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In many applications of dynamic scene analysis, the objects or
structures to be analyzed undergo deformations that have to be
modeled. In this paper, we develop a hierarchical statistical mod-
eling framework for the representation, segmentation, and track-
ing of 2D deformable structures in image sequences. The model re-
lies on the specification of a template, on which global as well as lo-
cal deformations are defined. Global deformations are modeled us-
ing a statistical modal analysis of the deformations observed on a
representative population. Local deformations are represented by
a (first-order) Markov random process. A model-based segmenta-
tion of the scene is obtained by a joint bayesian estimation of global
deformation parameters and local deformation variables. Spatial or
spatio-temporal observations are considered in this estimation pro-
cedure, yielding an edge-based or a motion-based segmentation of
the scene. The segmentation procedure is combined with a tempo-
ral tracking of the deformable structure over long image sequences,
using a Kalman filtering approach. This combined segmentation-
tracking procedure has produced reliable extraction of deformable
parts from long image sequences in adverse situations such as low
signal-to-noise ratio, nongaussian noise, partial occlusions, or ran-
dom initialization. The approach is demonstrated on a variety of
synthetic as well as real-world image sequences featuring different
classes of deformable objects.

Key Words: deformable models; Markov models; image sequence
analysis, segmentation, tracking, Kalman filtering.

1. INTRODUCTION

Until the middle of the 1980s, the representations developed
in model-based image processing essentially aimed at the de-
scription and analysis of 2D and 3D rigid structures undergoing
rigid movements. However, in an increasing number of appli-
cations fields (remote sensing, meteorology, oceanography, bi-
ological or biomedical images, analysis of human motion, tur-
bulence analysis), the shapes and dynamic phenomena to be
modeled undergo deformations which have to be analyzed and
characterized. The representation and processing of deforma-

tions has thus recently gained considerable popularity, espe-
cially in the past ten years.

The modeling of deformations, however, remains an intri-
cate problem, due to the wide range of shapes and distorsions
which may be encountered: articulated structures (composed
of rigid parts) [53], shapes undergoing elastic deformations
(i.e.,, hands, biomedical, or biological shapes) [46, 49, 59], or
fluid flows [41, 60]. This calls for the development of appropri-
ate mathematical models, adapted to each particular class of
deformations.

1.1. A Hierarchical Markov Modeling Approach

The statistical model introduced in this paper aims at rep-
resenting 2D moving structures undergoing elastic deforma-
tions. Our approach relies on the description of the shape of
interest by a deformable template which incorporates statis-
tical knowledge about the shape and its variability [29]. The
representation of deformations is based on a Markovmodeling
[22, 23, 25, 32, 51] of local deformations, associated to a modal
representation of global shape distorsions [15]. This hierarchi-
cal statistical representation of deformations has shown itself
to be very flexible. It has been used with success to extract and
track a large variety of deformable shapes (showing high vari-
ability) over long image sequences (typically several hundred
of frames).

In our representation, the parameters describing global
shape deformations include transformations from the group of
similarity (translation, rotation, scale) and parameters which
control the main variation modes of the original template.
The group of similarity transformations enables a first crude
registration of the shape on the input data. In addition, to
control the main variation modes of the original template, a
Karhunen-Loeve (KL) expansion of the deformations observed
on a representative population is used. Following [14, 15], a
modal approximation of global deformations is obtained by re-
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taining the first eigenvectors of this KL expansion. As a con-
sequence, only a relatively small number of parameters en-
ters into the specification of a particular configuration of the
model.

Local deformations are modeled, at a second level of the hi-
erarchical representation, as local random perturbations of the
shape and are assumed to follow a first-order gaussian Markov
process. This local process can be considered as a refinement
of the global deformations applied to the original shape, since
the main deformation modes have been captured by the pre-
liminary global shape deformation modeling step. The use of
a statistical local deformation process has been inspired by the
work of Grenander et al. [24, 23] on stochastic pattern repre-
sentation.

The use of a Markov modeling framework enables the
derivation of — in a bayesian sense — optimal estimates of de-
formations as well as the development of well-founded tech-
niques to estimate the parameters of the model. In the exper-
iments that have been conducted, the proposed approach has
shown itself to be robust to nongaussian noise as well as to par-
tial occlusions. (Figures 4 and 5 present examples of image
segmentations obtained in such adverse conditions.)

1.2, Statistical Image Segmentation

The segmentation of a deformable shape is based on a global
bayesian estimation scheme, in which the previously described
statistical representation is used as an a priori model. A max-
imum a posteriori MAP estimate of the deformation process
is obtained by maximizing a highly nonlinear joint probabil-
ity distribution [22, 23] describing the interactions between
data (spatial or temporal gradients extracted from the image
sequence) and the deformation process. The global param-
eters of the model (cntrolling the global deformations modes
obtained from the KL expansion) are obtained simultaneously
with the segmentation using a marginalized maximum likeli-
hood (MML) estimator [43]. In motion-based segmentation,
global optimization techniques are used to obtain estimates
which do not depend on the initial configuration of the model
(see Section ). This saves the operator the bother of providing
manual initializations for the model (even for the first frame).
A completely data driven segmentation is then obtained.

1.3. Temporal Tracking of the Deformable Model

The statistical segmentation procedure outlined in the pre-
vious section is combined with a Kalman filter-based tempo-
ral tracking of the global deformation parameters of the tem-
plate. The tracking procedure is reinitialized when an abrupt
kinematical change in the deformable movement is detected
[30]. Tracking the deformable structure significantly reduces
the computational cost of the segmentation method over a
long image sequence by propagating good initial segmenta-
tions between two successive frames. For the same reason,
trackingalso enables us to process large movements more reli-
ably.

The combined segmentation-tracking procedure is summa-
rized on the flow diagram depicted in Fig. 1, which presents the
way the two procedures interact. The segmentation procedure
is composed of three steps:

¢ An initialization step that provides the initial template
configuration for the segmentation procedure.

¢ A second step in which the global deformation parame-
ters that roughly describe the configuration of the tem-
plate in the current frame are estimated. This step also
provides the measurements used by the Kalman filter to
update its current state estimate.

¢ Afinalstep in whichlocal deformations thatrefine the de-
scription of the deformable shape are obtained. This step
provides the final segmentation at time ¢.

The initial segmentation at time ¢ # 0 is defined by the tem-
plate configuration predicted from the previous frame t — At by
the Kalman filter (unless an abrupt change is detected). At time
t = 0 or when an abrupt change in the movement has been de-
tected, the Kalman filter is reinitialized. In this case, the initial
segmentation is provided manually at random (¢ = 0), or by
using the updated estimate obtained at¢ — At.

The trackingprocedure interacts with the segmentation pro-
cedure through the filtering of the global deformation param-
eters provided by the segmentation:

e At first an abrupt change test compares the global defor-
mation parameters obtained at time ¢ by the segmenta-
tion procedure to the parameters predicted at time ¢ — At
and eventually decides to reinitialize the tracking proce-
dure.

e Then, the global deformation parameters estimated by
the segmentation procedure are used as measurements to
update the Kalman filter state.

¢ Finally the Kalman filter predicts the global deformations
of the template at time ¢ + A¢.

The segmentation and the tracking procedures are detailed
in Sections and of this paper.

1.4. Paper Organization

The remainder of this paper is organized as follows. Back-
ground and related studies are presented in Section 2. The
statistical hierarchical deformable template, combining global
deformation modes and a local deformation (Markov) pro-
cess, is described in Section 3. Image segmentation through
bayesian estimation of global and local deformations is consid-
ered in Section 4. The segmentation is experimentally shown
to be robust to model initialization and nongaussian noise as
well as partial occlusions. Section 5 describes the tracking pro-
cedure, based on arecursive temporal filtering of the model pa-
rameters. The statistical procedure for the detection of abrupt
changes in the kinematic behavior of the deformable shape
is presented and evaluated. Experimental results obtained by
the deformable model-based segmentation and tracking pro-
cedure on long, real-world image sequences, are commented
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Figure 1: The deformable model-based segmentation and tracking scheme

on in Section 6. Four case studies, featuring a variety of de-
formable shapes, are considered: the segmentation and track-
ing of hands and lips, the tracking of the coiling of a cinema
film for servoing purposes, and the extractionofa beating heart
in echocardiographic medical imaging (four additional case
studies may be found in [34]). Limitations of the method are
also discussed and illustrated.

2. BACKGROUND AND RELATED WORK

Deformable models are mathematical models which incorpo-
rate knowledge about shapes and their variations [23]. Since
the early work of Kass, Witkin, and Terzopoulos on active con-
tour models (or snakes) [28], deformable models have gained
increasing popularity in computer vision, [13, 24, 49]. First

considered in staticimage segmentation, these models are now
used with success in image restoration [23] to track deformable
structuresin image sequences [30, 39, 46] or to characterize ob-
jects with the help of deformation analysis,[1, 24, 41]. To this
end, deterministic as well as stochastic approaches have been
devised.

Among the deterministic approaches, general purpose
closed contours (“snakes” and variants) controlled by elastic
forces based on local curvature, inflating forces, and image-
based potentials (created for instance by local edges) have
been used to extract continuous contour lines [13, 28]. Their
limits and drawbacks are now well known. The optimization
of the energy function associated to active contours models
is generally performed using variational principles and finite
differences techniques [28], which need an appropriateinitial-



ization to converge to a relevant solution. Snakes are not well
adapted to the modeling of shapes with discontinuities or mul-
tiple shapes, although some techniques proposed recently take
them into account [44]. These models have been generalized to
the representation of deformable surfaces by Cohen et al [13]
for 3D segmentation in medical imaging. Finite element meth-
ods have been introduced in this context. More sophisticated
concepts have been introduced recently, based on the theory of
surfaces evolution and geometric flows [35, 38]. These evolu-
tion models generally do not require manual initialization and
automatically handle different object topologies, allowing the
detection of an arbitrary number of structures in the image.

Deterministic 3D physical models based on rigid and de-
formable parts, primarily used in computer graphics, have
been considered in image analysis to segment and track de-
formable objects [46, 49, 50, 56]. Deformable structures are
modeled using parametric models such as superquadrics [56]
or other polynomial shape models [49]. The evolution of the
shape is governed by the laws of rigid and nonrigid dynamics
expressed by a set of Lagrangian equations of motion. Modal
analysis methods (stemming from mechanics) have been in-
troduced in this context. These methods allow us to generate
different shapes using the free vibration modes of parametric
models [46, 49, 56].

Application-tailored parameterized templates have been
proposed in cases where strong a priori knowledge about the
shape being analyzed is available. The parameterized tem-
plates described by Bouthemy et al. [10] and Yuille et al. [59]
rely on a specific description of the structure of the shape to
be represented. These models have been used to detect atmo-
spheric disturbances in meteorological pictures [10] and to ex-
tract and track deformable features such as eyes or lips in hu-
man faces [59]. In [59], the elastic model is adjusted by mini-
mizing an energy function. These models are hand-built using
simple parameterized 2D geometric representations. In this
approach, building a new model can thus become a quite slow
and tedious task.

A more flexible approach was devised by Cootes et al. in
[14, 15]. In their approach, the shape structure and the param-
eters describing its deformations are learned from a training
set of representative shapes. Modal approximation techniques,
based on the (orthogonal) KL transform, allow us to approxi-
mate the deformations of the shapes belonging to the learn-
ing set on a low dimension eigenspace. KL-based modal ap-
proximation, also known as principal component analysis, is a
standard technique in pattern recognition [48]. This technique
hasbeen used by, among others, Turk and Pentland [58] for the
retrieval and recognition of human faces in large data bases,
Cootes et al. [15], and Martin et al. [40] for the description of
deformable shapes. Recently, Nayar and Murase [45] took ad-
vantage of this compact representation for the development of
real-time recognition systems of 3D objects from gray level ap-
pearance images. In the case of 2D deformation models, five
to ten parameters are usually sufficient to obtain an accurate
modal approximation. In [14, 15], the deformation parameters
were adjusted to fit the model on edges extracted from the im-
age. A deterministic relaxation scheme, which requires an ini-

tialization close to the optimal configuration, is used to find
the deformation parameters [15]. A global fitting algorithm
based on genetic algorithms was also proposed in [26]. Other
orthogonal transforms have been suggested to represent de-
formations on low dimensional spaces. Staib and Duncan [55]
used, for instance, a standard decomposition on a Fourier ba-
sis, associated to iterative minimization techniques to analyze
deformable objects. Chuang et al. introduced wavelet repre-
sentations in [12] to decompose a curve into components at
different scales: coarse scale components are related to global
shape features while the finer scale components contain local
detailinformation. Let ushowevernotice that the KL transform
yields the more compact representation in every case.

A second point of view on elastic matching focuses on
models of random deformations for a given initial shape (de-
formable template). Grenander et al. [1, 23] and Mardia et al.
[39] obtained promising results in image restoration and seg-
mentation by considering statistical deformable models which
describe the statistics of local deformations (transformations)
applied to an original template. Markov models have been in-
troduced in this context, along with bayesian estimation meth-
ods, in order to derive optimal random deformations estimates
[23]. Monte Carlo techniques are necessary to compute opti-
mal MAP estimates. Unfortunately, due to the very large size
of the space of configuration, the computation of the MAP esti-
mate is computationally demanding [23], when no initial guess
close to the optimal solution can be provided.

The statistical modeling approach we present here com-
bines the advantages of a compact description of global defor-
mations along with an accurate description of local deforma-
tions. These two levels of description are embedded within a
single statistical (Markov) model, yielding several advantages,
with respect to other related statistical [1, 23, 39] or determin-
istic [15] approaches:

e The use of a Markov modeling framework allows the
derivation of (in a bayesian sense) optimal estimates of
deformations.

e Model parameters are estimated simultaneously with the
deformations using well-founded statistical techniques.

¢ Contraryto [23], global deformations are described with a
reduced number of parameters. The optimal shape con-
figuration may thus be easily obtained with fast stochas-
tic optimization techniques. Local deformations are also
estimated with low computational cost, since they sim-
ply correspond to a refinement of the globally deformed
shape.

¢ Contraryto the approach of Cootes et al. [14, 15], the seg-
mentation scheme proposed herein has shown itself to be
robust to nongaussian noise and small occlusions.

¢ The computation of optimal statistical estimates is based
on optimization schemes that do not necessarily require
initial template configurations that are close to the de-
sired solution. Initializations may be defined at random,
leading to segmentation procedures that are completely
data driven.
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The hierarchical Markov model is described in the next sec-
tion.

3. A HIERARCHICAL STATISTICAL
DEFORMABLE MODEL

Modal analysis methods have proven highly efficient for de-
scribing deformations using a reduced number of significant
parameters [15, 40, 46, 50, 56]. In our hierarchical model, the
description of global deformations relies on a statistical modal
decomposition based on the KL transform [15, 48, 58]. The
KL expansion allows us to approximate the global deforma-
tions observed on a training set of representative shapes on
a low dimensional eigenspace. Only the first most significant
deformation modes are retained in this transform, yielding a
shape-tailored representation of global deformations [15, 40].
A local deformation process, described by a Markov model,
is introduced at a second level of the hierarchy to refine the
global shape representation (Fig. 2). This two-level hierarchi-
cal description of deformations (Fig. 2) has shown itself to be
very flexible for representing accurately a wide variety of de-
formable shapes (see Section in which a selection of shape
models is presented).

3.1. Description of Global Deformations

To obtain a compactapplication-tailored description of the ob-
ject of interest, the shape template and its main deformation
modes are characterized using an off-line' training procedure.
This training procedure relies on the KL expansion of the de-
formations observed on a representative population. This pro-

L A partial on-line training procedure enabling a simultaneous im-
age segmentation and updating of deformation modes has been de-
scribed by the authors in [31].

cedure, first proposed by Cootes et al., is described in detail in
[14, 15]. Tt is briefly recalled here.

Following [14, 15], a particular shape xi, belonging to the
training population is represented by a set of n labeled points
which approximates its outline (Fig. 2):

T
Xk = (xkhykhxk?vyk%"'axkruykn) .

The r labeled points correspond to the most salient points of
the shape outline; these “landmarks” are extracted manually
on the learning population. Following [15], the shapes belong-
ing to the learning population are normalized in scale, and
aligned with respect to a common reference frame. The mean
shape x and the covariance matrix C of shapes {xx } are com-
puted from this set of normalized shapes. The main deforma-
tion modes of the template model X are then described by the
eigenvectors ® of C, with the largest eigenvalues [14, 15]. The
globally deformed template is defined by (Fig. 2)

X = M(k,6) [x + ®b] + T, 8

where

o T and M(k, ¢) account for rigid transformations of the
template in the image plane (T is a global translation vec-
tor, and M(k, 9) performs a rotation by 6 and a scaling by
k),

o &=1(¢,,¢,, -, ¢,,) is the matrix of the first m (m < 2n)
eigenvectors associated to the m largest eigenvalues and
b = (b1,---,bm)7T is a vector containing the weights for
these m deformation modes.

A global configuration of the deformable template is thus de-
scribed by 4+m parameters corresponding to rigid transforma-
tions (four parameters) and m modal weightsb;, 7 =1,...,m.
In practice, only five to seven modes are necessary to stand for
more than 90% of the variability observed on the training pop-
ulation [15]. This first crude representation is refined using a
local deformation process, as described in the next section.

3.2. Description of Local Deformations

Alocal deformation process d, applied to the r labeled points,
is introduced to refine the global description presented in the
previous section. These local deformations are considered as
random perturbations (represented by local random transla-
tions) that are superimposed on the globally deformed shape
(Fig.2). Thelocal deformation vector d is described by a Gauss—
Markovprocess defined on the graph corresponding to the out-
line of the deformable template. The Gauss-Markov distribu-
tion models the statistical interactions between the local ran-
dom deformations applied to neighboring points of the tem-
plate [29]. The complete model is expressed as (Fig. 2)

Y =X+6=M(k,0)[x+Pb]+ T+ 9, )

where 8 = (81,02, --,0,)T and &; = (84,,8,,)T. The probabil-
ity distribution of § is defined by

1 1 1 5
— exp —= 6T R7' 6,

P(8) = :

3)



where R is the covariance matrix of § and Z, designates
the partition function. Assuming a first-order Gauss-Markov
model (i.e., a first-order neighborhood structure on the graph),
the joint distribution of § becomes

n

b

=1

1 1
[;zn& I

4)

Parameters o7 and e? are interpreted as variance parame-
ters. Parameters 7 weight the interactions between neighbor-
ing points and control the smoothness of local deformations.
Parameters o? control the amplitude of the local deformation
vectors. Low values for o7 will draw the hierarchical model Y
toward the globally deformed shape X. In our experiments,
these parameters were assumed to be constant: ¢? = o and
e? 2. Vi. This is of course an approximation since o2 and
¢7 should depend on the distance between the points of index
i—1 and ¢, unless the feature points are equally spaced. Adopt-
ing constant values for these parameters in our implementa-
tion has, however, proved satisfactoryin practice: the goal was
to favor smooth shapes, in particularin the presence of missing
data (occlusions, noise, etc.). To this end the values o = 2 and
e = 1 have been adopted and kept constant in all experiments.

= €7,

4. DEFORMABLE MODEL-BASED IMAGE
SEGMENTATION

Significant improvements have been obtained in image seg-
mentation problems by introducing global statistical models
such as Markov random field models (MRF) [22, 25, 32, 51] or
statistical deformable models [24, 23] that constrain the seg-
mentation process. In the following we consider the problem
of extractingand tracking moving deformable objects in an im-
age sequence.

Our approach for the segmentation of deformable shapes re-
lies on a bayesian formulation of the problem. The hierarchi-
calmodel defined in the previoussection (Eq. (2)) is considered
as an a priori statistical model describing the configurations of
the shape ofinterest. Besides, one or more specialized modules
extract from the image sequence low-level features (spatial or
spatio-temporal gradients) that will be used as observations in
the bayesian estimation process.

4.1. Bayesian Estimation of Deformations

Letd = {d., s € S} designate an observation field defined on
arectangular lattice S. The observation field d, extracted from
the image sequence, is related to the spatio-temporal varia-
tions of the intensity function. The segmentation problem is
formulated as the MAP estimation of the (hidden) random pro-
cess Y from the observation field d:

Y* =

arg max P(d|Y)P(Y) = arg max P(Y,d). (5)

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

Zip exp —% (Y -X(©@) "R (Y -X(©)). (6

P(Y) =
where R is the covariance matrix of process 4 (see Egs. (3) and
(4)) and the mean X (@) corresponds to (see Eq. (1))

X(®) = M(k,0) [k + &b] + T. @

©® = (M(k,6), T, b) denotes here the (deterministic) set of
hyperparameters of this probabilistic model [17].

The distribution P (d | Y) is the likelihood of the observation
field given the deformation process. This distribution depends
on the image attributes used in the segmentation and on the
observations at hand. In our case, this likelihood is specified
as a Gibbs distribution [22] which incorporates specific knowl-
edge on the application

P|Y) = — exp —Ea(Y,d), (®)
Zaq
where E4(Y,d) is an energy function and Z; is the partition
function (E4(Y, d) is specified in the next section, in the case
of motion-based and edge-based image segmentation).

The joint distribution appearing in Eq. (5) is thus also a
Gibbs distribution

P(Y,d) = exp —Eo(Y,d), 9)

1
Zy Za
where

Eo(Y,d) = E4Y,d) + % (Y - X(©)) TR (Y — X(©)).
(10)
Let us notice that Z = Z,, Z4 does not depend on © since
O only appears in the mean of the Gaussian distribution (see
Eq. (6)). On the other hand, the normalizing constant Zg =
[ exp —Eq4(Y,d)dd and hence Z generally depends on Y.
However, we show (see Appendix A or [34]) that for the segmen-
tation models considered in Section , Z; may approximately
be considered as constant (the result is exact for the motion-
based segmentation model and approximate in the case of the
edge-based segmentation model). In the following we consider
that Z = Z, Z4 does not depend on Y. As a consequence, the
MAP estimation of the deformable template comes to the min-
imization of global energy function Ee (Y, d). The final config-
uration of the template is thus a compromise between priorin-
formation on the deformable structure and image-derived in-
formation (see Eq. (10)). Strong prior information about the
template deformations is embedded in the model, thanks to
the modal expansion described in Section . This helps obtain-
ingrobust segmentations in adverse situations such as noise or
occlusions.
The modeling of E4(Y,d) is considered in the next section
in two cases: motion-based image segmentation and edge-
based image segmentation.



Figure 3: Observation maps for the segmentation. (a) thresholded temporal gradients; (b) spatial gradients.

4.2. Segmentation Models

In the segmentation process, the global energy function
E4(Y,d) stands for the interactions between data d and the
deformable template Y. The modeling of E4(Y,d) is clearly
problem dependent. In this section we present two different
models for E4(Y,d). Both aim at extracting objects of inter-
est from an image sequence. The first model yields a motion-
based segmentation of the scene: objects are characterized by
their motion with respect to the background. The background
may be static or may itself be in motion. This first model re-
lies on temporal gradient data. The second model is a more
standard edge-based segmentation model, relying on spatial
gradient data. We present in section 6 several case studies cor-
responding to these two models, applied on real-world image
sequences.

4.2.1. A Motion-Based Segmentation Model

Let I:(s), s € S denote the intensity function, where s = (z, y)
designates the 2-D spatial image coordinates and ¢ the time
axis. We first assume that the camera is static. In order to ex-
tract moving objects from the image sequence, temporal vari-
ations (Fig. 3a) are estimated using two complementary meth-
ods. The first one measures variationsd, (s) on three successive
images; the second one estimates the changes d(s) between
the current image and a reference image which is created and
updated on line

d1 (S)
dz(s)

min (| I¢(s) = Li—ae(s) |, [ Texne(s) = L(s) ] ),
[Lres(s) — Le(s) . 68

where At designates the time step between two successive
frames. As can be seen, three frames are necessary to obtain
asegmentation: I;_a:, I; and I:4+a¢. The tracking procedure is
applied, once the first segmentation has been obtained, i.e., af-
ter the third frame. The reference image /... ¢(s) is constructed
using a linear estimator of the background described in [20].
Observations d (s) present high values for points belonging to
amoving object and low values for background points. Tempo-
ral gradients such asd; (s) are known to yield poor observations
in homogeneous (i.e., nontextured) regions or in the presence
of self-overlapping of an object mask during the displacement.
The second observation d(s) based on a reference image of

the background is less sensitive to this problem and is used as
complementary information.
The observation field (data) is thus defined as

d(s) = max (sa(di(s)), sp(d2(s))), (12)
where s,(y) = 1 ify>n
sp(y) = 0 otherwise, (13)

where o and 3 are two thresholds for the detection of signifi-
cant motion. Energy E4(Y, d) then describes the statistical in-
teractionbetween the thresholded temporal gradients d(s) and
the configuration of the deformable model. For a given con-
figuration of the template, the image can be partitioned into
two regions: the inside of the template F,I{ corresponding to

the object of interest and the outside of the template F,O( corre-
sponding to the background. Energy E4(Y, d) tends to enclose
moving points inside the deformable model and to reject static
points, belonging to the background, outside the outline of the
model:

Ea(Y,d) = Y |d(s)— 1]+ Y [d(s)—0|.

I (@)
SEFY SGFY

(14)

This model can also be generalized to situations in which the
camerais itself moving (inducing a global motion on the back-
ground) by using a preprocessing step to compensate for the
apparent motion of the background [34, 47].

4.2.2. An Edge-Based Segmentation Model

In many applications, the only relevant clue available for per-
forming the segmentation corresponds to spatial gradient in-
formation, related to photometric edges (Fig. 3b). This in-
formation allows an accurate segmentation of the deformable
structure, provided that the template be initialized close
enough to the desired solution. This initialization may be
done manually or using preprocessing steps based for instance
on mathematical morphology [54] or on the Hough transform
[36].

In this case, we adopt the following standard form for the
energy term related to observations [59]:

Eq(Y,d) oc = > [[VI(s)]|

SGFY

(15)



V1(s) designates here the spatial gradient vector at site s and
FY is the boundary of the deformable structure. The energy
function E4(Y, d) is here simply defined as the integral of the
spatial gradient along the boundary of the deformable model.
This energy was first introduced in [28] for a snake model; it
was afterwards adapted to deformable templates in [59]. Vari-
ants of this energy function are now commonly used in many
edge-based segmentation approaches.

4.3. Estimation of the Model Hyperparameters
and Optimization

4.3.1. Marginalized Maximum Likelihood Estimation

Thanks to an approximation presented in the following, it is
possible to design a simple, noniterative procedure for estimat-
ing the hyperparameters of the stochastic deformable model.
For notation conveniences, the joint distribution of Y and d is
redefined as

P(Y,d|®) = % exp —Eo(Y, d), (16)
where, as already noticed, Z does not depend on ® or on
Y. The segmentation problem is formulated as the joint es-
timation of Y and of the (unknown) set of hyperparameters @
[17,43]. Since ® is unknown, a standard criterion for estimat-
ing © is the MML criterion [43]:

o* a.rgmax/ P(Y,d|®)dY
® Y

arg max / P(d|Y,®)P(Y|©®)dY. (17)
® Jy

The estimate of Y is computed in turn, using the MML estimate
©* and the already considered MAP criterion:

Y* = arg max P (Y, d|e*). (18)

Estimation of ®. @ is estimated according to Eq. (17).
Note that the local deformation process § can usually be con-
sidered as a local random refinement of the globally deformed
shape. This simplifying assumption expresses the fact that
Y remains concentrated around the globally deformed shape
X(®). Under this assumption, the variance of stochastic pro-
cess d is small compared to the size of the deformable shape
and the gaussian distribution of Y may be approximated by a
Dirac distribution:

P(Y|®) = o exp—5 (Y -X(®) "R (Y - X(®))
~ 5€Y - X(@)). 19
It follows
0" =

argm(gx/ P(]Y,®) (Y —X(©))dY
= argmax P(d|Y =X(©))

= arg Hgn Eq4(X(0©), d). (20)

Thus the MML criterion reduces to the minimization of the
data-related energy term Eq(Y, d), for Y = X(O).

The simplifying assumption (19) is, in general, approxi-
mately true if the shape to be analyzed is close to the shapes
that have been used to train the KL-based modal decompo-
sition. This assumption may however not hold when the ob-
served shape differs significantly from the shapes belonging to
the training population or when the observed shape cannot be
obtained linearly from these training shapes. In such a case the
local deformations may contribute to the configuration of the
template in a nonlocal manner (see for instance Figs. 11 and
12) and the estimate of § should be used to iteratively refine
the estimation of ®. This feedback has been tested in a first
implementation of the segmentation procedure, but has not
been retained since it produces no noticeable enhancement of
the visual quality of the segmentation (but yields a significant
increase of the computationalload).

Estimation of Y. The MAP estimate of Y is easily derived,
given the estimate ®*. The MAP criterion (Eq. (18)) comes to
the minimization of the global energy function

Y* = arg min Egx(Y,d), (21)
where Ee (Y, d) is defined by Eq. (10).

To summarize, the segmentation of the structure of inter-
est requires the estimation of the hyperparameters according
to Eq. (20) and the minimization of the global energy function
according to Eq. (21). These (nonlinear) optimization steps are
performed in different ways, depending on the clues used in
the segmentation process. This is explained and illustrated on
synthetic examples in the following sections.

4.3.2. Stochastic and Deterministic Optimization

Motion-Based Segmentation. In order to be insensitive
to the initial configuration of the deformable model, global op-
timization techniques are performed on the first frame of the
image, to determine ©*, according to Eq. (20). This global
optimization step relies on a simulated annealing algorithm
based on the Gibbs sampler [22]. Although stochastic, this al-
gorithm leads to a rather fast adjustment of the deformable
shape, thanks to the reduced number of parameters to esti-
mate. This procedure yields robust segmentations and avoids
a manual initialization of the model. Local deformations (cor-
responding to the estimation of Y *) are obtained in a second
step, according to Eq. (21), using a fast deterministic relaxation
algorithm known as ICM [5]. This relaxation algorithm is ini-
tialized by Y = X(©*). The total cpu time for the segmenta-
tion of the first frame is about 3 or 4 min for a 256 x 256 image
on a standard SUN/SPARC 10 workstation.

The subsequent frames are then analyzed using only the
deterministic ICM algorithm coupled with a tracking proce-
dure of the deformable model, to be described in Section 5.
The tracking procedure provides good initializations from one
frame to the next, avoiding resorting to the relatively time con-
suming simulated annealing algorithm. As a consequence, the
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cpu time falls down to 45 s for one image. In [23], Grenan-
der et al. reported several hours cpu time to perform the seg-
mentation of a hand, with a partial manual initialization?, on
a 128 x 70 image. Grenander’s experiments were performed 10
years ago and thus it is difficult to compare cpu times. How-
ever, our approach is intrinsically faster, thanks to the modal
decomposition of shape deformations and shape tracking. The
local deterministic approach proposed by Cootes et al. in [15]
leads to cpu times comparable to ours (about 50 s are an-
nounced in [15] on a standard workstation) but requires a man-
ual initialization of the model [15]. A genetic algorithm was
proposed in [26], along with the model of Cootes et al., to cope
with the model initialization problem, but this algorithm is
known to have a complexity at least equivalent to simulated
annealing (cpu times are not given in [26]).

The robustness of our approach to initial conditions, noise
and missing data (partial occlusions) is illustrated Figs. 4 and 5
on a hand template. In these experiments, observation maps
d(s), obtained fromreal hand outlines, have been corrupted by
nongaussian noise. Observation maps with different signal-to-
noise ratios and partial occlusions have been simulated. In any
case, the prototype shape is initialized at random in the image
(here in the lower right part of the image — see Fig. 4a).

Figure 4b shows the result of a global optimization with re-
spect to ©, considering only the similarity transform parame-
ters (i.e., global rotations, translations, and scale changes). The
complete estimation of ® (including the deformation hyper-
parameters from the KL expansion) yields to the segmentation
depicted in Fig. 4c which is considered satisfactory. A similar
result is obtained, in Fig. 4d, with a very low signal-to-noise ra-
tio and the same random initialization. Figure 5 shows simi-
lar segmentation results, in the presence of partial occlusions
(missing fingers - Fig. 5a, 5b) or when two structures are su-
perimposed (Figs. 5¢). Figure 5d presents a case in which the
algorithm gets confused by two superimposed hands. This il-
lustrates the limitation of the approach, which does not specifi-
cally handle large occlusions or widespread cluttered areas (ro-
bust estimation methods might be devised to address this issue
[6]). These results however demonstrate the ability of the ap-
proach to provide robust segmentations in adverse situations
such as small occlusions or missing data (an example of the
segmentation of a real-world sequence of a moving hand with

2A point of the template was constrained to take up a specified lo-
cation in the image

(a, b, ¢) Initialization and convergence of the deformable model. (d) Segmentation with low signal-to-noise ratio.

a partial occlusion is presented in Section 6).

Edge-Based Segmentation. The optimization scheme is
similar to that for the second segmentation model presented in
Section . However, a global minimization by a stochastic algo-
rithmis not appropriate here, since the segmentation criterion
is generally valid only within a region of interest, close to the
expected solution [15, 28, 46, 55]. A standard deterministic op-
timization procedure (steepest gradient descent) is therefore
used in this context [55] to determine ©®*. Local deformations
(corresponding to the estimation of Y *) are obtained as before
using the fast deterministic ICM relaxation algorithm [5]. The
deformable template is here initialized manually on the first
frame of the sequence. Subsequent frames are initialized by
temporal predictions of the template obtained by the tracking
procedure described in Section 5. This method was able to ex-
tractand track reliably complex deformable structure over long
image sequences, with only one manual initialization (on the
first image), as is demonstrated in Section 6.

The tracking procedure, based on a Kalman filtering of the
model parameters, is described in the following section.

5. TRACKING THE DEFORMABLE MODEL OVER
A LONG IMAGE SEQUENCE

The segmentation procedure described in the previous section
is combined with a temporal tracking of the hyperparameters
of the model, as explained in the Introduction of this paper.
Tracking the deformable structure over a long image sequence
[8, 16, 30, 46] reduces significantly the computational cost of
the segmentation method (by propagating good initializations
from one frame to the next) and enables us to process large
movements more reliably. The temporal prediction and filter-
ing of the model parameters also provide valuable information
about the global dynamic behavior of the deformable structure
over time, which might for instance be used for interpretation
purposes. A review of existing methods in curve tracking may
be found in [7].

Contrary to standard approaches, based on the tracking of
discrete low-level or intermediate-level image primitives such
as characteristic points [2], segments [19], or regions [42], the
tracking procedure proposed here considers the structure of
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interest and its possible deformations as a whole by track-
ing the hyperparameters ® = ( M(k, §), T,b) describing the
configuration of the deformable template. The tracking of
rigid motion parameters, describing the movement of homo-
geneous regions, was proposed in [42]. This approach has re-
cently been extended to rigid motions associated to active con-
tour models in [3]. In [57], Terzopolous and Szelisky use a
Kalman filter to guide the dynamic evolution of an active con-
tour model. In their approach (called “Kalman snakes”) the
deformable model is governed by the laws of nonrigid dynam-
ics. An approachakin to ours [30] was proposed independently
by Blake et al. in [9] for tracking piece-wise smooth curves
in the image plane. The tracker consists in an estimator of
the parametrization of the motion of a template defined by B-
splines. The method includes a learning process in order to
tune the tracker to movements observed on a training set. This
method enables us to reach real time tracking on simple tem-
plates and movements. In [14], Cootes et al. outlined a tempo-
ral prediction method for tracking the parameters of their de-
formable model, using a heuristic first order linear prediction
equation. Such a model does, however, only stand for very sim-
ple movements. The trackingscheme presented here, contrary
to the one proposed in [3, 42], takes into account the deforma-
tions of the moving structure. Contrary to [14], it incorporates
different kinematical and noise models, and an a posteriori fil-
tering of the model parameters, based on the Kalman filter re-
cursive estimation. Moreover we have introduced a procedure
for the statistical detection of abrupt changes in the tracking
model [27], which enables us to reinitialize the Kalman filter
when a significant change in the kinematical behavior of the
deformable structure is detected. In the following, we mainly
concentrate on the dynamical evolution model and on the ob-
servation model, both used in the formulation of the problem.
The Kalman filter equations are recalled in Appendix B.

5.1. Temporal Evolution of the Deformable Template

Considering the tracking of the model over a long sequence,
the model is redefined at time ¢ as

The trackingprocedureis based on a linear recursive estima-
tion of the hyperparameters ®; of the model. Let us recall that

Segmentations with missing data and partial occlusions.

0, = {M,, T, b;} contains the rigid transformation parame-
ters and modal deformation parameters for the template. The
local deformations § are not considered in the temporal filter-
ing equations because it is difficult to predict the statistical be-
havior of the local deformation process over time. Trackingd is
in fact not necessary, since adopting 4 = 0 as an initialization
in our segmentation scheme yields fast convergence to the de-
sired solution, as explained in Section . On the other hand, the
temporal tracking of the global deformation parameters ©; is
highly advisable since a good prediction (from one frame to the
next) avoids the need for expensive global optimization proce-
dures or manual initialization of the template.

In our implementation, the state vector s; of the Kalman fil-
ter contains parameters T;, M, and b; and their derivatives.
Measurements w; used in the recursive filter are provided by
the segmentation procedure and correspond to the MML es-
timation of the global parameters @ = {M;, T}, b}}, as de-
scribed in Section.

The dynamic evolution of the hyperparameters is obtained
from a second order Taylor expansion of template X,:

. At?
X + At Xy + TXt,

Xitat
X: 4+ At X;.

(23)
Xitat

By substituting Eq. (22) into Eq. (23), we obtain the dy-
namic equations for the global deformation parameters (see
Appendix C):

- AN
Miga: = M, + At M, + N M.,
Miyar = M; + At My,
. At? .
Tiyne = Ty + At T, + N T,
Tita: = T¢ + At Ty,
. A2 ~_, .
bt-l-At = bt + At bt + T Qt-}-At Mt @bt,
. 3 At ~_ . . .
bipar = [I4+ “5 @74, (M:® — Mijpa: ®)]be
At? ~ . ~_ .
+ AtI — T{)t-l-lAtMt+At{) q>t+1AtMt¢bt
(24)
with

Sla = [(Miar®)” (Mepa: ®) ] (Meya: ®)7. (25)



Based on these dynamics and on a kinematical model de-
scribed in the next section, we derive the standard Kalman fil-
ter equations associated to the global parameters M;, T;, and
b; (see Appendix B).

5.2. The Constant Velocity Kalman Filter

Several kinematic models were considered by the authors in
[30, 34] in order to track deformable shape over long se-
quences. A “constant velocity” filter with white noise, a “con-
stant velocity” filter with correlated noise, and an “instanta-
neous velocity” filter have been implemented. All filters give
qualitatively similar final results, even though some interme-
diate state estimates may be quite different. We limit here our
presentation to the constant velocity filter which has given sat-
isfactory results in our experiments. The other filters are de-
tailed in [34].

The constant velocity filter assumes approximate constant
velocities for the model hyperparameters M; and T:. Neglect-
ing higher order derivatives we get:

M,

Mt+At .
Tt+At T,
Let us notice that by substituting Eq. (26) into Eq. (24) one
also gets an approximate constant velocity for by:

(26)

~
~

l.)t-I-At ~ [I —+ 3TAt Qt_-I-At (Mt — Mt-I-At) @] l.)t ~ l.)t.
27
In the constant velocity filter, the second order derivatives of
the hyperparameters (i.e., their acceleration) are considered as
(small) random accelerations, modeled as white noise. These
assumptions correspond to a standard kinematic model that
has, for instance, been used to trackisolated points or line seg-

ments [19].

State variable model. If z; stands for T;, b;, or M;, the
state vector is defined as s; = (z: #;)”. The dynamic evolu-
tion of the system is described by:

St4ar = Ars: + &, (28)

where A; is the state transition matrix and &, is a zero-mean
white Gaussian noise with covariance matrixQ; = E [¢, £7].
For our kinematical model, the transition matrices A; for pa-
rameters M;, T, and b, are easily derived from Egs. (24) and
(26). The transition matrices for M, and T have the same ex-
pression:
I At 1
A,

(29)

0 I

Matrix A for the deformation parameter by is expressed as

A= (30)

The expression of the noise term £, on the state vector is given,
on the one hand, for M; and T: and on the other hand for b.
by

At
2 t
gt = ?
At 7z
At? ~_ .
=5 @), M, i
gt = 3
At? = _ .
AtI_T{)t-I-AtMt"'At‘I) (bt-}-AtMt(bZt
(€29

where the acceleration term Z; is, as already explained, mod-
eled as a zero mean white noise with variance o2....

As can be noted, there is a nonlinear coupling between pa-
rameters b and M since the prediction and updating of b de-
pends on M. In order to obtain an approximate linear formu-
lation of the recursive estimation, we have uncoupled the fil-
ters on parameters M, T and b by approximating M, by Mt| ¢
and Mt+At by Mt+m| . where Mt| . is the state estimate at time
t and Mt+m| . is the predicted state at time ¢ + At (see Ap-
pendix B). This approximation yields good experimental re-
sults in practice.

Observation model.  The observations w; are the re-
sult of the noisy measurement of the hyperparameters ®; =
{M;, T;,b;}. These measurements are obtained using the
MML estimation procedure described in Section (see Fig. 1).
This yields the standard observation model [19]

w: = Hese + 1y, (32)

where

Ht = (I7 0)

I is the identity matrix. The statistical properties of the noise
term 1, could theoretically be derived from the properties of
the MML estimator that provides the measurements. It is ap-
proximated here by a zero-mean white gaussian noise with co-
variance matrix V; = E [, n]]| = o21. This approximation
has provided satisfactory results.

5.3. Tracking Procedure and Detection
of Abrupt Changes

The tracking procedure may be described as the following: at
time ¢ the current state estimate (corresponding to the hyper-
parameters and their derivatives) is s;,. The prediction step
of the Kalman filter (Egs. (45 and (46) in Appendix B) defines
the predicted location s, at|+ of the deformable model in the
next frame (at time t+ At). The predicted state s, At|¢ IS gener-
ally close to the optimal configuration corresponding to a rel-
evant segmentation (unless an abrupt change occurs). Mea-
surements w4 at time ¢ + At are defined as the MML esti-
mates of the model hyperparameters, as described in section
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Figur € 6: Tracking of the 1°! modal amplitude b, (constant velocity filter).

These estimates are computed by a fast deterministic op-
timization procedure (the ICM algorithm [5]) that tunes the
hyperparameters toward the spatial or temporal gradients ex-
tracted at time ¢ + At, according to Eq. (20). The updated
state’s; at|t+a¢ is finally derived from the classical Kalman fil-
ter equations (Egs. (42) and (43) in Appendix B).

The prediction and filtering of the hyperparameters of the
deformable template is completed by a statistical detection of
abrupt changes which allows us to reinitialize the Kalman fil-
ter when the observed movement does not correspond to the
underlying kinematic model. Hinkley’s cumulative sum test
[27] that we have used for this purpose is detailed in [30, 34].
The Kalman filter is reinitialized when an abrupt change is de-
tected. In the case of motion-based segmentation, a global
optimization step is performed in order to obtain reliable es-
timates for the model hyperparameters. In the case of edge-
based segmentation, global optimization is not desirable (see
Section ), and the tracker is reinitialized with the filtered esti-
mate obtained on the previous frame.

The number of abrupt changes detected by the cumula-
tive sum test essentially depends on the complexity of the de-
formable motion. Although only a few abrupt changes were
observed in practice on most image sequences presented in
Section 6, the number of significant changes may noticeably
increase when the underlying kinematic behavior becomes
highly nonstationary. A second filter that is based on an on-
line computation of the instantaneous velocities of the param-
eters is described in [30, 34]. Although these instantaneous ve-
locities are quite noisy, this filter leads to less abrupt change
detections in the case of complex kinematic behaviors. The
final estimates and computational loads are, however, similar
for these two kinematical models. The instantaneous velocity
filter is not presented here due to space limitation, and we refer
to [30, 34] for additional details.

The performances of the constant velocity Kalman filters are
illustrated in Fig. 6 which shows plots of the predicted and fil-
tered estimates obtained, for the first modal amplitude b;, on
a synthetic hand image sequence. Since the ground truth is
known in this case, one can evaluate the performance of the
tracking. The simulated deformable movement has been gen-
erated from Eq. (22), using eigenvectors obtained from a train-
ing sequence and specifying adequately the other parameters.
Detections of abrupt changes are represented Fig. 6 by verti-
cal bars. As already mentioned, in this case, when an abrupt
change is detected, the Kalman filtering is reinitialized and a
global optimization step is performed in order to estimate re-
liable model hyperparameters. As can be seen in Fig. 6, the
Kalman filter enables a reliable tracking of the deformation pa-
rameterd; (similar qualitative results are observed for the other
parameters). Abrupt changes are mainly detected in regions of
fast evolution of the considered parameter.

The contribution of the Kalman filter-based tracking proce-
dure is also demonstrated, with the same hand template, on
a real world sequence in Figs. 7 and 8. Figure 7 shows a seg-
mentation result obtained without the tracking procedure de-
scribed in this section. The optimal MML estimate, obtained
at time ¢ — At by a stochastic relaxation algorithm, is presented
Fig. 7a. Figure 7b depicts the initialization considered in the
next image, at time ¢, when no tracking procedure is used.
This initialization corresponds to a simple projection (with-
out any temporal prediction) of the MML estimate obtained at
time ¢t — At¢. Figure 7c shows what happens in this case when
a fast deterministic optimization algorithm is used to deter-
mine the model parameters at time ¢. As can be seen, the
segmentation is not satisfactory, especially on the little finger
(Fig. 7¢) because the deterministic optimization algorithm re-
mains trapped in a local minimum of the energy function, cor-
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Figur € 8: Motion-based segmentation of a hand - with the tracking procedure (see text).

responding here to a wrong segmentation, because the initial-
ization is not close enough to the desired solution. One has
thus to resort to time-consuming stochastic optimization al-
gorithms to obtain a relevant segmentation (see the result in
Fig. 7d-4 min cpu time on a SUN/SPARC10 workstation). A bet-
ter solution consists in introducing the tracking procedure and
coupling it with a fast deterministic optimization procedure as
explained previously. The computational load of the tracking
procedure is negligible (about 1 s cpu time per frame), and
tracking provides better initializations from one frame to the
next. This enables us to reduce the cpu time to about 45 s, with
the same qualitative results as for global optimization. Figure
8 shows an example of a tracking with the constant velocity
Kalman filter (similar qualitative results are obtained with the
instantaneous velocity filter). Figure 8a presents the result of
the estimate at time ¢ — At¢. The predicted configuration at
time ¢ is presented in Fig. 8b. As can be seen in Fig. 8c, a de-
terministic optimization of the model parameters yields a sat-
isfactory segmentation in this case (Fig. 8c also corresponds to
the measurements used in the Kalman filter at time ¢). Finally,
Fig. 8d depicts the final configuration of the deformable model
corresponding to the Kalman filtered estimate along with the
estimation of the local Markovian deformation process §. Al-
though this final estimate (Fig. 8d) is close to the measurement
in Fig. 8c, a local adjustment of the model is noticeable on the
little finger.

Experimental results on real-world sequences processed by
the complete segmentation-tracking scheme are presented in
Section 6.

6. EXPERIMENTAL RESULTS

The Markov odeling approach for the segmentation and track-
ing of deformable shapes is demonstrated here on a variety of
applications corresponding to different image classes and de-
formable models.

A deformable hand model.  In our first experiments, we
have considered the segmentation and tracking of hands mov-
ingagainst a textured background, with partial occlusions. The
hand was considered here as a 2D deformable structure. The
image sequence presented in Fig. 9 is composed of more than
100 256x256 frames. As can be observed in Figs. 9c and 10c,
the little finger is partially occluded by a box in the foreground.
This is conspicuousin the observation field d(s) (temporal gra-
dients) represented in Fig. 10c, on which large regions of miss-
ing or noisy data can be seen.

The model of the deformable hand structure is a 30-point
model computed from a training set of 22 hands which be-
longed to different persons (the processed images did not be-
long to the training set). The initial configuration of the model
is defined at random on the first frame of the sequence. A
global optimization algorithm is used on this first image. The
next images are processed using fast deterministic optimiza-
tion techniques coupled with a Kalman filtering of the hyper-
parameters of the model, as explained in Section 5. Using
this procedure, a reliable tracking and segmentation of the de-
formable structure were obtained in all cases, over the whole
image sequence. Figure 9 shows three (nonconsecutive) im-
ages extracted from the sequence. Let us notice that a relevant
segmentation has been obtained on the occluded finger, al-
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Figure 9: Segmentation and tracking of a moving hand on a cluttered background (image size: 256 x 256).

Figur € 10: Observation fields (temporal gradients) d(s) used for the segmentation of the hand.

though the corresponding observation field is missing (Figs. 9c
and 10c). The average cpu time on this sequence is about 45 s
per frame on a standard SUN/SPARC10 workstation.

The contribution of the local deformation process d is
demonstrated by comparing the segmentations obtained in
FigS. 11 and 12. Figure 11 presents the optimal segmentation
obtained on two successive frames, considering the global de-
formation parameters only (i.e., M(k,6), T, and b) in the es-
timation procedure. The same frames have been processed
(Fig. 12) considering both global deformation parameters and
the local deformation process 8. As expected, the local de-
formation process captures important details that have been
overlooked by the global deformation parameters (which are
constrained by the learning sequence).

A deformable mouth model. In a second experiment,
we have considered the standard problem [59] of tracking a
mouth in face image sequences (Figs. 13 and 14). Spatial gradi-
ents are the only clues used here to perform the segmentation.
The mouth template is defined as a 29 point model interpo-
lated by a cubic B-spline. Its structure and deformation modes
have been learned from a sequence of 10 relevant images. In
Fig. 13, the deformable model is initialized manually on the
first frame. In this case, the “instantaneous velocity” Kalman
filter proved more robust than the constant velocity filter due
to abrupt changes in the kinematic behavior of the structure.

The segmentation and trackingresults are very satisfactory, es-
pecially if one takes into account the low quality of the image
data available in this case (see Fig. 3b). These results may be
compared with the results, presented in a similar case study, in
[59]. The cpu time is about 15 s for an (256 x 256) image in this
case. The segmentation and tracking of the mouth of a differ-
ent person, with the same model is presented in Fig. 14 in the
standard “Claire” sequence. Similar results are obtained in this
case, showing that the model is able to represent a variety of
realizations of a mouth structure.

Modeling the uncoiling bow of a film reel. A third case
study, which has not been considered previously in the liter-
ature, is presented in Fig. 15 to illustrate the variety of appli-
cation fields which may be addressed with this approach. The
problem is here to track the uncoiling bow of a film reel. The
issue is to control the high uncoiling speed of the film and to
keep up a constant film tensile strength on the reel, using stan-
dard servoing procedures [61]. To this end, we have designed a
16-point model interpolated by a B-spline curve to perform the
visual servoing. The learning procedure has been conducted
with 16 relevant examples of the uncoiling bow deformations.
The initialization of the model on the first frame is done at
hand (nonsupervised initialization procedures could, however,
be devised in this case).

Promising results have been obtained with the segmenta-
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Figure 11: Motion-based segmentation of a hand — estimation of global deformations only.

a

Figure 12: Motion-based segmentation of a hand — estimation of global and local deformations.

tion and trackingprocedure described in this paper (successive
frames are presented in Fig. 15; the frame rate is 10 Hz, yield-
ing quite large displacements). Because of the simplicity of the
model, the cpu times reduce here to about 5 s per image on
the same workstation. The final estimate of the stochastic de-
formable template is superimposed (in black) on each image
(itis located close to the center of the reel).

Modeling deformable structures in medical images.
The statistical segmentation and tracking procedure also
proved efficient and reliable in a standard segmentation prob-
lem featuring deformable anatomical structures in medical im-
ages. Figure 16 presents, for instance, the extraction and track-
ing of the left ventricle during a cardiac cycle, in an ultrasound
image sequence. The observations correspond again to spatial
gradient maps and the template is defined by 20 characteristic

points designated on the silhouette of the ventricle. The com-
putation cost is about 25 s for one 128 x 128 image in this case.
These segmentation results have been estimated to be satisfac-
tory in practice by expert physicians.

Other experimental results featuring other deformable mod-
els are reported in [34, 33].

Limits of the proposed algorithm. To assess the ro-
bustness of the combined segmentation/tracking procedure,
we conducted the following complementary experiment: we
simulated two synthetic sequences composed of 43 (256 x 256)
frames showing a moving hand, at first without occlusion and
then by introducing increasing occlusions on the fingers (see
Fig. 17 for a selection of frames). The simulated deformable
movement was the same for the sequences with and without
occlusion and the ground truths, i.e., the true modal ampli-
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Figure 13: Tracking of a mouth (“Mouth” sequence, 128 x 128).

e

Figure 14: Tracking of a mouth (“Claire” sequence, 256 x 256). (a, b, ¢) Original sequence (frames 20, 23, , respectively). (d, e, f) Segmentation and tracking of
the lips.
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Figure 16: Tracking of the left ventricle in ultrasound imagery (image size: 128 x 128).



tudes, were known. Evaluation was accomplished by compar-
ing the estimated modal amplitudes to the known mode val-
ues associated to the sequence containing no occlusion. Figure
17 depicts four typical segmentation results for each synthetic
sequence. The top row of Fig. 17 illustrates the expected re-
sults and the bottom row presents the segmentations obtained
when the fingers are partially occluded.

To compare two estimated shapes at time ¢, we compute the
dot product (correlation measurement) of the two correspond-
ing vectors of modal values b:*' and b, as proposed in [50]:

bi - b,

= e (33)
IBZL b

€
This measurement e reflects the distance between the two
shapes. For two similar shapes, ¢ approaches 1. Figure 18
shows plots of the correlation measurement and of the propor-
tion of occlusion in each frame. As can be seen, the mode val-
ues are reliably recovered if the proportion of occlusions does
not exceed about 10% in this case. Beyond 10% occlusion the
correlation measure decreases quickly. For instance, in Fig. 17,
frames 11 and 15 show satisfactory segmentations, whereas the
shapeis not correctly extracted in frame 19 and 29. The robust-
ness of the segmentation/tracking procedure was also eval-
uated on real-world sequences, exhibiting hands with occlu-
sions, with similar qualitative results.

7. CONCLUSION

In this paper, we have presented a statistical modeling frame-
work for the representation, segmentation, and tracking of de-
formable objects in image sequences. The approach relies on
the definition of a stochastic deformable template on which
hierarchical deformations are applied (transformations from
the similarity group and global and local deformations). The
hierarchical decomposition of deformations enables a shape-
tailored and compact although accurate description of defor-
mations. Bayesian estimates of the model parameters and
of the deformation processes are computed using stochastic
and/or deterministic optimization techniques. Besides, a re-
cursive temporal filtering of the model parameters is intro-
duced to track the deformable structure over time. Trackingthe
deformable structure over a long image sequence reduces sig-
nificantly the computation cost of the segmentation method
(by ensuring the propagation of relevant initializations over
time) and enables us to process large movements reliably.

The contribution of this approach has been illustrated on
synthetic as well as on real-world images sequences for the seg-
mentation of a wide range of deformable objects. The method
was shown to be robust even in adverse situations (such as
low signal-to-noise ratio, nongaussian noise, and partial occlu-
sions or missing data).

Several promising directions may be explored for continued
research, starting from the approach proposed in this paper.

Let us first note that the proposed modeling and algorithmic
framework is comprehensive and suited to the representation

occlusion measurement <—
correlation measurement -+--

02 S

04 ! ]
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Figure 18: Performance analysis of the segmentation/tracking procedure.

ofalarge class of deformable objects. It may also be adapted to
segmentation problems based on other image attributes (color,
texture, depth, etc.; see for instance [33]).

The manual training step necessary to compute the defor-
mation modes of the model may become cumbersome, es-
pecially when 3D structures are to be handled. We currently
investigate unsupervised training methods in order to allevi-
ate the learning procedure (preliminary results have been pre-
sented in [31]). Unsupervised training methods define a first
step toward a completely data-driven segmentation algorithm
for deformable structures.

Handling large occlusions in image sequences is also a chal-
lenging issue for the deformable model-based approach. Ro-
bust estimation or outlier rejection techniques might be intro-
duced with profit in the estimation of the local and global de-
formation parameters of the template, in order to cope with
large occlusion areas [6]. Alternatively, a robust Kalman filter
[52] could also be considered in the tracking procedure.

Finally, the filtering and tracking of the parameters of the de-
formable templates yield promising future prospects as far as
the characterization and the interpretation of the dynamic be-
havior of complex objects is concerned. Interpretation meth-
ods for non rigid motions, similar to those presented in [11]
for rigid movements could for instance be devised, to provide
a qualitative interpretation and classification of deformable
movements. This issue is of great importance in many applica-
tion fields, for instance in medical imaging, when pathological
deformations have to be detected.

APPENDIX A

Derivation of the Partition Function
for the Statistical Model
In this appendix we show that the partition function Z; =

[ exp —Eq4(Y,d)dd of the observation model does not de-
pend on the template configuration Y. We refer to Sections
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Figur e 17: Motion-based segmentation of a moving hand with increasing occlusion.

and for notations and show the result for the two observation
models considered in this paper: motion-based segmentation
model and edge-based segmentation model. In the case of the
edge-based segmentation model, this property results from an
approximation.

Motion-Based Segmentation Model

The normalizing constant Z, related to the motion-based seg-
mentation model described in Section is easily derived as

zd=/exp— S jae) =11+ 3 Jd(s)—0] b ad
SEF‘{ SGF‘(;)
= /Hexp—|d(s)—1| Hexp—|d(s)—0|dd. (34)

s € F‘I( s € F‘?
where d(s) € {0, 1} is the binary thresholded temporal gradi-
ent observed at site s. Since d(s) is a binary variable, the ex-
pression of Z; becomes
/ (6—1)% (6—1)/6d ad,

Zg = (35)

where

e a4 designates the number of sites s € F]I{ for which d(s) =
0 (given a realizationd) ;

¢ [adesignates the number of sites s € F,O( forwhichd(s) =
1 (given d).

Letng = aq + Ba (0 < na < M where M is the total number of
sites in the image). The number of possible binary data config-

urationsd leading to a given value of n4 is simply < i/[ ) . The
d

total number of possible data configurationsis

=3 ()
2 WZ;O ) (36)
From standard binomial series, we get
Zd:/e_"d dd = i < M ) e = (14 )M 37
na=0 G

As can be seen Z4 does not depend on the template configura-
tionY.

Edge-Based Segmentation Model

The edge-based segmentation model used in our implementa-
tion was described in [55].

The data field d, defined on lattice S (|S| = M), is assumed
to be a noise-corrupted version of an idealized gradient map
depicting the boundary I'y of the object of interest

d=1f+7,



where v ~ N(0, 02 I) is a white gaussian noise and

_Jow ifsery
Vs, flo) = { 0 else
The gradient map is idealized; i.e., one assumes that 4 is con-
stant through the image. Under this assumption, the likelihood
function of the observed data may be expressed as

P(d|Y) = ﬁ exp —ﬁ{Z(d(s)_ﬂs))z}
1 1 , ,
= W exp T3o2 {;d(s) + 3|yl
—2u Z d(s) p.
sely

If one assumes that the length of the boundary [I'y| is ap-
proximately constant, for all configurations of the deformable
template, i.e., |FY| ~ |I'| does not depend on 'Y, it follows that

1 H2|F| 1 2
P(dlY) = exp — exp ——= d(s)
(Zﬂd%)% 20’% ZG%SGX:S
X exp —:—2 Z d(s) (38)
¥

SEFY

This approximation is well verified once the scale factor of
the template has been determined, in particular near conver-
gence.

In Eq. (38), the term exp —5=7 ), - d(s)* does not de-
pend on 'Y and can thus be discarded for the MAP estimation.
Finally, one gets the model

P(dlY) = d(s), (39

1 H
Z—d €Xp —E

s € FY
where, as already stated, d(s) is an “idealized” gradient map
d(s) = ||VI(s)|, and Z4 does not depend on Y. This model
expresses the correlation between the boundary template with
the boundary strength in the data image [55].

APPENDIX B

The Kalman Filter Equations

In this appendix we recall the standard Kalman filter equations

used in our tracker.
The dynamic evolution of the system is described by
St4at = Ars: + &, (40)

where s; is the state vector, A, is the state transition matrix and
¢, is a zero-mean white gaussian noise with covariance matrix

Q: = E [¢, ¢]]. The measurement w. is a linear function of
the state vector

w: = Hese + 1, (41)

where 1, corresponds to a zero-mean white Gaussian noise
with covariance matrix V. = E [n, n}].

Ifs,, | ;, denotes the minimum mean square error estimate
of s;, given the measurements up to t; (t; < t:) and Py, ,,
is the associated error covariance matrix, the Kalman filter up-
dating equations are

Seje = Seje—ae + Ki [we —HiSyeon |, (42)
P, = [I — K;: H;] Pyj;_ny, (43)
where the Kalman gain K, is defined as
K. = Py H [H Py a H + V.. (9
The prediction equations are
Sipare = AvSy, (45)
Piing: = APy Al + Q.. (46)

APPENDIX C

Dynamic Evolution of the Deformable
Template Parametrization

In this Appendix we derive the equations describing the tem-
poral evolution of the model parametrization.

Consider the tracking of the model (redefined at time ¢) over
along sequence:

The global deformable model X; and its first-order and
second-order temporal derivatives may easily be expressed at
time ¢ by

Xt:Mt [Xx+ ®b:]+ Ty, ) )
)"(t:]-Y-[t [X+(I)bt]+Mt(I)l")t+th ) }
Xt:Mt [i{—i—@bt]—i—Mt@bt-Fth@bt-FTt

(48)

In this modeling, we assume that ¢ and x do not depend
on time ¢, i.e., that the deformation eigenvectors of the de-
formable template are stationary. The temporal evolution of
the model is described by a second order Taylor expansion of
vector X; and X.:

, X (49)
Xitar = X¢ + At X,

. At .
{ Xipar = Xt + At X + N X,
By substituting Eq. (47) into Eq. (49), we obtain
Miga: T+ Mign: @biyar + Tigas

2



. AtZ .
+ Mt+AtMt+TMt P b;

+ [AtM, + A M, ] @b,

At?

2
4

. AL .
Mt:| ¢b; + I:Tt-l-AtTt-i-TTt (50)

The temporal evolution of hyperparameters M; and T, are
obtained directly from (50) by inspection and identification:

At?
Miya: = M, + At Mt + N Mt, (51)
. At? .
Tt+At = Tt —+ At Tt + T Tt. (52)

The dynamic evolution of the modal amplitudes is obtained
by identifying the remaining terms in (50):

Misa: ®biya:
2
= I:Mt+AtMt+ATtMt:|<I)bt
At?
+[AtM: + A M| @b+ =~ M: & b,
A3 . .
= Mt-I-At L] bt + At Mt-I-At - T Mt L bt
At?
+ =M @b,
. A3 . .
= Miar® [be+ Atb:] — 55~ M @b,
At?
+ 5 9 Mt(}bt (53)

By neglecting the higher order terms, it foolows that

At?

Mesar®bipar = Meyar ® [be + Atb ] + 55-M, @ b.. (54)

Due to the reduction of dimension stemming from the KL
transform, Eq. (54) is an overdetermined system of 2n equa-
tions with m < 2n unknowns corresponding to the modal
weights b:1a:. This system is solved by considering the
pseudoinverse-®;.', , of matrix M;; »; ®:

—1

a= | (Meisar®) Migar®) | (Megar®)'. (55)
The final equation for the evolution of b; becomes
At? <,
biya: = by + At bt + N q>t+At M, <I>bt (56)

A similar derivation (see [34] for details) leads to the equa-
tions describing the evolution of M., T., and b,. The dynamic
equations for the global deformation parameters may finally
be summarized as the following:

At?

Mitar = M; 4+ At M. + o Mt7
Miya: = M, + At M;,
At? .
Tiyne = Ty + At Tt + N T,
Tisae = T + At Ty,
. At? ~_ .
bt-I-At = bt + At bt + T Qt-}-At Mt @bt,
. 3 At . .
bita: =[I + — <I>t+1At (Mt‘I) — Miya: ®)]b;
A2 ~ -
+ AtI — T‘Pt_-I-AtMH'At(P q)t_-I-AtMtq)bt
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