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Abstract

We presenta methodfor animating3D modelsof animalsfrom existing live video sequencesud as wild life
documentariesvideosare r st sggmentednto binary imageson which Principal Componeninalysis(PCA) is
applied. Thetime-varyingcoorinatesof theimagesin the PCA spaceare thenusedto geneate 3D animation.
This is donethroughinterpolationwith Radial BasisFunctions(RBF) of 3D poseexamplesassociatedwvith a
small setof key-images extractedfromthe video.In additionto this processingpipeline our main contributions
are: an automaticmethodfor selectingthe bestsetof key-imagesfor which the designewill needto provide 3D
poseexamplesThismethodsaveausertimeandeffort sincethere is no more needfor manualselectionwithin the
videoandthentrials anderrors in the choiceof key-imagesand 3D poseexamples As anothercontribution, we
proposea simplealgorithm basedon PCAimagesto resolve3D posepredictionambiguities Theseambiguities
are inherentto manyanimalgaitswhenonly monocularview is available

Themethods r stevaluatedon sequencesf synthetiamagesof animalgaits,for which full 3D datais available
\We achieve a goodquality reconstructiorof theinput 3D motionfroma singlevideosequencef its 2D rendering
We thenillustratethe methodby reconstructinganimalgaitsfromlive videoof wild life documentaries.
Keywords AnimationfromMotion/Mdeo Data, InterpolationKeyframing Intuitive Interfacesfor Animation.

1. Intr oduction

Traditionalmotion capturemethods- eitheroptical or mag-
netic- requiresomecooperatiorfrom the subject.The sub-
jectmustwearmarkers,move in areducedspaceandsome-
timeshasto stayon a treadmill. The rangeof possiblecap-
turedmotionsis thusvery limited: capturingthe high speed
runof awild animal,suchasacheetalrunningafterhis pray
is totally untractableusingthis method.This is unfortunate
sincethis kind of motiondatawould be of greatinterestfor
3D feature Ims andspecialeffects,for which fantastican-
imals mustbe animatedwhile no sourceof motionis avail-
able.

The new methodwe proposeallows the extractionof 3D
cyclic motionof animalsfrom arbitraryvideosequencegve
arecurrentlyusinglive sequenceom wild life animaldoc-
umentaries)Stateof the art techniqguesn computervision
for markers-less3D motion tracking are still hard to use
in an animationproductionframevork. As an alternatve,
we proposeto usea robust existing techniquesn a novel
pipeline:we combinePCA of imagesandanimationby in-
terpolationof examplego reliably generat8D animationof
animalgaits from video data.PCA of imagesis well suited
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for animal gaits since this motion is naturally cyclic and
PCA will factorizesimilar patternsandisolatemain varia-
tion in images.Our experimentsshov what constraintsand
additionalprocessingcanbe usedto help PCA to focuson
codingvariationdueto motion only. Our goalis to isolate
andcharacterizeysingPCA imagesminimal setsof cyclic
motion andto subsequentlgeneratehe associate®D an-
imation. More complex 3D animationwith non uniformly
cyclic motioncouldlaterbegeneratedisingrecentmethods
in motion synthesis We improve existing techniqueswith
2 maincontritutions:anautomaticcriterionto selectexam-
plesfrom video and an algorithmto resole ambiguitiesin
thepredictionof 3D posedrom 2D video.

The resultingmethodgreatly saves effort for the anima-
tor. Traditionally for the animationof quadrupedshe artist
mustmalke severaltrails to setthe key-framesand3D poses.
Ourmethod basedn PCAimagesallows usto provide di-
rectlythevisually salientkey-imageswith whichto associate
a 3D pose.Theinterpolationmethodsautomaticallygener
ateslong sequencef 3D animationmimicking the rhythm
of theoriginal video.
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Figure 1: Overviav of themethod

1.1. Previouswork

Oneof the rst attemptgto reconstrucanimalmotionfrom

videosis Wilhelms's work [WGO03]. Deformablecontours
(snales) are usedto extract the 2D motion of eachlimb's

contour from a video sequenceof a running horse. This

motion is thentransformedo 3D motion by matching2D

contoursof limbs in the imagewith contoursof limbs of a

3D modelalignedon theimagesequencelt is well known

now thatactive contouramethodsarevery sensitve to noise
andhave parametersvhich aredif cult to tune.Wilhelmset

al. [WGO03] mentionthis problemandallow theuserto reini-

tialize theactive contoursThis makesthemethoddif cult to

usein thegeneralkase especiallywhenlimbs occludeeach
othersMore generallyGleicheretal. [GF02] shav thatcur

rentcomputewisiontechniquesor theautomatigrocessing
of videosfail to provide reliable3D informationsuchassta-

blejoint anglesovertime. They concludethatusingthiskind

of approactior thedirectcontrolof 3D animationatthejoint

levelis currentlynotfeasible.

Examples-base@pproachedave recently beenrecog-
nizedasagoodalternatve to traditionalshapemnodelingand
animationmethodsThe basicideais to interpolatebetween
a given setof examples,3D poseor motion, mappedfrom
aninput parametespaceto 3D data.Roseet al. [RBC99
parameteriz¢he synthesiof nav motionfrom motion cap-
ture datalabeledwith abstracparametersharacterizinghe

style of motion. Lewis et al. [LCFOQ] interpolateshapeof

a bendingarm from joint angle valuesusing Radial Ba-

sis Functions(RBF). They shav that posespacemapping
avoidswell-known artifactsof traditionalskinningmethods.
Sloanet al. [SIC0]] extendthis formulationby combining
RBF andlinearregressionAll theseapproachemterpolate
betweenwell de ned data- i.e. examplesof 3D shapesor

motion, labeledwith userde ned abstracparametersPyun
etal. [PKC 03] shav thata similar framevork canbe used
to animatenew facesfrom capturedfacial animationdata.
In this casethe abstraciparameterarereplacedby the 3D

animationdatathat control the way the examplesareinter

polatedovertime. Visualfeaturesxtractedfrom 2D images
canalsobe usedasinput parameterso control posespace
mapping Bregleretal. [BLCDO02] captureinformationfrom

existingfootageof 2D cartooranimationto controltheblend
shapesnimationof 3D characters.

1.2. Overview

Our methodis an example-base@pproachWe testvideo
dataaspossibleinput parameters$o controlanimation.Live

videofootageis challengingo processbecausé lackscon-
trastand resolution,automaticfeatureextractionis not ro-

bust, andwould requireheary userintervention.We rather
corvertthe originalimagesinto normalized binaryimages,
on which Principal ComponentAnalysis (PCA) is applied.
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Theimages'coordinatesn the Principal Componenspace
providesanadequatsetof parameterto controlthe 3D mo-
tion.

When input parametersare derived from a large set of
data,all examples-basedhethodsrequirethat the userex-
plicitly designatehe examples.We proposea new andau-
tomaticcriterionfor selectingtheseexamples RadialBasis
Functions(RBF) areusedto interpolatebetweerthesepose
examplesover time, from the sequencef parametewralues
extractedfrom thevideo.

Section2 present®ur generapipelinefor generatind3D
animationfrom video: it detailsthe chainof operationghat
we applyto thevideosequencem orderto extractadequate
control parametersand the way we interpolategiven 3D
poseexamplesto generatehe animation.In particular the
corversionto binaryimagescaneitherbefully automaticor
usesimpleuserinputsuchasroughstrokessketchedoverthe
images:We shawv thatboth methodsprovide similarly good
datafor applyingPCA.

Section 3 presentstwo extra contrikutions. First, we
present criterionfor automaticallyselectingthe best,min-
imal setof key-imagesfrom the video-dataProviding such
a criterion preventsthe userfrom spendinghourscarefully
analyzingthe input motionin orderto nd out which im-
ageshe shouldassociatevith 3D poseexamples.Second,
we proposea simplealgorithmto resole ambiguitiesin the
predictionof 3D posefrom 2D silhouettes.

We validateour methodin Section4, by testingour ap-
proachon syntheticdata:asour resultsshav, we achieve a
precisereconstructiorof existing 3D animationsof animal
motion from video sequencesf their 2D rendering,given
thatthe right 3D shapesvereassociatedvith the automati-
cally selectegoses.

Section5 presentour nal results:wild animal motion
is extractedfrom reallife documentariesSeveralfeaturesof
our method,suchasthe option of Itering the coordinates
in PrincipalComponenspacébeforeapplyingtheinterpola-
tion arediscussedWe concludeandgive directionsfor fu-
turework in Section6.

2. Predicting 3D animation using PCA on images
2.1. Overview of the method

Ourapproactcombinesstatisticalanalysisof binaryimages
by PCA andanimationby posespacemapping.The binary
imagescanbe generatedy automaticsggmentation When
automaticsggmentationfails, we proposea sketchingtool

to label the video. In this case,white strokes on a black
backgroundcreatethe binary image.PCA is then applied
onthebinaryimagestakingeachimageasasingleobsena-

tion vector The projectioncoefcients of inputimagesonto
the Principal Componentsare analyzedto extract optimal
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examplesof 3D posedo interpolate Theseprojectioncoef-
cients sene asinput parameterso the posespacanapping
interpolationand control the temporalevolution of the ani-
mation(Figurel).

2.2. Reducingvariability into binary images

Using PCA directly on imageswould encodeary varia-
tion in appearancen additionto variation dueto motion,
changesn illumination,cameramotionandocclusiorwould
becodedaswell by PCA. Thus,beforeapplyingPCA, video
imagesare segmentedinto binary imagesin orderto I-
ter suchvariation and isolate the foreground subjectfrom
the background Assumingthe usercan provide someini-
tial guesonthesubjectandbackgroundocationonthe rst
imageby selectingwo rectangulaareador eachoneonthe
rst imageof the sequencea simplesegmentatiorbasedn
mixture of Gaussiansanstill provide accurataesults(Fig-
urel andtop of Figure2). This methodis easyto implement
andwassuf cient for thepurposeof ourwork ongaitsgener
ation.More elaboratedechniquegsouldbeusedandprovide
evenmoreaccuratenput datato our approacHSMOQ].

Figure 2: Resultsof sggmentationfor our three sourcesof
data: live video,sketching and synthetic

When automaticsegmentationfails, we proposeto the
usera sketchinginterfaceto label the video footage.The
sketchesdoes not need to be accurateas in Davis et
al.[DAC 03], wherethedraving needdo bepreciseenough
so that the joints can be automaticallyrecognizedIn our
case,the hugechangein illumination and high occurrence
of occlusiongmake impossibleto claimfor a carefuljoint to
joint labeling.Insteadwerely onaraw labelingwith strokes
of themainfeaturesuchasthespine legsandhead|t is not
requiredto labeleveryjoint individually if they don't appear
in theimage.The ideais to similarly apply a PCA onim-
ages.eithergeneratedrom segmentationor resultingfrom
sketching.

Oncethesubjects isolatedfrom thebackgroundaregion
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of interesis automaticallyextractedaroundthesilhouetteby
standardnorphologicalnalysisanddetectionof connected
componentsThis processs appliedto all theimagesin the
video sequenceWe keeptrack of the centerof massof the
binarysilhouetteevaluatedat the previousimagesothatthe
region of interestis still focussedon the correctconnected
component.

This stepallows usto getrid of variancedueto camera
motionwhichis notrelevantto thetruemotionof thetracked
subject.Unfortunatelyit also lters outtheverticaltransla-
tion of theanimal,whichis relevantto motion.Nevertheless,
we arenottrying to extractthetranslatiorasanindependent
parameterinstead,our aim is to capturethe overall timing
andpredictanimationby interpolationof 3D poseexamples.
Consequentlyif a vertical translationis setin the poseex-
amples,assumingsucha motionis correlatedwith the rest
of the visible motionin the imagessequenceit will appear
in the nal animationTypically, afull bodyextensionis cor
relatedwith a ight partin thegait scenario.

Fromthis pre-processwe endup with a sequencef bi-
naryimages We give herethe dataspeci cationsfor our 7
testsequencei termsof numberof frames sizein pixelsof
the original image,andsizein pixel of the tracked window
of thesilhouette.

Numberof  Original  Binary

Sequence frames image image
Horsewalk 100 320x240 320x240
Horsecanter 100 320x240 320x240
Horsegallop 100 320x240 320x240

Cheetahrun 137 192x144  90x34
Tigerrun 60 720x480 448x216
Antilope walk 122 352x288 232x173
Giraffe walk 73 352x288 195x253

2.3. Principal Componentsasinput visual features

PrincipalComponent#nalysis(PCA) is a standardnethod
for datareduction.It consistsin nding a set of princi-

palaxes,linearly spanninghevarianceof multidimensional
data.Turk and Pentlandintroducedone of the rst imple-

mentationsof PCA on imagesto performfacerecognition
(eigen-hces) TPI1]. In this case gachimageis considered
asanindependenbbsenationwhereall thepixelsvaluesare

stacled in a singlevector Eigen-imagesave beenwidely

usedto reduceclassifyandrecognizeregular patternsrom

imagesAs anew contributionwe shav thatPCA onimages
can encodevariation due to motion only and can be used
not only to classifyshapesut alsoto continuouslypredict
changedn motion.We will take bene t of this propertyin the

interpolationscheme.

PCA consistsin calculatingthe eigervectorsand eigen-
valuesof the covariancematrix of the collecteddata.ln our
case eachrectangulaimageof the sequencés viewedasa

row vectori(t) of all the pixelsvaluesstacledtogetherWe
gatherall the n imagesover a sequencén a matrix |, after
having subtractedhe meanimagei:

aiw 1)

I= i) 0 i) 0t )

ThePCAIs thenformulatedas:

%ItIE = ED 3)

EE=1 (4)

Finally, we take asinput vectorof the animationthe pro-
jection coefcients onto the Principal Componentstacled
ascolumnvectorsin matrix E andnormalizedby thesquare
rootsof theeigervaluesstacledin thediagonalmatrix D :

: - P—

p(ty= i(t) i E D? ®)
We recapitulatébelon theresultsof PCAin termsof part

of the variancecoveredby eachPrincipal Componentwith

respectto the total varianceof the datafor our 7 testse-

guences.

Sequence PC1 PC2 PC3 PC4

Horsewalk 337 237 114 856
Horsecanter 325 145 9.17 8.78
Horsegallop 31.1 199 11.0 8.33
Cheetahhrun  44.7 116 993 7.79
Tigerrun 15.2 105 6.14 4.69
Antilopewalk 215 12.2 840 6.91
Giraffewalk 42.8 15.8 11.1 5.63

2.4. Inter polation

Our goalis to generateanimationparametergpositionand
joint angles)x(t) from the valuesof projectioncoefcients
p(t) computedfrom PCA. We useinterpolationof m 3D
poseexamples[x(t)];- 1...,,, correspondingo m imagesin
the video sequencdor which we know the projectionco-
efcients [p(ti)];= ..., attimet; in the video sequencefor
clarity, we notex; andp; for respectiely x(tj) andp(t;).

Three main methods for scattereddata interpolation
are used in example-basedmethod approaches:linear
interpolation[BLCDO02],Radial BasisFunction[LCF0Q] or
a combinationof both[SIC01] In the latter case linearin-
terpolationallows us to copewith caseswhereinput data
could be sparseandrequirea stablebehaior for extrapo-
lation. In our case,input datais the resultsof PCA andas
suchis alreadylinearly compactFor thisreasonRadialBa-
sisFunction(RBF) wereenoughto dealwith our case.This
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generalinterpolationschemads formulatedaslinearcombi-
nationof distancefunctionsh(r) (the RBF) from minterpo-
lation pointsin theinputspace:

m
x(p)= & h(kp  pxk)a ©)
k=1

wherep is theinput vectorandx the predictedvector h(r)
aretheRBF ay areunknavn vectorsto bedeterminedlf the
RBF arestacledinto a singlevectorh(p) andthe unknavn
coefcients ax asrow vectorsinto a matrix A, we have the
formulation:

X(p) = h(p)A (7)

h(p) = [h(kp  p1k) :::h(kp  pmK)] (8)
h i

A= aj;:ian ©)

As interpolationpoints, we usem 3D poseexamples;
andthe the valuesof the m associatednput parameter;
of the correspondindey-image.A hasto be solved sothat

kx(pi) ik is minimal. This minimizationin aleastsquare
sensdeadsto the standardgseudo-imersesolution:
t 1ot
A= HH H™X (20)
where,
h it
t t
X= X105 % (11)
to.... tt
H= h(p1);:::;h(pm) 12)

The nal formulationis then:

x(p) = h(p) H'H

Note that this canbe re-formulatedexactly asaninterpola-
tion of thex; :

1 t
H'X (13)

x(p) = @ Wi(p)x (14)
i=1

by extracting the matrix h(p) H'H "W [AMOO],
Alexa et al. compresgndanimate3D sequencefom prin-
cipal componentgPC) learnton a fully availablesequence
of 3D data.In our case PCarelearntfrom imagespaceand
animationof 3D datais controlledby interpolation.

The valueof &2 ; wi(p) shouldstaycloseto 1 to guar
anteethat a point p in the input spaceis close enoughto
interpolationpointsandary w;(p) shouldbe closeto [0; 1]
sothat x(p) stayscloseto the corvex hull of the 3D pose
examples.

For thechoiceof h(r), acommonpractices to useagaus-
sianfunctionfor its C* continuity properties:

hr)=e 2" (15)
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The parametea in equationl5 needsto be determined.
Statistically projectionson PC are homogenousvith stan-
darddeviation. This meansdatawill be spreadapproxima-
tively in every projecteddirection over the sameintenal
[ 1;+1] - varying accordingto the natureof distribution.
Assuminginterpolationpoints are well spread,we take a
valueof 2 asaraw estimateof thedistancebetweerinterpo-
lation points.At midpointbetweertwo interpolationpoints,
we expectanequalin uence. This canbetranslatednto the
factthatwe wanth(r) to be equalto 0:5 whenr = 1. This
leadsto anestimateof a = In2.

All previous works on example-base@nimationrely on
the userto decidewhere 3D pose examplesneedto be
provided[LCFOQ, SIC01,PKC 03]. In our case this would
meanselectingkey-imagesamongthousand®f a video se-
guence.Given the numberof key-imagesto provide, we
presenainautomaticcriterionto selectheseoneswithin the
videosequence.

3. Key-imagesselection
3.1. Criterion for automatic selection

We wantsmoothmappingbetweertheimagespaceandthe
animationspaceaswe basedall our timing control on im-

ages.A small changein the image spacemust producea
smallchangen the animationspace We noticethatthein-

terpolationschemeon RBF involvesthe inversionof a ma-
trix H'H, build from the interpolationpoints,asit hasbeen
shavn in theprevioussection Consequentijto ensurea sta-
ble interpolation,and thus a smoothanimation,we select
key-imagesover the sequencevhich minimizethe condition
numberof the matrix H'H to invert The conditionnumber
is evaluatedasthe ratio of the largestsingularvalue of the
matrix to the smallest.Large conditionnumbersindicatea
nearlysingularmatrix.

This criterion is generally applicableto ary example-
basedmethod.It canbe usedto selectany numberof input
exampleskey-imagesn our casewhenthey haveto becho-
senwithin alargesetof data.Thesingularvaluesof H'H are
the squaredsingularvaluesof H. This matrix measureshe
respectie distancedetweenthe interpolationpoints. Intu-
itively, the criterion on conditionnumberthusselectsnput
exampleswhich areequallyspreadwithin the dataset.Hav-
ing all the singularvaluesclosedto eachothermeansthey
equallysampleevery directionof theinput space.

In practice,as will be showvn in section4 and 5, only
few principal componentsand few 3D poseexamplesare
needed.This allowes us to implementa simple combina-
tory approachfor the condition numbercriterion: for each
sequencef n frames givenanumberof c principalcompo-
nentsto considelandanumbem of key-imagedo selectwe
evaluatethe conditionnumberof all the () matricesH'H.
The H'H matrix is squareandits dimensionis m. We keep
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the setof m key-imageswithin the whole sequencerovid-
ing the H'H matrix having the smallestcondition number
Keepingonly a few Principal Componentsnakesthe com-
putationfast.We testedwith up to 5 PrincipalComponents,
but experimentsshoved that 2 were enoughaswill be de-
tailedin following sections.

As an example,for the predictionof 3 sequencesf ani-
mationfrom synthetidmageswe plot the projectionsonthe
two rst component@asa 2D graphandsearchfor the best
4 examplesbasedon the condition numbercriterion (next
sectionwill shav that2 PCand4 keysis thebestcon gura-
tion for the predictionof this speci c gait). In this casethe
conditionnumbercriterionhasthe particularityto selectex-
amplesat approximatvely the extremevariationof the two

rst PCA projectiong(Figure3).

Figure 3: PC1(t)xPC2(t): PC projectionsacrosstime for
two syntheticsequencesf horse: canterand walk. Frames
are numbeed for onecycle Circlesare selectedexamples
by the conditionnumbercriterion.

Intuitively, the more key-imagesare given, the betterthe
interpolationwill be.As ary key-imagewill requiretheuser
to provide a3D poseexample,acompromisanustbefound.
Thequestiorof thenumberof key-imageseedgo beexam-
ined on a case-to-casbasis.From our experimentson ani-
mal gaits, we obsened goodresultswith 4 poseexamples
for the running casesand 8 poseexamplesfor the walking
cases.

3.2. Resolving2D ambiguities with switching models

At this point, our methodpredicts3D motion from silhou-
etteimages It resultsin a unique3D posefor eachdistinct
inputimage.In somecaseowever, two different3D poses
canleadto very similar silhouettesvhenviewed from the
side(Figure4). Thisis very commonin motionsthatconsist
in asuccessionf two symmetricphasessuchasquadrupeds
walking. The motion predictedby RBF still providesgood
resultsbut only on onehalf of the periodof theoriginal gait.

To avoid this problemiit is rst necessaryo provide two
different3D poseexamplesfor eachof the ambiguoussil-
houetteof the key-imageandsecondlyto build a methodto
correctlychoosebetweerthesetwo posesduringthe gener
ationof the 3D animation.

Figure 4: Two different posescan producesimilar silhou-
ettes.

We solve for the rst problemwith a simplealgorithm:

1. We selectminitial key-imageswith the standardnethod
andbuild the animationby associatin3D posego key-
image and using RBF prediction.If the useracknavl-
edgesssuesaboutposeambiguitieswe go to step2.

2. For eachkey-image,we automaticallysearckor its clos-
estimagein the PCA spaceandproposeit to the useras
the alternatve posefor this silhouette We constrainthis
imageto be at least3 framesfurtherthantheinitial key-
imageto guarante¢hatwe arein anothethalf-cycle.

3. Whenthe uservalidatesthe proposedmageasthe key-
imagecorrespondindo the samesilhouettebut at a dif-
ferentpose we askthe designeto provide the appropri-
ate3D poseexample.

4. Weiterateuntil eachof theminitial key-imagesof stepl
hasits associatedkey-imagecorrespondingdo the oppo-
sitepose.

At theendof this processwe have doubledthe numberof
minitial key-imagesandcorrespondin@D poseexamples.
Figure5 providesan examplefor this algorithmwith m= 4
initial key-images.We areablenow to generatea full cycle
of motion. To generateanimation,the samemethodof pre-
diction from imagess kept, but insteadof keepingthesame
m 3D poseexampleswe switchbetweerq setsof m3D pose
examplesastime evolves,takenfrom the2m 3D poseexam-
plesselectedy the previous algorithm.We call theseq sets
the switchingmodels.The predictionof animationparame-
tersis extendedasfollows :

q
X(Pt) = @ Ws,(g) (Pt) Xs(s) (16)
k=1
s = switch(pt;s 1) (17

wheres represents phasestateindex in termof switch-
ing model, x; the 2m pose examples,and w; the model
weightgiventheinputimageandthecurrentphasestate The
functionswich(p; s) indicateswvhich setof mposeexamples

¢ TheEurographic#ssociation2004.
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needgo be usedin the predictionalgorithm.lt is a discrete
statevariable,incremente@achtime we detectthatwe have
reachedhelast2D silhouettewithin a setof m key-images.
Thechangeof silhouetten key-imagess easilydetectedy
adistancdunctionin the PCA space.

PC1x PC2

Figure 5: Selectingnore key-imagesto resolveambiguities
in the PCA space Images 14, 17, 21 and 24 are selected
asinitial key-images.In a secondstep,27,4, 8 and11 are
selectedas candidatesfor ambiguouspose basedon their
coominatesin the PCAspaceFirstrow: framesl4,17,21
24; Secondow : frames27,4, 8, 11.

Switching betweeng = 2 modelsof m poseexamples
would allow to explore the whole animationspace as we
have just doubledthe numberof initial m poseexamples.
However, the transitionbetweentwo modelsturnedout to
beunstableWe solvedthis problemby introducingoverlaps
betweenintermediatemodels.The useof q = 4 switching
modelsallows smoothtransitions.In practicewe usem= 4
poseexamplesto describehalf of a cycle motion. Thefunc-
tion s(s) givesthe4 indicesof poseexamplesat4 statepo-
sitionswith 2 overlappingposeexamplesbetweerntwo con-
secutve steps:

si(]) = sij (18)
0 1
1 2 3 4
~_B3 45 e§
Sij —%5 6 7 8 (29)
7 8 1 2

4. Validation on syntheticimages

We have validatedour methodby takingasinputimagesthe
renderingof a skeletonhorse3D model. Jointsare repre-
sentedasellipsoids(Figure2). The choiceof sucha model
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was madeto getrid of ary biasthat a skinning algorithm
would introduce We reportresultsfor threesequencegal-
lop, canterandwalk. By usingsyntheticimagesye canstill

testthefull pipelineasdescribedn section2. In addition,we
can comparewith the original animationparametersThis
evaluationgave usehintsonthenumberof principalcompo-
nentsandexamplesthatshouldbeused.

We have exhaustvely evaluatedthe resultsusing an in-
creasingnumberof key-images(startingat two) andanin-
creasingnumberof PC (startingat one).Giventhe number
of key-imagedo selectfrom thevideo,theconditionnumber
criteriontells whatkey-imagesto select.The corresponding
3D poseexamplesare provided by the original animation
sequenceWe evaluatethe resultsby computingthe mean
(and standarddeviation) of the absolutedifferenceover all
thejoint anglesfor the main rotationaxes(perpendiculato
theimageplane 36 anglesn thecaseof ourmodel)between
original andpredictedvalues.

Horse gallop Horse canter

N
S
.
=

4keys

2

5 keys

Mean reconstruction error (in degrees)
Mean reconstruction error (in degrees)

)

Number of PC

Number of PC

Figure 6: Evaluationfor the gallop and cantersequences.
Each curvecorrespondso themeanerror with a xed num-
ber of exampleq2 to 5), with respecto the numberof com-
ponentaisedasinput parametes.

From Figure 6, we immediatelyobsere that addingthe
third andfollowing componentsntroducenoise. This sug-
gestghey arecodinginformationnotrelevantto thegait mo-
tion. As for thenumberof keys, asexpectedthemoreexam-
plesareprovided,thesmallertheerror A goodcompromise
ariseson 4. Adding a fth keys decreaseshe meanerror
lessthana degree. The resultsare con rmed on the video
provided with this paper Two or three poseexamples,al-
thoughoptimally selectedy theconditionnumbercriterion,
arenotenoughWith four 3D poseexamplesandtwo Princi-
pal Componentsye obtaina very goodmatchbetweenthe
originalanimationandthepredictedanimationfrom images.

5. Processindive video sequence

We discussnow how to apply our approachon live video
images,sometimeemphasizedy a rough sketchasmen-
tionedin section2. As detailedbelow, strictly focussingon
the rst two PC and applyinga band-passlter to the PC
trajectoriesalongtime enableausto achieve asgoodvisual
resultsaswith the syntheticdata.
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5.1. Restricting to the two rst PC

In the caseof the syntheticexamplesthe rst two compo-
nentsexhibit consistentlyinterpretablebehaior. For exam-

ple, for the gallop of the horse,The rst componen{PC1)
encodesa variation betweena ight phasewhen none of

the feet touch the ground,and a groupedphase.The sec-
ondcomponen{PC2)correspond$o anoppositionbetween
arising phasewhenthe horsejumpsoff the ground,anda
descendinghase whenthe horsefront feet hit the ground
(Figure7).

mean eigenimagel mean mean + eigenimage1

mean eigenimage2 mean mean + eigenimage2

mean eigenimage3 mean mean + eigenimage3

Figure 7: Variation encodedby the r st three eigervec-
tors for the horse gallop sequenceMiddle columnis the
meanshape eat row correspondgo the variation along
an eigervector

Numericalevaluationon synthetidmageshave suggested
thatthetwo rst PCareoptimalto achieze goodprediction.
Imagesegmentatiorandsketchingby handwill naturallyin-
troducemore noisein PC curves, making PC unstableand
poorly reliableto predictrelevant motion. We decidefrom
theseobsenationsthattheonly 2 rst PCshouldbekeptfor
live videoandsketchedmages.

We conrm this hypothesison the cheetahsequence
wheresimilar interpretationasthat for the horsegallop can
bemadeonthetwo rst principalcomponentgFigure8).

mean eigenimagel mean mean + eigenimagel

mean eigenimage2 mean mean + eigenimage2

mean  eigenimage3 mean mean + eigenimage3

Figure 8: Variation encodedby the r st three eigervectos
for thecheetahsequence

5.2. Spectrumregularization

On the syntheticsequencethe time variationof the projec-
tionsonthe rst two componentshaws a shift in phaseof
onefourth of the cycle period,correspondingo an alterna-
tion of jump, ight, landing and groupinglegs. This pro-
ducesthe circular patternshavn on Figure 3. This con gu-
ration hasbeenreproducedn every examplesof synthetic
images Consequentlywe adoptthe con gurationof projec-
tionson PClandPC2in a circular patternasa characteri-
zationof avideosequencéo be usablewith our method.In
the Fourierdomain,this con guration correspondso peaks
atthe samelocationfor projectionson PClandPC2,anda
phasdlifferenceof approximatvely g

Live video can thus be diagnosedas not usableby our
methodif it doesnothave projectionson PClandPC2stay-
ing within acertainbandwiththatwe automaticallyestimate.
The rst componenencodesnostof thevarianceandis con-
sideredto berepresentatie of the fundamentatyclic varia-
tion. Its spectrumwill thusbe centeredarounda frequeny
correspondingo theperiodof thecycle. All ourexperiments
con rm this hypothesis.From a Fourier Transformwe get
the frequenyg of maximumamplitude.We t a peakfunc-
tion centeredn this frequeny of theform:

1

peakKf) = (20)

f f
1 (B

fo is setat the frequeng of maximumamplitudeand fj,
is setso thatit correspondgo the closestfrequeng to fp
having an amplitudeof half of the maximum.We deducta
bandwidthof [ 3(fp, fg);+3(f, fo)], correspondingo
endpointsat 10% of themaximumamplitude(Figure9).
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Figure 9: Spectrunofthe3 r stPCofthecheetatspectrum.
Thepeakfunctionis tted to PC1,andarectangulamwindow
is deduced.

The secondcomponentis Itered by the sameband-pass
Iter . Whatis expecteds thatthe secondcomponenshavs
a similar peak, creatingthe circular pattern.We can eval-
uate how this hypothesisis respectecby comparinghow

¢ TheEurographic#ssociation2004.
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much the reconstructedsignal after ltering, matchesthe
original signal. For this, we computethe correlation co-
efcient betweenthe original principal componentsignal
and the ltered principal componentsignal. We have ob-
senedthatfor our testsequenceghetwo rst components
sharedthe samepeak(r  :6), while the following compo-
nentsdo not (r  :3), seetable below. This provide a nu-
merical criterion to evaluateif our methodcanbe success-
fully appliedto a video sequenceaswe have presentedt.

PC: PC1 PC2 PC3 PC4 PC5

horsegallop .90 .92 .01 <01 <.01
horsecanter .94 .89 .08 <.01 .01
horsewalk 99 94 <01 .05 <01
cheetahrun 91 61 .14 21 .25
antilopewalk .78 91 .14 .10 .06
tigerrun .87 72 26 .18 .23
giraffe walk 92 .82 24 19 .28

Figure9 shows the resultsin the Fourier domainfor the
cheetalsequencevhich conformsto thecriterion.Whenthe
livevideosequencéailsto conformto thiscriterion,we sug-
gestusingthe sketchapproachlf the sketchapproachstill
fails to meetthecriterion,we diagnoseghatour methodcan-
notwork ontheanalyzedvideo.

5.3. Results

We shaw in the video provided with the paperresultsfor
a cheetahrun, an antilope walk (both automaticallysey-
mented)andatiger run anda giraffe walk whereautomatic
segmentatiorfails but sketchimagessucceed.

Figure 10 shaws the evolution of the weightsof the four
3D poseexamplesfor thecheetalsequencélNe have anex-
actinterpolationat theseposeexamples.For therestof the
sequenceye obsene a correctgeneralizationthein uence
of eachposeexampleappearsat a right pacein a coherent
order Notethatthe sumof weightsstayscloseto one,guar
anteeinghattheinput parameterarealwayscloseto anin-
terpolationpoint. The weightsare sometimesutsideof the
rangeof [0;1] asthey are not constrainedn the RBF for-
mulation. This lets the resultingposeleave the corvex hull
of the poseexamples.This e xibility allows someextrapo-
lationin 3D spacentroducedby imagevariationsalongthe
sequenceA controlcouldbe easilyaddedto maintainthese
weightswithin a saferangein orderto avoid the generation
of stranggpose toofaroutsideof thecorvex hull of thepose
examples.

Finally, Figure 11 gathersthe nal resultsabout key-
imagesselection.lt shavs the automaticallyselectedkey-
imagesand the associate@D poseprovided by the artist.
The full video of all the testedsequencesre givenin the
demomovie le.

¢ TheEurographic#ssociation2004.
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Figure 10: Evolutionof theweightsof the4 exampledor the
cheetahsequenceThedashedine is the sumof weights.

6. Conclusion

Whentraditionalmotioncaptureof non-cooperatie subjects
suchaswild animalsis not feasible live video footagecan
still provide signi cant information on motion. This paper
hasproposednovel and robust tools to analyzevideo data
andmale it applicableto the generatiorof 3D motion. We
rely on PrincipalComponenfnalysisto extractparameters
from binaryversionof theinputimagesAs our resultshaw,
a smallnumberof parameterss sufcient for cyclic animal
gaits:usingthetwo principalcomponentalreadygivesgood
results.We provide a criterion for selectingthe bestset of
key-imagesfrom the video. In our application,the selected
posescaneasilybeinterpretedn termsof extremalimages
in the 2D PrincipalComponenspace.

Our work shavs that Principal ComponentAnalysis
(PCA) canbe appliedontoa sequencef 2D imagesto con-
trol 3D motion.PCA onimageshelpsto give aquanti cation
of thesigni cant changesn theappearancef thevideo.The
RBF interpolationof poseexamplesaimsat transposinghe
paceof videochangesnto theanimationdomain.The auto-
matic selectionof exampleshelpsto focusthe effort of the
designeonthemostimportantkey-frames.

As afuturework, we areplaningto explorenonuniformly
cyclic motion suchas transitionbetweengaits and the ad-
dition of physically-basedonstraintdo animatenon-g/clic
part of the motion. We arealsostudyinghow to re-useex-
isting PCA basisandits 3D associateghosesto automati-
cally analyzea new videosequencg¢hanksto morphological
adaptatiorin theimagespace.
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