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Texture ReplacementUsing Color-Coded Garments
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Abstract

In this paperwepresenta videoprocessinglgorithmfor texture replacemendf moving garments\We usea color-
codedpatternwhich encodegexture coorinateswithin a local neighborhoodn orderto determineghe geometric
deformatiorofthetexture. Atime-coheenttextureinterpolationis obtainedby theuseof 3D radial basisfunctions.
Shadingmapsare determinedvith a surfacereconstructiortechniqueand appliedto new textureswhich replace
thecolor patternin thevideosequenceOur methodenablesditingandevencompletelyexchangingfabric pattern
designsof garmentsvorn by actors asa videopost-pocessingstep.

CategoriesandSubjectDescriptorgaccordingo ACM CCS) 1.4.1 [ImageProcessingndComputetVision]: Dig-
itizationandimageCapturd.3.7 [ComputerGraphics]:Animation

1. Intr oduction

Movie productionhasalways consistedof elaboratepost-

recordingwork. Movie cuttinghaslong beentheonly means
to alter movie contentafter recording.Even so, the cut has
greatin uence on the perception(and successpf a movie

and probably constitutesthe artistically demandingchal-

lengeto any movie director Todays digital imageprocess-
ing tools have greatly advancedmaovie editing capabilities.
However, considerabletime-consumingnanualinteraction
is still necessaryf the contentof a recordedsceneis to be

alterediong afterall actorshave gonehome.

Our methodaddressea speci ¢ problemof movie post-
production.We proposeto realistically alter garmentap-
pearanceavith only a minimum of manualinteraction.Our
methodis also useful for virtual fashion presentationin
e-commerceCurrentrotoscopingsoftware allows tracking
edgesor single featuresin videosfor taskslike matting of
CGl objects,selectve ltering andcreatingcartoonanima-
tion from video [AHSS04. For our purposehowever, an
automaticapproactis neededvhich cantrack several hun-
dred texture featuresin parallelwhile handlingocclusions
automatically We proposesucha systemto enabletexture
replacementith correcttexture deformationand lighting.
New visual effectsby applyingvideo texturesarealsopos-
sible.

Our paperis organizedas follows. In Section2 we de-
scriberelatedwork in this area.Section3 givesanoverviev
of oursystemln Sectiord-7 we detailour proposednethod.
Section8 presentgesults.We endin Section9 by drawing
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Figure 1: Input frame(left) and texture replacementesult
(right). Theshadingaddsan importantvisualcue

conclusionson our work and we mentionideasfor future
work.

2. RelatedWork

Severalauthorshave worked on texture replacemenin still

images[TLRO1] proposeo replacenearregulartexturepat-
ternsin a planeby learninga statisticaltexture modeland
lighting distributionsfrom a sampleimage.[OCDDO0]] use
texturereplacemenin theirimageeditingsystem Depthin-

formationis usedto generatdforeshorteninglistortionsof
the texture, andlighting changesare also extracted.Image
Analogy [HJO 01] and Image Quilting [EFOT] shawv tex-
ture transfereffectswhich presere local appearancef the
texture but do not modeltexture distortionandlighting ef-
fectsexplicitly. [LLHO4] presentan approachwhich builds
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on userassistedattice extraction for nearregular texture.

A PCA analysisof the obtainedgeometricandlighting de-

formation elds allows to control texture regularity. Tex-

tureshog FHO044 introducesthe ideaof usingshape-from-
shadingto recover aroughsetof normalsfor a non-textured
surfacein the imageand using thesenormalsto introduce
distortionin thetexturesynthesigprocessUserinteractionis

requiredto x normalrecovery errors.[ZFGHOY presenia
fastersystemwith improvedobjectselectionfexturesynthe-
sisandshape-from-shadinglgorithms [LF04] usea shape-
from-texture algorithmto recover the shapeandirradiance
mapfor texturedclothto replacethetexture.

Ourwork is alsorelatedto clothmotioncapturewherethe
goal is to capture3D motion. Approachedor generaltex-
tures[PHO3 SM04] andfor colorcodedpatterng GKBO3,
SSK 05] have beenproposed While periodic and general
patternscancauseseriouscorrespondencproblems color-
codedpatternsare ableto avoid this problem.Thesemeth-
ods,however, all rely on synchronizednulti-video footage
of thegarmentMulti-camerasystemsaremainly usedin re-
searchlabs so a monocularmethodwould openup a vari-
ety of new applicationg Ims, TV etc.).A monocularcloth
capturemethodis describedn [TB02, THO4]. They obtain
reconstructionsf non-rigidsurfacesby trackingsparsdea-
ture sets.While theresultsareimpressie for singlecamera
reconstructiorthe featuresaretoo sparsedor a detailedrep-
resentatiorof clothfolds.

Themajordif culty of replacingtexturein videostreams
consistsof achieving temporalcoherenceA single-frame
methodwouldinevitably leadto ick eringartifacts[PLF0g
have proposedan algorithmfor real-timenon-rigid surface
detectionfor arbitrary textureswhich detectsa surface by
perframefeaturematchingin conjunctiorwith adeformable
meshmodel. Being a single frame method,however, tem-
poral coherenceas not consideredThey extend this work
in [PLFO] by taking shadingeffects into account. Tex-
turereplacementor videodatamaintainingtemporalcoher
encehasbeenattemptedonly recently[Lin05, LLO6]. The
methodis basedon userassistedattice extractionfor near
regulartexture on cloth. Thelattice structureis modeledby
a Markov RandomField andtracked with anafne Lucas-
Kanadealgorithm. Temporalcoherenceof the texture de-
formationand shadingmapsis achiesed by spatiotemporal
smoothingasa post-processingtep.

Determiningre ectanceandshadingat eachscenepoint
is alsoreferredto asthe intrinsic imageproblem.The goal
is to decomposean input imageinto two images,onecon-
tainingthe shadingnformationandthe otherthere ectance
information. [OCDDO0J malke the simplifying assumption
thatlarge-scalduminancevariationsaredueto thelighting,
while small-scalevariationsare dueto texture. The texture
featuresareblurredwith anadaptve bilateral Iter . A texture
imagewith uniform lighting is obtainedby dividing theini-
tial imageby the blurredimage.The computewvision litera-

turecontainsseveralalgorithmsto solve thegeneraintrinsic
imageproblem.[TFA05] usemachinelearningfor classify-
ing imagepixelswhile [FDL0O4] rely onaprojectionof color
ontograyimagesminimizingimageentropy. In [FDB9Z the
shading eld is recoveredby removing re ectancechanges
in the gradientimage.Integratingthe manipulatedgradient
eld by solvinga Poissorequationleadsto the shadingim-
age.

Our approachis most closely relatedto the work by
[Lin05]. Their methodis basedon nearregular textures
while we recorer garmentshapeanformationby usinga spe-
cial patternprinted on the fabric. Our methodis robust to
deformationslighting changesndfeatureocclusionsandis
reinitializedat every frame.Trackingis fully automatecnd
doesnot requireary userinteractionasin [Lin05]. Know-
ing thegarmentstexture,we have morea-prioriinformation
availableto avoid ambiguousorrespondencenatchesThis
enablego robustly copealsowith fastmotion. Seamdetec-
tion andinterpolationarefully automatedBy encodingtex-
turecoordinatesn our color code,our methodcanalsodeal
with folding topologieswherepartsof the fabricarehidden
by self-occlusionDueto ambiguousorrespondencehisis
dif cult for methodshasedn periodictextures[Lin05].

In thefollowing we

we proposea novel processingpipeline suitable for
monoculawideofootage

apply3D spatiotemporaRBF approximatiorasageneral
approacho ensuregemporalcoherenceandwe
determineshadingmapswith a thin-platesurfacerecon-
structionmethod.

As theresult,we areableto manipulateandchangegarment
texture asa post-processingtep.

3. Overview

Figure 2 shavs an overview of our system.For propertex-
turereplacementywe needa segmentatiorof theimagesnto
garmentand backgroundsections For this purposewe use
the rotoscopingsoftware by [AHSS04. We are gratefulto
having madetheir sourcecodefreely available.In general,
ary other video segmentationmethod [LSS05 WBC 09|
which deliversalphamattescouldalsobeused.Thesemeth-
odsall requiresomeamountof userinteraction.This pre-
processingtepyieldsboundarycurveswhich arecorverted
into a binary maskfor the foregroundwhereall further pro-
cessings done.Next, we performimageprocessindor fea-
tureclassi cation.We usegarmentswith acustom-designed
color-codedpattern.The patternuses ve different colors
andis constructedn away thatallowsto identify eachdotin
thepatternby its 3x3 neighborhoodWe usethesingle-frame
methodfrom [SSK 05] whichidenti es thedotsby theirlo-
cal neighborhoodvith a region-graving approachTexture
coordinatecanthenautomaticallybe assignedo eachdot.
The resultsof the labelingalgorithmare complementedy

submittedto EurographicsSymposiunon Rendering2006



SubmissiotD 131/ Texture Replacement 3

Segmentation
JL

Image Processing
L

Feature Recognition and Tracking
L

Texture Coordinate Interpolation
L

Shading Recovery
J L

Rendering

Figure 2: Overviav of the processingtepsof our method.

a featuretracker andfed into a texture interpolationalgo-
rithm which determines time-coherenimagetexture from
the featurepositions.For realistictexture shadingwe deter
mine the shadingimage. The new texture is renderednto
eachvideoimageby multiplying texture color with the cor-
respondinghadingmage.

4. Image Processing

We corverttheinput videoimagesinto HSV color spacen
orderto increasecolor recognitionrobustnessagainstillu-
minationchangeskFor color classi cation,we only usehue
andlearnthe ve color classesrom anexampleimage.The
featurepixelsareidenti ed with anadaptve thresholdingal-
gorithm[GWO0Z in the luminanceimage.From thesepixel
positionswe collectthehuevaluesand t a Gaussiardistri-
bution to eachcolor class(Gaussiamrmixture model GMM)
with a statisticaltechniquel FH04H. First, we run k-means
with randominitial centerson the input dataandapply the
EM algorithmfor determiningGMMs [HTFO01]. As theEM
algorithm can stagnatein local minima this procedureis
restartedL0 timesandtheresultwith the bestlog-likelihood
is kept asthe nal result. After this step, the pixels seay-
mentedby the adaptve thresholdingmethodcan be clas-
sied into ve color classesFor this purposewe compute
maximume-likelihooddecisionboundariedrom theGaussian
parametersy; s; of eachcolorclassThecolor-classi edim-
ageis labeledwith aconnectedcomponenglgorithmfor ev-
ery color separatel)fHS93. The obtainedfeaturesare I-
teredby an upperand lower boundfor their area.Finally,
for every featurethe centerof massis calculated We now
have 2D imagecoordinate®f a numberof color dotson the
garment.
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5. Feature Recognitionand Tracking

We usetwo differentpiecesof apparefor our experiments,
adressanda skirt. A priori known is the patternmatrix M
which containsa color labelfor eachdotin the pattern.We
identify the outline of the individual cloth panels(threefor
the dressand two for the skirt, Fig. 3) in the patternma-
trix manuallyandidentify alsothe boundarydotsadjacento
theseamsPanelboundariesreinteractvely identi ed only
onceper garment.The algorithmproposedn [SSK 05] la-
belsthefeaturesobtainedin theimageprocessingtepwith
their indicesi; j in the patternmatrix M. In a rst step,a
seeddot with its 3x3 neighborhoodand adjacentdots are
foundby region growing. Thedirectionof searchis directed
by thelocalprincipaldirectionsu,v of thepatternlattice. The
obtainedndicesi, j yield thetexture coordinategor thefea-
turedots.Detailsof thealgorithmandtheconstructiorof the
color codecanbe foundin [SSK 05]. The original feature
labeling algorithm is a robust single-framemethodwhich
doesnot usetracking history Its performancedeteriorates
atobliquesurfaceanglesandrequiresalsothata seedwith a
3x3 neighborhoodtanbe identi ed for eachconnectedex-
ture componentn theimage.In orderto increasehe num-
ber of recognizedeatureswe apply a featuretracker to Il
in missingfeaturesafter labeling [LK81, Int01]. We track
the featuresknown from labeling with image patchesand
setthe patchsizeto the meandistanceof neighboringfea-
tures.In orderto handlefeatureocclusionsbetweena pair
of imageswe run the tracler forwardin time andtrackthe
obtainedpositionbackward. As occlusiontestwe compute
thedeviation from theoriginal featureposition.If it is belav
somethreshold(1 pixel in our experiments)thefeaturewas
tracked successfullyand is addedto the list of recognized
features Featuretrackingis appliedto the whole video se-
guencdorwardandbackwardin timein orderto take feature
occlusionsanddisocclusionsobustly into account.

6. Texture Coordinate Inter polation

Our garmentsconsistof several panels(Fig. 3). Texture
interpolationis done separatelyfor every panel.In views
where several panelsare visible in the image,we have to
nd theseamdetweerthe panelsin orderto determinehe
panelsggments.We determinethe visible seamsn theim-
ageby identifying dots at the panelboundarieswvhich are
a priori known from the patternmatrix. As additionalinfor-
mationwe know which boundarydotsof differentpanelsare
adjacento eachotherattheseamsTheboundarydotslie in-
sidethe panel,not on the seamanddo not de ne a smooth
boundarydueto thediscretenatureof the pattern A smooth
boundarypolyline is obtainedby interpolatinga new seam
point betweeneachpair of adjacentoundarydots.We use
membraneinterpolationDf = 0 whereD is the Laplacian
operatorand x the positionof the boundarydots.In order
to obtaina smoothpolyline, we usea weightedLaplacian
stencilin the correspondindinear systemwhich assignsa
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Figure 3: Our dresshasthree panels:onefront paneland
two bad panels(top). Theskirt hasa frontanda badc panel
(bottom).)

higherweightto neighboringseampoints. The seampoints
de ne anestimateof the panelseamwhich cannotbe deter
minedfrom theimageddirectly (Fig. 4). Theseampolylines
areusedto cut out a maskfor eachvisible panelfrom the
foregroundmask.

Our goal is a temporallysmoothparametrizatiorof the
garmentregion with texture coordinatesNear the silhou-
ettes,the featuretrajectoriesare not stableenough(due to
failure of detectionand occlusions).Smoothingindividual
trajectorieswvould not be helpful in this case Thereforewe
integratethe smoothinginto the interpolationfunction. Ra-
dial Basis Functions(RBF) are commonly usedfor scat-
tered data interpolation problemslike reconstructingsur
facesfrom point clouds[CBC 01]. A trivariatescalarRBF
is de ned by a setof centersc; 2 R3 and weightsw; 2 R
as[CBC 07]]

f)=pe)+aw fF(x o) (€N

wheref isthebasisfunctionandp(x) is apolynomialof low

degree.Sincebasisfunctionswith local supportdo not pro-
vide the samedegreeof extrapolationandhole lling capa-
bilities asfunctionsof globalsupporf CBC 01], we usethe
globalbasisfunctionf (x) = kxk wherek k is theEuclidean
norm, anda linear polynomial p. Theresultingsurfaceis a
biharmonicthin-platespline.For interpolatingtexture coor

dinates(uv)T 2 R? we usea vectorvaluedRBF

f) = p)+aw f(x c) @)

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

withf:R3! RZandw; 2 R2, p 2 R? arevectorsf isde ned

in spatiotemporaBD space(x;y;t) for temporally smooth
texture interpolation.This meansve have to addatime co-

ordinateto theobtainedeaturepositionsx, y. Thedifference
th+1 tn of adjacenvideoframesis setto themeandistance
of neighboringfeaturesin framen in orderto geta homo-
geneoudistribution of centersc; in 3D space(x;y;t). We

now useRBF approximation(alsoknown assplinesmooth-
ing [Wah9Q CBC 01]) by solving

F 8Nprl P w _ f
PT 0 g ) (3)

whereFij = f (¢ ¢),Rj= pi(¢) for thepolynomialbasis
f p1; p2; p3g = f1;x,yg. The g; arepolynomialcoefcients,

N is the numberof centersandl is the identity matrix. r is
a parametethat determineghe trade-of betweensmooth-
nessof thesurfaceand delity to thedata.This parameteis
found empirically We user = 0:005 for all examples(the
smallestamountof smoothingwhich leadsto reasonablee-
sults). The resultingmatrix is densedue to the global na-
tureof f andcanbe solveddirectly for our problemsize of

N  1000centersRBF approximationis usedfor overlap-
pingtime windows of threevideoframesto ensurgéemporal
smoothnessThetexture coordinatesreinterpolatedor ev-

ery pixel in theforegroundmaskof the middleframe.

7. ShadingMaps

The goal of the shadingalgorithm is to remove the re-
ectance contrikution of the color dotsfrom the luminance
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() (b)

() (d)

Figure5: Inputimage (a), detectedlots(b), remweddots(c), andshadingmap(d). Althoughwe cannotuseshadinginforma-

tion in the dot regionstheinterpolatedresultis closeto theinput.

imagesl while preservingshadingeffects. After trying to

compensatehe differentalbedosof the patterncolors, we
decidedto interpolatethe dot regions becausethe results
are more satisfying. The dot pixels identi ed by adaptve
thresholdingfrom Section4 are usedasinput for shading
map computation We assumeherethat the dot edgeshave
a highercontrastthanshadev edgeson the garmentwhich

is the casein practice.The detecteddots are dilated with

acircle-shapeanorphologicalktructureelemenf GWO02 in

orderto remove the dotsreliably (Fig. 5b). Theinverseim-

ageyieldsa maskwhich is multiplied with theimagel. We

interpolatethe deleteddot regions (Fig. 5c) by usinga sur

facereconstructiomethodfor height elds [Ter83. An ap-
proximatingthin-platesurfaceis tted to theluminanceval-

uesof thedarkgarmentbackground.

Thisis donemy minimizing theenegy functional

7z
a(x;

E= —(2 N1 32+ B+ 22+ Bydxdy  (4)
wherel is thethin-platesurfaceinterpolant Wis abounding
box of the sggmentedgarmentregion and a(x;y) a weight
termfor theinterpolationconstraintWe seta = 0in dotre-
gions (interpolation)and a = 0:1 for the remainingpixels
(approximation).The correspondingculerLagrangeequa-
tionis

a(l J)+DX=0 (5)

where D? denotesthe Bilaplacian operator Eq. 5 is dis-
cretizedwith nite elementson the pixel grid and usesa
5x5 stencilfor the Bilaplacian.A boundingbox of thefore-
groundmaskis computedandEq. 5 is solved on this rectan-
gle. At theboundingbox bordersnotall 24 neighboramight
exist so we recomputethe stencil for the existing neigh-
bors[Ter84. This leadsto a sparselinear systemAx = 0
wherethe numberof variablesequalsthe numberof recon-
structedpixels.We usealinearsolver for asymmetricsparse
matrices[Dav04] for systemsup to n = 400000 variables.
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Thesingle-frameshadingmapsshav temporal uctuations.
Thereforewe Iter theshadingmapswith atemporalGaus-
sian Iter per pixel (window size 3-5 frames).In orderto
getanaccurateesultfor fastimagemotion, we build pixel
correspondenceasetweerdifferentframesby usingthe fea-
ture correspondencesbtainedduring featuretracking. The
featuredeliverasparsesetof o w vectors(we computefor-
ward o w to thenext frameandbackward o w to theprevi-
ousframe).This setis interpolatedber pixel by tting a2D
thin-plate smoothingspline [Wah9qQ with a = 2. The ob-
tained ow elds areusedasspatialoffsetsduringtemporal
Itering.

Theobtainedshadingmapsareappliedto the new texture
during renderingby multiplication pertexel. For the texture
lookup we usebilinear interpolation.We adaptthe mapsto
a higheralbedoby rescaling.The mapsarerescaledoy di-
viding with a referencewhite value which is obtainedby
recordinga referenceimage with maximum brightnessof
thefabric.Notethatthisis correctfor fabricwith Lambertian
re ectanceonly. Fortunately our fabricis closeto Lamber
tian andthe gray value gradientsstill remaincorrectin the
presencef specularitiesvhichis moreimportantfor human
perceptiorthanabsolutevalues.

8. Results

We recordour sequencewith anlmperx1004Cvision cam-
era(1004x1004pixels) at 25 framesper secondn orderto
avoid compressiorartifacts.We putthe camereaon a tripod.
However, our methodis notlimited to staticcamergosition
andworksjustaswell for hand-helccamerasequenceshe
camerais color-calibratedwith a referencecolor checler
andalinearregressiommodel(4x4 matrix for homogeneous
RGB coordinatesin orderto obtainagoodseparatiorof the
garments'dot colorsfor featureclassi cation. For the gar
mentswe usea cotton fabric with a custom-printedcolor
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Figure 6: Accuracy of texture distortionvisualizedas over-
layed chederboad texture. At the garmentborders (right
example)the parametrizationis lessaccumate becausdewer
featueswere detected.

Figure 7: Shadowsare preservedn our renderings.They
appear softer becausewe regularize the solution. The
shadowcontrastis higherthanin Fig. 5d becausdhe shad-
ing mapis rescaledduring rendering

patternusing a mediumgray tone as backgroundA high-
brightnesscontrastbetweenthe color dotsand background
is neededfor robust featurerecognition (adaptve thresh-
olding), whereaghe shadingalgorithmneedsa reasonably
bright fabric, sowe meetbothrequirementsvith a medium
graytone.Thedot spacings 3.2cmandthediameteris 2.1
cm which is a compromisebetweenhigh samplingrate of
the surfaceandsufcient dotsizein theimagewhencaptur
ing awhole person Digital printing makesit easyto design
suchapatternandsendit to acompary specializednfabric
printing. The garmentsare manufcturedby a professional
tailor for therecordedsubject.

All experimentsareperformedon a PentiumlV 3.2 GHz
with 2 GB RAM. The averagecomputatiortime for the au-
tomaticprocessingteps(Fig. 2) in our unoptimizedMAT-
LAB implementationfor a 10041004 video frame is 60
secondg45 seconddor the shadingmap). Selectedalgo-
rithms areimplementedn C: labeling, RBF evaluation,bi-
lineartexture lookup andoptical o w. Fig. 6 shavs the ac-
curay of our texture interpolationalgorithm. The corners
of the overlayedcheclerboardtexture lie on the geometric
centersof the color dots, althoughwe needto smooththe

texture maps.The temporalsmoothnessf theinterpolation
canbe assesseth the accompaying video. We obtainre-
alistic shadingmapswhich presere shados andthe shad-
ing of cloth folds (Fig. 5, 7, 8, 9, 10). Applying themto the
new texture enhanceshe realismof the replacementesult.
The catwalk sequencehows alsothe robustnesof feature
recognitionagainstlighting changegthe garmentis rather
darkin thebegginningof thesequence)Two sequenceshav
fastjumping motionto validatethe featuretrackingability.

Onelimitation of our methodis that video segmentation
still requiresuserinteraction.This is a notoriouslydif cult
problem(e.g.dueto shadevs adjacento the garmentbor
ders)wheremostautomaticapproachesequiremanualcor
rectionfor anaccurateesult. Sgmentationis not the main
focusof our work. Our RBF modelhandlesdiscontinuities
atself-occlusion®nly in anapproximatevay (the disconti-
nuitiesare smoothed)For very loosegarmentdike a dress
theresultsmight not be visually satishctoryin this caseln
our experimentsself-occlusiondueto folding is barely ob-
senablebecause¢hedotsarequitefar apart.Self-occlusions
betweerdifferentgarmentpanelshowever (e.g.betweenwo
legs for trousers)are not a problemasthe RBF tting is
doneseparatelyor every panel.Our texture mapsrequirea
considerabl@amountf spatiotemporamoothingatthegar
mentbordersbecausdeaturedetectionis affectedby fore-
shorteninggspeciallywhenthe overall featuresizeis small
(full personcapture).This is an inevitable dravback of a
monoculamethod.Still, our proposednethodis ableto re-
placethefabrictexture with realisticdeformationandlight-
ing for awiderangeof real-world sceneslt canrobustly deal
with deformation fastmotion, lighting changesandfeature
occlusion.

9. Conclusionand Futur e Work

We have presented systemfor automatictexture replace-
mentof color-codedgarmentsVisually corvincing replace-
mentresultsare obtainedby using3D spatiotemporaRBF
approximation.We also shaw that our shadingmapscan
capturesmall detailsat cloth folds. A single-viev method
is more challengingthan a multi-view approachbut opens
up new applications Currently the performancebottleneck
in our implementationis the computationof the shading
maps.Using fastersolvers (e.g. multigrid) would improve

our systems$ time and memoryconsumptionChangingthe
re ectancepropertiesof thefabricandrelightingarealsoin-

terestingopicsfor futureresearch.
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8 SubmissioD 131/ Texture Replacement

Figure 8: Catwalk sequenceWe are able to replacethe original, recoded color-dot texture on the appasel with arbitrary
patterndesignsThecloseupzoomsn the bottomrow showthe shadingat cloth folds. Notethat feature recaynition worksalso
for oblique surfaceangles(right side left bad panelof the dress).Thevideo sequenceontainslighting changeswhenthe

subjectcomemeater to thecamea.

Figure 9: Our methodcantradk fastmotionbecauset is reinitializedat everyframe(seevideo).

Figure 10: Shadingeffectsnearwrinklesandcloth folds. Theshadingmapsfaithfully representhe maincloth foldsbut appear
smoothethantheinput (smoothings neededo remaethein uence of the patterndots).
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