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Abstract
The performance of the set segmentation is subject to appropriate 
initialization and optimal configuration of controlling parameters, 
which requires 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 controlling 
parameters of the level set evolution are also estimated from the 
fuzzy clustering. Moreover 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 .the results confirm 
its effectiveness for medical image segmentation.
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I. Introduction
A well-studied problem in computer vision is the fundamental 
task of segmenting or partitioning an image intodisjoint regions 
with applications ranging from medical image analysis, quality 
control, or military surveillanceand tracking. Although the general 
segmentation problem involves separating N distinct partitions, a 
piecewiseassumption of two sets is generally made. That is, the 
image is assumed to be comprised of two homogeneousregions, 
often referred to as “Object” and “Background”. The goal of 
segmentation is to accurately capturethese regions. Specifically, 
the use of active contours has been proven to be quite successful 
in accomplishingthis task.Region based approaches have 
been popularized due to a higher level of robustness to noise 
and initialization when compared to models based on local 
information. In region-based segmentation, energy models 
employ theuse of image statistics dependent on the segmenting 
curve using parametric and non-parametric methods. we will 
restrict most of our discussion to approaches that generalize the 
statistical inferencebeyond first and second moments to entire 
Probability Density Functions (pdf). From this, segmentation 
can bereinterpreted as measuring the “distance” between two 
distributions via a similarity metric. We relax the assumption of 
a-priori knowledge, and focus on the accurate segmentation of 
biological structures orpathologies found in medical imagery. A 
qualitative comparison between the Bhattacharya distance and 
ournewly proposed metric is then done to highlight the notion 
that similarity measures can not be applied equallyfor image 
segmentation. In particular situations, one distribution metric 
may prevail while another measure maybe highly dependent 
on the initialization or statistical information. To the best of our 
knowledge, a qualitative comparison of segmentation results has 
not been made.

II. Image Segmentation
Segmentation is a vital aspect of medical imaging. It aids in 
the visualization of medical data and diagnostics of various 
dieses. This report presents an implementation of a level set 
approach for activecontour image segmentation. This method 
is originally developed by Osher and Sethian and then appliedto 
image segmentation by Malladi. No requirements about objects’ 
shape and allowance for very flexible topology change are key 
advantages for this method. Partitional clustering essentially 
deals with the task ofpartitioning a set of entities into a number 
of homogeneousclusters, with respect to a suitable similarity 
measure. Due to the fuzzy nature of many practical problems,a 
number of fuzzy clustering methods have been developed 
following the general fuzzy set theory strategies outlined by 
Zadeh. The main difference between the traditional hard clustering 
and fuzzy clustering canbe stated as follows. While in hard 
clustering an entity belongs only to one cluster, in fuzzy clustering 
entities are allowed to belong to many clusters with discerent 
degrees of membership. Partitional clustering essentially deals 
with the task of partitioning a set of entities into a number of 
homogeneousclusters, with respect to a suitable similarity measure 
Due to the fuzzy nature of many practical problems, a number 
of fuzzy clustering methods have been developed following the 
general fuzzy set theory strategies outlined. The main di¤erence 
between the traditional hard clustering and fuzzy clustering canbe 
stated as follows. While in hard clustering an entitybelongs only 
to one cluster, in fuzzy clustering entities are allowed to belong 
to many clusters with discerent degrees of membership.The most 
known method of fuzzy clustering is the Fuzzy c-Means Method 
(FCM), initially proposed by Dunn and generalized by Bezdek  and 
other authors, Usually, membership functions are defined based 
on a distance function, such that membership degrees express 
proximities of entitiesto cluster centers.

Fig. 1:

Automatic Region of Interest Based Medical Image 
Segmentation using Spatial Fuzzy K Clustering Method
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Partitional clustering essentially deals with the task of partitioning a 
set of entities into a number of homogeneous clusters, with respect 
to the fuzzy cluster structure relates to the data from which it is 
derived, from this different clusters and shapes can be identified. 
The data is generated from a cluster structure identified.
Image segmentation plays an important role in image analysis and 
computer vision. The goal of image segmentation is partitioning 
of an image into a set of disjoint regions with uniform and 
homogeneous attributes such as intensity, color, tone etc. The 
image segmentation approaches can be divided into four categories; 
thresholding, clustering, edge detection, and region extraction. In 
color images, the boundaries between objects are blurred and 
distorted due to the imaging acquisition process. Further more, 
object definitions are not always crisp and knowledge about the 
objects in a scene may bevague. Fuzzy set theory and Fuzzy 
logic are ideally suitedto deal with such uncertainties. Fuzzy 
clustering models have proved a particularly promising solution 
to the color clustering problem. Such unsupervised models can be 
usedwith any number of features and clusters. The Fuzzy Cmeans 
(FCM) algorithm, proposed by Bezdek (1981), isthe first and 
most widely used algorithm in image segmentation because it 
has robust characteristics for ambiguity and can retain much more 
information than hard segmentation methods.

III. Clustering
The notion of a cluster varies between algorithms and is one of the 
many decisions to take when choosing the appropriate algorithm 
for a particular problem. At first the terminology of a cluster seems 
obvious: a group of data objects. However, the clusters found by 
different algorithms vary significantly in their properties, and 
understanding these cluster models is key to understanding the 
differences between the various algorithms. Typical cluster models 
include:

Connectivity models: for example hierarchical clustering 1. 
builds models based on distance connectivity.
Centroid models: for example the k-means algorithm 2. 
represents each cluster by a single mean vector.
Distribution models: clusters are modeled using statistic 3. 
distributions, such as multivariate normal distributions used 
by the Expectation-maximization algorithm.
Density models: for example DBSCAN and OPTICS defines 4. 
clusters as connected dense regions in the data space.
Subspace models: in Biclustering (also known as Co-5. 
clustering or two-mode-clustering), clusters are modeled 
with both cluster members and relevant attributes.
Group models: some algorithms (unfortunately) do not 6. 
provide a refined model for their results and just provide the 
grouping information.

A clustering is essentially a set of such clusters, usually containing 
all objects in the data set. Additionally, it may specify the 
relationship of the clusters to each other, for example a hierarchy 
of clusters embedded in each other. Clusterings can be roughly 
distinguished in:

hard clustering: each object belongs to a cluster or not• 
soft clustering (also: fuzzy clustering): each object belongs to • 
each cluster to a certain degree (e.g. a likelihood of belonging 
to the cluster)

 
Fig. 2(a): Initial Image of a Cell Cluster with Overlapped Cells, 
(b). Resultedimage with the Suppressed Regional Minima, (c) 
Areas of Regional Minima, and (d). Centroids of Minima

IV. Fuzzy Clustering
Clustering is the process of dividing the data into homogenous 
regions based on the similarity of objects;information that is 
logically similar physically is stored together, in order to increase 
the efficiency in the database system and to minimize the number 
of diskaccess. The process of clustering is to assign the q feature 
vectors into K clusters, for each kth cluster Ck is its center. Fuzzy 
Clustering has been used in many fields like pattern recognition and 
Fuzzy identification. A variety of Fuzzy clustering methods have 
been proposed and mostof them are based upon distance criteria. 
The most widelyused algorithm is the Fuzzy C-Mean algorithm 
(FCM), ituses reciprocal distance to compute fuzzy weights. 
Thisalgorithm has as input a predefined number of clusters,which 
is the k from its name. Means stands for an average location of all 
the members of particular cluster and the output is a partitioning 
of k cluster on a set of objects.The objective of the FCM cluster 
is to minimize the totalweighted mean square error:
The FCM allows each feature vector to belong to multiple clusters 
with various fuzzy membership values . Then the final classification 
will be according to the maximum weight of the feature vector 
over all clusters. The detailed
algorithm: Input: Vectors of objects, each object represent 
sdimensions, where v = {v1,v2,……,vn} in our case it will
be an image pixels, each pixel has three dimensions RGB,K = 
number of clusters.
Output = a set of K clusters which minimize the sum of distance 
error.
Algorithm steps:

Initialize random weight for each pixel, it uses fuzzy weighting • 
with positive weights {Wqk}between [0, 1].
Standardize the initial weights for each qth feature vector • 
over all K clusters via   
Standardize the weights over k = 1,…,K for eachq to obtain • 
Wqk



IJECT Vol. 3, IssuE 1, Jan. - MarCh 2012 ISSN : 2230-7109 (Online)  |  ISSN : 2230-9543 (Print)

w w w . i j e c t . o r g228   InternatIonal Journal of electronIcs & communIcatIon technology

A. K-Means Clustering Technique
Efficiency of the original k-means algorithm heavilyrelies on the 
initial centroids [3,5-7]. Initial centroids alsohave an influence 
on the number of iterations required while running the original 
k-means algorithm. The computational complexity of the original 
k-means algorithm is very high,specifically for massive data sets 
[3]. This paper presents anenhanced method for finding the better 
initial centroids andto provide an efficient way of assigning the 
data points to suitable clusters.

B. K-Means Procedure
The k-means clustering algorithm includes the followingsteps:
1. Selecting the number of clusters k with initial clustercentroids 
vi, i = 1, ... 2, k.
2. Partitioning the input data points into k clusters byassigning each 
data point xj to the closest clustercentroid vi using the selected 
distance measure, for example, Euclidean distance, defined as
where, X = {x1, x2, ...xn} is the input data set.
3. Computing a cluster assignment matrix U representing the 
partition of the data points with the binary membership value of 
the jth data point to the ith cluster.
4. Re-computing the centroids using the membership values by
5. If cluster centroids or the assignment matrix does notchange 
from the previous iteration, stop; otherwise goto step 2.
The k-means clustering method optimizes the sum-ofsquared-
error-based objective function Jw (U, v) thenIt can be spotted 
from the above algorithm that the kmeansclustering method is 
quite sensitive to the initialcluster assignment and the choice of 
the distance measure.

IV. Fuzzy K-means
The binary character of partitions described so far may not always 
be a convincing representation of the structure of data. Consider 
the set of two-dimensional patterns illustrated in fig. 3. While we 
can easily detect three clusters, their character is different. The 
first one is quite compact, with highly concentrated patterns. The 
other two exhibit completely different structures. They are far less 
condensed, with several patterns whose allocation to a given cluster 
may be far less certain. In fact, we may be tempted to allocate them 
to two clusters with varying degrees of membership. This simple 
and appealing idea forms a cornerstone of fuzzy sets—collections 
of elements with partial membership in several categories. The 
two identified patterns could easily belong to several clusters.

Fig. 3: Three Clusters with Patterns of Partial Membership 
(Belongingness) in the Clusters. The Patterns of Borderline 
Character are Pointed to by the Arrows
These situations of partial membership occur quite often. Structures 

(clusters) may not be well separated for a variety of reasons. There 
may be noise or lack of discriminatory power of the feature space 
in which the patterns are represented. Some patterns could be 
genuine outliers. Some of them could be borderline cases and thus 
are difficult to classify. As a result, they may require far greater 
attention. A clustering algorithm that could easily provide detailed 
insight into the membership grades of the patterns could be a 
genuine asset. Let us assume that this is true and that the partition 
matrix now consists of grades of membership distributed in the 
unit interval. For the data in fig. 1.8, the partition matrix comes 
with the entries shown. The results are highly appealing, and they 
fully reflect our intuitive observations: patterns 6 and 7 have a 
borderline character, with membership grades in one of the clusters 
at the 0.5 level. The values in the partition matrix quantify the 
effect of partial membership. Because we have allowed for partial 
membership, the clustering algorithm leading to such conceptual 
augmentation is regarded as a generalization of the standard 
FCM and is named of fuzzy C-Means or FCM, for short This 
generalization was introduced by Dunn (1974) and generalized 
by Bezdek (1981). The performance index (objective function) 
guiding the search through the data space assumes the form

   (1)
It seems similar to the one guiding the optimization of the Boolean 
(two-valued) partition matrix with only one significant exception: 
we consider U to be a fuzzy partition, viz., a matrix with the 
entries confined to the unit interval that satisfies two important 
requirements:
The clusters are nontrivial. For each cluster (i = 1, 2, . . .,c) we end 
up with a nonempty construct that does not include all patterns.
The total membership grades sum to 1, so the distribution of 
belongingness is equal to 1.

 (2)
with λ denoting a Lagrange multiplier. Computing the derivative 
of V with respect to ustand making it equal to 0, we obtain

  (3)

V. Simulation Results
we test our region-based segmentation model on several images, 
which further demonstrates the viability and possible advantage 
of our distribution metric for image segmentation. A common 
example that is often tested with energy models that discriminate 
on probability distributions is the zebra image. The goal here is 
to capture the entire zebra by separating the distributions so as to 
obtain a bimodal “Object” with a unimodal background. We note 
that several segmentation methods have been able to capture this 
image. However, for the sake of completeness, we show results 
in fig. 4. Stages of the segmentation are shown along with the 
corresponding plots of the probability distributions. Segmenting 
biological structures from medical images is often a challenging 
task. This is due to the inherent in homogeneous distribution of a 
photometric variable as well as the low contrast and noise (as seen 
in the Kaposi Sarcoma). In the remaining examples, we segment 
both the corpus callosum and an MRI image of a heart.
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Fig. 4:

VI. Conclusion
We introduce a new metric for image segmentation that quantifies 
the “distance” between two distributions as the standard deviation 
of the difference between logarithms of those densities. While 
several metrics and measures have been proposed for image 
segmentation, results often vary drastically. Specifically, although 
separating distributions using the Bhattacharyya distance as a 
measure has resulted in the successful segmentation on some 
challenging imagery, in other cases such as the Kaposi Sarcoma, 
the Bhattacharyya - based algorithm fails to capture the infected 
portion of the skin while the energy model proposed in this paper 
results in a successful segmentation. The differing segmentation 
results can be traced to how the respective metrics penalize 
perturbations on a manifold of distributions. Thus, a subject of 
future work is to investigate and clarify how differences in metrics 
affect segmentation.
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