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Abstract. Traditional segmentation methods cannot provide satisfying results for 
extraction of prostate gland from Transrectal Ultrasound (TRUS) images because 
of the presence of strong speckle noise and shadow artifacts. Most ultrasound 
image segmentation techniques that adopt model-based approach such as active 
contour are considered semi-automatic because they require initial seeds or con-
tours to be manually identified. In this paper, we propose a method for automatic 
segmentation of prostate using feature-based self organizing map (SOM). Me-
dian filtering and top hat transform are first applied to remove speckle noise. A 
technique is developed to remove ultrasound-specific speckles using texture-
based thresholding. An SOM algorithm is employed to identify prostate pixels 
taking spatial information, gray-level as well as texture information to form its 
input vector. The clustered image is then processed to produce a fully connected 
prostate contour. A number of experiments comparing extracted contours with 
manually-delineated contours validated the performance of our method. 

1   Introduction 

Prostate cancer is the most commonly diagnosed cancer in men and the second high-
est North American mortality rate among all cancers in men, surpassed only by lung 
cancer [1]. Almost all common methods of diagnoses and treatments, such as needle-
biopsy and brachytherapy, respectively, rely on 2-D or 3-D ultrasound data to accu-
rately locate the prostate gland and device an effective plan for therapy. Transrectal 
ultrasound utilizes a cylinder shape probe that images the prostate through the rectum 
and ultimately  reconstruct a 3-D model of the prostate [1,2]. TRUS is relatively inex-
pensive and easy to use compared to other imaging modalities such as MRI or CT. In 
addition, the safety associated with ultrasound allows for real time monitoring of the 
prostate gland and accounts for any anatomical displacement or deformation. How-
ever, there are several drawbacks of ultrasound compared to other imaging modalities. 
These include low signal to noise ratio especially in low-contrast regions, the inability 
to image through bone or air, speckles which arise from constructive-destructive in-
terference of the reflected waves and other artifacts. As a result, most modern treat-
ment planning systems require that the prostate boundaries are manually delineated by 
an experienced sonographer, which requires extensive labor time and comes at the 
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expense of spatial resolution particularly when large number of 2D images are  
available. Many efforts have been aimed at devising automatic or semi-automatic 
algorithms that could segment the prostate boundaries from the ultrasound images 
accurately and effectively and with minimal human intervention. A 3D discrete active 
deformable model was built by researchers to outline the prostate using initial po-
lygonal contours defined in a number of slices and using edge maps to drive the de-
formation model [3,4]. Others have developed an algorithm for detecting prostate 
edges as a visual guidance for the user to manually follow [5]. Statistical shape mod-
els have also been developed to segment and differentiate between the various shapes 
of prostates using prior knowledge of the prostate region in ultrasound images. Neural 
Network has also been utilized to recognize the prostate geometry from a database of 
prostate shapes. Gabor filtering was designed to extract prostate features and train a 
KSVM neural network [6]. Adaptive edge-detection methods were also employed [7]. 
While some of these studies have reported accurate segmentation results, most still 
require substantial degree of user-interaction either to generate initial contours or to 
accumulate large number of prostate contours of various shapes. The contribution of 
the proposed model comes from its ability to detect prostate boundaries with minimal 
human intervention. The proposed method first applies a set of noise-removal filters 
to reduce speckle effects. SOM neural network is then employed to cluster similar 
regions using the spatial information, gray-level as well as texture information to form 
its input vector. The clustered image is then processed to produce a fully connected 
prostate contour. A number of experiments comparing the extracted contours with 
manually-delineated contours validated the performance of our method. 

2   Segmentation Method 

Our segmentation scheme is divided into three major tasks applied sequentially. The 
first task is to reduce noise and speckles that typically exist in ultrasound images and 
usually interfere in the segmentation process. This is accomplished via a set of pre-
processing morphological operations as well as texture-based thresholding. The sec-
ond task is to classify image pixels into discrete finite sets of regions including a pros-
tate region via a two-stage SOM. The segmentation process associated with the use of 
the SOM network employs spatial, texture and gray-level information. Finally, the 
segmented image is further processed by a set of image processing algorithms to re-
move holes and scattered regions in the segmented image. 

2.1   Noise Removal Filtering 

Median Filtering. Median filter is first applied to reduce impulsive noise. This non-
linear filtering modifies the gray-levels of the image while preserving the original 
information. The center pixel of a 5x5 window is substituted with the median value of 
all the pixels in the window. 

Top-Hat Transform. Top-hat transform filter is applied by morphological opening 
the image by a flat-top hexagon structure element with a radius of 9. Morphological 
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operation is a well-known procedure in image processing. The opening of an image A 
is obtained by first eroding the image with a structure element B, after which one 
performs a dilation on this eroded image with the same structure element [8,9]. 
Mathematically, opening of A by B is defined as: 

BBABA ⊕Θ= )(!  (1) 

This process removes peaks of image surfaces smaller than hexagon leaving slowly 
varying background. This gray-level variation is further removed by subtracting the 
opened image from the original image. The resulting image difference image contains 
little or no information in the regions of low-signal amplitude.  The resulting image is 
shown in the right side of Figure 1. 

Morphological Closing. To reduce the impact of low-contrast areas left by the 
previous process, we perform morphological closing of the image with a hexagonal 
structuring element of radius 6. Morphological closing fuses narrow breaks and long 
gulfs in binary and gray-scale images [9].  The Closing of an image A by structuring 
element B, is simply the opposite of opening A by B. Closing here is therefore is 
defined as the dilation of A by B followed by erosion of the results by B or: 

BBABA Θ⊕=• )(  (2) 

The initial dilation process removes the dark details and brighten the image. The 
subsequent erosion process darkens the image without reintroducing the details re-
moved by dilation. We used a hexagonal shape structuring element of 6-pixel radius. 
This radius was chosen to be small enough to follow the details of the prostate con-
tour but large enough to bridge small gaps in the image (Figure 2; left). 

Region-Growing Thresholding. Looking at the resulting image (Figure 2; left) 
indicates that the previous filtering technique was able to outline speckle pattern that 
is visible in the image as connected regions of  slightly “banana-shaped” white lines. 
This type of noise is a result of the impact of sound beam on perpendicular surfaces in 
the ultrasound field. To identify these speckles, we search through the gray-levels of 
the image for the point where regions are more connected and hence, less gray-level 
transitions. Spatial gray level co-occurrence or GLCM estimates image properties 
related to second order statistics and is one of the most well-known texture features 
[10]. The contrast measure of GLCM is defined as follows: let r be a window in the 
image and Akl  number of pairs of adjacent pixels within r with grey-values k and l 
respectively. We can define the contrast of r as: 
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The contrast is a measure for how many grey-value transitions there are in the re-
gion under consideration; the more adjacent pixels with a big difference in grey-value 
there are in r, the higher the contrast is. We utilize this feature to search the gray-level 
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space for the threshold that maximizes the contrast and thus reduces speckles without 
leaving scattered gaps in the prostate. For our purpose, a threshold of 45 was found to 
be optimal to remove this type of speckles. 

 

   

Fig. 1. Original TRUS image of the prostate (left). The  image after applying morphological 
top-hat transform  (right) 

 

   

Fig. 2. Result of morphological closing (left). The same image after thresholding using GLCM 
contrast  (right) 

2.    Self-organizing Map 

SOM is considered an unsupervised neural network that can serve as a clustering tool 
for high-dimensional data [11]. It constructs a topology in which the high-
dimensional space is mapped onto map units in such a way that relative topology 
distances between input data are preserved. The map units usually form a two-
dimensional regular lattice. In our image every input unit is represented by a 4 dimen-
sional feature vector. The features are center x, y coordinates, the gray-scale level, as 
well as the contrast texture feature. The x coordinate and the y-coordinate encode the 
spatial information of a pixel, and the gray-level value encode its intensity informa-
tion. The fourth feature is a texture feature derived from an image block around the 
pixel of interest as calculated by Equation 1. Each four-dimensional feature vector is 
regarded as an input vector of the SOM network. The output of the SOM network is n 
classes. The SOM network is trained as follows. Each map unit is associated with a 
reference vector. At first, all the reference vectors are randomly designated. Each 
input vector is compared with all the reference vectors and the unit whose reference 
vector is most similar to the input vector is identified. Then, the reference vectors  
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neighboring to that of the identified unit are moved towards the input vector. Once 
training is accomplished, input data vectors that are topologically close are mapped to 
the same class. 

Since we use Euclidean distance to measure the competition in SOM learning, it is 
necessary to normalize the input vectors, and weight features by importance. This 
prevent features of lesser importance from overriding more important features in the 
mappings. In this application, we found that the gray level intensities of the pixels are 
more important than other features to discriminate their classes. The size and the radius 
of the receptive fields of the SOM are adjustable by architecture parameters [11].  

Our SOM consists of 2 layers. The first layer is a 2x3 network oriented in the 2D 
space. A total of 6 neurons allow Input data vectors that are topologically close to be 
mapped to the same class. That means the input vector space is divided into 6 classes. 
Each pixel is associated with a certain class after clustering. A second layer maps the 
6 neurons from the first layer into a 2-class output. The two classes correspond to 
“prostate” and “non-prostate” classes. The first layer helps remove noise but retain 
textural features that are similar to prostate textures. However, pixels belong to the 
same class are not always connected. The second SOM layer refines the clustering 
operation by allowing clusters that are in close proximity to be identified and labeled. 
The spatial resolution was reduced 5 folds to accommodate the extensive computation 
of SOM. This is done by simply averaging every 5-pixel size window and assigning 
the mean value of the pixel intensity I to the new image pixel P such that: 
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where i=1,5,…N and j= 1,5,...,M and the image size is MxN. The result is a binary 
image with a map of the prostate with some scattered isolated points and holes within 
the contour image (Figure 3). 

2.    Removal of Holes and Scattered Points 

The resulting binary image contains the prostate with holes within its contour as well 
as scattered regions outside its contour. We extract the prostate area by using morpho-
logical closing and opening operations in succession. These processes are commonly 
used to smooth, fill in, and/or remove objects in a grayscale or binary image[10]. As 
noted earlier, morphologic closing is equivalent to a dilation followed by an erosion 
with a structuring element. Similarly, morphologic opening is equivalent to an erosion 
followed by a dilation. The erosion stage of opening eliminates the scattered points 
outside the prostate.  The dilation stage of closing fills the holes inside the prostate 
and restores boundary shapes. In our case, we used a disk-shaped structuring element 
with a radius of 6 pixels. Experiments have shown that this radius is large enough to 
fill most common size holes and hence yields satisfying results. As shown in figure 3, 
the resultant image contains a fully connected prostate region with all scatted points 
eliminated and all holes filled. 
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Fig. 3. Binary image produced by SOM clustering (left) and the result of closing followed by 
opening of the image (right) 

3   Experimental Results 

In this section, we evaluate our algorithm by comparing the algorithm-based segmen-
tations and the manual segmentations on ten US images. The original images are 8-
bits pixels of size 489x382. These images, however, were resampled by a ratio of 5 
after segmentation for speed at the expense of spatial resolution. We asked one expert 
radiologist to manually segment 9 of the ultrasound images of 3 different individuals. 
An error analysis on the overlapping area between the segmented areas using the 
manual and automatic segmentation method is shown in Table 1. In order to calculate 
the maximal shortest distance error, we find the distance to the closest point on the 
contour drawn by the expert and we take the maximum of the distances over the con-
tour produced by the algorithm. The overlap area error is the overlap between the 
manual segmentation and automatic segmentation contours. Our algorithm has dem-
onstrated an accuracy of at least 91%. We believe that the degraded spatial resolution 
caused by subsampling presents a major source of error that can be drastically re-
duced if the full image size is considered. The speed of our algorithm has also been 
tested on a regular 789 MHz desktop PC and recorded an average execution time of 
12 seconds.  

Table 1. Comparison of the automated and the hand labeled segmentation results 

Individual Distance (Pixels) Overlap Area  
Error% 

1 9 2.6 
2 17 8.7 
3 13 5 

   Conclusion 

An automatic segmentation scheme  has been presented in this paper, for extracting 
prostate from TRUS images. The proposed method encodes gray-level features of 
prostate TRUS images to be used as input to SOM network. While our method does 
not give high accuracy compared with other contour deformation methods, it requires 
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no human intervention at any point in the segmentation process. Future work will 
focus on a hierarchical strategy that incorporates multiresolution information and 
improves speed. 
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