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Keywords:  deformable object tracking, optical ow vertex. Each pixel position of the image can be represented

constraint, deformable meshes as a weighted sum of surrounding mesh vertices. Fitting
then amounts in minimizing an error function that consists
Abstract of two parts. The rst part formulates the error given by

the optical ow constraint for a particular deformation nedd
In this paper, we present a method for deformable objepte second part is a formulation of mesh smoothness in
tracking that exploits the entire image information usihg t the neighborhood of each vertex. Global transformations
optical ow equation instead of working with discrete feedu and elastic deformations are estimated separately which
points. Our method starts from the optical ow constraifdllows us to regularize the vertex displacements in the

and rst estimates global transformations in a hierarchicgeformation estimation steps without inhibiting smootbll
framework. Elastic deformations are then estimated s#glgira transformations.

using deformable meshes and spatial and temporal smoothing o L . .
constraints. In both cases additional constraints to eegpel | € application we have in mind is a real-time applicatioa in

the optical ow eld are obtained from the motion model suctyirtual mirror environment such as the one presented inlfg].
that nding the best transformation amounts in minimiziny atis @pplication a person steps in front of the virtual mimod

error function that can be solved in a least squares sense. instead of seeing oneself in a real mirror, deformable dbjec

Combing deformable meshes and the optical ow equatid-%e alogo on a t-shirt can be tracked and e.g. changed irr colo

with a dedicated weighted smoothness constraint on the m@5#p€ replaced by another logo to enable virtual dressing (se
deformation and estimating global transformations sephra F19ure 1).

from elastic deformations is key to dealing with complexhe remainder of this paper is structured as follows. We rst
deformations such as cloth deformation as a person moves.prie y review the existing literature in Section 2 before we

present our algorithm in Section 3. In Section 4 we present
1 Introduction the results we obtained with our algorithm.

Deformable object tracking has many elds of applicatiog Related work

including medical imaging [16], object-based vide

compression [7], [17] or augmented reality [19]. It ha®otion between two frames is commonly described by a dense
been successfully demonstrated for human motion analygisplacement vector eld which links the location of eaclirio
and face tracking. We are particular interested in imagesigafa given frame to its location in the next frame. Registgrin
surfaces whose deformations are dif cult to describe, sughmodel to an image and tracking of deformable objects is a
as drapery of textiles. Automated tracking of deformationgrge eld of research and there exists a multitude of meshod

in 2D images is challenging because the complexity of thasically the literature distinguishes between intensityd
deformation eld is unknown a priori and therefore thgeature-based methods. Feature-based methods minimize a
assumed deformation model has to cope with various typesgpdtance between a few corresponding features whereas dire
deformations. methods minimize an error measure that is based on image

One solution to this problem is to compute a regularizecbapti Nformation at all pixels in the image.

ow eld. As the optical ow equation provides one equationfFeature-based methods determine correspondences between
for two unknowns additional constraints are needed. Thase gjistinct features and use them to estimate the best
be smoothing constraints on the optical ow eld itself. Wetransformation between these correspondences.  Various
provide them by explicit motion models. features have been described in the literature. Imagedbase

The main contribution of this paper is the introduction dfaure points are e.g. local curvature extrema or saddle
deformable 2D triangle meshes along with an error functid?ints, edges or corners [5], [20], [11] or SIFT features
based on the optical ow equation that determines the mekkp]- Popular choices of shape-features are the shapextonte

deformation in each frame, i.e. the displacement of eaPRProach of Belongiet al. [2], or statistical moments of the
shape [4]. Feature- based methods are mostly used to nd



rigid or af ne transformation. In order to obtain a smooth
motion eld from the discrete feature point correspondence
an explicit motion model like an af ne transform or the 12-
parameter model can be tted to the points by minimizing
some error function. If the set of points is large enough alsd
more complex transformations can be determined using e.g
radial basis functions (RBF) [3], [10]. The type of the RBF
determines overall characteristics of the transformatiarh as
the smoothness or the locality.

In [18] a feature-based real-time method for deformable
objec_t detectlon and trqcklng is presented using a wide- (a) Captured scene (b) Color of the logo (c) Logo replaced by
baseline matching algorithm [14] and deformable meshes. changed another logo

Our approach is similar to theirs referring to the motion

model but we use direct image information instead @figyre 1: Possible application of the approach

distinct keypoints. Additionally, they do not separatehgb

motion from elastic deformations such that regularizing th

displacement vectors of the mesh vertices inhibits large Htame onto the pixelx% y9" in the current frame:

smooth global transformations. . .

ntensi d =[xPyl iyl 2)
ntensity-based methods do not rely on features and t the

model directly to the image data [13] mainly using the opticgjowever, the solution to (1) is under-determined as each
ow equation [12]. The optical ow constraintis ill-posedsat  equation has two unknowns. Additional constraints can be
provides one equation for two unknowns. Therefore additiorprovided by smoothing constraints on the optical ow eld or
constraints are required. These can be provided by adélitioBy a prede ned motion model, e.g. a global motion model as
smoothing constraints or by a prede ned motion model tgescribed in section 3.1 or a deformation model as depicted i

regularize the optical ow eld. They have been successfullsection 3.2. Finding the best transformation then amounos i
demonstrated in the context of face tracking [6], [8] usinginimizing the quadratic error

deformable meshes or for camera motion or person tracking
using rigid or af ne motion models.

In [1] a method has been presented that uses optical ow in  E = ‘ litx (xizyi) - dx (Xi3yi) 3)
connection with radial basis functions to track less caiisad =1 i
deformations. Their method uses an iterative scheme tatadap +ly (Xityi) dy (Xiiyi) + Te(Xisyi) iz

the number of RBF centers to the degree of non-rigidi

. With n being the number of pixels selected for contribution to
between the images.

the error function, i.e. pixels where the gradient is noreze

The next section describes our optical ow based tracking S ] ) ) ]

approach using deformable meshes. .1 Estimating global transformations in a hierarchical
framework

3 Optical Flow based deformable object tracking The optical ow constraint (1) is valid only for small

L . displacements because it assumes the image intensity to be
In orde.r o track an Obj.eCt na v_|deo se.quence we make usqiﬂsgar between two successive frames. In order to cope with
the optical ow constraint equation [12] larger displacements a hierarchical framework can be W8ed [
For our purpose we use an image pyramid with three levels,
but more levels are easily applicable. On the lowest level
Ix (Xi5yi) O (Xisyi)+ Iy (Xisyi) dy (Xi;yi) = le(xi;yi) Wwhere the linear intensity assumption is valid in a widelgen
(1) we estimate a global translation of the whole object, i.e th

. . displacement vectors are the same for every pixel position
wherely (Xi;yi) andly (X;;y;) are the spatial derivatives of P Yy PXetp

the image at pixel positiofx; ; y; ]T andl; (x;;y;) denotes the dy (Xi3yi) = dy

intensity change between two images, in our case between our dy (Xi:yi) = dy: (4)
deformed model and the current frame of the video sequence. YA Y

In order to be independent from lighting changes, we rsthe best translation is then found by inserting the global
segment the objects of interest and work with greyscale @sagranslation model given by equation (4) into equation (3).
with pixel values0 in the background and higher values for th@inimizing the error results in an equation system with
foreground object. Hereby we Iter both images with a movingquations an@ unknowns which is solved in a least squares
average lter transforming the binary object borders inb@ar sense.

ramps. d(x;;y;) denotes the displacement vector at positiohhe translation estimated on the rst level is applied on the
[xi;yi]" that transforms the pixdk;;yi]" from the previous second level and a warped image is computed. From this image



be represented by its barycentric coordinates of its eimgjos
trianglet:

x3
Xyl = Bit (Xi;yi) [Vix Viy 1"
S ™

global transformation

Bn(m;m)=1g0 Bﬁ 1
j=1

- —— -

where By (Xi;yi);(j = 1,;2;3) are the three barycentric
coordinates of pixe[xi;yi]T computed on the original mesh
andvj are the three vertices of the enclosing triarigté the
mesh consisting of vertices .

elastic deformation field

image pyramide of frame i With a mesh deformationfx;;yi] is mapped ontdx?y?.
Thus, we are looking for a deformation of the mesh, i.e a
Figure 2: Hierarchical framework displacement of each vertex to v such that the barycentric
coordinates ofx%; y9" are those ofxi;yi]":
we estimate an af ne transformation of the objrect on the sdco di =[x%y]
level. If A is the af ne matrix that mapfx;;yi]" on[x%y?" @
; T
with = Bj (Xi;¥i) Vv
X% y2 1]T0= A Ixiyia] vhavg
a & a ) % T (8)
A=@ a, as as A Bj (Xisyi) [Vix vyl
0 0 1 NE

the displacement vectalr(x;; y;) can be written as

Bj (Xi;yi) [dix;diy 1"
dy (xi;yi)=(ar 1) xi+a yi+ as d)2d,

(6)
d iyi) = L+ 1 - 4 . .
y (Y1) = s Xi+(8 1) i+ whered, = v? vy denotes the displacements of the mesh

The best af ne transformation is then found by inserting theertices. Thus, the deformation model can be stated as:
af ne motion model given by equation (6) into equation (3).

Minimizing the error results in an equation system with dy (Xi3Yi) = * Bj (Xi;Vi) i

equations an@ unknowns which is solved in a least squares i1

sense. 4 2t )
We combine the translation and af ne transformation estéda

on the rst two levels and apply the resulting transformatio dy (Xi;yi) = Bj (xiiyi) dy:

on the next level. We compute a warped image and calculate t 2t

the remaining elastic deformations of the object using a _ _ _ _
triangulated mesh as described in the next section. Theis leads to an overdetermined linear equation systemmwith
hierarchical approach is depicted in Figure 2. equations an@m unknowns that is solved in a least-squares

The estimation of global transformations in a coarse-te- nSense minimizing the quadratic error given by equation (3).

approach serves a dual purpose. First, we can cope With,qer to make the mesh deformation temporally smooth we
larger global transformations. Second, estimating glo%plyaregularization method minimizing
transformations separately from the deformations on tke la

level allows us to put smoothing constraints on the vertex X
displacements without inhibiting large but smooth global E = lilx (xiiyi) dk (xiyi)
transformations of the whole shape. =1

+ 1y (Xisyi) dy (Xisyi) + Te(xisyi)iiz - (10)
3.2 Optical ow based elastic deformation estimation X0
+ kdkk2

We present our model M as a triangulated regular 2D mesh with -

m verticesvy; (k = 1:::m) such as shown in Figure 3. The
position of each vertexy is given by its image coordinateswhere is the regularization parameter ardt) are the
pi = [xk;yk]T. Each pixelp;i = [Xi;Vi ]T in the image can displacements of the mesh vertiogs As we have estimated



the global transformation in a previous step the displacgmd
vectors of each vertex represent real deformations and
smooth transformation of the whole obiject. Therefor
the regularization part serves the purpose of smoothing f{ ‘l .H g
deformation temporally forcing the displacement to be JJig <. ‘

small as possible and does not inhibit large but smoo —-_._:::_-'
transformations of the shape. e BT

The displacement of each vertex is calculated only from Enagg

oy "
gradients in the surrounding triangles. Therefore, somices J(} !<j<18

are less constrained than others. For example, the dispéate
(a) undeformed mesh on the binary(b) undeformed mesh on boundary

a A

of the vertex in the right upper corner of the mesh in Figutg 3(
is only determined by a few points lying close to the trianglgodel frame sample points

edge. Moreover, they are likely to move out of this triangle d

to small registration inaccuracies. Thus, this vertex idlya Figure 3: Undeformed mesh on the model frame

or not at all constrained except for the temporal reguléiona

forcing the displacement to be as small as possible fromdram

to frame. This problem is depicted schematically in Figure Aeighbors. In the example presented in Figure 4 where the
Figure 4(a) shows a mesh containing object boundary poimsighbor displacements are equdb (= dy) this error is
The triangle consisting of verticesy; v, andvs does not minimized fordz = do = d3 which results in an undistorted
contain any object boundary points. Thus, the displaceméfiangle.

ds of vertexvs is not constrained by the optical ow equationThe weight wx can be e.g. adapted to the degree of
(1). The regularization term forces the vertex displacemsen ‘constrainedness' of a vertexy, e.g. the number of image
be as small as possible which can be interpreted as temp@@ihts that inuence its displacement. The less pixels
smoothness. Therefore a displacement is zero if it is neantribute to the vertex displacement the higher the weight
constrained by any other equation. So, even if all surraundito the additional smoothness constraint and the more thexer
vertices have the same displacement vector the displadentisplacement is forced to equal the surrounding displacésne

of v3 is zero resulting in a deformation of the triangle (se@e chosewy to be reciprocal to the norm of all linear factors
Figure 4(b)). In order to obtain a spatially smooth resultf dix anddyy in the linear equation system we obtain from
we want the vertex to behave like its neighbors (see Figueguation (3) and (7)

4(c)) and need additional constraints. In order to restrict

the displacements of such under-constrained vertices @nd t we /K 1 (13)
make the mesh deformation spatially smooth we incorporate K cky + K ky ky

additional equations such that now the error

where ¢, and g, are the vectors of linear factors @f; and
dqy in the linear equation system. The factorcontrols the

E= il (Xiiyi) de(Xisyi) trade- off between mesh-smoothness and mapping accuracy.
i=1
+ 1y (Xisyi) dy (xisyi) + e (Xisyi) iz 3.3 2D tracking
X (11) For our purpose we use the rst segmented video frame
+ kdik, as model represented by the triangulated mésh =
Xnkzl M (v ; ek ), consisting of verticesy; and edge®yx; . We

start by estimating a global transformatidpn, from the rst
+ wi Es(dy) . . :

framel, to the next framd, in a hierarchical framework as
described in Section 3.1. The global transformafian is
is minimized, whereEs(dk) is some smoothing function for applied to the mesh and a globally warped image is computed
the vertex displacemedi; weighted bywy. We chosds(dk) from 1. From this image we calculate the remaining elastic

k=1

to be deformations of the mesh, i.e. vertex displacemeis,, as
1 X depicted in Section 3.2. The complete transformation @lob
Es(d) = de —— Oy transformation and elastic deformation) is now de ned by
INK] n2N, 5 the new mesiM, = M (vk2 ; €k ) consisting of new vertex
X (12) positions:
+ dg i dn
T NG n2N ’ Vie = Vi = Tua(Via) + dia iz (14)

2

whereNy denotes the set of neighbor vertices of ventgx The new mesM , can now be used to compute a warped frame
i.e. all verticesvy is connected to. E(dk) is a measure Igfromll. In the next step we estimate a global transformation
of vertex' displacement deviation to the displacementst®f iT,0.3 and elastic deformatiorti; .3 from the warped imagi)



@ (b) (©

Figure 4: lllustration of the smoothness constraint for uretdetermined vertices

to the third framd 3 based on the new mesh,. We can now the error function given in equation (12). In this case
use the complete deformed méddh to warp the rstframd, the displacement of the vertex in the right upper corner is
onto the third framé?. constrained by its neighbors which results in a smoother
In each following step we estimate a global transformatiaersion of the mesh deformation.

Thon+1 and elastic deformationdyn o.n+1 from the warped From both results we learn that although the estimated
imagel 0 to framel .1 , i.e. in each step the mesh is deformethesh deformation cannot represent the partial occlusion in
a bit more, and we use the complete mesh deformation to wéiigure 6(e), 7(e) and 8(e) accurately the system does not
the rst frame onto frameé ., . lose track because we estimate the transformations from the
Using the warped images for the estimation of thearped images allowing for recovering from such estimation
transformation instead of the frames themselves avoids erinaccuracies (see Figures 7 and 8).

accumulation in the transformation. The approach is degict

in Figure 5. 5 Conclusion and outlook

4 Results We presented a method to track deformations of an object
in a pre-segmented binary video sequence using the optical
We applied the method described in the previous section toos&v constraint. We estimate global transformations and
video sequence of 160 frames tracking the elastic defoomsiti elastic deformations separately in a hierarchical framkwo
of a logo on a shirt (see Figure 6) including partial occlasiowvhich allows us to put temporal smoothing constraints on
(e.g. in Figure 6(e)) and 3D rotation (e.g. Figure 6(g),6(h) the transformation in the elastic deformation estimatitap s
Figure 7 depicts the mesh deformation using the error fanctiwithout inhibiting global large but smooth transformaton
de ned in equation (10). To illustrate the mapping result wAdditionally, we introduce spatial smoothness constraint
use the contour of the logo that we nd using a simple gradieatjuations on the vertex displacements that we weight
operator and overlay the contour of the deformed model @tcording to the 'constrainedness' of a vertex by the optica
blue in Figure 7) with the contour of the target object (inied ow equation. The less a vertex displacement is constrained
Figure 7). by the optical ow the higher the weight and the more the
As denoted above some vertex displacements are mdigplacement is forced to smooth the mesh. By estimating the
constrained than others, i.e. the vertices belong to differ transformations from warped images instead of the frames
numbers of triangles on the one hand and these triangleemselves we allow for recovering from previous inaccigsc
contain different numbers of gradient pixels on the otherdha in the transformation estimation.
For example, the displacement of the vertex in the right uppe

comner of the mesh is constrained only by a few contour pc)IrNISext steps will concentrate on extending the method to non-

.Of the logo lying close to t.he triangle edge. Moreover, e'?}inary video-sequences, so that the pre-segmentationistep
in Figure 6(f) the target object has moved out of the trlangnet needed anvm M g hi hical h
? ymore. Moreover, using hierarchical meshes

which means that the vertex displacement is badly or n . . :

. . - allows us to re ne the mesh in regions where the deformation
at all constrained besides the regularization term fortirveg . ; .
. : is large. Further effort will be made, to de ne simple shape
displacement to be as small as possible. However, a beﬁer}

smoother result would be obtained if the vertex behaved li gatures for detection of the desired object in the videméa

: . X St initialization. The objective is to design a real-time

the other vertices belonging to the same triangle as stated,] . . :
. S L . ) : deformable object tracking system so that further stepk wil

Section 3.2, resulting in a minimal distortion of the trigeg . L

. . : : . also concentrate on real-time application of the method.

Figure 8 depicts the mesh deformation we obtain using
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Figure 5: lllustration of the tracking approach

Acknowledgements

(7]
The work presented in this paper has been developed with the Technology13(5), March pp. 245-25, 2003.

support of the European Network of Excellence VISNET II

(Contract IST-1-038398).

(8]

References

[1]

(2]

(3]

[4]

[5]

[6]

A. Bartoli and A. Zisserman. Direct estimation of non- 9]
rigid registrations. IrProc. 15th British Machine Vision
Conference2004.

S. Belongie, J. Malik, and J. Puzicha. ShapH.O0]
Matching and Object Recognition Using Shape Contexts.
IEEE Transactions on Pattern Analysis and Machine
Intelligence 24(24), pp. 509-510, April 2002.

F. L. Bookstein. Principal Warps: Thin-Plate Splinesxdan[1 ]
the Decomposition of Deformation$EEE Transactions
on Pattern Analysis and Machine Intelligendd.(6), pp.
567-585, June 1989.

[12]
C. C. Chen. Improved Moments Invariants for Shape
Discrimination.Pattern Recognitior26(5), pp. 683-686, [13]
1993.

C. S. Chua and R. Jarvis. 3D Free-Form Surface
Registration and Object Recognition. International [14]
Journal of Computer Visiarl7, pp. 77-99, 1996.

D. DeCarlo and D. Metaxas. Deformable model-based
shape and motion analysis from images using moti¢h5]
residual error. IrProc. 6th International Conference on
Computer Vision (ICCV)USA, p.113, 1998.

P. Eisert. Mpeg-4 facial animation in video analysis and
synthesis.International Journal of Imaging Systems and

P. Eisert and B. Girod. Analyzing facial expressions for
virtual conferencinglEEE Comput. Graph. Appl18(5),
pp. 70-78, 1998.

P. Eisert, J. Rurainsky, and P. Fechteler. Virtual Mirro
Real-Time tracking of Shoes in Augmented Reality
Environments. InProc. International Conference on
Image Processing (ICIP'07R007.

M. Fornefett, K. Rohr, and H. S. Stiehl. Elastic
Registration of Medical Images Using Radial Basis
Functions with Compact Support. IRroc. Computer
Vision and Pattern Recognition (CVPR'9®p. 402-407,
June 1999.

1] C. Harris and M. Stephens. A combined corner and edge

detection. InProc. 4th Alvey Vision Conferencep.147-
151, 1988.

B. K. P. Horn.
Education, 1986.

Robot Vision McGraw-Hill Higher

M. Irani and P. Anandan. About direct methods Plroc.
International Workshop on Vision Algorithms (ICCV'99)
London, UK, pp. 267-277, 2000.

V. Lepetit, P. Lagger, and P. Fua. Randomized trees for
real-time keypoint recognition. IRroc. Computer Vision
and Pattern Recognition (CVPR'05)Vashington,USA,
pp.775-781, 2005.

D. Lowe. Distinctive Image Features from Scale-
Invariant Keypoints.International Journal of Computer
Vision, 60(2), pp. 91-110, November 2003.



AVEPARANS Ny
gmuGim‘ ‘v§§§§“
SN S
[
fiig

(@ (b)

(d)

2,
SRR
MR
PR

@
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Figure 7: Mesh deformation corresponding to the example fres in Figure 6 estimated using the error function de ned in
equation (10)
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Figure 8: Mesh deformation corresponding to the example fres in Figure 6 estimated using the error function with
additional smoothing constraints de ned in equation (11)



