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Abstract. An approach for estimating the deformation of the prostate
caused by transrectal ultrasound (TRUS) probe insertion is presented.
This work is particularly useful during brachytherapy procedures, in
which planning for radioactive seed insertion is performed on preopera-
tive scans, and significant deformation of the prostate can occur during
the procedure. The approach makes use of a patient specific biomechani-
cal model to run simulations for TRUS probe insertion, extract the main
modes of the deformation of the prostate, and use this information to
establish a deformable registration between 2 orthogonal cross-sectional
ultrasound images and the preoperative prostate. In the work presented
here, the approach is tested on an anatomy-realistic biomechanical phan-
tom for the prostate and results are reported for 5 test simulations. More
than 73% of maximum deformation of the prostate was recovered, with
the estimation error mostly attributed to the relatively small number of
biomechanical simulations used for training.

1 Introduction

Transrectal ultrasound (TRUS) guided brachytherapy is one of the common
therapy alternatives for prostate cancer. The goal of the procedure is to insert
a number of radioactive seeds at specific locations into the prostate tissue by
using surgical needles. The locations and number of seeds within the prostate
gland are decided by means of a surgical planning software that makes use of
preoperative volumetric scans of the prostate, typically CT or MRI.

During brachytherapy, several factors can cause deformation of the prostate
gland from its preoperative shape. These factors include insertion of the ultra-
sound probe inside the rectum, insertion of the surgical needles, edema, and
change in the patient’s posture between the preoperative and the intraoperative
conditions [1]. This deformation of the prostate from the preoperative condition
induces uncertainties in the radioactive seeds insertion locations, which are the
result of planning on preoperative images. Thus, deformation of the prostate can
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affect the dose distribution in and around the prostate and therefore adversely
affect the outcome of the procedure [2].

The goal of the work reported here is to describe a framework for estimat-
ing the deformation of the prostate based on sparse data from 2D ultrasound
images that can be obtained during a typical brachytherapy procedure. Such
estimator can update the preoperative plan to account for deformations thereby
reducing the uncertainty in the radioactive seed insertion locations. Our ap-
proach builds upon [3], in which a general framework for statistical estimation
of intra-operative deformations was presented. The problem of estimation of the
deformed shape of the prostate at each probe location can therefore be cast as a
deformable 2D/3D registration problem [4], i.e. registration of a 3D preoperative
image to two cross-sections of the deformed volume of the same patient.

To obtain the main modes of deformation of the prostate under TRUS probe
insertion, a patient-specific biomechanical model is constructed from segmented
preoperative images. The main modes of deformation are extracted by perform-
ing Principal Component Analysis (PCA) on a small number of deformed shapes
resulting from simulations for TRUS probe insertion which are run on the biome-
chanical model. Each of the simulations corresponds to specific insertion angles
and insertion depth of the TRUS probe. In order to further simplify the estima-
tor, we derive an analytic representation of the principal modes of deformation
(coefficients of the principal modes) as a function of the probe insertion angles
and insertion depth. Our goal is to develop a fast, statistically based model,
which can be used in real-time to track deformations. This model is trained
on computationally intensive biomechanical simulations, which are performed
preoperatively.

In Section 2, the construction of the prostate phantom, the deformable pros-
tate model, and the estimator are described. In the preliminary work of this
paper, the proposed approach is tested on 5 biomechanical simulations that
are not used for training. Simulated ultrasound prostate contours are obtained
from the deformed prostate and are used by the estimator to estimate those
deformed shapes. The results reported in Section 3 indicate good accuracy in
the estimation of deformed shapes. In Section 4, we discuss how the current
work can be extended to deal with real patient data and to deal with different
subjects.

2 Methods

In this section, the construction of the estimator of the deformed prostate shapes
is detailed. First, the biomechanical model used for simulation of prostate de-
formation is described. This biomechanical model is patient specific and is con-
structed from the patient’s segmented preoperative CT or MRI scan. In the
work presented here, a biomechanical model of an anatomy-realistic prostate
phantom is used instead. This provides a means for validating the estimates of
the deformed prostate by comparing them to the true deformed shapes of the
prostate, which are not usually available for real patients unless intra-operative
imaging is used. We use the patient’s specific biomechanical model to run a
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number of biomechanical simulations with different insertion depths and entry
angles of the TRUS probe, thereby constructing a number of deformed shapes
of the same prostate. The simulations involved the entry angles of the probe to
account for misalignment between the axes of the rectum and the probe.

From the simulated deformed shapes, we extract the principal modes of de-
formation for that prostate under TRUS probe insertion. Noting the depen-
dency between the modes of deformation and the parameters of the simulations
(the insertion depth and angles of the TRUS probe) a functional approxima-
tion was sought by fitting a 3rd degree Bernstein polynomial. Therefore any
deformed prostate shape can be described in terms of the principal modes of
deformation and their corresponding principal components which are in turn
directly related to the insertion angles and insertion depth of the probe. From
transaxial and sagittal sections of the prostate obtained through the TRUS probe
deformable 2D/3D registration is established between the estimated deformed
prostate shapes and the images obtained intra-operatively.

2.1 Biomechanical Model

A patient specific biomechanical model is needed for estimation of the range
of deformations of the prostate. Finite element biomechanical meshes can be
automatically generated from segmented images of the patient (e.g. [5,6]). For the
model to be able to capture the deformation of the prostate accurately, it should
include structures such as the prostate, surrounding tissues, the rectum, and the
surrounding bony structures (sacrum and pubic arch) that control the boundary
conditions. In this preliminary work reported here, we used an anatomy-realistic
3D phantom of the prostate and the surrounding structures for reasons stated
earlier. A side view and a 3D rendered view of the phantom are shown in Figure 1.

The phantom is composed mainly of a block of soft tissue of dimensions
12 cm × 16 cm × 12 cm. The prostate is modeled as an egg shaped structure of
dimensions 3 cm × 3 cm × 3.5 cm. The rectum is modeled as a straight cylinder
with circular cross section of radius 0.5 cm that runs 0.25 cm below the lower
surface of the prostate. The surfaces of the sacrum, pubic arch, were generated
using a spline curve extruded in 3D. The sacrum and the pubic arch are assumed
to be pinned and therefore they define the boundary conditions for the problem.
No other boundary conditions are imposed on any other structure. A tetrahedral
mesh was automatically generated for the prostate and surrounding soft tissue
within Abaqus CAE Finite Element (FE) environment [7] which is also used for
solving the biomechanical FE model.

Even though there is evidence that most soft tissues exhibit non-linear ma-
terial behavior, a linear material model was used in many studies dealing with
biomechanical behavior of soft tissue (e.g. [5]). A linear material model is typi-
cally chosen because it produces faster results compared to a non-linear material
model and it is easier to implement. The values of material parameters, (e.g.
Young’s modulus and Poisson’s ratio for a linear material model) vary widely
from one tissue type to another and from one person to another for the same soft
tissue type, especially with the presence of tissue anomaly such as cancer. To our
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(a) (b)

Fig. 1. The biomechanical prostate phantom. (a) 2D profile. (b) 3D wireframe with
no-displacement boundary conditions imposed on the sacrum and the pubic arch.

knowledge the material parameter values for the prostate have not been deter-
mined experimentally or otherwise for the in-vivo human prostate. In [1] a linear
material model was used for the prostate with different stiffness values for the
central gland and the peripheral zone. A linear material model is only valid for
small deformations and therefore offers limited accuracy in problems that involve
large deformation. In the work presented here, since the expected deformation
is large, we used a homogeneous Mooney-Rivlin non-linear material model for
the prostate tissue with an initial Young’s Modulus (stiffness) value E = 2kPa
and an almost incompressible behavior. This is consistent with the values used
in [1] for the peripheral zone of the prostate. For the soft tissue surrounding
the prostate, a Mooney-Rivlin material model was also assumed but with an
initial stiffness that is 10 times as large as that assumed for the prostate tissue.
Such values of material parameters produced deformations that are consistent
with observed deformation in real TRUS images. Recently, Magnetic Resonance
Elastography has been proposed for in-vivo estimation of material parameter
values [8]. If accurate patient specific material parameter values are known, they
can be used directly in the model. In section 4 we discuss how our approach can
be extended to deal with deformations even if the material parameters were not
known accurately, but are known to lie in a certain range. It is important to note
that we do not need exact knowledge of the elastic parameters since our goal
is to develop a statistical prior model that will follow the actual deformation in
TRUS images rather than totally predict the deformation of the prostate.

During TRUS-guided prostate brachytherapy, the ultrasound probe is in-
serted at increasing depths with known constant displacements in between. This
causes the dilation of the rectum and exertion of pressure on the surrounding
tissues, including the prostate. The displacement of the probe along its axis
measured from the start of the rectum as a reference point is denoted by the
variable u. The angles φ2 and φ3 denote the rotation angles around the 2nd and
3rd coordinate axes respectively (see Figure 1) and are referred to here as the
entry angles of the probe.
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Fig. 2. The mean shape of the statistical model is shown in the middle, with added -3
standard deviations (left) and +3 standard deviations (right) of the 2nd mode of the
deformation.

2.2 Prostate Deformable Model

For training purpose of the deformable statistical model of the prostate, simu-
lations of TRUS probe insertion with different entry angles spanning the range
−4 to 4 degrees were performed. A total of 25 such simulations were performed,
each with 9 corresponding probe displacements that simulate imaging of the
whole prostate in 2D cross sections. Displacements of the probe were 0.5 cm in
between, which is consistent with staging in available TRUS systems used for
brachytherapy. A total of 225 deformed prostate shapes were therefore available
from these simulations. For each simulation, coordinates of the finite element
node locations of each of the deformed shapes were assembled into a vector q
that represents the deformed shape.

Principal Component Analysis (PCA) [9] was performed on the deformed
prostate shapes to obtain the main modes of deformation of the prostate. There-
fore, any of the simulated deformed shapes can be approximated by

q = µ +
M∑

i=1

αixi (1)

where µ is the mean shape of the deformed prostate, xi are the principal modes of
deformation, αi are the expansion coefficients, and M is the number of retained
modes of deformation. More than 99% of the variation in the training samples
was explained by only the first 6 modes of the deformation, and therefore M = 6
was used for the results reported in this work.

Some of the modes of deformation were highly correlated with the physical
parameters of the biomechanical simulations (modes 1, 2 and 4). In Figure 2, the
second mode of deformation of the prostate is shown. It is clear from the figure
that the second principal component correlates well (correlation coefficient of
0.88) with the displacement of the TRUS, u. Similarly, modes 1 and 4 correlated
highly (correlation coefficients ≥ 0.67) with φ2 and φ3 respectively. Given this
observation, a functional relationship was assumed between the principal com-
ponents of the deformation and the biomechanical simulation parameters, i.e.
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αi = fi(u, φ2, φ3), 1 ≤ i ≤ M . (2)

Linear least squares fitting was used to approximate each fi by fitting 3rd degree
Bernstein polynomials [10] for each of the principal components in terms of the
simulation parameters. Therefore a deformed shape is related to the biomechan-
ical simulation parameters by

q = G(u, φ2, φ3) (3)

= µ +
M∑

i=1

fi(u, φ2, φ3)xi

To evaluate the error introduced by the fitting of Bernstein polynomials for the
functions fi of equation (3), true deformed shapes that resulted from biomechan-
ical simulations were compared to the deformed shapes constructed by equa-
tion (3) for the same simulation parameter values. The maximum error was
0.09 cm, while the maximum deformation encountered in the simulated shapes
was 0.7 cm. Therefore, a maximum error of 12.9% was introduced in the train-
ing samples by the approximation of equation (3) and using a finite number of
deformation modes (M = 6).

2.3 Estimation of Deformed Shapes

During prostate brachytherapy, and before inserting any radioactive seeds, a
number of 2D ultrasound images are usually obtained to cover the whole pros-
tate. The displacements between the locations at which the images are obtained
are known since a mechanical stepper is typically used to advance the TRUS
probe. The goal is to estimate the deformed shape of the prostate at each of
those probe locations. If the known displacement between consecutive probe
locations is denoted by �u, then the deformed shapes are given by

qj = G(uo + �u(j − 1), φ2o, φ3o) 1 ≤ j ≤ K . (4)

where K is the number of probe locations, uo the displacement for the first probe
location, φ2o and φ3o are the insertion angles for the probe. Thus, if uo, φ2o and
φ3o were known then the whole set of deformed shapes at different locations of
the probe will be available.

In the work presented here, it is assumed that at each location of the probe,
2 orthogonal images of the prostate are available. These images are readily ob-
tained by most TRUS probes currently in use for brachytherapy. From each
image, coordinates of points on the surface of the deformed prostate can be ex-
tracted using manual or automatic outlining. Let the 3D coordinates of the points
obtained at the jth location of the probe relative to the ultrasound crystal be
denoted by Vj , where 1 ≤ j ≤ K. A coordinate frame transformation relates the
coordinate frame of the crystal to the coordinate frame in which the simulations
were performed. This transformation can be computed in terms of the geometry
of the probe, the parameters u, φ2, and φ3, and to, an unknown translation be-
tween the coordinate frames. Let this frame transformation for the jth location
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of the probe be denoted by Tj . Given an estimate of Tj , let V t
j denote the points

Vj transformed into the simulation coordinate frame by Tj . Also, let the sum of
squared distances between the points V t

j and their closest corresponding points
on the deformed surface qj be denoted by Ej(uo, φ2o, φ3o, to). Therefore, we seek
the values ûo, φ̂2o, φ̂3o, and t̂o that minimize the sum of square errors:

(ûo, φ̂2o, φ̂3o, t̂o) = arg min
K∑

j=1

Ej(uo, φ2o, φ3o) (5)

Using ûo, φ̂2o, φ̂3o in equation 4 yields the estimates of the deformed shapes,
q̂j , 1 ≤ j ≤ K. The optimization problem is solved using the Nelder-Mead non-
linear optimization method [11] from within the Matlab environment. Similar
to the approach in [4], the optimization for the parameters uo, φ2o, φ3o, and to

is performed at 2 different alternating steps for deformable 2D/3D registration
and pure translation.

3 Results

Five simulations of TRUS probe insertion were performed at parameter values
uo, φ2o, and φ3o that were different from those used for the training but within
the range of training values. A pair of orthogonal simulated TRUS prostate
image contours were generated at each location of the probe. The estimator
described above was then used to obtain the deformed shapes of the prostate at
each location of the probe.

We computed the estimation error defined as the difference between the es-
timated deformed prostate shape and true deformed shape obtained by biome-
chanical simulation:

êj = q̂j − qj 1 ≤ j ≤ K (6)

We also computed the reconstruction error for the deformed shapes, defined as
the difference between a deformed shape and its best possible reconstruction in
the space spanned by the retained principal modes of the deformation:

ěj = q̌j − qj 1 ≤ j ≤ K (7)

where q̌j = µ+
∑M

i=1 α̌ixi and α̌i are obtained by projecting the deformed shape
qj on the orthogonal principal modes xi. The estimation error can therefore be
decomposed into 2 orthogonal components [12]

êj = ěj + ẽj (8)
The reconstruction error ěj , is due to the inability of representing the deformed
shape qj as the sum of the mean and a linear combination of the principal modes
of deformation, while the error ẽj is due to inability of estimating the deformed
shape perfectly from the 2D information provided by the TRUS images, and due
the approximation of equation (3). The maximum estimation error and recon-
struction error for each of the simulations are shown in Figure 3. In the worst
test case (case number 4), the max estimation error was 26.7% of the maximum
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Fig. 3. The computed maximum estimation error, reconstruction error, and deforma-
tion of the prostate for 5 different simulations of TRUS probe insertion.

deformation encountered in this simulation. However, the reconstruction error
accounted for more than 57% of the estimation error for this case. The availabil-
ity of more training samples obtained from more biomechanical simulations will
reduce this error, at the expense of increased computational burden.

4 Summary and Future Work

We presented an approach that combines biomechanical and statistical model-
ing for estimation of the shape of the prostate deformed during TRUS probe
insertion. Our approach makes use of a patient specific biomechanical model
constructed from a segmented volumetric scan of the patient’s prostate. Since
it is virtually not possible to perform biomechanical simulations for every pos-
sible value of probe displacement and entry angles, only a small number of
biomechanical simulations are used to extract the modes of deformation of the
prostate. The coefficients of those modes were then related to the parameters of
the biomechanical simulation, namely, the insertion angles and insertion depth
of the TRUS probe. This enabled the parameterization of the deformed prostate
shape in terms of the biomechanical simulation parameters, and therefore pro-
vided a means for combined estimation of a set of deformed prostate shapes
given sparse 2D ultrasound images.

The framework of [3] can be used to extend the approach presented here to a
deformable model for the prostate that includes the modes of deformation as well
as modes of shape. Such model can be constructed from several subjects instead
of using a patient specific biomechanical model. Another possible extension to
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the work presented here is the treatment of material parameters as another
simulation variable that is related to the modes of deformation, and seeking an
estimate of those values as a part of the optimization step.
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