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ABSTRACT

In this paper, we present a method for tracking and retenguof
garments that exploits the entire image information udiregaptical
ow constraint instead of working with distinct features & hierar-
chical framework we re ne the motion model with every levéhe
motion model is used to regularize the optical ow eld sudhat
nding the best transformation amounts in minimizing aroefunc-
tion that can be solved in a least squares sense. Knowledge thie
position and deformation of the garment in 2D allows us teethe
old texture and replace it by a new one with correct deforomatind
shading properties without 3D reconstruction. Additidpat pro-

vides an estimation of the irradiance such that the new textan
be illuminated realistically.

Index Terms— Optical Flow, Garment Tracking, Deformable
Meshes, Virtual Clothing

1. INTRODUCTION

The problem of capturing non-rigid motion has been addcesse
many elds of application including medical imaging [1], jelot-

based video compression [2], [3] or augmented reality [4]has

been successfully demonstrated for human motion analydisaae
tracking. Automated tracking of 3D deformations of garnseint
monocular video sequences is challenging because the epitypf

the deformation eld is unknown a priori and therefore thewased
deformation model has to cope with various types of defoionat

for deformable object detection and tracking that uses & wake-
line matching algorithm [12] and deformable meshes. Ouraggh
is similar to theirs referring to the motion model but we used
image information instead of distinct keypoints.

Torresankiet al.[11] describe a ow-based method that produces
3D reconstruction from single-view video by exploiting kacon-
straints on optical ow. In [9] Scholzt al. presented an optical ow
based multicamera system where optical ow tracking is cioadh
with silhouette matching. In [13] we demonstrated a metloddsack
deformations of a shirtin a pre-segmented binary videoesscgius-
ing the optical ow and deformable meshes with weighted terap
and spatial smoothing constraints.

The main contribution of our tracking method is a formulatio
of an optical- ow-based error function together with a peeted
mesh-based motion model that can be easily minimized ineatin
least-squares sense. Using direct image informationyiglore ac-
curate results than distinct features or markers. Furtbermve use
the estimated motion eld to retexture garments in a veryptaand
ef cient way.

The remainder of this paper is structured as follows. IniSect
2 we present our optical ow based tracking algorithm. Smtt8
brie y describes our method for retexturing of garmentsdoefwe
present our results in Section 4.

2. OPTICAL FLOW BASED GARMENT TRACKING

Cloth tracking in particular has been addressed by a nunfoer g Order to track an object in a video sequence we exploit the

researchers. Previous work has focused on color-codeerpait],
[6], [7] for multiview systems [8], [5], [9], [6], [7]. Someasearches
also proposed methods for arbitrary textures [8], [4] usesagure-
based approaches or for monocular sequences [4], [10]le et
search has been done in the eld of optical ow based garmeaickt
ing [9], [11].

Guskovet al.[5] introduced a multiview real-time system based
on color-coded markers with a limited size of codewords.ifT$yes-
tem fails for large motions and the markers have to be quigela
Scholzet al.[6] improved upon Guskoet. alby using a color-code
with more codewords that can cope with fast motion. It malsss u
of the a priori knowledge of surface connectivity and coloded
pattern. In [10] they used the same color code for trackingawt
ments in monocular video sequences. Whital.[7] also used color
markers and multiple synchronized cameras.

In [8] Pritchardet al. introduced a feature-based approach to
cloth motion capturing with a calibrated stereo camera fmaac-
quire 3D structure. They use SIFT features to establistespon-

dences. Pileet al.[4] proposed a feature-based real-time method

The work presented in this paper has been developed withufipost of
the European Network of Excellence VISNET Il (Contract I5038398).

optical ow constraint equation along with a prede ned nuoti
model. Finding the best transformation then amounts tormaing
a quadratic error that can be solved in a least-squares:sense

n

E jilx (xi;yi) dx (xi;yi)

i=1

B ®
+ 1y (Xiyi) dy (Xisyi)+ Te(Xisyi) iz

wherel (xi;yi) andly (Xi;yi) are the spatial derivatives of the
image at pixel positiofix;; yi]" andl (x;;yi) denotes the intensity
change between two images amds the number of pixels selected
for contribution to the error function, i.e. pixels where thradient
is non-zero.

The optical ow equation has some constraints that have ttube
lled. First, it is valid only for small displacements betee two
successive frames because it is derived assuming the imeage i
sity to be linear. In order to cope with larger displacememtsuse
a hierarchical framework. Second, it assumes uniform latigre
illumination. Illumination changes are taken into accobytusing
bandpass- Itered images.

On each pyramid level we present our model M as a triangulated
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Fig. 1. Tracking a logo on a shirt. (sequence: 500 frames, 25 fps)
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Fig. 2. Input image (a), position and deformation of the deforraahksh (b), removed dots (c), retexturing with correct deédion and
shading of the new texture

regular 2D mesh witim verticesvy ; (k = 1::m). The position of  smoothing constraints for the vertex displacements swatintbw the

each vertew is given by its image coordinates. = [ X;y«]" . error
Each pixelpi = [xi;yi]" in the image can be represented by its n
barycentric coordinates of its enclosing triangle E= ilx(Xi;yi) dx (Xi;yi)
3 i=1
xi;yil" = Bjt (Xi;yi) [Vix ;Viy 17 + 1y (Xisyi) dy (i yi)+ Te(Xisyi) iz
Wiy " @)
it Vi 2 + kdkk,
3 k=1
Bit (xi;yi)=1;0 By 1 "
i=1 + wy Es(dk)

whereBj: (Xi;Yi);(j = 1;2;3) are the three barycentric coordi- =

nates of pixel[xi;yi]" computed on the original mesh amg are is minimized. The rst term represents the delity of the mgfor-

the three vertices of the enclosing trianglef the mesh consisting Mation whereas the second term is a temporal smoothingreantst

of verticesvy. With a mesh deformatiorix; ;yi] is mapped onto Es(d«) is some spatial smoothing function for the vertex displace-
[x%y9. Thus, we are looking for a deformation of the mesh, i.e.mentdyx between two successive frames locally weightedahy

a displacement of each vertex to v such that the barycentric We choseEs(dx) to be

coordinates ofx?; y?|" are those ofxi;yi]".

Thus, the deformation model can be stated as [13]: Ec(de) = dhe i Aoy
3 JNkJ n2 Ny
d(xi;yi) = Bj (xi;yi) dj (Xi;yi) 3) ®)
tijiltk + diy i Ony
JNkJ n2Ny

whered; (Xi;yi) are the three vertex displacements of the enclos-

ing triangle. Inserting the motion models into equationl€Bds to  whereNy denotes the set of neighbor vertices of vengx i.e. all
an overdetermined linear equation system that is solvedlimar  verticesvy is connected toE (di) is a measure of vertex displace-
least-squares sense. We incorporate additional spatidleamporal ment deviation to the displacements of its neighbors. Beta the
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Fig. 4. Representation of intensities as height elds before fal)af-
ter (b) dot removal and interpolation. The interpolatiosuleyields
a smooth shading map and preserves main folds and wrinkles

© (d)

Fig. 3. Deformed texture (a,b) and correct shading of the deformedtndamental solution to the biharmonic function [14] meanihat
texture (c,d). The texture is correctly deformed at maimilgs and €Y Possess minimum bending energy and yield a smooth aod vi
cloth folds. ally pleasing result. Fig. 4 depicts a region of the shirrespnted

as a height eld before (4(a)) and after (4(b)) the regionh# tlots
has been interpolated. The resulting shading map is smokbitlle w
smoothing constraints can be found in [13]. The weightcan be ~ Main wrinkles are preserved.
e.g. adapted to the degree of 'constrainedness' of a veitedy the
optical ow, e.g. the number of image points that in uencs dis-

placement in the optical ow equation. We chasg to be reciprocal 4. RESULTS
to the norm of all linear factors afix anddyy in the linear equation
system we obtain from equation (1) and (2) We apply the method described in the previous sections toeovi
sequence of 100 frames tracking the elastic deformatiores dift
Wi = K 1 ©) pattern on a shirt (see Fig. 5). The video is recorded at 2Bdsper

second with a resolution df024 768 pixels. Fig. 5(a)-Fig. 5(d)
show example frames of the video sequence with the defoemabl
where  and i are the vectors of linear factors dfx anddxy mesh overlaid on the pattern to display tracking accuracyomF

in the linear equation system. The less pixels contributedaertex  Fig. 5(d) we see that even if a point becomes invisible bexais
displacement the higher the weightt to the additional smoothness wrinkles or fold overs (left point column, third point frorhe bot-
constraint and the more the vertex displacement is forcemjt@l  tom) the smoothing constraints preserve the mesh smoathames
the surrounding displacements. The fadforcontrols the trade-off the mesh does not lose track. However, the tracking methed de
between mesh-smoothness and mapping accuracy. To acasunt cribed in Section 2 is not limited to the dot pattern usee hkrcan
inaccuracies from downsampling and Itering in the imageapyid  also be applied to arbitrary logos on shirts that are richughain

we use large values fd€ in levels with low resolutions and small detail to exploit optical ow [13], [15] (see Fig. 1). In thescases
values in levels with high resolutions, i.e. in lower levetsestimate  other retexturing methods have to be applied [4], [15].

k kxk2+k |<yk2

a smooth mesh transformation representing a global tremsfeon Fig. 3(a) and 3(b) show two close ups of deformed texturels wit
and admit more detailed deformations in higher image levels the deformable mesh overlaid on the texture. Fig. 3(c) adyl @ié-
play the two deformed textures with correct shading. Ouriomot
3. RETEXTURING model correctly represents main wrinkles and cloth foldgpling

the shading maps to the new texture enhances the realigtiesn
The tracking method described in the previous section caapee Sion even for smaller wrinkles.
plied to arbitrary surfaces that are rich enough in detaixploit
optical ow constraints. We applied to method to a shirt wétllot-
pattern that is known a priori, as depicted in Fig. 2(a). Tliews 5. CONCLUSION
us to establish a shading map by erasing all dots and intipgl
the deleted regions while preserving shading effects aikles and We presented a method to track elastic deformations of geasne
fold overs. As we know the position of each dot from the track-based on optical ow and deformable meshes in single vievewid
ing process, we can easily detect and remove all dots on fite sh sequences. The system can cope with arbitrary texturearhaich
The dot positions known from the tracking process are dilatith a ~ enough in detail to exploit optical ow constraints. We apjthe
disk-shaped morphological structure element in ordernoore the  method to a shirt with a dot pattern which allows us to erase th
intensity transitions at the boundary. tracked dots and establish shading maps by interpolatmdeleted
As the shirt is white, we can interpolate the deleted regions regions. The shading maps are applied to a new texture bypult
RGB color space and use the resulting image as a shading Inaap, t cation in order to increase the realistic impression.
is applied to the new texture by multiplication. Interpoiat the Future work will concentrate on further motion models and ad
RGB channels instead of working with the luminance allowsiois  ditional constraints that can cope with a wider range of fmérs
only to recover wrinkles and folds but also lighting effeatsl color  and occlusions. The objective is to design a real-time dedbie
shifts (see Fig. 3). surface tracking system using faster solvers for the eguatistems
For interpolation we use thin-plate splines with contrahpg®in in the tracking and shading interpolation steps. This sgstan be
a bounding box around each detected dot. Thin-plate splires  used in Virtual Mirror scenarios.
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