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Abstract

3-D shaperecovery of non-rigid surfacesfrom 3-D
to 2-D correspondenceis an underconstained problem
that requires prior knowled@ of the possible deforma-
tions. State-of-the-arsolutionsinvolve enfoicing smooth-
nessconstaints that limit their applicability and prevent
therecoveryof sharplyfolding and creasingsurfaces.

Here, we proposea methodthat doesnot require such
smoothnessonstaints. Instead,we representsurfacesas
triangulated meshesand, assumingthe posein the r st
frameto be known,disallow large changes of edge orien-
tation betweerconsecutivérameswhich is a geneally ap-
plicable constaint whentracking surfacesin a 25 frames-
persecondvideosequenceWe will showthattradking un-
der theseconstaints can be formulatedasa SecondOrder
ConeProgrammingfeasibility problem. Thisyieldsa con-
vex optimizationproblemwith stable solutionsfor a wide
range of surfaceswith verydifferentphysicalproperties.

1. Intr oduction

Usingpointcorrespondencéds recoverthe3-D shapeof
deformablesurfacedrom asinglevideois aseverelyunder
constrainedproblem: Surfaceswith very differentshapes
canlook very similar underperspectie projection.

This problemhasbeenaddressedy introducinga priori
shapemodels. Structurefrom motion techniqueq18, 10,
22] andphysics-basedthodels[13, 14, 3, 5, 12] have been
proposedo retrieve thedeformationf non-rigidsurfaces.
However, theseapproachegypically incorporateregular
ization termsor male linearity assumptionghat constrain
the surfaceto deform smoothly Machinelearningmeth-
ods[2, 15, 11] presentan attractie alternatve, but most
of themassumea linear mappingfrom a low-dimensional
manifold to the high-dimensionabtlataspace which again
imposessmoothnesgonstraintsand is not always accu-
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Figure 1. Reconstructindighly deformablesurfacesfrom single
video sequences.Becausdt doesnot imposesmoothnesgon-
straints,our algorithmcanusethe sameparameterso handlesur
faceswith very different physical properties. (a) Smoothlyde-
forming paper (b) Paperwith two well markedcreases(c) Plastic
bag. (d) Pieceof cloth.

rate.Non-lineardimensionalityreductiontechniquesvould
avoid such problems,however they require training data
which oftenis notavailable.
Existingtechniquesirethereforenotadaptedo track3—
D surfacessuchasthoseof Fig. 1 thatcanfold or produce
sharpcreasest unpredictabldocations. In this paper we
follow work onrigid objects[6, 8, 16] andshow thatrecov-
ering 3—-D surface shapefrom point correspondencesan
also be describedas a SecondOrder Cone Programming
(SOCP)problem. This yields a corvex formulationwith a
unigueminimumandletsushandlehighly-deformablesur
faceswithoutaddingunwarrantedsmoothnessonstraints.
The centralelementof our approachis rst to formulate
the constraintamposedby the correspondenceas SOCP
constraintsand secondto introduceappropriateadditional
constraintghatforce the solutionof the SOCPproblemto



be physically plausible. In practice,we simply disallow

overly large edgeorientationchangesrom one frame to

the next and excessie edgestretching. This is generally
applicablewhentrackingin a 25 frames-peisecondvideo
sequencelt hasthereforeprovedeffective at handlingsur

facesasdifferentasthe smoothlydeformingpieceof paper
thesamepiecepapermwith sharpcrease it, andthemuch
more e xible plasticbagandpiececloth of Fig. 1.

2. Related Work

3-D shaperecovery from a monocularvideo sequence
is anunderconstrainedroblem. Thus,overtheyears,peo-
ple have proposednary approacheto introducinga priori
knowledge and resolving the ambiguities,most of which
male very strongandrestrictve assumptionsiboutthe ob-
jectof interest.

In thissectionwebrie y review thesemethodsWethen
discussthe SecondOrder Cone Programmingframework
thathasrecentlybeenintroducedn our eld toimprovethe
solvability of a numberof classicalproblemsandsenesas
thebasisfor our own approach.

2.1 Deformable ShapeRecorery

Structurefrom motionmethodghatrely on trackedfea-
ture points have provedto be effective. However, model-
ing deformationsasa linear combinationof constanthasis
vectors[10, 18] greatlyoversimpli es the generabehaior
of a surface. Furthermoredescribingthe problemas sev-
eralrigid objectsmoving with respecto oneanothef22] is
not adaptedo modelthe deformationof materialssuchas
clothor thin plasticsheets.

Similarly, physics-basedhodelshave beena very pop-
ular way to introducea priori knowledge. The original 2—
D modelswere rst appliedto shaperecovery [7]. They
have beenusedfor 2—-D surfaceregistration[1] andwere
rapidly extendedto various3-D formulations[3, 13, 12].
To reducethe dimensionalityof the models, linearity as-
sumptionshave also been made through modal analy-
sis[14, 3, 5]. Eventhoughthe physics-basedpproachtas
beenextremely successfuljt implies someknowledge of
the pseudo-physicapropertiesof the surface,which may
not be available. Furthermorethe complexity of modeling
atrue nonlinearbehaior tendsto restrictthesemethodgo
caseswherenonlinearitiesare small. In fact, modelinga
truenonlineabehaior is acomple tasksubjectto corver-
genceinstabilitieswell-known in the mechanicakngineer
ing community

Thecompleity of modellingthetruephysicalproperties
of surfaceshasmadestatisticallearningtechniquesattrac-
tive. Trainingdatais usedto build a deformationmodelto
applyto new data.However, mostexisting techniqueson-
siderthe sub-spacale ned by the training datato be lin-

ear[4, 11, 2, 15], whichis arestrictve assumptionNonlin-
earlearninghasbeendemonstratefor humanbody track-
ing [19] butinvolvesa complex objective functionthatmay
bedif cult to optimize.

Anotherapproacho disambiguatinghe surfacerecor-
ery problemis to usericher sourcesof information. For
example,it wasrecentlyshavn thattextureandshadingn-
formationcouldbe combinedto retrieve the shapeof a de-
formablesurface[21]. However, very strongassumptions
on the lighting ervironmentmustbe made,and therefore
themethodlacksgenerality

2.2 Convex Optimization

It wasrecentlyshavn thatseseralcomputervision prob-
lemssuchastriangulation cameraesectioninggndhomog-
raphyestimationcanbe formulatedas SecondOrderCone
Programmingdeasibility problemg[6, 8]. Thesearepartic-
ulartypesof corvex optimizationproblemswhereno func-
tion is minimized. Instead,one looks for a vector X that
satis esthem constraints

KAiX + biky ("X +d);fori=1:m: (1)
Suchproblemscan be solved very effectively using avail-
ablepackagesuchasSeDuMi[17]. Thedrawvbackof these
initial formulationsis their sensitvity to outliers,but a so-
lution to this weaknessvasproposedn [16].

However, suchformulationhasonly beendemonstrated
for rigid objects. Here,we extendtheseapproacheso de-
formable3-D surfaces.

3. SOCPfor Non-Rigid Meshes

In this section,we show thatrecoveringthe 3—D shape
of a deformablesurfacefrom a singlevideo sequencean
beformulatedasan SOCPproblem,asdescribedy Eq. 1.

Thesurfaceis representedsa triangulatedneshwhose
verticespositionswe wantto retrieve in eachframe of the
sequence.We automaticallyestablish3—D to 2-D corre-
spondencebetweenthe rst frame, wherethe 3-D pose
is assumedo be known, and the othersby rst tracking
the surfacein 2-D usingnormalizedcross-correlationWe
thencomputecorrespondencdsy picking randomsamples
in eachfacetandlooking in eachframein an arealimited
by the 2-D tracking resultfor 2—D points matchingtheir
projectionsin the rst frame. To this endwe usestandard
cross-correlationwhich givesus a setof potentially noisy
3-Dto 2-D correspondencdsetweersurfacepointsx; and
imagepoints(0;; %), whichwewill useto estimatehe3-D
coordinate®f themeshverticesat eachtimet asdescribed
below. We alsoassumehatthe camergprojectionmatrix P
is known andremainsconstant.This doesnot meanthatthe
cameracannotmove, but thatwe canonly recoverarelative
motionof the surfacewith respecto it.



3.1 Correspondencesas SOCP Constraints

Let x; bethe 3-D coordinate®f a surfacepointthatwe
expressn termsof its barycentriccoordinate®f thefacetj
insidewhichit liesas

Xi = &Vj;1 + bvj2 + Gvj3; 2
wherevj;, is the k™ vertex of facetj. The projectionof

hi = (x;T 1)T giventhecamergrojectionmatrix P is
!

. Plh’
U| = P3h| .
Vi - ch, !
! Psh;

wherePy refersto the k™ row of the projection matrix.
We de ne the reprojectionerror with respectto animage
measuremer(; %)" as

Plhi __chi L — k(P1 OiP3)hi;(P2 O'iP3)hi|(_
kPahi OI’Pahi ik = Psh; '
(3)

Ideally, we would wantthe reprojectionerrorto be zero
forall x;j ; 1 i m for which we have found a cor-

responding((; ¢;) imagepoint. In practice,dueto noise,
thisis never possible.Thereforeasin [6], we introducean
additionalvariable andwrite our problemas

mi/n subject to 0and

k(P1 ing)hi;(Pz Oin)hik Pghi ) (4)

fori=1;:;m

whereV istheconcatenatioof thethreecoordinate®f all

themeshvertices.Intuitively, representtheradiusonthe
imageplaneof the conecenteredn the cameraandwhose
axisgoesthroughtheimagemeasurement.

Fora x edvalueof , because¢hex; of Eg.2 andthere-
forealsotheh; arelinearcombination®f thevertex coordi-
natesfEq.4 de nesanSOCPproblemof theform described
by Eg. 1. We canthen nd theminimal usinga bisection
algorithmat eachstepof which we solve the corresponding
SOCPfeasibility problem.

Notethatthefactthatthe3—D pointsareonthesurfaceof
the meshplaysa critical role. Without this constraint they
could move independentlyfrom eachother Since noth-
ing would then prevent them to matchtheir 2—-D projec-
tion within a zero-radiusone this would resultin a perfect
but meaninglessolution.However, forcingthemto remain
onthesurfaceof thedeformablemeshavoidsthatproblem,
sincethe barycentriccoordinateshatde ne the 3—D points
imposea naturalcoherencdetweerthem.

A commoncriticism of SOCPformulationsof thecorre-
spondenceroblemis thatthey arevery sensitve to outliers.
Indeedtheminimal will take the valuethatis a function
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Figure 2. Reconstructinga pieceof paperusing only the corre-
spondencesonstraint®f Section3.1but notthedeformationcon-
straintsof Section3.2. (a) Thereprojectionof the meshis correct.
(b) However, the3—D shapeasseerfrom asideview is completely
wrongbecausé¢he depthambiguitiesarenot properlyresohed.

of the worst correspondencehereforeallowing the repro-
jectionerror of correctmatchego beworsethanit should.
However, Sim et al. [16] proposedh methodto remove the
outliersandgetthe correctposeof arigid objectusingan
SOCPapproachThey shovedthat,atthe endof the bisec-
tion algorithm,the setof matchesvhosereprojectionerror
equalstheminimal containsoutliers. Therefore remov-

ing thesepoints and re-optimizingin the samemanneras
beforeyields a betterpose. In our implementationye ap-
ply the sameideaanditeratethe bisectionalgorithmwith

the correspondencesaving a reprojectionerror lessthan
thepreviousminimal , until we reacha maximalreprojec-
tion errorof 2 pixels. In practice this only impliesrunning
thebisectionalgorithmat most5 times.

3.2 Additional Constraints

In general,solving the minimization problemof Eq. 4
withoutadditionalconstraintyieldsa surfacewhosepoints
projectat the right placebut whoseoverall shapemay nev-
erthelesdbewrong,asshavn in Fig. 2. Theglobal scaleof
the surfacecanvary without affecting the reprojectioner-
ror, and, more damagingly given noisy data, the depthof
theverticesis hardto preciselyestimatebecausenary dif-
ferentshapesanyield very similar projections.

Penaltyfunctionshave often beenusedto addresshis
problem. They are usually designecdeitherto preventthe
meshfrom folding sharplyor to stopit from expandingor
shrinking. Theformerresultsin alossof generalityassur
faceghatcreasecannotbe modeledoroperly while thelat-
ter typically involvesa non-comwvex termto forcethe edges
of the meshto retain their original length. Here, we in-
troducea wealer andmore genericconstraintthat ts into
our SOCPframework: As shown in Fig. 3, we avoid the
orientationof the edgedo changadrrationally betweertwo
consecutie frames. In the meantime our constraintsalso
ensurethatan edgewill not stretchor compresgoo much,
thuspartially solving the global scaleambiguity Indepen-
dentlyof thesurfacescurvature thisis generallyapplicable
whentrackingit in a25frames-petsecondrzideosequence.
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Figure 3. We predictthat the orientationof the edgebetweenv;
andv; attimet+ 1 will bethesameasattimet. Wethenconstrain
thedistancenetweervertexv;* * andits predictionv| * * to beless
thansomespeci edvalue.

Furthermoreijt canbe expressedasa corvex constraintas
follows.

Let us assumehat we know the shapeof the meshat
time t andlet us consideran edgelinking verticesv! and
v} in this con guration. Assumingthat the orientationof

this edgewill besimilarattimet + 1, if the positionvit+ !
of vertexi atthattime wereknown, we couldpredictthatof

vertex j to becloseto

vl oyt

t+1 _ |, t+1 . ) | .
v =V "+ Ljj kvt vik (5)
J

whereL; is theoriginallengthof theedge.In practicewe
donotknow vi** butwe canneverthelessequirethat

kvjt+1 v]f(+1k

L s (6)

Where\fj?+ ! isde nedin Eq.5. Thisconstraintts perfectly
within our SOCPframewnork andwe canaddonefor each
edgeto thoseof Eq.4. Notethattheseadditionalconstraints
allow the meshto expand or shrink, but only within an

amountcontrolledby thevalueof . Givenameshthatsat-

is es the SOCPconstraintswe handlethe remainingscale
ambiguity by rescalingit sothatits arearemainsthe same
asin the initial position. As will be shavn in Section4,

this resultsin a systemthatis now sufciently constrained
to yield goodresults.

4. Experimental Results

In the previous section,we shaved how corvex opti-
mization can be appliedto the problemof recovering the
3-D shapeof a surfacefrom a singlevideo sequenceWe
presentedtonstraintsthat do not preventthe surfacefrom
folding sharply Our methodrelieson 3-D to 2-D corre-
spondenceandonly requiresthe posein the rst frameof
the sequencéo be known. This might be seenasa limita-
tion, however automatednitialization of deformablesur
facesfrom single imagesis a severely underconstrained
problemthat requiresmuch strongerdeformationmodels
thanours. Suchmodelscouldbelearnedrom trainingdata
if it were available, which is rarely the case. Sinceour

methodmalkes few assumptionsn the physical behaior
of thesurface,it is idealto acquiresuchdata.

We rst validateour approactusingsyntheticdata. We
then use ordinary videosto demonstratehat it produces
goodresultsfor very differentkinds of materials.In all our
experimentspothfor syntheticandrealdata,the valueof
in Eq. 6 wassetto 0.1, independentlyf the propertiesof
the surfaceandof its deformations.

4.1 Synthetic Data

As a rst experimentwe syntheticallydeformecdthe 88-
vertex meshshawvn in Fig. 4 by applying forcesto ran-
domly choserverticesandstronglypenalizingstretchingof
its edges.This produceda sequencef 50 differentshapes,
from whichwe could obtaincorrespondencdsy projecting
3-D points de ned by their randomly chosenbarycentric
coordinatesisinga perspectie projectionmatrix. We then
addedgaussiamoisewith meanzeroandvarianceoneand
two to theirimagelocations. Fig. 4 shows the reconstruc-
tion resultsfor variancetwo from a different perspectie.
Thedifferencesrevery smalleventhoughthesurfacefolds
very sharplyin someframes. The largesterrorsarein the
depthdirection, ascould be expectedsincemotionin that
directionis hardto measureusing point correspondences.
The deformationconstraintof Section3.2 resolve mostof
theresultingambiguitiesbut still leave someuncertainty

To comparethe performanceof SOCPagainstanother
powerful optimization technique,we reimplementedour
tracking algorithm using CFSQP[9], which provides C
functionsto solve constrainedminimization problemsus-
ing SequentiaQuadraticProgramming. We reformulated
our problemasthe minimizationof the sumof squarede-
projectionerrorsunderthe deformationconstraintof Sec-
tion 3.2. Thetop row of Fig. 5 shavs the medianvertex-
to-ground-truth-sudce distancedor noisevariancesl and
2 for eachone of the framesin the syntheticsequence.
The distancesare of the order of 0.1cm for a mesh of
sizel0Ocm 7cm. Boththe SOCPandCFSQPimplementa-
tions producedroughly comparableerrors. However, even
thoughSOCPwascodedin Matlab whereasCFSQPwas
codedin C, SOCPwasabouts0timesfastethanCFSQPt
took only 15 minutesagainstL2 hoursto procesghewhole
sequencenthesame3.0GHzPC.Thesecondow of Fig.5
shavs the medianreprojectionerrorsover the correspon-
dences.CFSQPyields slightly higheraccurag, but the er
rorsstill remainunderonepixel for SOCP This canbe ex-
plainedby thefactthat SOCPdoesnot minimizetherepro-
jectionerrors,but nds asolutionsuchthattheseerrorsare
smallerthanagivenvalue.

SinceCFSQPcanhandlenon-corvex constraintsye re-
placedthe deformationconstraintsof Section3.2 by con-
straintsthat prevent the meshedgesfrom changingtheir
length. In theory this shouldbe more appropriatewhen



Figure4. Reconstructingn88-vertex meshwith sharpfolds usingperfectcorrespondencahatwerecorruptedusingzero-mearGaussian
noisewith variancetwo. The shapeof the reconstructednesh(blue) correspondsery closelyto the original one(red). The meshesare
seenfrom a differentperspectie thanthe oneusedto retrieve the shapesn orderto highlightthedifferences.

=1 =2

Figure5. We comparethe resultsof our SOCPformulation(solid

red)againstthoseobtainedusing CFSQPRa constrainedonlinear
least-squaresninimization(dashedlue) for the 50 framesof the
syntheticsequencef Fig. 4, for noisevariance = 1 and2. In

thetop row, we shav the distancebetweerthe original meshand
its reconstruction. Both methodsgive similar resultsbut SOCP
is about50 timesfaster In the secondrow, we give the median
reprojectiorerrors.For bothmethodsthey arelessthanonepixel,

even though CFSQPperformsslightly better Recall, howvever,

that SOCPdoesnot preciselyminimzethereprojectionerrors,but

enforceghereprojectiongo lie in aconeof agivenradius.

tracking inextensible surfaces. In practice, as shavn in

Fig. 6, eventhoughCFSQPperformsbetterin someframes,
it is lessstablethan SOCP This is particularly visible to-

wardsthe end of the sequence.In someframes,CFSQP
failed to corverge even after 2000 iterations, which ex-

plainswhy it is even slower thanbeforeandhighlightsthe
compleity of theproblemwhennon-comvex constraintare
used.

Finally, in Fig. 7, we shav the in uence of the num-
berof correspondences the quality of our reconstruction
in the caseof a variance2 gaussiamoise. We decreased
the numberof correspondencdsa eachfacetfrom 10to 1
andtrackedthe surfacethroughouthe 50 framesof the se-
guence.For eachframe,we computedthe medianvertex-
to-ground-truthdistanceandmedianreprojectiorerror. For

=1 =2
Figure 6. Introducingnon-cowex inextensibility constraints for
noisevariance = 1 and2. SinceCFSQPcanhandlesuchcon-
straints,we introducetheminto our CFSQPformulationand, as
in Fig. 5, comparetheresults(in blue) againsthoseof SOCP(in
red). In additionto being much slowver, CFSQPgives unstable
resultsandfails to convergein someframesafter2000iterations.

Figure7.In uence of thenumberof correspondences eachfacet
onthereconstructiorfor noisevariance = 2. We decreasethe
numberof correspondenceger facetfrom 10 to 1, and display
the median(red line) and maximum(blue crossesyaluesof the
sameerrorsasin Fig. 5. We shaw the 3—-D distanceerrorsin the
left image,andthereprojectionerrorsin theright one. Note that
the 3-D vertex-to-surfice distanceis little affectedby the corre-
spondenceswhereasthe reprojectionerror decreasen a more
noticeablenanner

eachnumberof correspondencegser facet,we display on

the left image, the medianand maximumvaluesof such
3-D distancesover the sequenceand on the right image,
the medianand maximumvaluesof suchreprojectioner-

rorsoverthesequenceThenumberof correspondencédsas
little in uence on the 3—D distancessincethe verticescan
slide along the true surface without changingthesemea-
sures. The reprojectionerrorsare more strongly affected,
but notethat, from 4 correspondencegser facet,they drop
belov onepixel. Of course this still assumest leastone
correspondenci eachfacet. With sucha weakdeforma-



Figure8. Reconstructinga deformingsheetof paperfrom a 116 framesvideo. The meshis reprojectedn theimagein the top row and
seerfrom adifferentperspectie in thebottomone. Eventhoughno smoothnessonstraintvasenforcedthealgorithmcorrectlyrecovered

smoothdeformations.

tion model,if somefacetsdid not containary, the recon-
structionwould inevitably degrade. This would especially
bethe casefor facetson the boundaryof the surface,since
their verticesare constrainedy fewer neighborsthanthe
onesin themiddle.

4.2 Real Data

We now shaw reconstructiorresultsof real deformable
surfacesmadeof paper cloth, and plastic. The video se-
guencesvereacquiredvith anordinarydigital cameraDue
to their very different physicalpropertiesthe behaior of
thesurfacesangedrom smoothdeformationdor thepaper
to sharpfolds andcreasedor the cloth andplastic. How-
ever, no parametetuningwasnecessaryo obtainthesere-
sultswith our algorithm. Videosof all the examplesof the
sectionaresubmittedassupplementarynaterial.

SmoothDeformations Asa rst experimentonrealdata,
we considered sheetof paperthatwe modeledasan 88-
vertex mesh. Fig. 8 shaws thatwe canretrieve the correct
shapeof a surfacethatdeformssmoothly eventhoughour
formulationinvolvesno explicit penaltytermon the curva-
tureof thereconstructedurface.

Sharper Folds Becausewe do not penalizecurvature,
nothingstopsour methodfrom recoveringthecorrectshape
in thepresencef folds andcreasesasdemonstrately the

reconstructiorof the pre-foldedsheetof paperof Fig. 9,

the plasticbagof Figs.10and11, andthe pieceof cloth of

Figs.12and13. All theseexampleswould createproblems
for approacheto surfacereconstructiorthatimposestrong
smoothnessonstraints.

5. Conclusion

In this paper we have presentedin approacho retriev-
ing the shapeof a deformablesurfacefrom a singlevideo
using cornvex optimizationin the form of SecondOrder
ConeProgramming.To this end,we have formulatedboth
theconstraintsmposecdby the3-Dto 2—D correspondences
andthe additionalshapeconstraintsequiredto handlethe

depthambiguitiesas SOCPconstraints. Theseshapecon-

straintsrestrictthe motion from one frameto the next but

do not imposeunwarrantedsurfacesmoothness.This lets

us recover sharpfolds and creaseshat would createprob-
lemsfor moststandardechniquesandyields muchfaster
corvergencethan constrainednonlinearleast-squarepti-

mizationfor quantitatvely equivalentresults.

In future work, we intendto show thata wider array of
constraintanalsobe expressedn a corvex optimization
frameawvork suchasSOCPor the moregeneralSemide nite
Programmingsothatadditionalsourcef imageinforma-
tion canbeexploited. We will thereforeexploreapproaches
to reparameterizinghe reconstructiorproblemin termsof
variablesthat resultin corvex formulationsof constraints
thatinitially werenot, aswasdonein [20] in the context of
imagemanifoldlearningunderlocalisometryassumptions.
We further intendto build strongerdeformationmodelsof
lower dimensionalityby learningthemfrom training data.
Sincesuchdatais rarelyavailable,we seethe proposedap-
proachasa practicalsolutionto the problemof genericdata
acquisition.
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Figure 11. Recavering more complex deformationsof the plasticbag. The rst two rows depictthe reprojectionof the meshinto the
originalimagesandthe meshseernfrom a differentperspectie asbefore.In thethird row, we overlaythe meancurvatureof therecovered
surfaceontheimages.Thehigh curvatureareasshavn in red,correspondo theactualcreaseshatcanbeseenin thetop row. In thefourth
row, we overlaythelevel-linesof constantz ontheimages.We recommend/iewing thelasttwo rowsin color asthey mightbedif cult to

interpreton a greyscaleprintedcopy.

Figurel2. Recweringthe deformationof a pieceof cloth with severalfolds.

Figure13. Anotherexampleof a differentdeformationof thatsameclothin a 61 framessequence.



