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ABSTRACT 

Advanced model-based iterative reconstruction algorithms in quantitative computed 

tomography perform automatic segmentation of tissues to estimate material properties of the 

imaged object. Compared to conventional methods, these algorithms may improve quality of 

reconstructed images and accuracy of radiation treatment planning. Automatic segmentation 

of tissues is, however, a difficult task. The aim of this work is to develop and evaluate an 

algorithm that automatically segments tissues in CT images of the male pelvis. The newly 

developed algorithm (MK2014) combines histogram matching, thresholding, region growing, 

deformable model and atlas based registration techniques for the segmentation of bones, 

adipose tissue, prostate and muscles in CT images. Visual inspection of segmented images 

showed that the algorithm performed well for the five analysed images. The tissues were 

identified and outlined with accuracy sufficient for the dual-energy iterative reconstruction 

algorithm (DIRA) whose aim is to improve the accuracy of radiation treatment planning in 

brachytherapy of the prostate. 

  



 
 

 

INTRODUCTION 

Model-based iterative reconstruction (MBIR) algorithms(1) in quantitative computed 

tomography (CT) have the potential to improve the accuracy of radiation treatment planning 

by removing artefacts (for instance beam hardening and scatter) from reconstructed images. 

Physical realism of their models determines the accuracy of measured data corrections that are 

calculated by simulating the imaging system. Ideally, advanced MBIR algorithms will 

automatically classify all body tissues. This task is, however, very difficult. One way to reach 

that goal is an automatic segmentation of reconstructed images. 

Segmentation requires anatomical knowledge and thus is typically done by a trained medical 

professional, e.g. a radiologist. The process is labour intensive and the results often differ 

depending on the expertise and personal preferences of the person(2,3). Current automatic 

segmentation algorithms may fully automate the process, but they rarely provide results 

directly usable in clinical practice. Instead, semi-automated algorithms where an operator sets 

initial conditions and boundaries or gives feedback between iterations are often used. 

Segmentation of tissues in the male pelvis is difficult because of (i) large variability in the 

shape and size of the bones with slice position and (ii) small difference between Hounsfield 

values of pelvic soft tissues. The most common approach is to segment one tissue at the time, 

usually only the prostate and sometimes the rectum or bladder. Recent segmentation methods 

use atlases or masks that are registered or deformed to match the image to be segmented, for 

instance the rigid registration in 3D on CT images(4), multi atlas non-rigid registration, active 

appearance model, probabilistic active shape model(5), and deformable models(6,7). 

Direct application of the approaches described above is limited for advanced MBIR algorithms 

as they require automatic segmentation of all tissues in the imaged slice. The authors developed 



an MBIR dual-energy iterative reconstruction algorithm (DIRA)(8) whose primary application 

is in brachytherapy. The question is whether it is possible to combine already existing 

segmentation techniques to an automatic segmentation algorithm that can be used in DIRA for 

the brachytherapy of prostate. The aim of this work is to develop such an algorithm. 

 

MATERIALS AND METHODS 

An automatic algorithm for the segmentation of CT images of male pelvis (MK2014) was 

developed. Its description and evaluation follow. 

 

Segmentation algorithms 

The MK2014 algorithm uses histogram matching, thresholding, region growing, deformable 

model and atlas based registration techniques. Prior to the application of these methods, three 

transformations of image intensities were performed: (i) CT numbers lower than -524 HU were 

set to -1000 HU to replace with air the blankets covering the patient. (ii) CT numbers were 

rescaled to the intensity range from 0 to 255; the minimum and maximum CT numbers in the 

image corresponded to the intensities of 0 and 255, respectively. (iii) The intensity of 0 was set 

to -100 to increase the contrast between subcutaneous fat and surrounding air. 

Histogram matching(9) adjusts intensities of the input image so that the cumulative distribution 

functions of the input and reference image intensities approximately match. The method 

suppresses variability in image intensities caused by different tube voltages and, in case of a 

properly selected reference image, improves performance of region growing by enhancing 

contrast between adjacent tissues.  The MATLAB’s function imhistmatch was used.  

Thresholding(9) selects pixels in a certain intensity range; pixels with other intensities are 

removed. The result is a binary image. In this work, regular thresholding with fixed ranges 

implemented by the MATLAB’s function histc was used. Ranges for air, adipose tissue and 



compact bone were set to [0,6], [6,75] and [180,255], respectively, in the intensity scale from 

0 to 255; these values provided best results for the five analysed images. 

Region growing(10) is an intensity based segmentation method that enlarges a region as follows. 

The region starts with one or several seeds, each consisting of one or several pixels. The seeds 

are manually or automatically positioned inside the tissue of interest (TOI). The intensity of 

the seed is compared to the intensity of neighbouring pixels and if the intensity of the latter is 

inside a predefined acceptance range, the neighbouring pixels are added to the growing region. 

The growing and comparison continues with the only change that the neighbouring pixel 

intensity is compared to the mean intensity of the growing region. When no pixels neighbouring 

the growing region have an intensity close enough to the mean intensity of the region, the 

growing stops and the algorithm is completed. A multi-pixel multi-seed method based on 

Franiatté’s simple single-seeded growing algorithm(11) was implemented. The method was used 

for the segmentation of bones and adipose tissue. Seeds were automatically generated using 

the thresholding combined with an image erosion (MATLAB’s bwulterode) and removal of 

noise artefacts (MATLAB’s bwmorph). In case of adipose tissue, the image was divided to 4x4 

equally sized segments and the seeds were searched for in each segment.  

Atlas based segmentation is a method where a reference image whose TOIs are already 

segmented (an atlas) is transformed to represent the TOIs in the processed CT image. In 

MK2014, several atlases are provided to cover the variability in bone shapes and positions in 

the pelvic region. In some cases, the user may need to create additional atlases. The initial 

position of the atlas was set so that the outline contour of the atlas body matched the outline 

contour of the target patient’s body; this transformation is called the initial translation and 

scaling in figure 1. No other transformation was used for the segmentation of muscles.  For the 

segmentation of prostate, an additional affine transformation was used; it was defined so that 

bones from the atlas were registered to the already segmented bones, other tissues were 



ignored.  The registration was implemented according to Granlund and Knutsson(12) and 

Svensson et al(13). 

The deformable model was based on the active contours without edges method(14), which is 

implemented in the MATLAB’s function activecontour. It uses a contour that can both grow 

and shrink according to an energy minimizing formula. A level set part of the algorithm stops 

the contour at the boundaries of the TOI. It makes the method less dependent on the image 

gradient. The deformable model was used for the segmentation of muscles (in this case gluteus 

maximus) and prostate, whose initial contours were defined by the atlas based segmentation. 

 

The MK2014 segmentation algorithm 

The MK2014 algorithm automatically segments CT images of a male pelvis to bone, adipose 

tissue, prostate, muscles and remaining soft tissue (figure 1) using the following steps: 

1) Histogram matching adjusts image intensity. 

2) Thresholding selects likely positions of bones and adipose tissue. 

3) Seed generation selects positions of seed points for region growing in bones and adipose 

tissue using results from step 2. 

4) Region growing segments bones and adipose tissue using seeds from step 3. 

5) Region growing and thresholding results are combined with morphological skeleton 

and morphological closing. 

6) Initial translation and scaling registers an atlas to the image. 

7) Affine registration is performed for the prostate. It is defined so that it transforms the 

bones of the atlas to the bones of the image. 

8) Deformable model segments the prostate and gluteus maximus muscles. 

The algorithm has been implemented as an extension in the DIRA code, which is available on 

GitHub(15). 



 

 

Figure 1. The segmentation of bones, adipose tissue, muscle and prostate in the MK2014 

algorithm. 

 

Evaluation of the MK2014 algorithm 

Five CT images of the male pelvis at the approximate height of the hip joint were analysed. 

Images 1 and 2 in figure 6 were obtained from the same subject to account for the variability 

of the images on slice position. Images 3-5 were obtained from different subjects. Slice 

thicknesses were 5.0 mm and 2.5 mm for images 1-3 and 4-5, respectively. Scans were taken 

at the tube voltage of 120 kV, and reconstructed images had the size of 512 x 512 pixels. 

The quality of segmentation of the five images was checked using visual assessment. Moreover 

for image 3 the Dice similarity coefficient(16) (DCS) was used. The DSC, D, for a segmented 

tissue was defined as 

	
!!
D=

2 A∩B
A + B

,          (1) 



where A and B are sets of pixels classified as the tissue from the automatic segmentation and 

ground truth, respectively, and | ⋅ | denotes the number of pixels in the set. Values of D are 

between 0 (no overlap) and 1 (perfect overlap).  The ground truth for the image was determined 

by an experienced radiologist. 

Performance of the MK2014 algorithm was evaluated in MATLAB R2014a on an Intel Core 

i5-4200U CPU with 8 GiB RAM. 

 

RESULTS 

For bones, both thresholding and region growing were used. To eliminate errors caused by 

statistical noise and artefacts in the image, the former method was complemented with a 

removal of small objects (MATLAB’s bwareaopen) and both methods were complemented 

with filling of small holes (MATLAB’s imfill and bwareaopen). Such enhanced thresholding 

performed better for bones in the upper part of the image, while the enhanced region growing 

performed better for the tailbone, see figures 2(a) and 2(b). Results from these two methods 

were combined by using a union of the pixels, see figure 2(c). Existing holes were closed as 

follows: morphological skeleton was obtained by eroding the already segmented bone 

(MATLAB’s bwmorph). The resulting medial axis was morphologically closed (MATLAB’s 

imclose and imfill) and united with pixels in figure 2(c), see figure 2(d). The result well matched 

the ground truth of the tested image, the DSC was 0.94.  

 



 

Figure 2. Automatic segmentation of bones (yellow curves) and corresponding ground truth 

(blue curves). (a) Thresholding with small object removal and small hole filling. (b) Region 

growing with small hole filling. (c) Union of the enhanced thresholding and region growing 

methods. (d) The result after the additional application of morphological skeleton and 

morphological closing. 

 

Adipose tissue in the pelvic region consists mainly of subcutaneous fat forming a ring around 

the body and visceral fat inside the pelvic cavity. Figure 3 shows the subcutaneous fat 

segmented via the region growing and manual segmentation methods. The latter was used as 

the ground truth; the DSC was 0.92. It should be noted that the ground truth was affected by 

uncertainties in the upper part of the image as the manual segmentation in this region strongly 

depended on the radiologist’s preferences. 



 

Figure 3. Automatic segmentation of adipose tissue (yellow curve) and corresponding ground 

truth (blue curve).  

 

The segmentation of muscles (gluteus maximus) was complicated by their texture-like structure 

caused by small regions of fat inside the muscle tissue. Many segmentation methods failed in 

this case. Only the atlas based segmentation combined with the deformable model gave 

sufficiently good results, see figure 4. The current version of the deformable model worked 

better when the initial state of the active contour was derived from an atlas muscle that was 

smaller than the target muscle. This way, the active contour grew to the target contour. 

Otherwise the active contour could converge to other well defined edges in the image, for 

instance the edges of bones. 

Figure 5 shows the segmentation of image 5 using three different atlases. An inappropriate 

atlas lead to suboptimal segmentation of the muscle, for instance the large muscles in the atlas 

image 5(a) lead to oversized segmented muscles in the image 5(d); the deformable model did 

not reduce the size of the region. The position of the prostate in image 5 was slightly above the 

position predicted by the atlases. This discrepancy lead to oversized  prostate region in images 

5(d) and 5(f). 

 



  
Figure 4. Segmentation of gluteus maximus muscles. (a) Atlas based segmentation using initial 

translation and scaling resulted in regions that were smaller than the target muscles. (b) The 

additional deformable model segmentation grew the region to a more correct size. Segmented 

tissues: bones, prostate, muscles and adipose tissue (in white to black grey level order). 

 

   

   
Figure 5. Atlases (top row) and corresponding segmented tissues of image 5 (bottom row). 

 

Segmented tissues of the five analysed images are in figure 6. DSC of the four segmented TOIs 

in image 3, for which the ground truth was available, are in table 1. As already mentioned, the 

ground truth segmentation depended on the radiologist’s preferences and so these numbers are 

associated with uncertainties that are difficult to estimate. The segmentation took about 45 

seconds on the Intel Core i5-4200U CPU. 

 



Table 1. Quality of the automatic segmentation of image 3 estimated via the Dice similarity 

coefficient for bones, adipose tissue, muscles and prostate. 

bones adipose tissue muscles prostate 

0.94 0.92 0.88 0.85 

 

1 2 3 4 5 

     

     
Figure 6. Original images (top row) and corresponding segmented tissues (bottom row). 

Atlases 1 and 3 (figure 5) were used for images 1-3 and 4-5, respectively. 

 

DISCUSSION 

Methods originally considered for the MK2014 algorithm were: thresholding (including fuzzy 

C-means thresholding), region growing, watershed, graph cuts(17), grab cut(18), distance 

regularized level set evaluation(19), a simplified version of active contours(20), and atlas based 

image segmentation. None of the considered methods performed sufficiently well alone on the 

test images. Some methods were not well suited for the task and had to be excluded. The 

remaining methods had to be combined. It should be noted that it was not possible to evaluate 

the methods for all values of their parameters and so some of the excluded methods may 

perform well for a particular task. However it is very unlikely that any of those methods would 

be able to accurately segment all tissues in the CT images. 

The region growing algorithm was sensitive to the setting of the intensity acceptance range. 

The value had to be large enough so that pixels affected by image noise were included in the 



region, but it had to be lower than the contrasts between the region and adjacent tissues. The 

default values in the MK2014 algorithm worked well for all analysed images. In some cases, 

however, the user may need to use a different reference image in histogram matching to adjust 

the contrasts. For adipose tissue, the region growing algorithm produced similar results to the 

thresholding combined with hole filling. The MK2014 algorithm implemented the former, but 

the authors have no strong preference for either of the two methods. 

The presented method worked well when the evaluated images were similar to the atlas image. 

As the shape and position of bones in the pelvic region vary rapidly with the z-position of the 

slice and the tilt of the gantry, a good match between the evaluated image and the atlas may be 

difficult to achieve. Problems may also arise when the prostate is notably shifted in the pelvic 

cavity owing to, for instance, a full urinary bladder. When segmentation using the default atlas 

fails, the user can chose a more suitable atlas image from a predefined set of images. A fully 

automatic image registration is difficult in 2D. A 3D registration algorithm may be needed if 

similar positioning of the patient cannot be achieved. 

Simulations by Malusek et al(21) showed that DIRA is not very sensitive to the selection of the 

base material triplet characterising pelvic soft tissues. For instance the (lipid, protein, water) 

and (adipose tissue, muscle, water) triplets performed similarly for soft tissues. Hence it is 

expected that DIRA will not be very sensitive to reasonably small inaccuracies in the 

segmentation of normal adipose tissue, muscle, or prostate. For instance a triplet for adipose 

tissue may work well for the muscle too. On the other hand, the segmentation of prostate in the 

MK2014 algorithm will allow the usage of base materials that better describe calcifications, 

for instance the (prostate tissue, calcium) doublet. This may notably increase the accuracy of 

DIRA. Quantitative evaluation of the benefit of the MK2014 algorithm for these cases is 

planned. 

 



CONCLUSIONS 

Visual inspection of segmented images showed that the MK2014 algorithm performed well for 

the five analysed images. Bones, adipose tissue, muscles and prostate were identified and 

outlined with accuracy sufficient for DIRA. A drawback of the algorithm is its long 

computation time compared to the simple but less accurate thresholding-based segmentation 

algorithm originally used in DIRA. 
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