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Abstract:-Medical imaging often involves the injection of contrast agents and subsequent analysis of tissue enhancement 
patterns. X-ray angiograms are projections of 3D reality into 2D representations; there is a fair amount of self occlusion 
among  the vessels. Hence one cannot extract the vessels directly using the image intensities or gradients (edge) alone. 
Vessel extraction from angiogram images is useful for blood vessels measurement and computer visualizations of the 
coronary artery. This project describes the algorithm for automatic segmentation of coronary arteries in digital X-ray 
projections (coronary angiograms) The pattern recognition technique used in this  project is K-Means clustering. In this 
technique clusters are formed based on the minimum distance criteria with random seed point selection. As the dataset’s 
scale increases rapidly, it is difficult to use K-means and deal with massive data, so an improved K-means algorithm is  
proposed. The performance of the proposed algorithm is compared with other techniques. 
 
Keywords—CT- Computed tomography, FPD -,Field-Programmable Devices, PLA -,Programmable Logic Array, PAL -
,Programmable Array Logic, CPLD- Complex,Programmable Logic Devices, FPGA –Field,Programmable Gate Array, 
RISC – Reduced,Institution Set Computer. 
 
 
I. INTRODUCTION:- 
 
With the advances in imaging technology, diagnostic 
imaging has become an indispensable tool in 
medicine today. X-ray angiography (XRA), magnetic 
resonance angiography (MRA), magnetic resonance 
imaging (MRI), computed tomography (CT), and 
other imaging modalities are heavily used in clinical 
practice.Such images provide complementary 
information about the patient. While increased size 
and volume in medical images required the 
automation of the diagnosis process, the latest 
advances in computer technology and reduced costs 
have made it possible to develop such systems. Blood 
vessel delineation on medical images forms an 
essential step in solving several practical applications 
such as diagnosis of the vessels (e.g. stenos is or 
malformations) and registration of patient images 
obtained at different times. Segmentation algorithms 
form the essence of medical image applications such 
as radiological diagnostic systems, multimodal image 
registration, creating anatomical atlases, 
visualization, and computer-aided surgery Vessel 
segmentation algorithms are the key components of 
automated radiological diagnostic systems. 
Segmentation methods vary depending on the 
imaging modality, application domain, method being 
automatic or semi-automatic, and other specific 
factors. There is no single segmentation method that 
can extract vasculature from every medical image 
modality. While some methods employ pure 
intensity-based pattern recognition techniques such as 
thresholding followed by connected component 
analysis, some other methods apply explicit vessel 
models to extract the vessel contours. Depending on  

 
the image quality and the general image artifacts such 
as noise, some segmentation methods may require 
image reprocessing prior to the segmentation 
algorithm. On the other hand, some methods apply 
post-processing to overcome the problems arising 
from over segmentation. 
 
II. IMAGE SEGMENTATION:- 
 
Segmentation is the process of identifying coherent 
regions in images that one hope corresponds to 
objects. Automated segmentation is probably the 
most difficult problem in computer vision. There are 
three major reasons why automated segmentation is 
so hard. 
1. Lots of information is lost when 3-D scenes are 
projected to two dimensions. When objects cross in 
front of other objects (which we call "occlusion"),it's 
hard to keep the pieces together. 
2. Segmentation attempts to produce primitive object 
regions. The notion, however, of what constitutes a 
primitive object is nebulous. 
3. We use our brains extensively in our perceptual 
processes. We easily recognize that certain parts 
belong or don't belong together not because of similar 
properties of the regions, but because we know that 
they form parts of the same known and recognizable 
object. Endowing computers with such cognitive 
ability is currently beyond our possibilities. It is my 
personal opinion that until we can build computers 
that think like people we won't be able to build 
computers that see like people.Image segmentation is 
one of the most important steps leading to the 
analysis of processed image data. Its main goal is to 
divide an image into parts that have a strong 
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correlation with objects or areas of the real world 
contained in the image. 
 
There are two kinds of segmentation:  
1. Complete segmentation: which results in set of 
disjoint regions uniquely corresponding with objects 
in the input image? Cooperation with higher  
processing levels which use specific knowledge of 
the problem domain is necessary. 
2. Partial segmentation: in which regions do not 
correspond directly with image objects. Image is 
divided into separate regions that are homogeneous 
with respect to a chosen property such as brightness, 
color, reflectivity, texture, etc. In a complex scene, a 
set of possibly overlapping homogeneous regions 
may result. The partially segmented image must then 
be subjected to further processing, and the final 
image segmentation 
 
III. THRESHOLDING:- 
 
Gray-level thresholding is the simplest segmentation 
process. Many objects or image regions are 
characterized by constant reflectivity or light 
absorption of their surface a brightness constant or 
threshold can be determined to segment objects and 
background.  
 
IV. BASIC THRESHOLDING:- 
 
If we consider an image R, The complete 
segmentation is a finite set of regions R1, . . . , Rs. If 
i! = j  R = i=1∪ s Ri, Ri ∩ Rj = Φ 
from this we can say complete segmentation can 
result from thresholding in simple scenes. 
Thresholding is the transformation of an input image 
f to an output (segmented) binary image g as follows 
g(i, j) = 1 for f(i, j) >= T = 0 
for f(i, j) < T where T is the threshold, g(i , j) = 1 for 
image elements of objects and g(i,j)=0 for image 
elements of the background (or vice versa). 
 
V. ALGORITHM FOR BASIC 

THRESHOLDING 
 
Search all the pixels (i, j) of the image f. A pixel (i, j) 
is an object pixel if f (i, j) >= T, and is a background 
pixel otherwise. If objects do not touch each other, 
and if their gray-levels are clearly distinct from 
background gray-levels, thresholding is a suitable 
segmentation method. Correct threshold selection is 
crucial for successful threshold segmentation. 
Threshold selection can be interactive or it can be the 
result of some threshold detection method that will be 
discussed in the next subsection.Only under very 
unusual circumstances can thresholding be successful 
using a single threshold for the whole image (global 
thresholding), since in very simple images there are 
likely gray-level variations in objects and 
background. This variation may be due to non-

uniform lighting, non-uniform input device 
parameters or a number of other factors. 
Segmentation using variable thresholding (also called 
adaptive thresholding), in which the threshold value 
varies over the image as a function of local image 
characteristics, can produce the solution in these 
cases. 
♦ A global threshold is determined from the whole 
image f T=T (f) 
♦ On the other hand, local thresholds are position 
dependent T=T (f, fc) where fc is the image part 
in which the threshold is determined. 
One option is dividing the image f into subimages 
fc and determining a threshold independently in 
each sub-image. If a threshold cannot be determined 
in some sub-image, it can be interpolated from 
thresholds determined in neighboring sub-images. 
Each sub-image is then processed with respect to its 
local threshold. 
 
VI. BAND-THRESHOLDING:- 
 
In band thresholding we segment an image into 
regions of pixels with gray levels from a set D and 
into background otherwise g(i, j) = 1 for f(i, j) >= T = 
0 otherwise 
 
VII. MULTI THRESHOLDING:- 
 
There are many modifications that use  
multithresholding, after which the resulting image is 
no longer binary, but rather an image consisting of a 
very limited set of gray levels g(i, j) = 1 for f(i, j) ∈ 
D1 = 2 for f(i, j) ∈ D2 ……………= n for f(i, j) ∈ 
Dn = 0 otherwise. Where each Di is a specified subset 
of gray-levels. 
 
VIII. SEMI THRESHOLDING:- 
 
Another special method of thresholding defines semi-
thresholding. It is sometimes used to make 
humanassisted  analysis easier g(i, j) = f(i, j) for f(i, j) 
>= T = 0 otherwise This process aims to mask out the 
image  background, leaving gray level information 
present in the objects. 
 
IX. THRESHOLD DETECTION 

METHODS:- 
 
If some property of an image after segmentation is 
known a priori, the task of threshold selection 
issimplified. Using this prior information about the 
ratio between the sheet area and character area, it is 
very easy to choose a threshold T (based on the image 
histogram), such that 1/p of the image area has gray 
values less than T and the rest has gray values larger 
than T. This method is called p-tile-thresholding. 
Most complex methods of threshold detection are 
based on histogram shape analysis. If an image 
consists of objects of approximately the same gray 
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level that differs from the gray level of the 
background, the resulting histogram is bi-modal. 
Pixels of objects form one of its peaks, while pixels 
of the background form the second peak. The 
histogram shape illustrates the fact that the gray 
values between the two peaks are not common in the 
image, and probably result from border pixels 
between objects and background. The chosen 
threshold must meet minimum segmentation error 
requirements. It makes intuitive sense to determine 
the threshold as the gray-level that has a minimum 
histogram value between the two mentioned maxima. 
bi-model histogram of image  If the histogram is 
multi-modal, more thresholds may be determined at 
minima between any two peaks. Each threshold gives 
different segmentation results, of course. Multi-
thresholding is another option. To decide if a 
histogram is bimodal or multi-modal may not be so 
simple in reality. It is often impossible to interpret the 
significance of local histogram maxima. Bi-modal 
histogram threshold detection algorithms usually find 
the highest local maxima first and detect the threshold 
as a minimum between them. This technique is called 
the mode method. To avoid detection of two local 
maxima belonging to the same global maximum, a 
minimum distance in gray levels between these 
maxima is usually required or techniques to smooth 
histograms are applied. 
 
X. EDGE-BASED SEGMENTATION:- 
 
Segmentation methods can be divided into three 
groups according to the dominant features they 
employ 
♦ First is global knowledge about an image or its part; 
the knowledge is usually represented by a histogram 
of image features. 
♦ Edge-based segmentations form the second group 
and region-based segmentations the third. 
Many different characteristics used in edge detection 
or region growing 
♦ brightness 
♦ texture 
♦ Velocity field etc. 

Edge-based and region-bases segmentation  
approaches solve a dual problem. 
 
XI. REGION-BASED SEGMENTATION:- 
 
The aim of the segmentation methods described in the 
previous section was to find borders between regions. 
The following methods section deals with regions 
from their borders, and it is easy to detect borders of 
existing regions. However, segmentations resulting 
from edgebased methods and region-growing 
methods are not usually exactly the same, and a 
combination of   results may often be a good idea. 
Region growing techniques are generally better in 
noisy images, where borders are extremely difficult to 
detect. Homogeneity is an important property of 

regions and is used as the main segmentation criterion 
in region growing, whose basic idea is to divide an 
image into zones of maximum homogeneity. The 
criteria for homogeneity can be based on gray-level, 
color, texture, shape, model (using semantic 
information), etc. The simplest homogeneity criterion 
uses an average gray-level of the region, its color 
properties, simple texture properties, or an m-
dimensional vector of average gray values for 
multispectral images. Properties chosen to describe 
regions influence the form, complexity, and amount 
of prior information in the specific region-growing 
segmentation method. Methods that specifically 
address region-growing segmentation of color images 
are reported in the literature. Regions have already 
been defined before. If we consider an image R , The 
complete segmentation is a finite set of regions R1, . . 
. , Rs. If i != j, R = i=1∪ s Ri, Ri ∩ Rj = Φ where S is 
the total number of regions in the image. Further 
assumptions needed in this section are that regions 
must satisfy the following conditions: H( Rv 
)=TRUE, for i =  1,2,…… and H ( Ri U Rj ) = 
FALSE for i !=j (Ri is adjacent to Rj) where H( Ri ) 
is a binary homogeneity evaluation of the region Ri. 
Resulting regions of the segmented image must be 
both homogeneous and maximal, whe re by 'maximal' 
we mean that the homogeneity criterion would not be 
true after merging a region with any adjacent region. 
While the region growing methods discussed below 
deal with two dimensional images, three-dimensional 
implementations are often possible. Considering 
three-dimensional connectivity constraints, 
homogeneous regions (volumes) of a three 
dimensional image can be determined using three 
dimensional region growing. 
 
XII. REGION MERGING:- 
 
The most natural method of region growing is to 
begin the growth in the raw image data, each pixel 
representing a single region. These regions almost 
certainly do not satisfy the condition of equation [W / 
min. (Li, Li)] >= T2 and so regions will be merged as 
long as equation v (i, j) = 0 for Sij >= T1 = 1 
otherwise, remains satisfied. 
 
XIII. ALGORITHM FOR REGION 

MERGING (OUTLINE):- 
 
1. Define some starting method to segment the 
imageinto many small regions satisfying condition: 
v(i, j) = 0 for Sij >= T1 = 1 otherwise 
2. Define a criterion for merging two adjacent 
regions.  
3. Merge all adjacent regions satisfying the merging 
criterion. If no two regions can be merged 
maintaining condition v(i, j) = 0 for Sij >= T1 = 1 
otherwise then stop. This algorithm represents a 
general approach to region merging segmentation. 
Specific methods differ in the definition of the 
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starting segmentation and in the criterion for merging. 
In the descriptions that follow, regions are those parts 
of the image that can be sequentially merged into 
larger. The result of region merging usually depends 
on the order in which regions are merged, meaning 
that segmentation results will probably differ if 
segmentation begins, for instance, in the upper left or 
lower right corner. This is because the merging order 
can cause two similar adjacent regions R1 and R2 not 
to be merged, since an earlier merge used R1and its 
new characteristics no longer allow it to merge with 
region R2. If the merging process used a different 
order, this merge may have been realized. The 
simplest methods begin merging by starting the 
segmentation using regions of 2 x 2, 4 x 4, or 8 x 8. 
Region descriptions are then based on their statistical 
gray-level properties -- a region graylevel histogram 
is a good example. A region description is compared 
with the description of an adjacent region. If they 
match, they are merged into a larger region and a new 
region description is computed. Otherwise, regions 
are marked as non-matching. Merging of adjacent 
regions continues between all neighbors, including 
newly formed ones. If a region cannot be merged 
with any of its neighbors, it is marked `final'. The 
merging process stops when all image regions are so 
marked. The data structure used in this approach (the 
so-called super-grid) carries all the necessary 
information.  
 

 
 
      Fig .1 X, image data; °, crack edges; •, unused 
super grid data structure. It is based on the crack edge 
computation, where local boundaries between regions 
are evaluated by the strength of crack edges along 
their common border. Region merging uses the 
following two heuristics: 
1. Two adjacent regions are merged if a significant 
part of their common boundary consists of weak 
edges (significance can be based on the ratio of the 
number of weak common edges to the total length of 
the region perimeter). 
2. Two adjacent regions are also merged if a 
significant part of their common boundary consists of 
weak edges, but in this case not considering the total 
length of the region borders. 
Of the two heuristics, the first is more general and the 
second cannot be used alone because it does not 
consider the influence of different region sizes. Edge 
significance can be evaluated according to the 
formula v(i, j) = 0 for Sij >= T1 = 1 otherwise 
Where vij = 1 indicates a significant edge, and vij = 1 
a weak edge, T1 is a preset threshold, and Sij is the 
crack edge value (e.g., Sij = | f (xi) – f( xj)|)  

XIV. REGION SPLITTING:- 
 
Region splitting is the opposite of region merging, 
and begins with the whole image represented as a 
single region which does not usually satisfy the 
condition v(i, j) = 0 for Sij < T1 = 1 otherwise 
Therefore, the existing image region is sequentially 
split to satisfy the equations H ( Ri U Rj ) = FALSE 
for i !=j ( Ri is adjacent to Rj)), v(i, j) = 0 for Sij >= 
T1 = 1 otherwise [W / min.(L)] >= T3 Even if this 
approach seems to be dual to region merging, region 
splitting does not result in the same segmentation 
even if the same homogeneity criteria are used. Some 
regions may be homogeneous during the splitting 
process and therefore are not split anymore; 
considering the homogeneous regions created by 
region merging procedures, some may not be 
constructed because of the impossibility of merging 
smaller sub-regions earlier in the rocess. A fine 
black-and-white chessboard is an example: let the 
homogeneity criterion be based on variance of 
average gray-levels in the quadrants of the evaluated 
region in the next lower pyramid level. 
 
XV. SPLITTING AND MERGING:- 
 
A combination of splitting and merging may result in 
a method with the advantage of both approaches. 
Split-and-merge approaches work using pyramid 
image representations. Regions are square shaped and 
corresponding to elements of the appropriate pyramid 
level. If any region in any pyramid level is not 
homogeneous (excluding the lowest level), it is split 
into four sub-regions -- these are elements of higher 
resolution at the level below. If four regions with the 
same parent node exist at any pyramid level with 
approximately the same value of homogeneity 
measure, they are merged into a single region in an 
upper pyramid level. The segmentation process can 
be understood as the construction of a segmentation 
quad tree where each leaf node represents a 
homogeneous region -- that is, an element of some 
pyramid level. Splitting and merging corresponds to 
removing or building parts of the segmentation quad 
tree -- the number of leaf nodes of the tree 
corresponds to the number of segmented regions after 
the segmentation process is over. These approaches 
are sometimes called split-andlink methods if they 
use segmentation tress for storing information about 
adjacent regions. Split-and-merge methods usually 
store the adjacency information in region adjacency 
graphs (or similar data structures). An unpleasant 
drawback of segmentation quad tree is the square-
region shape assumption, see the following figure: 

 
Fig .2  Splitting((Split –and – merge in a hierarchical data 

structure) 
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Fig .3 Segmentation quad tree 
 

 
 
Fig .4.  Final output 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

CONCLUSION:- 
 
There are varieties of useful applications that 
demonstrate the need for precise segmentation of I 
mage data. This chapter describes the need for 
segmentation and types of segmentation and video 
segmentation. 
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