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Abstract:    As a result of noise and intensity non-uniformity, automatic segmentation of brain tissue in magnetic resonance 
imaging (MRI) is a challenging task. In this study a novel brain MRI segmentation approach is presented which employs  
Dempster-Shafer theory (DST) to perform information fusion. In the proposed method, fuzzy c-mean (FCM) is applied to separate 
features and then the outputs of FCM are interpreted as basic belief structures. The salient aspect of this paper is the interpretation 
of each FCM output as a belief structure with particular focal elements. The results of the proposed method are evaluated using 
Dice similarity and Accuracy indices. Qualitative and quantitative comparisons show that our method performs better and is more 
robust than the existing method. 
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1  Introduction 
 

Magnetic resonance imaging (MRI) is a non- 
invasive technique to obtain high resolution images 
which have high intensity contrast between different 
soft tissues. This imaging technique plays a pivotal 
role in brain tissue visualization. Brain MRI seg-
mentation (BMS) is an important processing tech-
nique in which a region of the MR image with a spe-
cific characteristic is labeled. This BMS processing 
step is of crucial importance in many areas of medical 
research and in clinical applications where decision 
making is critical. Automatic segmentation of brain 
tissue is important in the study of various brain ab-
normalities, brain development, and evaluation of the 
progress of treatment.  

The main tissues in a normal brain are: gray 
matter (GM), white matter (WM), and cerebro-spinal 

fluid (CSF). A brain MRI is a set of images that con-
tain large volumes of information, and therefore 
manual BMS is a time consuming task. To deal with 
the volume of information, an automatic segmenta-
tion system with acceptable speed, high accuracy, and 
generalization capability is needed.  

Three main artifacts in MRI are: noise, partial 
volume effect (PVE), and intensity non-uniformity 
(INU). The main sources of noise are categorized 
according to biological and scanner noises introduced 
in earlier studies (Brechbühler et al., 1996; Styner et 
al., 2000; Prima et al., 2001). Tissue non-uniformity 
and limitations in hardware design are the main 
causes of biological and scanner noises, respectively. 
PVE is defined as a spectrum of intensities that arise 
when more than one tissue is present in a given pixel. 
Increasing image resolution results in lower PVE; 
however, in most cases this also causes noise levels to 
increase. INU, also known as the bias field, is a low 
frequency smoothed artifact which is generated by in- 
homogeneity of the magnetic field during the scan-
ning process (Simmons et al., 1994; Sled et al., 1998). 
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MRI problems that occur during the scanning 
process typically lead to uncertainty in pixel value 
interpretation. As shown in Fig. 1, this uncertainty 
can be up to 30% of the pixel intensity, which leads to 
a considerable overlap between the intensity values 
used to identify different tissues (Gispert et al., 2004). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

Many researchers have proposed methods to 
overcome the challenges of BMS (Pham et al., 2000; 
Liew and Yan, 2006). Such methods can be classified 
into three main categories: boundary-based, region- 
based, and hybrid (Niessen et al., 1999; Wang et al., 
2008). In boundary-based methods, the gradient fea-

tures close to an object boundary are used as a 
measure of discontinuity to guide segmentation deci-
sions (Bomans et al., 1990). Three approaches using 
this method are edge detection, deformable templates, 
and active contours (McInerney and Terzopoulos, 
1996; Ji and Yan, 2002; Abd-Almageed et al., 2004). 
In region-based methods, BMS is based on the iden-
tification of a homogenous feature which represents 
one of the brain tissues (Heinonen et al., 1998). The 
hybrid methods use a combination of similarity and 
discontinuity to segment the images. In all the three 
BMS approaches, pixels are assigned class labels 
based on a given criterion. 

Due to uncertainty of the brain MRI pixels, using 
rigid criteria can potentially limit the effectiveness of 
the technique. For this reason, researchers have de-
veloped fuzzy approaches which consider ambiguous 
regions of an image as fuzzy sets. Using this strategy, 
each pixel may potentially be assigned to multiple 
tissue classes. Fuzzy segmentation provides more 
information than other crisp methods (Wang et al., 
2008). 

Fuzzy c-mean (FCM) is one of the most promi-
nent techniques among the different fuzzy approaches 
used in BMS (Brandt et al., 1994; Yoon et al., 1999; 
Liew and Yan, 2003; Zhang and Chen, 2004; Shen et 
al., 2005; Siyal and Yu, 2005; Chuang et al., 2006; Ji 
et al., 2011). There has been extensive research that 
considers how to use FCM optimization to achieve 
better results. An adaptive FCM approach was sug-
gested in Pham and Prince (1999a) to estimate INU 
by multiplying a distance function and clustering 
centers. This method was generalized for 3D images 
in Pham and Prince (1999b). A regulative term was 
proposed in FCM in which spatial information was 
used to overcome noise effects (Ahmed et al., 2002). 

Generally, in combination methodology classi-
fication tasks involve multisource data fusion and 
evidential reasoning to achieve higher classification 
accuracy and robustness. The information extracted 
from any source in favor of, or against, a given class 
assignment must be combined with that of other 
sources to infer the likelihood of this assignment 
(Binaghi and Madella, 1999). This issue (advantage 
of data fusion) is also valid when we consider image 
segmentation as a classification task. Awate et al. 
(2008) proposed a method for brain-tissue segmenta-
tion in which the information in structural MRI and 
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Fig. 1  Tissues overlap in brain magnetic resonance imag-
ing (MRI) 
(a) Artifact free (ideal) MRI; (b) Brain MRI with 9% noise and 
40% intensity non-uniformity (INU); (c) Intensity distribution 
of (a); (d) Intensity distribution of (b) 
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diffusion tensor (DT) images is fused in a statistical 
framework. 

Dempster-Shafer theory (DST) is considered one 
of the main tools in information fusion research. This 
theory is a general extension of the Bayesian theory 
which offers a number of advantages when compared 
to traditional Bayesian theory (Yager et al., 1994). 
DST can robustly deal with incomplete information 
and is therefore widely applied in image processing 
and pattern recognition research (Rakar et al., 1999; 
Lin, 2010; Valente, 2010; Tabassian et al., 2011; 
2012). Hasanzadeh and Kasaei (2007) proposed a 
multispectral BMS based on data fusion in which a 
genetic fuzzy system and DST are used for fuzzy 
modeling and fusing the results, respectively. In this 
multispectral BMS approach the results of individual 
classifiers are applied to three well-known modalities, 
T1, T2, and PD, and are combined by using DST. 
Note that these modalities are not recorded in the 
same coordinate system in real data acquisition. As a 
result, the performance of the technique is highly 
dependent on the quality of the data and the algorithm 
used for registering the images. The other weakness 
of this method is that it does not use any spatial in-
formation, which reduces its accuracy. 

In this paper we propose a data fusion approach 
for BMS based on the application of FCM on differ-
ent features, and employ DST (evidence theory) to 
combine evidence obtained through the application of 
different techniques. The proposed method uses only 
one of the mentioned modalities (T1-weighted brain 
MR images), which is applicable on both simulated 
and real data. Pixel intensity and spatial information 
are also used. Moreover, a novel mapping is sug-
gested to transform each FCM output to belief struc-
ture with particular focal elements. As FCM and DST 
have the capability to overcome uncertainty, the 
proposed method would be able to achieve higher 
accuracy and robustness in BMS. 

This work is the extension of our previous work 
(Ghasemi et al., 2011), including expanded discus-
sions and more experimental results. 
 
 

2  Basic concepts 

2.1  Fuzzy c-mean (FCM) 

In FCM, as a development of the hard K-means 
algorithm, every input value will be assigned to all 

existing clusters (Bezdek, 1981). Pattern membership 
of a class is based on the similarity of the pattern to 
the class with respect to all classes. The objective 
function of the standard FCM which segments an 
image to c clusters can be defined as 
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in which X=(x1, x2, …, xn) is a p×n data matrix, p is 
the length of the feature vector xj, and n is the number 
of feature vectors. In BMS, p=1 (intensity value), n is 
the number of image pixels, and q is the fuzziness 
index (in this study, q is 2). uij is the membership of 
the jth pattern in the ith cluster, and vi is the center of 
the ith fuzzy cluster. d represents the similarity of the 
feature vector xj to cluster center vi in the feature 
space, which can be calculated with the Euclidean 
norm as 
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To minimize the objective function, higher 

membership values should be assigned to patterns 
that are close to cluster centers, and lower values 
assigned to patterns far from cluster centers. By ap-
plying derivation of Jq with respect to u and v, then 
setting this derivative equal to zero, the conditions to 
minimize the objective function (Jq) are 
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According to Eqs. (3) and (4), the patterns are 

assigned to all existing clusters with associated 
membership values (MVs), and then new cluster 
centers are calculated.  

The FCM algorithm reaches a solution by an it-
erative process until a termination criterion is met, i.e., 
||v(t)−v(t−1)||<ε. Finally, by assigning the pattern to a 
cluster with the highest membership value, a seg-
mentation of the data can be done. 
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2.2  Dempster-Shafer theory (DST) 

DST, also called evidence theory, is a formal 
framework that provides techniques to characterize 
evidence based on information from all available 
evidence. It combines evidence weights from differ-
ent sources to form new evidence weights. 

Assume f is a variable in the domain set Ω. Note 
that f may also be treated as a question or proposition 
and Ω as a set of propositions or mutually exclusive 
and exhaustive hypotheses or answers (Yager et al., 
1994). In DST, Ω is called the ‘frame of discernment’ 
which is denoted as Ω={C1, C2, …, Cn}. DST is es-
sentially a generalized Bayesian statistical theory 
(Shafer, 1976). For instance, probabilities in the 
Bayesian approach can be assigned only to the sin-
gleton subsets (i.e., elements) of Ω but in DST they 
are assigned to all subsets of Ω. 

In DST a mass function μ is defined as a map-
ping from the power set Ω in the unit interval [0, 1] 
called basic belief assignment (BBA), where μ: 

2Ω→[0, 1], μ()=0, and ( ) 1.
A

A




  The nota-

tion 2Ω relates to the power set of Ω. The value μi(A) is 
interpreted as a fraction of belief that is committed to 
A for the available evidence i (Beynon et al., 2001). 
Focal elements are sets that receive a non-null mass 
value.  

It is attractive to overcome the restriction of 
conventional probability theory by representation of 
both imprecision and uncertainty through the defini-
tion of two functions, plausibility (Pls) and belief 
(Bel), both derived from a mass function μ (Shafer, 
1976). The measures of belief and plausibility for A 
are determined as follows: 
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Bel(A) represents the confidence that a proposi-

tion f lies in A or any subset of A. Clearly Pls(A) 
represents the extent to which we fail to disbelieve A 
(Beynon et al., 2001). DST provides an explicit 
measure of ignorance about event A and its comple-

mentary A  as length of the interval [Bel(A), Pls(A)], 

called the belief interval. It can also be interpreted as a 
measure of imprecision of the ‘true probability’ of A 
(Bloch, 1996). 

One of the main advantages of DST is the flexi-
ble combination operator it uses to combine informa-
tion according to Dempster’s rule of combination. 
Suppose that μ1 and μ2 are two independent belief 
structures on a frame of discernment Ω, with focal 
elements Ψi (i=1, 2, …, n1) and Ψj (j=1, 2, …, n2). The 
combination of μ1 and μ2 (also called the joint mass, 
μ1,2) is defined as 
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where μ1,2 is another BBA whose focal element is 
.k i j     Dempster’s rule is both commutative 

and associative (Yager et al., 1994). 

2.3  Singular value decomposition (SVD) 

SVD is an important tool used in digital signal 
and statistical data processing (Ghasemi and Karami 
Mollaei, 2009; Afzalian et al., 2010). Applying SVD 
on a typical Xm×n matrix yields 

 
T ,X UΣV                              (8) 

 
where Um×m and Vn×n are singular vector matrices and 
Σm×n is a diagonal matrix with rank r. The diagonal 
entries of Σ (σ11>σ22>…>σrr>0) are equal to the sin-
gular values of X. In fact, these singular values con-
tain some information about signal energy. In the 
process of reconstructing X, higher singular values 
are more effective. 
 
 
3  The proposed method 

 
As mentioned above, the main problem in brain 

MRI segmentation is intensity uncertainty, and this 
difficulty motivates the development of fuzzy ap-
proaches. FCM is one of the commonly used tools 
among different fuzzy approaches used for BMS. 

Reasonable results are expected when each pat-
tern is assigned to a cluster with the highest MV in the 
final stage of the FCM algorithm (Section 2.1). 
However, when the pattern MVs are too close to each 
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other, the selection of one of the clusters may lead to 
unreasonable results. 

In this paper, an information fusion strategy 
based on DST is presented. This approach considers 
spatial information and interprets FCM results for 
brain MRI segmentation. The main idea of the pro-
posed method is that undesirable artifact effects are 
shown in different FCM outputs. These artifact ef-
fects become smaller by using DST. Since the pro-
posed method combines the FCM results using DST, 
we refer to our method as FCMDS.  

Fig. 2 shows the block diagram depicting the 
FCMDS method. FCMDS extracts three features 
from the original images, and considers spatial in-
formation (Section 3.1). In the next stage of FCMDS, 
FCMs are used for clustering. In this stage the clus-
tering process is applied to each extracted feature 
independently. The outputs of FCM are interpreted as 
BBA. Finally, these computed BBAs are combined 
using DST. 

3.1  Feature set 

The three features considered in this analysis are 
pixel intensity and both mean and largest singular 
values of neighborhood pixels. It is clear that pixel 
intensity contains crucial information and is the most 
important feature of BMS. For calculation of both 
mean and largest singular values (Fig. 3), a 3×3 ma-
trix around the prototype pixel is considered. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

 
 
 
 
 

 
Mean and largest singular values (spatial infor-

mation) are defined for each 3×3 matrix based on Eqs. 
(9) and (10). We have 
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where Xi is the neighborhood pixel value, n=8 is the 
number of pixels, and E(X) is the mean value. The 
largest singular value can be calculated as 
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where σ11 is the largest singular value of L, and  
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Fig. 2  Block diagram of the proposed method FCMDS which combines FCM results using Dempster-Shafer theory 
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contains significant information about the matrix and 
can be used as an important feature in BMS. Mean 
and largest singular value features contain informa-
tion about the bias of the neighborhood pixels and the 
energy of the crucial eigenvector, respectively. 

3.2  Construction of belief structure 

In the normal brain MRI, f is one of the extracted 
features whose frame of discernment is Ω={W, G, C}. 
Therefore, the power set of Ω is R=[{W}, {G}, {C}, 
{W, G}, {W, C}, {G, C}, {W, G, C}]. W, G, and C 
symbolize white matter, gray matter, and cerebro- 
spinal fluid, respectively. The BBAs assigned to 
atomic members (the first three elements) of R are 
deterministic while the BBAs assigned to other ele-
ments of R include uncertainty. The ultimate goal of 
data fusion is the reduction of uncertainty. 

In FCMDS, when the FCM algorithm reaches a 
solution, the MVs assigned to tissues for every pixel 
are used to build the BBAs. This process applies for 
each feature separately. For this purpose, the three 
ratios of the available MV assignment obtained from 
FCM which are also greater than one are calculated, 
and these three situations will be considered as no-  
uncertainty (NU), semi-uncertainty (SU), and perfect- 
uncertainty (PU). Note that in this study, the term 
‘RMV’ refers to the ratio of MVs that are greater than 
one. For description of the above mentioned situa-
tions, two thresholds α and β are selected as α=1.5 and 
β=3. β controls the boundary between NU and SU 
while α controls the boundary between SU and PU. A 
more detailed explanation of these three situations is 
given below. 

3.2.1  No-uncertainty (NU) 

NU is a situation in which the RMV is greater 
than β. Consider a prototype pixel where the FCM 
gives uW=0.18 and uG=0.81. The RMV is 0.81/0.18= 
4.5>β. Thus, the two MVs fall in the NU category. 
Based on the final stage of FCM, the pixel must be 
assigned to GM. Due to the large difference between 
the two available MVs, this decision has high credi-
bility. In NU all the MVs are interpreted as BBA 
without the need for any further change. In another 
word, MVs map to singleton subsets of R. When all 
three RMVs are in the NU category, the focal element 
has three atomic factors, denoted as R=[{W}, {G}, 
{C}], where their BBAs are FCM MVs. 

3.2.2  Semi-uncertainty (SU) 

In SU at least one of the RMVs falls between the 
two thresholds. Suppose that for a prototype pixel the 
FCM gives uW=0.25 and uG=0.65. The RMV is then 
α<0.65/0.25=2.6<β, and consequently the two men-
tioned MVs are in the SU category. Assigning the 
specified pixel to GM may be incorrect, because uW is 
large enough; therefore, FCM may fail. A measure of 
distance uncertainty can be used to generate belief 
structures as a basis to overcome the mentioned 
drawback. In fact, in this case the uncertainty is 
transferred to a mutual belief structure and this un-
certainty is controlled by DST. We define the uncer-
tainty distance λ as λWG=|uW−uG|/(β−α). Then for 
making the belief structures, the BBAs are calculated 
using μ{W}=uW−λWG/2, μ{G}=uG−λWG/2, μ{W, G}= 
λWG. The value of λ depends on the two selected 
thresholds and the assigned MVs. Furthermore, when 
constructing the BBA, λ/2 is chosen from each pri-
mary MV and used to build the mutual mass value, 
which is equivalent to the situation in which there are 
no other usable sources of information. When making 
decisions in such a situation, all mutual mass  
values are equally divided between the atomic focal 
elements. 

It is possible that more than one of the RMVs 
falls between two selected thresholds. In such a situ-
ation, a new formulation is needed to generalize the 
previous formulation. Suppose that all the three 
RMVs are in SU. In this situation the uncertainty 
distances are λWG=|uW−uG|/(β−α), λWC=|uW−uC|/(β−α), 
and λGC=|uG−uC|/(β−α). Then the BBAs are calculated 
as 
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From the above formulation, we see that the 

focal elements are the power set of the frame of dis-
cernment without the null set. 
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3.2.3  Perfect-uncertainty (PU) 

PU is a critical situation in which the RMVs are 
smaller than α. Assume that for a prototype pixel the 
FCM values are uW=0.45 and uG=0.55. The RMV is 
then 0.55/0.45=1.22<α, and is therefore in PU. If 
there is no additional source of information, this pixel 
will be assigned to GM. Since the MVs used to assign 
the pixel to WM and GM are close to each other, this 
decision is subjective and may be inaccurate; in other 
words, in this case the FCM may fail. As mentioned, 
in PU the appropriate distance between available 
MVs cannot be found, and in such a situation, the 
BBAs are calculated as μ{W}=μ{G}=μ{W, G}=(uW+ 
uG)/3. The proposed formulation demonstrates that 
the larger part of MV has been deposited to non- 
atomic focal elements rather than SU. Since such 
focal elements can contain uncertainty, the mentioned 
drawback is solved systematically by DST.  

If more than one RMV is smaller than α, a new 
formulation is needed to generalize the earlier for-
mulation. Suppose that all three RMVs are in PU. In 
this situation the BBAs are calculated according to the 
following steps: 

1. Consider 2Ω without the null set as the set of 
focal elements. The elements of the set are 
 

{W}, {G}, {C}, {W, G}, {W, C}, {G, C}, {W, G, C}. 
(12) 

 

2. Calculate N as the number of repetitions in any 
class (in the three-class problem according to ex-
pression (12), N is 4). 

3. Allocate the same division of any ui (ui/N, i=W, 
G, C) to those focal elements that contain the ith class. 
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3.2.4  Applicability of FCMDS for other problems 

In this study the problem of normal BMS with 
three classes is studied. In other words, FCM has 
three MVs and there are three RMVs. Consequently, 
the aforementioned formulations are sufficient. In this 
subsection the applicability of the proposed method is 

considered for problems with four or more classes. 
To extend the proposed strategy to a problem 

with more than three classes, a four-class problem is 
considered where the MVs satisfy u1<u2<u3<u4. As 
mentioned above, NU is a situation in which all 
available MVs are converted to BBA without any 
further change, so no problems arise when we extend 
this situation to a problem with more than three 
classes. Suppose all the RMVs are in the SU category. 
Therefore we have 

 

1 / ,     =1, 2, 3.i iu u i               (14) 

 
Using the left-hand boundary (critical) condition of 
Eq. (14) with α=1.5, the ratio between u4 and u1 is 
obtained as follows: 

 

334 4 2

1 3 2 1

3.375 .
uu u u

u u u u
    

         

(15) 

 
Eq. (15) contradicts the last assumption (all the 
RMVs are in the SU category), because one of the 
RMVs is greater than β; in other words, two MVs (u1 
and u4) are in the NU category. None of the RMVs can 
fall between these two thresholds. Therefore, in the 
problem with four or more classes, two or three 
RMVs can fall between two thresholds, as explained 
in Section 3.2.2. The extension of PU to the problem 
with four or more classes is straightforward, and can 
be done in the three steps described in Section 3.2.3. 

 
 

4  Discussions about uncertainty decrement 
in the three-element problem by DST 
 

In this section, the uncertainty decrement in 
DST-based three-element pattern recognition is dis-
cussed. Assume that for a given problem the frame of 
discernment is Ω={C1, C2, C3}, in which two pieces of 
evidence A and B have the following belief structures: 

 
 
 
 
 

 
 
 

Focal element Evidence A Evidence B 
μ{C1} a h 
μ{C2} b i 
μ{C3} c j 

μ{C1, C2} d k 
μ{C1, C3} e l 
μ{C2, C3} f m 

μ{C1, C2, C3} g n 
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By combining two beliefs using DST, the non- 
normalized joint masses are given by 

 
μAB{}=h(b+c+f)+i(a+c+e)+j(a+b+d)+kc+lb+ma, 
μAB{C1}=a(h+k+l+n)+d(h+l)+e(h+k)+gh, 
μAB{C2}=b(i+k+m+n)+d(m+i)+f(i+k)+gi, 
μAB{C3}=c(j+l+m+n)+e(j+m)+f(j+l)+gj, 
μAB{C1, C2}=dk+dn+gk, μAB{C1, C3}=el+en+lg, 
μAB{C2, C3}=fm+fn+gm, μAB{C1, C2, C3}=gn. 

 
It is clear that the uncertainty terms related to the 
beliefs of A and B are d+e+f+g and k+l+m+n, respec-
tively. Also, the normalized uncertainty term for the 
combination of two beliefs can be written as 
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(16)

 

 
To find the conditions in which the uncertainty of the 
combined beliefs is lower than the uncertainty of an 
individual belief (e.g., evidence A), consider 

 

1 ( ) 1 ( )

                        .
1 ( ) 1 ( )
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d e f g d e
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g f

 

 

 
    

   
   

 
     

(17) 

 
On the left-hand side of inequality (17), the coeffi-
cients of each BBA (d, e, f, and g) are equal to one, but 
on the right-hand side, all of BBAs have coefficients 

not equal to one. Note that 
1 ( )A B

k l n m


  
 

 is the 

largest coefficient. If 1
1 ( )A B

k l n m


  


 

, then all of 

the other coefficients on the right-hand side are lower 
than one and thus inequality (17) is valid. 

 

1 1 ( ).
1 ( ) AB

AB

k l n m
k l n m 


  

       
 

 (18) 

Since the sum of all BBAs is equal to one, we have 
 

1 ( ).k l m n h i j                    (19) 

 
Substituting Eq. (19) into Eq. (18), the following 
condition is achieved: 
 

( ).ABh i j                            (20) 

 
The same scenario is valid for other evidence (e.g., 
evidence B), which leads to the following condition: 
 

( ).ABa b c                         (21) 

 
Accordingly, if the sum of certainty terms of belief of 
evidence (e.g., B or A) is equal to or greater than the 
null mass of the combination of two beliefs, then the 
uncertainty of the combined belief is always lower 
than the uncertainty of any other belief of the evi-
dence (e.g., A or B). Therefore, the uncertainty of 
combined beliefs decreases systematically. 

 

 
5  Experimental results 
 

In the data fusion part of the proposed algorithm, 
the information from different sources is combined 
using Dempster’s rule of combination to generate 
robust results. To generate the fused data using Eq. (7), 
each FCM with a single extracted feature is consid-
ered independently as an evidence source. The pro-
posed method was tested on two publicly available 
datasets. The first dataset contains simulated MR 
images and is available on the Brainweb (http://www. 
bic.mni.mcgill.ca/brainweb). The second dataset 
contains real MR images obtained from the Internet 
Brain Segmentation Repository (IBSR) (http://www. 
cma.mgh.harvard.edu/ibsr). Extra non-brain tissues 
are removed from these brain images prior to seg-
mentation. The proposed algorithm is compared with 
the FCM, BCFCM (Ahmed et al., 2002), LNLFCM 
(Wang et al., 2008), SPM5, FAST, LOCUS-T, and 
FBM-T (Scherrer et al., 2010) methods when applied 
to the simulated dataset. The real data was used to 
compare the proposed method with CSWTSOM, 
SPM5, and FAST which were reported in Tsang et al. 
(2008) and Demirhan and Güler (2011). In FCM the 
intensity of the pixels is used as a feature, whereas in 
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BCFCM all parameters are selected, as reported in 
Ahmed et al. (2002). The chosen parameter values for 
LNLFCM are: a standard deviation of 30 associated 
with the Gaussian kernel, a degree of filtering of 1000, 
a window size of 3 for the neighborhood, and a weight 
of 7 for all pixels in the window of searching (Wang et 
al., 2008). The results of the other methods were 
reported in Scherrer et al. (2010) and Demirhan and 
Güler (2011). In all experiments the two thresholds α 
and β were selected as 1.5 and 3, respectively. 

5.1  Evaluation criteria 

Different criteria have been used to evaluate the 
segmentation performance quantitatively and to 
compare the different approaches. The evaluation 
criteria are Dice similarity and Accuracy, given by 

 

2 2 TP
Dice ,

2 TP FP FN
i i

i i

A B

A B

 
 

            
(22) 

TP+ TN
Accuracy ,

TP+ TN+ FP+ FN


           
(23) 

 
where Ai and Bi are the reference and result sets of 
segmented pixels, respectively, and |Ai| is the number 
of pixels in Ai (Ahmed et al., 2002). In Eqs. (22) and 
(23), TP, TN, FP, and FN are defined as true positive, 
true negative, false positive, and false negative,  
respectively (Hadjiprocopis et al., 2005). Large  
values for each of the two metrics indicate better 
segmentation. 

5.2  Simulated brain MRI 

Brainweb provides simulated brain datasets 
which contain a set of realistic MRIs created using an 
MRI simulator (Wang et al., 2008). In this subsection, 
T1-weighted brain MR images with a slice thickness 
of 1 mm and a volume size of 217×181×181 are em-
ployed to investigate the proposed method. These 
images are obtained from the Brainweb Simulated 
Brain Database at the McConnell Brain Imaging 
 

 
 
 
 
 
 
 

Centre of the Montreal Neurological Institute (MNI), 
McGill University. 

Fig. 4a shows a slice of the simulated 3D volume 
of an MRI with 9% Rician noise and 40% INU 
(slice=96). The ground truth of this image is shown in 
Fig. 4b. Segmentation results of FCM, BCFCM, and 
LNLFCM are shown in Figs. 4c, 4d, and 4e, respec-
tively. The result of the proposed method is shown in 
Fig. 4f. 

As shown in Figs. 4c and 4d, the standard FCM 
and BCFCM are extremely influenced by the artifacts. 
On the other hand, the comparison of results shown in 
Figs. 4b and 4e shows that the GM diameter is greater 
than the ground truth for the LNLFCM approach. 
However, FCMDS can generally reduce the effects of 
the image noise and INU. Dice similarity and Accu-
racy indices of Fig. 4 are shown in Table 1. 

According to Table 1 and Fig. 4, FCMDS per-
forms well when compared to the other methods. 
Note that to evaluate the effectiveness of a segmen-
tation method in each tissue, the key quantitative  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4  Comparison of the segmentation results on a simu-
lated brain MR image  

(a) Original image with 9% noise and 40% INU (slice=96); (b) 
Ground truth; (c) FCM segmentation result; (d) BCFCM
segmentation result; (e) LNLFCM segmentation result; (f) 
FCMDS segmentation result 

(a) (b) (c)

(d) (e) (f)

Table 1  Dice and Accuracy for different methods in Fig. 4 

Dice Accuracy 
Method 

CSF GM WM CSF GM WM 
FCM 0.897 0.826 0.897 0.967 0.871 0.904 
BCFCM 0.777 0.724 0.918 0.918 0.833 0.915 
LNLFCM 0.890 0.882 0.932 0.968 0.911 0.935 
FCMDS 0.932 0.890 0.936 0.979 0.918 0.938 

CSF: cerebro-spinal fluid; GM: gray matter; WM: white matter 
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criteria should be considered in conjunction with the 
associated image. We further analyze the performance 
of the proposed algorithm for different artifacts. Figs. 
5a, 5g, and 5m are simulated MR images without INU 
and with noise levels 7%, 5%, and 3%, respectively. 
Figs. 5b, 5h, and 5n show the ground truths of the 
corresponding noisy images. Our algorithm results 
are shown in Figs. 5f, 5l, and 5r. 

Fig. 5 shows clearly that FCMDS performs bet-
ter than the other methods. In general, the images 
taken near the base of the brain (Fig. 5a) and near the 
top of the skull (Fig. 5m) are more difficult to seg-
ment (Wang et al., 2008). Figs. 5f and 5r show that we 
can achieve good results using FCMDS.  

Table 2 gives the mean Dice and Accuracy in-
dices of Fig. 5. According to Table 2, FCM performs 
better than FCMDS when the noise levels are low  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

(slice=130 and 3% noise), but when the noise level 
increases, FCM is inferior to FCMDS. In other words, 
FCMDS is more robust. To further investigate the 
robustness of the method, we implemented FCM and 
FCMDS in the 3D space and applied these methods 
on the simulated MRI with various noise levels and 
20% non-uniformity. Table 3 shows the segmentation 
results for each tissue separately. 

According to Table 3, we can see that FCMDS 
produces more accurate segmentation than FCM. The 
mean and variance of the results show that FCMDS is 
very robust when dealing with artifacts. 

In the final evaluation using the Brainweb data-
set, Table 4 shows the comparison of our method with 
SPM5, FAST, LOCUS-T, and FBM-T over eight 
experiments for different noise levels (3%, 5%, 7%, 
9%) and non-uniformities (20%, 40%). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 2  Mean Dice and mean Accuracy for different methods in Fig. 5 

Mean Dice Mean Accuracy 
Method 

Slice=30 Slice=70 Slice=130 Slice=30 Slice=70 Slice=130 

FCM 0.838 0.933 0.965 0.897 0.952 0.976 

BCFCM 0.550 0.834 0.532 0.794 0.889 0.791 

LNLFCM 0.901 0.904 0.900 0.942 0.953 0.932 

FCMDS 0.907 0.936 0.952 0.943 0.979 0.967 

 

Fig. 5  Comparison of the segmentation results on a simulated brain MR image 
(a, g, m) Original images with 7%, 5%, and 3% noises (slice=30, 70, 130, respectively); (b, h, n) Ground truth; (c, i, o) FCM 
segmentation result; (d, j p) BCFCM segmentation result; (e, k, q) LNLFCM segmentation result; (f, l, r) FCMDS segmentation 
result 

(a) (c) (d) (e) (f) 

(g) (h) (i) (j) (k) (l) 

(m) (n) (o) (p) (q) (r) 

(b) 
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Table 4  Mean Dice similarity index of different 
methods for different values of noise (3%, 5%, 7%, 
9%) and non-uniformity (20%, 40%) 

Mean Dice 
Method 

WM GM CSF 
Ave. Var. 

SPM5 0.936 0.916 0.799 0.884 0.0055

FAST 0.937 0.918 0.798 0.884 0.0057

LOCUS-T 0.904 0.892 0.795 0.864 0.0036

FBM-T 0.941 0.913 0.796 0.883 0.0059

FCMDS 0.927 0.911 0.920 0.919 0.0001

CSF: cerebro-spinal fluid; GM: gray matter; WM: white matter 

 
As seen in Table 4, FCMDS has results compa-

rable to those obtained using SPM5, FAST, LOCUS- 
T, and FBM-T for both WM and GM tissues, but it is 
better able to identify the CSF tissue. This CSF tissue 
identification leads to an improved average (Ave.) 
and variance (Var.) for FCMDS. This comparison 
demonstrates the high performance and robustness of 
the proposed method. 

5.3  Real brain MRI 

The proposed algorithm was also evaluated us-
ing real MR images. The 20 normal MR brain data 
sets and their manual segmentations were provided by 
the Center for Morphometric Analysis at Massachu-
setts General Hospital and are available at http:// 
www.cma.mgh.harvard.edu/ibsr. 

Figs. 6a and 6b show a real T1-weighted normal 
MR image (IBSR 205_3) and its manually segmented 
images as provided by the Web, respectively. Fig. 6c 
shows the output of our proposed algorithm, which 
leads to satisfactory results. The Dice similarities of 
WM and GM of each image slice are shown in Fig. 7. 

The mean Dice similarity values for WM and 
GM achieved by our proposed algorithm in this 
volume were 0.743 and 0.853, respectively. 

 
 
 
 
 

 
 
 

 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
FCMDS was implemented for 10 of the 20 

available datasets and the corresponding Dice simi-
larity values are given in Table 5. We also give the 
results obtained using the CSWTSOM approach 
(Demirhan and Güler, 2011). Demirhan and Güler 
(2011) applied CSWTSOM to 10 out of 20 available 
data sets and therefore we used the same 10 data sets 
for comparison. 

According to Table 5, FCMDS produces ac-
ceptable results for 3D MRI datasets and performs 
better than CSWTSOM with respect to WM and GM 
identification. 

As a final evaluation, FCMDS was applied to all 
the 20 normal MR brain data sets from IBSR, and the 
Dice similarities were compared with those obtained 

Fig. 7  Dice similarity index of each slice in real brain MRI

D
ic

e 
in

de
x

Table 3  Comparison of Dice and Accuracy of FCM and FCMDS applied on 3D MRI 

Dice similarity Accuracy 
WM GM CSF WM GM CSF Noise 

FCM FCMDS FCM FCMDS FCM FCMDS FCM FCMDS FCM FCMDS FCM FCMDS
1%  0.977 0.950 0.970 0.941 0.973 0.952 0.991 0.981 0.972 0.947 0.981 0.965 
3% 0.966 0.948 0.949 0.935 0.953 0.946 0.987 0.981 0.954 0.942 0.967 0.961 
5% 0.950 0.944 0.912 0.926 0.922 0.937 0.981 0.980 0.925 0.933 0.944 0.954 
7% 0.928 0.937 0.869 0.911 0.878 0.922 0.972 0.976 0.883 0.920 0.911 0.944 
9% 0.898 0.929 0.822 0.898 0.836 0.911 0.960 0.973 0.842 0.901 0.881 0.935 

Ave. 0.944 0.942 0.904 0.922 0.912 0.934 0.978 0.978 0.915 0.929 0.937 0.952 
Var. 0.0010 0.0001 0.0036 0.0003 0.0031 0.0003 0.0001 0.0000 0.0028 0.0003 0.0017 0.0002

CSF: cerebro-spinal fluid; GM: gray matter; WM: white matter 

(a) (b) (c)

Fig. 6  T1-weighted real brain MRI from IBSR (slice=25)
(a) Original MR image; (b) Manual segmentation result; (c) 
FCMDS segmentation result 
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from the application of the SPM5 and FAST methods 
(Table 6). 

 
Table 5  Comparison of the Dice index of CSWTSOM 
and FCMDS for 3D real brain MRI 

Dice 

WM GM Dataset 

CSWTSOM FCMDS CSWTSOM FCMDS

2_4 0.46 0.60 0.62 0.69 

5_8 0.72 0.67 0.82 0.77 

7_8 0.52 0.73 0.70 0.84 

11_3 0.77 0.76 0.82 0.85 

13_3  0.75 0.75 0.83 0.85 

16_3 0.71 0.67 0.82 0.76 

100_23 0.74 0.76 0.84 0.86 

111_2 0.79 0.79 0.81 0.84 

191_3 0.75 0.86 0.80 0.85 

205_3 0.78 0.74 0.83 0.85 

Ave. 0.70 0.73 0.79 0.82 

Var. 0.0129 0.0028 0.0051 0.0029

GM: gray matter; WM: white matter 

 
Table 6  Average Dice similarity of all the 20 normal 
brain data sets for SPM5, FAST, and FCMDS  

Method Average Dice similarity* Var. 

SPM5 0.790 0.0050 

FAST 0.756 0.1300 

FCMDS 0.783 0.0029 
* For the whole brain 

 
Given the average Dice similarity index and 

variance shown in Table 6, FCMDS clearly performs 
better than FAST and is comparable to SPM5, al-
though FCMDS has a lower variance. 

 
 

6  Conclusions 
 
In this paper a novel algorithm is proposed for 

brain MRI segmentation based on fuzzy c-mean and 
Dempster-Shafer evidence theory. In the proposed 
method, FCMDS, pixel intensity and spatial infor-
mation are used as features. In the proposed formula-
tion the uncertainty from the FCM results is mapped 
to the mutual belief structures in which the generated 
uncertainty is controlled using Dempster’s rules of 
combination. No-, semi-, and perfect-uncertainty are 
three situations considered for managing uncertainty. 
Uncertainty decrement is discussed for the three- 

element problem. The salient aspect of this work is 
the interpretation of each FCM output to determine 
the belief structures with particular focal elements, 
which leads to our improved results. To verify the 
practical applicability of such a technique, simulations 
were performed using both simulated and real data-
sets. Comparisons of the proposed method to different 
algorithms show that our method offers a consider-
able improvement in brain MRI segmentation. 
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