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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 aneffectivewayof synthesizinghumanmo-
tion for many interactiveapplications,includinggamesandsimula-
tions. A compact,easy-to-decoderepresentationis neededfor the
motiondatain orderto supportthereal-timemotionof alargenum-
berof characterswith minimalmemoryandminimalcomputational
overheads.Wepresentawavelet-basedcompressiontechniquethat
is speciallyadaptedto thenatureof joint angledata. In particular,
we de�ne wavelet coef�cient selectionasa discreteoptimization
problemwithin a tractablesearchspaceadaptedto thenatureof the
data.Wefurtherextendthistechniqueto takeinto accountvisualar-
tifactssuchasfootskate.Theproposedtechniquesarecomparedto
standardtruncatedwavelet compressionandprincipal component
analysisbasedcompression.Thefastdecompressiontimesandour
focuson short, recomposableanimationclips make the proposed
techniquesa realisticchoicefor many interactiveapplications.

CR Categories: I.3.7[Three-DimensionalGraphicsandRealism]:
Animation—Compression

Keywords: Compression,Wavelet, SkeletalAnimation, IK cor-
rection

1 I NTRODUCTI ON

Motion capturedataenablesrapid productionof hugecollections
of skeletal animations. As a result, it is now a commonmethod
for synthesizingcharactermotionin videogames,simulations,and
controllableavatars.As theamountof datacontainedin suchcol-
lectionsincreases,it becomescrucialto developcompressiontech-
niquessuitedto skeletalanimations.Losslesscompressionmaybe
usefulfor variousapplications,but the bestgainscanbe obtained
whenwetakeintoconsiderationhumanperceptuallimitations.This

paperis thereforeinterestedin lossycompressionof skeletalanima-
tion data.

A “good” compressiontechniquedependsto asigni�cant degree
on thecharacteristicsof theapplication.Is thecachefootprint im-
portant?Is it importantto have fastaccessto a subsetof the joint
data?Is it perceptuallyimportantto have accuratefoot placement?
Is it importantthat motion clips be compressedindependentlyof
eachother? In our work, we shall assumethat theanswerto each
of theabove questionsis `yes', basedon theknowledgethatmany
interactiveapplicationsneedto: animatemultiplecharactersin real
timeusingminimalresources;supportmulti-wayblendingbetween
multiple motions;supportseparateblendingof individual limbs or
upperandlowerbodies;supportaccuratefoot placement;andneed
toolsandtechniquesthat integrateeasilywith currentpipelinesfor
processingandanimatingmotioncapturedata.

Typical motion capturedata exhibits temporal coherenceand
joint correlations, bothof which canbeexploitedfor thepurposes
of compression. The positionsand orientationsof a character's
body partsvary smoothlyover time whenviewed at an appropri-
ately small time scale,thusbeingamenableto beingmodeledby
splines,wavelets,or evenlocal lineardynamicalsystems.Thecor-
relatedmovementbetweenjointsarisesfrom thehighlycoordinated
andstructurednatureof humanmotions.Giventhesetwo typesof
correlations,somefundamentalquestionsarise. How muchcom-
pressioncanbe achieved by exploiting only temporalcorrelation,
or using only joint correlation? How should thesetwo typesof
compressionbeorderedsoasto exploit bothcorrelations?

Recentwork in animationandcompressionprovidesanswersto
someof thesequestions.Principalcomponentanalysis(PCA) ap-
plied globally to motion capturedatashows that 10-20 principal
componentsaretypically requiredto representthemotionof atypi-
calhumanskeletonmodeledusing40-60degreesof freedom(DOF)
[18, 15]. This typically achievesa compressionfactorof 2-4,once
thecostsof thereconstructionmatrix have beenamortized,andas-
sumingsimilar quantizationfor the original andcompresseddata.
Applying PCAto well-chosencoherentlocalmotionsegments[15]
canyield furtherimprovements,requiringon theorderof 3-5 prin-
cipal componentsfor typical motion segments.This is somewhat
offsetby theadditionalstoragerequiredby thenew basesfor each



motionsegment.Therearefeweranswersrelatedto temporalcom-
pressionalone.Arikan [1] notesthatsimplesubsamplingprovides
12:1 compressionon the 120 Hz CMU databasefor the particular
level of visualquality usedasa benchmarkto comparetechniques.
¿Fromthis,thelargestgainsmaycomefrom temporalcompression
ratherthanjoint correlations.Thesamework reportscompression
ratiosin therangeof 30-35:1usingaschemethatexploitsbothjoint
correlations(PCA)andtemporalcoherence.

Our work looks only at temporalcompression.We avoid com-
biningthiswith exploitationof thejoint correlationsfor severalrea-
sons.First, it is usefulto gainanunderstandingof how muchcom-
pressionthe right kind of temporalschemescanachieve on their
own. Second,compressingindividual channelsof motion allows
for �e xibility in thereuseof motions.For example,theupperbody
of onemotion may be combinedwith the lower body of another
motion. This allows for motion variety and gives gameengines
�e xibility to let charactersachieve their goals.Last,interactive ap-
plicationsoften usea linear blendof multiple motionsin orderto
do parameterizedinterpolationbetweenmotionsandalsoto blend
betweensuccessive motion clips. Whencombinedwith the need
to animatemorethan10characterssimultaneously, thismayeasily
leadto upwardsof 30motionsbeingdecompressedsimultaneously
with limited resources.In thesesituations,thecachefootprint and
computationaloverheadrequiredto supportPCA-basedschemes
arepotentiallyproblematic,andthusapplicationsarelikely to es-
chew maximalcompressionin favor of onethathaslower compu-
tationalor memoryrequirements.

We useEuler joint anglesasour underlyingmotion representa-
tion andshow thatwith appropriatecareandattention,joint space
canbea suitabledomainfor motioncompression.Jointanglerep-
resentationsareanintegralpartof currentgameandsimulationen-
gines,and trivially supportblendingbetweenmotions. An alter-
native that is explored in two examplesof recentwork [1, 15] is
to useinternalvirtual marker representationsasa basisfor motion
compression.This necessitatesextra overheadin convertingto the
original joint anglerepresentationsin order to supporttraditional
run-timeenginesfor thedisplayof animatedcharacters.

Thespeci�c contributionsof this paperareasfollows. We pro-
posetwo techniquesfor adaptinga wavelet compressionscheme
to joint angledata. We evaluatetheseideasby comparingthem
againstPCA alone,aswell asanunoptimizedwaveletscheme(see
Figure1). Thecompressionschemeswe introducearewell suited
to theconstraintsof real-timecharacteranimationthat resultfrom
requiring the simultaneousdecompressionof a large numberof
motions. We concludethat the right kind of temporal-only, joint-
angle-basedcompressionschemesoffer compressionratiosnot far
removed from other schemesthat take joint correlationsinto ac-
count. Two recentpapers[15, 1] notethat joint angledatais itself
not suitablefor compressionbecauseof the hierarchicalnatureof
the limbs. We show that an appropriately adaptedcompression
schemecanachieve high quality compressiondirectly on joint an-
gledata.

The remainderof this paperis structuredasfollows. Section2
presentsrelatedwork, while Section3 introducesa numberof pre-
liminary de�nitions usedthroughoutthepaper. Section4 describes
thedirectapplicationof truncatedwaveletcompressiontechniques
to skeletalanimationdata.Section5 de�nesthewaveletcoef�cient
selectionasa discreteoptimizationproblemandshows how it can
beef�ciently solvedin thecontext of skeletalanimationdata.This
techniqueis furtherextendedusinginversekinematics(IK) to han-
dle situationswherebody-environmentinteractionsareimportant.
Section6 presentsresultsanddiscussions,followedby conclusions
in Section7.

2 REL ATED WORK

The needfor compressionarisesin many domains.We focusour
discussionon thecompressionof skeletalanimationdata,although
we note that thereare also methodsfocusedon the related-but-
distinctproblemof compressionof animatedmeshes,e.g., [4]. We
begin by noting that reducedbasesandkeyframeextractionmeth-
odshave beenproposedfor applicationsother thancompression.
Representationsof posesin areduceddimensionalspacehavebeen
usedfor animationretrieval [7], for thedevelopmentof variousmo-
tion editing tools [18, 3, 9], and for motion synthesis[17, 8, 5].
Temporalsimpli�cation hasalsobeenusedto extractkey posesin
ananimationsequence[14, 11, 2], for space-timeoptimization[16],
or for motionediting[12, 13].

Liu andMcMillan [15] compressthe raw 3D marker positions
obtainedfrom motioncaptureby breakingthemotioninto contigu-
oussegmentsthat canbe compactlyexpressedin a reducedPCA
basis. Temporalcoherenceis thenexploited by adaptively �tting
cubicsplinesto thereduced-basiscoef�cients andonly storingthe
keyframesfor the resultingcubic splines. To minimize footskate,
the foot markers are compressedseparatelyfrom the remaining
markersanda tighterPCA residualerror toleranceis used.A full-
body IK-basedpost-processmustbe appliedwhenangularvalues
are desired. Compressionratios on the order of 50-60:1are re-
portedfor a given setof residual-errorthresholds.They notethat
thepiecewisePCA by itself givesa compressionfactorof approxi-
mately8, while temporalcompressionprovidesanadditionalfactor
of roughly 7. Becausethis work compressesraw marker motion
(with possiblyredundantmarkers),thecompressionratesmaynot
bedirectlycomparableto ourwork, whichcompressesthejoint an-
glesmorecommonlyusedasamotioncapturedataformat.

Arikan [1] presentsa motion capturedatabasecompression
scheme.His techniqueexploits joint correlationsandtime coher-
enceasappliedto largemotiondatabases.The techniqueis based
on theuseof virtual markersasaninternalrepresentationandthus
requiresconversiontoandfromthisrepresentation.A waveletcom-
pressionbasedon Haarwaveletsis usedasa point of comparison.
Ourwork differsin thatwe investigateaschemethatcancompress
motion clips independentlyof eachother and that allows for the
ef�cient extractionof individual channelsof motionfrom thecom-
presseddata. We work directly with joint anglesandusea cubic
interpolatingsplinewaveletbasisappropriateto thecontinuousna-
tureof animationdata.

3 PREL I M I NARY DEFI NI TI ONS

Thispaperfocusesoncompressiontechniquesbasedonatruncated
waveletrepresentationof thedegreesof freedom.Thewaveletbasis
is anaturalchoicegivenits usefor compressingvariousothertime-
dependentsignalssuchasaudio. It yields a betterrate-distortion
than piecewise linear approximations[14] at a minimal increase
in computationalcost. We usea cubic interpolatingbi-orthogonal
waveletbasisbuilt usingthelifting scheme[19]. We noticedsome
artifactsdueto the lack of continuity in the reconstructedsignals
whenwaveletsof adegreeinferior to 3 wereused.Theinterpolating
basisis a matterof convenience;it allows us to build the signal
directly from thesampleswithouthaving to �rst convert it to anon-
interpolatingrepresentationsuchasB-Splines.

Thedataweareworkingwith containsk DOF:3 signalstracking
thepositionof theskeletonrootandk� 3 signalstrackingtheEuler
anglesat thedifferentjoints. For our results,k = 62. A complete
animationis thereforerepresentedby n samplesin ak-dimensional
spacenoted Q(t) = (q0(t); :::;qk� 1(t)) , with (q0(t);q1(t);q2(t))
beingthe root position. Theresultof a lossycompressionapplied
to thisanimationwill benotedQ̂(t).



3.1 Distortion Metrics

In order to evaluatethe ef�ciency of a compressionmethod,it is
necessaryto evaluateits distortion. Sincethe datais meantto be
viewedby humanobservers,thedistortionshoulddependonthevi-
sualaccuracy of thecompressedanimationandaccountfor known
perceptuallimitations. Measuringsucha distortionis dif�cult and
is typically doneby visualinspectionof the�nal results.However,
we shall still requirea formally de�ned distortionmetric in order
to yield repeatablenumericalresults.This metricwill alsobeused
with theoptimization-basedcompressionschemepresentedbelow.

The simplestmetric is the RMS error in the DOF. However, as
notedearlier, animationquality usuallydependsmuchmoreon the
accuracy of the 3D positionsof the joints than that of the angles
thatcontrolthem.Althoughbothmeasuresarerelated,theeffectof
a small angularerroron the �nal posedependsbothon themodel
hierarchy andits currentpose.Giventhestaticskeletalinformation
andthevalueof all theanglesat time t, it is easyto compute,asa
seriesof matrixmultiplications,the3D positionsof thejointsof an
animation.If theskeletoncontainsp joints,thenthesepositionscan
beexpressedasp 3D vectors

�
x0(t); :::;xp� 1(t)

�
. In a similar way

wecande�ne acorrespondingsetof 3D vectors
�
x̂0(t); :::; x̂p� 1(t)

�

for thecompressedanimation.Finally, thestaticskeletoninforma-
tion gives us the length

�
l0; :::; lp� 1

�
of the bonedriven by each

joint. Thesevaluescanbeusedto de�ne thepositionaldistortion:

ex =

vu
u
t 1

n

n� 1

å
t= 0

p� 1

å
i= 0

jxi(t) � x̂i(t)j2
l i
l

:

Thefraction l i=l , wherel = å l i , is usedto weight the joints based
on their local in�uence. A joint driving a �nger haslessimpacton
thepositionalerrorover theskeletonthana joint driving a forearm.

3.2 PCA Compression

For comparisonpurposes,we introduce a simple compression
schemebasedon PCA.This methodworksby building thecovari-
ancematrix of the angularDOF Q̃(t) = (q3(t); :::;qk� 1(t)) , cor-
respondingto poseswithout the root position. The eigenvectors
correspondingto the largesteigenvaluesare thenbuilt into a ma-
trix de�ning a lower-dimensionalitylinear spaceinto which each
poseQ̃(t) is projected.The numberof eigenvectorsretainedwill
thendictatethesizeof thecompresseddataandthequality of the
reconstruction.

Thedatarequiredfor reconstructionof theoriginalsetof signals
is: the projectionmatrix; the reducedbasisrepresentationof the
motionover timecorrespondingto theprojectedQ̃(t); threesignals
correspondingto (q0(t);q1(t);q2(t)) ; and a (k � 3)-dimensional
vectorcontainingthe meanof eachQ̃(t). We �nally quantizeall
storeddatato16bits,whichwasdeterminedexperimentallytoyield
goodrate-distortionresults.

4 STANDARD WAVEL ET COM PRESSI ON

In this sectionwe �rst show how standardtruncatedwaveletcom-
pressiontechniquescanbeusedwith skeletalanimations.Givena
signalof n samplesperfectlyrepresentedby n waveletcoef�cients,
a target compressionratio r can be obtainedby keepingthe n=r
largestcoef�cients andmakingthe othersequalto zero. In situa-
tionswherewaveletencodingworkswell, mostwaveletcoef�cients
areverysmallandaheavily truncatedwaveletrepresentationfaith-
fully reproducestheoriginal signal.

For skeletalanimations,thedatais comprisedof k differentsig-
nals,onefor eachEulerangleandthreefor therootposition.A �rst
approachconsistsof consideringeachsignalindependently. In the

caseof truncatedwavelet compression,this would meankeeping
the n=r largestwavelet coef�cients in eachof the k signals. This
methodis optimal in a least-squaresensefor eachof thek dimen-
sionsindependently. However, it is notoptimalif thedatais viewed
asa k-dimensionalvector. A commonvalueof r meansthat the
samenumberof coef�cients will beallocatedto eachsignal,even
if someof themcontainstrongvariationswhile othersarenearly
constant.

Another approachconsistsof keepingthe kn=r largestcoef�-
cientsamongall the kn wavelet coef�cients representingthe data.
This producesa least-squareoptimalrepresentationover theentire
k-dimensionalspace.Using theselectedkn=r coef�cients, we can
build avectorw 2 [0;n]k identifyinghow many coef�cients arekept
from eachof thek signals.

Directapplicationof theabovetechniquewith skeletalanimation
datacausesaproblem,however, sincesomeDOFencodeEuleran-
gleswhile othersencodepositions. In orderto make thesevalues
comparable,we representeachanglein radiansandmultiply it by
thelengthof thebonedrivenby theassociatedjoint. Thisscalingis
only performedto computethewi , whicharethenusedto compress
theoriginal signals.

Vectorw is usedto build thestandardwaveletcompressiontech-
nique wherethe compressedanimationis obtainedusing q̂i(t) =
trunc(qi ;wi). We usethenotationtrunc( f ;a) to representthesig-
nal obtainedfrom f by keepingonly the a largestwavelet coef-
�cients. Compressingthe animationis simply a matter of per-
formingawavelettransformandthenbuilding w by identifyingthe
kn=r largestcoef�cients. Decompressionis achievedby aninverse
wavelet transform.Thefastwavelet transformalgorithm,with lin-
earexecutiontime,allows this to becomputedef�ciently .

To ef�ciently encodethenon-zerocoef�cients of eachsignal,we
�rst orderthemfrom thewidestto thenarrowestwaveletbasis.We
thenquantizeeachcoef�cient to 16 bits. In thespirit of run-length
encoding,a smallnumberof 16 bit codesarereservedto represent
sequencesof consecutive zeros.Anothercodeis usedto indicatea
pointpastwhichall theremainingcoef�cients of thesignalarenull.
As anoptionalstep,we canfurtherentropy-encodethedatausing
theLempel-Ziv [21] compressorgzipon a clip-per-clip basis.The
useof gzipwould beunsuitablefor onlineusebut is includedhere
asan exampleof the gainsthat could be achieved usinga custom
entropy-encodingstep.

5 OPTI M I ZED WAVEL ET COEFFI CI ENT SEL ECTI ON

For a given ratio r, standardwavelet compressionminimizesthe
RMS error in the DOF. However, if the goal is to be perceptually
faithful to theoriginal animation,it is necessaryto take positional
distortioninto account.A �rst way to achieve this is to redistribute
thenon-zerowaveletcoef�cients in anoptimalway.

Formally, this problemconsistsof selecting,amongall the kn
wavelet coef�cients, exactly kn=r coef�cients to keepin order to
minimizepositionaldistortion.Thesizeof thesearchspacefor this
discreteoptimizationproblemis

� kn
kn=r

�
. Given the usually large

numberof samplesn andthenon-linearcouplingbetweenthejoint
anglesandthe�nal pose,thisselectionrepresentsadauntingtask.

Weproposeto simplify thisproblemto theselectionof k discrete
variablesidentifyinghow many of then largestwaveletcoef�cients
shouldbekeptfor eachof thek signals.Formally, weseekavector
m 2 [0;n]k suchthat the compressedsignalsq̂i(t) = trunc(qi ;mi)
minimizepositionaldistortionandthatå mi = kn=r.

This simpli�cation canbeseenasa way to increasethe impor-
tanceof somesignal componentswhile reducingthat of others.
This would be a somewhat arbitrary processif we were dealing
with generictemporalsignals.However, in thecaseof skeletalani-
mations,thesignalscorrespondto jointsorganizedin ahierarchical



wayandit seemsnaturalto givemoreimportanceto anglesthatare
high in thehierarchy.

Onecould think of obtainingthe vectorm usingbonelengths
or any otherinformationavailablein the staticskeleton. Unfortu-
nately, this would be equivalentto consideringthe k signalsinde-
pendently, whichwasshown to besub-optimalfor standardwavelet
compression.We �nd that the optimal choiceof m dependsnot
only on thestaticskeletonandtherelativecomplexity of thediffer-
entsignals,but alsoon theposesin theanimation.For example,in
a boxinganimationsequencewheretheactorholdshis armsclose
to his body, a smallrotationof thetorsocanhave lessin�uence on
thepositionaldistortionthanarotationat theelbow or theshoulder.

Theoptimalvectorm will thereforebedifferentfor eachanima-
tion clip. In this case,thesizeof thesearchspaceis approximately� kn=r

k

�
, which is muchsmallerthanbefore.This discreteoptimiza-

tion problemcanbesolvedin anumberof ways.In our implemen-
tation,we usea heuristicsimulatedannealingtechniquedescribed
asAlgorithm 1.

The algorithm setsvector m equal to vector w obtainedwith
standardwavelet compression. The initial step size s is set to
bmaxi f mi=2gc. Eachsuccessive stepof the algorithm randomly
selectsan index i 2 [1;k] and the componentmi is immediately
reducedby the value s0 = min(s;mi). A linear searchis then
performedto identify anothercomponentj 2 [1;k] that, whenin-
creasedby thevalues0, producesa new vectorm0andnew signals
q̂0

i (t) thatminimizepositionaldistortionex.

m  w1
s bmaxi f mi=2gc2
while s6= 0 do3

i  random(1;k)4
s0 min(s;mi)5
m0 m6
m0

i  m0
i � s07

Find j 2 [1;k] som0
j + s0minimizesex8

if j 6= i then m0
j  m0

j + s0, m  m09
elseif toomanysuccessivefailuresthen s bs=2c10

end11

Algorithm 1: Optimizedcoef�cient selection.

If the searchproduces j 6= i, then the vector is updatedas
m  m0. If we �nd j = i, thenthis particularchoiceof i hasfailed
andthevectorm remainsunchanged.After a pre-de�nednumber
of successive failures,thestepsizeis updatedass bs=2c. In our
implementationthestepsizeis reducedafter10successivefailures.
Thealgorithmterminateswhens reaches0 andthe �nal vectorm
canbeusedto compressandstorethedatain thesamewayasstan-
dardwaveletcompression.

This techniquecouldbeusedwith metricsotherthanpositional
distortion. However, if thechosenmetric is not dependantenough
on the joint hierarchy, thenour initial assumptionfails andthe re-
strictedsearchspacecanprove too limited to yield goodoptimiza-
tion results. We experiencedsuchproblemswhenusinga metric
thatpenalizederrorsat joints interactingwith theenvironment.

5.1 InverseKinematics Corr ection

Theprevioustechniquecanachieveverysatisfactoryrate-distortion
resultswith the positionaldistortionmetric. However, this metric
doesnot considersomeeventsthat areknown to createimportant
visible artifactssuchasa contactfoot sliding on theground.Also,
asmentionedearlier, our experimentsshowedthatsimply usingan
optimizationmetricpenalizingsuchartifactsdid not yield goodre-
sults.

A �rst way to correcttheseerrorswould beto usethetechnique
of Ikemotoet al. [10] thatautomaticallydetectsandcorrectsfoot-
skate.Thisclassi�er-basedmethodis usefulwhennocorrectrefer-
enceanimationis availablebut, in thecaseof compression,it risks
introducingmotionsthatwerenotpresentin theoriginal sequence.

We proposeto �rst usewavelet coef�cient selectionin orderto
obtaina lossy reconstructionof the motion. Then, for eachpose
showing contacterrors,IK is appliedto move the incorrectjoints
to their true positionsobtainedfrom the original motion. We did
not addressthe issueof automaticallyidentifying contacterrors.
Instead,sincethefeetarethemostimportantsourceof sucherrors,
wecorrectedtheirpositionsatevery frame.

This requiresusto store3 extra signalsfor eachfoot. This con-
stitutesan importantoverheadsinceour animationsareexpressed
using62signals.It is thereforeessentialto compressthepositional
signals.

Trying to directlyencodepositionscausesaproblem.Thisis due
to thefactthatthesesignalshaveaverywiderangeof possibleout-
putvaluesandencodingthemwith enoughprecisionwould require
a lot of wavelet coef�cients. Failure to keepenoughcoef�cients
couldevenhavethecatastrophicresultof dramaticallyreducingthe
compressionquality.

To overcomethis problem,we encodea vector containingthe
differencebetweentherealpositionandthepositionobtainedafter
wavelet coef�cient selection.This differenceis closeto zeroand
coversamuchsmallerrangethanthepositionsthemselves,making
it mucheasierto encodeusinga small numberof wavelet coef�-
cients.Moreover, thereis nomorerisk of reducingthecompression
quality.

The signalscontainingthesedifferencevectorsarecompressed
independentlyfrom theDOF usingstandardwaveletcompression.
Thecompressionratio r IK for thedifferencesignalscanbechosen
independentlyfrom thatof theothersignals.Hereagain thecoef-
�cients arequantizedto 16 bits andarefurther compressedusing
run-lengthcodesand,optionally, gzip.

Thechoiceof agoodIK solveralsohassomeimpactonthe�nal
result. In particular, thesolver should�nd a solutionthatdoesnot
lie too far from the initial pose.In our implementation,we useda
simplemultiple-constraintcyclic-coordinatedescent[20], but more
ef�cient techniquescouldalsoyield goodresults.

6 RESULTS

The skeletonsusedto producethe resultspresentedhereall have
the samehierarchy andDOF. Timings wereobtainedon a 2 GHz
AMD Athlon 64bit runningtheLinux operatingsystem.

Assessingthe perceptualquality of a compressedanimationis
very dif�cult to do and dependson many parameters.Common
practices[1] involve the useof both a grossnumericalevaluation
of theerror, suchastheoneweobtainwith positionaldistortionex,
aswell asa qualitative evaluationthroughvisual inspectionof the
results.

The various techniquesmentionedin this section have been
testedon a subsetof 15 animationstaken from the CMU motion
capturelibrary [6] andportrayan arrayof actionsandtasks. The
samplingrateis 120Hz andthetestsequencesrangedin sizefrom
148 frames(around1 sec.) to 5423frames(45 sec.). Averagere-
sultsarepresentedaswell asresultsfor a short148-framerunning
motionanda 2085-framemotionwith anactorperformingvarious
kindsof jumps. Theuncompressed�les arearraysof IEEE 32 bit
�oats encodingtheDOF in time.

6.1 Optimized WaveletCoef�cient Selection

We�rst studytherate-distortionbehavior of optimizedwaveletco-
ef�cient selectionusingpositionaldistortionex. We compareit to



Figure 2: Average rate-distortion over the 15 test sequencesfor var-
ious compressiontechniques.

ex PCA Wavelet Optimized

R
un

ni
ng

1:4 6.02 (6.0:1) 1.27 (28:1) 0.75 (48:1)
0:96 6.49 (5.5:1) 1.51 (24:1) 0.94 (38:1)
0:58 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)

Ju
m

pi
ng

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)
0:29 164 (3.1:1) 33.8 (15:1) 18.4 (27:1)
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 ex (in
cm) for the di�erent 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.

standardwaveletcompressionandPCAcompression.Wedonotin-
cludeIK correctionresultssinceitsgoalis to increasevisualrealism
by eliminatingfootskate,sometimesat the expenseof an increase
in positionaldistortion.

Numericalcompressionresultsfor therunningandjumpingtest
sequencesarepresentedin Table1. For eachtechniquewe present
the�le sizeobtainedaftertheoptionalgzipcompression.On aver-
age,the�le sizebeforerunninggzipis 1.1-1.5timeslarger. Weob-
servedthatr, theratioof thenumberof coef�cients kept,is approx-
imately0.6timesthedesiredcompressionratio. Therate-distortion
graphaveragedover the15 testsequencesis presentedin Figure2.
Figure3 comparestheresultsobtainedwith standardcompression
to thoseobtainedwith optimizedwavelet coef�cient selectionfor
thesamecompressionratio.

Through visual inspectionof the sequencescompressedwith
standardwavelet and optimizedwavelet coef�cient selection,we
found that no noticeableartifactswerevisible with ex � 0:5. On
average,optimizedwavelet coef�cient selectioncan achieve this
while maintaininga compressionratio of around25:1. This ratio
canreachup to 40:1 with longersequences.Naturally, the target
valueof ex dependson the context. Onemight wish to achieve a
lowervaluefor verycloseviewpointsor, conversely, ahighervalue
if theanimationplaysfar in thebackground.For valuesof ex > 0:5,

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

Running(148frames) Jumping(2085frames)
Ratio Time (ms) Iterations Time(ms) 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 ms) and number of iterations
for optimized coe�cient selection.

themostnoticeableartifactis footskate.
Executiontime for the optimizedwavelet coef�cient selection

dependson thelengthof thesequenceandthedesiredcompression
ratio. Timing resultsandthenumberof iterationsof theoptimiza-
tion algorithmfor thetestanimationsareshown in Table2. When
gzip is not used,decompressiontime is 30 ms=frameon average,
which in principle makes it possibleto interactively decompress
morethan200animationsin realtime.

6.2 InverseKinematics Corr ection

As mentionedearlier, whenex increases,the�rst visible artifact is
causedby the foot sliding on the ground. This is the reasonthat
motivatedtheintroductionof acorrectionof thefeetbasedon IK.

This methodrequiresus to store6 extra signalsfor the 3D po-
sition of the feet. Therefore,for the same�le size,IK correction
mustkeeplesswaveletcoef�cients for theDOFthantheothertech-
niques.Theoutcomeis that, for thesamecompressionratio, ex is
usuallylarger with IK correctionthanwith optimizedwavelet co-
ef�cient selection.However, sinceIK correctionresolvesthemost
problematicartifactsrelatedto sliding feet,we foundby visual in-
spectionthat it could achieve higher compressionratios with no
visible artifacts. For example,Figure4 shows that,with thesame
compressionratio, IK correctioncansigni�cantly reducefootskate
while addingonly minor distortionsto theoverall animation.This
canalsobe observed in the accompanying video wherethe com-
plete sequenceis presented. The video can be found online at
www.iro.umontreal.ca/labs/infographie/papers .

For the15testsequences,IK correctioncouldreachcompression
ratiosof 35:1with no noticeableartifacts.We evaluatedthis by vi-
sually comparingthe motionsobtainedwith IK correctionto the
onesobtainedwith wavelet techniqueswhenex = 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.

pressionparametersusedto obtaintheresultsshown in theaccom-
panying video are r = 30 and r IK = 16. Figure 1 comparesthe
resultsof standardwaveletto thosewith IK correctionusinganag-
gressivecompressionratio.

Theextraaveragecompressiontimerequiredto extractthe6 po-
sitionalsignalsis 45 ms=frame. Total averagedecompressiontime
is 300 ms=frame. This large numberis mostly due to the simple
andinef�cient cyclic-coordinatedescentIK solver we have imple-
mented. This numbercould be signi�cantly reducedby using a
solvermore�nely tunedto thisspeci�c application.

6.3 AdaptiveWaveletCompressionof Quaternions

We alsoexperimentedwith theeffect of compressinga quaternion
representation.Quaternionsdo not exihibit the inherentDOF lim-
itationsof the skeleton;a 1-DOF kneestill requires4 valuesasa
quaternion.Thequaternionrepresentationis thuslargerthanEuler
anglesto begin with. Waveletcompressionreducesaboutequally,
and thus we found the compressedquaternionrepresentationsto
still belargerthanthecompressedEulerangles.

7 CONCL USI ON

We have presentedtechniquesto adaptstandardtruncatedwavelet
compressiontechniquesto thenatureof skeletalanimationdata.In
particular, we proposeda way to optimizewavelet coef�cient se-
lectionby searchingthrougha reducedandtractablesearchspace.
Thisallowsfor importantimprovementsonthevisualqualityof the
compressedresultswhile maintainingthefastdecompressiontimes
associatedwith truncatedwaveletcompression.Thistechniquewas
furtherextendedto correctvisually importantartifactssuchasfoot-
skate.

Oneof theproblemswe have encounteredis the lack of a good
metric to evaluatetheperceptualdistortionof thecompressedani-
mations.Sucha metricwould arguablybequitedif�cult to devise,
given the fact thatperceptualrealismcandependon many factors
externalto theanimation.Cameraplacement,viewerexpertise,and
surroundingenvironmentarebut a few of thesefactors. Still, we
believe it would be possibleto designa metric morepredictive of
perceived motion quality than the proposedpositionaldistortion.
This metric would not only give us a betterway to evaluate�nal
results,but couldalsobeusedduringwaveletcoef�cient selection.

In the future,we wish to explorewaysof exploiting largescale
redundancieswithin amotioncapturedatabase,aswell aslevel-of-
detailstreaming.
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