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Abstract:  Image segmentation is a process of partitioning a 

digital image into multiple segments. The goal of 

segmentation is to simplify or to change the representation 

of an image into something that is more meaningful and 

easier to analyse. Having good segmentation in medical 

images will benefit clinicians and patients as they provide 

important information for surgical planning and early 

disease detection. Supervised medical image segmentation 

requires large number of training data sets, which are used 

to determine an object/region. Even a slight change in the 

datasets will provide us mismatch. So, we move to 

unsupervised medical segmentation, which requires less 

intervention of human. The existing methods to perform 

segmentation like Watershed provides over segmentation 

and sensitive to noise. We can able to overcome the above 

mentioned drawbacks by using image segmentation based on 

Local Center of Mass. This proposed  method  provides an 

accurate segmentation. 
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I.Introduction 

Image segmentation is a technique of extracting the 

region of interest. In order to analyze a medical image 

segmentation will be the first and foremost step. Image 

segmentation divides an image into regions such that pixels 

within the region are homogeneous with similar properties 

based on some pre-defined conditions. 

All regions are mutually exclusive and aggregation of all 

the regions gives original image. Segmentation techniques are 

mainly categorized into four classes namely, threshold based 

techniques, region based techniques, pixel classification 

techniques and model based techniques. Many segmentation 

methods like simple watershed method, clustering, 

thresholding  

 

and adaptive thresholding do not perform well with noisy and 

low resolution images having intensity inhomogeneity. 

 

II.Existing Methods 

 Many image segmentation methods have been used 

in medical applications to segment tissues and body organs. In 

this we have  

 The Watershed method 

 The GMM-HMRF method (Gaussian Mixture Model 

based Hidden Markov Random Field) and  

 The SLIC (Simple Linear Iterative 

Clustering)method 

 

 

1.Watershed Method: 

Watershed model is performed on greyscale images. 

Watershed model treats image as topographic map, having 

high intensities treated as ridges and low intensities as 

trenches. 

These trenches are filled with different colored  water (labels). 

As the water(labels) increases depending on the peaks nearby, 

the water (label) forms different color to avoid this we have to 

build barriers in the location water(label) merges. This 

barriers give segmentation results.   

Limitations: 

Since the image given is converted into topographic map 

and the regions are divided based on the ridges and grooves 

that are obtained from different intensities, the image is over 

segmented and the regions cannot be determined correctly. 

Many ridges and grooves are obtained due to the local minima 

of each pixel and this leads to over segmentation. Watershed 

processing is highly sensitive to noise also. Because of these 

limitations, we go for another algorithms. 

2.GMM-HMRF: 

Intensity distribution of any region to be segmented in an 

image is assumed to follow Gaussian distribution. MR signal 

can be modelled as Gaussian distribution. But, it is 

insufficient to model intensity distribution of real-world 

objects with single one Gaussian distribution because of their 

complexity. So, Gaussian mixture model (GMM) based 

approach is preferred and it is much more powerful for 

modelling the complex intensity distributions of an image 

compared to single Gaussian distribution. As this approach is 

automated and unsupervised, there is no prior knowledge of 

background/foreground available; hence for estimation of 

parameters we use Hidden Markov Random Field (HMRF) 

where segmentation is carried out in an unsupervised manner.  

Hidden Markov Random Fields (HMRF) is known to 

maintain neighbourhood information and spatial relations 

between pixels of neighbourhood. So, it has been widely used 

in segmentation process.  

 

In case of medical images, neighbourhood pixels have 

similar properties and thus belong to same target class.  

Limitations: 

This method mainly focuses on image intensity rather than 

geometry of the region. Hence this leads to tissue 

segmentation rather than organ specific segmentation. 

Therefore this model is not successful in segmenting 

individual bones and some organs. 

 

3. SLIC Method: 

 

SLIC is a simple and efficient method to decompose 

an image in visually homogeneous regions. It is based on 
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spatially localized version of K-means clustering. Clustering 

is grouping the similar objects. The datasets belonging to 

different clusters, we consider respective centroids at the 

center of each cluster. A straight line is drawn between the 

centroids and then the perpendicular bisector divides into two 

clusters. Based on the position of each dataset regions are 

separated. This entire process is iterated by moving the 

centroid and calculating the mean distance between each pixel 

in the cluster. Until all the points have been classified into 

right clusters this process has to be continued. 

 

Limitations: 

 

In this method of segmentation, the given is divided into 

different regions along with the background. Therefore, it is 

difficult to analyse the difference between the organs and 

background. Another drawback is sometimes it cannot 

segment organs properly. Due to this reasons, we go for image 

segmentation based on local centre of mass i.e., our proposed 

system. 

 

III.Proposed Method: 

 

 The proposed method is based on the computation of 

1-D local center of mass. The matrix of intensities of an image 

is converted to 1-D and we calculate the local center of mass. 

We extend it into 2-D and 3-D images iteratively. 

               Cn =   
∑      
 
   

∑     
 
   

 

 
   Fig.3.1: calculation of CMs  

In the image we consider a pixel as a reference and we 

compare the intensities of nearby pixels. group the pixels with 

near intensities into a region. Likewise we segment the entire 

image into different regions.  

Here we took a 12*12 matrix. We consider the 

reference pixel as ‘m’ and we add all the intensities of that 

column and consider the sum as ‘m’. We multiply the sum 

value with the respective row number from the reference point 

and consider as ‘    *m’. We repeat the same procedure for 

all the rows of the matrix. We will perform summation for the 

calculated ‘m’ values and also ‘    *m’ values. We will 

divide the ‘    *m’ value with the ‘    ’ value and the 

resultant is the center of mass. Based on the calculated local 

center of mass we segment the image into different regions. 

This increases cost function and makes computing expensive. 

Computational complexity reduction : 

By considering the ‘w’ we can reduce the cost of computing C 

to O(n). 

 

 

                                    =             
Where, 

  

 

         =      ∑          
  

   , 

Here Dn   is non decreasing function with respect to n,Wm,n  

can be rewritten as        for m≤n and        for m>n , 

which leads to below equation
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    ∑        ∑      
     

 
   

         

 

The w must be chosen carefully as it serves for the pixel 

grouping purpose,the computational cost C can also be 

reduced. 

Flow chart: 

 
                 Fig.3.1. Flow chart for proposed method 

Steps to perform segmentation: 

a) Click on  MATLAB icon and  open the programs in 

current folder  

b) Read the input image. The input image for 

segmentation be 2D and format dcm. 

c) Convert 2D image into 1D image 

d) Compute local centre of mass for multi-dimensional 

array. 

e) Segmentation of image is done based on calculated 

centre of mass. 

f) The resulted image is segmented image. 

IV.Results and Discussion: 

In the MATLAB software first step is to read image .After 

reading dicom image into MATLAB the next step is to 

convert 2D image into 1D image ,calculating center of mass 

and segmenting image .The segmentation of different images 

is shown below. 

In below figure 4.1  image in the left is knee dicom 

image and image in right is segmented image with α = 500, 

p=2 and t=2000. Figure 4.2 shows segmentation of dog brain 

with same values. Labels of image edges are shown in black 

for better contrast and clearer visualization in the figures. The  

angular resolution is chosen to be 1
o
  and compute local center 

Final segmented  image 
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of mass by considering  k=180 orientations. The 1D CMs can 

be used as reference points with labels that are unique to 

region. 

 
(a)                                            (b) 

 Fig.4.1 :   (a)  knee image (dicom)                       

(b) Segmented image                                                                                                                                                 

 

 
(a)                                            (b) 

Fig.4.2 :    (a)Dog brain (b)segmented image  

 

V.Conclusion and Future work: 

We have introduced a new unsupervised medical image 

segmentation approach that groups the pixels in each region 

based on the local CMs of the region. 

 We proposed an efficient scheme for the 1D case, in N , 

which we extended to higher dimensions via an iterative 

algorithm. Through qualitative and quantitative validation, we 

have shown the proposed method to often outperform three 

existing unsupervised segmentation methods. Automatic 

optimization of the two parameters of the method, α and the 

number of phase-1 iterations t, is part of the future work. 

In future this study we can extend for multiscale, multi-

exposure, multimodal, multi-spectral with different conditions 

of image deformations. 

It can be further useful for tumor or cancer detection and 

classification. 
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