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ABSTRACT

In this paper we present a system for segmenting medical images using statistical shape models (SSM’s) which is
landmark free, fully 3D, and accurate. To overcome the limitations associated with previous 3D landmark-based
SSM’s, our system creates a levelset-based SSM which uses the minimum distance from each voxel in the image
to the object’s surface to define a shape. Subsequently, an advanced statistical appearance model (SAM) is
generated to model the object of interest. This SAM is based on a series of statistical texture features calculated
from each image, modeled by a Gaussian Mixture Model. In order to segment the object of interest on a new
image, a Bayesian classifier is first employed to pre-classify the image voxels as belonging to the foreground object
of interest or the background. The result of the Bayesian classifier is then employed for optimally fitting the
SSM so there is maximum agreement between the SAM and the SSM. The SAM is then able to adaptively learn
the statistics of the textures of the foreground and background voxels on the new image. The fitting of the SSM,
and the adaptive updating of the SAM is repeated until convergence. We have tested our system on 36 T2-w,
3.0 Tesla, in vivo, endorectal prostate images. The results showed that our system achieves a Dice similarity
coefficient of .84± .04, with a median Dice value of .86, which is comparable (and in most cases superior) to other
state of the art prostate segmentation systems. Further, unlike most other state of the art prostate segmentation
schemes, our scheme is fully automated requiring no user intervention.
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1. INTRODUCTION

Many segmentation schemes in use on medical imagery are founded on the assumption that the object of interest
has a well defined shape, and that a statistical shape model (SSM) can capture the variations of this shape.
A popular method for modeling an object’s shape is to place a series of anatomical landmarks on the surface
of the object of interest, and perform Principal Component Analysis (PCA) on the landmarks to capture the
largest shape variations a technique first developed by Cootes et al.1 There are, however, several issues afflict
the traditional landmark-based ASM’s, especially when implemented in 3D:

1. Performing PCA on a set of landmarks may not accurately capture variations in the shape of some organs.
An example of overcoming this limitation in regards to prostate imagery was presented by Jeong, et al.,2

in which a bilinear model was used to create a SSM, instead of linear PCA.

2. Large number of landmarks required. Especially in 3D, a large number of anatomical landmarks may be
required (usually manually selected) to accurately capture the variations in the object’s surface.

3. The landmarks must be aligned. To create an accurate statistical shape model, each landmark must rep-
resent the exact same anatomical location on all training images.3 Generating accurate correspondences
quickly becomes infeasible on account of the large number of landmarks required in 3D. Automated methods
for landmark detection can be prone to errors.4
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4. The landmarks must be triangulated. To convert the set of points to a surface or volumetric mask, the
landmarks must be triangulated. The algorithms which achieve this could have a significant computational
overhead, and may be prone to errors.5

In addition, the SSM has to accurately determine where the boundary of the object lies in the image. Many
statistical appearance models (SAM) are subject to problems of false edges and regions in the image with
highly similar intensities, especially in prostate imagery.6, 7 This is especially true for MR prostate imagery, and
hence special consideration must be taken to ensure that the correct prostate edges are chosen, such as in [6].
The traditional ASM method creates a SAM for each anatomical landmark point by modeling the neighboring
intensities as a normal distribution. Yet several problems afflict this SAM:

1. Landmark-Based SAM’s require accurate alignment. If a model is to accurately capture the underlying
image intensity statistics, each landmark should represent the exact same anatomical location in each
training image.8 While it was stated previously that accurate SSM’s require aligned landmarks, this issue
also afflicts SAM’s.

2. The underlying distribution may not be normal. The traditional method assumes that the underlying
distribution of intensities is a normal (Gaussian) distribution, an assumption that may not always hold.9

3. Limited information is used. No information about the internal appearance of the object of interest is
taken into account. In addition, no information about regions which are not part of the object border is
taken into account. This can lead to suboptimal appearance models.

4. False edges are common in medical imagery. An edge-based SAM can fail in the presence of false edges.
Two structures can vary widely in appearance, and yet contain similar looking edges. Hence, most edge
based SAM methods would be challenged in the presence of multiple spurious edges.

Figure 1. The prostate bor-
der is shown in green, and
the locations in which a tradi-
tional ASM determined to be
the border are shown as blue
circles for 50 landmarks.

In this paper, we explore the specific application of segmenting magnetic reso-
nance (MR) images of the prostate using a landmark free SSM, incorporated with
an adaptive, multi-feature SAM. For such applications, landmark-based SAM’s are
subject to all of the above limitations, and many false edges populate the image,
serving as a potential confounder for an edge-based SAM. An example of how a
traditional ASM can fail to accurately detect the prostate border is shown in Fig-
ure 1. The blue circles represent the locations which had the highest probability of
belonging to the border, while the prostate border is shown in green. To address
the issues with using a landmark-based SSM, one needs to define the shape of
the object without using landmarks. The distance to the surface of the prostate
(described as a levelset) provides an ideal way of achieving this. In addition, us-
ing a classifier to hone in on the prostate can give an accurate localization of the
prostate without having to rely on edge information. With an accurate enough
classifier, this can yield a completely automated segmentation approach with little
to no user intervention.

2. PREVIOUS RELATED WORK AND NOVEL CONTRIBUTIONS

For an extensive review of SSM’s and SAM’s in the context of medical imagery, we refer the reader to [8]. Our
previous work consisted of developing ASM segmentation schemes for prostate MR segmentation.10–12 In [11]
and [12], we improved upon the traditional landmark- and edge-based SAM’s. However, due to the above-stated
limitations associated with landmark based approaches, in this paper we wish to implement a landmark-free
SSM. The alternative to a landmark-based SSM is a levelset-based SSM.13 To generate a levelset-based SSM,
PCA is performed on a set of minimum distances from each voxel to the object’s surface. This allows one to
overcome all of the aforementioned limitations associated with landmark-based SSM’s. Yet having an accurate
SSM is not enough for segmenting an image. One needs to actually determine where in the image the SSM should
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be placed, which is what the SAM aims to address. Hence one needs to intelligently integrate this landmark free
SSM with an accurate SAM, which we aim to address.

There are several notable improvements to traditional landmark-based SAM’s. Using a non-linear k-nearest-
neighbor (kNN) based appearance model was shown to yield improved segmentation accuracy with both image
intensities9 and a set of texture features,14 as opposed to modeling the border as a normal distribution. In
addition, the average Mahalanobis distance over a set of texture features was shown to yield accurate localization
of the border in lung CT imagery.15 These, and other similar methods, however, require a set of locations on the
border of the object to be sampled. Consequently, these methods are not suitable for a landmark-free SSM based
approach. However, these methods demonstrate the utility of using non-Gaussian descriptions of appearance, as
well as the usefulness of statistical texture descriptions over simple intensity based appearance models.

Region based SAM’s have been also used, most prominently in Active Appearance Models,16, 17 which cap-
ture the principal components of the intensities inside the object of interest, which are then combined with a
landmark based SSM. In [18], this framework was extended to incorporate statistical texture features. How-
ever, this approach also employed a landmark-based SSM. Other approaches include the original levelset-based
SSM,13 in which mutual information between the set of segmented labels and the raw image intensities was
maximized. However, this approach can be straddled with problems, such as inaccuracies resulting from inhomo-
geneous intensities within the foreground, and the presence of multiple structures in the background. Cosio et
al.19 presented a segmentation method involving modeling of both the foreground and background as Gaussian
Mixture Models (GMM’s). The approach employed a Bayesian classifier to distinguish the foreground from the
background. This model used the intensities and Cartesian coordinates as 3 dimensions of a GMM comprised of
M = 13 Gaussians, and was applied to segment prostate ultrasound imagery in 2D. This framework was cast as
a 2D initialization step for a landmark-based ASM.

In this work, we aim to integrate an advanced region-based SAM incorporating multiple statistical texture
features with a levelset-based SSM. We will extract a series of statistical texture features from the images, and
model the appearances of the object, as well as the background, with GMM’s. Finally, we aim to adaptively
relearn the statistics of both the foreground and background by iteratively adapting the SAM to the current
image. This adaptive SAM will be integrated within a levelset-based SSM. Specifically, our work makes the
following novel contributions.

• Incorporation of multiple statistical texture features in a GMM-based SAM.

• Adapting the SAM to the current image.

• Integrating the SAM within a 3D landmark-free SSM.

Our method was tested on 36 endorectal MR images of the prostate. Several other segmentation schemes for
MR imagery of the prostate in recent years have been presented, including algorithms by Klein et al.,20 Martin
et al.,21, 22 Pasquier et al.,23 and Makni et al.24 Klein et al.20 performed a registration between an MR image
of the prostate and an atlas of training data to achieve a segmentation of the prostate. Martin et al.22 also
used an atlas of training images, but constrained the segmentation model through the use of a statistical shape
model. Pasquier et al.23 used an Active Shape Model1 method for extracting a statistical shape model of the
prostate, which then looked for strong gradients to identify the prostate edge. Finally, Makni et al.24 used a
statistical shape model of the prostate, and clustered the intensities within a manually placed region of interest
into 3 clusters: surrounding tissues and fat, central prostate zone, and the peripheral prostate zone. Any voxels
within the latter 2 zones were determined to be part of the prostate. The number of prostate volume studies
tested in20–24 range from 12 to 50 studies, with varying degrees of manual intervention, ranging from completely
automated to fully interactive initialization of the segmentation. By comparison, our model is fully automatic
and was evaluated on 36 studies.

The rest of the paper is organized as follows. In Section 3 we present an overview of our entire system.
Sections 4 and 5 describe the SSM and SAM respectively. Our experiments and datasets are described in Section
6. In Section 7 we present the results of using our system, and we offer concluding remarks in Section 8.
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3. OVERVIEW

3.1 Notation

We define an image I = (C, f), where C represents a set of Cartesian coordinates (∀c ∈ C, c = {xc, yc, zc})
and f(c) ∈ R represents the intensity at voxel c. We define a k-dimensional feature vector at c as F (c) ∈ R

k.
We define a label at c as L(c) ∈ {0, 1} denoting whether c belongs to the foreground (L(c) = 1) or background
(L(c) = 0). Finally, D denotes a set of minimum distances to the surface for every voxel in image I. A more
complete set of notation which will be used throughout the rest of the paper is shown in Table 1.

Table 1. Table of commonly used symbols in this paper.

Symbol Description

C Set of voxels in an image
c Single voxel in C (c ∈ C)

f(c) Intensity at c; f(c) ∈ R

F (c) k-dimensional feature vector at c; F (c) ∈ R
k

L(c) Label of c. L(c) = 1 denotes foreground and L(c) = 0 background
I 3D Image scene I = (C, f)
D Set of signed distances to the surface of the object
T Set of affine transformations
E Set of eigenvectors defining the shape variation
λ Set of eigenvalues corresponding to E

b d-dimensional vector defining the shape; b ∈ R
d

T Subset of voxels T ⊆ C
N (μ,Σ) Normal distribution with mean μ and covariance Σ

G Gaussian mixture model

3.2 System Overview

An overview of our system is described below, and illustrated in Figure 2.

Step 1. Calculate D. We first extract the minimum distance to the surface for every voxel in every training
image.

Step 2. Calculate SSM. We then generate a landmark-free SSM using D via the method described in [13].

Step 3. Extract features. We extract k statistical texture features from each image.

Step 4. Construct SAM. Our set of training voxels T are used to construct a k-dimensional GMM comprising of
M Gaussians for both the foreground (Gfg) and background (Gbg). This serves as our initial SAM.

Step 5. Classify Each Voxel in I In our image to be segmented (I), we determine our initial set of labels LSAM

using a Bayesian classification scheme

Step 6. SSM Fitting. We optimally fit our SSM to the set of voxels classified as belonging to the foreground.

Step 7. Adapt and Repeat. Finally, Gfg and Gbg are updated based on the statistics of I and the process repeats
at Step 5 until the segmented result from the SSM does not significantly change between iterations.

4. LANDMARK FREE STATISTICAL SHAPE MODEL (SSM)

4.1 Calculating a Signed Distance Map D For Each Image I
The set of voxels on the surface of training image I are given as Csurf ⊂ C. The images are first affinely aligned.
Then, the minimum signed distance to the surface is calculated for each voxel as

D = { min
d

‖ c− d ‖2 | c ∈ C, d ∈ Csurf }, (1)
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Figure 2. The minimum distance to the surface is calculated for each voxel, from which an SSM is generated. A set of
features are extracted from each image, and the foreground and background texture statistics are learned. The voxels in
a given image are classified, and the SSM is fit to this result.

where ‖ · ‖2 denotes the L2 norm. The resulting set of distances are given a negative value for all voxels in the
foreground, and positive value for all voxels in the background.

4.2 Calculating a Statistical Shape Model

The set of mean distances across all training images is denoted as D ∈ R
|C|. The mean shape for the prostate

appearance on T2-w MRI is shown in Figure 3(b). Then, Principal Component Analysis (PCA) is then performed
on D for all training images, resulting in a set of Eigenvectors E and Eigenvalues λ. The top d Eigenvectors are
retained, so that E ∈ R

|C|×d and λ ∈ R
d. Hence our SSM comprises of E, λ, and D.

A shape can then be defined by the parameters b = {b1, . . . , bd}. Each element b ∈ b denotes the number
of standard deviations from the mean shape for a given principal component. Therefore, one can define a set of
distances given shape parameters b and affine transformation T as,

Db,T = T
(
D + E ·

(
b ∗

√
λ
))

, (2)

where ∗ denotes element-by-element multiplication and · denotes matrix multiplication. LSSM can then be
defined as 1 where D < 0, and 0 where D ≥ 0 is positive.
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5. INTEGRATED STATISTICAL APPEARANCE MODEL (SAM)

5.1 Constructing a SAM

From our set of training images, we randomly sample N training voxels T as T = {cn | n ∈ {1, . . . , N}}. The
foreground voxels Tfg ⊆ T are defined as Tfg = {c | c ∈ T ,L(c) = 1} and the background voxels Tbg ⊆ T
are defined as Tbg = {c | c ∈ T ,L(c) = 0}. We then aim to construct a GMM for the foreground voxels
Gfg and the background voxels Gfg, comprised of M normal (Gaussian) distributions. We denote the mth (k-
dimensional) normal distribution as N (μm,Σm) with mean μm ∈ R

k and covariance Σm ∈ R
k×k. The GMM is

denoted as G =
∑M

m=1 wmN (μm,Σm) where wm denotes a weighting factor. Gfg is constructed from Tfg, and
Gbg is constructed from Tbg, using the Expectation Maximization algorithm.25 Therefore, P (F (c) | L(c) = 1)
and P (F (c) | L(c) = 0) are the resulting probabilities associated with F (c) occurring in the foreground and
background respectively, and the prior probabilities P (L(c) = 1) and P (L(c) = 0) are given as |Tfg|/|T | and
|Tbg|/|T | respectively.

5.2 Integrating the SAM with the SSM

Our segmentation system consists of first classifying the image using the SAM, then fitting the SSM to the
resulting classification, and finally updating the SAM.

Step 1. Classification of I using the SAM

For every voxel c, we aim to determine if there is a greater probability of that voxel belonging to the
foreground than the background given its feature vector F (c). This is defined mathematically as P (L(c) = 1 |
F (c)) > P (L(c) = 0 | F (c)). To calculate this, Bayes rule is used with log likelihoods, so that

LSAM (c) =

{
0 if logP (F (c) | (L(c) = 1) + logP ((L(c) = 1) > logP (F (c) | (L(c) = 0) + logP ((L(c) = 0)

1 if logP (F (c) | (L(c) = 1) + logP ((L(c) = 1) ≤ logP (F (c) | (L(c) = 0) + logP ((L(c) = 0).

(3)

Step 2. SSM Fitting

Given a set of shape parameters b and affine transformations T , we have previously defined a label for each
voxel as LSSM (c). The accuracy A to which LSSM and LSAM agree is defined as,

A =
1

|C|

(∑
c∈C

LSSM (c) · LSSM (c) +
∑
c∈C

(1− LSSM (c)) · (1− LSAM (c))

)
, (4)

and can range from 0 ≤ A ≤ 1. A = 1 would indicate that LSAM and LSSM agree perfectly as to which voxels
belong in the foreground and background. A gradient descent algorithm was used to modify both b and T to
maximize A. The resulting segmentation L for image I is given as L = LSSM : {b, T } = argmax{b,T}(A).

Step 3. Adapting the SAM

Recall that Gfg and Gbg were trained using Tfg and Tbg . However, we now have an estimate for the foreground
and the background of the current image. Hence we aim to use L to update our Bayesian classifier to take into
account the specific statistics of the current image I. We therefore re-estimate Gfg and Gbg using Tfg ∪ {c | c ∈
C,L(c) = 1} and Tbg ∪ {c | c ∈ C,L(c) = 0} respectively. This essentially adapts Gfg and Gbg to the current
image I. Once Gfg and Gbg have been updated, the process repeats at Step 1 until either convergence, or until
a specified number of iterations have been reached. The final segmentation is given as L.
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6. EXPERIMENTAL DESIGN

6.1 Data Description

Our data consisted of 36 3D, 3.0 Tesla, T2-weighted, endorectal, axial prostate MR images. Each image I
had dimensions ranging from |C| = 512 × 512 × 14 to 512 × 512 × 25. An expert radiologist provided expert
delineations of the prostate boundary in each image to serve as the ground truth.

6.2 Implementation

For each voxel c, we define k features F (c) ∈ R
k as follows. Based on previous success combining intensities with

Cartesian coordinates in [19], we define the first four features as {f(c), xc, yc, zc}. The remaining k − 4 features
consist of image gradients, Gaussian filter responses (with various standard deviations), a set of median filters
(with various neighborhood sizes), and the local variance of intensities around c. Our entire set of k = 16 features
are shown in Table 2. Our system comprised of N = 25, 000 voxels sampled in the foreground and background,
and M = 5 Gaussians were used in the SAM. This value of N offered enough samples to yield accurate estimates
of the Gfg and Gbg without a significant computational burden. The principal components of the SSM’s were
allowed to vary freely from −3 < b < +3. The entire process described in Section 5.2 was repeated 5 times,
resulting in a final segmentation LSSM . Our algorithm was run on a computer with a 2.67 GHz processor and
8GB of memory, implemented in Matlab.

Table 2. k = 16 features extracted from each image.

Feature # Description Neighborhood Window Size

1 - 3 xc, yc, zc -
4 - 6 Gradient (in X,Y, Z directions) -
7 - 9 Gaussian Filter (3 mm)3, (8 mm)3, (17 mm)3,

10 - 12 Median Intensity (3 mm)3, (8 mm)3, (17 mm)3,
13 - 15 Local Variance (3 mm)3, (8 mm)3, (17 mm)3,
16 Intensity f(c) -

6.3 Comparative Strategies

To compare, we implemented a 3D ASM segmentation system. To eliminate any initialization bias, this system
was cast in a multi-resolution framework, with resolutions ranging from 64×64×20 to 512×512×20. To determine
the most probable location of the prostate border, the Mahalanobis distance was minimized as described in [1].
The 36 prostate images were validated in a leave-one-out segmentation scheme. For each image I, the other 35
images were used to construct both the SSM and SAM, and I was segmented, resulting in a set of labels LSSM .
We report the results in the context of other state of the art prostate MR segmentation schemes in the literature
from within the previous 3 years.

6.4 Performance Measure

The expertly-delineated prostate boundary on each image was converted to a label LEx(c) for each voxel c. Any
voxel inside the expertly-delineated boundary was given a value of LEx(c) = 1 and any voxel not determined to
lie within the prostate was given a value of LEx(c) = 0. This serves as our ground truth to compare against the
result obtained from LSSM . LSSM was compared to LEx via the use of the Dice similarity coefficient26 (DSC),
a measure common in segmentation literature. DSC(I) is defined as follows.

DSC(I) = 2 ·
∑

c∈C [LSSM (c) · LEx(c)]∑
c∈C [LSSM (c) + LEx(c)]

. (5)

DSC(I) can range from 0 to 1, where 1 indicates a perfect overlap with the expert’s segmentation, and 0
indicates no overlap with the expert’s segmentation. In addition, we aimed to quantify the accuracy in the base,
midgland, and apex regions of the prostate. To estimate the error in the three different regions, we split the
prostate into thirds (along the Z direction), and calculated the DSC value for each third of the prostate.
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7. RESULTS AND DISCUSSION

7.1 Qualitative Results

Figure 3 demonstrates variations in the first three principal components of the landmark free SSM (b1 to b3),
ranging from −3 to +3. It can be seen that using the landmark free SSM accurately and smoothly captures
shape variations across a volume (prostate volume on MRI).

Figure 4 show qualitative results from a single slice from 2 representative images. The classification results
shown in Figure 4(b) and Figure 4(c) represent LSAM in red before and after adapting G to the current image.
There are several regions in which numerous false positives voxels are prevalent, defined as voxels c such that
LSAM (c) = 1 and LEx(c) = 0. It can be seen that in 4(c), additional false positive voxels from LSAM appeared
near the bottom of the image after adapting the SAM. However, it’s important to note that the classification area
near the prostate was more accurately defined after adaptation. Furthermore, since the SSM was constrained
to only ±3 standard deviations, the levelset based SSM is not distracted by the presence of these false positive
voxels, as seen in 4(d). In addition, the adapted SAM in 4(g) shows significant improvement over the original
SAM (4(f)) for this particular prostate MRI study.

Finally, 3D renderings of LSSM can be seen in Figure 5 for 3 different endorectal prostate MRI studies. In
each study, the error (in mm) between LSSM and the closest point on the surface of LEx is assigned a color; the
larger errors being assigned warmer colors and lower errors being assigned cooler colors. The most interesting
thing to note is that almost all of the error comes from posterior regions of the prostate near the nerve bundle
and levator ani muscles,27 which can arguable be said to be one of the most difficult parts of the prostate to
accurately segment.28 An additional source of error appears at the apical slices (notoriously difficult to identify
and segment), miscalculating the most apical slice by approximately 2 mm, which corresponds to a single slice
in the Z direction.

7.2 Quantitative Results

When comparing our strategy against a multi-resolution ASM, the ASM consistently diverged away from the
prostate, regardless of the number of resolutions or the number of intensities sampled. Hence we chose not to
report the DSC values � 1 from the multi-resolution ASM, and only directly report our system’s DSC values.
The traditional ASM had DSC values ranging from 0.0 to 0.4 for 36 studies.

We present our quantitative results in the context of other prostate MR segmentation schemes in the literature.
The values from our segmentation system were compared to several other state of the art segmentation systems,
the results of which are shown in Table 3. Makni et al.24 achieved a mean DSC of .91, yet it should be noted that
this was only over 12 studies. Klein et al.20 had median DSC values ranging from .85 to .88 with 50 studies. Our
median DSC was .862 over 36 studies. Pasquier et al.23 achieved a mean overlap ratio of 0.784 over 24 studies
which corresponds to a DSC of .879 as per the equation in [20]. One of the most recent papers on prostate
MR segmentation is by Martin et al.,22 in which a mean DSC of .84 was achieved over 36 studies. Overall,
our fully automated system is comparable to these state of the art prostate segmentation systems. Finally, our
results show that we achieved an extremely high segmentation accuracy in the midgland of the prostate (mean
DSC = 0.89), yet had a low segmentation accuracy in the apex (mean DSC = 0.77).

8. CONCLUDING REMARKS

We have employed our algorithm for the difficult task of prostate segmentation on MRI, and have show compa-
rable results to other modern segmentation systems. We achieved a median DSC value of .86 while the highest
median DSC reported in the literature is .88. Our method is free of the limitations associated with landmark-
based SSM’s. The levelset based SSM offers no manual selection of landmarks, no errors in triangulating a
mesh, and does not require highly precise landmark alignment for accurate shape modeling. We have shown
how this landmark-free SSM can be successfully integrated with an adaptive region-based SAM. Our algorithm
employs multiple statistical texture features to overcome limitations of solely using intensities. To our knowledge
it is the first algorithm employing statistical texture features in a landmark-free SSM. It can handle non-normal
distributions of these texture features through the use of Gaussian Mixture Models, and can successfully adapt
its appearance model to a new image. Future work will entail testing on a larger cohort of data, and fine-tuning
the free parameters.
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(a) b1 = −3 (b) b1 = 0 (c) b1 = +3

(d) b2 = −3 (e) b2 = 0 (f) b2 = +3

(g) b3 = −3 (h) b3 = 0 (i) b3 = +3

Figure 3. Results from the landmark free SSM. Db is shown above for b1,2,3 = {−3, 0,+3}. It can be seen that the
variations for the third principal component (b3 in (g), (h), (i)) are much less pronounced than in the first principal
component (b1 in (a), (b), (c)).

Table 3. DSC values in terms of mean, median, and standard deviations from other state of the art prostate MR seg-
mentation systems, the number of volumes used in the study, the efficiency (in seconds per volume), and the level of user
interaction required.

Reference Volumes
DSC

Seconds Interaction
Mean Median Std.

LSSM (Base) 36 .817 .826 .0458 350 none
LSSM (Midgland) 36 .892 .900 .0541 350 none
LSSM (Apex) 36 .772 .779 .0573 350 none

LSSM (Entire Prostate) 36 .851 .862 .0376 350 none
Makni et al., 200924 12 .91 .0260 7624 none
Klein et al., 200820 50 .85 - .88 90024 none

Pasquier et al., 200723 24 .879 .04 120024 medium
Martin et al., 201022 36 .84 .87 24022 unknown
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(a) Ground truth for I1 (b) SAM for I1 (c) Adapted SAM for I1 (d) SSM fit for I1

(e) Ground truth for I2 (f) SAM for I2 (g) Adapted SAM for I2 (h) SSM fit for I1

Figure 4. Qualitative results for a single slice from 2 different images (I1 and I2). (a) and (a) show the expertly-delineated
ground truth results for the prostate capsule segmentation in green. (b) and (f) show LSAM in red. (c) and (g) show
LSAM in red after the SAM has been adapted to the current image. (d) and (h) show LSSM fit to LSAM in orange.

(a) (b) (c)

Figure 5. 3D renderings of LSSM for 3 studies ((a) - (c)), colored according to the errors in each region. The color
represents the distance (in mm) between LSSM and the closest point on LEx. High errors are represented by hot colors,
and low errors are represented by cool colors. Most of the error comes from the posterior of the prostate near the nerve
bundles, and from miscalculating which slice was the apical slice.
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