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ABSTRACT 

In anatomical aspects, magnetic resonance (MR) imaging offers 

more accurate information for medical examination than other 

medical images such as X-ray, ultrasonic and CT images. Tumor 

segmentation from MRI data is an important but time consuming 

task performed manually by medical experts. Automating this 

process is challenging due to the high diversity in appearance of 

tumor tissue, among different patients and, in many cases, 

similarity between tumor and normal tissue. One of the reasons 

behind the inferior segmentation efficiency is the presence of 

artifacts in the MR images. One such artifact is the extracranial 

tissues (skull). These extracranial tissues often interfere with the 

normal tissues during segmentation that accounts for the inferior 

segmentation efficiency. In this paper, an automated 

segmentation and lesion detection algorithm for high 

segmentation efficiency is proposed for abnormal MR brain 

images. The proposed segmentation algorithm consists of three 

steps. In the first step, extracranial tissues are removed using 

morphological operations. In the second step, fuzzy C-means 

algorithm is used to segment the MR brain images into four 

groups: white matter, gray matter, cerebrospinal fluid and the 

abnormal tumor region. Finally, pseudo-colouring operation is 

performed on the segmented image to detect the abnormal tumor 

region. The proposed method has been applied to abnormal 

images from four different types namely metastase, meningima, 

glioma and astrocytoma.the superior nature of the proposed 

approach is justified by performing a comparative analysis on 

skull stripped images and non-skull stripped images. 

Experimental results suggest that the proposed approach 

provides an effective and promising method for brain tumor 

extraction from MR images with high accuracy. 
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1. INTRODUCTION 
Radiation oncologists, radiologists, and other medical experts 

spend a substantial portion of their time in segmenting medical 

images. Accurately labeling brain tumors and associated edema 

in MRI (Magnetic Resonance Images) [1] is a particularly time-

consuming task, and considerable variation is observed between 

labelers. Subsequently, over the last 15 years, a large amount of 

research has been focused on semi-automatic and fully automatic 

methods for detecting and/or segmenting brain tumors from MRI 

scans.  
Brain segmentation methods can be broadly categorized as 

manual methods and computer-aided semi automated or 

automated methods [2,3]. In recent years, computer-aided 

segmentation methods have been developed at a rapid pace to 

overcome the disadvantages of the manual segmentation 

methods. These methods are more automatic, objective and the 

results are highly reproducible [4]. Various computational 

algorithms, ranging from semi automated (requiring user 

interactions) to fully automated have been developed [5, 6]. An 

important application of segmenting the tumor region is in 

tracking the size of the brain tumor as it responds to treatment 

[7]. Therefore an automatic and reliable method for segmenting 

tumor would be a useful tool [8].  
The tumors vary greatly in size and position, have a variety of 

shape and appearance properties, have intensities overlapping 

with normal brain tissue, and often an expanding tumor can 

detect and deform nearby structures in the brain giving an 

abnormal geometry also for healthy tissue. Therefore, in general 

it is difficult to segment a tumor by simple unsupervised 

thresholding [9]. Other more successful approaches consider 

texture information [10, 11]. Different machine learning (ML) 

segmentation techniques have been investigated: Neural 

Networks [11], SVMs (Support Vector Machines) [12, 13], 

MRFs (Markov Random Fields) [14, 15], and recently CRFs 

(Conditional Random Fields) [16]. But, as previously mentioned, 

statistical techniques may not allow differentiation between non-

enhancing tumor and normal tissue due to overlapping intensity 

distributions of healthy tissue with tumor and surrounding edema 

[17]. Others have introduced knowledge-based techniques to 

make more intelligent and segmentation decisions, such as in 

[18].  
In this paper, multi-spectral analysis in the form of unsupervised 

clustering is performed on abnormal MR brain tumor images. 

Initially, the extracranial tissues are removed from the images. 

An orderly usage of various morphological operations has 

removed the extra cranial tissue to a greater extent. In the second 

step, image segmentation is performed using fuzzy C-means 

algorithm. A pseudo-colouring operation is performed on these 

images to detect the lesion region. Different colours have been 

assigned to different regions namely white matter, gray matter, 

cerebrospinal fluid and the abnormal tumor region. The 

segmentation efficiency of the proposed approach is calculated by 

comparing the results with the ground truth images.  FCM based 

segmentation is also performed on images with extracranial 

tissues. A comparative analysis in terms of segmentation 

efficiency clearly reveals the necessity for skull tissue removal in 

brain image segmentation. 
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2. PROPOSED METHODOLOGY 
The proposed methodology of segmenting brain tumor of 

abnormal brain using the fuzzy C-means algorithm is shown in 

Figure 1. 

 
MRI Extracranial Fuzzy C- 

database tissue means 

 removal segmentation 
 
 
 

 
Segmented Pseudo-  

     images colouring 
 

 
Figure 1. Proposed Methodology 

 

In this work, real time abnormal MR brain images collected from 

scan centre are used. As a pre-processing step, the extracranial 

skull tissues surrounding the soft brain tissues are removed using 

the morphological operations. The connected component analysis 

combined with erosion operation removes the extracranial tissues 

to a greater extent. The MR images are then segmented into 

different clusters using the fuzzy c-means algorithm. An optimum 

number of clusters are chosen to avoid over-segmentation. In this 

work, the images are clustered into four groups. Different colours 

have been assigned to different regions to distinguish their 

characteristics. The abnormal region is labeled with a different 

colour to distinguish from other normal brain tissues. The 

number of colours depends on the number of clusters used. 

Finally an extensive comparative analysis is performed between 

the images with extracranial tissues and without extracranial 

tissues in terms of segmentation efficiency. 

 

3. MRI  DATABASE 
A set of MR brain tumor images comprising of the four tumor 

types namely meningioma, astrocytoma, glioma and metastase 

are collected from radiologists. The images used are 256*256 

gray level images with intensity value ranges from (0 to 255). 

Initially, these MRI images are normalized to gray level values 

from (0 to 1) and the features are extracted from the normalized 

images. Since normalization reduces the dynamic range of the 

intensity values, feature extraction is made much simpler. Some 

samples of the MRI database have been displayed in Figure 2.  
( 
 
 
 
 
 
 
 
 
      (a)                  (b)                (c)            (d) 

 

Figure 2. Sample data set: (a)Metastase (b)Glioma 

(c)Astrocytoma (d) Meningioma 

 

4. EXTRACRANIAL TISSUE REMOVAL  
The various steps involved in the removal of extracranial tissues 

are based on morphological operations.  

 

4.1 Morphology  
Morphology is a tool for extracting image components that are 

useful in representation and description of images [19]. The 

objects in an image are represented by sets in the morphology 

theory. For binary images each element of the set is a 2-D vector, 

corresponding to the (x, y) coordinates of a black (or white 

depending on the object) pixel. It can be defined as a broad set of 

binary image operations that process images based on shapes. 

Morphological operations apply a structuring element to input 

image, creating an output image of the same size. The 

morphological operations used are dilation, erosion, opening. 

closing, etc. 

 

4.2 Sequence of Extracranial Tissue Removal 
The various steps followed in the extracranial tissue extraction 

are shown in Figure 3. 

 
                       Read the given input image 
 
 

 

         

             Create the mask pattern 
 
 

 

           Convert the image to 

binary image 
 
 

 

            Mask the input image 
 
 

 

          Display the output image 
 

 
Figure 3. Sequence of extracranial tissue removal 

 

4.3 Algorithm  
 Step 1 : Generation of mask  
The first step after reading the image is the generation of a mask. 

Two basic morphological operations namely erosion and filling 

are used in this work to generate the mask. 

a) Erosion:  
The main function of this operation is to remove the pixels on 

object boundaries. The rule given below defines the operation of 

the erosion operation.  
“If every pixel in the input pixel's neighborhood is on, the output 

pixel is on. Otherwise, the output pixel is off”.  
Erosion operation uses a specified neighborhood [20]. The 



©2010 International Journal of Computer Applications (0975 - 8887) 

Volume 1 – No. 29 

66 

 

neighborhood for an erosion operation can be of arbitrary shape 

and size. The neighborhood is represented by a structuring 

element, which is a matrix consisting of only 0's and 1's.the 

shape of the structuring element used in this work is “ball” and 

the size of the structuring element is 5-by-5.next, a suitable 

threshold is selected and the pixels above the threshold value are 

made equal to 255 and the pixels below the threshold value are 

made equal to 0. 

b) Connected component analysis:  
A process that "fills" a region of interest by interpolating the 

pixel values from the borders of the region. This process can be 

used to make objects in an image seem to disappear as they are 

replaced with values that blend in with the background area [21]. 

This function is useful for removal of extraneous details or 

artifacts. The resultant image after these two operations yield the 

mask for the corresponding input image has been generated. 

  
Step 2 : Conversion to binary image  
The generated mask is a gray level image. For further analysis, 

the mask is converted into a binary image.  
 

Step3 : Masking  
The original input image is masked with the binary mask. The 

masking is achieved by performing a multiplying operation 

between the original image and the mask. The resultant image is 

free from the extracranial tissues, which is evident from the 

output images. 

 

5. FUZZY SEGMENTATION 
Fuzzy c-means (FCM) is a method of clustering which allows 

one pixel to belong to two or more clusters [22]. The FCM 

algorithm attempts to partition a finite collection of pixels into a 

collection of “C” fuzzy clusters with respect to some given 

criterion. Depending on the data and the application, different 

types of similarity measures may be used to identify classes. 

Some examples of values that can be used as similarity measures 

include distance, connectivity, and intensity. In this work, the 

skull-stripped images are segmented into four clusters namely 

white matter, grey matter, CSF and the abnormal tumor region 

based on their intensity values. 

 

5.1 Algorithm 
Fuzzy c-means algorithm is based on minimization of the 

following objective function: 
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uij is between 0 and 1; 

ci is the centroid of cluster i; 

dij is the Euclidian distance between ith centroid (ci) and jth data 

point. 

m є [1,∞] is a weighting exponent.  

 

Step 1 

Fuzzy partitioning of the known data sample is carried out 

through an iterative optimization of the objective function shown 

in eqn (16), with the update of membership iju  and the cluster 

centers ic  by: 
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Step 2: 
At kth number of iteration: 

Calculate the center vectors  ci   with  uij 
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Step 3: 
Update the membership matrix U for the kth step and (k+1)th 
step. 
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Step 4:    

If || U (k+1) - U (k) ||<   then STOP; otherwise return 
to step 2. 
    

The threshold value  used in this work is 0.01. This algorithm 

segments the image into four different regions with the cluster 

centers and the membership values of each pixel. 

 

6. PSEUDO-COLOURING 
Pseudo-colouring does form an integral part of image 

enhancement. As can be seen, hidden features become easily 

distinguishable after pseudo-colouring. It involves the 

assignment of colours to a range of greyscales. It is in ones best 

interest to manipulate these colours to be of varying shades and 

tones so as to bring out the appropriate detail in images. it is also 

a method of region labeling in which different colours depicts the 

four different regions. In this work,four different colours are 

assigned to the four clusters in order to have a clear 

differentiation between the four regions. 

 

7. IMPLEMENTATION 
The MR slices were acquired on a 0.2 Tesla, Siemens – 

magnetom CONCERTO MR Scanner (Siemens, AG Medical 

Solutions, Erlangen, Germany) from Devaki MRI and CT scans 

Madurai, INDIA. The scan image was taken with axial, 2D, 

5mm thick slice, with a slice gap of 2mm, with 246*512 

acquisition matrix and with the field of view of 250mm.The T2 
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(TR/TE of 4400/ 118ms) and T2-FLAIR (TR/TE of 6160/89ms) 

weighted images were collected using Turbo Spin Echo (TSE) 

sequences. In this study, 374 abnormal images from four 

different classes are used. The data set used for this 

segmentation problem is as shown in Table 1. 

 

 

 
Table 1. Data set for brain tumor segmentation 

 

       Tumor type 

Number of 

images/class  

  

Meningioma 102  

Astrocytoma 82  

Metastase 96  

Glioma 94  

Total 374  

abnormal   

images    
 
Parameters used: 
In skull removal, “ball” structuring element is used along with 

the erosion operation. The threshold value ranges from 40 to 80.  
In fuzzy segmentation, the images are segmented into four 

clusters. The error threshold value is 0.01. The exponential 

component value is 2. In pseudo-colouring, HSV colour model is 

used to distinguish the four segmented clusters.  
The validation of the results is performed by comparing the 

experimental results with their corresponding ground truth. The 

experiments are carried out on an IBM PC Pentium with 

processor speed 700 MHz and 256 MB RAM. The software used 

for the implementation is MATLAB (version 7.0) [23], 

developed by Math works Laboratory. 

 

8. RESULTS AND DISCUSSIONS  
In this work, 374 images from four different brain tumor types 

are used. Initially, the images are skull stripped and then 

segmented using clustering algorithm. To show the superior 

nature of the proposed approach, the results are compared with 

the segmented output of images with extra cranial tissues. The 

segmentation efficiency is calculated with the aid of the ground 

truth images. 

 

Stage 1 results:  
The process of extraction of skull tissues is depicted in Figure 4. 
 
 
 
 
 
 
 
 

 

(a) (b) (c)  
Figure 4. Process of extraction of skull tissues 

 

Figure 4(a) shows the MR input image. Figure 4(b) depicts the 

mask which has been created to remove the extra cranial tissues. 

Figure 4(c) shows the skull extracted image which is obtained by 

the superimposition of Figure 4(a) and Figure 4 (b).  
This procedure is repeated for all the images to make them extra 

cranial tissue- free images. Some of the skull extracted images 

are shown below in Figure 5. 

 

 

 

 
 
 
 
 
       (a)meningioma (b) astrocytoma 
 
 
 
 
 
 
 
         (c) glioma (d) metastase 
Figure 5.  Sample skull extracted images from each 

tumor type. 

Stage 2 results:  
 

After removing the skull, the images are segmented using the 

fuzzy clustering algorithm. The same images are also segmented 

without removing the skull tissues. Their results are compared 

with the ground truth images. Figure 6 and Figure 7 shows the 

results of the fuzzy segmentation technique and the 

corresponding ground truth image. 

 
 
 
 
 
 
 
 

(a) (b) (c)  
Figure 6. Segmented output of a MR image with extra 

cranial tissues 

 

Figure 6(a) shows the original input image and Figure 6(b) 

shows the fuzzy segmented output with pseudo-colouring. The 

pixels represented by blue colour represent the tumor region. 

Figure  6(c) shows the corresponding ground truth image. 
 
 
 
 
 
 

 

(a) (b) (c)  
Figure 7. Segmented output of a MR image without 

extracranial tissues 
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Figure 7(a) shows the skull stripped input image and Figure 

7(b) shows the fuzzy segmented output with pseudo-colouring. 

The pixels represented by blue colour represent the tumor 

region. Figure 7(c) shows the corresponding ground truth 

image.  
A qualitative analysis of Figure 6(b) and Figure 7(b) clearly 

reveals the necessity for the removal of the extracranial 

tissues. Figure 7(b) closely resembles the ground truth which 

possesses high segmentation efficiency. The same process is 

repeated for all the images in the dataset. Table 2 shows the 

average segmentation efficiency for the images with 

extracranial tissues and images without extracranial tissues. 

 

Table 2: Average segmentation efficiency for images with 

and without extracranial tissues 

Image type  Average Segmentation 

   efficiency 

MR images with  69.33% 

extracranial tissues    

MR images without    92.84% 

extracranial tissues    

 

Table 2 reveals the inferior nature of the MR images with extra 

cranial tissues. The segmentation efficiency is very low when 

compared with the images without extracranial tissues. A 

further analysis is made between the four different tumor types 

based on average segmentation efficiency. Table 3 shows the 

segmentation efficiency of four tumor types. 

 

Table 3: Average segmentation efficiency for the different 

tumor type images without extracranial tissues 

Tumor type Average Segmentation 

 efficiency  

Metastase  95% 

Astrocytoma  94.87% 

Glioma  90.04% 

Meningioma  91.44% 

 

Experimental results reveal the superior results for all the tumor 

types. This analysis shows that the proposed methodology is 

applicable for all tumor types. This shows the significance of 

skull tissue removal irrespective of the input images. A bar chart 

representation of the performance analysis is shown in Figure 8 

and Figure 9. 
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Figure 8. Bar diagram of the results of images with and 

without extracranial tissues 

 

86

88

90

92

94

96

Metastase Astrocytoma Glioma Meningioma

 
Figure 8. Bar diagram of the results of different tumor types 

 

Thus, this experimental analysis clearly shows the significance 

of extracranial tissue removal techniques for abnormal MR brain 

image analysis.  

 

9. CONCLUSION 
The quantitative and the qualitative analysis of this work reveal 

the necessity for the removal of the extracranial tissues 

irrespective of the segmentation techniques used. Removal of the 

extracranial tissues guarantees high segmentation efficiency 

which is evident from the experimental results. This approach is 

highly efficient since the time taken for skull removal is also 

very less. As a future work, the proposed approach can be made 

an intensity independent technique to yield better segmentation 

efficiency. 
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