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Abstract— Comparision of the automatic quantitative of brain tumor MR images voxel 
volume analysis are prone to intensity inhomogeneity of magnetic signal, noise level 
sensitivity, expensive initialization and inaccurate computational of oligodendrogliomas 
Neoplasm segmentation in various modus include CANFIS,ANFIS and the Gaussian Kernal 
Connectedness method and as in all methods of treatments, any information about tumor 
position and size is important for successful treatment; hence, finding an accurate and a fully 
automated method to give information to physicians is necessary. A fully automatic and 
accurate method for tumor region detection and segmentation in brain magnetic resonance 
(MR) images is compared.. The presented approach of  an improved fuzzy connectedness 
(FC) algorithm 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 (SI), overlap 
fraction (OF), and extra fraction (EF) indicate a higher performance of the proposed approach 
compared to the conventional methods, especially in MR images, in tumor regions with low 
contrast. The insinuated method has been rigorously corroborated with images assimilated on 
variety of imaging modalities with pledging results. 
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I. INTRODUCTION 

Aberration revealing in Magnetic Resonance (MR) brain images is a impudent task. The 

intricacy in brain image analysis is predominantly due to the prerequisite of detection deeds 

with high meticulousness within quick convergence time. The detection process of any 

abnormalities in the brain images are a two-step process. Initially, the abnormal MR brain 

images are classified into different categories (image classification) since treatment planning 

varies for different types of abnormalities. Further, the abnormal portion is extracted (image 

segmentation) to  perform volumetric analysis which verify the success rate of the treatment 

given to the patient.  
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     Fig 1.1: Color Labelling of Brain Image Parts with Oligodendrogliomas  Cell 

inducing regions 

Conventionally, the detection process is performed manually which is highly prone to error 

because of the intervention of human perception. Several automated techniques are developed 

to overcome this drawback. Among the automated techniques, Artificial Neural Networks 

(ANN) and Fuzzy techniques are found to be highly efficient in terms of the performance 

measures. But, the major factor is that the merits are not simultaneously available in the same 

ANN or the fuzzy technique. In this research work, several modified ANN and fuzzy 

techniques are proposed for image classification and segmentation applications. The focus of 

this research work is to develop automated techniques with simultaneous merits of high 

accuracy and convergence rate. Few conventional ANN and fuzzy techniques are also 

implemented to show the superior nature of the proposed approaches. The 

Oligodendrogliomas  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. Oligodendrogliomas  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 

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. 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 
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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.) 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 
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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 OLIGODENDROGLIOMA (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 

oligodendrogliomas , because they grow more slowly and incite little vasogenic edema. The 

location of these tumors is the cerebral hemisphere (oc-curs often in the frontal region or the 

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

pilocytic Oligodendroglioma and diffuse Oligodendroglioma 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 Oligodendroglioma. 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 

oligodendrogliomas  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].  

 

 
 

Fig 1.3 Oligodendroglioma occurring at higher Rate in Pie Chart 

 

HIGH GRADE OLIGODENDROGLIOMA (grades III and IV) 

Anaplastic Oligodendroglioma 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 oligodendrogliomas  have similar presentation features. In general they 
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tend to be less circumscribed than low grade oligodendrogliomas  and surrounded with more 

edema. The difference between anaplastic oligodendrogliomas  and GBMs is in appearance 

of necrosis in GBMs. High grade oligodendrogliomas  have a variable radiographic 

appearance. Anaplastic oligodendrogliomas  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 oligodendrogliomas  (grade III) [Mahesh and Tse, 2004], [Wen et al., 2001]. 

 
 

Fig 1.4 Oligodendroglioma Neoplasm occurs on children 

 

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]. 

 



International Journal of Emerging Trends in Engineering and Development        Issue 3, Vol.6 (November 2013)                                                                                                    

Available online on http://www.rspublication.com/ijeted/ijeted_index.htm                                  ISSN 2249-6149 
 

R S. Publication, rspublicationhouse@gmail.com Page 76 
 

II. LITERATURE SURVEY 

 

Several earlier works based on fuzzy logic theory are also reported in the literature. Tai et al 

(1998) have implemented a modified Fuzzy C-Means (FCM) algorithm for brain image 

segmentation. This method is shown to provide significant time saving when compared with 

the conventional FCM algorithm. Lack of quantitative analysis on segmentation efficiency is 

the drawback of this approach. A more accurate FCM algorithm is proposed by Dzung et al 

(1999). The outlined approach in this paper is applicable for MR images with intensity 

inhomogeneties. But the execution time of this approach is directly proportional to the 

amount of inhomogeneties present in the images. This leads to slower convergence rate 

which makes the system practically non-feasible. A complete survey of various segmentation 

algorithms is presented by Dzung et al (2000). The merits and the demerits of various 

techniques are analyzed in detail. Appropriate techniques for different applications are also 

suggested in this review paper. The applicability of conventional FCM algorithm for 3-D 

image processing is reported by Lynn et al (2001). High quality results are reported in this 

work but the experiments are conducted on a small size dataset which is highly insufficient to 

estimate the quality of the proposed system. Lack of generalization is another drawback of 

the approach since the analysis is performed only on glioma tumor images. Kai et al (2010) 

have implemented a Gaussian smoothing based FCM algorithm to achieve improved 

performance measures. This approach has incorporated a feature selection algorithm for 

improved accuracy. Experimental analysis has revealed the suitability of this approach for 

noisy MR images. But the computational complexity of this approach is significantly high 

due to the bootstrap based feature selection techniques. A fast and robust FCM based brain 

image segmentation is implemented by Cai et al (2007). The spatial and the gray information 

are combined together to develop this modified approach. Beevi et al (2010) have used the 

spatial probability of the neighbouring pixels to enhance the performance of the FCM 

algorithm. This work is highly inclined towards noisy environment. Modified approaches of 

FCM algorithm is also achieved by changing the membership adjustment equations. Such 

works are reported by Vasuda et al (2010) and Wang et al (2008). But, these works suffer 

either from inferior accuracy or increased computational complexity. A novel approach such 

as Suppressed-FCM (SFCM) is implemented by Hung et al (2006). The focus of this work is 

on the selection of various parameters for the training procedure. FCM technique for intensity 

in-homogeneity correction is proposed by Siyal et al (2005). An optimized FCM technique is 

implemented by Soesanti et al (2011). The inclusion of optimization has increased the 

computational complexity of the proposed approach. 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 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 
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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.  

 

III. FUZZY CONNECTEDNESS METHOD 

 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 [33,34].  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   

 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. 

3.1 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 [35].  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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3.2 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. 

3.3 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. 
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3.4 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  

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 

 

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

Fuzzy partitioning is carried out through an iterative optimization of the objective function 

shown, with the update of membership ij q and the cluster centers i c given below. The entire 

algorithm can be summarized as follows: 

Step 1: The membership matrix Q=[qij] is initialized. The size of this matrix is based on the 

number of rows and the number of columns in the input image. Each pixel in the input image 

will have four membership values. The range of each membership value is between 0 and 1. 

This initial membership matrix is randomly initialized and these values are refined to 

determine the final membership value. 

Step 2: At tth number of iteration, the center vectors i c with ij q are calculated. 

(1) 

The cluster centroid is the average intensity values of all the pixels in a particular cluster. In 

the above expression, ‗i‘ varies from 1 to 4 and hence four centroid values are to be 

determined in this work. These centroid values are dependent on the randomly initialized 

membership values. The pixel is assigned to the cluster based on the membership values. 

Also, ‗x‘ corresponds to the input feature set which consists of eight values for each pixel. 

Step 3: The membership matrix Q for the tth step and (t+1)th step is then updated. 
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(2) 

The membership matrix is further refined using Equation  based on the cluster centroid values 

determined from Equation. In this expression, the parameter ‗d‘ is the distance between the 

input intensity values and the cluster center. Thus, membership values are dependent on the 

centroid values. It is actually the ratio of the distance between the input pixel and the cluster 

in question to the distance between the intensity values and the entire cluster center. Thus 

steps 2 and 3 are repeated recursively for the specified number of iterations.  

Step 4: If || Q(t+1) - Q(t)||< r, then STOP; otherwise return to step 2.  

When the membership matrix of the current iteration is almost equal to the previous iteration, 

then the values are said to be stabilized. These are the final membership matrix for any 

corresponding input image. Then, the pixel is assigned to the cluster for which the 

membership value is maximum. In the above algorithm, the entire image (all pixel feature 

values) is supplied as input for image segmentation. The number of clusters used in this work 

is 4. The images are of size 256×256 with 8 features for each pixel. Hence, the size of the 

input dataset is 256×256×8 which is significantly high. Several parameters such as the 

number of initial clusters, initial membership  values and number of iterations (or) error 

threshold value are randomly initialized. The error threshold (r) used in this work is 0.01 and 

the number of iterations is 320. Also, the parameter convergence is highly iterative in nature 

which consumes huge computational time. This huge requirement for time period 

significantly limits the practical applications of the FCM algorithm. This drawback of 

computational complexity is eliminated in the modified FCM. 

IV. CANFIS Algorithm on Segmentation 

Classification problems pervade the world in an almost infinite abundance andvariety. 

Classification tasks occur in complex technical domains like in medicine for the diagnosis 

(Abu-Amara and Abdel-Qader 2009) of the disease based upon previous patient histories; in 

natural science with the categorization of DNA sequences or cell types; in manufacturing 

with classification of acceptable or defective parts; and in military applications such as the 

classification of enemy targets from radar images or digital surveillance pictures. In this 

chapter, adaptation of CANFIS with genetic optimization of parameters for computer aided 

medical diagnosis is proposed and the architecture is validated on standard databases. A 

novel method of initializing the tuning parameters of ANN using Stern series has been 

analyzed and CANFIS with preprocessing is tested on Single Proton Emission Computed 

Tomography (SPECT) and SPECTF database and the results obtained gives better 

classification accuracy.A Fuzzy Inference System (FIS) is a popular  computing framework 

based on the concepts of fuzzy set theory, fuzzy if-then rules and fuzzy reasoning. It can be 
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considered to be a parameterized nonlinear map (Jang 1993), called f based on the unified 

view of soft computing and expression of f is 

 

where yl is a place of output singleton if Mamdani reasoning (Mamdani 1974) is applied or a 

constant if Sugeno reasoning (Takagi and Sugeno 1985) is applied. The MF μAl i(xi) 

corresponds to the input  xi …. xn )of the rule l . The and connective in the premise is 

carried out by a product and defuzzification by the center-of-gravity method. This can be 

further written as 

 

where wi = yi and 

 

If F is a continuous, nonlinear map on a compact set, then there exists a fuzzy system f which 

can approximate F to any desired accuracy, i.e. F. The well-known theorems (Theorem A.3, 

A.4 and A.5) are presented in Appendix A from approximation theory for polynomials which 

can be extended to fuzzy systems (Wang 1996). From the theorems it can be concluded that 

polynomials are dense in the space of continuous functions, which can be applied to ANFIS 

structure. To present the ANFIS architecture (Jang 1993), consider two-fuzzy rules based on 

a first-order Sugeno model. 

 

The possible ANFIS architecture (Jang 1993) to implement the two rules has five layered 

architecture and is shown in Figure 4.1. x and y are the inputs and f is the required output. 

Note that a circle indicates a fixed node whereas a square indicates an adaptive node (the 

parameters are changed during training). In the following presentation L, i denotes the output 

of node i in a layer L. 
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Layer 1: All the nodes in this layer are adaptive nodes and is the degree of the membership 

of the input to the fuzzy membership function (MF) represented by the node, 

 

 

Ai and Bi can be any appropriate fuzzy sets in parameter form. For example, if bell MF is 

used then, where ai, bi and ci are the parameters for the MF.  

 

Figure 4.1 ANFIS Architecture 

Layer 2: The nodes in this layer are fixed (not adaptive) and labeled to indicate that they play 

the role of a simple multiplier. The outputs of these nodes are given by 
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The output of each node is this layer represents the firing strength of the rule. 

Layer 3: Nodes in this layer are also fixed nodes. These are labeled N to indicate that these 

perform a normalization of the f 

 

Layer 4: All the nodes in this layer are adaptive nodes. The output of each node is simply the 

product of the normalized firing strength and a first-order polynomial. 

 

where pi, qi, and ri are design parameters (consequent parameter since they deal with the 

then-part of the fuzzy rule) 

Layer 5: This layer has only one node labeled Σ to indicate that it performs the function of a 

simple summer. The output of this single node is given by, 

 

The ANFIS architecture is not unique. Some layers can be combined and still produce the 

same output. In this ANFIS architecture, there are two adaptive layers (1 and 4). Layer 1 has 

three modifiable parameters (ai, bi, and ci) pertaining to the input MFs. These parameters are 

called premise parameters. Layer 4 has also three modifiable parameters (pi, qi, and ri) 

pertaining to the first-order polynomial. These parameters are called consequent parameters 

The task of training algorithm for this architecture is to tune all the modifiable parameters to 

make the ANFIS output match the training data. Note here that ai, bi, and ci describe the 

sigma, slope and the center of the bell MFs, respectively. If these parameters are fixed, the 

output of the network becomes 
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This is a linear combination of the modifiable parameters. For this observation, the parameter 

set can be divided into two sets such as 

 

For the forward path, least square method is applied to identify the consequent parameters. 

For a given set of values of S1, training data can be plugged to obtain a matrix equation 

 

where  contains the unknown parameters in S2. This is a linear square problem, and the 

solution for   , which minimizes  the following, it is  the least square estimator. 

 

The fundamental component of CANFIS is a fuzzy axon, which applies membership 

functions to the inputs. Two MFs commonly used are generalized Bell a nd Gaussian. The 

output of a fuzzy axon is computed using the following formula: 
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CANFIS powerful capability stems from pattern-dependent weights between consequent 

layer and fuzzy association layer. Membership values correspond to those dynamically 

changeable weights that depend on input patterns. The network also contains a normalization 

axon to expand the output into a range of 0 to 1. Although the inside of each neural 

consequent turns out to be a black box, the whole CANFIS model retains the concept of 

fuzzy reasoning. In terms of the behavior of the whole system, it still enjoys transparency 

with respect to MF interpretability. One possible way of obtaining more precision in a given 

mapping is to construct the neural consequents without increasing fuzzy rules. When neural 

consequents are combined to form neural rules, it helps to reduce the number of modifiable 

parameters and CANFIS with neural rules becomes equivalent to modular networks. The 

second major component in this type of CANFIS is a modular network that applies functional 

rules to the inputs. The number of modular networks matches the number of network outputs, 

and the number of processing elements in each network corresponds to the number of MFs. 

CANFIS also has a combiner axon that applies the MFs outputs to the modular network 

outputs. The combined outputs are then channeled through a final output layer, and the error 

is back propagated to both the MF and the modular network (Nauck and Kruse 1999). The 

function of each layer  has each node in Layer 1 is the membership grade of a fuzzy set (A, B, 

C, or D) and specifies the degree to which the given input belongs to one of the fuzzy sets. 

The fuzzy sets are defined by three MFs.  

 

V. EXPERIMENTAL RESULT 

The experiment was carried out in 3T- and 7Tweighted clinical brain MR images. Fig. 5.1 

shows three 3Tweighted clinical brain MR images that were used in [5], together with the 

estimated bias fields and segmentation results. It is clear from this figure that in spite of the 

quite obvious bias field and noise in these images, the proposed algorithm can estimate the 

bias field and achieves satisfactory segmentation results.  initialize the centroids with k-

means clustering. The intersection of Ref and Seg, used in the SI and OF, is similar to the 

volume of the correctly classified voxels (Overlap). The volume of Seg corresponds to the 

false positives (Extra). The SI was represented in a graph as function of the threshold, 

running from 0 to 1, for all feature sets. In practice, for clarity of the evaluation, it is desirable 

to have a general measure, representing the accuracy of the probability map as a whole. 

Therefore, probabilistic versions of the similarity measures are calculated, which provide an 

opportunity to compare segmentation methods, in which probabilistic outcomes are evaluated 

by comparison with binary references. To compare differences in feature sets for areas under 

the ROC curves, similarity measures (SI, OF and EF) and probabilistic similarity measures 

(PSI, POF and PEF), paired samples t tests were used. A P < 0.05 was considered as 

statistically significant. These analyses were only performed for the ‗‗all patient‘‘ category, 

and not for the subcategories of patients, because of the limited statistical power. 
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Fig: 5.1  (A) (B) (C)  (D) (E) (F) (G) (H)  Illustration of (a) brain MR CORONAL images 

with obvious intensity inhomogeneity and low contrast, (b) its region of interest, (c) 

ground truth, and segmentation results Head Mask and Edge Point Counting, (D) 

Tumor Detector Image, (E) Tumor  Pixel Detection After Iteration, (F) Seed Point 

Selection on Image, (G) After Seperation of Seed Point in Image, (H) Result of 

Segmentation by Proposed Approach 

 

VI. CONCLUSION 

 Based on the experimental comparision of ANFIS, CANFIS and Fuzzy Connectedness of the 

Brain Neoplasm shows the Hybrid of the CANFIS and Fuzzy method yields sophisticated 

automatic segmentation for the MR , CT and other types of medical image for dissection 

which would breakthrough in the Lung cancer, kidney stone accurate identification and the 

the presented approach of  an improved fuzzy connectedness (FC) algorithm 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 (SI), overlap fraction (OF), and extra fraction (EF) 

indicate a higher performance of the proposed approach compared to the conventional 

methods, Comparisons between the proposed approach and the current state-of-the-art 
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segmentation approaches on both real MR Imaging datasets  and synthetic phantoms confirm 

that our more precise model yields a much higher segmentation accuracy, as evidenced by the 

error analysis 
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