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ABSTRACT

In biomedical imaging analysis and computer-assisted diagnosis, segmentation analysis is an intense field of
research and development. The most difficult part of medical image analysis is the automated localization and
delineation of structures of interest. Automated data evaluation is one way of enhancing the clinical utility of
measurements. In particular, medical image segmentation extracts meaningful information and facilitates the
display of this information in a clinically relevant way. Segmentation of blood vessels in retinal images allows early
diagnosis of disease; automating this process provides several benefits including minimizing subjectivity and
eliminating a painstaking, tedious task. This paper, addresses the problem of automatically identifying true vessels
as a post processing step to vascular structure segmentation. The segmented vascular structure is modeled as a
vessel segment graph and formulates the problem of identifying vessels as one of finding the optimal forest in the
graph given a set of constraints. A method is designed to solve this optimization problem and show that the
proposed approach is able to achieve good pixel precision and recalls all true vessels for clean segmented retinal
images, and remains robust even when the segmented image is noisy.
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INTRODUCTION

Measurements of retinal blood vessel morphologyratated to the risk of cardiovascular disease® Whong
identification of vessels may result in a largeiation of these measurements, leading to a wroinical diagnosis.
This paper, addresses the problem of automaticddigtifying true vessels as a post processing &tegascular
structure segmentation. The segmented vasculatsteuis modeled as a vessel segment graph andiffates the
problem of identifying vessels as one of finding tptimal forest in the graph given a set of cansts. A method
is designed to solve this optimization problem ahdw that the proposed approach is able to aclyjewd pixel
precision and 98% recall of the true vessels feamlsegmented retinal images, and remains robastwken the
segmented image is noisy.

In the context of biomedical imaging analysis anthputer-assisted diagnosis, segmentation analysia intense
field of research and development. The most diffipart of medical image analysis is the automabedlization
and delineation of structures of interest. Autordalata evaluation is one way of enhancing the adinitility of
measurements. In particular, medical image segriientaxtracts meaningful information and faciliatée display
of this information in a clinically relevant way. @rucial role for automated information extraction medical
imaging usually involves the segmentation of regiofthe image.
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Segmentation of blood vessels in retinal imagesaallearly diagnosis of disease; automating thisge® provides
several benefits including minimizing subjectivitgd eliminating a painstaking, tedious task. Previapproaches,
while satisfactory in some cases, still leave rdomimprovement, especially in abnormal retinal gaes. These
works sets to remove noise, enhance the imagetrackl the edges of the vessels and also proposgh gracer
algorithm to find difference between vessel biftiaas and vessel crossover.

This paper deals with identifying all true vessean segmented retinal image. Before finding triesod vessels
image is processed first. Image-processing opemti@nsform the grey values of the pixels. Theeetlaree basic
mechanisms by which this is done. In its most sanfdrm, the pixels grey values are changed witheowt
processing of surrounding or ‘neighbourhood’ pixalues. Neighbourhood processing incorporates #heeg of
pixels in a small neighbourhood around each pimeduestion. Finally, transforms are more compled eavolve
manipulation of the entire image so that the pixales are represented in a different but equivdtem. This may
allow for more efficient and powerful processingdse the image is reverted to its original modeegresentation.
The aims of processing of an image normally fatbimne of the three broad categories: enhancengegt, (
improved contrast), rest oration (deblurring ofierage), segmentation and all true vessels from satgd retinal
image.

LITERATURE SURVEY

A semi-automatic method to measure and quantifymgdiical and topological properties of continuoasaular

trees in clinical fundus images is described. Measents are made from binary images obtained wijttesiously

described segmentation process. The skeleton® citiimented trees are produced by thinning, bramdftrossing
points are identified and segments of the treedadreled and stored as a chain code. The operaleets a tree to
be measured and decides if it is an arterial oousttree[1].

An automatic process then measures the lengthsis amad angles of the individual segments of the. tre
Geometrical data and the connectivity informatioatween branches from continuous retinal vesses trae
tabulated. A number of geometrical properties ammblogical indexes are derived. Vessel diametedshaanching
angles are validated against manual measuremedtseseral derived geometrical and topological pridge are
extracted from red-free fundus images of ten noemsitte and ten age- and sex-matched hypertendbjecssi and
compared with previously reported results[2].

This [3] paper presents an algorithm for segmenrdimdy measuring retinal vessels, by growing a Iddpiodh of
Twinsrdquo active contour model, which uses twaaf contours to capture each vessel edge, whilataining
width consistency. The algorithm is initialized mgi a generalized morphological order filter
to identify approximate vessels centerlines. Onte viessel segments are identified the network tgyol is
determined using an implicit neural cost functionrésolve junction configurations. The algorithmrabust, and
can accurately locate vessel edges under diff@titions, including noisy blurred edges, cloggdyallel vessels,
light reflex phenomena, and very fine vessels.idtdg precise vessel width measurements, with sebpiverage
width errors. We compare the algorithm with sevebahchmarks from the literature, demonstrating éigh
segmentation sensitivity and more accurate widtasaement [4-6].

This paper [7] presents an automated method totifgiemteries and veins in dual-wavelength retirfahdus
images recorded at 570 and 600 nm. Dual-waveldngibing provides both structural and functionatdees that
can be exploited for identification. The processhepins with automated tracing of the vessels filoen570-
nm image. The 600-nm image is registered to thagenand structural and functional features arepcoed for
each vessel segment. The relative strength of éissel central reflex is used as the structuralifeafThe central
reflex phenomenon, caused by light reflection fraeasel surfaces that are parallel to the incidght,lis especially
pronounced at longer wavelengths for arteries coetpdo veins. Dual-Gaussian is used to model tlosser
sectional intensity profile of vessels [8].

EXPERIMENTAL SECTION
The proposed method aims to identify vessels apresent them in the form of binary trees for subsag vessel

measurements. Proposed method aims at processmgiviin image and identify crossover and searclofitimal
forest.
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It has two main steps:
= |dentify crossovers,
= Search for the optimal forest (set of vessel trees)

Morphologyis a broad set of image processing operations tuateps images based on shapes. Morphological
operations apply a structuring element to an inijpige, creating an output image of the same sizea |
morphological operation, the value of each pixethie output image is based on a comparison of dihegponding
pixel in the input image with its neighbors. By osing the size and shape of the neighborhood, gawconstruct a
morphological operation that is sensitive to speahapes in the input image.

ADAPTIVE MEDIAN FILTERING

Adaptive filters have are used in image process$imgedge preserved image denoising and deblurigge
segmentation, and reliable object detection. Intéie from a unified approach based on the iddasigmal local
approximation, a family of linear and rank localaptive filters for image restoration, segmentatiand
enhancement will be introduced. The filters worlairunning window on the base of local spectral{DBCT and
others) features (local adaptive “linear” filters) local first order statistics (“rank” filters) énin each position of
the window, generate an estimate of the centradlpik the window. They filters implement, as spkdases, a
broad variety of adaptive algorithms that can beneplified by different modifications of local emijgial Wiener
and rejective filters, median, L- and selectabtikrarder filters, trimmed mead filters, local higtam modification
filters, etc. Due to the existence of recursiveodthms for local spectral analysis in DFT, DCT atber bases, the
computational complexity of local adaptive linedltefs is proportional to the size of the windowhel
computational complexity of the rank filters may ot depend on the size of the window thanks tordoarrsive
computation of local histograms and their paranseter

HISTOGRAM EQUALIZATION

The method is useful in images with backgrounds fanelgrounds that are both bright or both darkpamticular,
the method can lead to better views of bone stradtux-ray images, and to better detail in phcapdis that are
over or under-exposed. A key advantage of the ndetisothat it is a fairly straightforward techniquend
an invertible operator. So in theory, if the histog equalization function is known, then the orajihistogram can
be recovered. The calculation is not computatigriatiensive. Histogram equalization often produaewealistic
effects in photographs; however it is very useful gcientific images like thermal, satellite orayiimages, often
the same class of images that user would applg-fadtor to. Also histogram equalization can produndesirable
effects (like visible image gradient) when appltedmages with low color depth. For example, if g to 8-bit
image displayed with 8-bit gray-scale palette it fuirther reduce color depth (number of uniqueddsaof gray) of
the image. Histogram equalization will work the tbeshen applied to images with much higher color
depth than palette size, like continuous data ebif.§ray-scale images.

Figl UnEqualized Image Fig2 Histogram Equalized | mage

Generalizations of this method use multiple histogs to emphasize local contrast, rather than dveoaltrast.
Examples of such methods include adaptive histogeaaalization and contrast limiting adaptive histog
equalization or CLAHE. Histogram equalization alseems to be used in biological neural networkssdoa
maximize the output firing rate of the neuron dsraction of the input statistics. Histogram equatlian is a specific
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case of the more general class of histogram remgppethods. These methods seek to adjust the itbageke it
easier to analyze or improve visual quality showfig 1& 2.

ENTROPY FILTERED IMAGE

In the case of an image, these states correspotigetgray levels which the individual pixels caropd For
example, in an 8-bit pixel there are 256 such stdfeall such states are equally occupied, as #neyin the case of
an image which has been perfectly histogram eqe@lithe spread of states is a maximum, as is ttiepgnof the
image. On the other hand, if the image has beesliotded, so that only two states are occupieceritrepy is low.
If all of the pixels have the same value, the gntrof the image is zero shown in fig 3 & 4.

Theentropy H of an image is defined as

A1
H==5% prlcgy(pr)
=0

whereM is the number of gray levels apgis the probability associated with gray lekel

)

Fig 3 Entropy of 8 bitsand isuncompressible Fig 4 Distribution with highly spatially
correlated

Maximum entropy is achieved in the case of a unifprobability distribution. whd =27, thepy is constant
and given by
1.

M ,
@)
THRESOLDED IMAGE
In image processing, threshold is used to splitvage into smaller segments, or junks, using atleae color or
grayscale value to define their boundary. A possthteshold might be 40% gray in a grayscale imadeixels
being darker than 40% gray belong to one segmadtah others to the second segment. It's ofteririlial step in
a sequence of image-processing operations shofign 5n&6.

Pr =
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Fig 5 Original Image Fig 6 Thresholded | mage

In case the object in the foreground has quiteedbfit gray levels than the surrounding backgroumge
thresholding is an effective tool for this sepamatior segmentatiorAnother important point is that usually no
spatial characteristics are considered when cdlongléhresholding values.

DILATION OF BINARY IMAGE

The value of the output pixel is the maximum vabdfiall the pixels in the input pixel's neighborhodd a binary
image, if any of the pixels is set to the valu¢h®, output pixel is set to The most basic morphological operations
are dilation and erosion. Dilation adds pixelstte boundaries of objects in an image, while erostomoves pixels
on object boundaries. The number of pixels addegmioved from the objects in an image depends esite and
shape of the structuring element used to processrthge. In the morphological dilation and erosiperations, the
state of any given pixel in the output image ised@ined by applying a rule to the correspondingebend its
neighbors in the input image. The rule used to gssdhe pixels defines the operation as dilatioarosion. This
table lists the rules for both dilation and erosion
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Fig 7 Dilation of binary image

The figure above (7) illustrates this processinmgafgrayscale image. The figure shows the procgssia particular
pixel in the input image. Note how the function kgp the rule to the input pixel's neighborhood arsgs the
highest value of all the pixels in the neighborhasdhe value of the corresponding pixel in thgpouitmage.

THINNED IMAGE

Morphological functions position the origin of te&ucturing element, its centre element, over kel pf interest
in the input image. For pixels at the edge of aage) parts of the neighbourhood defined by thecttring element
can extend past the border of the image. To prosesser pixels, the morphological functions assigmalue to
these undefined pixels, as if the functions haddpddthe image with additional rows and columns. Valee of
these padding pixels varies for dilation and enosoperations.Pixels beyond the image border are assigned
the maximunvalue afforded by the data type. For binary imadhese pixels are assumed to be set to 1. For
grayscale images, the maximum value for image8%s 2
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SEGMENTED BLOOD VESSEL IMAGE

Identify Crossover Locations

Vessels in a retinal image frequently cross eatterotat a point or over a shared segment. We kallfdrmer

crossover points and the latter crossover segménbssover PointGiven the set of white pixeRin a line image,

a junctionJ € JP is a crossover point if and only if the number efiments that are adjacentltds greater than or
equal to 4 .For example, the lower junction in Bgs a crossover point as it has four segmentadi to it.

Fig. 8 Example of segment pixels with their end pixels, and junction pixels

A crossover segment occurs when two different Iessgare a segment as shown in Fig. 9(a). Givers¢heof
white pixelsP of a line image, a segmeste SP is a candidat crossover segment .Short segments between two
junctions are not necessary true crossover segmanghown in Fig. 9(b). Hence, we propose to lusalirectional
change between adjacent segments and their pbegisity values to differentiate crossover segments.

Fig. 9.Example crossover segment, point, and possible ambiguity. (a) Example of a crossover segment. (b) Example of a short segment
between two junctions

Note that short segments between two junctionsatenecessary true crossover segments, as shoig.i®(b).
Hence, we propose to use the directional changeeeet adjacent segments and their pixel intensityegato
differentiate crossover segments.

Fig 10 Blood vesselsidentified Finding Optimal Forest
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The segments are modeled as a segment graph ambneteaint optimization to search for the bestd$etessel
trees (forest) from the graph. Segment graph: Gilierset of white pixels P in a line image, a segngeaph GP =
(SP ,EP ), where each vertex in SP is a segmenamamdige ei,j= (si, sg EP exists if adj(si, sj), si, &SP , i =]j.
Typically, GP consists of disconnected subgraplas #éne independent and can be processed in paiigiout
loss of generality, we refer to each of these sajigs as the segment graph GP. The goal is to odtseh of binary
trees from the segment graph such that each biregycorresponds to a vessel in the retinal imdgssel: Given a
segment graph GP =(SP ,EP ), a vessel is a biregyT = (sroot, VT ,ET ) such that’s root is thetrnode, root(T)
=sroot, VTS SP , and EE EP . A set of such binary trees is called a foresh binary tree is a natural
representation of an actual blood vessel as it bifilycates. Segment end points near the innelecafcthe zone of
interest are automatically identified as root péxelhe root of each tree corresponds to the rogineat that
contains a unique root pixel. Fig.10 shows the sagrgraph and two binary trees corresponding tdwoevessels.
The goal of simultaneous identification as a caistroptimization problem (COP) is formulated.

Fig 11 Segment graph corresponding to segments

The cost function on forests is defined ast(F) =sums the average of the parent—child directiatw@nges at
bifurcations inT+ sums the change in direction between parerttseitree with only one child segment.

RESULTSAND DISCUSSION

Figl4Adaptive Histogram Equalized I mage
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Fig 15 .Bottom Hat I mage Fig 16Black and White Image

Fig 17 Segmented Vessel Binary Image

In the fig 12 Input images is given for blood véssgmentation. Input image is converted into gregle shown in
fig 13. Histogram Equalization method increasesglacontrast of image. This allows for areas ofdowocal
contrast to gain higher contrast shown in fig 14dRland White Image obtained will highlight bloodsgel for
extraction shown in fig 15. Black and White Imag#ained will highlight shown in fig 16. Area Qpeg Image
Area Opening image will shown(fig 17) blood vesdelssegmentation.

CONCLUSION

The proposed system allows processing of retinalgenfor identification of true blood vessels andssrovers in
blood vessels. The method is based on vessel tigd¢&chnique. The key idea of the method is that & set of
cross over points (center of vessel cross sectisrsjtracted. Then, by using graph tracer algoritgptimal forest

in retina is found and crossovers are identifidade Tajor contribution of this work is to identifgrtect cross over
point in blood vesselThe proposed method can be divided into 3 consexstiages referred to as pre processing,
identify crossovers, and identify blood vessel. &xpent results are analysed with respect to acheglsurements
of vessel morphology. The results show that theogsed approach is able to achieve 98.9% pixel gimti.The
system proposed does not provide any informationle@kage of blood in retina. Future work deals with
identification of damaged blood vessels in retina.
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