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Abstract— This study proposed automatic segmentation of brain lesions based on the integration of fuzzy C-means (FCM) with 
correlation template and active contour for diffusion-weighted imaging (DWI). Due to noises and intensity inhomogeneity, FCM 
fails in producing accurate results. Correlation template and active contour can be applied to increase the accuracy. The brain 
lesions studied are acute stroke and solid tumour for hyperintense lesions, and necrosis and chronic stroke for hypointense lesions. 
The proposed analysis framework has been validated by using Jaccard’s area overlap (AO), Dice index, false negative rate (FNR) 
and false positive rate (FPR). FCM with correlation template provides more accurate results compared to FCM with active 
contour because it can separate cerebral spinal fluid (CSF) and hypointense lesions that share similar range of intensity. The 
results are 0.547, 0.258, 0.192 and 0.687 for Jaccard, FPR, FNR and Dice indices. The proposed technique can be used to segment 
brain lesions precisely for DWI images. 
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I. INTRODUCTION  

Brain is soft, delicate, non-replaceable and spongy mass 
of tissue. It consists of grey and white matters tissues 
(GM/WM) and cerebral spinal fluid (CSF) in its cavity and it 
also can be affected by brain diseases or lesions [1-3]. 
Tumour is defined as the abnormal growth of the tissues, 
where it can be benign or malignant [4]. Stroke occurs when 
blood vessels bringing oxygen and nutrient to the brain burst 
or clogged by a blood clot or any other particles. 
Furthermore, necrosis may occur due to the disruption of 
cells. Cancer becomes a critical health problem by increasing 
age population. Cancer is the first reason of death based on 
World Cancer Research Fund [5].  

Diffusion-weighted imaging (DWI) remains the most 
accurate technique for the diagnosis of neurovascular 
imaging. This imaging technique provides higher lesion 
contrast for acute stroke detection compared to other 
magnetic resonance imaging (MRI) sequences [6]. DWI also 
provides additional information for other cerebral diseases 
such as tumors and neoplasms, infections and others. 
Furthermore, according to conventional MRI, abscess and 
infections are usually hypointensity on T1-weighted and 
hyperintensity on T2-weighted images which are overlapped 
with solid tumor appearances on the respective sequences. 
Even so, the diagnosis of brain lesions is very challenging 
and can only be performed by professional neuroradiologists. 

Manual segmentation of different tissues is very time-
consuming compared to computerized techniques. However, 
automatic segmentation is still a difficult problem in majority 
of application due to the presence of noise and intensity 
inhomogeneity.  

Fuzzy C-Means (FCM) is a popular technique proposed 
by many researches for segmentation of medical images [7]. 
However, FCM technique fails in producing accurate results 
due to the noises and intensity inhomogeneity. Although the 
original FCM algorithm provides good results for 
segmenting noise free images, it fails to segment images that 
are corrupted by noise, outliners and other imaging artifacts 
[8]. The FCM algorithm was modified to improve the 
partition of the meaningful regions [9, 10]. Xue proposed an 
algorithm where by using standard FCM, they firstly de-
noise images and classify the pixels. It can reduce the noises 
to a certain extent, but it increased computational time and 
complexity [11].  

The purpose of this study is to develop an automatic 
method to detect and segment the brain lesions from DWI 
images. The proposed analysis framework is based on FCM 
segmentation technique. Correlation template and active 
contour are integrated in the analysis framework to improve 
the lesion’s segmentation and increase its accuracy. Finally, 
the performances of the techniques are evaluated based on 
Dice, Jaccard’s area overlap (AO), false positive (over-
segmentation) and false negative (under-segmentation) rates. 
There are four types of lesions that are analyzed through this 
paper. They are acute stroke, solid tumor, chronic stroke and 
necrosis. The images are shown in Figure 1. 

 



AYUNI FATEEHA MUDA et al: AUTOMATIC BRAIN LESIONS SEGMENTATION USING FUZZY C-MEANS . . . 

DOI 10.5013/IJSSST.a.17.34.03                                    3.2                            ISSN: 1473-804x online, 1473-8031 print 

     

a)Normal b) Acute stroke c) Tumor 

   

 

d) Chronic stroke e) Necrosis  

Figure 1: DWI with brain lesion shown by a circle 

 

II. METHODOLOGY 

A. Proposed Analysis Framework 

Various algorithms are applied for the pre-processing 
stage, such as normalization, enhancement and background 
removal [12]. After that, FCM is applied for image 
segmentation stage in order to extract the region of interest 
(ROI). Then, correlation template and active contour are 
implemented to segment the lesions. After certain 
morphological operation process [13], the performance 
evaluation is finally evaluated to examine their 
performances. Figure 2 shows the analysis framework for 
the proposed methodology. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Proposed analysis framework 

B. Imaging Parameter 

The DWI images are collected from General Hospital of 
Kuala Lumpur using 1.5T MRI scanners Siemens 
Magnetom Avanto. The diffusion-weighted parameters 

obtained from this scanner are time echo (TE), 94ms; time 
repetition (TR), 3200ms; pixel resolutions, 256x256; slice 
thickness, 5mm; gap between each slice, 6.5 mm; of 
diffusion weighting known as b value, 1000s/mm2 and total 
number of slices, 19. The data is encoded in 12-bit DICOM 
(Digital Imaging and Communication in Medicine) format. 
The evaluation of the performance is based on Jaccard’s 
area overlap (AO), false negative rate (FNR), false positive 
rate (FPR) and Dice index [14]. The dataset consists of 30 
acute infarctions, 15 tumors, which are hyperintense lesions; 
20 chronic strokes and 10 necrosis, which are hypointense 
lesions. Overall, 75 images from different slices are used in 
this analysis. Table I shows the summary of dataset for 
verification of the analysis. 

TABLE I.  SUMMARY OF DATASET FOR SEGMENTATION 

 
No. of 

patients 
No. of 

segmented 
images 

Acute stroke 14 30 

Solid tumor 5 15 
Chronic stroke 12 20 

Necrosis 4 10 
Total 35 75 

C. Pre-Processing Stage 

Figure 3 (a)-(c) are the images of pre-processing stage. 
The images need to undergo pre-processing to acquire better 
segmentation [12]. The image is converted into a desired 
form in which the intensity is adjusted and the noise is 
removed. At this stage, the algorithm is applied to the DWI 
image for intensity normalization, background removal and 
intensity enhancement. Figure 3(a) shows the original 
normalized image and its histogram. In Figure 3(b), all 
background pixels are removed so that the image histogram 
had been improved. The maximum peak for image 
normalization is at 0.1. Figure 3(c) shows the image and 
histogram after applying gamma-law transformation. The 
peak is located at 0.39. 

 

(a) Normalized image and its histogram, X-axis magnified 6x  
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(b) Background removal image and its histogram  
 

 
 

 (c) Enhanced image and its histogram 

Figure 3: Pre-processing stage 

 

D. Fuzzy C-Means 

Bezdek (1984) was the first that was introduced FCM 
method in the image segmentation [15]. This algorithm 
works by assigning membership to each data point 
corresponding to each cluster center on the basis of distance 
between the cluster and the data point. More the data is near 
to the cluster center more is its membership towards the 
particular cluster center. Summation of the membership of 
each data point should be equal to one.  

The algorithm is based on minimization of the 
following objective function, J: 
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where m is the fuzziness component, N is the number of 
data, C is the number of clusters, U is the degree of 
membership of xi in the cluster j, xi is the ith of d-
dimensional measured data, cj is the d-dimension center of 
the cluster, and ||*|| is any norm expressing the similarity 
between any measured data and center. 

Fuzzy partition carried out through an iterative 
optimization of the objective function, with the membership 
U and the cluster center cj by: 
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where ji cx  is the distance from point i to current cluster 

center j, ki cx  is the distance from point i to the cluster 

center point k. The center vector, Cj, for j=1,2,…,n is 
calculated using the equation: 
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The iteration will stop when: 
 

   ||max 1 k
ij

k
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where   is a termination criterion between 0 and 1, whereas 

k is the iteration step. This procedure converges to a local 
minimum or a saddle point, Jm. At each iteration, the 
algorithm can be terminated in two steps which are the first 
step includes computing the fuzzy membership function. 
Secondly, the algorithm calculates the values of cluster 
centers. The cluster centers are initialized to random values 
ranged between maximum and minimum intensity level 
since the unknown variables regarding the cluster centers 
and fuzzy membership arrays cannot be computed directly. 
To estimate cluster centers and fuzzy membership values in 
the desired accuracy, the algorithm exploits its iterative. 
When the difference between two clusters at two successive 
iterations is less than a small value of ε, the stopping 
criterion for an algorithm is met. Figure 4 depicts the 
flowchart of the FCM segmentation. The algorithm consists 
of the steps, as shown in the flowchart. 
 

Peak at 
0.39 

Peak at 
0.1 
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Figure 4: Flowchart for FCM algorithm 

 

E. Correlation Template 

In hypointense lesions, the lesion and CSF shares similar 
range of intensity. Therefore, FCM cannot differentiate 
between these clusters and unable to segment the lesion 
precisely. One of the solutions is by using correlation 
template to remove the CSF area [16]. Correlation quantifies 
the extent to which two quantitative variables, X and Y, 
relates with each other. When high values of X are associated 
with high values of Y, positive correlation existed while 
higher values of X are associated with low values of Y, the 
negative correlation exists.  

Three different sums of square (SS) are required to 
estimate a correlation coefficient which is the sums of 
squares for variable X, the amount of square variable Y and 
the sum of square variable of XY. The total of squares for 
variable X is: 

2)(  xxSS ixx                                   (5) 
 

The sum of squares for variable Y is: 
2)(  yySS iyy         (6) 

 
The sum of the cross-product SSXY  is: 
 

          ))((  yyxxSS iixy         (7) 

 

Therefore. The correlation coefficient (r) is:  
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The sign of the correlation identifies whether the 

correlation is positive or negative. The firm of the correlation 
is known based on the magnitude of the correlation 
coefficient. Table II shows the guidelines for describing the 
correlational strength for the correlation coefficient. 

TABLE II.  GUIDELINES FOR DESCRIBING CORRELATION 
STRENGTH 

0 < |r| < 0.3 Weak correlation
0.3 < |r| < 0.7 Moderate 

correlation
|r| > 0.7 Strong correlation

 
The images for correlation template are shown in Figure 

5. There are 17 clinical samples gathered for the template. 
One of the image will be chosen when the value of r is the 
highest to remove the CSF area.  

 

 
Figure 5: Normal images for correlation template 

The equation that is used for template matching is: 
 

),(),( 21 yxPyxPX                             (9) 

where ),(1 yxP is the test image  and ),(2 yxP is the template 

image. 
 

F. Active Contour 

Active contour has become popular for many 
applications in the past few years and it also had been 
applied for various applications in medical imaging. This 
method is according to the utilization of deformable 
contours that conform to various object shapes and motions 
[17]. Image can be divided into two regions, object region 
and background region. The regions can be represented as 
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the inside and outside regions the zero level set. Level set 
framework take two sign positive and negative to divide 
image domain. The image domain is separated into two 
disjoint region Ω1 and Ω2. Local intensity clustering 
property means that the intensities in the neighborhood 0y 

can be divided into N clusters, with center Ci, i= 1,2,…,N 
[18]. It can be written as:  
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where ci the cluster in the center of the ith  cluster is, mi is the 
membership function of the region, where mi (x) = 1 for 

ix   and mi (x) = 0 for ix   [18]. The corresponding 

equation can be written as:  
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where the position of active contour is describe 
parametrically by )](),([)( sysxsv  , Eint represents internal 

potential energy of the contour, Eext is the energy that 
models external constraints imposed onto the contour shape. 
G y‐x  is the Gaussian kernel applied as window function 
showed as: 
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where a 	is a constant, d is a distance between x and y 
points.  is a standard deviation or scale parameter of 
Gaussian function, and   is a radius of neighboring pixels. 

The radius of the neighborhood should be chosen 
appropriately based on the degree of intensity 
inhomogeneity. 

The next step is contour construction to define initial 
shape around the object that will serve as an initialization 
set up. Last but not least, the greedy method is applied to 
simplify the implementation of the minimization of energy 
without having to perform an optimization algorithm 
method like gradient descent. The function of this method is 
finding for each point of the contour the closest local energy 
minimizing neighbor will converge to the overall global 
minimum of the contour.  The method using 2 equations 
which are: 

2/)()()()(
22

int sVssVsE ssss           (13) 

 
where (s) adjusts the elasticity of the active contour and 
(s) adjusts the stiffness of the active contour. 

dssIGE
B

A
next ))(()*(

2          (14) 

 

where  is a real weighting value which for obvious reason 
would be positive, nG  is a Gaussian weighted kernel of 

dimension n, I represents the input image,   is the spatial 
gradient function and )(s  is the contour function. 

III. RESULTS 

A. Fuzzy C-Means 

The data is divided into 3 clusters which are low, medium 
and high cluster, as shown in Figure 6. Then, the algorithm 
will find the center of each cluster. After that, the point is 
chosen between the middle of the center medium and the 
center high cluster. 

 
Figure 6: FCM Histogram 

 
The iteration is calculated until its values stay the same. 

Then, the iteration will stop. 
 
 

 
Figure 7: Objective function values 
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B. Correlation Template and Active Contour 

The segmentation results for hyperintense lesions are 
shown in Figure 8. The manual reference segmentations are 
obtained from [14]. From the figure, FCM can accurately 
segment the hyperintense lesions in DWI space. Figure 9 
shows the results for hypointense lesions. From the figure, 
both active contour and correlation template can be used to 
separate the hypointense lesions with CSF. In cases where 
the lesions are connected with the CSF area, then active 
contour failed (Figure 9(b)). This problem can be solved by 
using correlation template method (Figure 9(c)).  

 
 DWI Manual reference Results

(a) 

   
    

(b) 

  
Figure 8: Results for hyperintense lesions 

 
 DWI Manual reference Results

(a) 

   
    

(b) 

  
    

(c) 

   
Figure 8: Results for hypointense lesions. (b) FCM integrated with 
active contour, (c) FCM integrated with correlation template 

 
Table III shows the performance evaluation between 

FCM with correlation template and active contour. The 
performance is evaluated based on Jaccard’s area overlap 
(AO), false positive rate (FPR) and false negative rate 
(FNR). High AO, low FPR and FNR show low error, i.e. 
high accuracy of the measurement. The results show that the 
correlation template technique offers higher performances 

for chronic stroke and necrosis according to the high AO 
and the FPR and FNR. Table IV portrays the results 
between FCM with correlation template and active contour.  
By comparing the overall performance of correlation 
template with active contour, it can be seen that correlation 
template provides higher performances based on high value 
of the AO and dice and low value of FPR and FNR. 
Therefore, the proposed method can fully segment the 
lesions of DWI.  

 

TABLE III.  PERFORMANCE EVALUATION FOR EACH LESIONS: 
COMPARISON BETWEEN THE FUZZY C-MEANS (FCM) WITH CORRELATION 
TEMPLATE AND ACTIVE CONTOUR TECHNIQUES 

Index 
Area overlap 

(AO) 
False positive 

rate (FPR) 
False negative 

rate (FNR) 
Technique Correlation 

template 
Active 
contour 

Correlation 
template 

Active 
contour 

Correlation 
template 

Active 
contour 

Acute 
stroke 0.745 0.745 0.049 0.049 0.205 0.205 

Tumor 0.491 0.491 0.295 0.295 0.214 0.214 

Chronic 
stroke 0.484 0.414 0.357 0.299 0.157 0.287 

Necrosis 0.469 0.370 0.329 0.309 0.190 0.098 

 

TABLE IV.  COMPARISON BETWEEN THE FUZZY C-MEANS (FCM) 
WITH CORRELATION TEMPLATE AND ACTIVE CONTOUR TECHNIQUES 

 
Jaccard 

False Positive 
rate (over-

segmentation) 

False Negative 
rate (under-

segmentation) 

 
 

Dice 

FCM with 
template 
matching 

 
0.547 

 
0.258 

 
0.192 

 
0.687 

FCM with 
active contour 

0.499 0.234 0.198 0.648 

 

IV. CONCLUSION 

In this study, FCM has been modified with correlation 
template and active contour to segment brain lesions in DWI. 
Their performances have also been verified. FCM with 
correlation template provides more accurate segmentation 
results compared to active contour. Furthermore, FCM with 
active contour failed to segment hypointense lesion if the 
lesion is connected with CSF. FCM with correlation template 
can separate hypointense lesion and CSF. This technique can 
segment the lesions more precisely compare to active 
contour. 
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