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ABSTRACT

We present a novel framework for building a linked statistical shape model (LSSM), a statistical shape model
(SSM) that links the shape variation of a structure of interest (SOI) across multiple imaging modalities. This
framework is particularly relevant in scenarios where accurate delineations of a SOI’s boundary on one of the
modalities may not be readily available, or difficult to obtain, for training a SSM. We apply the LSSM in the
context of multi-modal prostate segmentation for radiotherapy planning, where we segment the prostate on MRI
and CT simultaneously. Prostate capsule segmentation is a critical step in prostate radiotherapy planning, where
dose plans have to be formulated on CT. Since accurate delineations of the prostate boundary are very difficult
to obtain on CT, pre-treatment MRI is now beginning to be acquired at several medical centers. Delineation of
the prostate on MRI is acknowledged as being significantly simpler to do compared to CT. Hence, our framework
incorporates multi-modal registration of MRI and CT to map 2D boundary delineations of prostate (obtained
from an expert radiation oncologist) on MR training images onto corresponding CT images. The delineations
of the prostate capsule on MRI and CT allows for 3D reconstruction of the prostate shape which facilitates the
building of the LSSM. We acquired 7 MRI-CT patient studies and used the leave-one-out strategy to train and
evaluate our LSSM (fLSSM), built using expert ground truth delineations on MRI and MRI-CT fusion derived
capsule delineations on CT. A unique attribute of our fLSSM is that it does not require expert delineations of
the capsule on CT. In order to perform prostate MRI segmentation using the fLSSM, we employed a region-
based approach where we deformed the evolving prostate boundary to optimize a mutual information based
cost criterion, which took into account region-based intensity statistics of the image being segmented. The
final prostate segmentation was then transferred onto the CT image using the LSSM. We compared our fLSSM
against another LSSM (xLSSM), where, unlike the fLSSM, expert delineations of the capsule on both MRI and
CT were employed in the model building; xLSSM representing the idealized LSSM. We also compared our fLSSM
against an exclusive CT-based SSM (ctSSM), built from expert delineations of capsule on CT only. Due to the
intensity-driven nature of the segmentation algorithm, the ctSSM was not able segment the prostate. On MRI,
the xLSSM and fLSSM yielded almost identical results. On CT, our results suggest that the fLSSM, while
not dependent on highly accurate delineations of the capsule on CT, yields comparable results to an idealized
LSSM scheme (xLSSM). Hence, the fLSSM provides an accurate alternative to SSMs that require careful SOI
delineations that may be difficult or laborious to obtain, while providing concurrent segmentations of the capsule
on multiple modalities.
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1. INTRODUCTION

During prostate radiotherapy planning, the prostate capsule needs to be delineated on a patient’s CT.1 Dose
planning is done by calculating the attenuation of radiation by the tissue, and only CT images provide the
electron density data that is required for this calculation.1 Localizing the radiation to the prostate alone with
higher accuracy, can lead to more effective dose planning, thereby reducing radiation toxicity to the rectum and
bladder.2, 3 Currently, the clinical standard for targeting the prostate is to manually delineate the capsule on
a patient’s CT. CT has poor soft tissue contrast causing the boundary between the prostate and surrounding
organs to be nearly indistinguishable (Figure 1(c)), compared to the corresponding capsule boundary on in vivo
MRI (Figure 1(a)). The lack of radiological difference between adjacent tissues4 leads to intensity homogeneity
on the pelvic CT images. Studies have shown that the prostate volume is largely overestimated on CT.5 Gao et
al.6 reported that physicians who delineate prostate boundary on CT are generally concerned with unintentional
inclusion of rectal tissue, so they tend to miss parts of the prostate volume close to the rectal boundary. Physicians
are also likely to overextend the anterior boundary of the prostate to encompass bladder tissue.6 Manual
segmentation of the prostate on CT is not only tedious, but is also prone to high inter-observer variability7

and inaccuracies close to the bladder and rectum. On the other hand, MRI provides better resolution,8 better
contrast of soft tissue,9 and better target delineation,5, 9 compared to CT. Hence, by registering MR images to
their corresponding CT images, it is possible to transfer the prostate boundary delineation from MRI to CT,
thereby obviating the need for delineating the capsule boundary on CT. Consequently, it would be useful if a
segmentation algorithm could leverage MRI-CT fusion to map prostate boundary information from MRI onto
CT and use this information to segment the prostate on CT. Sannazzari et al.10 reported that using MRI-CT
fusion methods (i.e. MRI-CT registration) to map prostate delineations from MRI to CT made it possible to
spare approximately 10% of the rectal volume in the radiation field and approximately 5% of bladder and femoral
head volumes, compared to a purely CT-based segmentation.

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

Figure 1. The shape of the prostate is different when seen on MR or CT imagery. The use of an endorectal coil non-linearly
deforms the prostate on MRI. (a) MR image with prostate capsule boundary delineated in 2D. (b) 3D rendering of the
prostate shape as seen on MRI. (c) 2D CT image of the prostate, and (d) 2D CT image with delineation of the prostate
capsule overlaid. (e) 3D rendering of the prostate as seen on CT.

Several methods have been proposed to segment the prostate on CT imagery.11–17 One method is to use
Statistical Shape Models (SSM). The most popular SSM for shape segmentation is the classical Active Shape
Model (ASM),18 which uses PCA to model the variation across several pre-segmented training shapes represented
as points. Variants of the ASM11–13, 17 have been used on prostate CT data for segmentation, mainly to constrain
shape evolution. For example, Rousson et al.13 presented a coupled segmentation framework for both the prostate
and bladder on CT imagery. A Bayesian inference framework was defined to impose shape constraints on the
prostate using an ASM. Feng et al.11 employed the ASM in their framework to model both inter and intra-
patient shape variation in the prostate to segment it on CT imagery. Over 300 training studies were employed to
construct the shape model. Chen et al.12 constructed an ASM in conjunction with patient-specific anatomical
constraints to segment the prostate on CT, using 178 training studies.

ASMs have also been used to segment the prostate on MRI.19–21 Toth et al.20 evolved a point-based ASM
driven by a MR spectroscopy based initialization scheme to segment the prostate on T2-weighted MRI. Martin
et al.19 utilized a combination of a probabilistic atlas and an ASM to segment the prostate on MRI. Recently,
the level set framework for representing shape has been gaining popularity.13, 21 The advantage of using level

Proc. of SPIE Vol. 7963  796314-2

Downloaded from SPIE Digital Library on 21 May 2011 to 198.151.130.3. Terms of Use:  http://spiedl.org/terms



sets is that they provide an accurate shape representation and implicit handling of topology.21 Tsai et al.21

constructed a coupled ASM from level sets to segment multiple structures from pelvic MR images. To optimize
the segmentation boundary, they used a mutual information (MI) based cost functional that takes into account
region-based intensity statistics of the training images.

On account of the previously mentioned difficulties in delineating the capsule boundary on CT, constructing
a prostate SSM on CT is particularly challenging compared to building it on MRI. While Feng et al.11 and Chen
et al.12 employed hundreds of training instances for training their SSM, manual delineation of the capsule on CT
is a laborious, exhaustive, and error prone task, one subject to high inter-observer variability. In addition, since
Feng et al.11 included intra-patient variation in their shape model, manual delineation of the prostate on the
initial planning CT for each patient had to be obtained as well. In order to utilize MRI data for CT segmentation,
it is necessary to perform MRI-CT fusion by registering MRI to CT. Previous methods include using implanted
fiducials to aid a rigid registration method,8 and using the Iterative Closest Points (ICP) algorithm on pre-
segmented MRI and CT.22 More recently, Chappelow et al.23 presented a multi-modal 2D registration scheme
for MRI and CT that used a combination of affine and elastic registration. This semi-automatic image-based
registration method does not involve the use of invasive fiducials or pre-segmented CT.

One strategy for segmenting the prostate on CT by leveraging MR imagery would be to evolve an SSM on
the MRI and then register the result onto CT. MRI-CT registration is currently done in 2D where several time
consuming operations, such as determining slice correspondences across MRI and CT, need to be performed in
order to reconstruct the slices and determine a 3D segmentation of the prostate on CT. The goal of this work is
to avoid this problem by leveraging 2D MRI-CT registration to map delineations of the prostate on MRI onto
CT, reconstructing the delineations into 3D shapes, and then defining an implicit multi-modal shape correlation
within a SSM such that every shape generated on the MRI has a corresponding shape generated on the CT.
This would only require 2D MRI-CT registration to be performed once on the corresponding MRI-CT data used
to train the SSM. The prostate segmentation on CT could then be determined in 3D without additional time
consuming steps and more importantly without having to rely on manual delineations of the capsule on CT
(difficult to obtain).

Van Assen et al.24 proposed to train a SSM on MRI that would then be directly employed for capsule segmen-
tation on CT imagery. Such an approach may not be able to deal with the significant non-linear deformations
that may occur due to the use of an endorectal coil during prostate MRI acquisition. Figure 1 illustrates this
difference in prostate shape by comparing 2D slices as well as the 3D shapes of the prostate as seen on the CT
and MRI modalities respectively. Notice how the shape of the prostate on MRI (Figures 1(a) and 1(b)) are
different compared to the corresponding CT views (Figures 1(c) and 1(e)). One of the key motivations of this
work is to build a SSM that would allow for handling of extreme deformations on the CT.

In this work we present a framework for multi-modal segmentation of a structure of interest (SOI), concur-
rently on MRI and CT. The framework involves construction and application of a linked SSM (LSSM), which we
define as a SSM that incorporates shape information from multiple modalities to link the SOI’s shape variation
across the different modalities. Essentially, the LSSM is trained using corresponding shape data from both MRI
and CT which are then stacked together. The LSSM can generate corresponding shapes of the SOI on both
modalities and may then be evolved on a patient’s MRI (instead of on the CT), enabling automated segmenta-
tion of the SOI on MRI. The corresponding segmentation on CT is then easily generated using the LSSM. Tsai
et al.,21 coupled the shape variation between adjacent organs on the same modality to allow for simultaneous
segmentation of multiple SOI’s on a MRI. We extend the Tsai method21 to allow SSMs to link shape variations
of a single SOI across multiple imaging modalities to allow concurrent segmentation of the SOI on the different
modalities. To the best of our knowledge, our work is the first time a multi-modal SSM has been built for
concurrent segmentation on MRI and CT. The closest related work on multi-modal SOI segmentation was done
by Naqa et al.25 Their work applied active contours for concurrent segmentation of a SOI.

For applications such as prostate radiotherapy, the LSSM can be used to find prostate boundaries on a
patient’s CT by leveraging corresponding MRI data. The LSSM is trained using examples of prostate shape on
both MRI and CT, such that the corresponding shape variations can be linked. The MRI and CT images are
then fused, thereby enabling the mapping of prostate boundary delineations from MRI on to CT. The fusion
method that we use involves affine registration of a small field of view (FOV) MRI to a large FOV MRI which
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is then elastically registered to the CT.23 This is done on a slice-by-slice basis. 3D shapes of prostate are then
reconstructed from the 2D slices on both modalities to provide training instances for the LSSM. Hence, image
registration (from MRI to CT) is employed as a conduit to SSM-based segmentation of the prostate on CT.

The rest of the paper is organized as follows. In Section 3 we give a brief overview of our methodology followed
by an in-depth description in sections 4 and 5. In section 6 we describe the experimental design, followed by
the results and discussion in section 7. In section 8 we present our concluding remarks and directions for future
work.

2. BRIEF SYSTEM OVERVIEW AND DATA DESCRIPTION

2.1 Notation

We define I to be a 2-dimensional image where I ∈ I, the 3-dimensional volumetric image (I ∈ Ω and Ω ⊂ R
3).

Let I = (C, f), where C is a finite grid 2D rectangular grid of pixels with intensity f(c) where c ∈ C and
f(c) ∈ R. For each patient study, a set of small FOV MRI (diagnostic MRI), large FOV MRI (planning MRI)
and CT were acquired. The corresponding 2D slices are denoted as Id, Ip and ICT , respectively. These images
are defined on independent coordinate grids Cd, Cp and CCT. B(Id), B(Ip) and B(ICT ) refer to the boundary
delineations of the prostate on the respective 2D slices. Additionally, we define S as a training set of binary
volumes V ∈ Ω of the SOI, such that S = {V j

i : i ∈ {1, . . . , N}, j ∈ {1, 2}}, where N is the number of patient
studies, where V 1

i corresponds to MRI and V 2
i corresponds to CT. Commonly used notation in this paper is

summarized in Table 1.

Symbol Description
I 3D Volumetric image. I ∈ Ω and Ω ⊂ R

3

I 2D Image scene I = (C, f). I ∈ I.
C Finite grid of pixels in an image I.

c, e Single pixel in C.
f(·) Intensity at c or e; f(·) ∈ R

�.
V Binary volume (V ∈ Ω).

Tαβ Transformation for mapping from Cα to Cβ .
ϕ Signed distance function of V .
ϕ Mean of ϕ across all patients i on a modality j.
ϕ̃ Mean-offset function of ϕ where ϕ is subtracted from ϕ
M Matrix of all patient data for performing PCA
γ Set of eigenvectors defining shape variation.
λ Set of eigenvalues corresponding to γ.
w Shape vector that weighs λ when generating a new shape instance.
φ New shape instance.
D Marginal entropy when D(·), joint entropy when D(·, ·).
pα Probability density estimate of intensities of pixels in region α.
˜I Transformed image Tαβ(I).

GMRI Expert delineated ground truth segmentation of prostate on MRI.
GxCT Expert delineated ground truth segmentation of prostate on CT.

Table 1. Table of commonly used notation.

2.2 Data description

Both of the diagnostic and planning MRIs from each patient were 1.5 Tesla, T2-weighted and axial prostate
images which were acquired using an endorectal coil. A corresponding planning CT was also acquired for each
of those patients. The diagnostic MRI provides the best resolution of the prostate with voxel dimensions of
0.5 × 0.5 × 4 mm3. The planning MRI has voxel dimensions of about 0.9 × 0.9 × 6 mm3, which is similar in
FOV to the CT where the voxel dimensions are 1 × 1 × 1.5 mm3. The total image dimensions of each imaging
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modality is shown below in Table 2, along with a summary of the data description. Examples of the diagnostic
MRI, planning MRI, and CT are shown in Figure 2.

(a) (b) (c)

Figure 2. Examples of (a) small FOV diagnostic MRI, (b) large FOV planning MRI, and (c) planning CT images of the
prostate. Note that unlike in Figures 2(a) and (b), the prostate is not discernible on the CT (Figure 2(c)). The planning
MRI serves as a conduit, by overcoming the differences in FOV between CT and diagnostic MRI, to register the diagnostic
MRI with the corresponding planning CT.

Slice Notation Modality Description Dimensions (mm3) Voxel (mm3)

Id T2-w 1.5T MRI Diagnostic 120× 120× 128 0.5× 0.5× 4
Ip T2-w 1.5T MRI Treatment Planning 240× 240× 312 0.9× 0.9× 6
ICT CT Planning 500× 500× 329 1× 1× 1.5

Table 2. Summary of the prostate image data sets acquired for each of 7 patients considered in this study.

2.3 Methodological Overview

Below, we present a brief overview of our LSSM methodology (fLSSM) applied to the problem of simultaneous,
concurrent segmentation of the prostate capsule on MRI and CT, in the context of prostate radiotherapy planning.

2.3.1 Step 1: MRI-CT Registration

The goal of this step is to transfer expert delineated prostate boundary on diagnostic MRI onto planning CT,
thus obviating the need for an expert to contour the prostate capsule on the CT for several training studies.

• Bias field correction and noise filtering on MRI: Pre-process the MRI images appropriately to correct
bias field,26 standardize the intensities,27, 28 and perform noise filtering.

• Registration of diagnostic MRI to planning MRI: Register Id to Ip using affine registration to get
the transformation Tdp. This step allows for the fusion and alignment of the diagnostic and planning FOV
MR images.

• Registration of planning MRI to CT: Register Ip to ICT (on account of similar FOV) using elastic
registration29 to get the transformation TpC, enabling image fusion of the CT and planning MRI. The
planning MRI aids in overcoming the modality differences between diagnostic MRI and CT.

• Combination of transformations: Register Id to Ip to obtain the transformation TdC and then apply
TdC to the prostate boundary delineation on B(Id) to obtain corresponding boundary delineation on CT
B(ICT).

2.3.2 Step 2: Construction of fLSSM

Reconstruct 3D volumes of prostate on MRI and CT, then construct our MRI-CT LSSM (fLSSM) to link the
shape variations between diagnostic MRI and CT (see section 4).
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Figure 3. Summary of the fLSSM strategy for prostate segmentation on CT and MRI. The first step (Step 1) shows
the fusion of MR and CT imagery. The diagnostic and planning MRI are first affinely registered (shown in a checker-
board form) followed by an elastic registration of planning MRI to corresponding CT. The diagnostic MRI can then be
transformed to the planning CT (shown as overlayed images). The second step shows the construction of the LSSM where
PCA is performed on aligned examples of prostates from both CT and MRI such that their shape variations are then
linked together. Thus for any standard deviation from the mean shape, two different but corresponding prostate shapes
can be generated on MRI and CT. The last step (Step 3) illustrates the fLSSM-based segmentation process, where the
final prostate segmentation from MRI is transferred onto the CT by generating the corresponding shape using the fLSSM.

2.3.3 Step 3: Segmentation of prostate on MRI and CT via fLSSM

• 3D segmentation of the prostate on MRI by evolving the fLSSM on the patient’s diagnostic MRI.

• 3D segmentation of the prostate on CT After convergence of evolution of the fLSSM on the diagnostic
MRI, calculate the corresponding prostate shape on CT and then map it onto the correct location on the
CT image.

Figure 3 illustrates the organization and the flow between the different steps comprising our LSSM strategy
(fLSSM). The MRI-CT registration section in Figure 3 corresponds to Step 1, the construction of the fLSSM
is illustrated in Step 2, while the MRI-CT segmentation module is illustrated in Step 3. The result after the
registration of Id to Ip is shown as checkerboard patterns of ˜Id (Id after registration) and Ip. As can be
appreciated, the checkered image shows continuity in the prostate and surrounding structures. The resulting
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registration of Ip to ICT, and Id to ICT are shown as overlays of post-registration ˜Id and ˜Ip, respectively, on
ICT. Notice that the overlays show good contrast of both bone and soft tissue. Step 2 in the flowchart shows
the construction of the fLSSM and illustrates how the shape variations on both MRI and CT are linked. This
allows for generation of a corresponding CT shape from the final MRI segmentation, as illustrated in the bottom
of Figure 3.

3. CONSTRUCTION OF FLSSM

In this section we describe the framework for constructing our fLSSM for multi-modal image segmentation. We
first discuss the error analysis associated with our new LSSM (fLSSM) scheme.

3.1 Error analysis and motivation for MRI-CT LSSM (fLSSM)

The primary motivation for the LSSM is the segmentation of the prostate capsule on both MRI and CT simul-
taneously. This is done via MRI-CT fusion to map prostate boundaries BMRI onto CT to obtain BCT . The
LSSM essentially links the variation between shapes on CT and MRI by stacking data from both modalities and
performing PCA on them. Below, we list the errors associated with a LSSM:

• There will be a very small delineation error εδMRI associated with BMRI .

• BCT will have an error εF associated with it due to MRI-CT fusion error.

• The fLSSM L(MRI,CT ) will result in some associated error εL in the final prostate CT segmentation.

• Hence, total error for the fLSSM, εLSSM = εδMRI + εF + εL.

In contrast, a purely CT-based SSM (ctSSM) would have the following errors associated with it:

• There will be a large delineation error εδCT associated with BCT , since accurate delineation of the prostate
capsule on CT is very difficult.

• The ctSSM will result in some associated error εCT in the final prostate CT segmentation.

• Hence, total error for ctSSM εctSSM = εδCT + εCT .

The dominant contribution in εLSSM would arise from εF due to the parts of the prostate which are non-linearly
deformed. On the other hand, most of the error from εctSSM would be due to εδCT , since accurate delineation
of the prostate capsule on CT is very difficult. Assuming that an accurate registration scheme is employed, it is
reasonable that εF < εδCT . Additionally, one can assume that since εδMRI is small (given the high resolution of
MRI), that εF+εδMRI < εδCT . Further assuming that εL ≈ εCT , since εCT is a function of the training/delineation
error εδCT , it follows that εLSSM ≤ εctSSM . This then provides the motivation for employing the fLSSM over the
ctSSM for segmentation of the capsule on CT. Additionally, note that the fLSSM, unlike the ctSSM, provides
for concurrent segmentation of the capsule on both modalities simultaneously.

3.2 Pre-processing of binary images and construction of shape variability matrix

• Step 1: For each modality j, align V j
1 , ..., V

j
N to the common coordinate frame of a template volume VT .

This was done using a 3D affine registration with Normalized Mutual Information (NMI) being employed
as the similarity measure.

• Step 2: For each aligned volume V j
i , where i ∈ {1, ..., N} and j ∈ {1, 2}, take the signed distance function

(SDF) to obtain ϕj
i . The SDF transforms the volume such that each voxel takes the value, in millimeters

(mm), of the minimum distance from the voxel to the closest point on the surface of V j
i . The values inside

and outside the SOI are negative and positive distances respectively.

• Step 3: For each modality j, subtract the mean ϕj = 1
N

∑

i ϕ
j
i from each ϕj

i , to get a mean-offset function

ϕ̃j
i .
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• Step 4: Create a matrix M from all the data from ϕ̃j
i . This matrix has i columns such that all the

mean-offset data from a single patient is stacked column-wise to create a column in M. In each column
i in M, all the data from ϕ̃2

i would be stacked column-wise underneath the data from ϕ̃1
i , which are also

stacked in an identical fashion.

3.3 PCA and new shape generation

• Step 1: Perform principal component analysis (PCA) on M and select q eigenvectors γ that capture 95%
of the shape variability.

• Step 2: Due to the large size of the matrix, use an efficient technique, such as the method of Turk
et al.,30 to perform the eigenvalue decomposition step. PCA on M is done by performing the eigenvalue
decomposition on 1

NMMT , but in practice, the eigenvectors and eigenvalues can be computed from a much
smaller matrix 1

NMTM. Thus, if we define the eigenvector obtained from the eigenvalue decomposition of
1
NMTM as �, then γ = M�.

• Step 3: The values of γ represent variation in both MRI and CT shape data, hence the respective
eigenvectors of MRI and CT shape variation γ1 and γ2 are parsed from the total set of eigenvectors γ.

• Step 4: For each modality j, a new shape instance φj can now be generated by calculating the linear
combination:

φj = ϕj +

q
∑

i=1

wiγ
j
i . (1)

The shape vector w weighs the eigenvalues λ such that it has a value ranging −3
√
λ to +3

√
λ.

3.3.1 Linking variation of prostate shape on multiple modalities

Since PCA is performed on all the data from both modalities for all the patient studies, the variability of
prostate shape across all patients is linked with the λ and γ obtained from PCA. The λ essentially quantifies the
magnitude of the variation of the data. Since w weighs λ, using the same w to calculate new shape instances
on each modality (by weighing the parsed eigenvectors γj) allows the generation of corresponding shapes. For
example, φ1 that is calculated using w is linked to φ2 (calculated using the same w), since they represent shapes
corresponding to the same structure on two different modalities. This is illustrated in the second step of Figure
3. Notice how the prostate shape on MRI has a corresponding shape on CT, for different standard deviations
from the mean.

4. APPLICATION OF LSSM TO SEGMENT PROSTATE ON MR-CT IMAGERY

4.1 Bias field correction and noise filtering

Before performing any registration and segmentation tasks, all MR images were corrected for bias field in-
homogeneity using the automatic low-pass filter based technique developed by Cohen et al.26 The method
automatically thresholds intensities in an image below which pixels are classified as noise, and fills the noisy
pixels with average non-noise intensity. The resulting image is then used to normalize the raw image such that
average pixel intensity of the image is retained after correction. Subsequently, we standardized all the bias field
corrected images in all the patients’ image volumes to the same range of intensities.27, 28 This was done via
the image intensity histogram normalization technique to standardize the contrast of each image to a template
image. Additional noise filtering was performed, following the bias field correction,28 by convolving each of the
images with a Gaussian filter.
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4.2 Diagnostic MRI to planning MRI registration

In order to bring Id to the coordinate space of Ip, Id was affinely registered to Ip, via maximization of NMI,
to determine the mapping Tdp : Cd �→ Cp:

Tdp = argmax
T

[

NMI(Ip,T(Id))
]

, (2)

where T(Id) = (Cp, fd) so that every c ∈ Cd is mapped to new spatial location e ∈ Cp (i.e. T(c) ⇒ e and
c ⇐ T−1(e)). The NMI between Ip and T(Id) is given as,

NMI(Ip,T(Id)) =
D(Ip) +D(T(Id))

D(Ip,T(Id))
, (3)

in terms of the marginal and joint entropies,

D(Ip) = −
∑

e∈Cp

pp(fp(e)) log pp(fp(e)), (4)

D(T(Id)) = −
∑

e∈Cp

pd(fd(T−1(e))) log pd(fd(T−1(e))), and (5)

D(Ip,T(Id)) = −
∑

e∈Cp

ppd(fp(e), fd(T−1(e))) log ppd(fp(e), fd(T−1(e))), (6)

where pp(.) and pd(.) are the graylevel probability density estimates, and ppd(., .) is the joint density estimate.
Note that the similarity measure is calculated over all the pixels in Cp, the coordinate grid of Ip. Despite the
small FOV of Id and the large FOV of Ip, an affine transformation is sufficient since the different FOV MRIs are
acquired in the same scanning session with minimal patient movement between acquisitions. Since both types
of MRIs are also similar in terms of intensity characteristics, NMI is effective in establishing optimal spatial
alignment.

The image registration was only performed on slices containing the prostate, where 2D-2D slice correspondence
across Id, Ip and ICT had been previously determined manually by an expert, corresponding anatomical fiducials
having been visually identified across both modalities.

4.3 Registration of Planning MRI to CT

An elastic registration was performed between Ip and ICT using control point-driven TPS to determine the
mapping TpC : Cp → CCT. This was also done in 2D for corresponding slices which contained the prostate,
using an interactive point-and-click graphical interface. Corresponding landmarks on slices Ip and ICT were
selected via the point-and-click setup. These landmarks included the femoral head, pelvic bone, left and right
obturator muscles and locations near the rectum and bladder which showed significant deformation between the
images. Note that TpC(c) is a non-parametric deformation field which elastically maps each coordinate in Cp to
CCT, while Tdp(e) from the previous step is obtained via an affine transformation. The elastic deformation is
essential to correct for the non-linear deformation of the prostate shape on MRI, relative to the prostate shape
on CT, on account of the endorectal coil.

4.4 Combination of transformations

The direct mapping TdC(c) : Cd �→ CCT of coordinates of Id to ICT is obtained by the successive application
of Tdp and TpC,

TdC(c) = TpC(Tdp(c)). (7)

Thus, using TdC(c), each c ∈ Cd is mapped into corresponding spatial grid CCT. This transformation was then
applied to B(Id), to map the prostate delineation onto CT to obtain B(ICT).

In summary, the procedure described above is used to obtain the following spatial transformations: (1) Tdp

mapping from Cd to Cp, (2) TpC mapping from Cp to CCT, and (3) TdC mapping from Cd to CCT. Using TdC

and TpC, the diagnostic and planning MRI that are in alignment with CT are obtained as ˜Id = TdC(Id) =

(CCT, fd) and ˜Ip = TpC(Ip) = (CCT, fp), respectively.
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4.5 Construction of MR-CT fLSSM

The 2D mapping via the aforementioned three steps were performed only on those slices for which slice core-
spondence had been established across Id, Ip and ICT . Thus only a subset of the delineations were mapped
onto CT. Interpolation between the slices was performed in order to identify delineations for slices which were
not in correspondence across Id, Ip and ICT . 3D binary volumes Vi

1 and Vi
2 were then reconstructed out of the

2D masks from both modalities, where modality 1 corresponds to the MRI while modality 2 corresponds to the
CT. We then applied the fLSSM construction method described in section 4 to build the MRI-CT based fLSSM.

4.6 3D segmentation of the prostate on MRI

To initialize the prostate segmentation on MRI, the mean shape was placed at the approximate center of the
prostate. We then used a variant of the method introduced by Tsai et al.21 where we optimized a MI-based cost
criterion, to register (using affine registration) and deform (using the SSM) the initialization of the segmentation
to the test volume Itest until convergence. Equation 8 illustrates the energy functional that was optimized to
obtain the final segmentation of the prostate on MRI. It is a region-based functional where the former term fits
the SSM to pixels outside the prostate while the latter term fits the SSM to pixels inside the prostate. The
fitting is optimized based on the joint probability density estimates of the intensities in the relevant regions, and
the regions offset by ±20 pixels in the X and Y directions.

E(w, t, s, θ) = (P k
out)(

−1

Aout
)

∫

Ω

log(pout(I
test
3 ))H(φk

w,t,s,θ)dA +

[

P k
in(

−1

Ak
in

)

∫

Ω

H(−φk
w,t,s,θ) log(p

k
in(I

test
3 ))dA

]

(8)

where w, t, s and θ are the shape, translation, scaling and rotation parameters respectively, Pin, Pout are the
prior probabilities of pixels being inside and outside the prostate respectively, Ain, Aout are the number of pixels
inside and outside the prostate respectively, H is the Heaviside step function, and k refers to the iteration index.
pin(I

test) and pout(I
test) refers to the probabilities of intensities in the test image occuring inside and outside the

prostate. When calculating the probabilities, we also took into account the intensities which occur ±20 pixels in
the X and Y directions from the prostate. These probabilities were estimated from the training data.

4.7 3D segmentation of the prostate on CT

Equation 8 is optimized to deform the prostate boundary on MRI; the corresponding boundary on CT is also
simultaneously deformed via the fLSSM. Following convergence of the evolution of the fLSSM on MRI, the final
weights w obtained from the MRI segmentation, are used to calculate the prostate shape on CT. This shape is
then scaled and mapped manually to the center of the prostate on the CT.

5. EXPERIMENTAL DESIGN

5.1 Summary of experimental comparison

The following 3 different types of SSMs were employed in this study:

1. Conventional CT-based SSM built using expert delineated prostate boundaries on CT only (ctSSM). The
ctSSM is a conventional SSM trained using prostate shapes on the CT only, and applied to prostate CT
segmentation without leveraging MRI in any way.

2. LSSM built using expert delineated prostate boundaries on both MRI and CT (xLSSM). The xLSSM is a
linked shape model that we consider to be the idealized LSSM, since it is trained using prostate delineations,
on both MRI and CT; careful and accurate delineations having been provided by a radiation oncologist
with 10 years of experience.

3. LSSM built using expert delineated prostate boundaries on MRI and the corresponding mapped boundaries
on CT, obtained via MRI-CT fusion (fLSSM). This represents our new model, which leverages 2D MRI-CT
registration,23 to map expert delineated prostate boundaries on the MRI onto CT. The fLSSM is compared
against both the ctSSM and the xLSSM in terms of the ability of the models to accurately segment the
prostate capsule on CT, and against the xLSSM in terms of the ability to segment the capsule accurately
on MRI.
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5.2 Types of ground truth and evaluation

The SSMs were constructed using different types of prostate ground truth G. We define expert delineated
prostate ground truth on CT as GxCT . These delineations were drawn by a radiation oncologist with 10 years of
experience. Note that ground truth prostate delineations on MRI (GMRI ) are always determined by the expert.
Accordingly, the ctSSM is built using GxCT , the xLSSM was built using GMRI and GxCT , and the fLSSM was
built using GMRI and the delineations on CT obtained by employing MRI-CT registration.

On MRI, the segmentation results of the xLSSM and the fLSSM were evaluated against GMRI . On CT, the
segmentation results of all three SSMs were evaluated against GxCT . Note however that the xLSSM, constructed
using GMRI and GxCT , is also evaluated with respect to GMRI and GxCT and hence has an advantage over the
fLSSM, which does not employ GxCT in its construction.

5.3 Performance measures

We employed the leave-one-out strategy to evaluate the three SSMs using a total of 7 patient studies (See Table
2 for a summary of the data). We evaluated the segmentation results of the three SSMs against expert delineated
ground truth of the prostate on both MRI (GMRI) and CT (GxCT ). The evaluations were performed on the MRI
and CT qualitatively, using 3D visualization, and quantitatively using the Dice Similarity Coefficient (DSC),
the Hausdorff Distance (HD) and the Mean Absolute Distance (MAD). For our qualitative evaluation, the error
(in mm) from each point s of the segmented prostate surface boundary to the closest point g on the associated
prostate ground truth segmentation is calculated. Hence, every surface point s is assigned an error εs, and this
is rendered with a color reflecting the magnitude of εs. Small errors are assigned “cooler colors”, while large
errors are assigned “warmer” colors.

6. RESULTS AND DISCUSSION

Some qualitative results are shown in Figures 4 and 5, while the quantitative results of the individual studies are
shown in Tables 4 and 5 respectively. Note that the segmentation results on CT were generally better compared
to MRI. This was primarily due to two reasons: (1) The CT prostate shape that was obtained from the LSSM
was manually placed in the center of the prostate on the CT image. (2) Since an endorectal coil is not used on
CT, the prostate shape is globular when seen on the CT, while on the MRI, it is more deformed. Thus during
the segmentation process, as the MRI prostate shape is deformed by varying the parameter w, the evolving
boundary may leak outside the boundary of the prostate near the base, apex and levator muscles. In the case
of the CT prostate shape, the deformed boundary may not leak out as much due to its globular shape, hence
bringing the shape closer to a good segmentation.

6.1 Evaluate ctSSM against GxCT .

We evolved ctSSM on CT only, to compare our fLSSM based segmentations to a purely CT-based SSM. Since
the ctSSM method was based purely on intensity distributions, the ctSSM was unable to segment the prostate.
The inherent intensity homogeneity in pelvic CT images caused the evolving ctSSM boundary to drift far from
the prostate. The results were poor and hence the corresponding quantitative results have not been reported.

6.2 Evaluate xLSSM and fLSSM against GMRI and GxCT .

We evolved the xLSSM and fLSSM on each patient study and compared the corresponding segmentation results
on MRI to GMRI , and similarly the CT segmentation results to GxCT .

On MRI, the evaluation xLSSM(GMRI) yielded a mean DSC value of 0.77, mean HD of 9.98 mm, and mean
MAD of 3.35 mm, while the evaluation fLSSM(GMRI ) yielded a mean DSC value of 0.77, mean HD of 10.74
mm, and mean MAD of 3.39 mm. The corresponding qualitative results are shown on Figure 4. We can see
from Figure 4, that the errors from using the xLSSM and the fLSSM are almost identical in different parts of
the prostate.

On CT, the evaluation xLSSM(GxCT ) yielded mean DSC of 0.82, mean HD of 6.70 mm, and mean MAD
of 2.44 mm, while the evaluation fLSSM(GxCT ) yielded mean DSC of 0.77, mean HD of 9.83 mm, and mean
MAD of 3.15 mm. The corresponding qualitative results are shown in Figure 5. We see from Figure 5 that the
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(a) (b)

Figure 4. 3D renderings of MRI segmentation results for patient study 2, where the surface is colored to reflect the surface
errors (in mm) between prostate surface segmentation and GMRI . The error εs is calculated by taking the Euclidean
distance between a point on the surface of prostate segmentation result and the closest point on the ground truth
segmentation. Larger errors are represented by warmer colors, while smaller errors are represented by cooler colors. (a)
Segmentation of prostate on MRI, using xLSSM, evaluated against GMRI . (b) Segmentation of prostate on MRI, using
the fLSSM, evaluated against GMRI .

errors from using xLSSM and fLSSM are similar, except the fLSSM had some trouble segmenting the posterior
base of the prostate. This is most likely due to errors that propagate from the MRI-CT registration step during
construction of the fLSSM.

(a) (b)

Figure 5. 3D renderings of CT segmentation results for patient study 2, where the surface is colored to reflect the surface
errors (in mm) between prostate surface segmentation and the associated GxCT . The error εs is calculated by taking the
Euclidean distance between a point on the surface of prostate segmentation result and the closest point on the ground
truth segmentation. Larger errors are represented by warmer colors, while smaller errors are represented by cooler colors.
(a) Segmentation of prostate on CT, using the xLSSM, compared to GxCT . (b) Segmentation of prostate on CT, using
fLSSM, evaluated against GxCT .

The quantitative and qualitative evaluations show that both the xLSSM and fLSSM are able to segment the
prostate on MRI and CT successfully. On MRI, both xLSSM and fLSSM yielded almost identical results. On
CT, we see that the segmentation result using the xLSSM was only marginally better compared to the fLSSM.
For example, the mean MAD between the fLSSM and the xLSSM, calculated over all patient studies, were within
0.71 mm of each other.

7. CONCLUDING REMARKS

The primary contributions of this work were: (1) a new framework for constructing a linked Statistical Shape
Model (LSSM) which links the shape variability of a structure across different modalities, (2) constructing an
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Patient DSC MRI
xLSSM(GMRI)

DSC MRI
fLSSM(GMRI )

HD MRI
xLSSM(GMRI)

HD MRI
fLSSM(GMRI )

MAD MRI
xLSSM(GMRI)

MAD MRI
fLSSM(GMRI )

1 0.8783 0.8832 6.6622 8.7193 1.7231 1.6017
2 0.8433 0.8424 6.4995 7.8576 2.2347 2.1704
3 0.8077 0.8159 11.5288 12.5214 3.0145 2.9749
4 0.7471 0.7190 9.1475 8.4375 3.4060 3.6504
5 0.7166 0.6880 8.9738 12.9366 3.8612 4.5684
6 0.7856 0.7758 14.4430 14.1608 3.7561 3.8961
7 0.6448 0.6690 12.5717 10.5257 5.4280 4.8972
Mean 0.7748 0.7705 9.9752 10.7370 3.3462 3.3942
Stdev 0.0792 0.0813 2.9961 2.4980 1.2077 1.2139

Table 3. Individual prostate segmentation results on MRI, via the xLSSM and fLSSM, evaluated against GMRI .

Patient DSC CT
xLSSM(GxCT )

DSC CT
fLSSM(GxCT )

HD CT
xLSSM(GxCT )

HD CT
fLSSM(GxCT )

MAD CT
xLSSM(GxCT )

MAD CT
fLSSM(GxCT )

1 0.8580 0.8491 7.1096 10.5178 1.7869 2.0716
2 0.9108 0.8388 4.0273 9.9593 1.1688 1.9884
3 0.7037 0.7592 8.6711 9.4207 4.4533 3.7390
4 0.9047 0.8070 4.8846 8.3442 1.4154 2.8388
5 0.6718 0.5732 8.2453 11.0170 4.2561 5.9570
6 0.8757 0.7972 6.8374 10.7427 1.7935 2.9533
7 0.8261 0.8112 7.1414 8.8424 2.2351 2.5279
Mean 0.8215 0.7765 6.7024 9.8349 2.4441 3.1537
Stdev 0.0961 0.0943 1.6879 1.0068 1.3481 1.3700

Table 4. Individual prostate segmentation results on CT, via the xLSSM and fLSSM, evaluated against GxCT .

SSM in the absence of ground truth boundary delineations on one of two modalities used, and (3) application of
the LSSM to segment the prostate on CT for radiotherapy planning. To the best of our knowledge, this is the
first time a multi-modal SSM has been built for concurrent segmentation on MRI and CT. It is generally difficult
to build a SSM for prostate segmentation on CT since it is very hard to obtain accurate boundary delineations
on CT, primarily due to poor soft tissue contrast and high inter-observer variability. Prostate delineations on
MRI are much more accurate and easier to obtain since MRI has much greater resolution than CT. Hence, we
leverage prostate delineations on MRI for prostate segmentation on CT (for radiotherapy planning) by using
a LSSM. We learn the transformation which maps pixels on the diagnostic MRI with those on the CT, and
apply it to prostate boundary segmentation on the diagnostic MRI to then map them onto the CT. The LSSM
is used to concurrently segment the prostate on MRI and CT by linking the corresponding shape variations.
This framework is different from previous approaches such as that of Feng et al.11 and Chen et al.12 because
we avoid the need for multiple experts to delineate the prostate on both modalities. Our experiments indicated
that an exclusive CT-based SSM (ctSSM) was not able to segment the prostate using a purely intensity-based
segmentation method. The xLSSM, which was built using expert delineations, on both MRI and CT, yielded
prostate CT segmentation results that were only marginally superior to corresponding results from our fLSSM
scheme. Note that the fLSSM, where the prostate CT delineations were obtained by registering MRI to CT,
was deliberately handicapped against xLSSM since the same ground truth used in constructing the xLSSM was
used in evaluating the xLSSM and the fLSSM. This suggests that fLSSM is a feasible method for prostate CT
segmentation in the context of radiotherapy planning. Constructing a xLSSM or a ctSSM is far more difficult and
time-consuming compared to the fLSSM, and are also contingent on the availability of ground truth annotations,
which in most cases is very difficult to obtain on CT. On the other hand, fLSSM performs almost as well as
xLSSM and vastly outperforms ctSSM. In fact the comparitive results between xLSSM and fLSSM suggest that a
SSM built using delineations on CT by non-experts (residents, medical students) might result in a SSM, inferior
in performance to our fLSSM. We intend to explore this hypothesis in future work. Furthermore, the results
from the fLSSM may be improved greatly by increasing the number of patient studies and incorporating a more
recent state-of-the-art prostate MRI segmentation method20, 31 into the framework.
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