wheretheactionis facing (e.g. we
would like to have the samerepresentationfor a walking
actionfrom right to left asfor onefrom left to right, where
“left” and“right” aretwo oppositedirectionson theground
plane).We canrepresentthetranslationandrotationthata
motion exampleappliesto the root segmentin the hierar-
chy of the humanmodelvia an homogeneoustransforma-
tion matrix S J� for eachframe � . Before alignment,this
transformationcanbedecomposedasfollows[11].

S J� �TSU$WVX�W&YSU$�ZG[,$5"8\]�(&^&YS_$�ZG`�$5"8a]�(&^&YS_$�ZGb�$�" < ��&c& (1)

V � is the translationapplied to the model at frame � and" <ed a d \f� aretheEulerAnglesaroundaxes g K^hiK^j . Supposej is theverticalaxes.Themeanorientationaroundthisver-
tical axiscanbedefinedas k"8\l� <>�? >��@ < "m\]� . Thismeanis
computedfor eachmotion example. The new transforma-



tion appliedto theroot segmentbecomes

S J�;n �TSU$�Z [ $o�6k" \ &c&fS J� (2)

Figure 2. The two principal components of
two motion examples are sho wn before and
after alignment.

The humanmodelsusedin motion captureto represent
complex movementshave a large numberof degrees-of-
freedom(DOF) (on theorderof 70) correspondingto joint
rotations.This representationcontainsconsiderableredun-
dancy wherejoints suchashinge joints like the kneeand
elbow with oneor two DOFaremodelledasarevolutejoint
with 3 DOF. Also in a typical movementsequencenot all
physicallyplausibleDOF areused. Motion datafrom op-
tical or electromagneticcapturedevices will also contain
noisewith a variancein theindividual joint angleestimates
of afew degrees.PrincipalComponentAnalysis(PCA)(see
for instance[8]) is employed asa datacompressiontech-
niqueto identify the significantvariationsin the dataand
eliminatethe redundancy in therepresentation.Theaim is
to approximate� vectors F in a d-dimensionalspaceby
vectorsin a M-dimensionalspacewhere prqs. . Through
principal componentanalysiswe minimisethe error intro-
ducedby thedimensionalityreductionby choosingthevec-
torsto beapproximatedwith theexpression

tF���uFwv xy
��@ <

z ��{|�~} ���o� uF�� ��
>y
��@ < F (3)

wherethe { � aretheeigenvectorsof the covariancematrix
of thedata � . � { ������� { � Theeigenvectorsarearranged
in descendingorderaccordingto theeigenvalues.Themag-
nitudeof theeigenvalues��� identify thecomponentsin the
datawhicharemostsignificant.Takingthe p eigenvectors
with the largesteigenvalueswe canapproximatethe input
datawith a reducedbasis.In practicetakingapproximately
15eigenvaluesrepresents������� of thevariationin themo-
cap data. This reducesthe complexity of deriving a sta-
tistical motionmodelfrom trajectoriesin a 70-dimensional
spaceto a 15-dimensionalspace.

3.3. Level 1

After thepreprocessingstage,thefirst level of themodel
building startsby dividing the joint spacein clustersusing
a K-meansclassifier[6]. This is effectively a vector quan-
tisation which is preferredto a multidimensionalgrid that
dividesthe spaceinto regularcells; throughvectorquanti-
sationtheshapeof thecellscanvary to adaptthedensityof
thepoint distribution of the input signal. This allows us to
betterminimisethequantisationerror[6]. A Markov chain
is thenbuilt to recover temporalbehaviour in theexamples.
Eachstatecorrespondsto oneof the regions found in the
previously computedclustering. The transitionprobabili-
tiesbetweenthesestatesareestimatedby frequency count-
ing on the trainingdata.That is, for two consecutive input
vectorsfoundin thetrainingdata,F�+ and F�- , first thequan-
tisedversionsarecomputedusingtheK-meansclassifier�,+���,$*F�+�& and �,-����,$*F�-m& . The total numberof timesthat
a transitionbetween�,+ and �,- occurs,divided by the to-
tal numberof timesa positionis quantisedas �,+ , givesthe
estimatedtransitionprobability ��$*�,-,3 �,+�& .

Figure 3. The fir st level of the model

3.4. Level 2

Thesecondlevel of themodelis a discreteoutputHid-
den Markov Model [10] in which the hidden“states”are
the motion examples. We choosethe observable output
probability distribution � of eachof thesestatesas being
on the labelsof the clustersfound on the previous stage
of the model, i.e. the statesof the Markov chain ( �s��8$����5��V1���X��3 �1� z���� ���L& ). This canbeestimatedusingBayes’
relationship�8$����5��V1���X��3 �1� z���� ���L&f s�8$*�1� z���� ���,3 ���5��V1���X�¡&o�L$��9���¢VX���X�¡&
We set the same a-priori probability for all £ clus-
ters �8$��9���¢VX���X�¡&�� <¤ . The conditional probability�8$��X� z��
� �*�,3 �9���¢VX���X�¡& is estimatedas the ratio betweenthe
numberof samplesof thatexamplethatfall into thatcluster
dividedby the total numberof samplesin the cluster. The
resultis normalisedby themarginalprobability

�8$*�1� z���� ���L&¥� ¤y¦(§©¨8ª �5«o¬ @ < �8$��X�
z��
� �*�,3 �9���¢VX���X�¡&o�8$*�9�5��VX���X�L&



The only thing that is neededto have a completeHMM
is the transition probabilities betweenmotion segments.
Theseshouldbe inverselyrelatedto the cost of jumping
from onemotionsegmentto another. In a first approxima-
tion we choosethesetransitionprobabilitiesto befixedfor
any two examples� and R . Our basicassumptionis that
the longer the syntheticmotion resemblesa motion cap-
tureexample,themorerealisticit will appear. This implies
choosingthe transitionprobabilitiesso that we discourage
jumpingbetweenmotion examples,i.e. choosing��$ � 3 Rf&
smalland ��$ � 3 � & large.

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

3.5. Motion Synthesis

Thesynthesisis performedin two stages.Thefirst stage
startsby quantisingthetwo user-specifiedkeyframesusing
the K-meansclassifier. This resultsin an initial andfinal
statein theassociatedMarkov chain.A sequenceof jumps
betweendifferentstatesis neededto travel from the initial
to the final state. We formulatethis statesequencesearch
asasynchronous sequential decision problem[10], which
is solvedusingdynamicprogramming.Only transitionsbe-
tweendifferentstateshaveto beconsideredto find themost
likely statesequencegiventhemodel.

A motion examplemay intersectseveral of the regions
in theclusteredjoint space.Thefrontiersbetweenthesere-
gionsdivide themotionexamplesinto motion“segments”.
Thesecondstageof thesynthesistakesthegeneratedstate
sequenceas an input and solves for the most likely se-
quenceof motion segmentsthat couldhave generatedthat
statesequence.The parametersof the HMM werechosen
in sucha way that the solutioncanbe evaluatedusingthe
Viterbi algorithm[10] with known initial andfinal hidden
states.The initial andfinal motionsegmentsarechosento
be the motion trajectoriesclosestto the arbitrarystartand
endkeyframesspecifiedby theuser.

Theresultingmotionconsistsof a seriesof segmentsof
the original capturedmotion sequences.To smoothlylink
thesesegments,thelastpositionof therootsegmentin each
motionsegmentservesasaworld coordinatesystemfor the

following motionsegment.Theorientationsof all jointsare
blended overa small interval of framesaroundthepoint at
which the two motion segmentsareclosest.Two rotations�,+ and �,- can be interpolatedby taking the rotation that
transformsoneinto theother �,+¡-
�T�,-�­��¯®�°+ �#"8/�0c'±+¡- .­ is thecompositionof rotationsand � ®�°- is theinversero-
tationof � - [7]. Interpolatedrotations² +¡- canbefoundby
composinga fraction �´³µH � K � O of this rotation � +¡- with � +
( ² +¡- �¶��� +�- ­
� + ). The motionsof a joint in two exam-
plescanbeblendedoveraninterval of time H R K R�v_·���� O
by calculatinga sequenceof · interpolatedrotationswith
somefunction �f$�� � & definedin thatinterval.

²¡+�-�$*� � &¸�
¹º » �,+¯$�� � & ��³¼H � K ����� K R½�¼·��7� O�f$�� � &(�,+¡-�$�� � &¯­��,+¯$*� � &¾��³¼H R½�¼· K ����� K R O�,-;$�� � & ��³¼H R�vT� K ����� K �¶�7� O

R and �¿�wR½v7· arethenumberof framesof examplesz
and � respectively.

Figure 5. Three principal components of the
motion capture database joint space .

4. Results

We show here an example of the functionality of the
modelon a small motion capturedatabaseof four motion
sequences.Thedatabasecontainsa total of 465framesand
threedifferentactions:standingup from thefloor, walking
andrunning. Theoriginal examplescombinetheseactions
asfollows(seeFig. 5). 1: Standingupandthenwalking. 2:
Running.3: Walking andthenrunning.4: Walking.

Wechoosethenumberof clustersfor themodelto be15,
which representsagoodcompromisebetweenaccumulated
quantisationerrorandcomplexity of themodel. In figure6
theerroris plottedin 110runsof theK-meansalgorithmas
a function of K. The randominitialisation of the K-means
algorithmcanproducebig errorswhenK is small.



Figure 6. Accum ulated quantisation errors.

A possibly desiredsynthetic motion would have the
modelstandingup andthenrunning,however his seriesof
actionsis notavailablein thecapturedexamples.To synthe-
sisethe novel motionsequencewe presentthe modelwith
thekeyframesof Fig. 7.

Figure 7. Keyframes for sitting and running.

Theresultingmotionhasgonethroughatotalof tenclus-
tersandis composedof 71 frames(Fig 8). Two examples
wereusedby thesystemto build themotion,number1 and
number3. In figure 9 we show the smoothtransitionbe-
tweenthetwo actions.

−4
−3

−2
−1

0
1

2

−2

−1

0

1

2
−1.5

−1

−0.5

0

0.5

1

1.5

2

1st principal component

SYNTHETIC MOTION

2nd principal component

3r
d 

pr
in

ci
pa

l c
om

po
ne

nt

Figure 8. Synthetic motion in the joint space

5. Discussion and Future Work

We have developeda statisticalframework which ad-
dressestheproblemof “realistic” synthesisof novel human
movementsform a setof capturedataexamples.Our goal
is to usethis framework to build anaturalinterfacebetween
ananimatoranda motioncapturedatabase.For this reason
wehavechosento have thesystemdrivenby user-specified
keyframes.

The initial result presentedin this paper for a small
databaseof motioncaptureexamplesdemonstratethefeasi-
bility of realisticmotionsynthesisusinga statisticalmodel
which generatesnovel sequencesbasedon the original
motion capturedata. Resultsshow that for this scaleof
databasethereconstructedmovementis realistic. Thenext
stageis to scalethe framework to a databaseof 50-100
movementexamplesto evaluatetheperformance.

Acknowledgements

The authorswould like to thank Joel Mitchelson and
CharnwoodDynamicsfor kindly providing themotioncap-
turedata.Also they would like to thankAndrew Stoddart,
who initially supervisedthis project. This work hasbeen
fundedby EPSRCgrantGR/L78772“SynthesisingHuman
Motion for Virtual Performance”.

References

[1] J. K. Aggarwal and Q. Cai. Human motion analysis:
A review. ComputerVision and Image Understanding,
73(3):428–440,Mar. 1999.

[2] R. Bowden. Learningstatisticalmodelsof humanmotion.
In Proceedingsof theIEEEWorkshopon HumanModeling,
AnalysisandSynthesis, pages10–17,June2000.

[3] M. Brand. Shadow puppetry. In ICCV’99. Proceedingsof
theInternationalConferenceonComputerVision, 1999.

[4] A. Galata,N. Johnson,andD. Hogg. Learningstructured
behaviour modelsusingvariablelengthmarkov models. In
Proceedingsof the IEEE InternationalWorkshopon Mod-
elling People(mPeople).

[5] N. Johnson,A. Galata,andD. Hogg. The acquisitionand
useof interactionbehaviour models.In IEEEConferenceon
ComputerVision and Pattern Recognition, pages866–871,
June1998.

[6] J. Makhoul, S. Roucos,andH. Gish. Vectorquantization
in speechcoding. Proceedingsof the IEEE, 73(11):1551–
1588,Nov. 1985.

[7] X. PennecandJ.Thirion. A framework for uncertaintyand
validationof 3D registrationmethodsbasedon pointsand
frames. Int. Journal of ComputerVision, 25(3):203–229,
1997.

[8] M. PetrouandP. Bosdogianni.Image Processing. TheFun-
damentals.



Figure 9. Transition between sitting and running

[9] K. PullenandC.Bregler. Animatingby multilevel sampling.
In IEEE ComputerAnimationConference2000, pages40–
48,2000.

[10] L. Rabiner and B.-H. Juang. Fundamentalsof Speech
Recognition. Prentice-Hall,1993.

[11] K. Shoemake. GraphicsGemsIV, chapterEulerAngleCon-
version,pages222–229.AcademicPress,1994.

[12] J. M. Stuart and E. Bradley. Learning the grammarof
dance.In Proc.15thInternationalConf. onMachineLearn-
ing, pages547–555.MorganKaufmann,SanFrancisco,CA,
1998.


