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Abstract

Background/Objectives: The main intent of this paper is to detect tumor in the mind by means of image segmenta-
tion. Methods/Statistical Analysis: The method used is fast border mark algorithm which is based on image seg-
mentation. Image segmentation plays a crucial role in presentation of substantial shape and other areas of interest.
The detection of tumor is based on horizontal and vertical score function using coefficient based on bhattacharya
added with intensity histograms of gray level. The fast border marker algorithm is related with Intensity based bor-
der mark algorithm and Entropy based border mark algorithm. Results: The input consists of images of MR slices,
and the output is to detect the abnormal area by means of pack which is oblong around the tumors. The method is
based on training rule which is individually exchange recognition procedure which spots the section that is different
between the two parts of the mind in MR slice using a vertical line. The detection exchange method has been using
thresholding novelty found on function of bhattacharya intensity gray level histograms. The mean coefficients of dice
for some patient conditions are less than 0.6 that meaningfully increases the scope for region-based border mark
ability. The study consists of around ten MR images with a vertical line that moves across the mind. Different MR im-
ages may vary in area, form, position where we can still find the tumor in the mind. Conclusion/Application: The
method is based on threshold segmentation. The segmentation technique uses fast border mark algorithm. The fast
border mark algorithm is experimented on the MR images for finding the abnormal part in the mind.
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1. Introduction

Now-a-days they are many medical centers that are
maintaining huge data regarding the images about
abnormal images. The behaviors of tumors are described
based on different features like section, mode and
location.

Image segmentation is the process of partitioning a
digital image into multiple segments. The main intention
of segmentation is to exchange the presentation of an
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image into something that can be understood more easily.
Segmentation in image is to generally locate the target.
In a correct manner, segmenting an image is to give a
name to all the pixels in an image so that those pixels
with the similar name are to divide based on definite
characteristics. The output of segmentation is a collection
of division parts that combined cover the entire image,
or a set of contours extracted from the image (see edge
detection). Based on certain features of pixels like color,
intensity and texture they are divided.
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Some tumor segmented methods are not fully pro-
grammed as they need interface with the user to locate
a seed inside the tumor®"”. Region growing is a simple
region-based image segmentation method. The other
name for region growing is pixel-based segmentation
method where it includes how the basic points collec-
tion. The basic points are surveyed to check whether the
basic points should be appended to it. In the similar way
the operation is repeated, in the same manner as general
data clustering algorithms. High time complexity is the
disadvantage of Region growing". The paper consists of
an automated, speedy, and imprecise segmentation tech-
nique that consists of a rectangle box round the tumor
which avoids the problems such as time complexity in
region growing.

The algorithm consists of MR images as input where
the tumor is located at different positions of the brain, and
the output consists of oblong pack around the tumors.
The axis of symmetry divides the brain into two parts
with left part as the input image and the right part as the
reference image. The output for the input image is it takes
the input MRI image then finds the boundary of the brain
and axis of symmetry. The vertical and horizontal score
values are plotted against the number of days and growth
rate if the two plots are dissimilar it detects the tumor. The
vertical and horizontal score function uses the coefficient
of bhattacharya which gives the similarity between two
normalized intensity histograms. By using the centroids
of the border marker method the unsupervised mean
shift clustering’ is implemented to find the largest cluster
consecutive in MR slices.

The proposed function involves the novelty of the FBM
segmentation technique which locates the border markers.
The function is based on coefficient of bhattacharya’ of
intensity histograms which is gray scale. The coefficient is
used to measure the similarities between two normalized
histograms. It is defined as the square root of two histo-
grams. Under reasonable conditions, the function admits
a very speedy linear time search technique that locates the
border markers. The advantages of FBM include: (a) no
image registration is necessary, (b) dispensation of initial
specification is not necessary, (c) no quality of intense in
images are required and (d) it is a real time implemented.

2. Overview of the Proposed Work

The characteristics of the FBM system is described in sec-
tion 3 next. Section 3.1 shows how the border markers
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are located around the tumors on MR images. Section 3
presents wide experimental studies. Section 4 describes
the results and discussions.

3. Fast Border Mark Algorithm

FBM operates in two steps. The input set of images is
individually processed, to find oblong pack firstly. In the
second step, the border markers are grouped to spot the
ones that are present around the tumor. It is based on the
principle called unsupervised principle*. The outline of
the above procedure is given in the following section.

3.1 Locating Border markers on 2D MR
Slices

The following module describes about the idea behind
FBM: D a region of change principle is obtained which
is defined as the difference in-between the image to be
tested I with the referral image R. In FBM, the a vertical
line is drawn through the center of the image, the part on
the left side has been regarded as the image of the test I,
and the part on the right side as the image of the reference
R. Now at this point D the region of change limited to be
a rectangle box, which restricts the irregularity. To date
most of the change detection methods is dissimilar from
the region of change technique? for example. This change
is viewed as a region-based as it varies based on more
techniques. The thresholding function novelity is used to
identify the D with two very fast searches one along the
direction vertical and another across the horizontal of the
picture.

Figure 1(a) the image to be tested and the referral
image; have been shown with similar elevation and thick-
ness subsequently i.e. h and w. The rectangular region
is defined as the product of both horizontal and verti-
cal parameters D=[lx,ux]><[ly,uy] detects the region of
change/region of interest containing the tumor between
the images I and R. The change in region found in FBM
method have four not known features [, u,, [ and u . It
first finds the best I and u_values in a vertical range and
then finds [ and u_in a horizontal range over the pair of
images. In each range, the FBM algorithm uses a score
function. Only the vertical score function is described
and horizontal score function is taken as the transpose of
vertical score function.

The vertical line represents linear axis of symmetry
and the horizontal line divides the skull into four portions.
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Figure 1. (a) To find out the change in region D from the
inputimage I and referral image R. (b) Function plot of energy.

The line which is horizontal is shifted from top to bottom
of the image and equation (1) is calculated for each
position of the horizontal line. In the same manner, the
vertical line is also moved and equation (1) is calculated
accordingly and the tumor is located by a border mark.
Let T(I) and B(l) be respectively the “upper” and
“lower” sub frames of the image, divided at a space / from
the image tip: T(I) = [0,w]x[0, [Jand B(I) = [0,w]x[0, h] (the
rectangles intersecting at the dotted line drawn in Figure
1(a) as shown). We define our vertical score function as:

E(1)=Bc(p",p")-Bc(p, R (1)

Where P/" signifies the intensity histogram of image
I which is normalized within the region T(]).P;", P*®,

and Pf" are defined accordingly. BC(a,b) = Z [a(i)b(i) €[0,1]

where BC (a, b) represents the Bhattacharya coefficient™
between both the aligned graphs a (i) and b (i), and here
i indicates a histogram bin. The Bhattacharya coeflicient
(BC) is used to find the similarity between two normal-
ized intensity histograms. The applications of BC in
various fields like tracking of the object’, detection of
edge'®, and registration® successfully. Here, we have:

(P10, eI =3 (B () (POG)
pe(B. 2 ) =2 (O O) (RO 0) gy,

two normalized histograms are the same, then BC is one

and if the two normalized histograms between them are
completely different the related BC value is 0. Thus, the
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score function E(I). From Equation (1)) is large at the
upper parts T(/) when both the images are similar and
the bottom regions B(J) are dissimilar. Figure 2 shows
PIO, P10, PEO, and P" separately. So the tumor is located
at the Bottom - Right quadrant of the image shown in
Figure 2(a), value of BC(P!?, P/®)will be high (close to 1)
and value of will be low (close to zero) which indicates
the value of E(I) (equationl) is high.

Some of the properties of E (1) are proved, which
locates the rectangle box D round the tumor. As the length
varies from zero to height (h) the threshold function ini-
tially goes up and comes down and again goes up which
is shown in Figurel(b). The segments at | = ly and 1 = uy,
represents the maximum and higher bound of D sepa-
rately. From the score function plot we can identify the
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(c) Graph for Top - Right quadrant (P;)
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Figure 2. The four quadrants represent the graphs. Gray-
level histogram of Top - Left and Top - Right are same.
However, gray - level histogram of Bottom - Left and Bottom
- Right are different since tumor locates at Bottom - Right
quadrant.

beneath and the top hops of change in region very easily.
The part which is on the left with the part on the right
edge of D subsequently represents Ix and ux, which is rec-
ognized from threshold of horizontal plot. The resulting
two schemes exactly begin the graph as it goes up down
and once again goes up of energy nature ,given by partic-
ular constraint regarding image of the test, referral image
and change in region. Initially, concept represents how
the beneath and top of the edges of the threshold (1) in
terms of D.

Concept 1: U, (I)> E(I)> L, (I)

BC (PT(l)r\D ) PT(I) ) )

—BC(PB(l)nD’PB(l)) 3)
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M, (l) _ |T(l)\D|BC(PIT(l)\D ’PIZ"(Z))_
() 4
B(I)\D| ) ) @
B(I\D pB(l
iy A
Proof: Let us write P/ as:
prl) _ |T(l)mD| prirp |T(l)\D| prnD 5)

Coorel r@)

for any set D. BC is defined as the square root of the
interior product of functions which are two (here, nor-
malized intensity histograms).The equation 5 is used to
represent the interior product with linear scale and graph,
one can display:

BC(PfW,g?”)z l%%%%ijc(P””w,P””} and
[T (I)\D|
rof
R

T(0)

BC(PIT(Z)\D ’PT(I) ) n

R

R

Bc(gm”DJﬂm)ZBc(Pm%P””)

Both set of same variation enfold for BC(P*?, PX"). By
joining the four variations gives the output.

Let us use Concept 1 to find the energy function as
it goes up down and up again, threshold (1) as given in
Figure 1(b). Following expectations are to be considered:

Assumptions:
(i) BC(P".P)=¢
(if) BC(M, B0 )=,
@ﬁ)Bc(gﬁmDme):g

where ¢, and c, are constant small numbers.

4, Results for Proposed Method

The results are simulated by using MATLABR2012A and
the results involves axial brain MR image. MR images are
taken as input for the simulation. The output for the input
image is as shown above it takes the input MRI image then
finds the boundary of the brain and axis of symmetry. The
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Figure 3. Locating brain tumor by the FBB method.
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vertical and horizontal score values are plotted against
the number of days and growth rate if the two plots are
dissimilar it detects the tumor. One can understand from
the outcomes of Proposition 1 and 2 easily some effects of
BC and histograms which are normalized. From equation
(4) it represents that the quantity M, which is formed by
collecting two dissimilar class of components which are

separable: one is the geometric type: \/T(l)\D and\/B(l)\D >
(1) [B(1)

and another type is the image intensity-based BCs. The
splitting is achieved only by misusing: (a) inner product
portion in BC and (b) the splitting portion nature of a
graph which is normalized, i.e., equation (5). Intensity-
based BC does not have much inequality in (4), the
value of M, can be resolved by using the two geometric
components by using the before mentioned assumptions.
The results of FBB method is compared with the IBB and
EBB method. In FBB method we can detect the tumor
correctly and exactly whereas in the other two methods
we cannot detect the tumor exactly.

Figure 4(a) and Figure 4(b) illustrates how the abnor-
mal area is detected using three methods for around ten
patient images. The FBB system shows how correctly it

Table 1.
original images

can detect the abnormal area when compared to the other
two systems though varying in area, form, position, direc-

tion and intensity.
The Coefficient of dice for the three systems i.e., FBB,
IBB and EBB methods are compared’ for all the images.

Coefficient of dice is given by: DC(b)=2/GD(b)|/(|6]+|D (b))

where D(b) is the set of pixels within the border mark
found by b {FBB, IBB, EBB} algorithm and G is pixels
along the border mark around the abnormal area.

4.1 Using Mean Shift Clustering in FBB
Method

The MSC is used in FBB system to compute the potency
and to differentiate the images with tumor from the rest
of the image. The FBB is used to find the border mark-
ers on all the images independently and then the mean
shift clustering is applied on FBB. The MSC groups all the
abnormal images into one part and the remaining as dif-
ferent part. The mean for the patient studies have been
computed using MSC method. The performance of MSC
to differentiate the faulty from original images is shown
in Table 1.

MSC performance to differentiate faulty from

Modality Accuracy  Recall  Precision F-measure
Tumor T1C 92% 81% 97% 88%
Edema T2 89% 92% 90% 91%

Figure 4(a).

system. And the third row represents the output of EBM system.
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Axial brain MRI for T1C; First row shows the output for FBM system. Second row shows the output for IBM
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Figure 4(b). Axial brain MRI for T2; First row shows the output for FBM system. Second row shows the output for IBB
system. And the third row represents the output of EBB system.
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Figure 5. Coefficient of dices for different patients. “Av” indicates average. (a) T1C for tumor and (b) T2 for edema detection.
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