
 

    
Abstract — Image segmentation plays an important role in 
medical image processing.  The aim of conventional hard 
segmentation methods is to assign a unique label to each voxel.  
However, due to the limited spatial resolution of medical 
imaging equipment and the complex anatomic structure of soft 
tissues, a single voxel in a medical image may be composed of 
several tissue types, which is called partial volume (PV) effect.  
Using the hard segmentation methods, the PV effect can 
substantially decrease the accuracy of quantitative 
measurements and the quality of visualizing different tissues.  
In this paper, instead of labeling each voxel with a unique label 
or tissue type, the percentage of different tissues within each 
voxel, which we call a mixture, was considered in establishing 
an image segmentation framework of maximum a posterior 
(MAP) probability.  A new Markov random field (MRF) model 
was used to reflect the spatial information for the tissue 
mixture.  Parameters of each tissue class were estimated 
through the expectation-maximization (EM) algorithm during 
the MAP tissue mixture segmentation.  The MAP-EM mixture 
segmentation methodology was tested by digital phantom MR 
and patient CT images with PV effect evaluation.  Results 
demonstrated that a hard segmentation method would loss a 
significant amount of details along the tissue boundaries, while 
the presented new PV segmentation method can dramatically 
improve the performance of preserving the details. 

I. INTRODUCTION 

Image segmentation plays an important role in medical 
image processing, especially in quantitative analysis and 
visualization of normal and abnormal soft tissues.  In the past 
decades, many image segmentation methods have been 
proposed and tremendous success has been achieved [1-4].  
However, most of them belong to the category of hard 
segmentation, in which each voxel is classified as a single 
tissue type.  Due to the limited spatial resolution of imaging 
devices and the complex anatomical structure of the tissues, 
there are frequently some voxels in the images that contain 
not only one tissue type, but rather a mixture of two or more 
tissue types.  This is called partial volume (PV) effect.  In the 
PV segmentation methods proposed by Choi et al [5] and 
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others, the variance of the image noise was assumed as a 
constant, which is not valid and affects the accuracy of PV 
segmentation.  In addition, the estimation of the mean 
parameter of each class is not sufficiently accurate with a 
stationary noise model as mentioned in their papers.  
Recently, Leemput et al [6] proposed an alternative PV 
model, in which the intensity of each class k is normally 
distributed with mean kµ  and covariance kΣ  and the 
intensity of each voxel is considered as the sum of the 
intensities of the sub-voxels from the down-sampled image, 
which is also Gaussian distributed.  However, they assumed 
that there are at most two tissue types within each voxel, 
which is not often the case for the medical imaging studies 
and furthermore it is very difficult to determine which tissue 
types in a specific voxle if there are more than two tissue 
types in the whole volume.  In this paper, we adopted the PV 
model proposed by Leemput and utilized a Markov random 
field (MRF) spatial prior function to perform tissue mixture 
segmentation by the maximum a posterior probability 
(MAP) criterion, where the expectation-maximization (EM) 
algorithm [7] was employed for estimation of the model 
parameters. 

II. THEORY 

A. PV Image Model 
Let Γ  and S  be two sets: },,,2,1{ KL=Γ  and 

},,2,1{ NS L= , where K is the total number of tissue classes 
and N is the total number of voxels in the acquired image.  
Let Y be a set of random variables, which represent the 
observed image intensities }, ,,,{ 1 SiyyyY Ni ∈= LL  and M 
be a set of vectors } ,,,,{ 1 SimmmM Ni ∈= LL  with the 
following properties of (a) ),,,( 1 ikii mmm K=  ,Γ∈k  and 

(b) 1
1

=∑ =

K

k ikm , 10 ≤≤ ikm , where ikm  reflects the 

fraction of tissue type k inside voxel i.  Each voxel value iy  
in the observed image is considered as the following random 
process: 

                           i

K
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                      (1) 

where kµ  is the observed mean value of tissue type or class 
k when it fully fills in a voxel; ikm  can be defined as the 
probability of voxel i belonging to class k [8]; and iε  is 
assumed as Gaussian noise associated with the observation 
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Figure1.  The neighborhood system sketch, where the empty 
circle represents the present voxel and the solid circles are the 
neighborhood voxels. 

iy  at voxel i with its mean being zero and variance of iν .  
In the multi-spectral magnetic resonance imaging (MRI) 
situation, iν  becomes a covariance matrix iΣ , which can be 

assumed to be a diagonal matrix if there are no correlations 
between different modality images, such as the acquired T1 
and T2 weighted MR images by different RF pulse 
sequences. 

B. PV Image Segmentation 
In order to estimate the mixture vectors M, given the 

observed image Y, the statistically optimal MAP principle is 
used.  We assume that the observation at each voxel is 
independent from the observations of other voxels, while the 
underline tissue distribution follows a MRF process, so that 
the conditional probability of the observed image Y, given 
mixture M, can be simply expressed as 
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where Φ  is the parameter set },,,{ Sikik ∈Γ∈Σµ  and r is 
the number of different modality images, for example, r 
should be 3 if T1, T2 and Flair MR images are used [1]. 

According to the MAP principle, the PV segmentation 

can be achieved by maximizing the posterior distribution, 
which is proportional to the joint distribution 
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where a MRF model has been used to define the prior 
distribution of mixture M, 
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where iN  denotes the neighborhood of voxel i, α  is a 
parameter controlling the degree of the smooth penalty on 
the mixture M, jκ  is a scale factor reflecting the difference 
among different orders of the neighbors, and Z is the 
normalization factor for the MRF model.  In this paper, only 

the first-order neighborhood system was used as shown in 
Figure1. 

In searching for the solution for maximizing the 
posterior probability of equation (3), the well-established 
iterated conditional modes (ICM) algorithm was utilized in 
this paper.  Equivalently, the solution is determined by 
minimizing the posterior energy function of 
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Equation (5) has a quadratic property.  So we can 
rewrite it as follows 
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where C is a constant and I is an identity matrix.  Given the 
smoothing properties of mixture im , the solution of 
minimizing function (5) is unique. 

Performance of the PV segmentation on minimizing 
equation (5) strongly depends on an accurate estimation of 
the model parameter set Φ  or ( kµ , iΣ ).  In the next section, 

we employ the EM algorithm [7] to estimate the model 
parameters Φ . 

C. Parameter Estimation 
Within each voxel volume, there are possibly K tissue 

types, where each tissue type has a contribution to that 
observed voxel value iy .  Let ikx  be the contribution of 

tissue type k to the observation iy .  Assuming that ikx  
follows a Gaussian distribution and all tissue types are not 
correlated each other, we have the following equation of 

                                ∑ =
=

K

k iki xy
1

.                        (9) 

The conditional probability of ikx  given the parameter 
set Φ  is distributed following a normal functional 

),( kikkik mmN σµ , where kσ  is the variance of observing 
tissue type k when it fully fills a voxel.  This kσ  definition 
implies that the variance iν  of observing the mixture voxels 
is smooth over the whole image volume and has the 

following property of ∑
=

=
K

k
kiki m

1

σν  for each voxel i.  

When voxel i is fully filled by a same tissue type k, then 
iν = kσ .  A similar definition for the relation of iν  and kσ , 
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as well as the probability function for ikx , were reported in 
Leemput’s work in terms of down sampling [6]. 

By the EM terminology, an observation iy  is a random 
variable, which is incomplete in reflecting the underline true 
information, while ikx  is an unobservable random variable 
and reflects the complete information for each underline 
tissue process.  The EM algorithm seeks a solution for the 
model parameters Φ , now they include both kµ  and kσ , 
via the complete sampling density by interleaved 
Expectation and Maximization steps in an iterative manner. 

The E-step computes the conditional complete-sampling 
density, given the observed data Y and the n-th iterated 
estimate of the model parameter )(nΦ  
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where the conditional means for ikx  and 2
ikx  are given 

below 
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The M-step determines the (n+1)-th iterated estimate, 
which maximizes the conditional complete-sampling density 
of equation (10). 

For parameter kµ  we have: 
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which results in 
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For parameter kσ , we have: 
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III. RESULTS 
The presented new PV segmentation algorithm was first 
tested by simulated MRI brain phantom images obtained 
from the Brain Web Simulation Database at the McConell 
Brain Imaging Center of the Montreal Neurological Institute, 
McGill University [10], which has been widely used to 
evaluate the hard segmentation algorithms.  In this study, we 
employed the T1 image with 3% noise to evaluate our new 
algorithm.  The whole image volume was classified into 
three classes: white matter (WM), gray matter (GM) and 
cerebral-spinal fluid (CSF).  Since the ground truth for this 
digital phantom is a kind of hard segmentation, both the 
conventional hard segmentation algorithms and our PV 
segmentation are therefore expected to have a similar 
performance.  To compare with the non-mixture ground 
truth, our PV segmentation results were transferred into hard 
segmentation by labeling each voxel with a tissue type, 
which indicates that this voxel has the highest probability 
belonging to that class. 

  
                          (a)                                  (b) 

  
                         (c)                                  (d) 

Figure2.  Digital phantom study: (a) T1 image, (b) ground truth, (c ) 
hard segmentation, and (d) PV segmentation. 
 
Figures 2(a)-(d) show the MR phantom T1 image -- 2(a), 

the non-mixture ground truth -- 2(b), the MAP-MRF-based 
hard segmentation [1] -- 2(c), and our new PV segmentation 
-- 2(d), respectively.  Compared with the ground truth in 
Figure 2(b), both the hard and PV segmentations show very 
good and similar results by visual judgment, as expected.  In 
order to see more details, two merits were used to perform a 
quantitative comparison: true positive fraction (TPF) and 
false positive fraction (FPF), which are defined as follows: 
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where sign + or – represents that a voxel belongs to a 
specific tissue or not.  Obviously, a perfect segmentation has 
a TPF being one and FPF of zero. 

 
Table1 below shows the quantitative comparison results 

between the conventional MAP-MRF-based hard 
segmentation and our new PV segmentation.  Both methods 
have a very good and similar performance for the designed 
non-mixture phantom test image, as expected.  The 
conventional MAP-based hard segmentation has a slightly 
better performance than our new PV segmentation, because 
of the designed non-mixture phantom test image.  This is a 
reasonable result, because the test image used here does not 
take into account the PV effect and fits the conventional 
MAP-MRF-based hard segmentation method. 

Table 1.  Quantitative comparison of different methods 

WM GM CSF  
TPF FPF TPF FPF TPF FPF 

MRF 95.2 2.49 95.8 5.48 95.4 5.59 
PV 95.4 5.80 93.4 6.68 92.2 5.62 

 
As a matter of fact, there is a very strong PV effect in 

the clinical medical images [11].  In order to evaluate the 
accuracy of our new PV segmentation method, we modified 
the MR phantom test image with PV effect, based on the 
ground truth as shown in Figure 3(b).  In the ground truth, 
there is exactly one tissue type within each voxel.  There are 
totally three classes: WM, GM and CSF.  First, we 
generated, based on the ground truth, three images for each 
class, in which the intensity of each voxel was set to 1 if this 
voxel belongs to the specific tissue, otherwise 0.  Secondly, a 
low-pass Gaussian filter was applied to each of the three 
single-tissue images to produce the ground truth for the PV 
effect, which reflects the mixture value for each class.  It is  

Table 2.  Parameter estimation of each class 

WM GM CSF  
mean var mean var mean var 

simulation 140.0 49.0 80.0 9.0 50.0 25.0 
estimation 142.9 47.3 82.1 11.3 47.7 23.9 

 
well-known that the noise model in MR images can be 
regarded as tissue-dependent, therefore, we set the class or 
model parameters as seen in the first row in Table 2.  Finally, 
based on the PV-effect ground truth, we simulated the noisy 
MR image with PV effect as shown in Figure 3(a). 

Both the MAP-based hard segmentation algorithm [1] and 
our new PV segmentation method were applied to the 
simulated noisy MR image with PV effects.  Figure 3(c) 
shows the hard segmentation result.  It was clearly seen that 
the hard segmentation misses a significant details along the 
boundaries.  Figures 3(d), 3(e) and 3(f) show the mixture of 
CSF, GM and WM, respectively.  Compared with the hard 

segmentation, the results obtained by our PV segmentation 
method reflect a more accurate anatomic structure.  In order 
to quantitatively evaluate the accuracy of our new PV 
segmentation method, the difference images for each class 
between the segmented mixtures of our new method and the 
ground truth were shown in Figures 3(g), 3(h) and 3(i), have 
intensity values of 256 gray levels.  For the mixture image, 
white color represents the gray value 1 (100% belonging to 
this tissue type) and black color respectively.  It is noted that 
all the three difference figures represents the gray value  

   
              (a)                           (b)                           (c) 

   
             (d)                           (e)                            (f) 

   
             (g)                           (h)                           (i) 
Figure 3.  Partial volume effect simulation study results: (a) is the 
simulated mixture MR image from the ground truth (b); (c) shows the 
MAP-MRF hard segmentation with missing of a significant details 
along the boundaries; (d) is the PV mixture segmentation of CSF; (e) is 
the PV mixture segmentation of GM; and (f) is the PV mixture 
segmentation of WM.  Pictures (g), (h) and (i) are the difference images 
of the PV segmentations of CSF, GM and WM against their 
corresponding ground-truth, respectively. 
 
0 (not belonging to this tissue type at all).  For all the 
difference images, we used the same window setting 
parameter.  Therefore, the darker a difference images is, the 
higher the accuracy of our PV segmentation is.  All the 
difference images demonstrated that the error of our new PV 
segmentation is very small.  In addition, the estimated tissue 
model parameters by our method were very accurate as 
shown in the second row of Table 2. 
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                      (a)                                          (b) 

  
                      (c)                                        (d) 

  
                    (e)                                           (f) 
Figure 4.  Clinical patient CT image study: (a) is the original image; (b) 
is the hard segmentation of four classes – are, soft tissue, muscle and 
bone.  Pictures (c)-(f) are the mixture segmentations of the air, soft 
tissue, muscle and bone, respectively.  A great amount of details of the 
classes are preserved in our PV segmentation as compared to the hard 
segmentation. 
 

Finally, our new PV segmentation was applied to 
clinical CT (computed tomography) patient image.  Figure 
4(a) shows the CT image, which consists of four classes: air, 
soft tissue, muscle and bone.  The MAP-MRF-based hard 
segmentation result is shown by Figure 4(b), in which it is 
clearly seen that a significant amount of details between air 
and soft tissue are missed.  Figures 4(c), 4(d), 4(e) and 4(f) 
show the mixture segmentation of the air, soft tissue, muscle 
and bone, respectively.  Compared with the hard 
segmentation, more structures are seen in our new PV 
segmentation by visual judgment.  For example, the colon 
wall pointed by the arrow in Figure 4(a) is missed by the 
hard segmentation and is accurately detected by our new PV 
segmentation. 

IV. CONCLUSIONS 
A new MAP-MRF-based mixture PV segmentation 
algorithm was derived and tested by both simulated MR and 
clinical CT image datasets.  The results demonstrated that 
our new PV segmentation method can detect the PV effects 
very well.  When there are not PV effects in the images, our 
new PV segmentation showed almost the same performance, 
as expected, compared to conventional MAP-MRF-based 
hard segmentation, indicating that our method is theoretically 
equivalent to the MAP-MRF framework for non-mixture 
ground truth.  In practical situations where PV effects are not 
avoidable, our method achieved a dramatically improvement 
over the hard segmentation of the well-established MAP-
MRF framework. 
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