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Abstract:
biomechanical modeling of a set of organs considered as regions of interest (ROI) for radiotherapy. The initial model

This paper describes a method based on an energy minimizing deformable model applied to the 3D

consists of a quadratic surface that is deformed to the exact contour of the ROI by means of the physical properties
of a mass-spring system. The exact contour of each ROI is first obtained using a geodesic active contour model.
The ROI is then parameterized by the vibration modes resulting from the deformation process. Once each structure
has been defined, the method provides a 3D global model including the whole set of ROIs. This model allows one
to describe statistically the most significant variations among its structures. Statistical ROI variations among a set
of patients or through time can be analyzed. Experimental results are presented using the pelvic zone to simulate

anatomical variations among structures and its application in radiotherapy treatment planning.
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Geodesic active contour, Radiotherapy treatment planning
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1 Introduction

Three-dimensional (3D) organ modeling is of
key importance to improve the conformation of the
dose delivered to the target (tumoral tissues), what-
ever its shape, in order to spare surrounding tissues.
Here the term ‘modeling’ refers to the biomechani-
cal modeling of organs, and how it can be used to
describe organ movements, and therefore to guide
segmentation and registration when the organs have
deformed. Thus, 3D organ modeling may be applied
for several purposes including segmentation, regis-
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tration, and tracking (Foskey et al., 2005; Webb,
2006). An essential part of the conformal treatment
planning procedure is the segmentation of target vol-
umes and organs at risk in computerized tomography
(CT) images (Costa et al., 2007). Because of the dif-
ficulty of accurately and reliably delineating struc-
tures in medical images, this work has been typi-
cally done manually by radiation oncologists (Lee
and Chung, 2004; Banik et al., 2009). However, man-
ual delineation is tedious, time consuming, and also

prone to errors due to intra- and inter-user variability
(Collier et al., 2003; Costa et al., 2007).

Moreover, recent advances in intensity mod-
ulated radiotherapy treatment (IMRT) call for a
greater understanding of uncertainties in the treat-
ment process and more rigorous protocols leading
to greater precision in treatment delivery. The
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treatment of organs comprised of soft tissue and
those subject to rhythmic movements cause inter-
and intra-fraction motion artifacts that are partic-
ularly problematic (Fisher et al, 2008).
methods have been developed to tackle the problems
caused by intra-fraction motion, e.g., real-time po-
sition management respiratory gating and synchro-

Various

nized moving aperture radiation therapy, most of
them using embedded markers to track the position
of the region of interest (ROI). Image guided radio-
therapy treatment (IGRT) is another complemen-
tary approach aimed at tackling the problem of inter-
fraction motion. This approach commonly uses a so-
called cone-beam imaging (CBI) technique to acquire
3D volumetric data immediately prior to treatment
delivery. Although much work has been published
on the effect of organ motion and techniques com-
pensating for it during radiotherapy treatment, the
problems caused by shape variations in the tumor
have been largely ignored. To address this problem,
a method combining active shape models (ASM) and
electronic portal imaging devices (EPID) to avoid
(2007). The
initial contour in the ASM is not set automatically
but manually. Thus, the initialization for the ASM
is time consuming. In addition, the registration with
the EPID image may be prone to errors.

markers was suggested by Su et al.

In this paper, we argue for 3D modeling of a
set of ROIs by means of a geometrical and physics-
based deformable model, that is, energy minimizing
deformable models based on geodesic and finite el-
ement models (GAR-FEM model). Using the im-
plemented GAR-FEM model to accurately track the
clinical target volume, a full implementation of IGRT
is possible using only the 2D CT data without mark-
ers. As well, it may be used for accurate segmen-
tation in the clinical target planning (CTP), all this
leading to adaptive radiotherapy. In this process,
intra/inter-fraction tumour shape and position can
be accurately detected and tracked; thus, the dose
delivery for treatment fractions can also be adap-
tively modified to compensate for inaccuracies in
dose delivery.

The 3D modeling is applied to prostate cancer
ROlIs, that is, bladder and rectum. Bladder and rec-
tum are considered as the organs to be protected
against high dose of radiation during treatment of
prostate cancer (Costa et al., 2007; Haas et al,
2008; Banik et al., 2009). The application of a both
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geodesic and physics-based model for 3D modeling
of ROIs from a 2D CT image set of the pelvic area
has not been considered before.

A number of papers dealing with bladder seg-
mentation have been published in recent years; a
good survey has been done by Shi et al. (2009).
These methods are based on mathematical morphol-
ogy (Bueno et al., 2001; Camapum et al., 2004), re-
gion growing (Bueno et al., 2001; Mazonakis et al.,
2001; Haas et al., 2008), shape deformation includ-
ing geometric (Gibou et al., 2005; Rousson et al.,
2005) and parametric models (Bueno et al., 2004)
constrained by means of simple mesh (Costa et al.,
2007), and atlas based (Ripoche et al., 2004) initial-
ization. All of these present their advantages against
manual delineation, but still they have some draw-
backs due to the large variations of bladder geometry
between patients and the limited contrast between
the bladder and nearby organs.

Previous works by the authors using mathemat-
ical morphology methods (Bueno et al., 2001; Cama-
pum et al., 2004) have shown how difficult it is to
prevent the extracted bladder contour from leak-
ing into nearby ROIs due to non-contrast. They
have also shown how parametric models are depen-
dent on the initial control points without preserving
topological changes within the ROIs (Bueno et al.,
2004). To overcome these limitations, in this study,
we were interested in ROI segmentation using geo-
metrical deformable models, which will also be used
for tracking. Moreover, to accommodate and model
the ROIs non-rigidly and the inter-patient anatomi-
cal differences, a physics-based model is considered.
Deformable models offer a powerful approach to ac-
commodating the significant variability of biological
structures over time and across different individuals.

Thus, the purpose of our GAR-FEM model
strategy is twofold, first to automatically detect and
track the ROI and then to statistically parameterize
and model the ROI variations and their spatial re-
lationship. Geodesic models can handle topological
changes as the surface evolves in time and it is in-
sensitive to the initialization. FEM models have 3D
point-to-point correspondence and they have short-
term rotational and translational invariance. The
next sections describe the methods applied and the
results obtained. Finally, the conclusions of this
study and future research directions are drawn.
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2 Methods

Surface-interest modeling using active contours
and deformable surfaces has become a field of re-
newed activity. Classical techniques for representing
deformable models were developed by Terzopoulos
and Fleischer (1988) and by Kass et al. (1988) pro-
viding the well-known snakes method. Since then, a
wide range of computer graphics and image process-
ing applications including medical applications have
used energy minimizing deformable methods.

The mathematical foundations of deformable
models represent the confluence of geometry, physics,
and approximation theory. Geometry serves to rep-
resent object shape, physics imposes constraints on
how the shape may vary over space and time, and
optimal approximation theory provides the formal
mechanisms for fitting the models to measured data.
The physical interpretation views deformable mod-
els as elastic bodies which respond to applied force
and constraints.

The next section contains a brief introduction to
the mathematical foundations of deformable models.
Then the geodesic model used to detect the ROI and
obtain the ROI contour input to the FEM model
is described. Section 2.3 describes the application
of the physics-based statistical deformable model for
3D modeling of anatomical structures from a set of
2D image sequences applied to CTs of the the pelvic
area.

2.1 Energy minimizing deformable models

The contour under a deformable model param-
eterization may be represented as a curve, v(s) =
(z(s),y(s)), where x and y are the coordinate func-
tions and s € [0,1] is the parametric domain. The
curve evolves until the ROI, subject to constraints
from a given image, I(z,y) : R — R. Thus, initially
a curve is set around the ROI that, via minimization
of an energy functional, moves normal to itself and
stops at the boundary of the ROI (Kass et al., 1988).
The energy functional is defined as

B9) = [ [Bunl0fs) + B _pm0(s)]ds. 1)

The first term, FEj,, represents the internal en-
ergy of the spline curve due to mechanical properties
of the contour, stretching and bending (Kass et al.,
1988). It is a sum of two components, the elasticity
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and rigidity energy:

a(s)

it (0(5)) = ( : B(s)

@+ S o) @
where «(s) controls the tension of the contour, while
B(s) controls its rigidity. Thus, these functions de-
termine how the contour can stretch or bend at any
point s of the spline curve.

The second term couples the contour to the im-
age:

Eext_por (0(5)) = P(0(s)) = —¢|V[Go # I(a,y)]l
3)
where P(v(s)) denotes a scalar potential function
defined on the image plane. It is responsible for at-
tracting the contour towards the object in the image
(external energy). Therefore, it can be expressed as a
weighted combination of energy functionals. To ap-
ply this contour parameterization to images, exter-
nal potentials are designed such that local minima
coincide with intensity extrema, edges, and other
image features of interest. For example, the contour
will be attracted to intensity edges in an image by
choosing a potential equal to the gradient; see Eq.
(3) where ¢ scales the magnitude of the potential
and G, * I(x,y) denotes the image convolved with a
Gaussian smoothing filter.
(1) to
avoid sensitivity to the initial contours and to han-
dle changes in shape topology. Some techniques have
been proposed to solve Eq. (1) (Bueno, 2008). These
techniques are based on information fusion, deal-

The problem now is how to solve Eq.

ing with active contour models in addition to region
properties and curvature driven flows. The latest are
the ones adopted in our research, as described in the
following section.

2.2 Geodesic active contour and region model

Recently, there has been an increasing interest
in level set methods for different applications (Osher
and Paragios, 2003; Lee et al., 2008). Here, we follow
the methods of Malladi et al. (1995) and Caselles et
al. (1997) in the context of shape detection. The
approach is motivated by the snake approach given
by Kass et al. (1988).

Let us consider a particular class of contour
models in which the rigidity coeflicient is set to zero,
that is § = 0. This will allow achieving smooth
curves in the proposed approach without having the
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high-order smoothness given by 8 # 0 in energy-
based approaches. Moreover, this smoothness com-
ponent in Eq. (1) appears in order to minimize the
total squared curvature. It is possible to prove that
the curvature flow decreases the total curvature. The
use of the curvature-driven curve motions as smooth-
ing terms proved to be very efficient in previous re-
search (Malladi et al., 1995; Caselles et al., 1997).
Therefore, curve smoothing will also be obtained
with 8 = 0, having only the first regularization term
in Eq. (1) and P(v(s)) = —c|VI[v(s)]|.

It is possible to extend the level set space and
introduce prior knowledge about the expected in-
tensity properties of the ROI, and thus account
for boundary and global region-driven information
(Paragios, 2002). To this end, the input image is
partitioned into two non-overlapping regions; that
is, P(R) = (R ,,R,), where R , is the ROI and Rp
the background, with conditional density functions
defined by p, (I) and p,(I). The boundaries of the
ROLI are denoted by OR ,(s) and by p(OR ,|B) the
conditional boundary density function that measures
the probability of a given point being at the real
boundary of R ,. Then, the ROI can be obtained
using the geodesic active contour framework, thus
minimizing the following equation:

E(OR,) = a/: O ([2ds +(1 — a) /01 9(s)p(OR 4 |B)ds,
\Interr:afl terrn/ ) Exter;;1 term i’
(4)
where « € [0, 1] is a constant balancing the contribu-
tion of the two terms, and g(s) is a strictly decreasing
function working as a stopping function. The max-
imization of the a posteriori probability function is
equivalent to the minimization of the [—lg()] func-
tion of this probability. Then, applying Bayes’ rule
Eq. (4) may be generalized as follows:

1 Boundary attraction
EOR) = o [ Gsp@R.()) 0R,[ds
0

Contour term
~

-y /] A1)y

[ [ etanyasay].

Region term
(5)

The minimization of Eq. (5) is performed using
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a gradient descent method, defining an embedding
function of the curve v(s), ¥(¢,s). That is an im-
plicit representation of v(s); assuming that v(s) is
a level set of a function ¢(¢,s) : [0,a] x [0,b] = R,
the following partial differential equation (PDE) for
curve and surface evolution is derived:

o P ()
ot = 8 (mn) Nl

+ (1 =) (9(s)K VY[ + ViVg), (6)

where K is the Euclidean curvature in the direction
of the normal IV and the stopping function used g(s)
is defined by g(s) =1/(1 + |VGs * I(z,y)]).

The probability functions are obtained by means
of a statistical analysis based on the image his-
togram. The model studies the histogram of the
region inside the contour, obtaining the standard de-
viation, o, and the mean intensity, p. By using these
measures the probability distribution function is ob-
tained based on the square error between each pixel
intensity and the distance to the ROI. Thus the re-
gion term is defined as

o S i+ o) — 1y + (- 0) — Iy

I(z,y)ER 4 ( )
7

The motion PDE obtained has two forces act-
ing on the curve, both in the direction of N: (1)
the region force that tries to shrink or to expand
the curve in the direction that maximizes the infor-
mation provided by this partition (R.4) and (2) the
contour force. The contour force contains two sub-
terms, one that moves the curve toward the region
boundaries by the curvature effect and the other that
stops the curve.

As previously mentioned, the advantage of using
this model is that the algorithm can handle changes
in the topology of the shape as the surface evolves
in time, and it is less sensitive to the initialization.
This may be seen in Fig. 1, where the geodesic active
contour and region (GAR) model is illustrated on
the Shepp-Logan phantom image (Shepp and Logan,
1974) and compared to the geometrical (Malladi et
al., 1995) and geodesic (Caselles et al., 1997) level set
methods. These methods follow the motion PDEs
shown in Egs. (8) and (9), respectively:

o

g = 9() (v +K) [V, (®)
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o

ot
where v is a real constant of speed called balloon
force.

=9(s) (v + K) [V + ViVy, (9)

The objective in Fig. 1 is to segment the ROI
with topological changes starting with a random ini-
tialization in the middle of the image (Fig. 1la). Af-
ter several iterations of the contour (20 iterations in
Fig. 1b and 50 iterations in Fig. 1c), the final re-
sult is shown in Fig. 1d, where the ROI has been
properly segmented. It must be said that the level
set methods are strongly affected by the choice of
parameters, mainly the speed and the standard de-
viation of the Gaussian. The comparison in Fig. 1
was made for the same parameters: standard devia-
tion of the Gaussian ¢ = 1.0, v = 0.31 and for the
GAR model a = 0.25.

The GAR method is less sensitive to noise
and may be used in real time for 4D sequences,
that is for tracking. The use of the GAR model
in real time for tracking is shown in Fig. 2,
where the method is applied every five frames
to a video sequence of the heart. The parame-
ters used were the same as previously mentioned,
since they provided the best results. Further re-
sults provided by the authors may be seen from
http://www.maestro-research.org/imaging.htm for
lung video sequences. Fig. 2 also shows how the
method works properly with complex shapes, such
as the heart.

Some results of the GAR model for the applica-
tion of interest are shown in Fig. 3 with the track-
ing of the bladder and rectum in a 2D set of pelvic
CT images. In order to assess the performance of
the segmentation, the results were compared against
those obtained by manual segmentation, and quanti-
tative measures including sensitivity and specificity
were obtained. Fig. 4 illustrates this validation with
some examples of the pelvic CT images considered.
The results of manual delineation (Fig. 4a) are com-
pared against the segmentation (Fig. 4b) and the
contours extracted are superimposed in Fig. 4c for
qualitative validation. The average values of sensi-
tivity and specificity defined in terms of the number
of true positives (TP), true negatives (TN), false pos-
itives (FP), and false negatives (FN) detections (Eq.
(10), Bueno et al., 2001; Déniz et al., 2010) were
93.3% and 99.2% respectively. The worst values for
the sensitivity and specificity were 87.2% and 98.3%
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respectively. In this case,

TP TN

ificity — .
TP + FN’ PN = oy pp
(10)

The GAR model works properly with any ini-
tialization and preserving the topology; however, it
may have some problems when the ROI presents high
standard deviation of intensities. This problem can
be seen in the case of the heart in Fig. 5. This
figure is a zoom of the 3rd frame in Fig. 2, where
the two regions in which the GAR has been divided
are shown. That is, the heart is just one ROI with
a large contrast and the GAR model assumes two
ROIs. This may also occur in the CT images of the
pelvic area when the bladder is partially filled. This
problem may be solved with the 3D modeling of the
ROI by means of the FEM model, and then initializ-
ing the tracking with it. This model is explained in
the next section.

sensitivity =

2.3 Statistical
model

physics-based deformable

Once the different organs are segmented they
are modeled by means of a statistical physics-based
deformable model. The proposed approach was mo-
tivated by the technique presented in a previous work
by the authors (Nikou et al., 2001) based on Nastar
and Ayache (1996) and Pentland and Sclaroff (1991).
The proposed method has been extended, however,
to parallel processing, since the dimension of CT im-
ages is very large, and it is applied to a sequence
of 2D CT images instead of 3D magnetic resonance
images (MRI). Thus, the 2D axial images have been
previously projected and interpolated to generate the
transversal and sagittal views to apply the model on
the 3D data sequences.

A vector containing the vibration modes of each
ROI is then associated to each 3D segmented organ.
The most significant variation modes of a Karhunen-
Loeve (KL) transformation applied to the same or-
gan parameterize this vector.
of a set of 3D discrete points located on a surface
with cylinder topology. Thus, the vector nodes are
stacked in the following vector:

The model consists

(11)

where Xy is the initial mesh, N is the number of

_ 1.0 ,0 0 0 0 0 1T
Xo = [27, Y15 215 s TN NS YN/ NS ENN ]

points in the X axis, and N’ is the number of points
in the Y axis.



412 Bueno et al. / J Zhejiang Univ-Sci C (Comput & Electron)

2010 11(6):407-417

(c) (d)

Fig. 1 Segmentation applied to a phantom. 1st row: results of the geometric or snake model; 2nd row:

results of the level set model; 3rd row: results of the geodesic active contour and region (GAR) model.
(a) Initial contour; (b) 20 iterations; (c) 50 iterations; (d) Final detection

Thus, the contour is represented by a closed
mesh of ¢ = NN’ virtual nodes with mass m;, linked
between them by virtual springs. These mass-spring
elements have stiffness forces, f,;, dumping ones, f;;,
and external attracting forces between the nodes and
the exact contour of the image, f;. Then, the equi-
librium of these forces on a node, i, may be parame-
terized by the following equation:

miT; = fo + fai + Fa (12)

where 7; is the position vector of point 7. It is sup-
posed that the natural elongation of the virtual mass-
spring elements is null. The mass-spring element be-
tween neighbor points ¢, 7 has a stiffness constant
ki; and, therefore, the elastic forces on each node are
given by the following equation:
foi = —kG—10)r6a-1)6) + k)41 Tay ). (13)
The dumping forces on the nodes are those pro-
portional to the global speed and those proportional
to the relative speed of neighbor nodes. Thus f;; is
given by

fai = —eifi = ci-n@ T + o Fo -
(14)

fi; is considered as the Hausdorff distance be-
tween the mesh nodes and the nearest points belong-
ing to the segmented contour.

The set of dynamic equations for all the mesh
nodes may be written as a set of second-order or-
dinary differential equations for the displacement of
Xo(t), that is U(t):

MU+ CU+ KU =F, (15)
where M is a diagonal matrix corresponding to the
mass nodes, K is the three-diagonal stiffness matrix,
C corresponds to the dumping matrix, and F = f;
is the external force. Eq. (15) is solved in the equi-
librium state; that is, it corresponds to the static
problem KU = F. Moreover, this equation is solved
in a subspace corresponding to the truncated vibra-
tion modes of the deformable structure. More details
regarding all the adopted assumptions are presented
in Nikou et al. (2001).

The number of vibration modes retained in the
object description is chosen to obtain a compact,
but adequately accurate, representation. A typical
a priori value covering many types of standard de-
formations is the quarter of the number of degrees
of freedom in the system (i.e., 25% of the modes
are kept). Although not providing a high resolution
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Fig. 2 Geodesic active contour and region (GAR) model tracking applied to a video sequence of the

. .(a). .
(b)

Fig. 3 Geodesic active contour and region (GAR) model segmentation applied to ROIs in CT images

heart

of the pelvic area for radiotherapy treatment planning (RTP). (a) Bladder segmentation; (b) Rectum

segmentation

description of the surfaces, this truncated represen-
tation provides a satisfactory compromise between
accuracy and complexity of the representation. The
mesh model is initialized around the structures of
interest and the vibration amplitudes are then ex-
plicitly computed.

Thus, the surfaces of each anatomical structure
are parameterized by the amplitudes of the vibration
modes of a deformable mesh with cylinder topology.
For a given image in the training set, a vector con-
taining the largest vibration modes describing the
different deformable surfaces is created. This ran-
dom vector is statistically constrained by retaining
the most significant variation modes of its KL ex-

pansion on the training population. By these means,
the conjunction of surfaces is deformed according to
the anatomical variability observed in the training
set. The statistically learned deformable model rep-
resents the relative location of different anatomical
surfaces and it is able to accommodate their signif-
icant variability across different individuals. Fur-
thermore, as previously mentioned, the advantage
of using the FEM model is that they are invariant
to small rotations and translations; that is, in those
cases there is no need to register the segmented
ROIs.

The following pseudocode gives a global vision
of the deformable model processing structure:
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(a) (b)

Fig. 4 Quantitative validation.
comparison

- .
Region 1
: Region 20y

Fig. 5 Zoom of the 3rd frame from the video
sequence of the heart in Fig. 2

WHILE i<NumberOfPatients
WHILFE j<NumberOfROIs
SegmentROI;
DeformMesh;
SaveAmplitudes;
END WHILE j
END WHILE i

WHILE i<Number0fROIs
WHILFE j<NumberOfPatients
%Using saved amplitudes
Generate3DGlobalModel;
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Manual and segmentation contours for the bladder

150 200 250 300 350 400

Manual and segmentation contours for the bladder

350

300

250

200

150 200 250 300 350 400

Manual and segmentation contours for the bladder

150 200 250 300 350 400

()

(a) Manual delineation; (b) Automatic segmentation; (c) Contour

END WHILE j
END WHILE i

WHILE j<NumberOfROIs
CombineDifferentR0OIs;
END WHILE j

3 Results

In this section, the results corresponding to the
3D modeling process are shown. The first step con-
sists of the selection of a representative dataset. A
representative dataset including different anatomi-
cal structures of interest is used to initialize the de-
formable model. Datasets are provided by Grupo
IMO (Instituto Madrilenio de Oncologia) and consist
of 2D CT image sequences for the pelvic zone.

To improve the model accuracy, it is impor-

tant to use a large number of data volumes. Nine
CTs (512 x 512 x 30) volumes were used as the test
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datasets at the present research results. The number
of CTs, however, is continuously increased to obtain
a more accurate representation of the ROIs.

As mentioned in Section 2.3, once each organ or
ROI is segmented using the geodesic active model,
they are modeled using the physics-based model.
The ROIs are initialized using an initial mesh with
cylinder topology and defined by a set of points using
X, Y coordinates. Generally speaking 50 x 40 points
are enough for the ROIs in the pelvic region. These
ROIs, for the application of interest within this work,
are the bladder and rectum. Figs. 3 and 4 show the
results of the geodesic active model applied to these
regions on several 2D CT sequences of the human
pelvic area. Fig. 6a shows one set of the original 2D
CT image sequences considered. Fig. 6b shows the
initial mesh containing the segmented ROIs bladder
and rectum of the image sequence.

(b)
Fig. 6 Original 2D CT image sequence and the

modeling mesh with the segmented organs. (a)
Original sequence; (b) Modeling and deformed
mesh

The quadratic sphere is progressively deformed
The
initial mesh is shown after some deformations. The
resulting amplitudes represent the deformations ap-
plied to the mesh surface to be adapted to the ex-
act contour of the ROI by means of its vibration
modes.
points (50 x 40) and keeping 500 vibration modes
(25% over the total number of points). The model
obtains an accurate representation of the different
ROIs. Fig. 7c shows the global modeled volume with
both ROIs. The physics-based model may be applied
to each ROI individually as illustrated in Figs. 7a
and 7b for the bladder and rectum, respectively. Bet-
ter accuracy levels can be obtained by increasing the
number of vibration modes. The computational time
to generate the parallel FEM model for the ROI and
data taken into consideration (2 x 9 x 512 x 512 x 30)

to obtain a representative set of amplitudes.

Each region was parameterized by 2000
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is about 20 min. The specific massive parallel pro-
cessors (MPP) hardware solution used is composed
by 17 nodes (Intel XEON with 3.2 GHz and 2 GB
of RAM) with one independent processor per node.
The dependencies between nodes and the communi-
cation have been analyzed using an INFINIBAND
network with a bandwidth of 10 GB full duplex.

Once each structure has been independently
modeled, a 3D global model including the whole set
of ROIs is provided in terms of amplitude combina-
tion. The 3D global model for the pelvic area (rec-
tum and bladder) can be seen in Fig. 7b as previously
mentioned. The model can be adapted to new vol-
umes that do not belong to the initial dataset. Thus,
deformations are applied to the global model in order
to adapt the model to new study cases improving the
RTP. Figs. 8b—8d show some deformation results su-
perimposed onto the original data at different views,
the axial, sagittal, and transversal, compared against
manual segmentation (Fig. 8a). Quantitative mea-
sures of sensitivity and specificity were also obtained
for the 3D global model. The average values were im-
proved by 1.2% and 0.3% for sensitivity and speci-
ficity respectively; that is, 94.5% was obtained for
the sensitivity and 99.5% for the specificity. These
results are due to the smooth surfaces provided using
the FEM model.

4 Conclusions and future work

Overcoming technological advances related to
the study of new oncologic therapies must be
accompanied by a parallel development of tools that
improve the precision in the detection, tracking, and
modeling of ROIs. The objective is to optimize the
conformation of the dose delivered to the target (tu-
moral tissues) whatever its shape in order to spare
the surrounding tissues. In this context, simulation
and anatomical variations modeling are a priority in
radiotherapy treatment planning.

This work describes a generic and optimal model
to track and model a set of ROIs, with independence
of shape, from images of different modalities. Quan-
titative validations of the segmented and modeled
ROIs have been done obtaining an average of 93.9%
and 99.3% for the sensitivity and specificity, respec-
tively.

Using the implemented model an image guided
radiotherapy treatment is possible using only 2D CT
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Fig. 7 Modeled regions of interest. (a) Modeled bladder; (b) Modeled rectum; (c) Global model

(a) (b) (c) (d)

Fig. 8 Manual and model segmentation. (a) Manual delineation; (b) Axial view; (c) Sagittal view;

(d) Transversal view

data without markers. It remains as future work to
apply the modeled structures in dosimetry studies
and image registration (Bueno et al., 2009), in order
to integrate and validate them in the whole radio-
therapy treatment context and in vivo dosimetry.
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