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Abstract—Prostate cancer is the second leading cause of cancer
death in American men. Current prostate MRI can benefit from
automated tumor localization to help guide biopsy, radiotherapy
and surgical planning. An important step of automated prostate
cancer localization is the segmentation of the prostate. In this
paper, we propose a fully automatic method for the segmentation
of the prostate. We firstly apply a deformable ellipse model
to find an ellipse that best fits the prostate shape. Then, this
ellipse is used to initiate the level set and constrain the level
set evolution with a shape penalty term. Finally, certain post
processing methods are applied to refine the prostate boundaries.
We apply the proposed method to real diffusion-weighted (DWI)
MRI images data to test the performance. Our results show that
accurate segmentation can be obtained with the proposed method
compared to human readers.

Index Terms—Image segmentation, prostate, magnetic reso-
nance imaging, level set, shape prior

I. INTRODUCTION

Prostate cancer is one of the most frequently diagnosed
cancer and one of the leading causes of cancer death in
American men [1]. Therefore, there is an interest in significant
improvements in prostate cancer diagnosis and treatment.
Imaging methods that could provide reliable information about
the size and shape of prostate gland and localize the cancer
foci would improve the accuracy of diagnosis and enable more
efficient treatment. Currently, the most widely-used modality
for prostate cancer diagnosis is trans-rectal ultrasound (TRUS)
because of its low cost and short acquisition time. However, its
performance of prostate cancer visualization is poor. Recent
studies have shown that magnetic resonance imaging (MRI)
has higher accuracy in the detection of prostate cancer [2].
Prostate volume is routinely asked as part of imaging evalua-
tion as it helps in clinical decision making when combined
with serum prostate specific antigen (PSA) to derive PSA
density [3]. Knowledge of prostate boundaries is also useful
in planning of conformal radiation therapy. Knowledge of
the voxels within the prostate is also useful in strategies
for computer aided prostate cancer segmentation. This task
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is challenging because of the noise in MR images and the
anatomical complexity of prostate.

In the literature, a variety of methods have been presented
for prostate segmentation. For TRUS images, several meth-
ods [4], [5] have been proposed, and different deformable
models were applied. In [4], the prostate shape is modeled
as deformable superellipses based on a training dataset. In
[5], a level set framework fusing TRUS image histogram
information is applied. Compared with TRUS images, research
in prostate segmentation of MR images is limited. In [6], the
shape information obtained by training is introduced in level
set deformation. In [7], a semi-automatic method based on
flow orientation is applied.

In this paper, we propose an unsupervised method based
on level set with a shape prior to segment the prostate from
multispectral MR images that does not require training. To
deal with the complex prostate anatomy and partially missing
boundaries, we assume the shape of prostate is approximately
elliptical, and find an ellipse, which fits the prostate region to
initiate the level set and to constrain the level set evolution.
Then, level set method with a shape prior is applied to obtain
the prostate boundary. Finally, we apply some post processing
operations to further refine prostate boundaries.

This paper organized as follows. Section II describes the
basics of our method. In Section III, the experimental results
obtained using our method are illustrated. Conclusions and
future work are presented in Section IV.

II. SEGMENTATION METHOD

The proposed fully automatic segmentation method consists
of three main steps: the first step is applying a deformable
ellipse model to find the best ellipse that fits the prostate;
the second step is find the actual boundary of the prostate by
shape-based level set method; the last step is connectivity and
morphological analysis as well as gradient-based corrections
to refine prostate boundary. Each of these steps is described
in detail next.

A. Shape Information Extraction

Medical image segmentation in general faces difficulties
including noise, missing boundaries, and complex anatomical
structures. Under such conditions, introducing some prior
information, such as the general shape, location, intensity,
and curvature profile of the tissue of interest could help the
segmentation algorithm perform better. In MR images, the
prostate and surrounding tissues have overlapping intensity
and texture, and prostate boundaries may be missing, or
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blended with surrounding tissues. However, generally, the
prostate has a walnut-like shape. Combining shape prior
information that the prostate is elliptical could constrain the
segmentation algorithm and help it extract the prostate auto-
matically.

We first threshold the MR image to obtain a rough prostate
region and extract the shape information for further segmenta-
tion. We use an optimal thresholding method [8] to select the
threshold automatically by Otsu’s method. The main idea of
Otsu’s thresholding is choosing the threshold which minimizes
the intra-class variance which is defined as a weighted sum of
variances of the two hard classes:

σ2
intra(T ) = q1(T )σ2

1(T ) + q2(T )σ2
2(T ), (1)

where q1(T ) and q2(T ) are the probabilities of the two hard
classes defined by the threshold T , σ2

1(T ) and σ2
2(T ) are

variances of these two classes. Intra-class variance σ2
intra(T )

can be calculated for all possible threshold values and the one
that minimizes the intra-class variance σ2

intra(T ) is selected.
After thresholding, we model the prostate shape by a

parametric ellipse:

φ(x, y) = 1− (x− ax)2

r2
x

+
(y − ay)2

r2
y

, (2)

where (ax, ay) is the center of the ellipse, and rx,ry are the
lengths of the semi axes. Shape parameters (ax, ay, rx, ry)
completely define an ellipse, and these are the parameters to be
estimated as follows. We use a shape comparison cost function
as:

Eshape(φ,U) =
∫

Ω

(H(φ)− U)2dxdy, (3)

where Ω is the image domain, φ the deformable ellipse, H(·)
heaviside function and U the binary image obtained after
thresholding. Manually defining the initial estimates of the
shape parameter, and minimizing (3) the difference between
the binary image and deformable ellipse by gradient descent
method, we can obtain a set of (ax, ay, rx, ry) defining an
ellipse, which best fits the prostate. The result of H(φ) is a
binary image, where H(φ(x, y)) = 1 inside of the ellipse, and
H(φ(x, y)) = 0 elsewhere.

B. Level Set with Shape Information

Level set method is a numerical technique that can follow
the evolution of interfaces. It has been applied to various
image processing applications including image segmentation,
reconstruction, and denoising. Level set method was firstly
introduced in image processing in [9]; Chan and Vese proposed
a new model combines the Mumford-Shah’s functional and
level set method in [10]. Recently, level set based variational
approaches that incorporates shape priors are proposed in [11],
[12], using different shape models. In [5] and [6], level set
method was applied to prostate segmentation for TRUS and
MR datasets, respectively. In the previous studies, the shape-
based segmentation approaches are either based on the exact
shape known a prior [11], [12], or the shape parameters are

obtained from training data [4], [6]. In this paper, considering
the variety of prostate shapes, the shape information is ex-
tracted by a separate unsupervised step from MR image, and
introduced to the model as a penalty term to constrain the level
set deformation.

In [10], Chan and Vese proposed a variational model based
on a level set function ψ, whose zero level set ψ(x, y) = 0 seg-
ments the image into several intensity homogeneous regions,
and the evolution of segmentation is given by the zeros-level
curve at time t of the function ψ(t, x, y). The cost function is:

ECV (ψ, c1, c2) =
∫

Ω

(u− c1)2H(ψ)dxdy

+
∫

Ω

(u− c2)2(1−H(ψ))dxdy

+µ · Length(ψ = 0), (4)

where u is the segmentation image, H(·) the Heaviside
function, and c1, c2 are the average intensities of the two
regions segmented by the zero level set:

c1 =

∫
Ω
u(x, y)H(ψ(x, y))dxdy∫

Ω
H(ψ(x, y))dxdy

,

c2 =

∫
Ω
u(x, y)(1−H(ψ(x, y)))dxdy∫

Ω
(1−H(ψ(x, y)))dxdy

. (5)

The shape difference between the current zero level set: H(ψ)
and shape prior φ is:

Eshape(ψ, φ) =
∫

Ω

(H(ψ)−H(φ))2dxdy. (6)

Combining (4) and (6), we have our cost function for shape
prior based level set:

Eψ(ψ, c1, c2) = ECV + Eshape

=
∫

Ω

(u− c1)2H(ψ)dxdy

+
∫

Ω

(u− c2)2(1−H(ψ))dxdy

+µ
∫

Ω

|∇H(ψ)|dxdy

+β
∫

Ω

(H(ψ)−H(φ))2dxdy, (7)

where µ and β are weighting parameters. Extending (7) to
vector images [13], we obtain:

Eψ(ψ, c1, c2) = ECV + Eshape

=
∫

Ω

1
N

N∑
i=1

(ui − c1i)2H(ψ)dxdy

+
∫

Ω

1
N

N∑
i=1

(ui − c2i)2(1−H(ψ))dxdy

+µ
∫

Ω

|∇H(ψ)|dxdy

+β
∫

Ω

(H(ψ)−H(φ))2dxdy, (8)
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and for updating the level set function ψ, we have:

∂ψ

∂t
= δ(ψ)[− 1

N

N∑
i=1

(ui − c1i)2 +
1
N

N∑
i=1

(ui − c2i)2

+µ · div ∇ψ
|∇ψ|

+ 2β(H(ψ)−H(φ))]. (9)

where ui is the ith channel of the image on Ω, and N is the
number of channels.

C. Gradient-Based Improvement

In the MR prostate images, the junction between the prostate
and the rectum is very thin with weak contrast, or missing
(because they are blended in some cases). In most cases,
the level set method without shape prior fails to separate the
prostate and rectum. Even the shape information is combined,
as we discussed above, certain surrounding tissues are included
in the segmented prostate region for some patients. To conquer
this difficulty, we applied some post processing methods based
on the gradient map to separate the prostate and its surrounding
tissues. The gradient map along y direction Gy(x, y) has
zero-crossings along the valley between the prostate and
surrounding tissues. We define:

G+
y (x, y) = H(Gy(x, y)),

G−y (x, y) = H(−Gy(x, y)). (10)

For G+
y (x, y) shown in Fig. 3(b), there are two components,

the upper larger component belongs to the prostate, and the
lower smaller component belongs to the rectum. Extracting the
lower smaller component in Fig. 3(c) from the segmentation
result obtained by level set illustrated in Fig. 3(a), we can see
that part of the rectum tissues close to the prostate are re-
moved (as shown in Fig. 3(d)). Then, we apply morphological
erosion to Fig. 3(d) and select the largest component which
corresponding to the prostate. The result is shown in Fig. 3(e).

After this step, the surrounding tissues included in the
prostate region by level set are removed. We apply morpho-
logical dilation to restore the boundary and fill the small holes
inside the prostate region.

III. EXPERIMENTAL RESULTS

In this paper, the MRI dataset is obtained from patients
with biopsy-confirmed prostate cancer. The patients under-
went MRI prior to prostatectomy on a 1.5T GE Excite HD
platform (GE Medical System, Milwaukee, WI) using a 4-
channel phased-array surface coil coupled to an endorectal
coil (MEDRAD, Warrendale, PA). For each patient, DWI MRI
dataset is acquired with a slice thickness of 3 mm and no gap
between slices. Acquisition parameters are: TR/TE=4000/77
ms, 128×256 matrix, ETL=144, BW=166.7 kHz, NEX=10,
FOV=14 cm, b=0,600 s/mm2, phase encode direction left-
right. The parameter map ADC is calculated from DWI dataset
on a voxel-wise basis.

In our experiment, ADC and DWI images are combined to
provide more information about the prostate boundaries and
improve the performance of our method.

Patient No. Pt.1 Pt.2 Pt.3 Pt.4 Pt.5
DSC 0.95 0.94 0.91 0.95 0.93

Patient No. Pt.6 Pt.7 Pt.8 Pt.9 Pt.10
DSC 0.86 0.86 0.87 0.90 0.94

TABLE I
DISC MEASURE VALUES FOR DIFFERENT PATIENTS’ RESULT, AND THE

MEAN OF DSC IS 0.91± 0.03.

Fig. 1(a) and (b) show the original MR images. Comparing
DWI and ADC images, we can see that DWI images have
higher contrast between prostate and rectum; however, in most
cases, the prostate upper boundary is very weak or partially
missed due to shadow areas. ADC images have better contrast
for the upper boundaries of the prostate, whereas the junctions
between prostate and rectum is very weak. Fig. 2(a) shows the
binary image of ADC image after thresholding, (b) the initial
deformable ellipse, and (c) the deformable ellipse, which best
fits the prostate can roughly model the prostate shape. This
ellipse is used to initialize and constrain the level set evolution
with a penalty term. Both ADC and DWI images are combined
forming a vector image to perform the level set segmentation,
because part of the prostate boundaries are missing or weak
either in DWI or ADC images. Fig. 2(d) is the segmentation
result obtained by shape-based level set, and we define the
parameters manually, β = 100 and µ = 0.1 · 2552 in our
experiments. Fig. 2(e) illustrates the final result after gradient-
based improvement.

From Fig. 2(d), we can see certain surrounding tissues that
are not part of the prostate are segmented as the prostate. Fig.
3(a) shows prostate region obtained by shape-based level set
method, and Fig. 3(b) shows the positive part of the gradient
map along y direction: G+

y (x, y) of DWI image. In Fig. 3(c),
the lower smaller component of (b) corresponding to rectum
tissues is shown. By extracting (c) from (a), we obtain Fig.
3(d). We apply morphological erosion to (d) and the largest
component corresponding to the prostate is shown in Fig. 3(e).
The result after morphological dilation is illustrated in Fig.
2(e). We can see that the prostate boundary is restored and
the holes in the prostate region are removed.

In Fig. 4, the first row shows the segmentation result by the
proposed method, the second row illustrates the ground truth
outlined by an expert radiologist, and the third row provides a
comparison between our result and ground truth. We observe
that our segmentation result is sufficiently close to the result
provided by a radiologist.

In addition to visual evaluation, we use dice measure (DSC)
to quantitatively evaluate the segmentation result. The DSC is
defined as:

DSC(A,B) =
2 · |A ∩B|
|A|+ |B|

, (11)

where A is the segmentation result, B is the ground truth
provided by an expert radiologist, and | · | denotes the number
of pixels contained in a set. Table I shows the DSC values for
different patients’ result obtained by our method.
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(a) (b)
Fig. 1. Original MR images: (a) DWI image, (b) ADC image.

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

Fig. 2. (a) ADC image after thresholding, (b) the initial deformable
ellipse, (c) the prostate shape is roughly fitted by deformable ellipse, (d)
segmentation result of shape-based level set, (e) final result after gradient-
based improvement.

IV. CONCLUSION

Accurate segmentation of prostate from MR images is a
crucial step in automated prostate cancer localization. In this
paper, we present an unsupervised and fully automatic method
to segment prostate gland from MR’s ADC and DWI images
with a shape-based level set framework. The main contribution
of our paper is twofold: (i) we propose to find the shape
model of the prostate for a given subject without training; (ii)
we propose to use gradient-based methods and morphological
operators for more accurate segmentation.

Considering the general prostate shape is elliptical, we first
apply deformable elliptical model to fit the prostate region. The
obtained deformable ellipse fitting the prostate is then used to
initialize and constrain level set evolution with a penalty term.
Due to the close proximity of the prostate and rectum, the DWI
image’s gradient map along y direction is used to remove the
tissues of rectum, and morphological operations are applied
to smooth the boundary. Our experimental results show that
our fully automatic unsupervised method could successfully
segment the prostate as can be seen in Table I and Fig. 4.

Future work includes extending our method to 3D MR
datasets, applying our method to a larger number of MR
dataset and a more in depth analysis of the proposed method.

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

Fig. 3. (a) Segmentation result after shape-based level set method, (b) the
positive part of gradient map of prostate region in DWI image, (c) the lower
smaller component of (b), (d) the result obtained by extracting (c) from (a),
(e) the largest component of eroded (d).

pt.1 pt.2 pt.3 pt.4 pt.5

Fig. 4. Comparison of manual (first row) and automated (second row)
segmentation results for five subjects. The third row shows the outlines:
manual (dash line) and automated (solid line).
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