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Abstract
We presenta methodfor animating3D modelsof animalsfrom existing live videosequencessuch as wild life
documentaries.Videosare �r st segmentedinto binary imageson which Principal ComponentAnalysis(PCA) is
applied.Thetime-varyingcoordinatesof the imagesin thePCAspaceare thenusedto generate3D animation.
This is donethrough interpolationwith Radial BasisFunctions(RBF) of 3D poseexamplesassociatedwith a
small setof key-imagesextractedfromthevideo.In addition to this processingpipeline, our maincontributions
are: an automaticmethodfor selectingthebestsetof key-imagesfor which thedesignerwill needto provide3D
poseexamples.Thismethodsavesusertimeandeffort sincethere is nomoreneedfor manualselectionwithin the
videoandthentrials anderrors in thechoiceof key-imagesand3D poseexamples.Asanothercontribution, we
proposea simplealgorithmbasedon PCAimagesto resolve3D posepredictionambiguities.Theseambiguities
are inherentto manyanimalgaitswhenonlymonocularview is available.
Themethodis �r stevaluatedonsequencesof syntheticimagesof animalgaits,for which full 3D datais available.
Weachievea goodquality reconstructionof theinput3D motionfroma singlevideosequenceof its 2D rendering.
We thenillustratethemethodby reconstructinganimalgaitsfromlive videoof wild life documentaries.
Keywords: AnimationfromMotion/VideoData, InterpolationKeyframing, Intuitive Interfacesfor Animation.

1. Intr oduction

Traditionalmotioncapturemethods- eitheropticalor mag-
netic - requiresomecooperationfrom thesubject.Thesub-
jectmustwearmarkers,movein areducedspace,andsome-
timeshasto stayon a treadmill.Therangeof possiblecap-
turedmotionsis thusvery limited: capturingthehigh speed
runof awild animal,suchasacheetahrunningafterhispray
is totally untractableusingthis method.This is unfortunate
sincethis kind of motiondatawould beof greatinterestfor
3D feature�lms andspecialeffects,for which fantastican-
imalsmustbeanimatedwhile no sourceof motion is avail-
able.

Thenew methodwe proposeallows theextractionof 3D
cyclic motionof animalsfrom arbitraryvideosequences(we
arecurrentlyusinglivesequencesfrom wild life animaldoc-
umentaries).Stateof the art techniquesin computervision
for markers-less3D motion tracking are still hard to use
in an animationproductionframework. As an alternative,
we proposeto usea robust existing techniquesin a novel
pipeline:we combinePCA of imagesandanimationby in-
terpolationof examplesto reliablygenerate3D animationof
animalgaits from videodata.PCA of imagesis well suited

for animal gaits since this motion is naturally cyclic and
PCA will factorizesimilar patternsandisolatemain varia-
tion in images.Our experimentsshow whatconstraintsand
additionalprocessingcanbe usedto help PCA to focuson
codingvariationdueto motion only. Our goal is to isolate
andcharacterize,usingPCA images,minimal setsof cyclic
motion andto subsequentlygeneratethe associated3D an-
imation. More complex 3D animationwith non uniformly
cyclic motioncouldlaterbegeneratedusingrecentmethods
in motion synthesis.We improve existing techniqueswith
2 maincontributions:anautomaticcriterionto selectexam-
plesfrom video andan algorithmto resolve ambiguitiesin
thepredictionof 3D posesfrom 2D video.

The resultingmethodgreatlysaveseffort for the anima-
tor. Traditionally for theanimationof quadrupeds,theartist
mustmakeseveraltrails to setthekey-framesand3D poses.
Ourmethod,basedonPCA images,allowsusto providedi-
rectlythevisuallysalientkey-imageswith whichtoassociate
a 3D pose.The interpolationmethodsautomaticallygener-
ateslong sequenceof 3D animationmimicking the rhythm
of theoriginal video.
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Figure1: Overview of themethod

1.1. Previouswork

Oneof the �rst attemptsto reconstructanimalmotion from
videosis Wilhelms's work [WG03]. Deformablecontours
(snakes) are usedto extract the 2D motion of eachlimb's
contour from a video sequenceof a running horse.This
motion is then transformedto 3D motion by matching2D
contoursof limbs in the imagewith contoursof limbs of a
3D modelalignedon the imagesequence.It is well known
now thatactive contoursmethodsarevery sensitive to noise
andhaveparameterswhicharedif�cult to tune.Wilhelmset
al. [WG03] mentionthisproblemandallow theuserto reini-
tializetheactivecontours.Thismakesthemethoddif�cult to
usein thegeneralcase,especiallywhenlimbs occludeeach
others.Moregenerally, Gleicheretal. [GF02]show thatcur-
rentcomputervisiontechniquesfor theautomaticprocessing
of videosfail to providereliable3D informationsuchassta-
blejoint anglesovertime.They concludethatusingthiskind
of approachfor thedirectcontrolof 3D animationatthejoint
level is currentlynot feasible.

Examples-basedapproacheshave recently been recog-
nizedasagoodalternativeto traditionalshapemodelingand
animationmethods.Thebasicideais to interpolatebetween
a given setof examples,3D poseor motion,mappedfrom
an input parameterspaceto 3D data.Roseet al. [RBC98]
parameterizethesynthesisof new motionfrom motioncap-
turedatalabeledwith abstractparameterscharacterizingthe

style of motion.Lewis et al. [LCF00] interpolateshapesof
a bendingarm from joint angle valuesusing Radial Ba-
sis Functions(RBF). They show that posespacemapping
avoidswell-known artifactsof traditionalskinningmethods.
Sloanet al. [SIC01] extendthis formulationby combining
RBF andlinearregression.All theseapproachesinterpolate
betweenwell de�ned data- i.e. examplesof 3D shapesor
motion,labeledwith userde�ned abstractparameters.Pyun
et al. [PKC� 03] show thata similar framework canbeused
to animatenew facesfrom capturedfacial animationdata.
In this case,theabstractparametersarereplacedby the3D
animationdatathat control theway theexamplesareinter-
polatedover time.Visualfeaturesextractedfrom 2D images
canalsobe usedasinput parametersto control posespace
mapping.Bregleretal. [BLCD02] captureinformationfrom
existingfootageof 2Dcartoonanimationtocontroltheblend
shapesanimationof 3D characters.

1.2. Overview

Our methodis an example-basedapproach.We test video
dataaspossibleinput parametersto controlanimation.Live
videofootageis challengingto process:becauseit lackscon-
trastandresolution,automaticfeatureextraction is not ro-
bust,andwould requireheavy userintervention.We rather
convert theoriginal imagesinto normalized,binary images,
on which PrincipalComponentAnalysis(PCA) is applied.
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The images'coordinatesin the PrincipalComponentspace
providesanadequatesetof parametersto controlthe3D mo-
tion.

When input parametersare derived from a large set of
data,all examples-basedmethodsrequirethat the userex-
plicitly designatethe examples.We proposea new andau-
tomaticcriterion for selectingtheseexamples.RadialBasis
Functions(RBF) areusedto interpolatebetweenthesepose
examplesover time, from thesequenceof parametervalues
extractedfrom thevideo.

Section2 presentsour generalpipelinefor generating3D
animationfrom video: it detailsthechainof operationsthat
weapplyto thevideosequencesin orderto extractadequate
control parameters,and the way we interpolategiven 3D
poseexamplesto generatethe animation.In particular, the
conversionto binaryimagescaneitherbefully automaticor
usesimpleuserinputsuchasroughstrokessketchedoverthe
images:We show thatbothmethodsprovide similarly good
datafor applyingPCA.

Section 3 presentstwo extra contributions. First, we
presenta criterionfor automaticallyselectingthebest,min-
imal setof key-imagesfrom thevideo-data.Providing such
a criterion preventsthe userfrom spendinghourscarefully
analyzingthe input motion in order to �nd out which im-
ageshe shouldassociatewith 3D poseexamples.Second,
we proposea simplealgorithmto resolve ambiguitiesin the
predictionof 3D posefrom 2D silhouettes.

We validateour methodin Section4, by testingour ap-
proachon syntheticdata:asour resultsshow, we achieve a
precisereconstructionof existing 3D animationsof animal
motion from video sequencesof their 2D rendering,given
that theright 3D shapeswereassociatedwith theautomati-
cally selectedposes.

Section5 presentsour �nal results:wild animalmotion
is extractedfrom reallife documentaries.Severalfeaturesof
our method,suchas the option of �ltering the coordinates
in PrincipalComponentspacebeforeapplyingtheinterpola-
tion arediscussed.We concludeandgive directionsfor fu-
turework in Section6.

2. Predicting 3D animation usingPCA on images

2.1. Overview of the method

Ourapproachcombinesstatisticalanalysisof binaryimages
by PCA andanimationby posespacemapping.Thebinary
imagescanbegeneratedby automaticsegmentation.When
automaticsegmentationfails, we proposea sketchingtool
to label the video. In this case,white strokes on a black
backgroundcreatethe binary image.PCA is then applied
onthebinaryimages,takingeachimageasasingleobserva-
tion vector. Theprojectioncoef�cients of input imagesonto
the Principal Componentsare analyzedto extract optimal

examplesof 3D posesto interpolate.Theseprojectioncoef-
�cients serveasinputparametersto theposespacemapping
interpolationandcontrol the temporalevolution of the ani-
mation(Figure1).

2.2. Reducingvariability into binary images

Using PCA directly on imageswould encodeany varia-
tion in appearance.In addition to variationdue to motion,
changesin illumination,cameramotionandocclusionwould
becodedaswell by PCA.Thus,beforeapplyingPCA,video
imagesare segmentedinto binary imagesin order to �l-
ter suchvariation and isolatethe foregroundsubjectfrom
the background.Assumingthe usercan provide someini-
tial guessonthesubjectandbackgroundlocationonthe�rst
imageby selectingtwo rectangularareasfor eachoneonthe
�rst imageof thesequence,a simplesegmentationbasedon
mixtureof Gaussianscanstill provide accurateresults(Fig-
ure1 andtopof Figure2).Thismethodis easyto implement
andwassuf�cient for thepurposeof ourworkongaitsgener-
ation.Moreelaboratedtechniquescouldbeusedandprovide
evenmoreaccurateinputdatato ourapproach[SM00].

Figure 2: Resultsof segmentationfor our threesourcesof
data: live video,sketchingandsynthetic

When automaticsegmentationfails, we proposeto the
usera sketching interface to label the video footage.The
sketches does not need to be accurateas in Davis et
al.[DAC� 03], wherethedrawing needsto bepreciseenough
so that the joints can be automaticallyrecognized.In our
case,the hugechangein illumination andhigh occurrence
of occlusionsmake impossibleto claim for acarefuljoint to
joint labeling.Instead,werely onaraw labelingwith strokes
of themainfeaturessuchasthespine,legsandhead.It is not
requiredto labelevery joint individually if they don't appear
in the image.The idea is to similarly apply a PCA on im-
ages,eithergeneratedfrom segmentationor resultingfrom
sketching.

Oncethesubjectis isolatedfrom thebackground,aregion
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of interestis automaticallyextractedaroundthesilhouetteby
standardmorphologicalanalysisanddetectionof connected
components.This processis appliedto all theimagesin the
videosequence.We keeptrackof thecenterof massof the
binarysilhouetteevaluatedat thepreviousimagesothatthe
region of interestis still focussedon the correctconnected
component.

This stepallows us to get rid of variancedueto camera
motionwhichis notrelevantto thetruemotionof thetracked
subject.Unfortunately, it also�lters out thevertical transla-
tion of theanimal,whichis relevantto motion.Nevertheless,
wearenot trying to extractthetranslationasanindependent
parameter. Instead,our aim is to capturethe overall timing
andpredictanimationby interpolationof 3D poseexamples.
Consequently, if a vertical translationis set in the poseex-
amples,assumingsucha motion is correlatedwith the rest
of thevisible motion in the imagessequence,it will appear
in the�nal animation.Typically, afull bodyextensionis cor-
relatedwith a �ight partin thegait scenario.

Fromthis pre-process,we endup with a sequenceof bi-
nary images.We give herethe dataspeci�cationsfor our 7
testsequencesin termsof numberof frames,sizein pixelsof
theoriginal image,andsizein pixel of the trackedwindow
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

Tiger run 60 720x480 448x216
Antilopewalk 122 352x288 232x173
Giraffe walk 73 352x288 195x253

2.3. Principal Componentsasinput visual features

PrincipalComponentsAnalysis(PCA) is astandardmethod
for data reduction. It consistsin �nding a set of princi-
palaxes,linearlyspanningthevarianceof multidimensional
data.Turk and Pentlandintroducedone of the �rst imple-
mentationsof PCA on imagesto performfacerecognition
(eigen-faces)[TP91]. In this case,eachimageis considered
asanindependentobservationwhereall thepixelsvaluesare
stacked in a singlevector. Eigen-imageshave beenwidely
usedto reduce,classifyandrecognizeregularpatternsfrom
images.As anew contributionweshow thatPCAonimages
can encodevariation due to motion only and can be used
not only to classifyshapesbut alsoto continuouslypredict
changein motion.Wewill takebene�t of thispropertyin the
interpolationscheme.

PCA consistsin calculatingthe eigenvectorsandeigen-
valuesof thecovariancematrix of thecollecteddata.In our
case,eachrectangularimageof thesequenceis viewedasa

row vectori(t) of all thepixelsvaluesstackedtogether. We
gatherall the n imagesover a sequencein a matrix I , after
having subtractedthemeanimageī:

ī =
1
n

n

å
t= 1

i(t) (1)

I =
h�

i(t1) � ī
� t

; : : : ;
�
i(tn) � ī

� t
i t

(2)

ThePCA is thenformulatedas:

1
n

I t IE = ED (3)

EtE = 1 (4)

Finally, we take asinput vectorof theanimationthepro-
jection coef�cients onto the PrincipalComponentsstacked
ascolumnvectorsin matrixE andnormalizedby thesquare
rootsof theeigenvaluesstackedin thediagonalmatrixD :

p(t) =
�
i(t) � ī

�
E

p
D� 1 (5)

We recapitulatebelow theresultsof PCA in termsof part
of the variancecoveredby eachPrincipalComponentwith
respectto the total varianceof the data for our 7 test se-
quences.

Sequence PC1 PC2 PC3 PC4

Horsewalk 33.7 23.7 11.4 8.56
Horsecanter 32.5 14.5 9.17 8.78
Horsegallop 31.1 19.9 11.0 8.33
Cheetahrun 44.7 11.6 9.93 7.79

Tiger run 15.2 10.5 6.14 4.69
Antilopewalk 21.5 12.2 8.40 6.91
Giraffe walk 42.8 15.8 11.1 5.63

2.4. Inter polation

Our goal is to generateanimationparameters(positionand
joint angles)x(t) from the valuesof projectioncoef�cients
p(t) computedfrom PCA. We use interpolationof m 3D
poseexamples[x(ti)] i= 1:::m, correspondingto m imagesin
the video sequencefor which we know the projectionco-
ef�cients [p(ti)] i= 1:::m at time ti in the video sequence.For
clarity, wenotexi andpi for respectively x(ti) andp(ti).

Three main methods for scattereddata interpolation
are used in example-basedmethod approaches:linear
interpolation[BLCD02],RadialBasisFunction[LCF00] or
a combinationof both[SIC01]. In the latter case,linear in-
terpolationallows us to copewith caseswhereinput data
could be sparseand requirea stablebehavior for extrapo-
lation. In our case,input datais the resultsof PCA andas
suchis alreadylinearlycompact.For this reason,RadialBa-
sisFunction(RBF) wereenoughto dealwith our case.This
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generalinterpolationschemeis formulatedaslinearcombi-
nationof distancefunctionsh(r) (theRBF) from m interpo-
lationpointsin theinputspace:

x(p) =
m

å
k= 1

h(kp � pkk)ak (6)

wherep is the input vectorandx thepredictedvector. h(r)
aretheRBF. ak areunknown vectorsto bedetermined.If the
RBF arestackedinto a singlevectorh(p) andtheunknown
coef�cients ak asrow vectorsinto a matrix A, we have the
formulation:

x(p) = h(p)A (7)

h(p) = [h(kp � p1k) : : :h(kp � pmk)] (8)

A =
h
at

1; : : : ;at
m

i t
(9)

As interpolationpoints,we usem 3D poseexamplesxi
andthe the valuesof the m associatedinput parameterspi
of thecorrespondingkey-image.A hasto besolvedso that
kx(pi) � xik is minimal.Thisminimizationin a leastsquare
senseleadsto thestandardpseudo-inversesolution:

A =
�

HtH
� � 1

HtX (10)

where,

X =
h
xt

1; : : : ;xt
n

i t
(11)

H =
�
h(p1)t ; : : : ;h(pm)t � t

(12)

The�nal formulationis then:

x(p) = h(p)
�

HtH
� � 1

HtX (13)

Note that this canbe re-formulatedexactly asan interpola-
tion of thexi :

x(p) =
m

å
i= 1

wi(p)xi (14)

by extracting the matrix h(p)
�

HtH
� � 1

Ht . In [AM00],
Alexa et al. compressandanimate3D sequencesfrom prin-
cipal components(PC) learnton a fully availablesequence
of 3D data.In our case,PCarelearntfrom imagespaceand
animationof 3D datais controlledby interpolation.

The valueof å m
i= 1 wi(p) shouldstaycloseto 1 to guar-

anteethat a point p in the input spaceis closeenoughto
interpolationpointsandany wi(p) shouldbe closeto [0;1]
so that x(p) stayscloseto the convex hull of the 3D pose
examples.

For thechoiceof h(r), acommonpracticeis to useagaus-
sianfunctionfor its C1 continuityproperties:

h(r) = e� ar2

(15)

The parametera in equation15 needsto be determined.
Statistically, projectionson PC arehomogenouswith stan-
darddeviation. This meansdatawill be spreadapproxima-
tively in every projecteddirection over the sameinterval
[� 1;+ 1] - varying accordingto the natureof distribution.
Assuminginterpolationpoints are well spread,we take a
valueof 2 asaraw estimateof thedistancebetweeninterpo-
lation points.At midpointbetweentwo interpolationpoints,
weexpectanequalin�uence.Thiscanbetranslatedinto the
fact that we want h(r) to be equalto 0:5 whenr = 1. This
leadsto anestimateof a = ln2.

All previous works on example-basedanimationrely on
the user to decide where 3D pose examplesneed to be
provided[LCF00, SIC01,PKC� 03]. In our case,this would
meanselectingkey-imagesamongthousandsof a videose-
quence.Given the numberof key-imagesto provide, we
presentanautomaticcriterionto selecttheseoneswithin the
videosequence.

3. Key-imagesselection

3.1. Criterion for automatic selection

We wantsmoothmappingbetweentheimagespaceandthe
animationspaceaswe basedall our timing control on im-
ages.A small changein the imagespacemust producea
small changein theanimationspace.We noticethat the in-
terpolationschemeon RBF involvesthe inversionof a ma-
trix HtH, build from the interpolationpoints,asit hasbeen
shown in theprevioussection.Consequently, to ensureasta-
ble interpolation,and thus a smoothanimation,we select
key-imagesover thesequencewhich minimizethecondition
numberof thematrix H tH to invert. Theconditionnumber
is evaluatedasthe ratio of the largestsingularvalueof the
matrix to the smallest.Large conditionnumbersindicatea
nearlysingularmatrix.

This criterion is generally applicableto any example-
basedmethod.It canbeusedto selectany numberof input
examples,key-imagesin ourcase,whenthey haveto becho-
senwithin alargesetof data.Thesingularvaluesof H tH are
thesquaredsingularvaluesof H. This matrix measuresthe
respective distancesbetweenthe interpolationpoints.Intu-
itively, the criterionon conditionnumberthusselectsinput
exampleswhichareequallyspreadwithin thedataset.Hav-
ing all the singularvaluesclosedto eachothermeansthey
equallysampleeverydirectionof theinputspace.

In practice,as will be shown in section4 and 5, only
few principal componentsand few 3D poseexamplesare
needed.This allowes us to implementa simple combina-
tory approachfor the conditionnumbercriterion: for each
sequenceof n frames,givenanumberof c principalcompo-
nentsto considerandanumbermof key-imagesto select,we
evaluatetheconditionnumberof all the (n

m) matricesHtH.
TheHtH matrix is squareandits dimensionis m. We keep
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thesetof m key-imageswithin thewholesequenceprovid-
ing the HtH matrix having the smallestconditionnumber.
Keepingonly a few PrincipalComponentsmakesthecom-
putationfast.We testedwith up to 5 PrincipalComponents,
but experimentsshowed that 2 wereenoughaswill be de-
tailedin following sections.

As anexample,for thepredictionof 3 sequencesof ani-
mationfrom syntheticimages,weplot theprojectionsonthe
two �rst componentsasa 2D graphandsearchfor thebest
4 examplesbasedon the condition numbercriterion (next
sectionwill show that2 PCand4 keys is thebestcon�gura-
tion for thepredictionof this speci�c gait). In this casethe
conditionnumbercriterionhastheparticularityto selectex-
amplesat approximatively theextremevariationof the two
�rst PCAprojections(Figure3).
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Figure 3: PC1(t)xPC2(t): PC projectionsacrosstime for
two syntheticsequencesof horse: canterandwalk. Frames
are numbered for onecycle. Circlesare selectedexamples
by theconditionnumbercriterion.

Intuitively, themorekey-imagesaregiven, thebetterthe
interpolationwill be.As any key-imagewill requiretheuser
to providea3D poseexample,acompromisemustbefound.
Thequestionof thenumberof key-imagesneedsto beexam-
inedon a case-to-casebasis.From our experimentson ani-
mal gaits, we observed goodresultswith 4 poseexamples
for the runningcasesand8 poseexamplesfor the walking
cases.

3.2. Resolving2D ambiguitieswith switching models

At this point, our methodpredicts3D motion from silhou-
etteimages.It resultsin a unique3D posefor eachdistinct
input image.In somecaseshowever, two different3D poses
can lead to very similar silhouetteswhenviewed from the
side(Figure4). This is verycommonin motionsthatconsist
in asuccessionof two symmetricphases,suchasquadrupeds
walking. The motion predictedby RBF still providesgood
resultsbut only ononehalf of theperiodof theoriginalgait.

To avoid this problem,it is �rst necessaryto provide two
different3D poseexamplesfor eachof the ambiguoussil-
houetteof thekey-imageandsecondlyto build a methodto
correctlychoosebetweenthesetwo posesduringthegener-
ationof the3D animation.

Figure 4: Two different posescan producesimilar silhou-
ettes.

Wesolve for the�rst problemwith asimplealgorithm:

1. We selectm initial key-imageswith thestandardmethod
andbuild theanimationby associating3D posesto key-
imageand using RBF prediction.If the useracknowl-
edgesissuesaboutposeambiguities,wego to step2.

2. For eachkey-image,weautomaticallysearchfor its clos-
estimagein thePCA spaceandproposeit to theuseras
thealternative posefor this silhouette.We constrainthis
imageto beat least3 framesfurther thantheinitial key-
imageto guaranteethatwearein anotherhalf-cycle.

3. Whenthe uservalidatesthe proposedimageasthe key-
imagecorrespondingto thesamesilhouettebut at a dif-
ferentpose,we askthedesignerto provide theappropri-
ate3D poseexample.

4. We iterateuntil eachof theminitial key-imagesof step1
hasits associatedkey-imagecorrespondingto theoppo-
sitepose.

At theendof thisprocess,wehavedoubledthenumberof
m initial key-imagesandcorresponding3D poseexamples.
Figure5 providesanexamplefor this algorithmwith m= 4
initial key-images.We areablenow to generatea full cycle
of motion.To generateanimation,thesamemethodof pre-
diction from imagesis kept,but insteadof keepingthesame
m3D poseexamples,weswitchbetweenq setsof m3D pose
examplesastimeevolves,takenfrom the2m3D poseexam-
plesselectedby thepreviousalgorithm.We call theseq sets
theswitchingmodels.Thepredictionof animationparame-
tersis extendedasfollows :

x(pt ) =
q

å
k= 1

wsk(st ) (pt ) xsk(st ) (16)

st = switch(pt ;st� 1) (17)

wherest representsa phasestateindex in termof switch-
ing model, xi the 2m pose examples,and wi the model
weightgiventheinputimageandthecurrentphasestate.The
functionswitch(p;s) indicateswhichsetof mposeexamples
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needsto beusedin thepredictionalgorithm.It is a discrete
statevariable,incrementedeachtimewedetectthatwehave
reachedthelast2D silhouettewithin a setof m key-images.
Thechangeof silhouettein key-imagesis easilydetectedby
adistancefunctionin thePCAspace.
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Figure 5: Selectingmore key-imagesto resolveambiguities
in the PCA space. Images 14, 17, 21 and 24 are selected
as initial key-images.In a secondstep,27, 4, 8 and 11 are
selectedas candidatesfor ambiguouspose, basedon their
coordinatesin thePCAspace. First row : frames14,17,21
24; Secondrow : frames27,4, 8, 11.

Switching betweenq = 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
beunstable.Wesolvedthisproblemby introducingoverlaps
betweenintermediatemodels.The useof q = 4 switching
modelsallows smoothtransitions.In practicewe usem= 4
poseexamplesto describehalf of a cycle motion.Thefunc-
tion sk(s) givesthe4 indicesof poseexamplesat4 statepo-
sitionswith 2 overlappingposeexamplesbetweentwo con-
secutivesteps:

s i( j) = s i j (18)

�
s i j

�
=

0

B
B
@

1 2 3 4
3 4 5 6
5 6 7 8
7 8 1 2

1

C
C
A (19)

4. Validation on synthetic images

Wehavevalidatedourmethodby takingasinput imagesthe
renderingof a skeletonhorse3D model. Jointsare repre-
sentedasellipsoids(Figure2). Thechoiceof sucha model

was madeto get rid of any bias that a skinningalgorithm
would introduce.We reportresultsfor threesequences:gal-
lop, canterandwalk. By usingsyntheticimages,wecanstill
testthefull pipelineasdescribedin section2. In addition,we
can comparewith the original animationparameters.This
evaluationgaveusehintsonthenumberof principalcompo-
nentsandexamplesthatshouldbeused.

We have exhaustively evaluatedthe resultsusing an in-
creasingnumberof key-images(startingat two) andan in-
creasingnumberof PC (startingat one).Given the number
of key-imagesto selectfrom thevideo,theconditionnumber
criteriontells whatkey-imagesto select.Thecorresponding
3D poseexamplesare provided by the original animation
sequence.We evaluatethe resultsby computingthe mean
(andstandarddeviation) of the absolutedifferenceover all
the joint anglesfor themainrotationaxes(perpendicularto
theimageplane,36anglesin thecaseof ourmodel)between
originalandpredictedvalues.
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Figure 6: Evaluationfor the gallop and cantersequences.
Each curvecorrespondsto themeanerror with a �xed num-
ber of examples(2 to 5), with respectto thenumberof com-
ponentsusedasinputparameters.

From Figure6, we immediatelyobserve that addingthe
third andfollowing componentsintroducenoise.This sug-
geststhey arecodinginformationnotrelevantto thegait mo-
tion.As for thenumberof keys,asexpected,themoreexam-
plesareprovided,thesmallertheerror. A goodcompromise
ariseson 4. Adding a �fth keys decreasesthe meanerror
lessthana degree.The resultsarecon�rmed on the video
provided with this paper. Two or threeposeexamples,al-
thoughoptimallyselectedby theconditionnumbercriterion,
arenotenough.With four 3D poseexamplesandtwo Princi-
pal Components,we obtaina very goodmatchbetweenthe
originalanimationandthepredictedanimationfrom images.

5. Processinglivevideosequence

We discussnow how to apply our approachon live video
images,sometimesemphasizedby a roughsketchasmen-
tionedin section2. As detailedbelow, strictly focussingon
the �rst two PC andapplyinga band-pass�lter to the PC
trajectoriesalongtime enablesus to achieve asgoodvisual
resultsaswith thesyntheticdata.
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5.1. Restricting to the two �rst PC

In the caseof the syntheticexamples,the �rst two compo-
nentsexhibit consistentlyinterpretablebehavior. For exam-
ple, for the gallop of the horse,The �rst component(PC1)
encodesa variation betweena �ight phase,when noneof
the feet touch the ground,and a groupedphase.The sec-
ondcomponent(PC2)correspondsto anoppositionbetween
a rising phase,whenthe horsejumpsoff the ground,anda
descendingphase,whenthe horsefront feet hit the ground
(Figure7).

mean � eigenimage1 mean mean + eigenimage1

mean � eigenimage2 mean mean + eigenimage2

mean � eigenimage3 mean mean + eigenimage3

Figure 7: Variation encodedby the �r st three eigenvec-
tors for the horse gallop sequence. Middle column is the
meanshape, each row correspondsto the variation along
aneigenvector.

Numericalevaluationonsyntheticimageshavesuggested
thatthetwo �rst PCareoptimalto achieve goodprediction.
Imagesegmentationandsketchingby handwill naturallyin-
troducemorenoisein PC curves,makingPC unstableand
poorly reliable to predict relevant motion. We decidefrom
theseobservationsthattheonly 2 �rst PCshouldbekeptfor
livevideoandsketchedimages.

We con�rm this hypothesison the cheetahsequence
wheresimilar interpretationasthat for thehorsegallop can
bemadeon thetwo �rst principalcomponents(Figure8).

mean � eigenimage1 mean mean + eigenimage1

mean � eigenimage2 mean mean + eigenimage2

mean � eigenimage3 mean mean + eigenimage3

Figure 8: Variation encodedby the �r st threeeigenvectors
for thecheetahsequence.

5.2. Spectrumregularization

On thesyntheticsequence,the time variationof theprojec-
tionson the �rst two componentsshows a shift in phaseof
onefourth of thecycle period,correspondingto analterna-
tion of jump, �ight, landing and grouping legs. This pro-
ducesthecircularpatternshown on Figure3. This con�gu-
ration hasbeenreproducedon every examplesof synthetic
images.Consequently, weadoptthecon�gurationof projec-
tions on PC1andPC2in a circular patternasa characteri-
zationof a videosequenceto beusablewith our method.In
theFourierdomain,this con�gurationcorrespondsto peaks
at thesamelocationfor projectionson PC1andPC2,anda
phasedifferenceof approximatively p

2 .

Live video can thus be diagnosedas not usableby our
methodif it doesnothaveprojectionsonPC1andPC2stay-
ing within acertainbandwiththatweautomaticallyestimate.
The�rst componentencodesmostof thevarianceandis con-
sideredto berepresentative of thefundamentalcyclic varia-
tion. Its spectrumwill thusbecenteredarounda frequency
correspondingto theperiodof thecycle.All ourexperiments
con�rm this hypothesis.From a Fourier Transformwe get
the frequency of maximumamplitude.We �t a peakfunc-
tion centeredon this frequency of theform:

peak( f ) =
1

1+ ( f � f0
fb� f0

)2
(20)

f0 is setat the frequency of maximumamplitudeand fb
is set so that it correspondsto the closestfrequency to f0
having an amplitudeof half of the maximum.We deducta
bandwidthof [� 3( fb � f0);+ 3( fb � f0)], correspondingto
endpointsat10%of themaximumamplitude(Figure9).
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Figure9: Spectrumof the3 �r stPCof thecheetahspectrum.
Thepeakfunctionis �tted to PC1,anda rectangularwindow
is deduced.

Thesecondcomponentis �ltered by thesameband-pass
�lter . What is expectedis that thesecondcomponentshows
a similar peak,creatingthe circular pattern.We can eval-
uate how this hypothesisis respectedby comparinghow
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much the reconstructedsignal after �ltering, matchesthe
original signal. For this, we computethe correlationco-
ef�cient betweenthe original principal componentsignal
and the �ltered principal componentsignal. We have ob-
servedthat for our testsequences,the two �rst components
sharedthesamepeak(r � :6), while the following compo-
nentsdo not (r � :3), seetable below. This provide a nu-
mericalcriterion to evaluateif our methodcanbe success-
fully appliedto a video sequenceaswe have presentedit.

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
tiger run .87 .72 .26 .18 .23

giraffe walk .92 .82 .24 .19 .28

Figure9 shows the resultsin the Fourier domainfor the
cheetahsequencewhichconformsto thecriterion.Whenthe
livevideosequencefailsto conformto thiscriterion,wesug-
gestusingthe sketchapproach.If the sketchapproachstill
fails to meetthecriterion,wediagnosethatourmethodcan-
notwork on theanalyzedvideo.

5.3. Results

We show in the video provided with the paperresultsfor
a cheetahrun, an antilope walk (both automaticallyseg-
mented)anda tiger run anda giraffe walk whereautomatic
segmentationfailsbut sketchimagessucceed.

Figure10 shows theevolution of theweightsof the four
3D poseexamplesfor thecheetahsequence.Wehaveanex-
act interpolationat theseposeexamples.For the restof the
sequence,we observe a correctgeneralization,thein�uence
of eachposeexampleappearsat a right pacein a coherent
order. Notethatthesumof weightsstayscloseto one,guar-
anteeingthattheinput parametersarealwayscloseto anin-
terpolationpoint.Theweightsaresometimesoutsideof the
rangeof [0;1] as they arenot constrainedin the RBF for-
mulation.This lets the resultingposeleave the convex hull
of theposeexamples.This �e xibility allows someextrapo-
lation in 3D spaceintroducedby imagevariationsalongthe
sequence.A controlcouldbeeasilyaddedto maintainthese
weightswithin a saferangein orderto avoid thegeneration
of strangepose,toofaroutsideof theconvex hull of thepose
examples.

Finally, Figure 11 gathersthe �nal results about key-
imagesselection.It shows the automaticallyselectedkey-
imagesand the associated3D poseprovided by the artist.
The full video of all the testedsequencesaregiven in the
demomovie �le.
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Figure10: Evolutionof theweightsof the4 examplesfor the
cheetahsequence. Thedashedline is thesumof weights.

6. Conclusion

Whentraditionalmotioncaptureof non-cooperativesubjects
suchaswild animalsis not feasible,live video footagecan
still provide signi�cant informationon motion. This paper
hasproposednovel and robust tools to analyzevideo data
andmake it applicableto thegenerationof 3D motion.We
rely on PrincipalComponentAnalysisto extractparameters
from binaryversionof theinput images.As our resultshow,
a smallnumberof parametersis suf�cient for cyclic animal
gaits:usingthetwoprincipalcomponentsalreadygivesgood
results.We provide a criterion for selectingthe bestsetof
key-imagesfrom the video. In our application,the selected
posescaneasilybe interpretedin termsof extremalimages
in the2D PrincipalComponentspace.

Our work shows that Principal ComponentAnalysis
(PCA) canbeappliedontoa sequenceof 2D imagesto con-
trol 3D motion.PCAonimageshelpsto giveaquanti�cation
of thesigni�cant changesin theappearanceof thevideo.The
RBF interpolationof poseexamplesaimsat transposingthe
paceof videochangesinto theanimationdomain.Theauto-
matic selectionof exampleshelpsto focusthe effort of the
designeron themostimportantkey-frames.

As afuturework,weareplaningto explorenonuniformly
cyclic motion suchas transitionbetweengaits and the ad-
dition of physically-basedconstraintsto animatenon-cyclic
part of the motion.We arealsostudyinghow to re-useex-
isting PCA basisand its 3D associatedposesto automati-
cally analyzeanew videosequencethanksto morphological
adaptationin theimagespace.
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