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Abstract
In thispaperwepresenta videoprocessingalgorithmfor texturereplacementof movinggarments.Weusea color-
codedpatternwhich encodestexturecoordinateswithin a local neighborhoodin order to determinethegeometric
deformationof thetexture. A time-coherenttextureinterpolationis obtainedbytheuseof 3D radial basisfunctions.
Shadingmapsare determinedwith a surfacereconstructiontechniqueandappliedto new textureswhich replace
thecolorpatternin thevideosequence. Ourmethodenableseditingandevencompletelyexchangingfabricpattern
designsof garmentswornbyactorsasa videopost-processingstep.

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

1. Intr oduction

Movie productionhasalways consistedof elaboratepost-
recordingwork.Movie cuttinghaslongbeentheonly means
to alter movie contentafter recording.Even so, the cut has
greatin�uence on the perception(andsuccess)of a movie
and probably constitutesthe artistically demandingchal-
lengeto any movie director. Today's digital imageprocess-
ing tools have greatlyadvancedmovie editing capabilities.
However, considerable,time-consumingmanualinteraction
is still necessaryif the contentof a recordedsceneis to be
alteredlongafterall actorshavegonehome.

Our methodaddressesa speci�c problemof movie post-
production.We proposeto realistically alter garmentap-
pearancewith only a minimum of manualinteraction.Our
method is also useful for virtual fashion presentationin
e-commerce.Currentrotoscopingsoftwareallows tracking
edgesor single featuresin videosfor taskslike mattingof
CGI objects,selective �ltering andcreatingcartoonanima-
tion from video [AHSS04]. For our purpose,however, an
automaticapproachis neededwhich cantrackseveralhun-
dred texture featuresin parallel while handlingocclusions
automatically. We proposesucha systemto enabletexture
replacementwith correcttexture deformationand lighting.
New visualeffectsby applyingvideo texturesarealsopos-
sible.

Our paperis organizedas follows. In Section2 we de-
scriberelatedwork in this area.Section3 givesanoverview
of oursystem.In Section4-7 wedetailourproposedmethod.
Section8 presentsresults.We endin Section9 by drawing

Figure 1: Input frame(left) and texture replacementresult
(right). Theshadingaddsan importantvisualcue.

conclusionson our work and we mentionideasfor future
work.

2. RelatedWork

Severalauthorshave workedon texture replacementin still
images.[TLR01] proposeto replacenear-regulartexturepat-
ternsin a planeby learninga statisticaltexture modeland
lighting distributionsfrom a sampleimage.[OCDD01] use
texturereplacementin their imageeditingsystem.Depthin-
formation is usedto generateforeshorteningdistortionsof
the texture, and lighting changesarealsoextracted.Image
Analogy [HJO� 01] and ImageQuilting [EF01] show tex-
ture transfereffectswhich preserve local appearanceof the
texture but do not modeltexture distortionandlighting ef-
fectsexplicitly. [LLH04] presentan approachwhich builds
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on user-assistedlattice extraction for near-regular texture.
A PCA analysisof the obtainedgeometricandlighting de-
formation �elds allows to control texture regularity. Tex-
tureshop[FH04a] introducesthe ideaof usingshape-from-
shadingto recovera roughsetof normalsfor anon-textured
surfacein the imageandusing thesenormalsto introduce
distortionin thetexturesynthesisprocess.Userinteractionis
requiredto �x normalrecovery errors.[ZFGH05] presenta
fastersystemwith improvedobjectselection,texturesynthe-
sisandshape-from-shadingalgorithms.[LF04] useashape-
from-texture algorithmto recover the shapeandirradiance
mapfor texturedcloth to replacethetexture.

Ourwork is alsorelatedto clothmotioncapturewherethe
goal is to capture3D motion. Approachesfor generaltex-
tures[PH03, SM04] andfor color-codedpatterns[GKB03,
SSK� 05] have beenproposed.While periodic and general
patternscancauseseriouscorrespondenceproblems,color-
codedpatternsareableto avoid this problem.Thesemeth-
ods,however, all rely on synchronizedmulti-video footage
of thegarment.Multi-camerasystemsaremainlyusedin re-
searchlabsso a monocularmethodwould openup a vari-
ety of new applications(�lms, TV etc.).A monocularcloth
capturemethodis describedin [TB02, TH04]. They obtain
reconstructionsof non-rigidsurfacesby trackingsparsefea-
turesets.While theresultsareimpressive for singlecamera
reconstructionthefeaturesaretoo sparsefor a detailedrep-
resentationof cloth folds.

Themajordif�culty of replacingtexturein videostreams
consistsof achieving temporalcoherence.A single-frame
methodwouldinevitably leadto �ick eringartifacts.[PLF05]
have proposedan algorithmfor real-timenon-rigid surface
detectionfor arbitrary textureswhich detectsa surfaceby
perframefeaturematchingin conjunctionwith adeformable
meshmodel.Being a single framemethod,however, tem-
poral coherenceis not considered.They extend this work
in [PLF05] by taking shadingeffects into account.Tex-
turereplacementfor videodatamaintainingtemporalcoher-
encehasbeenattemptedonly recently[Lin05, LL06]. The
methodis basedon user-assistedlatticeextractionfor near-
regular textureon cloth. The latticestructureis modeledby
a Markov RandomField andtracked with an af�ne Lucas-
Kanadealgorithm. Temporalcoherenceof the texture de-
formationandshadingmapsis achieved by spatiotemporal
smoothingasapost-processingstep.

Determiningre�ectanceandshadingat eachscenepoint
is alsoreferredto asthe intrinsic imageproblem.The goal
is to decomposean input imageinto two images,onecon-
tainingtheshadinginformationandtheotherthere�ectance
information. [OCDD01] make the simplifying assumption
thatlarge-scaleluminancevariationsaredueto thelighting,
while small-scalevariationsaredueto texture.The texture
featuresareblurredwith anadaptivebilateral�lter . A texture
imagewith uniform lighting is obtainedby dividing theini-
tial imageby theblurredimage.Thecomputervision litera-

turecontainsseveralalgorithmsto solvethegeneralintrinsic
imageproblem.[TFA05] usemachinelearningfor classify-
ing imagepixelswhile [FDL04] rely onaprojectionof color
ontograyimagesminimizingimageentropy. In [FDB92] the
shading�eld is recoveredby removing re�ectancechanges
in the gradientimage.Integratingthe manipulatedgradient
�eld by solvinga Poissonequationleadsto theshadingim-
age.

Our approachis most closely related to the work by
[Lin05]. Their method is basedon near-regular textures
while werecovergarmentshapeinformationby usingaspe-
cial patternprinted on the fabric. Our methodis robust to
deformations,lighting changesandfeatureocclusionsandis
reinitializedatevery frame.Trackingis fully automatedand
doesnot requireany userinteractionas in [Lin05]. Know-
ing thegarment's texture,wehavemorea-priori information
availableto avoid ambiguouscorrespondencematches.This
enablesto robustly copealsowith fastmotion.Seamdetec-
tion andinterpolationarefully automated.By encodingtex-
turecoordinatesin our color code,ourmethodcanalsodeal
with folding topologieswherepartsof thefabricarehidden
by self-occlusion.Dueto ambiguouscorrespondencesthis is
dif�cult for methodsbasedonperiodictextures[Lin05].

In thefollowing we

� we propose a novel processingpipeline suitable for
monocularvideofootage

� apply3D spatiotemporalRBFapproximationasageneral
approachto ensuretemporalcoherence,andwe

� determineshadingmapswith a thin-platesurfacerecon-
structionmethod.

As theresult,weareableto manipulateandchangegarment
textureasapost-processingstep.

3. Overview

Figure2 shows anoverview of our system.For propertex-
turereplacement,weneedasegmentationof theimagesinto
garmentandbackgroundsections.For this purposewe use
the rotoscopingsoftwareby [AHSS04]. We aregrateful to
having madetheir sourcecodefreely available.In general,
any other video segmentationmethod [LSS05, WBC� 05]
whichdeliversalphamattescouldalsobeused.Thesemeth-
odsall requiresomeamountof userinteraction.This pre-
processingstepyieldsboundarycurveswhich areconverted
into a binarymaskfor theforegroundwhereall furtherpro-
cessingis done.Next, weperformimageprocessingfor fea-
tureclassi�cation.Weusegarmentswith acustom-designed
color-codedpattern.The patternuses� ve different colors
andis constructedin awaythatallowsto identify eachdot in
thepatternby its 3x3 neighborhood.Weusethesingle-frame
methodfrom [SSK� 05] which identi�es thedotsby their lo-
cal neighborhoodwith a region-growing approach.Texture
coordinatescanthenautomaticallybeassignedto eachdot.
The resultsof the labelingalgorithmarecomplementedby
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Figure2: Overview of theprocessingstepsof our method.

a featuretracker and fed into a texture interpolationalgo-
rithm which determinesa time-coherentimagetexturefrom
thefeaturepositions.For realistictextureshadingwe deter-
mine the shadingimage.The new texture is renderedinto
eachvideoimageby multiplying texturecolor with thecor-
respondingshadingimage.

4. ImageProcessing

We convert the input videoimagesinto HSV color spacein
order to increasecolor recognitionrobustnessagainst illu-
minationchanges.For color classi�cation,we only usehue
andlearnthe� ve color classesfrom anexampleimage.The
featurepixelsareidenti�ed with anadaptivethresholdingal-
gorithm[GW02] in the luminanceimage.Fromthesepixel
positionswe collectthehuevaluesand�t a Gaussiandistri-
bution to eachcolor class(GaussianmixturemodelGMM)
with a statisticaltechnique[FH04b]. First, we run k-means
with randominitial centerson the input dataandapply the
EM algorithmfor determiningGMMs [HTF01]. As theEM
algorithm can stagnatein local minima this procedureis
restarted10 timesandtheresultwith thebestlog-likelihood
is kept as the �nal result. After this step, the pixels seg-
mentedby the adaptive thresholdingmethodcan be clas-
si�ed into � ve color classes.For this purposewe compute
maximum-likelihooddecisionboundariesfrom theGaussian
parametersmi ;s i of eachcolorclass.Thecolor-classi�edim-
ageis labeledwith aconnectedcomponentalgorithmfor ev-
ery color separately[HS92]. The obtainedfeaturesare �l-
teredby an upperand lower boundfor their area.Finally,
for every featurethe centerof massis calculated.We now
have2D imagecoordinatesof anumberof colordotson the
garment.

5. FeatureRecognitionand Tracking

We usetwo differentpiecesof apparelfor our experiments,
a dressanda skirt. A priori known is the patternmatrix M
which containsa color label for eachdot in thepattern.We
identify theoutlineof the individual cloth panels(threefor
the dressand two for the skirt, Fig. 3) in the patternma-
trix manuallyandidentify alsotheboundarydotsadjacentto
theseams.Panelboundariesareinteractively identi�ed only
oncepergarment.Thealgorithmproposedin [SSK� 05] la-
belsthefeaturesobtainedin theimageprocessingstepwith
their indicesi; j in the patternmatrix M. In a �rst step,a
seeddot with its 3x3 neighborhoodand adjacentdots are
foundby regiongrowing. Thedirectionof searchis directed
by thelocalprincipaldirectionsu,v of thepatternlattice.The
obtainedindicesi, j yield thetexturecoordinatesfor thefea-
turedots.Detailsof thealgorithmandtheconstructionof the
color codecanbe found in [SSK� 05]. The original feature
labeling algorithm is a robust single-framemethodwhich
doesnot usetracking history. Its performancedeteriorates
atobliquesurfaceanglesandrequiresalsothataseedwith a
3x3 neighborhoodcanbe identi�ed for eachconnectedtex-
turecomponentin the image.In orderto increasethenum-
berof recognizedfeatureswe applya featuretracker to �ll
in missingfeaturesafter labeling [LK81, Int01]. We track
the featuresknown from labeling with imagepatchesand
set the patchsizeto the meandistanceof neighboringfea-
tures.In order to handlefeatureocclusionsbetweena pair
of images,we run the tracker forward in time andtrack the
obtainedpositionbackward.As occlusiontestwe compute
thedeviationfrom theoriginal featureposition.If it is below
somethreshold(1 pixel in ourexperiments),thefeaturewas
tracked successfullyand is addedto the list of recognized
features.Featuretrackingis appliedto the whole video se-
quenceforwardandbackwardin timein orderto takefeature
occlusionsanddisocclusionsrobustly into account.

6. TextureCoordinate Inter polation

Our garmentsconsist of several panels(Fig. 3). Texture
interpolationis doneseparatelyfor every panel. In views
whereseveral panelsare visible in the image,we have to
�nd theseamsbetweenthepanelsin orderto determinethe
panelsegments.We determinethe visible seamsin the im-
ageby identifying dots at the panelboundarieswhich are
a priori known from thepatternmatrix.As additionalinfor-
mationweknow whichboundarydotsof differentpanelsare
adjacentto eachotherattheseams.Theboundarydotslie in-
sidethepanel,not on theseamanddo not de�ne a smooth
boundarydueto thediscretenatureof thepattern.A smooth
boundarypolyline is obtainedby interpolatinga new seam
point betweeneachpair of adjacentboundarydots.We use
membraneinterpolationDf = 0 whereD is the Laplacian
operatorand�x thepositionof theboundarydots.In order
to obtaina smoothpolyline, we usea weightedLaplacian
stencil in the correspondinglinear systemwhich assignsa
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Figure 3: Our dresshasthreepanels:onefront paneland
twoback panels(top).Theskirt hasa frontanda back panel
(bottom).)

higherweight to neighboringseampoints.Theseampoints
de�ne anestimateof thepanelseamwhich cannotbedeter-
minedfrom theimagesdirectly (Fig. 4). Theseampolylines
areusedto cut out a maskfor eachvisible panelfrom the
foregroundmask.

Our goal is a temporallysmoothparametrizationof the
garmentregion with texture coordinates.Near the silhou-
ettes,the featuretrajectoriesarenot stableenough(dueto
failure of detectionand occlusions).Smoothingindividual
trajectorieswould not behelpful in this case.Thereforewe
integratethesmoothinginto the interpolationfunction.Ra-
dial Basis Functions(RBF) are commonly usedfor scat-
tered data interpolationproblemslike reconstructingsur-
facesfrom point clouds[CBC� 01]. A trivariatescalarRBF
is de�ned by a setof centersci 2 R3 andweightswi 2 R
as[CBC� 01]

f (x) = p(x) + å
i

wi � f (x � ci) (1)

wheref is thebasisfunctionandp(x) is apolynomialof low
degree.Sincebasisfunctionswith local supportdo not pro-
vide thesamedegreeof extrapolationandhole �lling capa-
bilities asfunctionsof globalsupport[CBC� 01], we usethe
globalbasisfunctionf (x) = kxk wherek� k is theEuclidean
norm,anda linearpolynomial p. The resultingsurfaceis a
biharmonicthin-platespline.For interpolatingtexturecoor-
dinates(uv)T 2 R2 weuseavector-valuedRBF

f(x) = p(x) + å
i

wi � f (x � ci) (2)

Figure 4: Boundary dots (white) and interpolated seam
boundary(red).

with f : R3 ! R2 andwi 2 R2, p 2 R2 arevectors.f isde�ned
in spatiotemporal3D space(x;y;t) for temporallysmooth
texture interpolation.This meanswe have to adda time co-
ordinateto theobtainedfeaturepositionsx, y. Thedifference
tn+ 1 � tn of adjacentvideoframesis setto themeandistance
of neighboringfeaturesin framen in orderto get a homo-
geneousdistribution of centersci in 3D space(x;y;t). We
now useRBF approximation(alsoknown assplinesmooth-
ing [Wah90,CBC� 01]) by solving

�
F � 8Npr I P

PT 0

� �
wi
qi

�
=

�
f
0

�
(3)

whereF i j = f (ci � cj ), Pi j = pi(cj ) for thepolynomialbasis
f p1; p2; p3g = f 1;x;yg. Theqi arepolynomialcoef�cients,
N is thenumberof centersandI is the identity matrix. r is
a parameterthat determinesthe trade-off betweensmooth-
nessof thesurfaceand�delity to thedata.Thisparameteris
found empirically. We user = 0:005 for all examples(the
smallestamountof smoothingwhich leadsto reasonablere-
sults).The resultingmatrix is densedue to the global na-
tureof f andcanbesolveddirectly for our problemsizeof
N � 1000centers.RBF approximationis usedfor overlap-
ping timewindowsof threevideoframesto ensuretemporal
smoothness.Thetexturecoordinatesareinterpolatedfor ev-
erypixel in theforegroundmaskof themiddleframe.

7. ShadingMaps

The goal of the shadingalgorithm is to remove the re-
�ectancecontribution of the color dotsfrom the luminance
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(a) (b) (c) (d)

Figure5: Input image (a), detecteddots(b), removeddots(c), andshadingmap(d). Althoughwecannotuseshadinginforma-
tion in thedot regionstheinterpolatedresultis closeto theinput.

imagesI while preservingshadingeffects.After trying to
compensatethe differentalbedosof the patterncolors,we
decidedto interpolatethe dot regions becausethe results
are more satisfying.The dot pixels identi�ed by adaptive
thresholdingfrom Section4 are usedas input for shading
mapcomputation.We assumeherethat the dot edgeshave
a highercontrastthanshadow edgeson the garmentwhich
is the casein practice.The detecteddots are dilated with
a circle-shapedmorphologicalstructureelement[GW02] in
orderto remove thedotsreliably (Fig. 5b). The inverseim-
ageyieldsa maskwhich is multiplied with theimageI . We
interpolatethedeleteddot regions(Fig. 5c) by usinga sur-
facereconstructionmethodfor height�elds [Ter88]. An ap-
proximatingthin-platesurfaceis �tted to theluminanceval-
uesof thedarkgarmentbackground.

This is donemy minimizing theenergy functional

E =
ZZ

W

a (x;y)
2

(I � J)2 + (J2
xx + 2J2

xy + J2
yy) dxdy (4)

whereJ is thethin-platesurfaceinterpolant,Wis abounding
box of the segmentedgarmentregion anda (x;y) a weight
termfor theinterpolationconstraint.Weseta = 0 in dot re-
gions (interpolation)anda = 0:1 for the remainingpixels
(approximation).The correspondingEuler-Lagrangeequa-
tion is

a (I � J) + D2J = 0 (5)

where D2 denotesthe Bilaplacian operator. Eq. 5 is dis-
cretizedwith �nite elementson the pixel grid and usesa
5x5 stencilfor theBilaplacian.A boundingbox of thefore-
groundmaskis computedandEq.5 is solvedon this rectan-
gle.At theboundingboxbordersnotall 24neighborsmight
exist so we recomputethe stencil for the existing neigh-
bors [Ter88]. This leadsto a sparselinear systemAx = 0
wherethenumberof variablesequalsthenumberof recon-
structedpixels.Weusea linearsolver for asymmetricsparse
matrices[Dav04] for systemsup to n = 400:000 variables.

Thesingle-frameshadingmapsshow temporal�uctuations.
Thereforewe �lter theshadingmapswith a temporalGaus-
sian �lter per pixel (window size 3-5 frames).In order to
getanaccurateresultfor fastimagemotion,we build pixel
correspondencesbetweendifferentframesby usingthefea-
ture correspondencesobtainedduring featuretracking.The
featuresdeliverasparsesetof �o w vectors(wecomputefor-
ward�o w to thenext frameandbackward�o w to theprevi-
ousframe).This setis interpolatedperpixel by �tting a 2D
thin-platesmoothingspline [Wah90] with a = 2. The ob-
tained�o w �elds areusedasspatialoffsetsduringtemporal
�ltering.

Theobtainedshadingmapsareappliedto thenew texture
duringrenderingby multiplicationper-texel. For thetexture
lookupwe usebilinear interpolation.We adaptthemapsto
a higheralbedoby rescaling.The mapsarerescaledby di-
viding with a referencewhite value which is obtainedby
recordinga referenceimagewith maximumbrightnessof
thefabric.Notethatthisis correctfor fabricwith Lambertian
re�ectanceonly. Fortunately, our fabric is closeto Lamber-
tian andthe gray valuegradientsstill remaincorrectin the
presenceof specularitieswhichis moreimportantfor human
perceptionthanabsolutevalues.

8. Results

Werecordoursequenceswith anImperx1004Cvisioncam-
era(1004x1004pixels) at 25 framespersecondin orderto
avoid compressionartifacts.We put thecameraon a tripod.
However, ourmethodis not limited to staticcameraposition
andworksjustaswell for hand-heldcamerasequences.The
camerais color-calibratedwith a referencecolor checker
anda linearregressionmodel(4x4 matrix for homogeneous
RGBcoordinates)in orderto obtainagoodseparationof the
garments'dot colors for featureclassi�cation.For the gar-
mentswe usea cotton fabric with a custom-printedcolor

submittedto EurographicsSymposiumonRendering(2006)



6 SubmissionID 131/ TextureReplacement

Figure 6: Accuracyof texture distortionvisualizedasover-
layed checkerboard texture. At the garmentborders (right
example)theparametrizationis lessaccuratebecausefewer
featuresweredetected.

Figure 7: Shadowsare preservedin our renderings.They
appear softer becausewe regularize the solution. The
shadowcontrast is higherthanin Fig. 5d becausetheshad-
ing mapis rescaledduring rendering.

patternusinga mediumgray toneasbackground.A high-
brightnesscontrastbetweenthe color dotsandbackground
is neededfor robust featurerecognition(adaptive thresh-
olding), whereasthe shadingalgorithmneedsa reasonably
bright fabric,sowe meetbothrequirementswith a medium
graytone.Thedot spacingis 3.2cm andthediameteris 2.1
cm which is a compromisebetweenhigh samplingrateof
thesurfaceandsuf�cient dot sizein theimagewhencaptur-
ing a wholeperson.Digital printing makesit easyto design
suchapatternandsendit to acompany specializedonfabric
printing. The garmentsaremanufacturedby a professional
tailor for therecordedsubject.

All experimentsareperformedon a PentiumIV 3.2GHz
with 2 GB RAM. Theaveragecomputationtime for theau-
tomaticprocessingsteps(Fig. 2) in our unoptimizedMAT-
LAB implementationfor a 1004x1004 video frame is 60
seconds(45 secondsfor the shadingmap).Selectedalgo-
rithmsareimplementedin C: labeling,RBF evaluation,bi-
linear texture lookupandoptical �o w. Fig. 6 shows theac-
curacy of our texture interpolationalgorithm.The corners
of the overlayedcheckerboardtexture lie on the geometric
centersof the color dots,althoughwe needto smooththe

texturemaps.Thetemporalsmoothnessof theinterpolation
canbe assessedin the accompanying video. We obtainre-
alistic shadingmapswhich preserve shadows andtheshad-
ing of cloth folds (Fig. 5, 7, 8, 9, 10). Applying themto the
new textureenhancestherealismof thereplacementresult.
The catwalk sequenceshows alsothe robustnessof feature
recognitionagainst lighting changes(the garmentis rather
darkin thebeginningof thesequence).Two sequencesshow
fastjumpingmotionto validatethefeaturetrackingability.

Onelimitation of our methodis that video segmentation
still requiresuserinteraction.This is a notoriouslydif�cult
problem(e.g.dueto shadows adjacentto the garmentbor-
ders)wheremostautomaticapproachesrequiremanualcor-
rectionfor anaccurateresult.Segmentationis not themain
focusof our work. Our RBF modelhandlesdiscontinuities
at self-occlusionsonly in anapproximateway (thedisconti-
nuitiesaresmoothed).For very loosegarmentslike a dress
theresultsmight not bevisually satisfactoryin this case.In
our experimentsself-occlusiondueto folding is barelyob-
servablebecausethedotsarequitefarapart.Self-occlusions
betweendifferentgarmentpanelshowever(e.g.betweentwo
legs for trousers)are not a problemas the RBF �tting is
doneseparatelyfor every panel.Our texturemapsrequirea
considerableamountof spatiotemporalsmoothingatthegar-
mentbordersbecausefeaturedetectionis affectedby fore-
shortening,especiallywhentheoverall featuresizeis small
(full personcapture).This is an inevitable drawback of a
monocularmethod.Still, our proposedmethodis ableto re-
placethefabrictexturewith realisticdeformationandlight-
ing for awiderangeof real-world scenes.It canrobustlydeal
with deformation,fastmotion,lighting changesandfeature
occlusion.

9. Conclusionand Futur eWork

We have presenteda systemfor automatictexture replace-
mentof color-codedgarments.Visually convincing replace-
mentresultsareobtainedby using3D spatiotemporalRBF
approximation.We also show that our shadingmapscan
capturesmall detailsat cloth folds. A single-view method
is morechallengingthana multi-view approachbut opens
up new applications.Currently, theperformancebottleneck
in our implementationis the computationof the shading
maps.Using fastersolvers (e.g. multigrid) would improve
our system's time andmemoryconsumption.Changingthe
re�ectancepropertiesof thefabricandrelightingarealsoin-
terestingtopicsfor futureresearch.

10. Acknowledgements

References

[AHSS04] AGARWALA A., HERTZMANN A., SALESIN

D., SEITZ S. M.: Keyframe-basedtrackingfor rotoscop-
ing andanimation.ACM TransactionsonGraphics(Proc.
of ACM SIGGRAPH2004)23, 3 (2004),584–591.

submittedto EurographicsSymposiumonRendering(2006)



SubmissionID 131/ TextureReplacement 7

[CBC� 01] CARR J. C., BEATSON R. K., CHERRIE J. B.,
M ITCHELL T. J., FRIGHT W. R., MCCALLUM B. C.,
EVANS T. R.: Reconstructionandrepresentationof 3D
objectswith radial basisfunctions. In Proceedingsof
ACM SIGGRAPH2001(2001),pp.433–442.

[Dav04] DAVIS T. A.: Algorithm 832: UMFPACK
V4.3—an unsymmetric-patternmultifrontal method.
ACM Trans.Math.Softw. 30, 2 (2004),196–199.

[EF01] EFROS A. A., FREEMAN W. T.: Imagequilting
for texturesynthesisandtransfer. In Proceedingsof ACM
SIGGRAPH2001(2001),pp.341–346.

[FDB92] FUNT B. V., DREW M. S., BROCKINGTON M.:
Recovering shadingfrom color images. In Proc. ECCV
(1992),pp.124–132.

[FDL04] FINLAYSON G. D., DREW M. S., LU C.: In-
trinsic imagesby entropy minimization. In Proc. ECCV
(2004),pp.582–595.

[FH04a] FANG H., HART J. C.: Textureshop:texturesyn-
thesisasaphotographeditingtool. ACM Transactionson
Graphics(Proc.of ACM SIGGRAPH2004)23, 3 (2004),
354–359.

[FH04b] FRANC V., HLAVÁ �C V.: Statistical Pattern
Recognition Toolbox for MATLAB. Tech. Rep. CTU–
CMP–2004–08,Center for Machine Perception,Czech
TechnicalUniversity, 2004.

[GKB03] GUSKOV I ., KLIBANOV S., BRYANT B.:
Trackable surfaces. In Proc. of the ACM SIG-
GRAPH/EurographicsSymposiumon ComputerAnima-
tion (SCA)(2003),pp.251–257.

[GW02] GONZALEZ R. C., WOODS R. E.: Digital Image
Processing. PrenticeHall, 2002.

[HJO� 01] HERTZMANN A., JACOBS C. E., OLIVER N.,
CURLESS B., SALESIN D.: Imageanalogies.In Proceed-
ingsof ACM SIGGRAPH2001(2001),pp.327–340.

[HS92] HARALICK R. M., SHAPIRO L. G.: Computer
andRobotVisionVolumeI. AddisonWesley, 1992.

[HTF01] HASTIE T., TIBSHIRANI R., FRIEDMAN J.: The
Elementsof StatisticalLearning. Springer, 2001.

[Int01] INTEL CORPORATION: OpenSource Computer
VisionLibrary, 2001.

[LF04] LOBAY A., FORSYTH D.: Recoveringshapeand
irradiancemapsfrom rich densetexton �elds. In Proc.
CVPR(1) (2004),pp.400–406.

[Lin05] L IN W.-C.: A Lattice-basedMRF Model for Dy-
namicNear-regular Texture Tracking and Manipulation.
PhDthesis,CarnegieMellon University, 2005.

[LK81] LUCAS B., KANADE T.: An iterative imagereg-
istrationtechniquewith anapplicationto stereovision. In
Proc.SeventhInternationalJoint ConferenceonArti�cial
Intelligence(1981),pp.674–679.

[LL06] L IN W.-C., L IU Y.: Tracking dynamic near-
regulartexturesunderocclusionandrapidmovements.In
Proc.ECCV(May 2006).

[LLH04] L IU Y., L IN W.-C., HAYS J.: Near-regulartex-
ture analysisand manipulation. ACM Transactionson
Graphics(Proc.of ACM SIGGRAPH2004)23, 3 (2004),
368–376.

[LSS05] L I Y., SUN J., SHUM H.-Y.: Video objectcut
andpaste.ACM TransactionsonGraphics(Proc.of ACM
SIGGRAPH2005)24, 3 (2005),595–600.

[OCDD01] OH B. M., CHEN M., DORSEY J., DURAND

F.: Image-basedmodelingandphotoediting. In Proceed-
ingsof ACM SIGGRAPH2001(2001),pp.433–442.

[PH03] PRITCHARD D., HEIDRICH W.: Cloth motion
capture.ComputerGraphicsForum(Proc.of Eurograph-
icsEG '03) 22, 3 (2003),263–272.

[PLF05] PILET J., LEPETIT V., FUA P.: Real-timenon-
rigid surfacedetection. In Proc. CVPR(2005),pp. 822–
828.

[SM04] SCHOLZ V., MAGNOR M.: Cloth motion from
optical �o w. In Proc.Vision,ModelingandVisualization
(VMV) (2004),pp.117–124.

[SSK� 05] SCHOLZ V., STICH T., KECKEISEN M.,
WACKER M., MAGNOR M.: Garmentmotion capture
using color-codedpatterns. ComputerGraphicsForum
(Proc.EurographicsEG '05) 24, 3 (2005),439–448.

[TB02] TORRESANI L., BREGLER C.: Space-timetrack-
ing. In Proc.ECCV(1) (2002),pp.801–812.

[Ter88] TERZOPOULOS D.: The computationof visible-
surfacerepresentations.IEEETrans.PatternAnal.Mach.
Intell. 10, 4 (1988),417–438.

[TFA05] TAPPEN M. F., FREEMAN W. T., ADELSON

E. H.: Recovering intrinsic imagesfrom a single im-
age.IEEETrans.PatternAnal.Mach. Intell. 27, 9 (2005),
1459–1472.

[TH04] TORRESANI L., HERTZMANN A.: Automatic
non-rigid 3d modelingfrom video. In Proc. ECCV (2)
(2004),pp.299–312.

[TLR01] TSIN Y., L IU Y., RAMESH V.: Texturereplace-
mentin real images.In Proc.CVPR(2) (2001),pp.539–
544.

[Wah90] WAHBA G.: SplineModels for Observational
Data. SIAM, 1990.

[WBC� 05] WANG J., BHAT P., COLBURN A.,
AGRAWALA M., COHEN M. F.: Interactive video
cutout. ACM Transactionson Graphics(Proc. of ACM
SIGGRAPH2005)24, 3 (2005),585–594.

[ZFGH05] ZELINKA S., FANG H., GARLAND M., HART

J. C.: Interactivematerialreplacementin photographs.In
Proc.GraphicsInterface(2005),pp.227–232.

submittedto EurographicsSymposiumonRendering(2006)



8 SubmissionID 131/ TextureReplacement

Figure 8: Catwalksequence. We are able to replacethe original, recordedcolor-dot texture on the apparel with arbitrary
patterndesigns.Thecloseupzoomsin thebottomrowshowtheshadingat cloth folds.Notethat feature recognitionworksalso
for obliquesurfaceangles(right side, left back panelof the dress).Thevideosequencecontainslighting changeswhenthe
subjectcomesnearer to thecamera.

Figure9: Our methodcantrack fastmotionbecauseit is reinitializedat everyframe(seevideo).

Figure10: Shadingeffectsnearwrinklesandcloth folds.Theshadingmapsfaithfully representthemaincloth foldsbut appear
smootherthantheinput (smoothingis neededto removethein�uenceof thepatterndots).
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