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Abstract—We present a novel technique for the automatic adaptation of a deformable model’s elastic parameters within a Kalman

filter framework for shape estimation applications. The novelty of the technique is that the model’s elastic parameters are not constant,

but spatio-temporally varying. The variation of the elastic parameters depends on the distance of the model from the data and the rate

of change of this distance. Each pass of the algorithm uses physics-based modeling techniques to iteratively adjust both the geometric

and the elastic degrees of freedom of the model in response to forces that are computed from the discrepancy between the model and

the data. By augmenting the state equations of an extended Kalman filter to incorporate these additional variables, we are able to

significantly improve the quality of the shape estimation. Therefore, the model’s elastic parameters are always initialized to the same

value and they are subsequently modified depending on the data and the noise distribution. We present results demonstrating the

effectiveness of our method for both two-dimensional and three-dimensional data.

Index Terms—Adaptive elastic parameters, deformable models, shape estimation, physics-based modeling, Kalman filter.
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1 INTRODUCTION

THERE are several applications where accurate shape
estimation is desired while the shape characteristics of

the data may vary significantly in space and/or time. Such
applications include accurate contour estimation from
biomedical data and the extraction of 3D shape from range
data. In all these applications, minimal human intervention in
terms of defining the model’s initial parameters is desired.

Deformable model formulations provide a powerful
mechanism for quantitatively modeling and analyzing an
object’s shape, structure and motion [1], [6], [8], [9], [12], [14],
[16], [17], [15], [18], [21], [36], [31], [30], [32], [33], [35], [37], [40],
[44], [53], [54], [56]. Deformable models offer a data-driven
recovery process, in which forces derived from the image
deform the model until it fits the data. However, most such
formulations assume that the user correctly initializes the
model’s elastic parameters which significantly affect the
goodness of fit of the model to the given data. For example, in
[31], it was assumed that the elastic parameters of the finite
elements used for shape estimation remain constant in space
and, in time, and that the user chooses the initial values.
However, the speed and accuracy of fitting the models to the
data depends on the values selected for the elastic parameters
of the model. This is a significant limitation in model fitting
applications where the user assumes no a priori knowledge of
the complexity of the given data.

In this paper, we propose a new formal methodology to
automatically determine a deformable model’s elastic para-
meters which generalizes our previous formulation [31].
According to our deformable model framework, the surface
of the model is tessellated into a grid of finite elements. Each

finite element has its own elastic parameters and these
parameters may vary in time during the fitting. The technique
that we are presenting is based on the use of a model for the
adaptation of the model’s elastic parameters. The character-
istic of this method is that each elastic parameter is modified
based on the local distance of the model from the data and the
local rate of change of this distance. If the model’s initial
elastic parameters are sufficient to fit the given data within a
user specified tolerance, then their change during the fitting
process will be minimal. Otherwise, they will gradually
change based on the above criteria. In particular, the elastic
parameters decrease when the model has not fit the data to
make the model more elastic and allow for fitting. On the
contrary, when the model is close to the data the elastic
parameters increase to make the model more stiff. This
increase of the elastic parameters has the effect of anchoring
the model to the portion of the data it has fit and also improves
the continuity of the solution.

Based on our previous experience with incorporating a
dynamic deformable model into an extended Kalman filter
framework, we develop a modified extended Kalman filter.
This filter allows the simultaneous modification of the
model’s degrees of freedom and its elastic parameters. In
particular, we extend the state vector of the dynamical system
which corresponds to our deformable model, to include the
model’s elastic parameters. This modification is based on the
theory of dynamic system parameter identification [11]. We
present a series of experiments with two- and three-
dimensional data to demonstrate the effectiveness of our
technique in accurate shape estimation, where the elastic
parameters are always initialized to the same value.

The rest of the paper is organized as follows:1 Section 2
presents previous research related to the new technique.
Section 3 reviews the formulation of deformable models.
Section 4 presents the new technique for the spatio-temporal
adaptation of the elastic parameters of a deformable model.
Section 5 presents the incorporation of the elastic parameters
into an extended Kalman filter formulation. Section 5.1
demonstrates how this technique can be parallelized in order
to increase its efficiency. Finally, the effectiveness of the
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approach is demonstrated through a series of experiments in
Section 6.

2 RELATED WORK

Curve/surface reconstruction has been a topic of extensive
interest, involving the estimation of an unknown curve/
surface based on a set of noisy measurements of a function of
the curve/surface [5], [23], [24], [41], [45], [46], [50], [51], [49],
[48], [39]. Several variational shape reconstruction methods
have been proposed to address the problem of fitting noisy
data [42], [22], [3]. Variational methods minimize a (possibly
nonconvex) energy functional. To efficiently achieve a
significant optimum for the nonconvex optimization a coarse
to fine scale space tracking technique was proposed in [55]. In
this approach, the desired solution is obtained by first finding
a solution at a significantly coarser scale and then tracking it
down through finer scales. Empirical evidence suggests that
this technique can find useful significant minima that exist
over a large range of scale. Fitting of noisy data can be
accomplished also using smoothing splines, where a smooth-
ing parameter is used to control the tradeoff between the
closeness and smoothness of fit [52]. An “optimal” smoothing
parameter can be estimated, for example, by cross-validation
[52]. The dynamic form of the deformable model fitting
technique was first introduced by Kass et al. [19]. They
proposed a dynamic deformable cylinder model constructed
from generalized splines [2], [43], along with force-based
techniques to fit the model to image data. Most deformable
model shape recovery algorithms [6], [7], [19], [26], [31], [30],
[31], [34], [38], [44], [57] assume that the user correctly
initializes the model’s parameters which determine the
goodness of fit of the model to the given data. Recently, there
have been several attempts to overcome the above problem
for the case of two-dimensional models only [1], [35], [21],
[20]. Blake and Isard [1] developed a new technique based on
ideas from adaptive control theory and maximum-likelihood
estimation, to learn the model dynamics for tracking in real
time 2D curve motions similar to those in the training set.
However, the method is most useful when used for the
estimation of classes of objects for which training data is
available from objects within that particular class. Samadani
[35] provides rules to estimate and adjust the parameters of a
snake to avoid instabilities and improve the accuracy of shape
estimation. Larsen et al. [21], [20] develops a formalism by
which an estimate for the upper and lower bounds on the
elasticity parameters of a snake can be obtained. However,
the analysis requires knowledge of the shape of the object of
interest and applies to two-dimensional models only. Con-
trary to many of the above techniques, our proposed method
provides an efficient and intuitive way to automatically adapt
the elastic parameters of a deformable model.

Kalman filtering methods have also been used by many
researchers in computer vision to account for noise in the
data [1], [4], [8], [25], [27], [34]. As opposed to previous
Kalman filter formulations for deformable models, we use
notions from parameter identification theory to incorporate
the model’s elastic parameters into a Kalman Filter. This is
necessary because these parameters are not explicitly part
of the model’s state (see Section 3). In this paper, we do not
address the issue of multilevel shape representation using
locally adaptive finite elements [30], [47]. However, the

method presented can be used in conjunction with these
methods to further improve the shape estimation results.

3 DEFORMABLE MODEL GEOMETRY: A REVIEW

We briefly review the notation for deformable models
[31], [44]. The models used in this work are two- and
three-dimensional. The material coordinates u (u ¼ ðvÞ
and u ¼ ðu; vÞ for the two-and three-dimensional case,
respectively) of a point on these models are specified over a
domain �. The position of a point on the model relative to an
inertial frame of reference � in space is given by a vector-
valued, time varying function. In particular, the three-
dimensional position of a point with respect to (w.r.t.) a
world coordinate system is the result of the translation and
rotation of its position with respect to a noninertial, model-
centered coordinate frame � (Fig. 1). Therefore, the position
of a point (with material coordinates u) on a deformable
model at time twith respect to an inertial frame of reference�
is given by the formula:

�xðu; tÞ ¼� tðtÞ þ�
�RðtÞ�pðu; tÞ; ð1Þ

where �t is the position of the origin O of the model frame �
with respect to the frame� (the model’s translation), and�

�R is
the matrix that encapsulates the orientation of �with respect
to�. To introduce global and local deformations, the position
of a model point with material coordinate u w.r.t. the model
frame �pðu; tÞ is expressed as the sum of a reference shape
�sðu; tÞ and a local displacement �dðu; tÞ as given by the
formula:

�pðu; tÞ ¼� sðu; tÞ þ� dðu; tÞ: ð2Þ

The reference shape captures the salient shape features
of the model and it is the result of applying global
deformation function T (such as tapering and bending) to
a geometric primitive e ¼ ðex; ey; ezÞ>. In particular,

�sðv; tÞ ¼ ðsx; sy; szÞ> ¼ Tðe;qT Þ; ð3Þ

where the global deformations defined by T depend on the
parameters qT . In this paper, we employ a superellipsoid
eðvÞ½��; �Þ ! IR2 with global shape parameters qe ¼
ð�1; �2; �1Þ> as a two-dimensional shape primitive. As a
three-dimensional shape primitive, we employ a super-
quadric eðu; vÞ : ½� �

2 ;
�
2Þx½��; �Þ ! IR3 with global shape

parameters qe ¼ ð�1; �2; �3; �1; �2Þ>, where �1; �2; �3 	 0
are the parameters that define the superquadric size, and �1
and �2 are the “squareness” parameters in the latitude and
longitude plane, respectively. We employ the finite element
method to represent the continuous surface of the deformable
model in the form of weighted sums of local polynomial basis
functions. The finite element method provides an analytic,
piecewise polynomial surface representation. Local displace-
ments d are computed based on the use of triangular finite
elements. Associated with every finite element node i is a
nodal vector variable qd;i. We collect all the nodal variables
into a vector of local degrees of freedom qd ¼ ð. . . ;q>

d;i; . . .Þ
>

and we compute the local displacement d based on the finite
element theory as d ¼ Sqd. S is the shape matrix whose
entries are the finite element shape functions. Finally, we
incorporate into the vector q ¼ ðq>

c ;q
>
� ;q

>
s ;q

>
d Þ

> the degrees
of freedom of our model which consist of the parameters
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necessary to define the translation qc, rotation q�, global qs
and local deformations qd of the model [44]. Our goal when

fitting the model to the data is to recover the vector of degrees

of freedomq. This is achieved in a physics-based way [28]. We

assume that the model is composed from simulated elastic

material. According to the physics-based framework, the

image data apply simulated forces to the points in the model.

Responding to the external forces, the model moves and

deforms to fit the data. The molding of the model through

time can be described in the terms of differential equations

which can be numerically solved to estimate the shape

parameters of the object under observation. The formulation

of the motion equations includes a strain energy and

simulated forces. Deformation results from the action of

internal forces, which impose surface continuity constraints,

and the external forces from the data to the surface of the

model. In particular, the simplified equations of motion [31]

that we use take the general form

D _qqþKq ¼ f q; ð4Þ

where f q are the generalized external forces computed from
the 2D or 3D forces applied from the data to the model (more
details on the computation of the generalized forces are
provided in [44]), K is the stiffness matrix, and D is the
damping matrix.

4 ADAPTIVE ELASTIC PARAMETERS

A dynamic deformable model has kinetic energy and
deformation strain energy E. The strain term directly
parallels the smoothness functional employed in regular-
ization [42]. In particular, the deformation energy that we
impose upon the model depends on the desired continuity
for the deformable model. According to the theory of

elasticity, the relationship between the stresses ð�Þ and
strains ð�Þ of an elastic material is expressed as

� ¼ dE
d�

¼ C� ð5Þ

for a linear material and as

d� ¼ Cð�Þd� ð6Þ
for a nonlinear material. Furthermore, by assuming a small
stress-strain displacement2 and the use of finite elements,
we can take it one step further to:

� ¼ Pd ¼ PSqd; ð7Þ
where d is the material displacement, S is the finite element
shape matrix, qd are the FEM nodal displacements, and the
symmetric matrix P is derived from the local deformation
strain energy. Based on the above definitions and the theory
of elasticity, we can express the (linear or nonlinear) elastic
deformation energy E w.r.t. to the FEM coordinates as

E ¼
Z
�>� du ¼ q

>

d

Z
ðPSÞ>Cð�ÞðPSÞ du

� �
qd; ð8Þ

where the stiffness matrix K is defined as

K ¼
Z

ðPSÞ>Cð�ÞðPSÞ du: ð9Þ

In the past, we have used a combined membrane and thin
plate deformation energy which can be written in the general
form:

E ¼ 1

2

Z
w1�

2
11 þ w2�

2
22 þ w3�

2
33 þ w4�

2
12 þ w5�

2
23 þ w6�

2
13

� �
du;

ð10Þ
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Fig. 1. Coordinate systems for deformable models.

2. The theory easily generalizes to large stress-strains [58].



where �ij are the components of the strain vector �. The
nonnegative weighting functions wi control the elasticity of
the material.

Most finite element implementations for computer vision
applications, assume that the elastic parameters wi are
constant across the deformable model and during the
model fitting process. They are also initialized manually
in the beginning of the shape estimation process. This may
result in lengthy manual experimentations to identify the
correct initial elastic parameter values. Second, since these
parameters are assumed constant across the model,
accurate shape estimation may never be achieved in case
of complex data. Clearly, a technique for automatically
adjusting a deformable model’s elastic parameters in a local
fashion is necessary.

The first contribution of this paper is the development of a
new method for automatically modifying the elastic para-
meters wi for each of the model’s finite elements. The model
for the modification of each of the model’s elastic parameters
is based on ideas from the theory of PD (Proportional-
Derivative) control. In particular, the model’s elastic para-
meters are modified during the fitting process based on the
localdistanceof the model fromthedataandtherateofchange
of this distance. In all of the experiments, we start the fitting
process with the same initial value w0 ¼ 0:005 for all the
model’s elastic parameters. In our implementation, each finite
element j, (j ¼ 1; . . . ; k), where k is the number of finite
elements of the model, has its own elastic parameters
wjiði ¼ 1; . . . ; 6). The fitting of the deformable model to the
given data is basedon (4).Foreachfinite element j, the average
distance to the data  j is defined as:

 j ¼
Pm

k¼1 �
j
k

m
;

where �jk is the normalized average distance from the data
of each of the nodes k of the finite element j and m is the
number of nodes of finite element j. The normalized
average distance �jk is defined to be the average distance
of a node of the model from the data normalized by the
fitting error tolerance  tot ( tol 6¼ 0) as follows:

�jk ¼
Pp

l¼1
  l�xj

k

 tol

� �
p

; ð11Þ

where xjk is the position of the kth node of element j and   l
is the position of the lth data point from the p data points
that have been assigned to the kth node according to any of
the schemes defined in [27]. During the fitting process, the
values of each of the elastic parameters wji for each finite
element j are modified based on

wjiðtÞ ¼ ðw0 � wminÞ esgn  j� _  j
� �

jj jjjþjj _  jjj
� �

þ wmin; ð12Þ

where wmin is the minimum value for all the elastic
parameters, which for a membrane and/or thin-plate
deformable model was experimentally selected to be
5 � 10�4, and sgn is the sign function. Note that the success of
our technique depends on the selection of the value wmin.
Notice that sgnð j � _  

jÞ is negative or zero when the model is
converging towards the data and positive otherwise. The
whole process of fitting and elastic parameter adaptation
terminates when the distance of the model from the data for

each finite element is below a tolerance  tol specified by the
user.

The adaptation of the elastic parameters of a deformable
model using the method described above has the following
desired properties. As seen in (12), the change in each of the
wjis is always w.r.t. their initial value w0. Initially, since the
distance of the model from the data is large, while the rate of
change of this distance is small or zero, the values of the wjis
decrease exponentially to quickly improve the fitting. In the
intermediate steps of the fitting, the values of thewjis stabilize
and are not modified significantly since the sum of the
distance of the model from the data and the rate of change of
thisdistance does notchangesubstantially. Whenthe model is
very close to the desired data, the sum of this distance and its
rate of change decrease (the forces assigned to each node are
now small) and the result is an increase of thewjis towardsw0.
(See Fig. 8.) This results in a model that achieves a solution
with C1 continuity where necessary and also better “holds”
the model to the desired data. When the model has almost fit
the data, the values of the wjis start to exponentially increase
again towards their initial value. Therefore, the elastic
parameters oscillate mostly between w0 and wmin. Due to the
introduction of sgnð j � _  

jÞ in (12), the model’s elastic
parameters are automatically increased beyond w0 if the
model has fit the data and tries to deviate from them.
Therefore, the model resists deviation from the data once it
has fit them. This is an additional desired property in cases
where the model has partially fit the data. It will allow the
portion of the model that has not fit the data to become more
elastic and fit the data, while the portion that has fit them will
either not be modified or become more stiff in case there is any
deviation from the data.

5 DYNAMIC SHAPE ESTIMATION

The above model for the modification of the model’s elastic
parameters does not take into account the noise in the data.
In [27], it was shown how the dynamics of a deformable
model can be incorporated into an extended Kalman
filtering framework to formally account for noise in the
data. However, an extension to this formulation is necessary
in order to incorporate the model for the modification of the
model’s elastic parameters into a Kalman filter. This is
necessary because the model’s elastic parameters are not
degrees of freedom, since they do not appear in q, but are
the unknown parameters that determine the value of the
stiffness matrix K. Therefore, this problem is that of
parameter identification in a dynamic system. In [10], [11],
the theory of parameter identification in dynamic systems is
presented. Based on this approach, with the addition that
we have a model for the modification of the deformable
model’s elastic parameters,3 we augment the state vector of
our system to include the model’s elastic parameters.
Therefore, the new state vector is of the form

b ¼ w
q

� �
; ð13Þ

where w is the vector of the model’s elasticity parameters
with components wji .
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Based on the above modification, we introduce the

following definitions necessary to define the equations of a

modified extended Kalman filter. Let the observation vector

zðtÞ denote time-varying input data. We can relate zðtÞ to

the model’s state vector bðtÞ through the nonlinear

observation equation

z ¼ hðbÞ þ v; ð14Þ

where vðtÞ represents uncorrelated measurement errors as a

zero mean white noise process with known covariance VðtÞ,
i.e., vðtÞ � Nð0;VðtÞÞ. If z consists of observations of time

varying positions of model points at material coordinates uk
on the model’s surface, the components of h are computed
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Fig. 2. Semiautomated identification of the myocardial borders. (a), (c), (e), and (g) End diastole phase, and (b), (d), (f), and (h) end systole phase for

locations 4, 5, 6, and 7, respectively.



using (1) evaluated at uk
4 (see also [28]). In the case of

computing an image potential, what is being measured at

every node of the model is the difference z� hðbÞ, which is

what is needed for an extended Kalman filter formulation. In

addition, let us also assume that aðtÞ represents uncorrelated

modeling errors as a zero mean white noise process with

known covariance, i.e., aðtÞ � Nð0;QðtÞÞ.
Based on the above definitions and (4), the modified

extended Kalman filter equations for our dynamic system

take the following form:
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Fig. 3. Semiautomated identification of the myocardial borders. (a), (c), (e), and (g) End diastole phase and (b), (d), (f), and (h) end systole phase for

locations 8, 9, 10, and 11, respectively.

4. Note that the definition of function h in (1) does not depend on w.



_bb ¼ fðbÞ þ a; ð15Þ
z ¼ hðbÞ þ v; ð16Þ

where

fðbÞ ¼ _ww
�Kq

� �
; _ww ¼ _ww1

1; . . . ; _ww
j
i ; . . . ; _ww

k
6

� �>
; ð17Þ

_wwji ¼ ðw0 � wminÞ esgnð 
j� _  jÞðjj jjjþjj _  jjjÞ

sgn  j � _  j
� � d

dt
k  j k
� �

þ d

dt
k _  j k
� �� �

:
ð18Þ

Note that due to the modification in the state vector, we

now have a fully nonlinear extended Kalman filter as

opposed to our previous formulations [31]. However, the

filter converges to the right solution since we impose a

correct behavior onto the model for the adaptation of the

model’s elastic parameters and the model dynamics are

appropriate for our applications.
The state estimation equation for uncorrelated system

and measurement noises (i.e., E½aðtÞv>ðtÞ� ¼ 0) is

_̂
bb̂bb ¼ fðb̂bÞ þPH>V�1 z� hðb̂bÞ

� �
; ð19Þ

where H is computed from

H ¼ @hðbÞ
@b

					
b¼b̂b

: ð20Þ

The expression GðtÞ ¼ PH>V�1 is known as the Kalman

gain matrix. The symmetric error covariance matrix PðtÞ is

the solution of the matrix Riccati equation

_PP ¼ FPþPF> þQ�PH>V�1HP; ð21Þ

where

FðbÞ ¼ @fðbÞ
@u

					
b¼b̂b

: ð22Þ

The improvement offered from the Kalman filter formula-

tion is that one can formally introduce data noise statistics

into the model.

5.1 Implementation

Since the model’s equations of motion are numerically well-

conditioned, the full Kalman filter formulated above can be

partitioned into two separate filters for computational

efficiency. The first filter includes the translation, rotation,
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Fig. 4. Fitting the two-dimensional data from a subject’s head using a nonelastically adaptive deformable model.



and global deformations, and the second one includes only
the local deformations. While the computation to the solution
of the Riccati equation for the first filter is fast since the
associated degrees of freedom are few, this is not the case for
the second filter whose state vector includes the model’s
elastic parameters and the local degrees of freedom.

To solve the matrix Riccati equations at interactive rates
in the latter case, we take advantage of the decomposition of
the model’s surface into finite elements. A similar approach
was used by Metaxas [28] for the computation of the
stiffness matrix K. Based on the covariance of each
component of u that corresponds to the variable of the
second Kalman filter at a given step, the contribution of each
element to (22) is computed using the right hand side of this
equation for each element. This per-element computation of
(22) results in matrices of very small dimensions compared
to the size of the respective matrices for the whole system.
For example, in Experiment 3 (Section 6.3) we have
deployed a deformable model with 902 nodes and 1,800 ele-
ments. Assuming a thin-plate deformation energy, this
results in matrices of size 12� 12 for the element by element
approach and of size 16; 212� 16; 212 for the whole system.
Furthermore, this per-element computation can be done in
parallel and once all the elements are looped through, the
contribution from each element is placed at the appropriate
location in P (in an identical way to the computation of K).
Then, we solve (22) [13]. This significantly improves the
speed of the calculations (e.g., on average by 50 percent for

models with 1,800 elements) and is justified since the
model’s surface is partitioned into finite elements. Of course,
this speedup depends of the number of finite elements.

6 RESULTS

Based on the above implementation, all our experiments ran
at interactive rates on a Silicon Graphics R10000 Indigo2

workstation with 256MB RAM. Furthermore, we always
started from a unit covariance matrix P. However, the
subsequent structure of P was not diagonal and had a form
similar to K. Notice that any other reasonable initial
condition will work if our dynamic model is appropriate
for our applications. For the global deformations we used a
superellipsoid or a superquadric, the elastic parameters
were always initialized to w0 ¼ 0:005, D ¼ I, and we used
an adaptive Euler integration method for increased stabi-
lity. Thus, in every iteration the model is getting closer to
the data and the value of sgnð j j � _ j j j jÞ does not change
between iterations. In addition, we defined V as V ¼ 0:1I.

6.1 Experiment 1: Identification of the
Myocardial Borders

In the first experiment, we applied our technique to the
semiautomated identification of the myocardial borders from
breath-hold MRI. The data was obtained from the Depart-
ment of Radiology at the University of Pennsylvania. The
data set included 16 slice locations, from the Left Ventricle
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Fig. 5. (a), (b), (c), (d), and (e) Fitting the two-dimensional data from a subject’s head using an elastically adaptive deformable model. (f) Comparison

of the fitted shapes of the elastically adaptive and nonelastically adaptive models.



(LV) apex to the level of the aortic valve. In order to determine

the location of the borders with higher accuracy we magnified

each image four times, and then we convolved it with an

8� 8 Gaussian mask. An initial superellipsoid model (with

300 elements) was placed manually at the vicinity of the

border of the first slice. In this study, we concentrated on the

identification of the LV endocardial contour for locations 4 to

11 in which the contour is visible (Figs. 2 and 3). During the

fitting process, the results from fitting one slice were used as

the initial model for the next slice, as if we had an evolving

curve over time. Therefore, the user only initialized the model

in the first slice. Convergence was achieved in less than seven

iterations (on average) for each slice. Figs. 2a, 2c, 2e, and 2g

and Figs. 3a, 3c, 3e, and 3g depict the data from the end

diastole phase at locations 4 through 11, respectively. Figs. 2b,

2d, 2f, and 2h and Figs. 3b, 3d, 3f, and 3h depict the data from

the end systole phase at locations 4 through 11, respectively.

The deformable models fitted to the myocardial borders are

shown overlayed on the data.

1318 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 24, NO. 10, OCTOBER 2002

Fig. 6. Fitting the three-dimensional data.



6.2 Experiment 2: Two-Dimensional Shape Fitting

In this experiment, our goal was to fit the shape of the
apparent contour of a subject’s head. Figs. 4a, 4b, 4c, 4d, 4e,
and 4f show the fitting evolution of a superellipsoid
deformable model with w ¼ 0:005 to the image data. In
Fig. 4f, the model has reached an equilibrium state (after
20 iterations) and the fitting does not change over time.
When the elastic parameters were automatically changed
over time using our framework Figs. 5a, 5b, 5c, 5d, and 5e
the result depicted in Fig. 5e was obtained (after
eight iterations). This result can be compared to the result
obtained using a nonelastically adaptive deformable model
Fig. 5f.

6.3 Experiment 3: Three-Dimensional Shape Fitting

This experiment presents the fitting of an elastically adaptive
deformable model to the 1,269 three-dimensional data points
of a Viewpoint model of a human head. Each of the Figs. 6a,
6b, 6c, 6d, 6e, 6f, 6g, and 6h and Figs. 7a, 7b, 7c, 7d, 7e, 7f, 7g,
and 7h is composed of four parts. The two subimages in the
upper row of each subfigure depict the model as seen from the
front and back, respectively. The lower left subimage of each
figure depicts a side view of the model while the lower right
subimage depicts the side view of the model along with the
three-dimensional data. For example, the two subimages in
the upper row of Fig. 6a depict the initial model from a frontal
and a back view, respectively. The lower left subimage of each
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Fig. 7. Fitting the three-dimensional data (cont.).



figure depicts a side view of the initial model while the lower
right subimage depicts the side view of the model along with
the three-dimensional data. In Figs. 6a, 6b, 6c, 6d, 6e, 6f, 6g,
and 6h and Figs. 7a, 7b, 7c, 7d, 7e, 7f, 7g, and 7h, each finite
element of the three-dimensional model is color-coded to
depict the value of the elastic parameters at that time instant.
Fig. 7h depicts the fitting result after 16 iterations.

7 CONCLUSION

In prior work on deformable model-based methods for
shape estimation, researchers had to experimentally select
the values for the elastic parameters to achieve accurate
shape estimation results. This assumption implied that
these values remained constant during the shape estima-
tion, and more importantly these values had to be selected
for each class of shapes that was to be fitted. We have
presented a novel technique for the automatic adaptation of
the values of a deformable model’s elastic parameters. This
technique obviates the need for careful elastic parameter
initializations by the user and attains superior fitting
results. However, our technique depends on the selection
of wmin. It has been successfully applied to the identification
of the myocardial borders from breath-hold MRI images,
two-dimensional and three-dimensional data. This method,
coupled with our method [30] for automatically adapting a
model’s nodes to better fit a given data set, provides a very
promising approach towards automating the process of
object shape estimation based on deformable models.
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