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Figure 1: Comparison between standard wavelet compression and optimized wavelet coe cient selection with inverse kinematics correction.
The compressedsequenceis shown in red with the original sequenceoverlaid in gray in both images.

ABSTRACT

Motion capturedatais aneffective way of synthesizindiumanmo-
tion for mary interactive applicationsijncludinggamesandsimula-
tions. A compact,easy-to-decodeepresentatiois neededor the
motiondatain orderto supporthereal-timemotionof alargenum-
berof charactersvith minimalmemoryandminimal computational
overheadsWe present wavelet-basedompressiotechniquethat
is speciallyadaptedo the natureof joint angledata. In particular
we de ne wavelet coefcient selectionas a discreteoptimization
problemwithin atractablesearctspaceadaptedo thenatureof the
data.Wefurtherextendthistechniqueo take into accountisualar
tifactssuchasfootskate . The proposedechniquesarecomparedo
standardruncatedwavelet compressiorand principal component
analysishaseccompressionThefastdecompressiotimesandour
focus on short, recomposabl@nimationclips make the proposed
techniques realisticchoicefor mary interactive applications.
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1 INTRODUCTION

Motion capturedataenablesrapid productionof hugecollections
of skeletalanimations. As a result, it is nov a commonmethod
for synthesizing-haractemotionin videogamessimulationsand
controllableavatars. As the amountof datacontainedn suchcol-
lectionsincreasesit becomegrucialto developcompressiortech-
niguessuitedto skeletalanimations Losslesssompressiommay be
usefulfor variousapplications but the bestgainscanbe obtained
whenwetakeinto consideratiomumanperceptualimitations. This

papeiis therefordnterestedn lossycompressiomnf skeletalanima-
tion data.

A “good” compressiomechniquedependso asigni cant degree
onthe characteristicef the application.Is the cachefootprintim-
portant?ls it importantto have fastaccesdo a subsebf the joint
data?ls it perceptualljimportantto have accuratgoot placement?
Is it importantthat motion clips be compressedhdependentlyof
eachother? In our work, we shall assumehatthe answerto each
of theabove questionss “yes', basedon the knowvledgethat mary
interactive applicationseedto: animatemultiple characterén real
time usingminimal resourcessupportmulti-way blendingbetween
multiple motions;supportseparatdlendingof individual limbs or
upperandlower bodies;supportaccuratdoot placementandneed
toolsandtechniqueghatintegrateeasilywith currentpipelinesfor
processin@ndanimatingmotion capturedata.

Typical motion capturedata exhibits tempoal coheenceand
joint correlations both of which canbe exploited for the purposes
of compression. The positionsand orientationsof a charactes
body partsvary smoothlyover time when viewed at an appropri-
ately small time scale,thus beingamenabldo being modeledby
splineswavelets,or evenlocal lineardynamicalsystemsThe cor
relatedmovementbetweernjointsarisedrom thehighly coordinated
andstructuredhatureof humanmotions. Giventhesetwo typesof
correlations,somefundamentabjuestionsarise. How muchcom-
pressioncan be achiezed by exploiting only temporalcorrelation,
or usingonly joint correlation? How shouldthesetwo types of
compressiotbe orderedsoasto exploit bothcorrelations?

Recentwork in animationandcompressiomprovidesanswerso
someof thesequestions.Principalcomponengnalysis(PCA) ap-
plied globally to motion capturedatashaws that 10-20 principal
componentsiretypically requiredto representhemotionof atypi-
calhumanskeletonmodeledusing40-60degreesof freedom(DOF)
[18,'15]. Thistypically achiezesa compressiorfiactorof 2-4, once
the costsof thereconstructiomatrix have beenamortized andas-
sumingsimilar quantizationfor the original and compressedlata.
Applying PCAto well-chosercoherentocal motionsegmentg 15|
canyield furtherimprovementsyequiringon the orderof 3-5 prin-
cipal componentdgor typical motion sggments. This is someavhat
offsetby the additionalstoragerequiredby the newv basedor each



motionsegment.Therearefewer answerselatedto temporalcom-
pressioralone. Arikan [1] notesthatsimplesubsamplingrovides
12:1 compressioron the 120 Hz CMU databasédor the particular
level of visualquality usedasa benchmarko comparetechniques.
¢ Fromthis, thelargestgainsmay comefrom temporalcompression
ratherthanjoint correlations.The samework reportscompression
ratiosin therangeof 30-35:1usinga schemehatexploits bothjoint
correlationg PCA) andtemporalcoherence.

Our work looks only at temporalcompressionWe avoid com-
bining thiswith exploitationof thejoint correlationgor severalrea-
sons.First, it is usefulto gain anunderstandingf hov muchcom-
pressionthe right kind of temporalschemesan achieve on their
own. Second,compressingndividual channelsof motion allows
for e xibility in thereuseof motions.For example,the upperbody
of one motion may be combinedwith the lower body of another
motion. This allows for motion variety and gives game engines

e xibility to let characterschieve their goals.Last,interactive ap-
plicationsoften usea linear blend of multiple motionsin orderto
do parameterizethterpolationbetweemrmotionsandalsoto blend
betweensuccessie motion clips. Whencombinedwith the need
to animatemorethan10 charactersimultaneouslythis may easily
leadto upwardsof 30 motionsbeingdecompressesimultaneously
with limited resourcesln thesesituations the cachefootprintand
computationaloverheadrequiredto supportPCA-basedschemes
are potentially problematic,andthusapplicationsarelikely to es-
chev maximalcompressiorin favor of onethathaslower compu-
tationalor memoryrequirements.

We useEulerjoint anglesasour underlyingmotionrepresenta-
tion andshow thatwith appropriatecareandattention,joint space
canbe a suitabledomainfor motion compressionJointanglerep-
resentationsreanintegral partof currentgameandsimulationen-
gines,andtrivially supportblendingbetweenmotions. An alter
native thatis exploredin two examplesof recentwork [1, 15 is
to useinternalvirtual marker representationasa basisfor motion
compressionThis necessitateextra overheadn convertingto the
original joint anglerepresentations orderto supporttraditional
run-timeenginedor thedisplayof animatedcharacters.

The speci ¢ contritutions of this paperareasfollows. We pro-
posetwo techniquedor adaptinga wavelet compressiorscheme
to joint angledata. We evaluatetheseideasby comparingthem
agninstPCA alone,aswell asanunoptimizedvaveletschemgsee
Figure1). The compressiorschemesve introducearewell suited
to the constraintof real-timecharacteanimationthatresultfrom
requiring the simultaneousdecompressiomf a large numberof
motions. We concludethattheright kind of temporal-only joint-
angle-basedompressiorschemesffer compressiomatiosnot far
removed from other schemeghat take joint correlationsinto ac-
count. Two recentpaperg15,/1] notethatjoint angledatais itself
not suitablefor compressiorbecausef the hierarchicalnatureof
the limbs. We shav that an appropriately adaptedcompression
schemecan achieve high quality compressiomirectly on joint an-
gle data.

The remainderof this paperis structuredasfollows. Section2
presentselatedwork, while Section3 introducesa numberof pre-
liminary de nitions usedthroughouthe paper Section4/describes
the directapplicationof truncatedvaveletcompressiortechniques
to skeletalanimationdata.Section5|de nesthewaveletcoefcient
selectionasa discreteoptimizationproblemandshavs how it can
beefciently solvedin the contet of skeletalanimationdata. This
techniquds furtherextendedusinginversekinematic§IK) to han-
dle situationswherebody-ewironmentinteractionsare important.
Section6 presentsesultsanddiscussionsfollowedby conclusions
in Sectioni7.

2 RELATED WORK

The needfor compressiorarisesin mary domains. We focus our
discussioronthecompressiomnf skeletalanimationdata,although
we note that there are also methodsfocusedon the related-lt-
distinctproblemof compressiomf animatedneshese.g., [4]. We
begin by noting that reducedbasesandkeyframeextractionmeth-
ods have beenproposedor applicationsother than compression.
Representationsf posesn areduceddlimensionabpacehave been
usedfor animatiorretrieval [ 7], for thedevelopmenif variousmo-
tion editing tools [18, 3, 9], and for motion synthesig17, |8, 5].
Temporalsimpli cation hasalsobeenusedto extractkey posesn
ananimationsequencgl4, 11, 2], for space-timeptimization[16],
or for motionediting[12, 13].

Liu andMcMillan [15] compresghe raw 3D marler positions
obtainedrom motion captureby breakingthe motioninto contigu-
ous segmentsthat canbe compactlyexpressedn a reducedPCA
basis. Temporalcoherences then exploited by adaptvely tting
cubicsplinesto thereduced-basisoefcients andonly storingthe
keyframesfor the resultingcubic splines. To minimize footskate,
the foot markers are compressedeparatelyfrom the remaining
markersandatighter PCA residualerrortoleranceis used.A full-
body IK-basedpost-processnustbe appliedwhenangularvalues
are desired. Compressiorratios on the order of 50-60:1are re-
portedfor a given setof residual-errothresholds.They notethat
the piecavise PCA by itself givesa compressioriactorof approxi-
mately8, while temporalcompressiomprovidesanadditionalfactor
of roughly 7. Becausehis work compressesaw marker motion
(with possiblyredundantmarlkers),the compressiomatesmay not
bedirectly comparableo ourwork, which compressethejoint an-
glesmorecommonlyusedasa motion capturedataformat.

Arikan [1] presentsa motion capture databasecompression
scheme.His techniqueexploits joint correlationsandtime coher
enceasappliedto large motion databasesThe techniqueis based
ontheuseof virtual markersasaninternalrepresentatioandthus
requiresconversionto andfrom thisrepresentationA waveletcom-
pressiorbasedon Haarwaveletsis usedasa point of comparison.
Ourwork differsin thatwe investicgatea schemehatcancompress
motion clips independentlyof eachotherand that allows for the
efcient extractionof individual channelf motionfrom thecom-
pressediata. We work directly with joint anglesand usea cubic
interpolatingsplinewaveletbasisappropriateo the continuousa-
ture of animationdata.

3 PRELIMINARY DEFINITIONS

This paperfocuseson compressiotechniquedasednatruncated
waveletrepresentationf thedegreesof freedom.Thewaveletbasis
is anaturalchoicegivenits usefor compressingariousothertime-

dependensignalssuchasaudio. It yields a betterrate-distortion
than piecevise linear approximationg14] at a minimal increase
in computationatost. We usea cubicinterpolatingbi-orthogonal
waveletbasishuilt usingthelifting schemg19]. We noticedsome
artifactsdueto the lack of continuity in the reconstructedgignals
whenwaveletsof adegreeinferior to 3wereused.Theinterpolating
basisis a matterof convenience;it allows us to build the signal

directly from thesamplesvithouthaving to rst convertit to anon-

interpolatingrepresentatiosuchasB-Splines.

Thedatawe areworkingwith containsk DOF: 3 signalstracking
thepositionof theskeletonrootandk 3 signalstrackingtheEuler
anglesat the differentjoints. For our results,k = 62. A complete
animationis thereforerepresentetdy n samplesn ak-dimensional
spacenoted Q(t) = (qo(t);::; gk 1(1)), with (go(t); gu(t); gz(t))
beingthe root position. The resultof alossycompressiorapplied
to this animationwill be notedQ(t).



3.1 Distortion Metrics

In orderto evaluatethe ef ciency of a compressiormethod,it is
necessaryo evaluateits distortion. Sincethe datais meantto be
viewedby humanobsenrers,thedistortionshoulddependnthevi-
sualaccurag of the compressednimationandaccountfor known
perceptualimitations. Measuringsucha distortionis dif cult and
is typically doneby visualinspectionof the nal results.However,
we shall still requirea formally de ned distortionmetricin order
to yield repeatablenumericalresults. This metricwill alsobeused
with the optimization-basedompressioschemepresentedbelow.
The simplestmetricis the RMS errorin the DOF. However, as
notedearlier animationquality usuallydependsnuchmoreon the
accurag of the 3D positionsof the joints thanthat of the angles
thatcontrolthem.Althoughbothmeasurearerelated the effect of
a smallangularerroronthe nal posedependdothonthe model
hierarcly andits currentpose.Giventhestaticskeletalinformation
andthe valueof all theanglesattimet, it is easyto computeasa
seriesof matrix multiplications,the 3D positionsof thejoints of an
animation.If theskeletoncontainsp joints, thenthesepositionscan

for the compressednimation.Finally, the staticskeletoninforma-
tion givesus the length lg;:::;1p 1 of the bonedriven by each
joint. Thesevaluescanbeusedto de ne the positionaldistortion:
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Thefractionl;=l, wherel = § 1, is usedto weightthejoints based
ontheirlocal in uence. A joint driving a nger haslessimpacton
thepositionalerroroverthe skeletonthanajoint driving aforearm.

3.2 PCA Compression

For comparisonpurposes,we introduce a simple compression
schemebasedon PCA. This methodworks by building the covari-

respondingto poseswithout the root position. The eigervectors
correspondingdo the largesteigevaluesare thenbuilt into a ma-
trix de ning a lower-dimensionalitylinear spaceinto which each
poseQ(t) is projected. The numberof eigervectorsretainedwill
thendictatethe size of the compressediataandthe quality of the
reconstruction.

Thedatarequiredfor reconstructiorof theoriginal setof signals
is: the projectionmatrix; the reducedbasisrepresentatiorof the
motionovertime correspondingo theprojectedQ(t); threesignals
correspondingo (qo(t); qu(t); g2(1)); anda (k  3)-dimensional
vector containingthe meanof eachQ(t). We nally quantizeall
storeddatato 16 bits, whichwasdeterminedxperimentallyto yield
goodrate-distortiorresults.

4 STANDARD WAVELET COMPRESSION

In this sectionwe rst shav how standardruncatedwaveletcom-
pressiortechniquesanbe usedwith skeletalanimations.Givena
signalof n samplegerfectlyrepresentetly n waveletcoefcients,
a target compressiorratio r can be obtainedby keepingthe n=r
largestcoefcients and makingthe othersequalto zero. In situa-
tionswherewaveletencodingvorkswell, mostwaveletcoefcients
arevery smallanda heavily truncatedvaveletrepresentatiofaith-
fully reproducesheoriginal signal.

For skeletalanimationsthe datais comprisedf k differentsig-
nals,onefor eachEulerangleandthreefor therootposition. A rst
approactconsistof consideringeachsignalindependentlyln the

caseof truncatedwavelet compressionthis would meankeeping
the n=r largestwavelet coefcients in eachof the k signals. This
methodis optimalin aleast-squarsensefor eachof thek dimen-
sionsindependentlyHowever, it is notoptimalif thedatais viewed
asa k-dimensionalvector A commonvalue of r meansthat the
samenumberof coefcients will be allocatedto eachsignal,even
if someof them containstrongvariationswhile othersare nearly
constant.

Another approachconsistsof keepingthe kn=r largestcoef-
cientsamongall the kn wavelet coefcients representinghe data.
This producesa least-squareptimal representatioover the entire
k-dimensionakpace.Usingthe selecteckn=r coefcients, we can

build avectorw 2 [0; n]k identifyinghow mary coefcients arekept
from eachof thek signals.

Directapplicationof theabove techniquewith skeletalanimation
datacauses problem,however, sincesomeDOF encodeEuleran-
gleswhile othersencodepositions. In orderto male thesevalues
comparablewe representachanglein radiansandmultiply it by
thelengthof thebonedrivenby theassociategbint. This scalingis
only performedo computethew;, which arethenusedto compress
theoriginal signals.

Vectorw is usedto build thestandardvaveletcompressionech-
nigue wherethe compresse@nimationis obtainedusing g;(t) =
trund gi; w;i). We usethe notationtrund f;a) to representhe sig-
nal obtainedfrom f by keepingonly the a largestwavelet coef-
cients. Compressinghe animationis simply a matter of per
forming awavelettransformandthenbuilding w by identifying the
kn=r largestcoefcients. Decompressiors achiezed by aninverse
wavelettransform.The fastwavelettransformalgorithm,with lin-
earexecutiontime, allows this to be computedef ciently .

To efciently encodeghenon-zerccoefcients of eachsignal,we
rst orderthemfrom thewidestto the narravestwaveletbasis.We
thenquantizeeachcoefcient to 16 bits. In the spirit of run-length
encodinga smallnumberof 16 bit codesareresenedto represent
sequencesf consecutie zeros.Anothercodeis usedto indicatea
pointpastwhichall theremainingcoefcients of thesignalarenull.
As an optionalstep,we canfurther entropy-encodethe datausing
the Lempel-Zv [21] compressogzip on a clip-perclip basis.The
useof gzipwould be unsuitablefor online usebut is includedhere
asan exampleof the gainsthat could be achieved usinga custom

entrofy-encodingstep.

5 OPTIMIZED WAVELET COEFFICIENT SELECTION

For a given ratio r, standardwavelet compressiorminimizesthe
RMS errorin the DOF. However, if the goalis to be perceptually
faithful to the original animation,it is necessaryo take positional
distortioninto account A rst way to achiee thisis to redistritute
thenon-zerowaveletcoefcients in anoptimalway.

Formally, this problemconsistsof selecting,amongall the kn
wavelet coefcients, exactly kn=r coefcients to keepin orderto
minimizepositionaldistortion. Thesizeof the searctspaceor this

discreteoptimization problemis kﬁ”:r . Given the usually large
numberof samplesh andthe non-linearcouplingbetweerthejoint
anglesandthe nal pose thisselectionrepresentadauntingtask.

We proposeo simplify this problemto theselectiorof k discrete
variablesdentifying how mary of then largestwaveletcoefcients
shouldbekeptfor eachof thek signals.Formally, we seeka vector
m 2 [0; n]k suchthat the compressedignalsfﬁ(t) = trundgi; mj)
minimize positionaldistortionandthatd m; = kn=r.

This simpli cation canbe seenasa way to increasetheimpor-
tanceof somesignal componentswhile reducingthat of others.
This would be a somavhat arbitrary processif we were dealing
with generictemporalsignals.However, in the caseof skeletalani-
mations thesignalscorrespondo joints organizedin ahierarchical



way andit seemsaturalto give moreimportanceo angleshatare
highin thehierarcly.

One could think of obtainingthe vectorm using bonelengths
or ary otherinformationavailablein the staticskeleton. Unfortu-
nately this would be equivalentto consideringthe k signalsinde-
pendentlywhichwasshown to besub-optimafor standardvavelet
compression.We nd that the optimal choiceof m dependsot
only onthestaticskeletonandtherelative compleity of thediffer-
entsignals,but alsoon the posesn the animation.For example,in
a boxinganimationsequencevherethe actorholdshis armsclose
to his body, a smallrotationof thetorsocanhave lessin uence on
thepositionaldistortionthanarotationattheelbaw or theshoulder

Theoptimalvectorm will thereforebedifferentfor eachanima-
tion clip. In this casethesizeof thesearctspacds approximately

k' which is muchsmallerthanbefore. This discreteoptimiza-
tion problemcanbe solvedin a numberof ways.In ourimplemen-
tation, we usea heuristicsimulatedannealingechniquedescribed
asAlgorithm[1.

The algorithm setsvector m equalto vectorw obtainedwith
standardwavelet compression. The initial stepsize s is setto
bmaxf mj=2gc. Eachsuccessie stepof the algorithm randomly
selectsan index i 2 [1;K] and the componentm; is immediately
reducedby the value = min(s;m;). A linear searchis then
performedto identify anothercomponentj 2 [1;K] that, whenin-
greased)y thevalues® producesa new vectorm®andnew signals
in(t) thatminimize positionaldistortione.

1m w

2 s bmaxfm;=2gc

3 while s6 0do

4 i randon{1;k)

5 £ min(s;m;)

6 m m

7 | md md &

8 | Findj2 [1;k som?+ s'minimizese
9 ifjeithenm? m(j’+s°,m mO
10 elseif toomanysuccessivéailuresthen s  bs=2c
11 end

Algorithm 1. Optimizedcoefcient selection.

If the searchproducesj 6 i, then the vector is updatedas
m mC If we nd j = i, thenthis particularchoiceof i hasfailed
andthe vectorm remainsunchanged After a pre-de nednumber
of successie failures,the stepsizeis updatedass  bs=2c. In our
implementatiorthe stepsizeis reducedafter 10 successie failures.
The algorithmterminatesvhens reache® andthe nal vectorm
canbeusedto compresandstorethe datain the sameway asstan-
dardwaveletcompression.

This techniquecould be usedwith metricsotherthanpositional
distortion. However, if the chosermetricis not dependanenough
on thejoint hierarcly, thenour initial assumptiorfails andthere-
strictedsearchspacecanprove too limited to yield goodoptimiza-
tion results. We experiencedsuchproblemswhen usinga metric
thatpenalizeckerrorsatjoints interactingwith the environment.

5.1 InverseKinematics Correction

Theprevioustechniquecanachiere very satishictoryrate-distortion
resultswith the positionaldistortion metric. However, this metric

doesnot considersomeeventsthat areknown to createimportant
visible artifactssuchasa contactfoot sliding on theground. Also,

asmentioneckearlier our experimentsshaovedthatsimply usingan

optimizationmetric penalizingsuchartifactsdid notyield goodre-

sults.

A rst wayto correcttheseerrorswould beto usethetechnique
of lkemotoetal. [10] thatautomaticallydetectsandcorrectsfoot-
skate.This classi er-basedmethodis usefulwhenno correctrefer
enceanimationis availablebut, in the caseof compressionit risks
introducingmotionsthatwerenot presenin the original sequence.

We proposeto rst usewavelet coefcient selectionin orderto
obtaina lossyreconstructiorof the motion. Then, for eachpose
shaving contacterrors,IK is appliedto move the incorrectjoints
to their true positionsobtainedfrom the original motion. We did
not addresghe issueof automaticallyidentifying contacterrors.
Instead sincethefeetarethe mostimportantsourceof sucherrors,
we correctedheir positionsat every frame.

This requiresusto store3 extra signalsfor eachfoot. This con-
stitutesan importantoverheadsinceour animationsare expressed
using62 signals.lt is thereforeessentiato compresshe positional
signals.

Trying to directly encodepositionscauses problem.Thisis due
to thefactthatthesesignalshave a very wide rangeof possibleout-
putvaluesandencodinghemwith enoughprecisionwould require
a lot of wavelet coefcients. Failure to keepenoughcoefcients
couldevenhave thecatastrophicesultof dramaticallyreducingthe
compressiomuality.

To overcomethis problem,we encodea vector containingthe
differencebetweertherealpositionandthe positionobtainedafter
wavelet coefcient selection. This differenceis closeto zeroand
coversamuchsmallerrangethanthe positionsthemseles,making
it mucheasierto encodeusinga small numberof wavelet coef-
cients.Moreover, thereis nomorerisk of reducingthecompression
quality.

The signalscontainingthesedifferencevectorsare compressed
independentlyfrom the DOF usingstandardvaveletcompression.
The compressiomatiork for the differencesignalscanbe chosen
independentlyirom thatof the othersignals. Hereagain the coef-

cients arequantizedto 16 bits and are further compressedising
run-lengthcodesand,optionally, gzip.

Thechoiceof agoodIK solveralsohassomeimpactonthe nal
result. In particular the solver should nd a solutionthatdoesnot
lie too far from theinitial pose.In ourimplementationwe useda
simplemultiple-constraintyclic-coordinatedescenf20], but more
efcient techniquegouldalsoyield goodresults.

6 RESULTS

The skeletonsusedto producethe resultspresentechereall have
the samehierarcly and DOF. Timings were obtainedon a 2 GHz
AMD Athlon 64 bit runningthe Linux operatingsystem.

Assessinghe perceptualguality of a compressednimationis
very dif cult to do and dependson mary parameters.Common
practiceq/1] involve the useof both a grossnumericalevaluation
of theerror, suchasthe onewe obtainwith positionaldistortione,
aswell asa qualitative evaluationthroughvisual inspectionof the
results.

The various techniqguesmentionedin this section have been
testedon a subsetof 15 animationstaken from the CMU motion
capturelibrary [6] and portrayan array of actionsandtasks. The
samplingrateis 120Hz andthetestsequencesngedn sizefrom
148 frames(aroundl sec.) to 5423frames(45 sec.). Averagere-
sultsarepresentedswell asresultsfor a short148-framerunning
motionanda 2085-framemotionwith anactorperformingvarious
kinds of jumps. Theuncompressedes arearraysof IEEE 32 bit

oats encodinghe DOFin time.

6.1 Optimized Wavelet Coef cient Selection

We rst studytherate-distortiorbehaior of optimizedwaveletco-
efcient selectionusingpositionaldistortione,. We compareit to
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Figure 2: Average rate-distortion over the 15 test sequencesfor var-

Compression Ratio

ious compressiontechniques.

& PCA Wavelet Optimized
o | L4 ] 6.02(6.0:1) | 1.27 (28:1) | 0.75 (48:1)
£ | 0096 | 6.49 (5.5:1) | 1.51 (24:1) | 0.94 (38:1)
€ | 058 | 7.67 (4.7:1) | 2.31 (16:1) | 1.24 (29:1)
& | 0:26 | 9.42 (3.8:1) | 3.69 (9.7:1) | 2.18 (16:1)

0:08 | 11.5 (3.1:1) | 8.74 (4.1:1) | 5.08 (7.0:1)
o | 0:67 | 153 (3.3:1) | 18.6 (27:1) | 9.97 (51:1)
£ | 0:45 | 157 (3.2:1) | 24.8 (20:1) | 13.5 (37:1)
€ | 0029 | 164 (3.1:1) | 33.8 (15:1) | 18.4 (27:1)
S | 0:14 | 168 (3.0:1) | 62.7 (8.1:1) | 32.9 (15:1)

0:05 | 177 (2.9:1) | 135 (3.7:1) | 79.2 (6.4:1)

Table 1: File size (in KB) and compressionratio with various & (in
cm) for the dierent compressiontechniques discussedin the paper.
Ratios are given with respect to the uncompressed les which are
35.8 KB for the 148-frame running animation and 505 KB for the
2085-frame jumping animation. Applying gzip to the uncompressed
les yield a compressionratio of 1.1:1.

standardvaveletcompressiomndPCAcompressionWedonotin-
cludelK correctiorresultssinceits goalis to increasevisualrealism
by eliminatingfootskate, sometimesat the expenseof anincrease
in positionaldistortion.

Numericalcompressiomesultsfor the runningandjumpingtest
sequencearepresentedn Tabld1. For eachtechniquewe present
the le sizeobtainedafterthe optionalgzipcompressionOn aver
age.the le sizebeforerunninggzipis 1.1-1.5timeslarger. We ob-
senedthatr, theratio of thenumberof coefcients kept,is approx-
imately0.6timesthedesiredcompressiomatio. Therate-distortion
graphaveragedover the 15 testsequenceis presentedn Figure2]
Figurel3 compareghe resultsobtainedwith standarccompression
to thoseobtainedwith optimizedwavelet coefcient selectionfor
thesamecompressiomatio.

Through visual inspectionof the sequencesompressedvith
standardwavelet and optimized wavelet coefcient selection,we
found that no noticeableartifactswerevisible with gc  0:5. On
average,optimized wavelet coefcient selectioncan achieve this
while maintaininga compressiomatio of around25:1. This ratio
canreachup to 40:1 with longersequencesNaturally, the target
value of g, dependon the context. Onemight wish to achieve a
lower valuefor very closeviewpointsor, conversely a highervalue
if theanimationplaysfarin thebackgroundFor valuesof g, > 0:5,

Figure 3: Comparison of standard wavelet compressionand optimized
wavelet coe cient selection with the same compressionratio. The
original motion is shown in red in both images.

Running(148frames) | Jumping(2085frames)

Ratio | Time(mg Iterations | Time(mg Iterations
50:1 133 264 308 247
40:1 214 415 312 243
30:1 254 496 391 311
15:1 293 542 456 369
7:1 327 669 483 380

Table 2: Execution time per frame (in m9 and number of iterations
for optimized coe cient selection.

themostnoticeableartifactis footskate.

Executiontime for the optimizedwavelet coefcient selection
depend®nthelengthof the sequencandthedesiredcompression
ratio. Timing resultsandthe numberof iterationsof the optimiza-
tion algorithmfor the testanimationsareshavn in Table2. When
gzipis not used,decompressiotime is 30 ns=frame on average,
which in principle makesit possibleto interactvely decompress
morethan200animationsn realtime.

6.2 InverseKinematics Correction

As mentionedearlier wheneg, increasesthe rst visible artifactis
causedby the foot sliding on the ground. This is the reasonthat
motivatedtheintroductionof a correctionof thefeetbasedn IK.
This methodrequiresus to store6 extra signalsfor the 3D po-
sition of the feet. Therefore for the samele size,|K correction
mustkeeplesswaveletcoefcients for the DOF thanthe othertech-
nigues. The outcomeis that, for the samecompressiomatio, g is
usuallylargerwith IK correctionthanwith optimizedwavelet co-
ef cient selection.However, sincelK correctionresolhesthe most
problematicartifactsrelatedto sliding feet,we found by visualin-
spectionthat it could achieve higher compressiorratios with no
visible artifacts. For example,Figure 4 shaws that, with the same
compressiomatio, IK correctioncansigni cantly reducefootskate
while addingonly minor distortionsto the overall animation. This
canalsobe obsered in the accompaying video wherethe com-
plete sequencas presented. The video can be found online at
www.iro.umontreal.ca/labs/infographie/papers
Forthel5testsequencesdK correctioncouldreachcompression
ratiosof 35:1with no noticeableartifacts.We evaluatecthis by vi-
sually comparingthe motions obtainedwith IK correctionto the
onesobtainedwith wavelettechniquesvheneg, = 0:5. The com-



Figure 4: Comparison of optimized wavelet coe cient selection and
IK correction with the same compressionratio. The original motion
is shown in red in both images. In an animation, the error observed
on the left image translates into a sliding foot.

pressiorparametersisedto obtaintheresultsshavn in theaccom-
parying video arer = 30 andrix = 16. Figure1l compareshe
resultsof standardvaveletto thosewith IK correctionusinganag-
gressve compressiomatio.

Theextraaveragecompressiotime requiredto extractthe 6 po-
sitional signalsis 45 ns=frame. Total averagedecompressiotime
is 300 nms=frame. This large numberis mostly dueto the simple
andinefcient cyclic-coordinatedescentK solver we have imple-
mented. This numbercould be signi cantly reducedby using a
solver more nely tunedto this speci c application.

6.3 Adaptive Wavelet Compressionof Quaternions

We alsoexperimentedwith the effect of compressing quaternion
representationQuaternionglo not exihibit theinherentDOF lim-
itations of the skeleton;a 1-DOF kneestill requires4 valuesasa
quaternion.The quaterniorrepresentatiois thuslargerthanEuler
anglesto begin with. Wavelet compressiomeducesaboutequally
and thus we found the compressedjuaternionrepresentationso
still belargerthanthecompresse&ulerangles.

7 CONCLUSION

We have presentedechniquego adaptstandardruncatedwavelet
compressiottechniguego the natureof skeletalanimationdata.Iln
particular we proposeda way to optimize wavelet coefcient se-
lection by searchinghrougha reducedandtractablesearchspace.
Thisallows for importantimprovementonthevisualquality of the
compressedesultswhile maintainingthefastdecompressiotimes
associateavith truncatedvaveletcompressionThistechniquevas
furtherextendedo correctvisuallyimportantartifactssuchasfoot-
skate.

Oneof the problemswe have encountereds the lack of a good
metricto evaluatethe perceptuabistortionof the compresseani-
mations.Sucha metricwould arguablybe quite dif cult to devise,
giventhe factthat perceptuatealismcandependon mary factors
externalto theanimation.Camerglacementyiewer expertise and
surroundingervironmentare but a few of thesefactors. Still, we
believe it would be possibleto designa metric more predictive of
perceved motion quality than the proposedpositional distortion.
This metric would not only give us a betterway to evaluate nal
results but couldalsobe usedduringwaveletcoefcient selection.

In the future, we wish to explore waysof exploiting large scale
redundanciewithin amotioncapturedatabaseaswell aslevel-of-
detail streaming.

ACKNOWLEDGEMENTS

The data used in this project was obtained from
mocap.cs.cmu.edu. The databasewas created with fund-
ing from NSF EIA-0196217. The authorsacknavledge nancial
supportfrom NSERCandFQRNT.

REFERENCES

[1] O. Arikan. Compressionof motion capturedatabases. In SIG-
GRAPH'06 pages390-8972006.

[2] J.Assa,Y. Caspi,andD. Cohen-Or Action synopsis:Poseselection
andillustration. In SIGGRAPH'05page$67—6762005.

[3] J.Barbic, A. Safonwa,J.-Y. Pan,C. Faloutsos].K. Hodgins,andN.S.
Pollard. Segmentingmotion capturedatainto distinctbehaiors. In
Graphicsinterface pagesl85-1942004.

[4] H.M. Bricefio, PV. SanderL. McMillan, S. Gortler, andH. Hoppe.
Geometryvideos: A new representatiofor 3D animations.In Symp.
ComputerAnimation pagesl36-1462003.

[5] J. Chai and J.K. Hodgins. Performanceanimation from low-
dimensionatontrolsignals.In SIGGRAPH'05page$86—696 2005.

[6] CMU graphicdab motioncapturedatabasemocap.cs.cmu.eddpril
2006.

[7] K. ForbesandE.Fiume.An ef cient searchalgorithmfor motiondata
usingweightedPCA. In Symp.ComputerAnimation pages67-76,
2005.

[8] P Glardon,R. Boulic, andD. Thalmann.A coherentocomotionen-
gine extrapolatingbeyond experimentaldata.In ComputerAnimation
and SocialAgents pages’3—-84,2004.

[9] K. Grochaw, S.L.Martin, A. HertzmannandZ. Popawit. Style-based
inversekinematics.In SIGGRAPH'04pages522-5312004.

[10] L. Ikemoto,O. Arikan, andD. Forsyth. Knowing whento put your
foot down. In Symp.Interactive3D Graphicsand Games pagesA9—
53,2006.

[11] K. KondoandK. Matsuda.Keyframesextractionmethodfor motion
capturedata.Journal for Geometryand Graphics 8(1):81-90.2004.

[12] J.LeeandS.Y. Shin. A hierarchicalapproachto interactve motion
editingfor human-lite gures. In SIGGRAPH'99pages39-48,1999.

[13] J.LeeandS.Y. Shin. Multiresolutionmotion analysiswith applica-
tions. In Intl Workshopon HumanModelingand Animation pages
131-1432000.

[14] I.S.Lim andD. Thalmann.Key-postureextractionout of humanmo-
tion databy curve simpli cation. In Intl ConfIEEE Engineeringin
MedicineandBiology Society volume2, pagesl167-11692001.

[15] G.Liu andL. McMillan. Segment-basetiumanmotioncompression.
In Symp ComputerAnimation pagesl27-1352006.

[16] Z. Liu, S.J.Gortler, andM.F. Cohen.Hierarchicalspacetimeontrol.
In SIGGRAPH'94 pages35—-42,1994.

[17] K. PullenandC. Bregler. Motion captureassistecinimation:Textur-
ing andsynthesisIin SIGGRAPH'02 pages01-5082002.

[18] A. Safonwa,J.K.Hodgins,andN.S.Pollard. Synthesizinghysically
realistichumanmotionin low-dimensionalbehaior-speci ¢ spaces.
In SIGGRAPH'04pages$514-5212004.

[19] W. SweldensThelifting schemeA constructiorof secondyeneration
wavelets. SIAM Journal on MathematicalAnalysis 29(2):511-546,
1998.

[20] C.Welman. Inversekinematicsandgeometricconstraintgor articu-
lated gure manipulation. Masters thesis,Simon FraserUniversity,
1993.

[21] J. Ziv and A. Lempel. Compressiorof individual sequencewia
variable-ratecoding. |IEEE Transactionson Information Theory
24:530-5361978.



	Introduction
	Related Work
	Preliminary Definitions
	Distortion Metrics
	PCA Compression

	Standard Wavelet Compression
	Optimized Wavelet Coefficient Selection
	Inverse Kinematics Correction

	Results
	Optimized Wavelet Coefficient Selection
	Inverse Kinematics Correction
	Adaptive Wavelet Compression of Quaternions


