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Abstract
In this paperwepresentan image-basedalgorithmfor surfacereconstructionof moving garmentfrommultiple
calibratedvideocameras.Usinga color-codedcloth texture, wereliablymatch circular featuresbetweendifferent
camera views.Assurfacemodelweusean a priori knowntriangle mesh. By identifyingthemeshverticeswith
texture elementswe obtain a consistentparameterizationof the surfaceover time without further processing.
Missingdatapointsresultingfromself-shadowingareplausiblyinterpolatedbyminimizinga thin-platefunctional.
Thedeforminggeometrycan be usedfor different graphicsapplications,e.g. for realistic retexturing. We show
resultsfor realgarmentsdemonstrating theaccuracyof therecovered�exibleshape.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.4.1 [ImageProcessingandComputerVision]: Dig-
itizationandImageCaptureI.3.7 [ComputerGraphics]:Animation

1. Intr oduction

Correctrealisticsimulationandvisualizationof textiles has
beenat the focus of many research�elds such as math-
ematics,physics, materialsscience,and computergraph-
ics. A wide areaof applicationsrangingfrom virtual actors
for the �lm industry to virtual prototypingof cloth design
hasmadethis research�eld especiallyattractive.Physically
basedapproachesaim at modelingthe behavior of textiles
basedon physical modelsof textile dynamics.The meth-
odsusedvary from linear elasticto nonlinearvisco-elastic
approaches.Much researchis concentratingon �nding the
right model to capturethe physical behavior andrepresent
it [CK02, EKS03,BMF03, MTCK � 04]. Sincethe work of
Baraff andWitkin [BW98], implicit numericaltime integra-
tion hasprovedto bea powerful numericalmethodto solve
the stiff ordinary differential equationsthat arise in cloth
simulations.

The obtained results have to be rendered photo-
realistically (Figure 1) to obtain a good look and feel of
the simulatedresult. Here, researchaims at modeling the
visualbehavior of cloth to enhancethe realisticimpression
of the animation([SSK03,MMS� 04]). Nowadays,current
cloth simulationengineshave becomepowerful enoughto
be usedin quality demandingapplicationsrelevant to tex-
tile industries.Despitetheseefforts theknown methodsare
still far from generatingrealisticdetailedanimationsin real-
time. In order to achieve real time simulationsmany sim-

pli�cations, heuristics,and precalculationhave to be done
which producephysically reasonableresultsbut the calcu-
latedmovementsstill donot look naturallyandlack thecor-
rectphysicalbehavior ([VMT01]).

An alternative to physical simulationis motion capture.
Correctphysicsis notanissuein thiscase.Ratherthanusing
complex modelsfor the humanbody and the garment,the
motionis measureddirectlyexcludingnumericalor physical
inaccuracies.To closethe gap betweenmodel and experi-
ment,anautomaticmeasurementtechniqueis needed.Much
researchhasbeendevotedto skeletalandfacialmotioncap-
ture,but clothcapturestill remainsanopenproblem.

This paperis organizedasfollows. In Section2 we men-
tion relatedwork regardingtheacquisitionof non-rigidsur-
faces.Section3 explains the processof garmentproduc-
tion. We thenmove on to describeour methodfor shapere-
constructionin Section4. Section5 explainsour rendering
methodandSection6 presentstheobtainedresults.Finally,
we summarizeour �ndings in Section7 andconcludewith
anoutlookon futurework.

2. Relatedwork

The problem of capturingnon-rigid motion has beenad-
dressedby a numberof researchers.Carceroniand Kutu-
lakos [CK01] obtain shape,re�ectanceand non-rigid mo-
tion of a dynamic 3D sceneby an algorithm called sur-
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Figure 1: Simulationandvisualizationof virtual cloth with
measured physicaldata on a captured person (taken from
[MMS� 04]).

fel sampling.Experimentalresultsfor complex real scenes
(a waving �ag, skin, shiny objects)areshown. The recon-
structedsurfelsarequitelargewhichgivesacoarsesampling
of the surface.A �o w-basedtracking methodwhich does
not requireprior shapemodelsis describedin [TYAB01].
The methodproduces3D reconstructionsfrom single-view
videoby exploiting rankconstraintsonoptical�o w. Results
for a shoeand a T-shirt tracking sequenceare shown. An
optical �o w methodfor the multi-view caseis described
in [SM04] wereoptical �o w trackingis combinedwith sil-
houettematching.Bhatetal. [BTH � 03] estimatetheparam-
etersfor a cloth simulationby adjustingthe simulationre-
sultsto real world footage.This is an elegant way to avoid
parametertuningby hand.Resultsfor fabricswith different
materialpropertiesare shown. By reducingnon-rigid mo-
tion to several materialparameters,this methodis suitable
mainly for qualitative reproduction.PritchardandHeidrich
[PH03] useanimage-basedapproachto cloth motion.They
usea calibratedstereocamerapair and obtain the surface
parameterizationby usingSIFT featurematchinganda re-
gion growing technique.Motion blur causedby fastmotion
reducestheaccuracy of thematching.

LobayandForsyth[LF04] show that shape-from-texture
techniquescanbeappliedtoclothreconstruction.Theresults
arebasedonstill imagesandasurfacemodelwith irradiance
mapsis reconstructed.Their shapefrom texture approach
derivessurfacenormalsfrom theshapeof theindividual tex-
ture elementswhich requiresa regular texture pattern.The
resultslook smoothbut lackdetail.Ebertetal. [AED03] use
color-codedcloth textures for retexturing virtual clothing.

Togetherwith rangescansof the garmenta parameteriza-
tion of the meshis obtained.The authorsusea color code
which hasa limited sizeof codewordsso that thepatternis
repeatedoverthewholefabric.In thismethodthecolorcode
is only usedfor theparameterizationof thesurface.

The work by Guskov et al. [GKB03] is closestto our
work. They usecolor-codedquadmarkers for the acquisi-
tion of non-rigidsurfaces.Resultsfor differentsurfacetypes,
including a T-shirt arepresented.The usedcolor codehas
alsoa limited sizeof codewordsso that a trackingmethod
basedon Markov random�elds is employed. The system
achievesreal-timeperformance.Trackingperformancedete-
rioratesfor fastmotionandthequadshave to bequite large
which limits surfaceresolution.In contrast,ourmethoduses
a color codewith morecodewordsandcancopewith fast
motion. It makes useof the a priori knowledgeof surface
connectivity and the color-codedpattern.In our work we
presentthe�rst resultsfor complex motionof realgarments.

3. Preliminary work

Our approachrequiresa costum-printedcloth pattern.We
describeits productionin the following. Additionally, a tri-
anglemeshfor the garmentis constructedas input for the
acquisitionalgorithm.

3.1. Color-codedpatterns

Color codesare well-known in the context of structured
light reconstructiontechniques[ZCS02]. In [PSGM03], a
goodoverview of projectionpatternsincludingcolor codes
is given.For two-dimensionalcloth textureswe needa pat-
tern which encodesboth axes. On the one hand,the pat-
tern should be large enoughfor manufacturing garments.
On the otherhand,eachpoint in the patternmustbe iden-
ti�able and thus have a different codeword. We have cho-
senM-arrays[MOC� 98], a color codewhich encodeseach
point in the patternby its spatialneighborhood(Figure2).
In this code,each3� 3 neighborhoodof a point is unique
andcanbeusedfor point identi�cation. Thenumberof pos-
sible codewordsdependson the numberof colorsc and is
given by c9 (1.9 million for c = 5). By choosing� ve well
distinguishablecolorsweareableto constructapatternwith
a reasonablesizefor textile printing (76� 251 points).For
pseudo-randomcodegenerationweadoptanincrementalal-
gorithm describedin [MOC� 98]. It begins by seedingthe
top-left 3 � 3 window of the patternmatrix with a random
color assignmentand �lls up the matrix by incrementally
addingrandomcolors.In eachstep,thewindow propertyis
veri�ed. In ourcase,thewindowsmayberotatedin thecam-
era images.In order to make point identi�cation invariant
to rotationsin the imageplane,all windows arealsoveri-
�ed againstrotatedversionsin 45degreesteps.This reduces
the numberof possiblecodewordsbut still allows patterns
of reasonablesize.The outputof the algorithmis a pattern
matrixM with entriesfor the� vecolors.
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Thegeneratedcolor patternis printedon polyesterfabric
with a high-quality textile inkjet printer. The grid spacing
betweendotsis 2 cm with diametermeasuring1.3 cm. The
two garments,askirt andaT-shirtaremanufacturedby atai-
lor. Duringthisprocess,wetakephotographsof thegarment
paneloutlinesfor trianglemeshconstruction(Figure3).

3.2. Meshconstruction

Basedon the photographsof the panels,we designthe vir-
tual garmentcounterparts.To this endwe usethecloth sim-
ulationplugin tcClothfor Alias' Mayasoftware[GMP� 04].
With thistool weconstructthecorrespondingmeshesfor the
garment.First,wedraw thebordercurvesof eachpatternus-
ing Nurbscurves.Thesecurvesareassembledto cloth pat-
ternsfrom which singletrianglemeshesareconstructedfor
the patterns.We meetthe additionalconstraintthat interior
meshpointsaresituatedat thecenterof thecolor dots.This
is achieved by triangulatinga regular quadraticmesh,rep-
resentingthe color-codedtexture, inside the bordercurves
drawn in the �rst step.Then,the necessaryseamsbetween
the cloth patternsare speci�ed, and the completepieceof
cloth is constructed.In this step,we assertthat thepatterns
aretriangulatedin sucha way that two correspondingseam
lineshavethesamenumberof vertices.Moreprecisely, each
seamis given by a list of pairs of verticesbeing the cor-
respondingverticeson two not necessarilydistinct planar
patterns.Afterwards,the integratedcloth simulationbased
on [EKS03] is usedto achieve a smoothtriangle meshas
input for the reconstructionalgorithm.A moredetailedde-
scriptionof the meshconstructionprocesscanbe found in
[GMP� 04,KFW04]. Thecorrespondencebetweenthemesh
verticesinside the bordersand the coloredpatterndots is
also establishedduring meshconstruction.The uv texture
coordinatesof avertex correspondto its index in thepattern
matrixM.

Figure 2: The pseudo-randomcolor pattern usedfor our
garmentscontains�ve colors: cyan, magenta, yellow, or-
angeandgreen.

Figure3: Thefour garmentpanelsusedfor theT-shirt.After
sewing, the outlinesare further reduceddue to the seams
which is importantfor meshconstruction.

4. Cloth Motion Capture

Oursystemconsistsof eightsynchronizedvideocamerasar-
rangedall aroundthepersonwearingthegarment.In a �rst
step, the acquiredvideo imagesare processedfor feature
identi�cation andmatchingbetweendifferentcameraviews.
Using geometriccameracalibration,3D surfacepointsare
reconstructedfromtheimagefeaturepositions.Theacquired
surfaceis thenprocessedby hole �lling andsmoothingal-
gorithms.In the following, we go throughthe processing
pipeline.

4.1. Feature recognition

The�rst stepin our methodis therecognitionof coloredel-
lipses,theimageprojectionsof our patterndots.Color clas-
si�cation shouldbe robust against illumination variations.
For this purpose,we convert RGB color into theHSV color
spaceto separateluminancefrom chrominanceproperties.
Hue is representingthecolor information,while Saturation
(whiteness)andValue(brightness)varywith illuminationin-
tensity. A commonmodel for this variability areGaussian
distributionsusedin Bayesiancolorclassi�ers[VV03]. This
methodrequirestrainingdatafor theclassi�er underdiffer-
ent illumination conditions,often hand-labeledin the im-
ages[GGW� 98]. For a multi-camerasetupthis is a tedious
procedure.We usea simplerapproachwhich usesonly hue
for colorclassi�cation.Weassumethathueremainsconstant
overawiderangeof brightnesslevelsandusenearestneigh-
bor classi�cation to distinguishbetween� ve color classes.
No additionalthresholdsasin Bayesianmethodsareneeded.
For estimationof thecolorclasshues,a testpatternwith the
� ve cloth patterncolorsis recordedfor every camera(Fig-
ure4).

Color detectionis affected by cameranoise and does
not allow to exactly estimatethe projecteddot shapes.We
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Figure4: Testpatternwith �ve colors for color huecalibra-
tion.

increasethe robustnessof featuredetectionby combining
colorwith edgeinformation.A Canny edgedetector[Can86]
is appliedto theluminanceimages.Thisyieldswell-de�ned
ellipsecontoursdueto thehigh brightnesscontrastbetween
thecolor dotsandtheblackcloth background.Motion blur
degradesthe localizationaccuracy and shouldbe avoided.
Thecontoursarefurtherprocessedby outercontourfollow-
ing [SA85].A lowerandupperthresholdfor thefeaturearea
is usedfor �ltering. For color classi�cation,every pixel in-
sideanellipsevotesfor a color classandtheellipsecolor is
determinedby thewinnertakesall strategy. Color detection
works at an error rateof 5-10 percent.Performancedeteri-
oratesmainly in shadowed areas.The centersof the color
dotsarecalculatedasthe centerof gravity of the �lled dot
contoursandarelaterusedfor reconstruction.

4.2. Feature labeling

In thenext stepevery coloreddot hasto beidenti�ed by its
window in thepatternmatrixM andassignedanindex (i; j).
We usethe garmentpaneloutlinesfrom Figure3 to mask
out dotswhich arenot in thegarmentor clippeddotsat the
seamsandusethis asa priori knowledgefor labeling.The
algorithmusesa region growing strategy. As a �rst step,a
seedcolor dot hasto be identi�ed in the image.For deter-
mining its neighbors,the easiestapproachwould consider
thenearesteightdotsin the image.However, this maygive
incorrectresultswhenthe dotsareobserved underoblique
angles.Dots from the 5� 5 neighborhoodcancomecloser
(Figure5). This hasto betakeninto accountfor obliquere-
gionsatcloth folds. While thiscomplicationcanbeavoided
if ahexagonalgrid with uniformneighbordistancesis used,
thereducednumberof codewords(c7) in thiscasewouldre-
quireadditionalcolorswhichmakescolorclassi�cationless
reliable.

Thus,we have to examinethe5� 5 neighborhoodof the
centerdotandgeneratethreehypothesesfor its 3� 3 neigh-
borhoodandthelocal latticedirectionsu, v andu + v (Fig-
ure6). Thealgorithmfor seed�nding is asfollows:

Figure 5: Left side: frontal view, nearesteightneighbors of
thecenterdot. Rightside:obliqueview, differentneighbors
dueto camera viewpointforeshortening.
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Figure 6: Left side: The local vectors u, v and u + v can
change roles under certain viewing angles.In addition to
theobviouseightneighbors (red),thegreenandblueneigh-
borhoods(dashedlines)haveto beconsideredaswell. For
exampletheblueparallelogramcanbeobtainedby shifting
thebaseline AB in theu + v and� (u + v) directions.Right
side:search window(dashed)calculatedfromu, v.

1. Determinethethreenearestneighborsof thecenterto es-
timatethe local u, v andu + v directions(their opposite
lying neighborsaredeterminedaswell).

2. Generatethreedifferent3� 3 hypothesesby shifting the
baselines AB andCD along the local directions(Fig-
ure6).

3. Filter out hypotheseswhich arenot in thepatternmatrix
M. For searching,theneighbordotsaresortedby thepo-
lar anglearoundthecenterdot.

After this,we have severalseedhypothesesavailablewhich
are veri�ed in the following region growing step. In this
manner, seeddots can also be found for cloth areasob-
served under oblique angles,which is important at cloth
folds. The region growing algorithm iteratesover the fol-
lowing stepsuntil no furtherdotsarefoundandconsidersa
4-neighborhoodfor everydot:

1. Computethelocalvectorsu, v from a3� 3 neighborhood
2. Calculatea searchwindow for theneighbordot (dashed

window in Figure 6, right side).The window centeris
given by addingu (horizontalneighbors)or v (vertical
neighbors)to thecurrentdot center. Thesearchwindow
hasaparallelogramshapeandis spannedby u andv.

3. Label an imagedot in the searchwindow with an index
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(i; j) if it hasthecorrectcolorandthereestimatedvectors
u0, v0 satisfyku0� uk � ckuk andkv0� vk � ckvk with
0 � c � 1. Weusec = 0:33 in ourexperiments.

4. Propagateu0, v0 to thenewly labeledneighborin thedi-
rection of growth so that step1 is skippedin the next
iteration.

Step2 impliesa smoothnessconstraintfor the latticestruc-
ture becausethe neighboringdot hasto lie in the speci�ed
searchwindow. This is a reasonableassumptionfor smooth
cloth surfaces.The parameterc in step3 is a smoothness
criterion for neighboringlatticevectors.Thecolor testuses
the a priori known patternmatrix M. At depthdiscontinu-
ities, region growing shouldstop.This is enforcedby steps
2 and3 becausein this case,the local lattice orientationis
likely to changeandthe chanceto �nd a dot with the cor-
rect color on the othersideof the discontinuityis only 20
percentfor � ve colors.Thegrowing algorithmis alsolikely
to stopat obliqueregionsbecausethe featuredetectionbe-
comesmoredif�cult dueto foreshortening(Figure7). How-
ever, somedotsarelabeledwrongly which canbe detected
laterin thereconstructionstep.A seedhypothesisis veri�ed
if a region of suf�cient sizeis foundby theregion growing
algorithm.Otherwise,the region growing is restartedwith
anotherseedhypothesis.

Theregiongrowing approachworksremarkablywell and
cancopewith arbitraryimagebackgroundasit exploits the
regular lattice structurein the image.Figure 7 shows the
outputafter region growing. The region growing algorithm
considersonly vertical andhorizontalneighborswhich in-
creasesrobustness.For mostimagesonly a few seedpoints
areneededto labelall dots.Algorithm performancedeterio-
ratesfor obliqueangles,but theseareasdon't deliver accu-
ratemeasurementsfor reconstructionanyway.

4.3. Reconstruction

After labeling,the imageprojectionsof the visible pattern
dotsareknown. We employ the linear triangulationmethod
from [HZ00] for reconstruction.All imagemeasurements
xi = (xi ;yi) = PiX, i 2 f 0: : :n � 1g of a patternpoint in n
cameraviews areused.Pi denotesthe3� 4 cameraprojec-
tion matrix of camerai with rows p1T

i � p3T
i andX the3D

reconstruction.A linear systemAX = 0 is solved with sin-
gularvaluedecomposition:

0

B
B
B
B
@

x0p3T
0 � p1T

0
y0p3T

0 � p2T
0

:::
xn� 1p3T

n� 1 � p1T
n� 1

yn� 1p3T
n� 1 � p2T

n� 1

1

C
C
C
C
A

X = 0 (1)

ThesolutionX minimizesthereprojectionerrorin theim-
agesin a leastsquaressense.Themaximumreprojectioner-
ror is computedfor every reconstructedpoint in all views.
Outlier pointsareremoved by comparingthe error with an

Figure7: Outputof thelabelingalgorithm.Thestar-shaped
crosses(left side, center) mark seedpoints where region
growing starts.Every color dot is connectedwith its pre-
decessor, yieldingthetreestructureshownaswhitelines.

upperthreshold.Thereconstructedpointsdeliver thevertex
coordinatesfor thegarment's trianglemesh.

Figure 8: Missing data after reconstructiondue to self-
occlusion,andresultafter thin-platehole�lling .

4.4. Hole interpolation

Theresultingsurfacecontainsholesin areasof missingdata
(Figure8).Onereasonfor missingdatais self-shadowing. In
theseareas,featuredetectionmustfail. Deepclothfoldsmay
onlybeseenbyonecamera,in whichcaseareconstructionis
alsonotpossible.As apost-processingstepweemploy mesh
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interpolationwith thin-platesplinesto �ll holeareas.Thin-
plateinterpolationyieldssmoothsurfaceswhich makesthis
approachsuitablefor clothsurfaces.Thethin plateenergy

E( f ) =
Z

fuu+ 2fuv+ fvv du dv (2)

for a function f : R2 ! R punishesstrongbendingandthe
correspondingminimumenergy surfaceis givenby D2 f = 0.
For trianglemeshestheuniformLaplacianfor ameshvertex
p with vertex neighborspi is discretizedas[KCVS98]:

L(p) =
1
n

n� 1

å
i= 0

(pi � p) (3)

Thebi-LaplacianoperatorD2 is thus

L2(p) =
1
n

n� 1

å
i= 0

(L(pi) � L(p)) (4)

For hole�lling, wesolvea linearsystemAx = b for thever-
tex coordinatesx. We require two nestedrings of bound-
ary verticeswhich are�x ed.We addfor theseverticespi a
row pi = ci in the linearsystem,wheretheci aretheorigi-
nal vertex positions.This imposesaC1 boundarycondition
on the problem.The hole verticescanmove freely. A row
L2(pi) = 0 is addedto the linearsystemfor every freever-
tex. Thecorrespondingmatrixis sparseandthelinearsystem
can be solved ef�ciently with iterative methodslike GM-
RES[GL96].

Themeshholesaredeterminedby aregiongrowing algo-
rithm and�lled sequentially. Theuniform bi-Laplacianop-
eratorin Equation(4) leadsto uniformedgelengths.To pre-
serve thequadraticmeshstructure,thevertex neighborhood
is restrictedto horizontalandverticalneighborsfor interpo-
lation.In orderto removenoiseartifacts,themeshis slightly
smoothedby Laplaciansmoothingusingthesameneighbor-
hoodstructurein the spatialand temporaldomain.Outlier
verticesareremovedandinterpolatedfrom neighborsby an-
alyzingthespatialandtemporalneighborhood.

5. Rendering

Thevisualizationof thedynamicsurfacesis implementedin
hardware-acceleratedOpenGLwhich resultsin interactive
framerates(> 30 fps) on a GeForce4graphicscard.Ren-
deringthereconstructedmeshesaswireframe,shadedor re-
texturedusingvarioustexturesis possible.The texturesare
createdfrom real cloth pictureswhich improves the visual
appealof our renderings.Furthermoretheviewpoint canbe
interactively chosenfrom oneof thecameraperspectivesor
afreelyadjustableuser-de�nedview. In thecaseof acamera
perspective therecordedimagesareusedasbackgroundim-
ages.The backgroundimagesarepreprocessedin order to
remove lensdistortioneffects.Sincethe reconstructedgar-
mentsarestoredin astandard3D mesh�le format,it is easy
to incorporatethe textured dynamicgarmentsinto new or
existingvirtual environmentsusing3D animationsoftware.

6. Results

The sceneswererecordedwith eight synchronizedImperx
1004Cvideocamerasarrangedin a circle aroundthescene
(Figure 9). We recordedwith a frame rate of 25 frames
per secondand an image resolutionof 1004� 1004 pix-
els.A controlledlighting environmentimprovesthe recon-
structionresultssigni�cantly by reducingtheeffectsof self-
shadowing. The sceneis illuminated by two HMI lamps
with softboxes.We useHMI lampsbecausecolor recogni-
tion works bestwith a daylight spectraldistribution. Stan-
dardtungstenhalogenlampshave a higheroutputat thered
endof thespectrumandreducethedistanceof theobserved
colorsin color space.

For cameracalibrationwe useZhang's method[Zha99].
Our completereconstructionmethodrequiresfrom feature
recognitionto meshpost-processingapproximately30 sec-
ondspervideoframeonaPentiumIV 3.2GHz.Thegarment
trianglemesheshave3000-3500meshvertices.

Figure 9: Camera setupusingeightcamerasand two HMI
lampswith softboxes.

It is dif�cult to evaluatethe reconstructionresultswhen
groundtruth is notavailable.Werendertheobtainedsurface
into theoriginalvideoimagesto estimatetheaccuracy of the
acquiredshape(Figure10). The reconstructionsarequan-
titatively accurate.The largestdiscrepanciesoccur in dark
cloth areasand near the imagebordersdue to decreasing
cameracalibrationaccuracy. Furthermore,the visible folds
andtheoverall fall of thegarmentarerecovered(Figures11,
13 and14). Resultsarebestassessedin the accompanying
video,whichshowsexamplesfor slow andfastmotion.

7. Conclusions

We have presenteda methodfor robustly acquiringcom-
plex cloth motion. By using color-codedtextures,we can
establishreliable point correspondencesbetweendifferent
cameraviews. A prior triangle meshmodel enablesus to

c
 TheEurographicsAssociationandBlackwellPublishing2005.



Scholzetal. / GarmentMotionCaptureUsingColor-CodedPatterns

Figure 10: Overlayedwireframerenderingsof the surface
in twocamera perspectives.

plausibly �ll in missingdata.Our methodprovides a sur-
faceparameterizationthat allows retexturing andrendering
thedynamicsurfacesrealisticallyfrom arbitraryviewpoints.
A limitation of our systemis thatreconstructionis basedon
singleframes.Color-codedpatternsalsorequirea consider-
ableamountof work beforerecordingcanbegin. In the fu-
ture,we planto exploit temporalcoherenceandto usemore
generalcloth textures.
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Figure12: Eight inputcamera viewsfor thesamemomentin time.

Figure13: Thereconstructedsurfacefaithfully representsthecloth foldsvisiblein theinput frames.

Figure14: Reconstructionresultsfor theT-shirt.

Figure15: Arbitrary texturecanbeappliedto thereconstructeddynamicsurface.
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