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Abstract— Brain tumor segmentation is a vital process for early tumor detection and 

diagnosis. Many brain tumor segmentation methods have been presented, enhancing tumor 

segmentation methods is still challenging because brain tumor MRI images reveal complex 

characteristics, such as high diversity in tumor appearance and ambiguous tumor boundaries. 

In this proposed a method for automatic brain tumor diagnostic system from MR images. The 

system consists of three stages to detect and segment a brain tumor. In the first stage, MR 

image of brain is acquired and preprocessing is done to remove the noise and to sharpen the 

image. In the second stage, edges are detected by using Gabor filter. In the third stage that 

technique accurately identifies and segments the brain tumor in MR images using ANN 

approached   multi layer Feed Forward Neural Networks and improved fuzzy connectedness 

(FC) algorithm .A fully automatic and accurate method for tumor region detection and 

segmentation in brain magnetic resonance (MR) images is suggested. The presented approach 

is based on a scale in which the seed point is selected automatically. This algorithm is 

independent of the tumor type in terms of its pixels intensity. Tumor segmentation evaluation 

results based on similarity criteria similarity index, overlap fraction, and extra fraction  

indicate a higher performance of the proposed approach. the suggested method is useful for 

increasing the ability of automatic estimation of tumor size and position in brain tissues, 

which provides more accurate investigation of the required surgery, chemotherapy, and 

radiotherapy procedures. 

Keywords—: ANN, Improved FC, Multi layer Feed Forward Neural Network , seeded 

segmentation. 

 

I. INTRODUCTION 

The Astrocytomas are primary brain tumors derived from connective tissue cells called 

astrocytes, which are star-shaped glial cell. They are the most common type of the brain 

tumors and account about 40% of all primary brain tumors. Astrocytomas are included in the  

category of malignant tumors, WHO and St-Anne grading system grade them based on the 

appearance of certain characteristics: atypia, mitoses, en-dothelial proliferation, and necrosis 

[Daumas-Duport, 1992], [Daumas-Duport et al., 200], [Lopes and Laws, 2002], 

[Smirniotopoulos, 1999]. These features reflect the ma-lignant potential of the tumor in terms 

of invasion and growth rate. Tumors without any of these features are grade I, and those with 
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one of these features (usually atypia) are grade II, tumors with 2 criteria and tumors with 3 or 

4 criteria are WHO grades III and IV, respectively. Thus, the low grade group 

 

Fig 1.1: Color Labelling of Brain Image Parts with Astrocytomas Cell inducing regions 

The addition of a grading system was a very important advance in classifying brain tumors, 

and provided information not only regarding tu-mors’ biologic behavior but also information 

that could be used to guide treatment decisions. whereby tumors are graded based on the 

presence or absence of four cellular features: nu-clear atypia, mitoses, endothelial cell 

proliferation, and necrosis. A tumor (also called a neoplasm or lesion) is abnormal tissue that 

grows by uncontrolled cell division. Normal cells grow in a controlled manner as new cells 

replace old or damaged ones. For reasons not fully understood, tumor cells reproduce 

uncontrollably. Brain tumors are named after the cell type from which they grow. They may 

be primary (starting in the brain) or secondary (spreading to the brain from another area). 

Treatment options vary depending on the tumor type, size and location; whether the tumor 

has spread; and the age and medical health of the person. Treatment options may be curative 

or focus on relieving symptoms. Of the more than 120 types of brain tumors, many can be 

successfully treated. New therapies are improving the life span and quality of life for many 

people.grade I brain tumors have none of the four cellular features, grade II tumors have one 

of the features, grade III tumors have two features, and grade IV tumors have three or four 

features. . The cortex is divided into four "lobes", called the frontal lobe, parietal lobe, 

temporal lobe, and occipital lobe. (Some classification systems also include a limbic lobe and 

treat the insular cortex as a lobe.) 

 

Fig  1.2 Structure of human brain 
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Within each lobe are numerous cortical areas, each associated with a particular function such 

as vision, motor control, language, etc. The left and right sides of the cortex are broadly 

similar in shape, and most cortical areas are replicated on both sides. Some areas, though, 

show strong lateralization, particularly areas that are involved in language The Daumas-

Duport scheme has become known as the St-Anne classification system. Under the supports 

of the World Health Organization (WHO), neuropathologists met in the 1970s to develop a 

new brain tumor classification sys-tem. The WHO system uses a grading system with 

continuous variables based on sur-vival and histopathological features [Smirniotopoulos, 

1999]. The Kernohan [Kernohan et al., 1949], Ringertz [Ringertz, 1950], WHO 

[Smirniotopoulos, 1999], and St-Anne systems [Daumas-Duport et al., 200] have contributed 

to advancing the knowledge base and remain widely used brain tumor classification systems 

internationally. Neuroimaging includes the use of various techniques to either directly or 

indirectly image the structure, function/pharmacology of the brain. It is a relatively new 

discipline within medicine and neuroscience/psychology.[1] Physicians who specialize in the 

performance and interpretation of neuroimaging in the clinical setting are neuroradiologists. 

Computed Tomography (CT) or Computed Axial Tomography (CAT) scanning uses a series 

of x-rays of the head taken from many different directions. Typically used for quickly 

viewing brain injuries, CT scanning uses a computer program that performs a numerical 

integral calculation (the inverse Radon transform) on the measured x-ray series to estimate 

how much of an x-ray beam is absorbed in a small volume of the brain. Typically the 

information is presented as cross sections of the brain.[6] 

 

Fig 1.2: Computed axial tomography Imaging 

Magnetic Resonance Imaging (MRI) uses magnetic fields and radio waves to produce high 

quality two- or three-dimensional images of brain structures without use of ionizing radiation 

(X-rays) or radioactive tracers. 

Low Grade Astrocytoma (Grades I And II)  

Tumors of this type are well differentiated and grow relatively slow but can spread to 

neighboring tissue. In general, low grade gliomas cause less mass effect than high grade 
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astrocytomas, because they grow more slowly and incite little vasogenic edema. The location 

of these tumors is the cerebral hemisphere (occurs often in the frontal region or the 

subcortical white matter), the cerebellum or brainstem. Most common tumors of this type are 

pilocytic astrocytoma and diffuse astrocytoma which occur mostly in children and young 

adults [Henson et al., 2005], [Wen et al., 2001], [Emedicine, 2005]. Both CT scan and MRI 

can help in the diagnosis of low grade astrocytoma. Generally, MRI is considered the study 

of choice. In MRI, low grade gliomas show decreased signal relative to surrounding brain on 

T1 sequences (Figure  1.5). In T2 sequences and FLAIR, higher signal reflects both the tumor 

and surrounding edema (if exist) (Fig-ure  1.6). Pilocytic astrocytomas are often associated 

with a cyst, which may be particularly prominent on T2-weighted sequences. There is usually 

little or no contrast enhancement in MRI (Figure  1.6) [Daumas-Duport, 1992], [Henson et 

al., 2005], [Kantor et al., 2001], [Wen et al., 2001].  

High Grade Astrocytoma (Grades III And IV)  

Anaplastic astrocytoma and glioblastoma multiform (GBM) are most common tumors of this 

type and account approximately 30% of all primary brain tumors. These tumors grow more 

rapidly and infiltrate other nearby healthy cells. They are not well differentiated. Both types 

of high grade astrocytomas have similar presentation features. In general they tend to be less 

circumscribed than low grade astrocytomas and surrounded with more edema. The difference 

between anaplastic astrocytomas and GBMs is in appearance of necrosis in GBMs. High 

grade astrocytomas have a variable radiographic appearance. Anaplastic astrocytomas may 

appear as low density lesions or inhomogeneous lesions, with areas of both high and low 

density within the same lesion. Unlike low grade lesions, partial contrast enhancement is 

common. GBM is the most common and most malignant of the glial tumors. Composed of 

poorly differentiated neoplastic as-trocytes, GBMs primarily affect adults, and they are 

located preferentially in the cerebral hemispheres. Much less commonly, GBMs can affect the 

brain stem in children and the spinal cord. These tumors may develop from lower-grade as-

trocytomas (grade II) or anaplastic astrocytomas (grade III) [Mahesh and Tse, 2004], [Wen et 

al., 2001]. 

These tumors and surrounding edema have low signal intensity in T1-weighted and high 

signal intensity in T2-weighted MR images and enhancement is common. Hemorrhage may 

be present but calcification is uncommon unless the tumor arose from a pre-existing lower 

grade lesion. These tumors tend to infiltrate along white matter tracts  and frequently involve 

and cross the corpus callosum. GBMs typically have an enhancing ring observed in T1-

weighted images and a broad surrounding zone of edema apparent in T2-weighted images. 

The central hypodense core represents necrosis, the contrast-enhancing ring is composed of 

highly dense neoplastic cells with abnormal vessels permeable to contrast agents, and the 

peripheral zone of nonenhancing low attenuation is vasogenic edema containing varying 

numbers of invasive tumor cells. Several pathological studies have clearly shown that the 

area of enhancement does not represent the outer tumor border because infiltrating glioma 

cells can be identi-fied easily within a 2cm margin [Kantor et al., 2001], [Emedicine, 2005]. 
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II. LITERATURE SURVEY 

 

Many Using fuzzy logic, intelligence has entered into image analysis and processing. 

Phillipsetal.[16] illustrated that intensity distributions of normal tissue and tumor have an 

overlap, which proved the need to extract more features for tumor segmentation, usinga fuzzy 

clustering concept of brain tumor. Since fuzzy c-means clustering is not needed for training 

data and is independent of the user,it has been extremely used as a clustering method [17–

19]. However the method that was recently presented is fuzzy connectedness. Considering 

that medical images are inherently fuzzy, thus fuzzy connectedness is a very strong tool for 

medical image processing.  Fuzzy connectedness captures togetherness of pixels in the same 

Objective region inspite of gradient variations and inhomogeneity of Intensities through the 

fuzzy process.  The conceptof connecting two pixels in an image was called hard 

fashion(crisp) before 1970, that on the basis of it, pixels were connected or not. Later, for the 

first time, Rosenfeld [20] introduced the concept of fuzziness by generalizing crisp 

connectedness to fuzzy subsets. Dellepianeh and Fontana [21], Dellepianeh et al. [22] and 

Udupa and Samarasekera [23,24] proposed the use of this theory in Image segmentation, 

while the segmentation method proposed by Dellepiane et al. [22] used the connectedness 

degree of Rosenfeld.  

 

 
 

Fig 2.1 Astrocytoma occurring at higher Rate in Pie Chart 

 

As they had defined connectedness strength based on image intensity, their algorithm was 

sensitive to seed point selection. However, Udupa and Samarasekera [23] proposed a 

different procedure for Fuzzy connectedness and its applications in segmentation. They 

Introduced local fuzzy relation (LFR) or affinity for capturing local Togetherness of pixels in 

image. Through the affinity proposed by Udupa and Samarasekera, different image features 

were integrated for defining fuzzy connectedness. Subsequently, General Fuzzy 

Connectedness (GFC) based on affinity [24] was used for segmentation in combination with 

the other methods [25–27], especially the deformable model [25,26] methods based on the 

Voronoi diagram [27] and the level set methods [28]. Moonisetal. [29] studied tumor growth 
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rate after surgery through research for 3D segmentation of tumor based on the theory and 

principles of fuzzy connectedness. Udupa and Saha [30] calculated volumes of edema and 

active tumor tissues in FLAIR and T1, respectively, with gadolinium injection by general 

fuzzy connectedness. Later, the previous segmentation algorithms evolved based on the fuzzy 

connectedness theory of Pedenkar and Kakadiaris[31]. They used the fuzzy connectedness 

principles that were a linear composition of components based on homogeneity and objective 

features with constant weights and then introduced a new Method of fuzzy connectedness 

with dynamic weights(DyW). Hong et al. [32] used the fuzzy connectedness method for 

displaying tumor surgery procedure. In their method, seed point selection, fuzzy image 

thresholding, and rectangular selection were carried out by user to reduce the processing 

time.  

 
 

Fig 2.1 Astrocytoma Neoplasm occurs on children 

 

 

III. METHODOLOGY 

 

3.1 Existing Method 

 Comparison There  are   many proposed approaches, automatic  and semi- automatic, for the 

segmentation of the brain into different tissues, including tumors. These approaches include a 

variety of methods based on classification using extracted features, level set methods, Markov 

random field methods, k-nearest  neighbor (KNN),  fuzzy c-means, fuzzy connectedness, and 

region growing and the Fuzzy clustering techniques based on  knowledge  and multi- spectral  

histogram  analysis in   multifeature  space  have  been applied for   tumor  segmentation, 

Using  fuzzy  logic,  intelligence has  entered into  image analysis and  processing that 

intensity distributions of normal tissue and tumor have  an overlap, which proved the need to 

extract more features for tumor segmentation, using  a fuzzy clustering concept of brain 

tumor. Since  fuzzy c-means clustering is not  needed for training data and is independent of 

the user, it has  been extremely used as a clustering method. However the method that  was 

recently presented is fuzzy  connectedness.  
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3.2 Disadvantages 

 

Gibbs et al.  [13]  combined morphological edge detection and the region growing for 

defining tumor volume, which involves time complexity  while  Kaus   et al.  14]   used  an   

adaptive   template-moderated classification algorithm for  MR  image classification of five  

tissue and shows disadvantage in analysis. 

 

3.3 Proposed Method 

 

Considering  that  medical  images  are  inherently   fuzzy and ANN ,  thus   fuzzy 

connectedness and ANN are very  strong  tool  for  medical image processing whereas Fuzzy  

connectedness and ANN  that captures togetherness of  pixels in  the  same objective region 

in spite of gradient variations and inhomogeneity of intensities through the fuzzy process. 

The fuzzy connectedness principles that were a linear composition of components based  on 

homogeneity and objective features with constant weights and then introduced a new method 

of fuzzy connectedness with dynamic weights (DyW). In their method, seed point selection, 

fuzzy image thresholding, and rectangular selection were carried out by user  to reduce the 

processing time. 

 

3.4 Advantages 

 

Considering the extensive applications of  general  fuzzy con- nectedness and ANN in  image 

segmentation, the  algorithm can   also   be mistaken  for   weak  region   boundaries. 

However,  many  fuzzy connectedness  algorithms of  tumor segmentation showed that 

human error was involved in  the decision and  also  processing speed, which is dependent on  

the time of user interaction. What was followed by  this  research is  a  fully  automatic 

segmentation procedure,  which  eliminated  user  interactions   in   seed  point selection and 

also   improved the  performance of  general fuzzy connectedness.  In  the  proposed method, 

the  fuzzy and ANN  behavior of topological and morphological concepts is  expanded  

directly on the desired image and the segmentation procedure is performed. 

 

IV. FEATURE EXTRACTION  

 

The feature extraction phase the input data is transformed into a reduced set of features. In 

this feature extraction phase used for Gobar filter. Tumour detection Feature extraction for 

extracting the features from the tumour MRI image.  

 

 4.1 GABOR FILTER  

 

Gabor filter is a band pass filters which are used in image processing for feature extraction 

and texture analysis.  Its frequency and orientation are similar to that of the human visual 

system, and to found appropriate for texture discrimination and representation. Gabor filters 

are formed by modulating a complex sinusoid by a Gaussian function. Gabor filters have 

been used widely in pattern analysis application, and it has been proved in extracting more 

salient features in  tumour images, which are the two modalities being used in this paper. A 
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set of Gabor filters with different frequencies and orientations was used for extracting salient 

features from tumour MRI images. It is invariant against translation, rotation, and variations 

due to illumination and scale. Gabor filter also presents desirable characteristics of spatial 

locality and orientation selectivity. During feature extraction the dimension or size of the 

image does not change. For instance, in this paper the dimension of  MRI tumour after 

applying Gabor filter to extract the salient features the dimension still remains the same. 

Gabor filters at different scales and spatial frequencies. 

The Gabor filter based feature extraction is the 2D Gabor filter function is  

 

Ψ(x, y)  =  
𝑓2
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 The equation (24) is spatial domain the Gabor filter is a complex plane wave that is 2D 

Fourier basis function, multiplied by an origin-centered Gaussian. f   is the central frequency 

of The filter, Ѳ the rotation angle,   𝜸sharpness (bandwidth) along the Gaussian major axis, 

and 𝜼 sharpness along the perpendicular to the wave. The phase Ratio of the Gaussian is  
𝜼

𝜸 
 . 

This function has the following analytical form in the frequency domain  
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 The equation (2) is frequency domain the function is a single real-valued Gaussian centered 

at f at equation (2). The Gabor filter in (1) and (2) is a simplified version of the general 2D 

form devised. enforces a set of filters self-similar scaled and rotated versions of each other, 

regardless of the frequency and orientation Ѳ. Gabor feature, are constructed from responses 

of Gabor filters by using multiple filters on several frequencies fm and orientations Ѳn. 

Frequency in this case corresponds to scale information and is thus drawn from [10]  

 

        fm = k
-m

 fmax , m= { 0…..,m-1} 

 

Where fm is the m
th

 frequency, f0 = fmax is the highest frequency desired, and k > 1 is the 

frequency scaling factor. The filter orientations are drawn from [10]  
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                     Ѳn =   
𝑛2𝜋

𝑁
, n={0…….,N -1} 

 

where  N is the total number of orientations and  Ѳn  is the n
th

 orientation . The parameters 

fmax, k, M, N, γ and η are redundant Scales of are selected from exponential spacing and 

orientations from linear spacing. The most intuitive parameterization is achieved by defining 

the function envelope cross point at p = 0:5, i.e. two filter Gaussians cross on the half 

magnitude. The cross point parameter p is fixed and the adjustable parameters are now the 

highest frequency fmax, number of frequencies m and number of orientations n. The 

bandwidths  𝜸 
 and  𝜼 are automatically set using the formula. 

V. MULTI-LAYER FEED-FORWARD    NETWORKS SEGMENTATION  

A feed forward network has a layered structure. Each layer consists of units which receive 

their input from units from a layer directly below and send their output to units in a layer 

directly above the unit. There are no connections within a layer. The Ni inputs are fed into the 

first layer of Nh;1 hidden units. The input units are merely fan-out units and  no processing 

takes place in these units. The activation of a hidden unit is a function Fi of the weighted 

inputs plus a bias, as given in in eq 

 
 

The output of the hidden units is distributed over the next layer of Nh;2 hidden units, until the 

last layer of hidden units, of which the outputs are fed into a layer of No output units 

 

 

 
 

 

 

Since we are now using units with nonlinear activation functions, we have to generalise the 

delta rule The ctivation is a differentiable function of the total input, given by 
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in whichTo get the correct generalisation of the  

 

delta rule as presented in the previous chapter, we  

must set The error measure Ep is defined as the total quadratic error for pattern p at the output 

units: 

 

where dpo is the desired output for unit o when pattern p is clamped. We further set 

 

as the summed squared error. We can write 

 

By equation we see that the second factor is 

  

 
When we define we will get an update rule which is equivalent to the delta rule as described 

in the previous chapter, resulting in a gradient descent on the error surface if we make the 

weight changes 

  
according to The trick is to figure out what δp k should be for each unit k in the network. The 

interesting result, 

 

which we now derive, is that there is a simple recursive computation of these δ's which can 

be implemented by propagating error signals backward through the network. 
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To compute δp k we apply the chain rule to write this partial derivative as the product of two 

factors, one factor reflecting the change in error as a function of the output of the unit and one 

re ecting the change in the output as a function of changes in the input. Thus, we have 

 

Let us compute the second factor. By equation 

  

we see that which is the same result as we obtained  

 

with the standard delta rule. Substituting this and equation in equation, we get  

 

 

for any output unit o. Secondly, if k is not an output unit but a hidden unit k = h, we do not 

readily know the contribution of the unit to the output error of the network. However, the 

error measure can be written as a function of the net inputs from hidden to output layer; Ep = 

Ep(sp 1,sp 2,....... sp j.....) and we use the chain rule to write  

 

Substituting this in equation  

 

yields `` 
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Equations and give a recursive procedure for computing the δ's for all units in 

the network, which are then used to compute the weight changes according to equation. 

 

 

VI. FUZZY CONNECTEDNESS METHOD SEGMENTATION 

 The  proposed procedure in  this research was  implemented on MR images that were 

captured from 10  brain tumor patients. This dataset  included 124  images with  256    256  

resolution for  each patient. Slice gap in MR imaging system, size of each pixel  in image, 

and   acquisition information  were  1.5 mm,  0.9375    0.9375 mm2, and  SPRG1  T1 POST 

GAD, respectively .  After sifting through all the images related to a patient, only tumor 

images were studied. In  this  research, the neurologist was asked to perform  a  manual 

segmentation of tumors in the MR images of all 10 cases. The results of this  manual 

segmentation provided binary segmented images to the authors for use in evaluation. The 

position and the type  of tumor in the brain and  the main  slice  number are listed  in Table 1. 

A global framework for this fully  automated tumor segmenta- tion method in accordance 

with the block diagram shown in Fig. 1 is as follows: 

 Preprocessing, 

 automatic seed point selection, 

 tumor segmentation with improved fuzzy connectedness algorithm. 

 

First, the image to enter next steps is preprocessed. Preproces- sing consists of two substeps: 

scale and background noise rejec- tion. Second, seed point that is required for implementation 

of the fuzzy connectedness algorithm is automatically selected in the tumor region of the 

image. This step is done by formulization of the tumor region characteristics. Finally, the 

tumor tissue is segmented using an improved fuzzy connectedness algorithm. 

Preprocessing 

As background noise led  to errors in the automatic seed point selection algorithm, an  

anisotropic diffusion filter was used to make a  head mask to  eliminate this noise .  In  this  

filter, by defining a diffusion constant related to  the absolute value of the noise gradient and 

smoothing  the background noise by  filtering, an   appropriate  threshold  can   easily  be   

chosen.  For this purpose, a  slightly higher diffusion constant  value is  considered rather 

than the absolute value of the noise intensity gradient in its edge. Therefore, a head mask was 

constructed by thresholding the filtered  image. We  have studied the dataset of  several  

different images of the brain tumor and have noticed that through trial and error the threshold 

suitable for those images is within 0.75–0.9; thus we  have come to the conclusion that if a 

constant threshold for  all  images equal to  0.8  is  used, one can  obtain  good results. Then,  

for matching intensity ranges in all the images, the highest and the lowest intensities are  

limited to  the interval [0,255]. 
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Fig 6.1  Proposed Architecture Diagram for Tumor Segmentation based on Fuzzy Affinity 

Iteration Algorithm
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Automatic Seed  Point Selection 

The  need to do seed point selection within the tumor region to start the fuzzy connectedness  

algorithm is  one of  the problems that this  algorithm has   always  faced. Hence, an  operator  

that permanently follows the segmentation procedure is often seen in the articles that used 

fuzzy connectedness algorithm for segmen- tation. Thus,  this method has  been proposed for  

automatic seed point selection by studying how the tumor is in appearance. 

Because of disparity in the tissues that form tumor regions and the amount of blood supply in 

tumors, even within the same MR imaging protocol, tumors  appear with different intensities. 

So, intensity is not an  adequate parameter to  achieve the position of the seed point alone. 

However, one of  the  characteristics in  MR images is  that  tumors appear  with lower or  

higher intensities than normal  brain  tissue intensity. Therefore, this characteristic can   be  

used as  a  feature of  tumor tissue. On  the  other hand, different factors such as  placement  

of  living tissue, dead tissue, and tissue calcium  together and also  the blood vessels in  tumor 

tissue  cause inhomogeneity in  the tumor region of  the  image. However, despite these 

inhomogeneities, some parts always exist that  have considerable homogeneity in  the tumor  

region com- pared to  the normal brain tissue.  Hence, considering the local  homogeneity  of   

tumor  tissue  and  regardless  of  the  intensity variations in  different tumors, differences in  

tumor  intensities with a mean value of tumor area are  minimal. Thus,  this feature can  be  

another  characteristic to  determine the position of  seed point (second characteristic). 

In addition to using these two characteristics in the seed point selection  procedure,  another   

feature  in   the  tumor  region is considered for  increasing the accuracy of  the proposed 

method. Because in homogeneous parts of the tumor tissue, i.e., the region considered for 

seed point selection, intensity differences are  low,  the possibility of edge points in this 

section is very small. There- fore, counting the number of edge points around each pixel with 

radius R is used as another feature in seed point selection. 

Proper  formulation  of   these  characteristics,   which   has   been described in six steps, 

leads  to automatic selection of the seed point. 

1. Defining tumor detector matrix: this matrix is  obtained by applying a  tumor  detector 

function  on   pixels that  are   the output of the preprocessing step. The tumor detector 

function has  been designed so that the two tumor   characteristics described earlier are  

included (the  two characteristics being different tumor tissue intensity from normal brain 

tissue and local homogeneity of tumor tissue). 

2.  Gaussian variable coefficient is used  in this function to indicate the first characteristic. 

Through the study of intensities of various tumors in several images, one  can conclude 

that the intensity of the tumor regions is either higher or lower than the intensity of the 

normal tissues. Therefore, we  have chosen a specific function that  can,  in  either  case,  

make the tumor  regions be  at a  lower level intensity with respect to the normal tissues. 

Thus, we have used  a Gaussian function in which the center is the mean of the normal 

brain tissue intensities.  As a  result, tumor pixels, after applying this  function,  appear 

with low  intensity and  we  can now  select the seed  point in  this region. 
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∝𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛  𝑥,𝑦 = 𝑘1𝑒
− 𝜇𝑅−𝜇𝑏 

2/2𝜎𝑏
2
 

3. Thresholding on  tumor detector matrix: in this algorithm, the threshold to apply the 

tumor detector matrix is dependent on some  parameters  such as  minimum and 

maximum of  the tumor detector matrix and the total mean of images and also  the 

neighborhood radius R. This threshold is calculated from 

𝑇𝑟 = 𝛤1 min 𝑀𝑇 −max 𝑀𝑇  + 𝛤2𝑅 + 𝛤3𝜇 

where 𝛤1, 𝛤2 , and 𝛤3    are  the constant coefficients and M is the total mean of images. 

These values are considered constant for all the processed images. 

4.  Calculating the edge image: for making counter matrix of edge points, an  accurate edge 

detection of image is done by  Canny algorithm . 

5.  Forming counter matrix of edge points: in this part, the third characteristic, i.e.,  the 

existence  of minimum edge points in the homogeneous tumor region, is used. For this 

purpose, the counter matrix of  edge points is  made where  each value is equal to  an  

edge point number around that point with radius R.  

6.  Comparison and selection of point set: as the number of edge points in  the regions with 

local  homogeneity is  minimal, in this  step,  the   points   that  were  incorrectly  selected  

are removed via   comparison between the  tumor  detector  and the edge counter 

matrices. 

7.  Selecting center of point set  as seed point: center of point set  (obtained from the  

previous step)  is   selected as   the  final seed point. 

Substituted Pixel Intensity 

Fuzzy connectedness algorithm used in this study is based on the improvement of  the  

general fuzzy  connectedness method [24].  As general fuzzy  connectedness algorithm loses 

its  path in the weak boundaries of the same objective region, it enters a new region; thus, this 

algorithm will  be mistaken in these boundaries. On  the other  hand,  affinity is  the local  

concept, and using intensity individually in calculations increases sensitivity of the algorithm 

with respect to  noise.  So, for  solving these two problems, substituted  pixel  intensity is  

applied in  all calculations. In  each  pixel  c  from the original image, the substituted pixel 

intensity. In  this equation, I and Idif  are  the original image intensity and the derivative of  

the  original image,  respectively. For  defining substituted pixel intensity, the means of 

intensities in these two images in  the circle with scale radius around pixel  c are  calcu- lated. 

Objective scale in C image around each cAC element is the biggest circle radius r(c) with 

center c that is placed completely in the same objective region 

Defining Adjacency And Fuzzy Affinity 

In this  algorithm, after calculating the mean and  the standard deviation of  the tumor region 

around  the seed  point, and  starting from  the seed  point, the scale is defined for each  pixel  
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and  then the substituted  pixel   (SP)  value is  calculated to execute an  improved fuzzy  

connectedness algorithm. 

For  implementation of the improved fuzzy   connectedness algorithm,  adjacency  and  fuzzy   

affinity  must  be   defined.  In images, adjacency of two pixels c and d, ma ðc,dÞ, is defined 

as 

𝜇𝛼 𝑐,𝑑 =  1   𝑖𝑓  Σi ci − di 2 ≤ 1

0                     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  

Also, fuzzy affinity for any  two pixels c and d of the image can be expressed as 

𝜇𝛼 𝑐,𝑑 =  
𝜇𝛼 𝑐,𝑑  𝑤1ℎ1 𝑓 𝑐 ,𝑓 𝑑  + 𝑤2ℎ2 𝑓 𝑐 ,𝑓 𝑑      𝑖𝑓 𝑐 ≠ 𝑑

𝜇𝑘 𝑐, 𝑑                                                                               𝑖𝑓 𝑐 = 𝑑
  

where f(c) and f(d) are  the substituted pixel values in pixels c and d, respectively, and w1   

and w2   are  the weights  should be established for them. 

Functional formulations used for h1   and h2   are  given respectively. In  these two  

equations, the  exponential function argument is normalized by max(I): 

ℎ1 𝑓 𝑐 ,𝑓 𝑑  = 𝑒𝑥𝑝 −

 

 
 
 

1

2 × max(𝐼)
 ×  

 
 𝑓 𝑐 +𝑓 𝑑  

2
 − 𝑚1

𝑠1
 

2

 

 
 

 

ℎ2 𝑓 𝑐 ,𝑓 𝑑  = 𝑒𝑥𝑝 −

 

 
 
 

1

2 × max(𝐼)
 ×  

 
 𝑓 𝑐 −𝑓 𝑑  

2
 − 𝑚2

𝑠2
 

2

 

 
 

 

I is an  entered image, m1   and m2   are  the means and s1  and s2   are the standard 

deviations of pixel and absolute values of the image derivative in the objective region, 

respectively. 

VII. EXPERIMENT RESULT 

The programming language used with MATLAB is usually referred to as MATLAB script or 

M-script. After becoming familiar with the basic syntax of the M-script, a number of useful 

utilities are available to you that allow you to make extended uses of MATLAB. You can, for 

example, write programs that involve simulation. You can also create graphics, web pages, 

and GUI applications. When you develop programs using MATLAB, you can output the 

results to a number of media, including graphics files, HTML pages, PDF files, and Word 

documents. You can also connect up MATLAB with other applications, such as Excel or 

LabView to make extended uses of it. Since it is programmed in part using Java, you can 

modify it in the background using Java.The feasibility of the project is analyzed in this phase 

and business proposal is put forth with a very general plan for the project and some cost 
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estimates. During system analysis the feasibility study of the proposed system is to be carried 

out. This is to ensure that the proposed system is not a burden to the company.  For feasibility 

analysis, some understanding of the major requirements for the system is essential. 

Screenshots 

 

Fig: 7.1 Input Image in MRI 

 

 Processing Image 

 

 

Fig: 7.2 Head Mask and Edge Point Counting 

 

 

Fig: 7.3 Tumor Detector Image 
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Fig: 7.4 Tumor  Pixel Detection After Iteration 

 

 

Fig: 7.5 Seed Point Selection on Image 

 

Fig: 7.6 After Seperation of Seed Point in Image 
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Fig: 7.7 Result of Segmentation by Proposed Approach 

VIII. CONCLUSION 

 8.1 Conclusion  

Image partitioning combined with a distributed estimation algorithm has been applied to deal 

with the high dimensional problem of statistical modeling. The constructed statistical model 

of normal brain images has been applied to the segmentation of brain pathologies. The 

assessment of the method based on ROC analysis demonstrated segmentation improvement 

over univariate statistics and two-group analysis performed with SPM and illustrated the 

potential of semisupervised learning in such applications. 

8.2 Future Works  

However, The current methodology is based on voxel-wise features extracted from a single 

modality, such as FLAIR. In the future, we plan to explore multimodality features that have 

shown to minimize ambiguities in identifying abnormalities in many imaging applications, 

and especially in medical research [38]. Within the proposed mathematical framework, the 

application of the method in clinical studies with multiple sequences is easy with the only 

difference being the further increase in dimensionality. We also plan to investigate wavelet-

based or other multiscale features that reduce spatial and spectral redundancy and, therefore, 

allow a more compact representation of the data, thus providing a means to efficient 

dimensionality reduction 
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