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Abstract

In this paper, we propose a new statistical framework for

modeling and extracting 2D moving deformable objects from
image sequences. The object representation relies on a hie-

rarchical description of the deformations applied to a tem-

plate. Global deformations are modeled using a Karhunen

Loeve expansion of the distorsions observed on a repre-

sentative population. Local deformations are modeled by

a (first-order) Markov process. The optimal bayesian es-

timate of the global and local deformations is obtained by

mazimizing a non-linear joint probability distribution using

stochastic and deterministic optimization techniques. The

use of global optimization techniques yields robust and re-

liable segmentations in adverse situations such as low signal-
to-noise ratio, non-gaussian noise or occlusions. Moreo-

ver, no human interaction is required to initialize the mo-

del. The approach is demonstrated on synthetic as well as

on real-world image sequences showing moving hands with

partial occlusions.

1 Introduction

In an increasing number of application fields the ob-
jects to be modeled undergo deformations which have
to be analysed and characterized. Deformable models
[3, 4, 7] are mathematical models which incorporate
knowledge about shapes and their variations. These
models have been used with success in the analysis of
still as well as dynamic images, to extract, track or
characterize deformable objects.

In this paper we introduce a modeling framework
which relies on a hierarchical statistical description of
shape deformations, in which both global and local de-
formations are represented. The global description of
deformations relies on a (statistical) modal decompo-
sition introduced recently by Cootes et al. in [2]. Local
deformations are modeled as local random perturba-
tions and are assumed to follow a first-order markov

process; they can be seen as a refinement of the global
deformations applied to the original shape. The joint
distribution of the deformable template is derived and
a Maximum A Posteriori (MAP) estimate of the de-
formations is obtained by minimizing a global energy
(objective) function describing the interactions bet-
ween observations (spatial or temporal gradients ex-
tracted from the image) and the deformation process.
The method combines the advantages of fast global
optimization techniques with a compact hierarchical
statistical description of deformations. This yields fast
model adjustment and robust segmentation.
Computer vision methods relying on deformable
templates are often expressed as the minimization of
(global) energy functions describing the interactions
between the observed data and the variables of the
model [4, 8, 9]. In most methods [1, 5, 7, 8, 9] (apart
from the work of Grenander et al. [4]), deterministic
optimization algorithms are used to solve for the mo-
del configuration. These approaches require human in-
teraction to initialize the model and are also known to
be very sensitive to local minima of the objective func-
tion. The global optimization process which is consi-
dered here does not have this drawback: it is robust to
noise, occlusions and does not require an initial confi-
guration of the model close to the optimal solution.
Staib and Duncan [8] have proposed to use Fou-
rier descriptors, associated to bayesian estimation me-
thods to analyse deformable objects. Human interac-
tion is however needed to initialize the model. Cootes
et al, [2] consider the Karhunen Loeve (KL) transform
of the global deformations observed on a training set of
representative shapes. KL analysis allows to approxi-
mate the global deformations of the original template
by superimposing the main variations modes extrac-
ted from the shapes belonging to the learning set.
Five to ten parameters are usually sufficient to obtain
an accurate description. In [3], these global deforma-
tion parameters are adjusted to fit the model on edges



extracted from the image. A deterministic relaxation
scheme, which requires an initialization close to the
optimal configuration, is used to find the deformation
modes [3]. In [4] Grenander et al. has obtained very
promising results in image restoration and segmen-
tation by modeling local deformations using Markov
processes. Monte-Carlo techniques are used to com-
pute the Maximum A Posteriori (MAP) estimate of
these local deformations. Due to the large size of the
space of configuration, the computation of the map
estimate is generally computationally demanding [4].

The hierarchical model proposed here can be opti-
mized efficiently thanks to its reduced number of glo-
bal deformation parameters. Local deformations are
identified using a deterministic relaxation algorithm
which has fast convergence properties. Local minima
are not a problem since optimization on the global
deformation parameters provides a good initialization
for the deterministic refinement procedure. This pa-
per is a short version of technical report [6] in which
additional detail about the method as well as other
experimental results can be found.
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Figure 1: Hierarchical description of deformations

2 A hierarchical statistical de-
formable model

Following Cootes et al. [2], we represent the shape
of interest by the point distribution of a “deformable
template” which incorporates a priori knowledge on
the structure of the object and its variability. A par-
ticular shape X is represented by a set of n labeled
points which approximate its outline [2] (see Fig. 1).

The global deformations of shape X are characte-
rized by a displacement vector dX with respect to a
pre-computed mean shape (the “template”) X* [2]. A
KL expansion of the displacement vectors observed on
a representative population allows to obtain a good
approximation for the actual deformations, on a low
dimension space [2]. If P designates the matrix of the
m unit eigenvectors corresponding to the m largest ei-
genvalues, and if b denotes the vector (m x 1) corres-
ponding to the m most significant deformation modes,
the deformable template is represented by the follo-
wing model [6]:

X = Mk,0)[X*+Pb] + T (1)

Global transformations from the similarity group (ro-
tation of angle 6, scale change by a factor k and trans-
lation T) are taken into account in this model (Fig. 1).

A local deformation process is introduced to refine
this first (eventually crude) description. Local defor-
mations are modeled as random perturbations on the
location of the points belonging to the globally defor-
med pattern. This local deformation process t is as-
sumed to follow a first-order Markov random process,
which takes into account interactions between neigh-
boring points. The global statistical model becomes
(Fig. 1):

Y = M(k,0)[ X*+Pb] + T + t (2)

where: t = (t1, t2 ,..., t,) and t; = (ts,, ty,), is the
random local deformation process applied on the n
labeled points. t is assumed to be a zero-mean first-
order Gauss-Markov random process:

1 1
p(t) = C €%~ 5 t TRt 3)

where R is the covariance matrix of t and C is the
partition function. The joint distribution of vector t
may be written as:

) = & eap-t 31 it P4 7] @)
p — C exp 2 par 612 1 i—1 a_ig 1

where 07 and € are the parameters of the model. €2
weights the interactions between neighboring points.
Low values for o7 draw the shape towards the globally
deformed model X. In all experiments, these parame-
ters have been kept constant (07 =4 and €7 = 1).

3 Bayesian estimation of defor-
mations

The hierarchical statistical deformable model defined
in the previous section is used as an a priori model wi-



thin a global bayesian estimation scheme. One or more
specialized modules extract from the image sequence,
low-level features (spatio-temporal gradients) that will
be used as observations in the estimation process.

Let O = (Os, s € S) designate an observation field
defined on a rectangular lattice S related to the spa-
tiotemporal variations of the intensity function. The
Maximum A Posteriori (MAP) estimate of the defor-
mable template is defined by:

Yo = arg max p(O]Y) p(Y) (5)

The distribution p(O|Y) (presented in the next sec-
tion) describes the interactions between the observa-
tions and the deformations to estimate.

According to the assumption on the statistics of
t (see Eq. 3), Y follows a first order Gauss-Markov
process:

WY) = Gep -5 (Y-X) TR (Y=X) (6)
This prior distribution controls the local and global
deformations of the original template. The similarity
transformations M(k,§), T and the global deforma-
tion modes b are considered as deterministic parame-
ters of this probabilistic model and are estimated using
a Maximum Likelihood (ML) method.

4 Segmentation model

We have considered here the particular problem of the
extraction of moving objects from images sequences in
the case where the camera is static. In this context,
we rely on observations related to temporal gradients
extracted from the image sequence.

Let I;(s), s € S denote the intensity function, where
s = (x,y) designates the 2-D spatial image coordinates
and t the time axis. A first set of observations corres-
ponds to temporal changes O;(s) evaluated on three
successive images; a second observation set is related
to the changes O3(s) between the current image and a
reference image I,..7(s) which is created and updated
on line [6]:

O1(s) = min(|fi(s) — Li—1(8)|, [Le+1(s) — Le(s)])
O2(s) [ rey(s) — It(s)| (7)

Temporal gradients such as O;(s) are known to yield
poor observations in homogeneous regions. The second
observations Oz (s) are less sensitive to this problem
and are used as complementary information.

For a given configuration of the template, the image
can be partitioned into two regions: the inside of the

template X (R™) and the outside of X (R") corres-
ponding to the background. The following (Gibbs) dis-
tribution p(O|X) is specified to describe the interac-
tions between local observations O(s) and the confi-
guration of the deformable model:

p(O[Y) = % exp—[ Y 0(s)=1]+ Y [0(s)-0] ]
sER— s€ Rt
(8)
where C’ is a normalization constant and:
O(s) = max(I'a(01(s)),I'3(02(s))) 9)
Iyy)=1ify>n and Ty(y) =0 else (10)

This distribution tends to enclose moving points in-
side the deformable model and to reject static points
belonging to the background outside the outline of the
model.

5 Global optimization

The Maximum A Posteriori (MAP) estimate of the de-
formable template may be expressed as:

Yopt = arnga*X p(O|Y)p®(Y) (11)

where O is the global parameter vector of the model:
® = (M(k,6), T, b) (12)

The joint distribution may be rewritten as a Gibbs dis-
tribution where Z is the partition (Z does not depend
on O®):

POIY) pg(¥) = - cap ~Ug(0,Y),  (13)

with the following energy function:

Ug(0,Y) = > |0(s)=1]+ Y |0(s)=0]
sER— se Rt
+ % (Y -X(0) TR (Y - X(©®)). (14)
Starting from the initial model configuration Y = X*,

the model global parameters ® are estimated alterna-
tely with the configuration of the model, yielding a
partial optimal solution [6]. In our case, the global pa-
rameter vector ® is estimated using a Maximum Like-
lihood procedure. A global optimization of the joint-
likelihood (Eq. 13) with respect to parameter vector
O is first performed with a fast stochastic relaxation
procedure (relying on a standard simulated annealing



algorithm based on the Gibbs sampler dynamics [6]).
This optimization step yields:

O = Arg Ming Ug(0,Y) (15)

The MAP estimate of the deformable template Y is
then approximated using a fast deterministic relaxa-
tion scheme corresponding to a modified version of the
ICM algorithm [6]. This step determines the local de-
formation process t:

Yopt = Arg Min{Y — X(Oope) + t} U@Om(O,Y). (16)

6 Experimental results

In our experiments, we have considered the segmenta-
tion of complex deformable structures [1, 2, 4] corres-
ponding to hands moving against a background.

In the first experiments (Fig. 2), observation maps
O(s), obtained from real hand outlines, have been cor-
rupted by non gaussian noise. Occlusions have also
been simulated (Fig. 3). The initial model configura-

tion (a 40 point model here), correspondingto Y = X*,

can be seen in the lower right part of Fig. 2a. Fig. 2b
shows the result of global optimization on the simila-
rity transformation parameters only. The result of the
global optimization on the nine first most significant
variation modes (vector b) is shown Fig. 2c. As can be
seen, the boundary is localized accurately, even with
very low signal-to-noise ratios (Fig. 2d), for corrupted
(Fig. 3a, 3d) or occluded observations (Fig. 3b, 3c).

The robustness of the approach is best illustrated
on a part of a real sequence (of more than one hundred
frames) showing a hand moving against a textured
background (Fig. 4a to 4c). The algorithm was able
to extract and track the hand reliably over the whole
sequence by initializing the deformable template (a 30
point model here) in the current frame by the final
configuration obtained on the previous frame and by
considering the seven first modes. The noisy and par-
tial observations O(s) (Eq. 9), corresponding to the
different frames of this sequence are presented in Fig. 5
(please note the occlusions on the fingers).

The total cpu time, on a Sun-4 station (sun IPX)
was about 6 minutes for the complete processing of
one 256x256 frame.

7 Conclusion

In this paper, we have presented a global bayesian
framework for modeling and processing deformable

shapes. The technique relies on the definition of a de-
formable template on which hierarchical deformations
are applied. The deformations are described using glo-
bal statistical models and the optimal bayesian esti-
mate of these deformations is computed using stochas-
tic and deterministic optimization techniques.

The proposed modeling and algorithmic framework
is comprehensive and suited to the representation of a
large class of deformable objects. It may be adapted
to segmentation problem based on other image attri-
butes (luminance, color, texture, depth, etc.). The use
of a hierarchical deformable model also yields promi-
sing future prospects as far as the characterization and
the interpretation of the dynamic behavior of complex
objects is concerned.

References

[1] A. BLAKE, R. CURWEN, and A. ZISSERMAN. - A
framework for spatiotemporal control in the tracking
of visual contours. — Int. J. Computer Vision, Vol. 11,
No 2: pp. 127-145, oct. 1993.

[2] T.F. COOTES, C.J. TAYLOR, D.H. COOPER, and
J. GRAHAM. - Training models of shape from sets of
examples. — In British, Machine Vision Conf., pages
9-18, Leeds, UK, Sept. 1992.

[3] T.F. COOTES, C.J. TAYLOR, A. LANITIS, D.H. CO-
OPER, and J. GRAHAM. — Building and using flexible
models incorporating grey-level information. — In Proc.
4th Int. Conf. Comp. Vis., pages 242-246, Berlin, Ger-
many, May 1993.

[4] U. GRENANDER, Y. CHOW, and D.M. KEENAN. —
Hands. A Pattern Theoretic Study of Biological Shapes.
— Springer, 1991.

[5] M. KASS, A. WITKIN, and D. TERZOPOULOS. —
Snakes : Active contour models. — In Proc. First Int.
Conf. Comp. Vis., pages 259-268, London, UK, June
1987.

[6] C. KERVRANN and F. HEITZ. — A hierarchical sta-
tistical framework for the segmentation of deformable
objects in image sequences. — Technical Report No
2133, INRIA, Dec. 1993.

[7] C. NASTAR and N. AYACHE. — Fast segmentation,
tracking and analysis of deformable objects. — In Proc.
4th Int. Conf. Comp. Vis., pages 275—279, Berlin, Ger-
many, May 1993.

[8] L. H. STAIB and J. S. DUNCAN. — Boundary finding
with parametrically deformable models. — IEEE Trans.
Pattern Anal. Machine Intell., Vol. 14, No 11: pp.
1061-1075, Nov. 1992.

[9] A.L. YUILLE. — Feature extraction from faces using
deformable templates. — Int. J. Computer Vision, Vol.
8, No 2: pp. 99-111, 1992.



% a b C

Figure 2a-b-c: Intermediate steps in the segmentation process. - d: Result with low signal-to-noise ratio.

a b c

Figure 3: Segmentations with different signal-to-noise ratio and partial occlusions.

a b c
Figure 4: Segmentation and tracking of a moving hand against a textured background
a b c

Figure 5: Observations maps O(s) used for the segmentation of the moving hand.




