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Abstract-In this paper, we are present the efficient technique for 
the segmentation of normal, abnormal with tumor and edema 
tissues in the MR brain images. The normal brain tissues such 
as WM (White Matter), GM (Gray Matter) and CSF 
(Cerebrospinal Fluid) are segmented by using classical approach 
like gradient and binarization methods. In medical diagnosis it 
is very important to identify tissues which are infected and same 
equal importance to the tissues with are going to be damaged in 
due time like edema tissues. In this process of segmentation   
preprocessing is applied to eliminate non-cortical tissues using 
skull stripping with region growing method for a better focus on 
cortical tissues. The proposed method shows the best cortical 
tissue segmentation compare with the existing techniques. The 
same approached can also be used for efficient segment in noisy 
conditions using non-linear Adaptive Wiener filter. Performance 
of the proposed approach is compared against the Weiner filter 
and adaptive Weiner filter in terms of peak-signal-to-noise-ratio 
(PSNR) and Mean squared error (MSE) on real MR images 
collected from national brain research centre.  
Key-words: Edema, MR  brain images, 
WM,GM,CSF,PSNR,MSE. 
 

1.INTRODUCTION 
The segmentation of brain tumor from magnetic resonance 
(MR) images is a vital process for treatment planning and for 
studying the differences of healthy subjects and subjects with 
tumor. Brain MRI with tumor is difficult to segment due to a 
combination of the following factors: 1. The deformation of 
non-tumor structures due to tumor mass effect. 2. Infiltration 
of brain tissue by tumor and edema (swelling). Edema 
appears around the tumor mainly in white matter regions. 3. 
There is gradual transition from tumor to edema, often it is 
difficult to discern the boundary between the two structures.4. 
The standard MR modality used to identify tumor, T1w with 
contrast enhancement (typically using gadolinium), is not 
always ideal. Blood vessels and cortical cerebrospinal fluid 
(csf) tend to be highlighted along with tumor, while parts of 
tumor that are necrotic tissue do not appear enhanced at all. It 
is generally impossible to segment tumor by simply 
thresholding the contrast enhanced T1w image. It is one of 
the most vital reprocessing steps in several medical research 
and clinical applications, such as quantification of tissue 
volume, visualization and analysis of anatomical structures, 
multimodality fusion and registration, functional brain 
mapping, identification of pathology, surgical planning, 

surgical navigation, and brain substructure segmentation [1]. 
Segmentation at preliminary stage is important and necessary 
for the analysis of medical images for computer-aided 
diagnosis and treatment. As the images are inherent in nature, 
medical image segmentation is a difficult and challenging 
task [2] [14] [15]. Magnetic resonance imaging (MRI) is a 
significant diagnostic imaging method, which is employed for 
the early detection of abnormal changes in tissues and organs 
[3] [16] as well as it is a non-invasive imaging technique, so 
it allows a radiologist to create an image of the inner aspects 
of living tissue [12].  Normally the structure of brain is 
complex and its accurate segmentation is very crucial for 
finding the tumors, edema and necrotic tissues in order to 
specify proper therapy [4]. The brain matters are mainly 
categorized as white matter, gray matter, cerebrospinal fluid 
(CSF) or vasculature. Mostly the brain structures are clearly 
described by the boundaries of the tissue classes, so a 
technique to segment tissues based on these categories is a 
major step in quantitative morphology of brain [6]. Apart 
from other diagnostic methods, Magnetic resonance imaging 
(MRI) systems can generate many images and each image 
indicates a different essential parameter of inner anatomical 
structures in the same body section with multiple differences, 
based on the local variations of spin–spin relaxation time 
(T2), spin–lattice relaxation time (T1), and proton density 
(PD) [5]. The presence of noise, errors in the scanners, and 
the structural variations of the imaging objects are the major 
obstruction to the segmentation of MR images, such 
obstructions are categorized into four types: 
thermal/electronic noise, magnetic field inhomogeneities, 
biological tissue variations, and incomplete volume effects 
[7]. Moreover, recognition and analysis of the lesions 
manually  Moreover, recognition and analysis of the lesions 
manually from MR brain images are generally time 
consuming, expensive and can produce unacceptably high 
intra observer and inter observer variability [8]. The 
segmented MR images used in the medical diagnostic process 
depends on a combination of two, often conflicting, 
requirements, that is, the removal of the unnecessary 
information present in the original MR images and the 
maintenance of the significant details in the resulting 
segmented images [13] [17]. MR-image segmentation 
methods are usually evaluated based on their ability to 
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differentiate i) between cerebro-spinal fluid (CSF), white 
matter, and gray matter and ii) between normal tissues and 
abnormalities [9]. Many techniques proposed in the recent 
years, which are used for the segmentation of brain tissues 
from MR image, are classical pattern recognition methods, 
rule-based systems, image analysis methods, crisp and fuzzy 
clustering procedures, feed-forward neural networks, fuzzy 
reasoning, geometric models to determine lesion boundaries, 
connected component analysis, deterministic annealing, atlas 
based methods and contouring approaches [10] [11]. Lots of 
researches have been performed for the segmentation of 
normal and abnormal tissues in MRI brain images. We are 
proposed a new enhanced technique for the segmentation of 
normal, abnormal with tumor and edema tissues in brain MR 
images.   
 

2 METHODOLOGY 
Segmentation process is performed in both normal and 
abnormal images. In normal images, the normal tissues such 
as WM, GM and CSF are segmented and in abnormal images, 
the edema and tumor tissues are segmented. Two steps 
involved in the segmentation process those are 
(i) Preprocessing  
(ii) Tissue Segmentation 
2.1 Preprocessing  
Various preprocessing methods have been proposed to deal 
with the MRI brain images used for segmentation. Among all 
preprocessing methods, Skull stripping is used for the 
segmentation of brain tissues.  
Skull stripping: This is pre processing step which is required 
to produce better results. Skull is outer part of the brain 
surrounding it i.e. the removal of its non-cerebral tissues. The 
main problem in skull-stripping is the segmentation of the 
non-cerebral and the intracranial tissues due to their 
homogeneity intensities. So it may affect the result of seed 
point selection. Some observations are required to find the 
range of gray value of skull portion. Following of the steps 
which are involved in skull removal process:  
(1)First of all find the size of the image and store the no of 
rows and columns in separate variables.  
(2) Perform iteration for half of the columns and all rows  
(3) Process half of image to convert white pixels into the 
black pixels by setting their gray value    to zero.  
(4) Same steps is repeated for the remaining column and row. 
The brain cortex can be visualized as a distinct dark ring 
surrounding the brain tissues in the MRI images. The distinct 
dark ring surrounding the brain tissues are removed by skull 
stripping method. In skull stripping, initially the given MRI 
brain image is converted into gray scale image and then a 
morphological operation [25] is performed in the gray scale 
image. Then the brain cortex in the gray scale image is 
stripped by using region based binary mask extraction. The 
preprocessing process is performed in the classified normal 
images, not abnormal images. Because preprocessing process 
helps to improve the normal tissue CSF is lightly placed in 

the cortex surrounding area. The normal is image obtained 
after skull stripping is denoted as .  Is. 

2.2 Tissue Segmentation  
After skull stripping, the brain MRI images are involved in 
the tissue segmentation process. Different methods are used 
to segment the WM, GM, CSF, edema and tumor tissues. 
2.2.1 Normal Tissue Segmentation  
Segmentation of Normal tissues such as WM, GM and CSF 
are performed from the normal images. Here, segmentation 
process is performed in two ways namely,  
(i) WM and GM segmentation  
(ii) CSF segmentation  
WM and GM segmentation 
The skull stripped image Is is given as input to the WM and 
GM segmentation process. Here, the major step is to segment 
the WM and GM tissues from the image Is by utilizing 
Gradient Method. The smoothing process is performed in the 
input image IG by applying Gaussian convolution filter. 
Smoothed image obtained from the Gaussian convolution 
filter is IG . After that, gradient operation is applied to the 
image IG . The gradient of two variables x and y is defined as 
follows, 

 (1) 
 
Using the gradient values, the current edges in the image are 
marked using the Equ. (2) and (3) 

 (2) 
 

   (3) 
 
Then, the binarization process is performed in the edge 
marked image . In binarization process, the gray level value 
of each pixel in the image Em is observed by using global 
threshold Tg and the resultant binarized image is Lb .Then the 
binarized image Lb is subjected to morphological opening and 
closing operation. Opening and closing operation is utilized 
to remove small objects and small holes from the image Lb . 
Finally, MRI brain image WM and GM tissues are segmented 
based on their intensity values. 
 

   (4) 
 
CSF segmentation  
To segment the cerebrospinal fluid from the brain MRI 
image, an Orthogonal Polynomial transform (OPT) is applied 
to the skull stripped imageIs. In orthogonal polynomial 
transformation, image Is is computed using the following 
formula,  
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Then the morphological dilation and closing operations are 
performed in the image. Ie. 

                                  
     (i)                                                    (ii) 
 
 
 
 
 
 
 
 
 
 

(iii) 

                  
                             (iv)    (v)  

Figure-3:The intermediary result of the edema 
segmentation 

Images obtained from  (i) Original image (ii) Histogram 
Equalized Image ( (iii) Image obtained from HSV 
Thresholding Process iii) HSV color model Image result (v) 
Edema region result. 
 

3.  WAVELET TRANSFORM ADAPTIVE WIENER FILTER 
In this paper, we are proposed an enhanced adaptive wiener 
filter based on fast lifting wavelet transform by applying the 
thresholding. First step is to convert the noisy image into the 
wavelet domain with the use of Fast Lifting Wavelet 
Transform. Then the thresholding is applied in wavelet 
domain using VisuShrink and BayesShrink thresholding[27]. 
After that, Lifting-based adaptive Wiener filter is applied to 
all the sub-band images. Finally, these sub-band images are 
inversely transformed to reconstruct the final improved 
image. 

By transforming the experimented noisy image y(i,j) into 
wavelet domain, four sub-images are acquired as Ay(I,j) ,  
Wdy(i,j)   (d=1, 2,3) which represents the approximation 
coefficients and three sets of feature coefficients, 
correspondingly. Each sub-band can be presumed as a band 
restricted spatial signal and the noise in all sub-band can be 
presumed as white noise [26]. Wiener filtering can be 
implemented to all sub band to smoothen the resultant white 
noise. The wavelet domain wiener filter can be built as 
follows 
 

     (9) 
 

   and    represents the local statistics 
restructured at every pixel in each sub band of the real image 
to reconstruct the image, but they can be computed from all 
sub band of the experimented image. 
 
 
 

           
(a)Original MR image                        

    (b)Noise MR image  

    

 
       
 
 
 
 
 
 
 
 
 (c)Enhanced MR image            (d)Enhanced MR image using 
Using Wiener Guassian                   Adaptive Wiener  
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(i)Original image              (ii)Noise image             (iii)Enhanced MR image  (iv)Enhanced MR image 

                                                                                                  Using Wiener                  using Adaptive Wiener 
 

Figure-4: Result of image Enhanced. 
 

4. EXPERIMENTAL RESULTS 
This paper implemented in MAT LAB 7.0.1 have been 
performed on a grey-scale normal and abnormal with edema 
images of size 256×256 . To evaluate the performance of the 
proposed image enhancement method, it is compared with the 
image enhancement methods such as Mean Filter, Gaussian 
Filter and Wiener Filter and Adaptive Wiener Filter based on 
the peak signal-to-noise ratio (PSNR), Mean Squared Error 
(MSE). 
4.1. Peak Signal-to-Noise Ratio (PSNR) 
For natural images contaminated with noise, the PSNR is 
tested. The definition of PSNR is: 

     (10) 
where m =1, 2,…,M, n =1, 2,…., N are positive integers. x(m, 
n) is the original image, xˆ(m,n) is the reconstruction image or 
noised image. PSNR value of the degraded image and 
enhanced image using Wiener Filter, Adaptive Wiener Filter, 
Adaptive Wiener Filter with VisuShrink Threshold and 
Adaptive Wiener Filter with BayesShrink  Threshold is 
calculated and its values are given in Table I. 
 

Image 
Enhancement 

method 

PSNR value 

Degraded Image Enhanced Image 

Mean filter 4.3548 7.2651 
Gaussian filter 7.6682 9.8262 
Wiener filter 9.2689 10.7893 
Adaptive Wiener 
filter 

11.7002 21.0752 

Table 1: PSNR Value for Mean filter, Gaussian filter, 
Wiener Filter, Adaptive Wiener Filter. 

 
It is observed from the table that the proposed adaptive 
wiener filter with threshold provides very high PSNR value 
for both the degraded image and enhanced image. 
 
4.2. Mean Squared Error (MSE) 
Mean Square Error (MSE) can be calculated using the 
following formula 

    (11) 
MSE value of Wiener Filter, Adaptive Wiener Filter, 
Adaptive Wiener Filter with VisuShrink Threshold and 
Adaptive Wiener Filter with BayesShrink Threshold based 
image enhancement 
technique for the degraded image and enhanced image is 
tabulated in Table II. 
 

Image Enhanced 
method 

MSE value 
Degraded Image Enhanced Image 

Mean filter 36.23 31.258 
Gaussian filter 34.118 28.149 
Wiener filter 31.326 24.154 
Adaptive Wiener 
filter 

29.267 19.527 

Table II: MSE Value for Mean filter, Gaussian filter, Wiener 
Filter, Adaptive Wiener Filter. 

 
From the table, it is very clear that the proposed adaptive 
wiener filter with BayesShrink threshold provides very low 
MSE value for both the degraded image and enhanced image. 
 

CONCLUSION 
In this paper, an efficient segmentation was developed to 
segment the normal and abnormal with edema tissues from 
the MRI brain images. The normal brain tissues such as WM 
(White Matter), GM (Gray Matter) and CSF (Cerebrospinal 
Fluid) are segmented by using classical approach like 
gradient and binarization methods. In binarization process, 
the gray level value of each pixel in the image is observed by 
using global threshold value and get the resultant binarized 
image. The performance of the proposed segmentation was 
analyzed using defined set of MRI normal and abnormal 
images. The proposed method shows the best cortical tissue 
segmentation compare with the existing techniques. Adaptive 
Wiener filter used for efficient segment in noisy conditions. 
Hence the performance of the method was understood from 
the experimental results and analysis. 
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