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Background: Image segmentation is considered as the most &itdl preliminary
process in image analysis for Computer aided disign(CAD).Segmentation has
proved its applicability in various areas like nediimage processing, satellite image
processing and many more.CAD systems can enhaecdigignostic capabilities of
physicians and reduce the time need for precisgndis. In this paper a fusion
technique for segmentation of brain tumor throudRI4 proposed. MRI is an superior
medical imaging technique providing rich informatiabout the human soft-tissue
anatomy.Objectives: The proposed work presents an efficient image seggtion
approach wusing K-means clustering technique intedrawith Expectation
Maximization (EM) algorithm to provide accurate ipreumor detection. The proposed
technique can get benefits of the K-means clugieiin the aspects of minimal
computation time. In addition, it can get advansagéthe Expectation Maximization
(EM) in the aspects of accuracy. The performandad@froposed image segmentation
approach was evaluated by comparing it with somue sif the segmentation algorithms
in case of accuracy, and performance. The accurasyevaluated by comparing the
results with the ground truth of each processedgénarhe exploratory results
illuminate the effectiveness of our proposed apghnom® deal with higher number of
segmentation issues by means of enhancing the séafive quality and precision. In
the proposed work a multifunctional Graphical usgerface tool (GUI) is designed
that performs the processing of hybrid brain tumsmgmentation, evaluation,
quantification and validation.Results: The performance measures defined as
probability random index (PRI), global consisterayor (GCE), structural similarity
(SSIM), variation of information (VOI), tumor areand Peak signal to noise
ratio(PSNR) integrated in GUI-CAD is explaine@onclusiont At the end of the
process significant results were obtained in cas@roposed algorithm when the
performance measures were compared with existing.wo

INTRODUCTION

The use of automatic computerized algorithm tasadgbe image interpretation process is commonly
referred to as CAD. The aim of this study is to @lep Computer Aided Diagnosis (CAD) system for the
detection of brain tumor .Computer aided diagnoSD has generally been defined by diagnosis mada b
physician who takes into description the computéipot based on quantitative examination of radiicialg
images. The goal of CAD is to improve the qualityl gproductivity of radiologists. Improving the effeveness
of CAD could improve the detection of breast can@erd could improve the survival rate by detecting

cancer eatrlier.
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Therefore for advancement of a successful CADreehi¢ is essential to create computer algorithnwels
as to research how valuable the computer outputdnameifor radiologists in their diagnosis, how t@kiate the
benefits of the computer output for radiologistsaiB tissue has a complex structure and its segatientis an
important step. Automated brain disorder diagnesta MR images is one of the challenging medicaag®a
analysis methodologies. The impact of image segatient happens as an arrangement of locales thatyjoi
covers the entire image (Janani, V. and P. MeddE3)2 Medical image segmentation plays a significale in
clinical diagnosis and considered as a complicatellem since medical images normally have pootrests,
different sorts of noise, and absence or diffusimits (Dong, B. and A. Chien, 2010). Normally, theatomy
of brain tumor can be examined by MRI scan or Cdhsd@he main benefit of MRI over CT scan is, ing
include any radiation. MRI provide accurate viszalof anatomical structure of tissues. The anatofmghe
brain can be scanned by Magnetic Resonance ImdiiRi) scan or computed tomography (CT) scan. The
MRI scan is more agreeable than CT scan for diagntiss not influence the human body becauseésdnot
utilize any radiation. It depends on the magnettdfand radio waves (Patel, J. and K. Doshi, 20Te
lifetime of the person who affected by the braiméu will amplify if it is detected early (Rohit, M2013).
Thus, there is a requirement for an efficient maldimage segmentation method with some preferredegties
such as minimum user interaction, quick computafgvacise, and strong segmentation results (Asth,, T.
Ramashri, 2013). On the other hand, image segnm@mtatgorithms are based on one of the two primary
properties of image strength values: discontinaitg similarity (Acharya, J., 2103). In the formkssification,
the segmentation method depends on partitioningotbeessed image based on changes in intensity, asic
edges and corners.

One perspective of image segmentation is a grgupiablem that concerns how to determine whichlpixe
in an image belong together most appropriately.r@fi® an numerous literature on the methods thdomme
image segmentation based on clustering techniguesse methods typically demonstrate clusteringnia of
the two different ways, either by partitioning or grouping pixels. Grouping, the pixels are cdkekctogether
based on some assumption that determines how tg gneferably (Kaur, J., 2012). The clustering &thms
used in image segmentation such as k means clustetsclustering and fuzzy clustering. For clasatfon the
analysis of cluster serves as pre-processing f@ratlgorithms in order to calculate and detectbttaén tumor
we taken image segmentation approach called k metetggated with expectation maximization.

We used image segmentation techniques based sierihg to detect the brain tumor and calculatimgy t
tumor area and other quality metrics. We developatbvel image segmentation approach, called K-means
integrated with expectation Maximization (EM) fdyreormal MRI images. We incorporated K-means clisger
algorithm with the EM algorithm to overcome the iliaions and get benefits of them. Following cluistg
stage, the removal of the tumor is done automéficaherefore, we get benefits from integrating #thgorithms
to decrease the number of iterations, which affegilementation time and gives an exact result imau
detection. Clustering is also popular method fodice image segmentation .The distinctive issud wiedical
image segmentation is failure of information is moger and may result in loosing potential diagroosti
information. In this paper a concise study of th&riaus segmentation techniques for the MR image
segmentation are reviewed and talk about advar#adedisadvantage regarding particular methods. Wik
presents a tool that is designed to automaticabynent brain tumor in MRI images. The projected is0
developed in the form of a graphical user interfea is able for reading the image, performingessary
explanation and presents the processed results.

This paper is organized as follows. In Sectiorth2, current research in medical image segmentagion
introduced. Section 3 shows the current brain tumethods, pre-processing and proposed medical image
segmentation system based on clustering. In Sedi# we analyze the evaluation and validation lof t
current brain tumor segmentation methods, expetiahe@sults and section 6 conclusions is discussed.

Ning Li and Miamian Liu (2007) has proposed a sgstmage Segmentation Algorithm using Watershed
Transform and Level Set Method. It combines theevgited transform and region Based level set meffioal.
watershed is initially used to pre segment the enddne section based level set strategy is therciadsd for
separating the boundaries of objects. The addiitesl does not rely on upon the span of the imadeadther
the quantity of pre fragmented regions. This sgaie computationally efficient.

Ruoyu Du and Hyo Jong Lee (2009) has proposed difrad FCM segmentation for brain MRimages. An
enhanced segmentation technique has been propotgd paper on the basis of FCM clustering algomit The
neighbour pixels of targets are varied by applythg Sigma filter principle. The proposed algorithsn
compared with FCM algorithm in visual evaluationdaguantitative evaluation thereby the efficacy loé t
proposed method was demonstrated.

Yongyue Zhang and Michael Brady (2001) has prop@s&egmentation of Brain MR Images through a
Hidden Markov Random Field Model and the probapiitaximization. HMRF model is a stochastic procedur
produced by a MRF whose state grouping can't behedt specifically yet can be in a roundabout way
evaluated through perceptions. HMRF EM structunegxact and strong segmentation can be accomplish



86 Karnam Gopi and Thirumala Ramashri, 2016
Australian Journal of Basic and Applied Sciences,d(8) April 2016, Pages: 84-96

Christeet al (2010) has proposed a improved hybrid segmemtaif brain mri tissue and tumor using
statistical feature. In this paper the fuzzy ¢ nseand K means segmentation has been proposed iioadd
this, new hybrid segmentation technique, namelgziFukohonen means of image segmentation is prapose
and implemented along with standard pixel valuesteling method. It is found that the feature basgutid
segmentation gives improved performance metriciammtoved classification accuracy rather than pbased
segmentation

Funmilolaet al (2012) made the Fuzzy K-C-means method. Herec#ieulation peruses the image,
determines the iterations, reduces the iteratigndistance checker, gets the extent of the imagecatenates
the measurement, generates vast data items withndés calculation, and reduces repetition whenibpless
distance has been attained. The iteration begingigiynguishing critical segment of data then dpst when
possible identification elapses.

Gopi karnam, Ramashri Thirumala (2015) has pragp@®esign and development of a computer aided
diagnosis (CAD) system for segmentation of braimdu In this paper a segmentation approach namely k
means segmentation is implemented and this togbtmssion for quantification of the segmented oggi

Rajiv kumar and A.M.Arthanariee (2014) has proploseconcept on comparative analysis of proposed
image segmentation algorithm. In this paper a naperoach has been proposed. The parameter s@lolzea
consistency error, variation of information was leated and the analysis was made with the existing
algorithms.

Data Collection and Analysis:

The system is thought to be able to analyze debiloie studies of radiologist techniques. It can be
designed so that various radiologists can comnfensame image under various conditions withoutesting
the biopsy-based ground truth or the other expianst Their data can then be seen by a user whiohoaly
view the doctor information after it has been awtioally annonimized to maintain the integrity agtstudy.
The outcomes can then be stored, and the studyeatistributed by permitting user access. The dcaph
client interface for the segmentation is shownigifel. The radiologists can store and compose rakiitages
such as x-rays, CAT, MRI and other image thatdasest in a DICOM format. The radiologist’s diagnoses
captured and the data can be accessed remotelgbyhallowing telemedicine applications. The CAD
framework helps store and recover information améges for the radiologists who are the primary data
collection agents in the development of medicalgen&AD work.

Pre-processing stage:

This phase is actualized by applying a seriesnitial processing procedures on the image befose an
unique purposes processing. It enhances the imagé@ygand removes the noise. Since, the brain enage
more sensitive than other medical images; theylghmi of minimum noise and extreme quality. Therefthis
stage consists of the accompanying two sub-stdgg®e-noising: MRI images are usually contaminatgd
disturbances like Gaussian,poission noise andlsemoise The majority of the de-noising algorithmnssume
additive white Gaussian noise. In this paper, wedws hybrid filter which is a combination of adaptimedian
filter and wiener filter. The adaptive median filthas been applied as a superior method compardd wi
standard median filtering. This filter classifiesxgls as noise by comparing each pixel in the imagés
surrounding neighbour pixels. The size of neighhood is adaptable as well as threshold for thelaiityi.
The adaptive filter solves the dual purpose of rénmp the impulse noise from the image and reduchrey
distortion in the image. The output of this sulpsie pre-processing is the free noising MRI imapg. Skull
removal: Image background does not usually cordaaiy helpful information but increase the processinge.
Therefore, removing background, skull, scalp, eyesl all structures that are not in the interesrelse the
amount of the memory used and improved the protgsspeed. Skull removed is done by using BSE
algorithm. The BSE algorithm is used only with MRiages. It filters the image to remove irregulasti
distinguish edges in the image, and performs mdogical erosions and brain isolation. It also parfe
surface cleanup and image masking. The outputi®ftib step is the free noising MRI image containly the
human brain.

The BSE calculation as follows:

This algorithm attempts to confine the brain frdm rest of a T1-weighted MRI using a series ofgena
manipulations. Basically, it depends on the faet tine brain is the largest area surrounded byomgtedge
within an MRI of a patient's head. There are esalynfour stages to the BSE algorithm:

Step 1. Filtering the image to remove abnormalities

Step 2. Distinguishing edges in the image.

Step 3. Performing morphological operations anéhtismlation.
Step 4. Perform image masking.
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Clustering stage:

Now a days, image segmentation assume fundanqantain medical image processing. The segmentation
of brain tumor from magnetic resonance images isrgortant assignment. Manual segmentation is dribeo
procedures for discovering tumor from the MRI. Thisategy is time consuming but also generategserro
Several automated techniques have been develop&tRibsegmentation.

Clustering the process of accumulation of objedigch are comparative between them and are disgimil
objects belonging to other clusters. Clusteringuigable in biomedical image segmentation whemtivaber of
cluster is known for particular clustering of humanatomy. Clustering algorithm are classified twpes:
Exclusive clustering and overlapping clusteringektlusive clustering, one data (pixel) is beloggamly one
cluster then it could not belong to another clustémeans is sample of select grouping algorithm. In
overlapping clustering, one data (pixel) is beloggiwo or more clusters

K-Means Clustering:

K-Means calculation is an unsupervised algorittvat tcharacterizes the input information into vasio
classes in view of their inherent separation frone@ @nother. The calculation accept that the inftiona
highlights frame a vector space and tries to discomrmal grouping in them. The points are clusterund
centroids.

A cluster is a gathering of objects which are Embetween them and are not at all like the objéetving
a place with different groups. clustering is anupesvised learning system which manages discoveaing
structure in a gathering of unlabeled informatiirmeans clustering is a algorithm to gathering otsjén view
of attributes/features into k number of gatherimggere k is a positive integer. The gathering (drey) is
finished by minimizing the Euclidean separationv@n the information and the comparing clusterroght

Finally, this algorithm aims at minimizing arjective functionin this case a squared error function. The
objective function

LA ] ) a
T=Z T | =]

7=l il (1)
(i) o

oo

Where"xz “ is a chosen distance measure between a data %bimmd the cluster centré, is an
indicator of the distance of thredata points from their respective cluster centers.
. In the image let D be the data points
. Partition the data points into k equal sets.
. Take the middle point in each set as initialtigd.
. Calculate the distance between each data doint £ n) to all initial centroids (X j < k).
. For each data poidt, find the closest centroigf and assigwi to cluster j.
. Setf] =j.
. Set [] = (di, cj).
. For each cluster @ < k), recalculate the centroids.
. for each data pointi, (i) compute its distance from the centroid of fiiesent nearest cluster. (ii) The data
point stays in the same cluster If this distanckes$s than or equal to the present nearest dist@tberwise
compute the distancéi, cj) for every centroid (¥ j < k).
10. Repeat from steps 5 to 9 until convergencesistm

O©CoO~NOOTAWNPE

Fig. 1: Results of K means segmentation of Brain MRI image

The Kmean algorithm clusters the image accordingame characteristics(Figure 1) is the outputkfor
Means algorithm with four clusters. At the fourtluster the tumor is extracted.The GUI tool for Kane
segmentation shown in (Figure 2).
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Watershed Transform:

Watershed segmentation is a most efficient segatient originating from the field of numerical
morphology. The instinctive thought of this transfois quite simple: if we consider the image asans or
topographic relief, where the height of every pamtirectly identified with its gray level, and rgider rain
gradually falling on the territory, then the waterds are the lines that separate the "lakes"yrealled
catchment basins that form. The watershed transfermomputed on the gradient of the original imagethat
the catchment bowl limits are situated at highimation points. This transform has been generdilized as a
part of numerous fields of image processing, inidlgdmedicinal MR image segmentation, because of the
advantages that it possesses. it is very simpdéinative, quick, parallelized strategy and produaecomplete
division of the image in separated regions regaedl#f the fact that the complexity is poor, alohgse lines
staying away from the requirement for any sortaritour joining. Some essential disadvantages rlatehe
watershed transform are the over segmentation aodgetection areas with low contrast that commoe$ults
in MRI brain images. Marker Controlled WatershedjiBentation Touching objects detachment in an iniage
the one of the most difficult works in image prasiag. The watershed transform is often appliedhi®issue.

Inputs:
e

T wm | e
LosdEvaluation images ™ yo | p1z2s

GCE 00164485

Fig. 2: GUI for K-Means segmentation of brain MRI image.

Marker Controlled Watershed Segmentation Touchtgms partition in a picture is a standout amoigst
most troublesome works in medicinal picture hargllifhe watershed change is frequently connectetiso
issue. The watershed transform discovers catchbasibhs and watershed edge lines in a image byrigeiaias
a surface where light pixels are high and dark Ipizee low. Segmentation utilizing the watersheshsforms
works better, if you can identify or mark foregrauobjects and background locations.

Marker-controlled watershed division takes afterisghessential methodology:

1. Compute a segmentation function. This is a imagesetdark regions are the items you are attempting t
segment.

2. Compute frontal area markers. These are joinedshddpixels inside of each of the objects.

3. Compute background markers. These are pixels thai@ a portion of any object.

4. Change the segmentation function so that it justrhaxima at the foreground view and background erark
areas.

5. Compute the watershed transform of the altered satation capacity

The detailed view of watershed transform withm@tcessing images as shown below in (Figure 4).The
GUI for watershed segmentation of brain MRI imalgeven in (Figure 3).

Methodology:

In the proposed approach an improved K -meangitiigp and EM algorithm are combined to formulate a
hybrid strategy for better clustering. The propospgroach aims to exploit the capability of promgliwell
distributed cluster of K-means and the compactoéstusters provided by EM. The initial clusterg @rovided
by the improved K-means algorithm. This initial sering operation results in centers which are lyidpread
in the given data. These centers form the initaiable for EM, which subsequently uses these blasaand
iterates to find the local maxima.

EM is an iterative algorithm which employs a mobated approach to identify clusters. EM is clasdias
a suitable optimization algorithm for constructsgtable statistical model of data unlike distabhased or hard
member ship algorithm such as K-means algorithf&M. is widely used in applications such as computer
vision, speech processing and pattern recognifitwe. clustering operation of EM differs from the stlering
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operation of K means in that EM starts with aniahiestimate for the missing variable and iteratefind the
maximum likelihood (ML) for these variables. Unlikemeans, in EM the numbers of clusters that asirelé
are predetermined. . It is initialized with values unknown (hidden) variables. Since EM uses maxm
likelihood it most likely converges to local maximaround the beginning values. Hence selectiomitiai
values is vital for EM. However, the EM algorithnosks well on clustering data when the number o$tets is
known.The proposed algorithm has described asvisllo

uantification.
Areain(samen)
[ oweniy | w078
valuate
— w o
Loscusonimsges i vor | oeerre

[ 00282095

Fig. 3: GUI for watershed segmentation of brain MRI image

st e e

s g

Fig. 4: Results of watershed segmentation of brain MRAgena)original image b)modified graident image
c)watershed ridge line d)gradient mangnitude einegged imagef)tumor segmented using watershed.

Hybrid Improved K —means Clustering and EM Algoriti:

The k-means clustering calculation creates k poa# starting centroids subjectively, where k issar
indicated parameter. Every point is then assigmethé¢ cluster with the nearest centroid. At thainpthe
centroid of every group is updated by taking themef the data points of every cluster. Euclideatadce is
utilized to find separation between data points eamtroids.

The steps involved in simple K —means clustering déustrated as:

Step 1 Arbitrarily choosing kdata points fronD as initial centroids.

Step 2 Assigning each poirti to the cluster which has the closest centroid.

Step 3 Calculate the new mean for each cluster.

Step 4 If convergence criteria is met then giving the tdus or going back to Step 2.

In the proposed improvement, a computationallys lesmplex approach is suggested to identify better
initial clusters thereby enhancing the efficiencyl erformance of the clustering operation. Thpsstevolved
in the implementation of the improved K-means dtisg are mentioned below.

Stepl: Considering middle point in each data set asritial centroids.

Step 2 Computing the Euclidean distance for each datat fimm the origin.

Step 3:Sorting the obtained data point using the distareputed.

Step 4:Portioning the sorted data points in to K equéd.se

Step 5: Considering the middle point in each set asnit&al centroid.

Step 6:Computing the distance between each data pothetall the initial centroids.
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Step 7:Finding the closest centrogjl and assignli to clustelj for each data poirti

Step 8 Setting the Cluster Id[=j. //|: Id of the closest cluster.

Step 9 Setting the nearest DigtF d (di, cj).

Step 10 Recalculate the centroids for each clugfér<=j <= k),

Step 11: For each data pointi, its distance from the centroid of the presentesecluster is calculated. If this
distance is less than or equal to the present siedistance, the data point stays in the sameetlushe
operation moves to Step.

Step 12: For every centroidj (1<=j<=k) the distanca (di, cj)is computed.

Step 13: If convergence criteria are met then giving thestdts or going back to Step 2.

Expectation maximization clustering evaluates tirebability densities of the classes utilizing the
Expectation Maximization (EM) algorithm. The algbrn depends on finding the extreme likelihood eatas
of parameters when the information model reliecerain idle variables. In this proposed approdehinitial
clusters are identified with the help of improved-Keans algorithm and alternating steps of ExpectdE)
and Maximization (M) are performed iteratively tile outcomes join.

In EM, alternating steps of Expectation (E) andxhtazation (M) are performed iteratively till the
outcomes merge. The E step processes an expeatétioe likelihood by including the dormant variablas if
they were observed, and maximization (M) step, Wwifigures the maximum probability evaluations oé th
parameters by maximizing the expected likelihoaghfbon the last E step. The parameters found oNthep
are then used to begin another E step, and theguoge is repeated until convergence .

Precisely for a known training datasef (1) 2(2) oo .. x(M)} 4ng modep(x,2)

Wherez is the latent variable, we have:
1(6)=2T"logp (x; 6) @
Yilogd; p(x;z6) 3)

As can be seen from the above equation, the lobahility is described in terms &f zand & But since z,
the latent variable is not known, we utilize appneations in its place. These approximations obtianform of
E & M steps mentioned above and formulated mathieaibt below.

E Step, for each i: N
o (09) 2P0/ x3; 6) @
M Step, for all z: o

gl g

8 = argmaxg 2; Yazii Q; (Z':ﬂhog @ (=09] (%)

Where@: the posterior distribution of &8s given thé" ) S.Conceptually

Fig. 5: Stages of tumor segmentation using Hybrid Impdoke-means Clustering and EM Algorithm.

The detailed view of Hybrid Improved K —means @uisg and EM Algorithnwith all processing images
as shown below in (Figure 5).The GUI for watershkegmentation of brain MRI image shown in (Figure 6)

RESULTS AND DISCUSSION

Two sorts of experiments are done to assess theut®n of the proposed approach qualitatively and
guantitatively. The performance measures used &byze the execution are PRI (Probabilistic Randeind
VOI (variation of information) &GCE (global conséstcy error). PRI assesses the pair wise connections
between pixels of divided result and numerous genath divisions and takes values in the reactiJOHence
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higher PRI esteem shows a superior match betweesetttioned result and the ground-truth informatié@l,
GCE are error measures that have to be reducdtelgood segmentation algorithm.

Inputs.

E

valuate:
0 0
™ E— »

o
wor

Fig. 6: GUI for Hybrid Improved K —means Clustering and EM Algarithf brain MRI image.

Rand Index (RI):

The Rand Index (RI) checks the part of pairs atlsi whose marking are reliable between the congpute
segmentation and the ground truth averaging overenous ground truth segmentations. The Rand mea&sare
measure of the similitude between two data clus@igen a set of n components and two partitionS & look
at, and, we characterize the following:

a. The quantity of pairs of elements in S that arthensame set in X and in the same setin Y
b. The quantity of pairs of elements in S that ardifferent sets in X and in distinctive sets in Y
c. The quantity of pairs of elements in S that arthinsame set in X and in diverse setsin Y

d. The quantity of sets of elements in S that ardffier@nt sets in X and in the same setinY

The Rand Index (RI) defined as :
R=(a+b)/(at+b+c+d) =(a+b)/{(n/2)) (6)
Where a + b as the number of agreements betweandXY and ¢ + d as the number of disagreements
between X and Y. The Rand index has a value bet®esmmd 1, with O indicating that the two data austdo
not agree on any pair of points and 1 indicatirag the data clusters are exactly the same.

Variation of Information (VOI):

The Variation of Information (VOI) metric charadiees the distance between two segmentations as the
average conditional entropy of one segmentatioergihe other, and in this manner measures the mea$u
randomness in one segmentation which can't befietirby the other. Assume we have two clustering (a
division of a set into a several subsets) X andhéng

X ={X1,X2... Xk}, pi = | Xi |In, n =Zk | Xi|. @
At that point the variety of information betweeawotclustering is:
VI(X; Y) = H(X) + H(Y) = 2I(X, Y) (8)

Where, H(X) is entropy of X and

I(X, Y) is mutual information between X and Y. Tlswmmmon data of two clustering is the loss of
uncertainty of one grouping if the other is give@onsequently, shared positive and limited by
{H(X),H(Y)}_log2(n).

Global Consistency Error (GCE):

The Global Consistency Error (GCE) measures tlggeseto which one segmentation can be seen as a
refinement of the other. Segmentations which armeoted are thought to be steady, since they cepiegsent
to the same image segmented at distinctive sc8egmentation is essentially a division of the ixef a
picture into sets. The portions are sets of piXélsne segment is appropriate subset of the othen the pixel
lies in an area of refinement, and the error shbel@ero. If there is no Subset relationship, thertwo regions
overlap in an Inconsistent manner.

T=FE.TE =11 XD~ ¢ 12 where | XD — Gj 112 o
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Where, segmentation error measure takes two dihgsiS1 furthermore, S2 as input, and produces a
genuine esteemed output in the reach [0::1] where gignifies no error. For a given pixel pi comsidhe
segments in S1 and S2 that contain that pixel.

Calculation the tumor region:

The tumor area region is calculated by the follovgrequation:
Tumor area = A total number of pixel in the tumegion

A=V xH (10)
Where, A=the area of each pixel

H=horizontal dimension of the image

V=vertical dimension of the image

Peak signal to noise ratio(PSNR):

The Peak Signal to Noise Ratio (PSNR) is usedntb the deviation of segmented image from the gdoun
truth image. Equation (8) represents the PSNRhis ¢quation mean squared error (MSE) for two M * N
monochrome imagefsandz and it is given by Equation (9). MaxBits gives timaximum possible pixel value
(255) of the image.

PSNR=10 )qogml\/kax—Bl@
MSE (11)
1 M-1N-1 5
MSE=——> > ((f(x Y- £ x Y
MXN 3= ¥=0 (12)

Structural similarity (SSIM):

Structural Similarity Index (SSIM) is a method foeasuring the similarity between two images. TEEVS
is measured between two windows X and Y of comnima& N*N on image using Eqg. (3).
SSIM x =2k +8)(20,+ C,)

(k5 + g +C) (O +0,+C) (13)

The amount of quantitative information availabteroedical images is enormous. Computer quantifoati
may hold more potential than computerised detecfitne main reason that most radiolilogic scoringtsms
are not used routinely in clinical practice thagythare too time consuming and cumbersome to aghlyrent
systems for computer aided detection have beeadnted as complementary tools that draw the ragistio
attention to certain image areas that need fuekiatuation. The proposed calculations have beeteimmgnted
utilizing MATLAB. The execution of different imageegmentation methodologies are analyzed and talked
about. The measurement of image segmentation dstbaneasure. There is no regular algorithm foritage
segmentation. The measurable estimations couldilised to measure the nature of the image segrtienta
The rand index (RI), global consistency error (GEEYOI are utilized to assess the execution. Thiaitkd
description with formulae of RI, GCE, VOI parametere clarified in point of interest as follows.

Table 1: Performance evaluation.

METHODS PRI VOI GCE PSNR SSIM Tumor area(sq.mm)
K-Means 0.9796 0.126 0.01663 46.88 0.9568 40.3088
WATERSHED 0.5847 1.02 0.0782 27.94 0.3387 830.76
PROPOSED METHOD 0.994645 0.041 0.0049¢ 72.1979 2400 29.2913

m Kmeans

mWatershed

Proposed algorithm

PRI el GCE S551IM

Fig. 7: The performance analysis chart.



93 Karnam Gopi and Thirumala Ramashri, 2016
Australian Journal of Basic and Applied Sciences,d(8) April 2016, Pages: 84-96

The (figure 7) performance analysis chart revidladd the PRI, SSIM values are higher and VOI a@EG
values are lower for proposed algorithm compare#t tneans and watershed algorithm.

The experiment is conducted over the Brain tum@tl Mnages using the algorithms k means, watershed
and the proposed method their outcomes appearéeigare2 ,Figure3 and figure6)with required meablea
parameters and their outcomes are exhibited ineTabf The estimation of PRI,PSNR, SSIM is highad a
GCE, VOI are lower than the segmentation methagiols better. The proposed algorithm shows the GGdE
VOI Values low and PSNR, PRI values high comparethb@r methods.

The sequence followed for validating the developedl is:

» The images obtained from two sources are inputad@UI-CAD tool separately.

» The tool performs required operations and prodecggut image views that contain segmented Region of
Interest of brain tumor, quantification, evaluateséd on PRI (Probabilistic Rand Index), VOI (vaoiatof
information) &GCE (global consistency error), Stural similarity index(ssim) .These output imagews for
various Brain MRI images are shown to the expetiolagists and are asked to classify.

» Based on the segmented Region of Interest, quaattdn and evaluation the clinical experts clasdifihe
brain tumor as True Positive, False Positive, TYegative, and False Negative. The experts’ clasdifins are
shown in Table. Il

Table Il: Observed values by Clinical Experts.

Clinical Expert Image True False True False
p Data Base Positive Positive Negative Negative

93% 7% 95% 5%

| Image Set 1 (139) 1) R o
95% 5% 93% 7%

Image Set 2 (143) @) i) (o)

Image Set 1 95% 5% 93% 7%

I ’ (143) @) (111) )
Image Set 2 91% 9% 90% 10%

’ (137) (13) (108) 12)

96% 4% 98% 2%

] mage Sett (144) (6) 117) ®3)
94% 6% 93% 7%

Image Set 2 (141) ©) 112) s

Image Set 1 90% 10% 94% 6%

\Y ’ (135) (15) (113) @
Image Set 2 92% 8% 90% 10%

’ (138) (12) (108) 12)
91% 9% 90% 10%

v Image Set 1 (137) (13) (108) i
90% 10% 94% 6%

Image Set 2 (135) 15) 113) o

» With the above classified values, performance assest parameters of diagnostic test such as Acgura
Error, Sensitivity, Specificity, Positive Prediadivwalue (PPV), Negative Predictive Value (NPV), deal
Discovery Rate (FDR), Matthews Correlation Coeéfiti (MCC), False Prediction Rate, False Negativie Ra
Prediction Conditioned Fallout, Prediction Condigal Miss, Rate of Positive Prediction , Rate of &leg
Prediction, Odds Ratio, Likelihood Ratio positivékelihood Ratio negative, Prevalence, Pretest ¢tukttest
odds of outcome for given positive test resultse Thmputed values and plots of various radiologitadnosis
parameters for the classification values of Tablef two input image sets and five experts opiniming the
add-on user interface performance measure toajriated in GUI-CAD are directly converted in to Mispft-
Excel sheet for reference and record shown in EigurEach column corresponds to parameters compated
individual experts respectively under image setd 2. All the individual plots of the radiologicphrameters
are saved in separate sheets for easy access bypbss’.

Based on the quantification details in the outipaige views obtained from GUI-CAD tool, the clinica
experts classify the tumor as True Positive, FRIssitive, True Negative, and False Negative. Tlasethe
input parameters for the performance measure taloljated in Excel sheet and loaded as input dataesure
tool (Figure 8 and 9). The various parameters edlab radiological diagnosis mentioned above arapeded
and corresponding graphs are plotted and can besgien the performance measure tool itself forysigl

Discussion:

The output image views of the GUI-CAD tool forfdifent brain tumor images from two image sets are
shown to expert radiologists and are asked to ifya®e diagnosis test of detected tumor accordmgheir
opinion in to True Positive, False Positive, Truegitive, and False Negative. The experts’ clasdifins are
shown in (Figurel0). Based upon these classifiddesa twenty one (21) performance assessment pteesne
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are computed for evaluation of the diagnostic itegiemented on the tool. All these parameters areputed
by the tool for classified values of expert radg#ds’ and are displayed in Excel sheet. Plot afggmance
assessment such as Accuracy, Sensitivity paramateshown in (Figure 11).

VALIDATION MEASURES OF THE PROPOSED TUMOR SEGMENTATION SYSTEM |

INPUT DETAILS f

op-up enu B

PERFORMANCE MEASURES

0 01 02 03 04 05 06 07 08 09 1

Fig.8: Validation measures of the proposed segmentation.
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The comparison was tested according to the follogvimeasures:

True Positive (TP) = number of resulted images mgbirain tumaftotal number of images

True Negative (TN) =number of images that havamtidrtotal number of images

False positive (FP) =number of images that havenor and detected positivtal number of images
False Negative (FN) =number of images have tumdrrarn detecteltbtal number of images.
Accuracy= (TP+TN)/(TP+TN+FP+FN)

Recall= (TP/TP+TN)

Precision= (TP/TP+FP)

PLOTOF ACCURACY PLOT OF SENSITIVITY PLOTOF SPECIFETY
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TR w‘nu'zr i DI “‘mﬁm 8
D t‘ Lty doold
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(a) Plot of accuracy ‘ (b) Plot of Sensitivity (c) Plot of specificity

Fig. 11: Plot of performance assessment parameters.

Conclusion:

The results and observations show that the rdseeock is successful in segmenting and identifyimgin
tumor using Hybrid Improved K —means Clustering d&d Algorithm. The proposed method gives more
accurate result compare with the others. The pmdace of these algorithms is measured using segtmant
parameters Rl, GCE, VOI, and PSNR, SSIM. The coatmrtal results showed that the proposed image
segmentation shows accurate results and it perfbetter than the watershed and k means. Accordinggy
compare the segmentation performance in braingissbie GUI-CAD tool designed for aforesaid classifion
has proved to be computationally less complex dfettéve in identifying the brain tumors. In additi to
primary objective of designing GUI-CAD system tasdify brain tumor, research has successfully aeHiall
objectives initially stated. The resultant imagestiee GUI-CAD tool provide a second opinion to the
radiologists in discriminating lung nodules fronoddl vessels. The effectiveness of the CAD toolnislysed
using a variety of performance assessment parasndikis quantification helps in abstracting clihioginion
to provide a better diagnosis and prognosis. Thtopeance measures of the tool indicate the suitalznd
reliability of the tool in providing an authentiegt secondary opinion. The research work has thenpat to
serve as an effective tool in managing and earhgmidsis of brain tumors. This serves as a basighfor
diagnosis, the choice of treatment and the prognosi
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