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ABSTRACT  
 

 Bladder cancer presents a spectrum of different diatheses. A precise assessment for 

individualized treatment depends on the accuracy of the initial diagnosis. In this method the 

performance of the level set segmentation is subject to appropriate initialization and optimal 

configuration of controlling parameters, which require substantial manual intervention. A 

new fuzzy level set algorithm is proposed in this paper to facilitate medical image 

segmentation. It is able to directly evolve from the initial segmentation by spatial fuzzy 

clustering.  The Spatial induced fuzzy c-means using pixel classification and level set 

methods are utilizing dynamic variational boundaries for image segmentation. The 

controlling parameters of level set evolution are also estimated from the results of clustering. 

The fuzzy level set algorithm is enhanced with locally regularized evolution. Such 

improvements facilitate level set manipulation and lead to more robust segmentation. 

Performance evaluation of the proposed algorithm was carried on medical images from 

different modalities. 

 

Index Term: Magnetic Resonance Imaging (MRI), K-means, fuzzy c-means, spatial fuzzy 

clustering with level set method. 

 

1. INTRODUCTION 
 

 Bladder cancer starts in the cells of the bladder. The bladder, a part of the urinary 

system, is in the lower part of the abdomen. It is a hollow, balloon-shaped organ with a 

flexible, muscular wall. Urine is processed by the kidneys. It is then passed to the bladder 

through 2 tubes called ureters. When the bladder is full, the muscles in the bladder wall 

tighten to force the urine out of the bladder. The urine empties out of the bladder and passes 

out of the body through a tube called the urethra. 
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2. EXISTING METHOD (K-MEANS AND FUZZY C MEANS METHODS) 

 

 Morphological processing is constructed with operations on sets of pixels. Binary 

morphology uses only set membership and is indifferent to the value, such as gray level or 

color, of a pixel. Morphological image processing relies on the ordering of pixels in an image 

and many times is applied to binary and gray scale images. Through processes such as 

erosion, dilation, opening and closing, binary images can be modified to the user's 

specifications. Binary images are images whose pixels have only two possible intensity 

values. They are normally displayed as black and white. Numerically, the two values are 

often 0 for black, and either 1 or 255 for white.  The rest (usually black) is referred to as the 

background color. However, depending on the image which is to be threshold, this polarity 

might be inverted, and in which case the object is displayed with 0 and the background is 

with a non-zero value. Some morphological operators assume a certain polarity of the binary 

input image so that if we process an image with inverse polarity the operator will have the 

opposite effect. For example, if we apply a closing operator to a black text on white 

background, the text will be opened. 

 

Steps for k-means:  
1. Give the no of cluster value as k.  

2. Randomly choose the k cluster centers  

3. Calculate mean or center of the cluster  

4. Calculate the distance b/w each pixel to each cluster center  

5. If the distance is near to the center then move to that cluster.  

6. Otherwise move to next cluster.  

7. Re-estimate the center.  

8. Repeat the process until the center doesn't move 

 

Steps for Fuzzy C-means: 

 

I. Initialize U=[uij] matrix, U(0)  

II. At k-step: calculate the centers vectors C(k)=[cj] with U(k)  
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IV. If || U (k+1) – U (k)||< ε then STOP; otherwise return to step II.  
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4. PROPOSED ALGORITHM  

 

4.1 Spatial fuzzy clustering and image segmentation 
 In fuzzy clustering, the centroid and the scope of each subclass are estimated 

adaptively in order to minimize a pre-defined cost function. It is thereby appropriate to take 

fuzzy clustering as a kind of adaptive thresholding. Fuzzy c-means (FCM) is one of most 

popular algorithms in fuzzy clustering, and has been widely applied to medical field. 

The classical FCM algorithm originates from the k-means algorithm. In brief, the k-means 

algorithm seeks to assign N objects, based on their attributes, into K clusters (K&N). For 

medical image segmentation, N equals the number of image pixels NxXNy. The desired 

results include the centroid of each cluster and the affiliations of N objects. Standard k-means 

clustering attempts to minimize the cost function 

 

' � ( (�)*+ , -.)�     /   0
+1�

�
.1�  

 

where in is the specific image pixel, -.   the centroid of the 234 cluster, and ). ) denotes the 

norm. The ideal results of a k-means algorithm maximize the inter-cluster variations, but 

minimize the intra- cluster ones.  

 In k-means clustering, every object is limited to one and only one of K clusters. In 

contrast, an FCM utilizes a membership function 2.+to indicate the degree of membership 

of the nth object to the 234cluster, which is justifiable for medical image segmentation as 

physiological tissues are usually not homogeneous. The cost function in an FCM is similar  
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 is a parameter controlling the fuzziness of the resultant segmentation. The membership 

functions are subject to the following constraints: 

 

( µ.+
6

.1� � 1; 0 : µ.+ : 1; ( µ;<
0
+1� = 0. 

 

The membership functions >.+ and the centroids vm are updated iteratively 
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 The standard FCM algorithm is optimized when pixels close to their centroid are 

assigned high membership values, while those that are far away are assigned low values. One 

of the problems of standard FCM algorithms in an image segmentation is the lack of spatial 
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information. Since image noise and artifacts often impair the performance of an FCM 

segmentation, it would be attractive to incorporate spatial information into an FCM. Cai etal. 

proposed a generalized FCM algorithm that adopts a similarity factor to incorporate local 

intensity and spatial information. In contrast to the above preparatory weighting, it is also 

possible to utilize morphological operations to apply spatial restrictions at the post-processing 

stage. Chuang et al.  proposed another spatial FCM algorithm in which spatial information 

can be incorporated into fuzzy member- ship functions directly using 

 

µ.+′ � µ.+F G.+H∑ Iµ�+F G�+H JC�1�          
 

where p and q are two parameters controlling the respective contribution. The variable hmn 

includes spatial information by  

 G.+ � ( µ+��10K
 

 

where Nn denotes a local window centered around the image pixel n. The weighted mmn and 

the centroid vm are update. 

 

2.1. Cluster Validity Functions  
 One of the fundamental challenges of clustering is how to evaluate results, without 

auxiliary information. A common approach for evaluation of clustering results is to use 

validity indexes. Clustering validation is a technique to find a set of clusters that best fits 

natural partitions (number of clusters) without any class information.  

Generally speaking, there are two types of clustering techniques, which are based on external 

criteria and internal criteria.  

• External validation: Based on previous knowledge about data.  

• Internal validation: Based on the information intrinsic to the data alone. 

 Considering these two types of cluster validation to determine the correct number of 

groups from a dataset, one option is to use external validation indexes for which a priori 

knowledge of dataset information is required, but it is hard to say if they can be used in real 

problems. Another option is to use internal validity indexes which do not require a priori 

information from dataset. 

 The fuzzy clustering based on image intensity is done by initial segmentation which 

employs level set methods for object refinement by tracking boundary variation. The widely 

used conventional fuzzy c-means for medical image segmentations has limitations because of 

its squared-norm distance measure to measure the similarity between centers and data objects 

of medical images which are corrupted by heavy noise, outliers, and other imaging artifacts. 

To overcome the limitations the proposed technique Kernel Induced Possibilistic Fuzzy C – 

Means (KFCM) with Level Set Segmentation has been introduced. Compared to previous 

method FCM, the proposed KFCM algorithm has significantly improved in the following 

aspects. First, the KFCM incorporates spatial information during an adaptive optimization, 

which eliminates the intermediate morphological operations. Second, the controlling 

parameters of level set segmentation are now derived from the results of fuzzy clustering 

directly. Finally the proposed algorithm is more robust to noise and outliers, and still retains 

computational simplicity. 
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3.1. Fuzzy Objective  
 The fuzzy c-means assigns pixels to c partitions by using fuzzy memberships. Let X = 

{x1, x2, x3… xn} denote an image with n pixels to be partioned into c clusters, where xi (i = 

1, 2, 3 ... n) is the pixel intensity. The objective function is to discover nonlinear relationships 

among data, kernel methods use embedding mappings that map features of the data to new 

feature spaces. The proposed technique Kernel Induced Possibilistic Fuzzy C-Means 

(KFCM) is an iterative clustering technique that minimizes the objective function.  

Given an image dataset, X = {x1…xn}⊂Rp, the original KFCM algorithm partitions X into c 

fuzzy subsets by minimizing the following objective function as, 

 

'�M, �, -� �((uE�.�)O� , -E)�     /+
�1�

C
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where c is the number of clusters and selected as a specified value;nis the number of data 

points, uik the membership of xk in class i, satisfying the  

 

(�E�6
E1� � 1 

 

m the quantity controlling clustering fuzziness, and V the set of cluster centers or prototypes 

(vi∈Rp).  

 

3.2. Kernel Induced Possibilistic Fuzzy C-Means  
 In fuzzy clustering, the centroid and the scope of each subclass are estimated 

adaptively in order to minimize a pre-defined cost function. It is one of the most popular 

algorithms in fuzzy, and has been applied in medical problems. The fuzzy utilizes a 

membership function to indicate the degree of membership of the nth object to the mth cluster 

which is justifiable for medical image segmentation, as physiological tissues are usually not 

homogeneous.  

 The fuzzy utilizes a membership function to indicate the degree of membership in 

finding the allocate space and allocate resources which is justifiable for medical image 

segmentation. 

 Kernel Induced Possibilistic Fuzzy C Means (KFCM) clustering algorithm is 

incorporates the spatial neighborhood information with traditional FCM and updating the 

objective function of each cluster. The KFCM uses the probabilistic constraint that the 

memberships of a data point across classes are sum to one. The kernel induced possibilistic c-

means algorithm is used to minimize the objective function using Gaussian kernel function. 

The Gaussian function ηiare estimated using, 

 

QE � R∑ �E�.2�1 , R�O� , -E��++1� ∑ �E�.+�1�  

 

 The fuzzy membership function uik is that the edges connecting the inner data points 

in a cluster may have a larger degree of belonging to a cluster than the peripheral‖ edges 

(which, in a sense, reflects a greater strength of connectivity between a pair of data points). 

For instance, the edges (indexed i) connecting the inner point in a cluster (indexed k) are 

assigned uik = 1 whereas the edges linking the boundary points in a cluster have uik< 1. 
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 Each cluster is represented by a data point called a cluster center, and the method 

searches for clusters so as to maximize a fitness function called net similarity. The method is 

iterative and stops after maximum iterations (default of 500). It automatically determines the 

number of clusters, based on the input p, which is an Nx1 matrix of real numbers called 

preferences. A good choice is to set all preference values to the median of the similarity 

values. The number of identified clusters can be increased or decreased by changing this 

value accordingly. 

 The objective function in the clustering problem becomes more general so that the 

weights of data points are being taken into account, as follows: 

 

T�U� � (�(�E����. , V W(X������+
�1�

|6#|
E1� ��

�1�  

 

 where C denotes the decomposition of the given clusters, C1, …, CK are not-

necessarily disjoint clusters in the decomposition C, γ denotes the modulating argument, S(C) 

denotes the total strength of connectivity cluster, designates, as in the edge connectivity of 

cluster, the weight ui(j)k,k is the membership degree of i(j) containing data point j in cluster 

k, and finally, it is the fitness of cluster j to cluster k. 

 

3.3. Level Set Segmentation  
 The fuzzy using pixel classification with level set methods utilizes dynamic 

variational boundaries for image segmentation. Segmenting images by means of active 

contours is well known approach instead of parametric characterization of active contours. 

Level set methods embed them into a time dependent PDE function. It is possible to 

approximate the evolution of active contours implicitly by tracking the zero level set.  

The level set evolution of active contour implicitly tracking the zero level  

 

setΓ(t), Z Φ�t, x, y� ^ 0        �x, y�is insde Γ�t�  Φ�t, x, y� � 0        �x, y�is at Γ�t�  
Φ�t, x, y� = 0        �x, y�is outside Γ�t�  f 

 

3.4. Fuzzy With Level Set Algorithm  
 Both fuzzy algorithms and level set methods are general-purposed computational 

model that can be applied to problems of any dimensions. A new fuzzy level set algorithm is 

proposed for automated medical image segmentation. The algorithm automates the 

initialization and parameter configuration of the level set segmentation, using Kernel Fuzzy 

clustering.  

 A new fuzzy level set algorithm automates the initialization and parameter 

configuration of the level set segmentation, using spatial kernel fuzzy clustering. It employs a 

KFCM with spatial constraints to determine the approximate contours of interest in a medical 

image. Benefitting from the flexible initializations, the enhanced level set function can 

accommodate KFCM results directly for evolution. The enhancement achieves several 

practical benefits. The objective function now is derived from spatial fuzzy clustering 

directly. The level set function will automatically slow down the evolution and will become 

totally dependent on the smoothing term. 
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4. IMPLEMENTATION  
 

Step 1: In fuzzy clustering process, the input MRI image and number of clusters areto be 

initialized. In this process, fuzzy objective function, membership function and weights are 

calculated. To separate the partition matrix with help of cluster centroid value, the distance 

matrix is used to find the similarity index value of black and white pixels of the image. In the 

last iteration, the final partitioned objective function is derived.  

Step 2: Contour plot is defined to separate the background and foreground region in the 

image. The regions of object in binary images are found using initial contour and perimeter 

functions 

Step 3: 2-D convolution process, Gaussian filter function creates an image smoothness value 

which returns the central part of the image convolution.  

Step 4: The image pixel directions are estimated with the help of gradient function which can 

either be scalars to specify the spacing between points in each direction or vectors to specify 

the coordinates of the values along corresponding dimensions. The variation in space of any 

quantity can be represented (e.g. graphically) by a slope. The gradient represents the 

steepness and direction of that slope.  

Step 5: The Neumann boundary or second-type boundary condition is a type of boundary 

condition, named after Carl Neumann. When imposed on an ordinary or a partial differential 

equation, it specifies the values that the derivative of a solution is to take on the boundary of 

the domain. 

Step 6: In Level set evolution there arethree types of processes that are integratedin the final 

segmentation. (i) The Neumann boundary condition specifies the normal derivative of the 

function on a surface. (ii) The Direct Adaptive Controller method is used by a controller 

which must adapt to a controlled system with parameters which vary, or are initially 

uncertain. (iii) The curvature central method is used to separate the gradient coordinate’s 

directions and sum of these points is used to find out the position which evaluates the final 

segmentation. 

 

5. RESULTS  
 

 The result of experiments and performance evolution were carried on medical images 

from different modalities, including an ultrasound image, bladder tumors and MRI slice of 

cancer cells. Both the algorithms of spatial Kernel Fuzzy induced Clustering and fuzzy level 

set method were implemented in matlab R2008b. The experiments were designed to evaluate 

the usefulness of initial fuzzy clustering for level set segmentation. It adopted the fast level 

set algorithm as in the curve optimization, where the initialization was by manual 

demarcation, intensity thersholding and Spatial KFCM. Due to weak boundaries and strong 

background noise, manual initialization did not lead to an optimal level set segmentation. The 

intensity thersholding and fuzzy clustering attracted the dynamic curve quickly to the 

boundaries of interest. 
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FIG 1: K-MEANS AND FUZZY C-MEANS CLUSTERING FOR MRI 
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FIG 2: SPATIAL FUZZY CLUSTERING WITH LEVEL SET FOR MRI 

 

 

CONCLUSION 
 

 In this paper we have worked with a spatial kernel induced Fuzzy level set algorithm 

that has been proposed for automated MRI image segmentation. The enhanced FCM 

algorithms with spatial information can approximate the boundaries of interest well. The 

level set evolution will start from a region close to the genuine boundaries. The algorithm 

estimates the controlling parameters from spatial clustering automatically. This has reduced 

the manual intervention. Finally the fuzzy level set evolution is modified locally by means of 

spatial fuzzy clustering. All these improvements lead to a robust algorithm for medical image 

segmentation. 
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