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Abstract 

Prostate segmentation from MRI is a necessary first step and plays a key role in 

different stages of clinical decision making process. In this paper, we propose a MR T1 

Image segmentation method of the prostate based on distance regularized level set 

evolution with a deformable shape prior. To smooth the prostate image to reduce the 

noise, we introduce a prostate image with Gaussian kernel and get an edge indicator. To 

avoid the leakage induced on account of prostate boundaries missing, or blending with 

surrounding tissues, we introduce priori shape information to construct an energy 

function with a distance regularization term and an external shape energy term 

containing the edge indicator and minimize it by solving the gradient flow which can be 

implemented with a finite difference scheme. To verify the MRI segmentation method of a 

prostate presented in this paper, we utilize the optimal value of parameters  ,  , and 

  in the distance regularized level set evolution model and the deformable shape prior of 

prostate to segment a part of images from normal prostate, benign hyperplasia prostate 

and cancer prostate. The experiment results show that the MRI segmentation method of 

prostate presented in this paper is effective for different situation of different patients. 
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1. Preface 

Prostate cancer is the most common malignant tumor in male. The clinic treatment 

shows that if prostate cancer is detected early, men have a higher survival rate. Therefore, 

there is a high value on prostate cancer diagnosis and treatment. Magnetic resonance 

imaging (MRI) has higher accuracy in the detection of prostate cancer and is considered 

to be the most effective imaging techniques at present [1]. Prostate segmentation from 

MRI is a necessary first step and plays a key role in different stages of clinical decision 

making process [2-4]. However, manual segmentation of a prostate is a laborious and time 

consuming work and different physician is easy to make the different segmentation results. 

So, accurate computerized prostate segmentation based on MRI is extremely useful.  

The Active Shape Model is a popular segmentation method. M. Yang and X. Li [5] 

proposed a distinctive image appearance descriptor that was incorporated in the active 

shape model to segment the prostate from T2W MRI. R. Toth and A. Madabhushi [6] 

presented a novel active appearance models methodology that utilized the level set to 

realize the most accurate segmentation. Level set as a more effective method of the 

prostate segmentation based on MRI has a certain advantage. However, the level set 

function (LSF) typically develops irregularities during its evolution, which cause 

numerical errors and eventually destroy the stability of the level set evolution. To 

overcome these problems, the reinitialization is performed by periodically stopping the 
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evolution and reshaping the degraded LSF as a signed distance function. However, when 

and how the reinitialization should be performed introduces more serious problems and 

affects the accuracy in an undesirable way. Chunming Li[7]proposed an idea of distance 

regularized level set evolution that needn’t reinitialization and avoided the numerical 

errors. In MR images, the prostate and surrounding tissues have overlapping intensity and 

texture, and prostate boundaries may be missing, or blended with surrounding tissues. 

Under such conditions, using some priori shape information could help the segmentation 

algorithm perform better [8-11]. This paper will improve the distance regularized level 

set evolution method by newly adding a shape energy term in the energy function which 

ensures the convergence of level set function during evolution and realizes effectively the 

segmentation of MR T1 image for different situation of different prostate patients. 

 

2. Priori Shape Modeling 

A prostate locates at the base of pelvic cavity, whose shape likes an obsequent chestnut. 

The top of prostate is wider and named prostate bottom. A prostate has transverse 

diameter 4 cm, longitudinal diameter 3 cm and before and after diameter 2 cm. It is a 

bladder at the top of a prostate, a urethra at the bottom of a prostate, a pubic bone in front 

of a prostate and a rectum at rear of a prostate. The side view of prostate is shown in 

Figure 1 and the rear view of prostate is shown in Figure 2. The right and left of a prostate 

are fixed by many ligaments and fascia. The seminal vesicle is at the right and left side 

behind the prostate. A urethra runs through the prostate from the front 1/3 of the prostate 

bottom, ejaculatory duct runs though the prostate from top to bottom, and its openings is 

in the middle fossae of the prostate. 

 

 

 

 

 

 

 

 

Figure 1. The Prostate Viewed 
From the Side                 

Figure 2. The Prostate Viewed 
From the Rear 

We may assume that the prostate is a flexible ellipsoid and construct a 

deformable ellipse model [12] to describe the prostate cross-section shape.  

The basic ellipse parametric function is as follows: 
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where xa is the length of the x semi axis, ya is the length of the y semi axis. 

In Figure 3(c), the shape of prostate mainly changes along the y axis. So, we may 

get a parametric equation of deformable ellipse ( , )d dx y by transforming the basic 

ellipse function along the y axis, as shown in follows: 
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In the above equations, 
cy is the center coordinate of an ellipse, [ 1,1]yt   is the linear 

tapering value along y axis, [ 1,0) (0,1]yb    is the circular bending value along y axis. In 

fact, we may change different set of (ax, ay, yc, ty, by) to model a large variety of natural 

shapes. To fit a variety of prostate shapes well, we select data sets of deformable 

ellipse models with varying quality of fit, as shown in Figure 3. Figure 4 shows the 

deformable ellipse models which describe the shape of different slice of a normal 

prostate. 

 

 

 

 

 

 

(a)  ax=25,20,15  ay=15           (b) ty=-0.2,-0.25,-0.3     (c) by=-0.1,-0.3,-0.5 

Figure 3. Deformable Ellipses of Varying Global Shape Parameters Fitting 
Prostate Shapes. The Solid, Dashed and Dotted Curves are corresponding 

to the First, Second and Third Parameters Respectively 

 

 

 

 

 

 

        

(a)  the 7th slice             (b) the 8th slice           (c) the 9th slice 

Figure 4. The Deformable Ellipse Models Describing the Shape of 
Different Slice of a Normal Prostate 

 

3. Segmentation of the Prostate 

When the prostate and its surrounding tissues have overlapping intensity and texture, 

the prostate boundaries may be missing, or blended with its surrounding tissues. Under 

such conditions, the traditional distance regularized level set evolution method is 

difficult to get a satisfied segmentation result. So this section will add a new shape energy 

term in the energy function, which can ensure the convergence of level set function during 

evolution and help the segmentation algorithm perform better. We call this method an 

improved distance regularized level set evolution with a priori shape. 

Firstly, to reduce an image noise, we smooth the initial image using convolution 

operating. Let I be the prostate image, an edge indicator function g is defined by 

2

1

1
g

G I  
                                                                     (4) 

where G  is a Gaussian kernel with a standard deviation . This function g usually 

takes smaller values at prostate boundaries than at other locations. 

For a LSF :  , we define an energy function     with a priori shape term by 

       1 2 ( , )p g g s            ε R E E E                                 (5) 

where  p R is the level set regularization term,  is a constant, 0  ,    and 

0   respectively are the coefficients of the energy functions  1g E  ,  2g E  and 

( , )s  E , which are defined by 

-30 -20 -10 0 10 20 30
-20

-15

-10

-5

0

5

10

15

20

-30 -20 -10 0 10 20 30
-20

-15

-10

-5

0

5

10

15

20

-30 -20 -10 0 10 20 30
-20

-15

-10

-5

0

5

10

15

20



International Journal of Hybrid Information Technology 

Vol. 9, No.11 (2016) 

 

 

202  Copyright © 2016 SERSC 

   1 xg g d   


E                                                         (6) 

and 

   2 xg gH d 


E                                                             (7) 

and 

      
2

, xs H H d   


E                                               (8) 

where and H are the Dirac delta function and the Heaviside function, respectively. 

With the Dirac delta function  , the energy  1g E computes the line integral of the 

function along the zero level contour of  . The energy function  2g E  computes a 

weighted area of the region   : 0x x   . The shape energy function  ,s  E  

computes the shape difference between the current zero level set  and the priori 

shape defined in (2). 

In practice, the Dirac delta function  and Heaviside function H  are approximated by 

the following smooth functions   and H as in many level set methods defined by 
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Note that  is the derivative of H , i.e., 'H  .  

With the Dirac delta function  and Heaviside function H  in (6), (7) and (8) being 

replaced by   and H , the energy function    is then approximated by 
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This energy function (11) can be minimized by solving the following gradient flow: 
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given an initial LSF    0x,0 x  . The first term on the right hand side in (12) is 

associated with the distance regularization energy  p R  , while the second and third 

terms are associated with the energy terms  1g E  and  2g E , respectively, the fourth term 

is associated with the shape prior energy  ,s  E .  

The distance regularized level set evolution with a priori shape in (12) can be 

implemented with a simple finite difference scheme as follows. The temporal partial 

derivative / t   is approximated by the forward difference. The time dependent 

LSF  , ,x y t  is given in discretized form ,

k

i j with spatial index  ,i j  and temporal index k. 

Then, the level set evolution equation is discretized as the following finite difference 

equation 
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where  ,

k

i jL   is the approximation of the right hand side in the evolution equations. 

The equation (13) is an iteration process used in the numerical implementation of the 

distance regularized level set evolution with a priori shape so as to realize the 

segmentation of prostate. 

 

4. Experiment Results 

The magnetic resonance images of prostate used in this section is offered by Harbin 

Humor Hospital and come to 30 images from 10 cases including normal cases, benign 

hyperplasia cases and cancer cases. In the improved distance regularized level set 

evolution model (12), there are parameters  ,  ,  and  , which can be generally fixed 

for most of applications. We have discussed the effects of these parameters on the 

segmentation of prostate by respectively changing parameter value for one image. To 

verify the MRI segmentation method of a prostate present in this paper, we 

select 2= , 6=  , 1.5= and 0.2= to segment the eighth, ninth and tenth image from one 

normal prostate. Figure 5 shows the MRI segmentation results of the 8
th
 slice of one 

normal prostate. Figure 5 (a) shows the deformable ellipse, which best fits the 

prostate can roughly model the prostate shape, and we define the parameters 

0.3=yt , 0.45=yb . Figure 5(b) is the segmentation result obtained by the distance 

regularized level set evolution without a priori shape. From Figure 5(b), we can see 

the boundary between prostate and rectum is very weak, certain surrounding tissues 

that are not part of the prostate are segmented as the prostate. Figure 5(c) illustrates 

the final result obtained by the distance regularized level set evolution with a priori 

shape and the shape coefficient is defined 0.2=- . From the Figure 5(c), we may 

clearly see that the segmentation algorithm with a prior shape converges well to the 

prostate border, and then avoids effect of a weak edge. 

 

Final zero level contour, 410 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

Final zero level contour, 410 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

 
(a)                               (b)                                (c) 

Figure 5. MRI Segmentation Results of the 8th Slice. (A) The Deformable 
Ellipse Fitting the Prostate, (B) The Segmentation Result Obtained Without 

Priori Shape, (C) the Final Segmentation Result with Priori Shape 

To further prove the effectiveness and accuracy of the segmentation method presented 

in the paper, we select a part of images from normal prostate, benign hyperplasia prostate 

and cancer prostate as samples to have an experimental study and compare the result of 

the segmentation method and manual segmentation. Figure 6 shows the comparison 

results of the segmentation. From these figures, it can be seen easily that the segmentation 

results (white lines) using the algorithm present in this paper are similar to the manual 

segmentation results (black lines). We can conclude easily that the MRI segmentation 

method of prostate presented is effective and accurate for different situation of different 

prostate patients.  
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Final zero level contour, 40 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

Final zero level contour, 60 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5
Final zero level contour, 410 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

Final zero level contour, 360 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

 

Final zero level contour, 260 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

Final zero level contour, 260 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

Final zero level contour, 510 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

Final zero level contour, 610 iterations

mu=0.2,lambda=2,alfa=-6,epsilon=1.5

 

Figure 6. Final Results of Computerized Segmentation and Manual 
Segmentation for Eight Samples 

 

5. Conclusion  

A MR T1 image segmentation method of a prostate based on distance regularized level 

set evolution with a priori shape is presented in this paper. We select the optimal value 

of parameters  ,  , and   in the distance regularized level set evolution model to 

have an experimental study on the segmentation of a prostate with a priori shape. The 

experimental result shows that the method with a priori shape can avoid the leakage 

induced on account of prostate boundaries missing and blending with surrounding tissues. 

To verify the effectiveness of the MR T1 image segmentation method presented in this 

paper of a prostate, we segment a part of images from normal prostate, benign hyperplasia 

prostate and cancer prostate. The results show that the method with a priori shape is 

effective and accurate for different situation of different prostate patients. 
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