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Abstract— This paper aims at enhancing Necrotic regs based Normalized graph —cut segmentation of
Brain Tumour on contrast T1 Magnetic Resonance (MRpages. Image segmentation means a process of
partition an image into more distinct regions. THarain tumour segmentation methods rely on the inséy
enhancement. A large Varity of different tumour segntation approaches used for medical image
segmentation. Among them, a clustering method h&een investigated and used. In this paper, CA (Glalf
Automata) based seeded tumour segmentation alganitis proposed. Which determine the Volume of
Interest (VOI) and seed selection. First, establigte connection of the CA-based segmentation to ginaph-
cut method to show that the iterative CA framewasklves the shortest path problem. This paper désri
segmentation method consist of two phases. In tirstfphase, the MR Image is acquired from patient
database and contrast enhancing the image. In tleeand phase, the CA algorithm run twice for backgral
seed (healthy cell) and foreground seed (tumour)cér probability calculation. Furthermore, apphfGraph-
Cut (GC) method to differentiate necrotic and enhang tumour tissue content, which gains importanéer

a detailed assessment of radiation therapy response

Key Terms: - Cellular Automata (CA); Brain tumouregmentation; Magnetic Resonance Imaging (MRI);
Necrotic region; Radiotherapy; Seeded segmentation

. INTRODUCTION

The brain is a soft, delicate, non-replaceable spahgy mass of tissue. It is a stable place faepa to
enter and stabilize among each other. Brain tunimartechniques to efficiently solve a wide variefybrain
tumour is due to group of abnormal cells that gravesde of the brain or around the brain. It cassoahdirectly
damage healthy cells by crowding other parts obitfaén and causing inflammation, brain swelling anelssure
within the skull. So it is an important to detelee tumour probability in earlier stage and to reenivso as to
protect the healthy cells.

Image segmentation represents a method of separatigportion of image into separate area. The
Segmentation of an image entails the division gasation of the image into regions of similar &tite. The
ultimate aim in a large number of image processipglications is to extract important features fritv image
data, from which a description, interpretationuoderstanding of the scene can be provided by #whime .In
the brain itself, comprising a necrotic (dead) @artl an active part, the edema or swelling in geloy brain,
As all tumour do not have a clear boundary betwagtive and necrotic parts there is need to defiotear
boundary between edema and brain tissues.. . Ifirdigphase CA algorithm perform the clusteringctdss
seeds and probability calculation. The strengthsreme combined to obtain the Tumour probabiligpmin
second phase Graph-Cut algorithm used for diffeatad necrotic (mass dead)) regions with in theotm
region and smoothening are one of the leading settien.
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Here explore the use of cellular automata (CA)cfastering of seeds and segmentation. where CA beagga
used to perform a wide variety of image processasts such as noise removal, edge detection, miagyo
detection, ridge-valley detection, convex hull déten etc. Outlining the brain tumour contour imajor step in
planning spatially localized radiotherapy (e.g.p&yknife, iIMRT) which is usually done manually contrast
enhanced T1-weighted magnetic resonance images)(Rurrent clinical practice. There are variotig@pts
for brain tumour segmentation in the literature abhuse a single modality, combine multimodalitiesl aise
priors obtained from population atlases. Energyimiiration along with image smoothing is performeithvihe
graph cuts method [1]. Different types of algoriisuch as new minimum-cut/maximum flow. Hence these
segmentation techniques those provide flexibiligcuracy and convenient automation.

Need for the Project

Brain tumour segmentation from MR images is a difi task and image analysis based on intensity and
shape. There are many issues and challenges dsslogigh brain tumour segmentation. In recent yeagseat
effort of the research in field of medical imagiwgs focused on brain tumours segmentation. Braimtus
may be of any size, variety of shapes, may apgdeamalocation, and may appear in different imagerisities.

For many human experts, manual segmentation idfigulli and time consuming task, which makes an
automated brain tumour segmentation method desirdiiiere are many possible applications of an leellu
automata method, it can be used for surgical ptaynireatment planning, and vascular analysisretrent
challenges associated with automatic brain tumegmentation have given rise to many different apphes.
Automated segmentation methods based on artifiti@lligence technique.

The popular trend in the area, as in the aforeroeetl approaches, is to be able to combine infoomdtom
different sources to obtain a better segmentafldwerefore, in this study, focused on an efficient! aobust
segmentation of brain tumours on contrast enhafidedeighted MR images with minimal user interaction
Region-based active contour models are widely us@dage segmentation.

Objective

In this present a fast and robust practtoal for segmentation of solid tumours with mininusler interaction
to assist clinicians and researchers in radiosyrgéanningand assessment of the response to the therapy.
Segmentation of brain tissues in graymatter , avhétter , and tumour on medical images is not ohlyigh
interest in serial treatment monitoring of “diseaseden”in oncology imaging, but also gaining popularitytiwi
the advancef image guided surgical approaches. Outlininghifaen tumour contour is a major step in planning
spatially localized radiotherapy [3] .

Here CA algorithm to establish the connection & BA-based segmentation [6] to the graph-theoretic
methods to show that the iterative CA framework/aslthe shortest path problem with a proper choid@e
transition rule. Next, as application is in thénidal radiosurgery planning, where manual segnigmtaof
tumours are carried out on contrast enhanced T1likHges by a radio-oncology expert, here modifyGite
segmentation towards the nature of the tumour ptieseundergoing radiation therapy by adaptingvahe
transition rules. Finally, a smoothness constrasihg graph-cut active surfaces is imposed overoagbility
map constructed from resulting CA states.
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. METHODOLOGY
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Fig. 1. Flow diagram of proposed tumour segmermatio

[Il. DESCRIPTION
Overview of the Process is as follows.

A. Image Acquisition

To Access the real medical images like MRI, PETCGr scan and to take up a research is a very complex
because of privacy issues and heavy technical ésirdlhe first stage in any vision system is thegena
acquisition stage. In this stage, images can baiztifrom cameras and frame grabbers.Magneticness®
imaging (MRI) is a non-invasive medical test thatps physicians diagnose and treat medical comditidRI
uses a powerful magnetic field, radio frequencysesland a computer to produce detailed picturesgains.

B. Pre-processing

MRI brain images cannot be fed directly as the fputhe proposed technique. The input image Besed
to a set of pre-processing steps so that the irgatetransformed suitable for further processirtie digital
image data for a spatial database requires seyeeaprocessing procedures. The goal of digital ienag
processing is to increase both the accuracy andinteepretability of the digital data during the age
processing phase.

C. Tumour Seed Selection

The seed selection algorithm employs the same tdeallow the familiar clinical routine to which ¢h
clinicians are used to: the volume of interest (V®@le tumour seeds [5] and the background seeds are
determined by using the line already drawn by teerdo measure the longest diameter of the sotitbtu.
Similarly focusing on tumour segmentation probléne, seed selection procedure starts with a siinggedrawn
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by the user along the longest visible diametetheftumour. Afterwards, the VOI and the seeds areptied.
The line is cropped by 15% from each end and tiekleo three pixels wide to obtain tumour seeds.

D. VOI Section

Volume of Interest is selected as the boundingdfdke tumour having a diameter 35% longer thanitiee
One-voxel-wide border of this VOI is used as baokmgd seeds. Since the VOI is completely boundethéy
background seeds, each path connecting inside atside the VOI is blocked by a seed. Then, thelredu
labelling using only the data inside the regioedgiivalent to using the whole volume whereas theprdgation
time is significantly reduced. Edge detection usesdifference in color between the backgroundrcata the
foreground color.

E. Clustering

In clustering similarity between points is definedterms of some distance metric. It is the procefss
organizing objects into groups whose members andasiin some way. A cluster is therefore a collettof
objects which are ‘similar’ between them and aissihilar’ to the objects belonging to other cluste

F. Grow cut Clustering

Cellular automata are dynamic systems that evatva discrete grid of cells that interact locallyptmduce
information at a global scale. In general, any ditee system undergoing deterministic local inteéoast can be
modelled as a cellular automaton (CA). CA congi$tsome pre-defined state transition rules, whietednine
the value of each cell based on the value of iightmwurhood cells. In case of image clustering, stete
transition rules are applied iteratively to upddtte value of each pixel in an image CA algorithnus on the
VOI for each two sets of seeds (for the foregroand background) to obtain strength maps for fonegto(c)
and background (d).

G. Obtain Tumour Probability map

Strength maps are combined to obtain the probglilap. The intuition with this probability consttian is
that probability of being a tumour is proportiotalits distance normalized to the closest backgiaeed. This
leads to choosing a higher probability of beingmaur when the distance to the background seddsgis, and
vice versa.

Therefore, the tumour probability map is obtaingd dombining the distances for [8] tumour {|Dand
background (). Geodesic distances to the class seeds canddatet by

D= -In(x) 1)

PTumour = _I% (2)
Dr.Dg
Finding distance of each cell to the nearest seedsimultaneous iteration.. In order to createadabilistic
map, which can be used in an active surface (e.tpvel set surface) evolution, the algorithm is far each
class with corresponding class seeds (tumour aalthly® separately.

H. Graph-cut surface

The smoothing over the constructed tumour prolighitiap in constitutes an important part of the pszal
method, as the clinical expert segmentation, paetity in radiation oncology, mainly outlines thentour
borders using contouring for radiotherapy planrasgopposed to pixel by pixel labelling of the tumoarried
out in some validation studies. As a result, oueriactive tumour segmentation includes an appripria
intelligent smoothing of the tumour borders basedtlee labelling results obtained from a graph-tegor
approach [2]. Smoothing is an important prior igreentation of brain tumours from post-contrast mages,
because of three main reasons: First, an areausuled by tumour tissue is considered as a tuma@imnesven
the intensity characteristics are likely to be tigal Secondly, it is possible to include misclassifnecrotic
regions to tumour region, which are usually surdmchby enhanced tissue. Finally, it is possiblexolude
nearby vascular structures that are enhanced bynatration of the contrast agent. This is a precest is
expected to simulate the expert's manual contoufihg qualitative effect of adding the Finallyisitpossible to
exclude nearby vascular structures that are endamgedministration of the contrast agent. Thia isrocess
that is expected to simulate the expert's manuataoing. The qualitative effect of adding the siinirng step
over the CA result is shown in Figure , which exéfigs how the borders are smoothed after leveksetution
over the tumour probability map displayed.
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I. Enhancing/Necrotic Segmentation

Quantification of the necrotic regions within a iddumour is an important problem in assessmenhef
tumour progress, necrotic of the tumour can ocesuaaesult of the radio surgery as well as by theour
progress itself like in high grade gliomas. Howewam in this study is to quantify the necrotic amhanced
parts of the tumour using solely contrast enhafidedieighted MRI volumes.

IV. PROPOSED METHODS

Here proposed algorithm is cellular automata (CAJodathm and Graph-cut method, which motivated
biologically from bacteria growth and competitios,based on a discrete dynamic system defined attieel
and iteratively propagates the system states ¢al toansition rules. It was first used by Vezhnsetl. (Grow-
cut) for image segmentation, this showed the piateot the CA algorithm on generic medical imagelgems.
However, Grow-cut was not designed for specificcttmes, such as tumours, which display heterogeneou
content such as necrotic and enhancing tissue. derg anatomic structures typically have relativetyooth
boundaries, however, Grow-cut tends to producgulee and jagged surface results, and only an adiagcof
smoothing was introduced. Moreover Graph-cut predder enhancing the necrotic regions from the tumo
probabilistic map.

A. Cellular Automata
The CA model consists of a grid of cells (or voxelsour case) that influences a set of neighbodelis
according to transition or evolution rules. In @@gmentation application, some cells will be assiglkabels
(user seeds) and these cells will attempt to prajgatheir labels to neighboring cells. At label bdaries,
neighbors will compete with each other based onttaesition rules [7]. Mathematically speaking, wen
define our cellular automata as a triple, CA 5\(8) where S is a nonempty set of stategRS is the
neighborhood, an@:S"— S is the local transition rule. The area of cotapan is our volume, & V €R3,
where v represents a voxel in our volume. We define neighborhood system as the von Neumann
neighborhood (6-voxel neighborhood)
3
N(V) =llu-gll =3 [ v - q| ger’  (3)
i=1

}3 cell

Fig. 1. CA model

¢ Array dimension
¢ Neighbourhood structure
e Transition rule

B. Tumour Cut Algorithm

Steps of the proposed cellular automata based tusegmentation algorithm is First, (a) the usemdra
line over the largest visible diameter of the tumdh) using this line, a VOI is selected with fgreund(red)-
background(blue) seeds; (c)-(d) tumour CA algoritismmun on the VOI for each two sets Of seeds {ffier
foreground and background) to obtain strength nfiap&oreground (c) and background (d) at each vax@d)
two strength maps are combined to obtain the tunpoabability map; (f) Graph-cut is used to evolve t
surface which converges to the final segmentatiop @& Finally, (i) the necrotic region of the tuomois
segmented using a CA-based method with the chadgameed and necrotic seeds in (h).

A pseudo code of tumour probability

for allvl e{Tumour, Background}
/Nnitialize
forvpe P
if pis a seed of clds® | =1 , else &,,=0
end for
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Do until convergence

/[For each cell.....

forvpe P
/I Neighbors try to attack current cell
forvq e N(P)

find g*:q with maximum g(p,q).' X,
X = 9(p,a%). X1 p

end for
I/l Copy previous state
){I,,p: X(+1|”p

end for
end do
end for

/I Combine strengths for tumour and backgdoian
Tumour probability map

R =In (xBy) / (In (XxBy) + In (x1))
End
where g* is new neighbouring cell

The CA based framework using low level image fesgusuch as color/gray level, pixel intensity valtees
derive state transition rules. In this paper, selbdeature is Intensity of seed cells. The initealel and the
number of seed points are derived randomly fromsffece of positive integer values. The state dfisgiven
by a 3 tuplel( 8, 1) wherel is the label of seed celie (0, 1) is the strength of the cell, 0 indicatemal cell, 1
indicate tumour cell, 1 is the pixel intensity . Tagength of a cell is a function of image featuaed is used to
define the state transition function for updatihg tabels of cells at each time step. Pixels wittial random
labels are assigned the cell strength 1. The stamesition rule between two pixefsandq is defined using a
monotonically decreasing functigras

G(lp-lg)  6g>t (4)

Where g(x) = 1-[x/ max| | |]

Currently, the threshold parametemwhich determines the level of quantization ofgbiintensity values, is
assigned manually. Automatic parameter selectigmgu®p-down information is a subject of future woim
addition, equivalence classes are constructed soreling to each label, which are updated whenlabels
merge. The algorithm is iterated until the locabdh update stops occurring. For a given imagethe
equivalence class for pixgtewith labelsl is defined as

(] ={PeX|P~1} ®)

The state transition function defines the statthefcentral cell at timer1 with respect to the values of cells

in its neighborhood at time

V. RESULT AND CONCLUSIONS

A. INPUT
In the experimental setup 256x256 input imagesaesd. During testing Brain Image including healémygl
diseased cells are taken for analysis. The imagesalien are that of MRI scan. The test image @anftany
size. The input image as shown below. The inputgesaare contrast enhanced. During training phasat in
image is labeled as foreground (Green) and backgr@dBlue). In this CA based method, threshold valase
selected for probability calculation of tumour seeflhen graph-cut surface is initialized for smeoihg the
tumour region. Finally necrotic or dense tissugéaeg within the tumours are segmented.
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Input Image

Fig.3. Input Brain MR Image
B. OUTPUT
Enhanced contrast Input Image and seed selection

Here performing manually labelling of backgrounddéwhite) and tumour seed (red).

Fig. 4. Contrast Input Image and labelling seed
1). PROBABILITY MAP

Here run CA algorithm twice for background seedtdring and tumour seeds.

n Figure 4 E]
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Foreground Probability

Fig . 5. Foreground probability map
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Fig. 6. Background probability map

2). TUMOUR SEGMENTATION

Fig .7. Segmented Tumour Region

3). TUMOUR CONTOUR

Fig. 8. Outlining the Brain tumour contour
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VI. SCOPE FOR FURTHER STUDIES

CA algorithm have shown promising results in vasioapplications in computer vision and can be
successfully applied in other medical image analyasks, such as analysis of tomography imagesngs|
mammography mass detection and prostate tumolysia In future this work will pave the way toaeh
automatic assessment of the tumour response tapiyiedue to reasonable and acceptable succes®frate
algorithm.

VII. CONCLUSION

In this paper presented a segmentation algorithrthBoproblem of brain tumour which exhibit varyitigsue
characteristics .Here attempts presented to qyactidinges in necrotic and enhancing tumour tissmteats.
As the change in necrotic and enhancing part ofttimour after radiation therapy becomes important,
applied the CA based tumour segmentation to pamtithe tumour tissue further into its necrotic amthancing
parts. Here a validation study over a syntheticdundatabase is performed. The probability mapstrocted
from each modality could be combined to obtainfihal segmentation.
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