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Abstract

Brain tissues segmentation is usually concerned with the delineation of three
types of brain matters Grey Matter (GM), White Matter (WM) and Cerpbrak
Fluid (CSF). Because most brain structures are anatomically defined by boundaries
of these tissue classes, accurate segmentation of brain tissues into one of these
categories is an important step in quantitative morphological study of the brain. As
well as the abnormalities regions like tumors are needed to be delineated. The extra
cortical voxels in MR brain images are often removed in order to facilitate accurate
analysis of cortical structures. Brain extraction is necessary to avoid the
misclassifcations of surrounding tissues, skull and scalp as WM, @Mumor
when implementing segmentation algorithms. In this work, two techniques have
been implemented to extract the brain tissues as elementary step. The next step was
utilizing the resultant skustripped images as input of four segmentation algorithms
to extract the tumor region and calculate #iea valueof it. The resultant skull
stripped images for complete set of-WRighted images and the adaptivévieans
clustering techniques provedethobust performance of these proposed algorithms.

Keywords. Brain Tumor, Active Contour, Clustering, Region Growing,
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Introduction

Segmentation subdivides an ig&into its constituent regig or objects [1]. Imageegmentation is
one of the most difficult tasks in imageocessing; itaccuracy determines the eventual success or
failure of computerized analysis procedur&ansequently considerable carbave bep taken to
improve the probability of accurate segmentation $&gmentation techniques can be classiiied;
classical techniques such as thresholding, boundary based technique, region based technique, or
statistical based technique. Depending on dvell of interactivity, segmentation can be classified as
manual,semiautomaticor automatic [34]. Despite numerous efforts and promising resaitisieved
in the medical imagin§eld, accurate segmentation aisdlationof abnormalities is still a chahging
and difficult missionbecause the overlappirgxisted betweebrains tissue, and the varietyin the
shapes, locations and image intensitiesitwfiormalitied5]. In this work, skull stripping processas
been implemented to extract the brain teswithout any extraortical parts. Two techniques have
been adopted to accomplish this task: successive morphological operations and deformable model
(active contour). The resultant skull stripped image has be®thed using bilateral filter teduce
the staircase effects among image points. Many segmentation techniques havélibegrsome of
themwere adaped methods; e.gKk-Means based on-Kleans, Fuzzy €Means, kMeans based on
Fuzzy GMeans and Region Growing.

Skull Stripping

The skullstripping aims to extract the brain from the skull, eliminating all-boain tissuege.g.
bones,scalp, fat, veinseyes, skinandmeningitig. This procedure requires a seghbbal and local
understanding of thekull and brainimage imaging artifacts,anatomical variability,and varying
contrast properties6]. The extracortical voxels(volume elementin MR brain images are often
removed in order to facilitate accurate analysis of cortical strudterés avoid the misclassifications
of surroundingtissues, skin and scalp as WM or GWM.[Generally, kull stripping methods are
classified into three types: intensity based, morphology based and deformable model based. The
extraction of the brain region from the nbrain regioncan be performethy mehods like region
growing, watershed and mathematical morphologicathods ¢].In this work two different
technigueshave beersuggested aniinplemented to achieve this tasle. successive morphological
operations and active contaaigorithm.

Morphological Operations

Morphological operators have been used for thigiorousperformance in preserving the shape of a
signal, while suppressing the nois8].[ Image morphology provides a way to incorporate
neighborhood and distance information into aitfpons. There are two basic morphological operators:
Erosion and Dilation or Openingand Closing which werederived from the erosion and dilation.
Number of pixels added or removed framobject in an image depends on the size and shape of the
structuringelement used to process the ima@le These operations have been applied successfully to
a broad variety of image processing analysis tasks, for more deta[ts0sEg]. In this study Disk-
shapetemplate formis utilizedsincethebrains possesapproximateoval shape

Deformable Models

The deformable models (also known astive contoursor/and snake3 are often used to
approximate the locations and shapes of object boundaries in images based on the reasonable
assumption; i.e. the boundaries the¢ piecewise continuous or smooth in an image whaih be
moved due to the influence of internal and external fortdls The active contour models lock onto
nearby edges, localizing theaccuratelythey can be usedtofthe obj ect 6s ngdape by
gradient dependent attraction force while at the same time maintaining the smoothness of the contour
shape [15]. Thus, unlike edge detection, active contour methods are much more, inbeeste of
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image noise existence,as the requirements for cootosmoothness, and contour continuitas
required Another advantage of ifimodelis that prior knowledg about the shape of the objean
be built into the contour parameterization procégdive contour methods have difficulty handling
deeply coroluted boundaes (e.g.CSF, GM and WM boundarigsdue to their contour smoothness
requirement. Hence, they are oft@appropriatefor the segmentation of brain tissues. Nevertheless,
they have successfullpplied to the segmentation of intracranialibdary [L6], brain outer surface
[17], and neureanatomic structures in MR brain imagés][

Theactive contour is represented by a vectgrwhich contains all of the points of the snake. The
functional energy of this snake is given lgjf

E= f [E int (V5] + E pmage  (w(5))|ds

=J

@ 5)E cons [V(ﬂ] + BSIE gy + F(EjEz'mags (vis))|ds (1)

Where E;y is the internal energy of the contoulr consists continuity enerdg¥.on: plus curvature
energyEcun. Eimage represents the proper energy of the image, which is very different from one image
to anotherz, i, and ¥ are values that can be chosen to control the influence of the three[2€rms

21].

K -Means Clustering Algorithm

Among the hard clustering method§;means is an extensively used clustering algorithm to
partition data into certain number of clustg2g]. It is an iterative technigue that is used to piartian
i ma g e kb nctl odhedraess involves of grouping data points with similar feature vectors into a

single cluster and grouping data points with dissimilar feateceovs itio different cluster$23].

Fuzzy C-Means Clustering Algorithm

Fuzzy CMeans (FCM) algorithm is the most popular method used in image segmentation because
it has robust characteristics for ambiguity and can retain much more information than hard
segnentation methods2@]. Conventional and modified FCM algorithm has been widely studied and
successfully applied in medical image segmentation by many researthergonventional FCM
algorithm is efficiently used for clustering in mediddRI brain imagesbecause the uncertainty of
MRI image is widely presented in data, in particular, the transitional regions between tissues are not
clearly definedand theirmemberships are intrinsically vagus]. In FCM algorithm the data patterns
may belong to severatlusters, having different membership values with different clusters. The
membership value of a data to a cluster denotes similarity between the given data pattern to the cluster
see R6).

Region Growing Algorithm

Region growing methods usually stast locating some seeds representing distinct regions in the
image[27-28]. The seeds are then grown until they eventually cover the entire image. The region
growing process is therefore governed by a rule that describe the growth mechanism and a rule that
check the homogeneity of the regions at each growth 28pTfhis algorithm begins with selecting
seed pixels, each seed pix#l is treated as a regiadh , i { 1, 2é n}. The algorith

some neighboring pixels to thosegians and merging them with the original regions that having
similar intensities. The choice of homogeneity criterion is crucial for the success of this algorithm, for
example the homogeneity criterion proposed28, 3Q is the difference between the plxintensity

value and the meeintensity value of the regione.

8(x) = |g(x) — mean[g(¥)]l, vE4 @)
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Where g(x] is the gray value of the image poigtandx is an unallocated pixel which is adjacent to
region A

Adaptive K-Means/ K-Meansbased onFCM and K-Means based on KMeans

It is well known that theutputof K-Means algorithm depends hardly on the initial seeosberas
well as the final cluster numbers. Therefore to avoid such obstadléeaks based on FCM is
suggestedh our previous paperdl]. The idea behind gt suggesbn wasto supply the KMeans with
well-defined clusters centers based on optimal calculation instead of random ones. In,atdition
FCM algorithm assign probability for each pixel to blssified rather than deterministic class
assignment by MMeans so one can switch from probability to deterministic by this algorithm.
Moreover,an adaptive technique is suggested hdnieh based on the centers KfMeans clustering
thatis implementecbn abnormaimage belongto the samelataset under study.

Experimental Dataset,Methodologiesand Results

The experimental dataset that utilizedthis work has beembtainedfrom the Whole Brain Atlas
website of patient witta malignant tumar The adopted setvas T2-weighted MRI modality of 22
images(named U1T2J22T2) Figure t presents sampef these images.

Figure 1- Samples of the experimental images

Skull stripping utilizing Morphological Operations
In this part of the work, manyorphologicaloperations have beémplemented to extract theain
tissues of the complete sets (UtD22T2) images presented in the first column of(fig these
operations are:
i.Binarizing the images by utilizing a suitable thresholding value depgdirthe image gragvels
(the values0 is adopted for most of them).
ii.Applying morphological opening process with structurglgment of disishape of radiugquals
severpixels.
iii .Selecting the maximurarea érea that exceeds a specific number of pixéis)riumber depending
on the slice posdibn, (it is ranged from 35060 pixels).
iv.Applying morphological closing process with structuring element of-sliglpe of radius equals
severpixels. After that filling holes if they presents.
v.Multiplying the resultahimage by the input image to obtain grey level image of the extracted brain
tissues.
The main stepsf implementing this techniguen one image are illustrated in {ig),while the results
of implementing this technigue on the complete dataset imagédiustrated in the second column of
figure 2.

Figure 2- The resultant images of the skull stripping algorithm using morphological operations. First image
input image, the second qrautput image after applying morphological operations, and the dhie final brain
tissue éter selecting the maximum area.
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Skull Stripping utilizing Active Contour Algorithm

In this part of the work, skull stripping process has been applied by implementing active contour
algorithm onthe completeset(U1T2-U22T2) This process has been implemented with initialization
element of circleshape with suitable radiu$he radii of thenitialization element were ranged from
(20-70) pixelswithin the brain region. The size and posit@rinitialization element dependingxahe
s | i c e 0andIxdtienpvighin the head This algorithm is applied with maximum number of
iterations equals 1250 and the valualpha parametarquals 0.2.
The steps of implementing this technique on imvages are illustrated figure 3-, while the results of
implementing thigechnique on the compleset images are presented in the third column ofég-.
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Figure 3- Shows the steps of the skull stripping process using actwour for two input imagesvith
initialization elemat of circlewithin the brain tissue region.

20 40 60 B0 100 120 20 40 60 80 100 120 20

K-Means Clustering Algorithm based on kMeans Centers
To unify the classes of the different tissues of the brain of thakaslbrmalimages kMeans
algorithm was applyingn oneabnormal imagandthenadot i ng t he values of the
pass themtotheKleans al gorithm that i mplemented on the
images with the same clusters labels. This procedure has been done in steps as follows:
1-To get the clustehaat the tumor belorggo, in the abnormalimages (U3T2U15T2), the KKMeans
algorithm has been implemented ibmage U8T?2 after skull stripping and bilateral smoothing.
2- The centers values of the clusters of Ug8&mentedmage has been passed to théVi€ans
algorithm that implementethter on the images (U3T215T2) after skull stripping andilateral
smoothing too.The results of these steps are shown in the figbremnd 6- for threeimagesas
samples
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Figure 4- Shows theskull stripp ng pr o c e s théceamplete datasetirs coluronthe original image,
the second columrihe extractedbrain tissue by applying morphological operations, and the third coltiren
extractedbrain tissues by applying active contour algorithm.
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Figure 5- Shows the results of applyingMeans algorithm on U8T2 image. From left to rigirst image the
extractedbrain tissue image after bilateral filteringecond imagethe segmentedmage and lastone, the
clusters separately. It is obvigy that, the clustesf thetumor is the fourttone
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Figure 6- Shows the results of applyingMeans algorithm othreeimagesas samples-irst columnthe brain
tissue image after bilateral filteringecondcolumn, thesegmentedmage;third column the clusters separately,
and last columsthe clusteof the tumor.

Fuzzy C-Means Clustering Algorithm

Fuzzy GMeans clustering algorithm has been implemented on the images-(UHT2) after skull
stripping and bilateral filter smoothgrprocesses. These images have been clustered into five clusters.
The resultant segmented imagtweir five clusters, and the clustiatthe tumor belongto for four
imagesas samplesare illustrated in figre6-.
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Figure 7- Shows the results of applying FCM clustering algorithm on the brain tissue images after bilateral
filtering of four images. First column, the segmented image; second column, the clusters separately; and last
column, the cluster of the tumor.

K-Means clustering Algorithm based on FCM
In this part of the work an adaptive technique has been implemented to segment the abnormal MR
brain images. Thitechnique isnvolved applying FCM clustering algorithm on one abnormal image,
then passinghe valuesf the centers of the clustergdage tothe K-Means algorithm that applied on
the same i mage. After that, adopt i-NMeanstalgogithnt e nt er
to implementit lateron t he al | abnor ma ledus lofi tliseteckiniquie ntangbe s . Th
summarized as follows:
1. Implementing FCM algorithm on U8T2 image.
2. Pass the values of the centers of the clustered image teMleais algorithm that applied on the
same image.
3. Pass these center values to thigl&ans algorithm that implemented on the images (URBTLBT?2).
The results of these steps are illustrated in thedg( 8and9) for four images as samples

FCM clustored imagaabeied image)

Figudre 8- Shows the results of abplyiri@}Méans based oFCM on UST2 image. From left to rigHirst image
the brain tissue after bilateral filteringecond oneFCM segmentedmage third one, K-Meanssegmented
image based on FCMind last onghe clusters separately. It is obviously, the clustéhe tumor is the fourth
one.
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To compareof the performance of the three techniquesvigans, FCM, and KMeans based on FCM
clustering algorithms, two images U8T2 and U10T2 from the previous set, have been selected to
extract the tumor regions that contained within them. The extraction prddésstomor regionfrom
thesemages is illustrated in thiggures(10 and 11) for the images U8T2 and U10T2 respectively.
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Flgure 9— Shows the resulttsf implementingk-Means algorithm based on FCM four images. Firstolumn,
thesegmentedmage second columythe clusters separategnd last columpthe cluster ofthe tumor.

Figure 10 lllustrates the steps of getgirthe tumor that extracted by implementing the algoritkrideans,
FCM, and kMeans based on FCM from first row to the last one respectively. First column, the ofuster
tumor, second columnthe tumor region class after morphological opening proeass third column, the grey
level image of the tumaegion (a) for image U8T2 and (b) for image U10T2.

First step is selecting the cluster that the tumor region belong to which are presentefigurdse
10- (a & b) first column, after that, to extract the pixels of the tumor region only an opening
morphological process has been applied with structuring element eshdigle of radius equat&o
pixels for all the cases except the last one in figudd-. The resultant images of this process a
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presented in the second column, after that the gray level image of the tumor region is obtained by
multiplying the tumor class image by the corresponding input image as illustrated in the third
column.

The area of the extracted tumor regions thaktracted from the previous procedure by
implementing the algorithms:-Kieans, FCM, and¥Me ans based on the centers
algorithm, arecalculated andemonstrated in table for the comparison.

Region Growing Segmentation Algorithm

In this part of the work the Region Growing segmentation algorithm has been implemented on the
abnormalimages (U3T2J15T2). Firstly, the images have been skull stripped and then the bilateral
filter has been applied. After that Region Growing segmentatgorithm has been implemented with
thresholding value equals 25, and the resultant segmented images have been demonstnated in fig
11- for ten images as samples

Figure 11- Shows the results of applying Regi@rowing algorithm orten images First image
represents the brain tissumdge after bilateral filteringand the second image represents togput
sgmented image

(labek Broun & red indicate the abnormality regions)

Comparison of the Different Segmentation Algorithms

In this section a visual comparison of the segmented images that obtained by implementing different
segmentation techniques, is presented. FiguPe demonstrates the segmented images by
implementing the algorithms: Kleans;K-Meansbased on FCMFCM; and Region Growing. All

these algorithms have been implemented on skull stripped and bilateral filtered. infgasl 2-
illustrates the results for four images ampées.
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