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Abstract. A robust thresholding technique is proposed in this papeségmentation of brain MR
images. It is based on the fuzzy thresholding techniquesaith is to threshold the gray level
histogram of brain MR images by splitting the image histogiato multiple crisp subsets. The
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similarity is assessed through a second order fuzzy measaheas fuzzy correlation, fuzzy entropy,
and index of fuzziness. To calculate the second order fuzzgsore, a weighted co-occurrence
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on a set of brain MR images.
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1. Introduction

Image segmentation is an indispensable process in thdizei@n of human tissues, particularly during
clinical analysis of medical images. Segmentation is agseof partitioning an image space into some
non-overlapping meaningful homogeneous regions. Theesscof an image analysis system depends
on the quality of segmentation [17, 18, 20]. In the analy$isiedical images for computer-aided diag-
nosis and therapy, segmentation is often required as arpneliy stage. Medical image segmentation
is a complex and challenging task due to intrinsic naturenefitnages. The brain has a particularly
complicated structure and its precise segmentation is imgpprtant for detecting tumors, edema, and
necrotic tissues, in order to prescribe appropriate thyeBp, 18, 20].

In medical imaging technology, a number of complementaaguostic tools such as x-ray computer
tomography, magnetic resonance imaging and position @nissmography are available. Magnetic
resonance imaging (MRI) is an important diagnostic imadeahnique for the early detection of ab-
normal changes in tissues and organs. Its unique advantagether modalities is that it can provide
multispectral images of tissues with a variety of contréstsed on the three MR parameterd1, and
T2. Therefore, majority of research in medical image sedaiiem concerns MR images [20].

Conventionally, these images are interpreted visually qumlitatively by radiologists. Advanced
research requires quantitative information such as thedfithe brain ventricles after a traumatic brain
injury or the relative volume of ventricles to brain. Fullytamatic methods sometimes fail, producing
incorrect results and requiring the intervention of a hurop@rator. This is often true due to restrictions
imposed by image acquisition, pathology and biologicalatem. Hence, it is important to have a
faithful method to measure various structures in the br@ine of such methods is the segmentation of
images to isolate objects and regions of interest.

Thresholding is one of the old, simple, and popular techesgior image segmentation. It can be
done based on global (e.g. gray level histogram of the emntieme) or local information (e.g. co-
occurrence matrix) extracted from the image. A series dafrithyms for image segmentation based on
histogram thresholding can be found in the literature [17,312, 19, 21]. Entropy based algorithms
have been proposed in [8, 9, 10, 16]. One of the main problenmaddical image segmentation is
uncertainty. Some of its sources include imprecision ingotations and vagueness in class definitions.
In this background, the possibility concept introduced gy fuzzy set theory has gained popularity in
modeling and propagating uncertainty in medical imagingliagtions [5, 6]. Also, since the fuzzy
set theory is a powerful tool to deal with linguistic conceptich as similarity, several segmentation
algorithms based on fuzzy set theory are reported in thalitee [2, 4, 13, 16, 22].

In general, all histogram thresholding techniques basetumry set theory work very well when
the image gray level histogram is bimodal or multimodal. @& other hand, a great deal of medical
images is usually unimodal, where the conventional histogthresholding techniques perform poorly
or even fail. In this class of histograms, unlike the bimockase, there is no clear separation between
object and background pixel occurrences. Thus, to find alielithreshold, some adequate criteria for
splitting the image histogram should be used. In [22], arr@gogh to threshold the histogram according
to the similarity between gray levels has been proposed. prbposed method is based on a fuzzy
measure to threshold the image histogram. The second ardey fneasure (e.g. fuzzy correlation,
fuzzy entropy, index of fuzziness, etc.) is used for asaegssuch a concept. The local information of
the given image is extracted through a modified co-occueranatrix. The technique proposed here
consists of two linguistic variableforight, dark modeled by two fuzzy subsets and a fuzzy region on
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the gray level histogram. Each of the gray levels of the fuegjon is assigned to both defined subsets
one by one and the second order fuzzy measure using weighteckcarrence matrix is calculated. The
ambiguity of each gray level is determined from the fuzzy soees of two fuzzy subsets. Finally, the
strength of ambiguity for each gray level is computed. Thdtipia thresholds of the image histogram
are determined according to the strength of ambiguity ofjtiag levels using a nearest mean classifier.
Experimental results reported in this paper confirm thatptegosed method is robust in segmenting
brain MR images compared to existing popular thresholdiatpiques.

The rest of the paper is organized as follows: In Section®eslmasic definitions about fuzzy sets and
second order fuzzy measures along with co-occurrencexragiintroduced. The proposed algorithm
for histogram thresholding is presented in Section 3. Erpamtal results and a comparison with other
thresholding methods are presented in Section 4. Congludimarks are given in Section 5.

2. Fuzzy Measures and Co-Occurrence Matrix

A fuzzy subsetd of the universeX is defined as a collection of ordered pairs
A ={(na(z),z),vo € X} 6y

wherep 4(z) (0 < pa(xz) < 1) denotes the degree of belonging of the elemettt the fuzzy setd. The
support of fuzzy sed is the crisp set that contains all the elementXdhat have a non-zero membership
value inA [25].

Let X = [z,,,] be animage of siz&/ x N and[L gray levels, where,,,,, is the gray value at location
(m,n)in X, x, € Gr,Gr, ={0,1,2,....., L—1} is the set of the gray levels; = 0,1,2,--- , M —1,
n=0,1,2,--- ,N —1,andux (z,,) be the value of the membership function in the unit intefval],
which represents the degree of possessing some brightrogesty .. x (2., ) by the pixel intensityc,,,, .

By mapping an imag& from z,,,, into ux (z..,), the image seK can be written as

X ={(px(@mn); Tmn) }- (2)

Then, X can be viewed as a characteristic function andis a weighting coefficient that reflects the
ambiguity in X. A function mapping all the elements in a crisp set into reahbers in[0, 1] is called

a membership function. The larger value of the membershiption represents the higher degree of
the membership. It means how closely an element resemblieealnelement. Membership functions
can represent the uncertainty using some particular fomgti These functions transform the linguistic
variables into numerical calculations by setting somepatars. The fuzzy decisions can then be made.
The standard-function (that is,S(z.,; a, b, ¢)) of Zadeh is as follows [25]:

0 Tmn < @
2
2 |2maca] 0 < T < b
MX(xmn) = 2 (3)
1—2[%] b<zmn <c
1 Tmn 2 C
whereb = @ is the crossover point (for which the membership value i3 0’Be shape of-function

is manipulated by the parameterandc.
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2.1. Co-Occurrence Matrix

The co-occurrence matrix (or the transition matrix) of thageX is anL x L dimensional matrix that
gives an idea about the transition of intensity betweencadjapixels. In other words, the, j)th entry
of the matrix gives the number of times the gray leyébllows the gray level (that is, the gray level
is an adjacent neighbor of the gray levgin a specific fashion. Let denotes thém, n)th pixel in X
andb denotes one of the eight neighboring pixekothat is,

beag={(mn—-1),(mn+1),(m+1,n),(m—1mn),(m-—1,
n—1),(m—-1,n+1),(m+1,n—1),(m+1,n+1)}

then t;; = Z d; where 6 =

a€eX
beag

(4)

1 if gray level value ofz is i and that ofb is j
0 otherwise.

Obviously, t;; gives the number of times the gray levefollows gray level: in any one of the eight
directions. The matri{’ = [t;;] 1«1, iS, therefore, the co-occurrence matrix of the image X.
2.2. Second Order Fuzzy Correlation

The correlation between two local propertigsandp, (for example, edginess, blurredness, texture, etc.)
can be expressed in the following ways [14]:

L L
422/“ i,7) — pa(i, §))*;
=1 :

5
Yi+Ys ©)

wheret;; is the frequency of occurrence of the gray levébllowed by j, that is, T = [t;;]1< 1, is the
co-occurrence matrix defined earlier, and

L L
Vi =Y 2uk(i,5) — 1Ptiy; k=1,2.

i=1 j=1

Cp,p2) =1—

To calculate the correlation between a gray-tone imagetandio-tone versionys is considered as the
nearest two-tone version pf. That is,

(6)

ia() = { 0 if pi(x) <05

1 otherwise.
2.3. Second Order Fuzzy Entropy

Out of then pixels of the imageX, consider a combination of elements. LetS] denotes theth
such combination and(.S]) denotes the degree to which the combinatinas a whole, possesses the
propertyu. There aré'C,. such combinations. The entropy of ordeof the imageX is defined as [11]

:_%Z (SPI{(S7)} 4 {1 = p(S7) Hn{1 — pu(S7)}]
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with logarithmic gain function an@&v =" C,.. It provides a measure of the average amount of difficulty
(ambiguity) in making a decision on any subset @lements as regards to its possession of an imprecise
property. Normally these pixels are chosen as adjacent pixels. For the present igash, the value

of r is chosen as 2.

2.4. Second Order Index of Fuzziness

The quadratic index of fuzziness of an ima§jeof size M x N reflects the average amount of ambiguity
(fuzziness) present in it by measuring the distance (qtiajitaetween its fuzzy property plang and
the nearest two-tone versign. In other words, the distance between the gray-tone imagj@ésnearest
two-tone version [16]. If we consider spatial informatiantihe membership function, then the index of
fuzziness takes the form

2

L L
20> i g) — pali, )Pt

i=1 j=1

I(MLMQ) = \/m

()

wheret;; is the frequency of occurrence of the gray levéllowed by ;.

For computing the second order fuzzy measures such asat@relentropy and index of fuzzi-
ness of an image, represented by a fuzzy set, one needs teectvam pixels at a time and to assign a
composite membership value to them. Normally these twolpiaxe chosen as adjacent pixels. Next
subsection presents a two dimensiofalype membership function that represents fuzzy brighigiena
plane assuming higher gray value corresponds to objecirregi

2.5. 2DS-type Membership Function

The 2D S-type membership function reported in [15] assigns a coiitgoasembership value to a pair of
adjacent pixels as follows: For a particular threshgld

1. (,b) is the most ambiguous point, that is, the boundary betwégtband background. There-
fore, its membership value for the fuzzy bright image plane.5.

2. If one object pixel is followed by another object pixekethits degree of belonging to object region
is greater than 0.5. The membership value increases witbdse in pixel intensity.

3. If one object pixel is followed by one background pixel aesersa, the membership value is less
than or equal to 0.5, depending on the deviation from the daynpoint 6, b).

4. If one background pixel is followed by another backgropidl, then its degree of belonging to
object region is less than 0.5. The membership value dezserith decrease of pixel intensity.
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Instead of using fixed bandwidtli\$), the parameters &f-type membership function are taken as

follows [22]:
i x; - h(z;)
b= qu (8)
> hl@:)
i=p
Ab = max{|b — (i)minl, [b = (Ti)maa|}; c=b+Ab; a=b—Ab )

whereh(xz;) denotes the image histogram anglandz, are the limits of the subset being considered.
The quantitie ;)i and(x;)maq represent the minimum and maximum gray levels in the cugent
for which A((z;)min) # 0 andh((x;)maez) 7 0. Basically, the crossover pointis the mean gray level
value of the intervalz,, z,]. With the function parameters computed in this way,$hgpe membership
function adjusts its shape as a function of the set elements.

3. Proposed Algorithm

The proposed method for segmentation of brain MR imagesisisraf three phases, namely, modifica-
tion of co-occurrence matrix defined earlier; measure ofiguoity for each gray levek;; and measure
of strength of ambiguity. Each of the three phases is elabdnaext one by one.

3.1. Modification of Co-Occurrence Matrix

In general, for a given image consisting of object on a bamkgd, the object and background each
have a unimodal gray-level population. The gray levels gd@eht points interior to the object, or to the
background, are highly correlated, while across the edgehiah object and background meet, adjacent
points differ significantly in gray level. If an image satéffithese conditions, its gray-level histogram
will be primarily a mixture of two unimodal histograms cap®nding to the object and background
populations, respectively. If the means of these populatiare sufficiently far apart, their standard
deviations are sufficiently small, and they are comparabkze, the image histogram will be bimodal.

In medical imaging, the histogram of the given image is inggahunimodal. One side of the peak
may display a shoulder or slope change, or one side may bestiesp than the other, reflecting the
presence of two peaks that are close together or that diféstly in height. The histogram may also
contain a third, usually smaller, population correspogdin points on the object-background border.
These points have gray levels intermediate between thoge afbject and background; their presence
raises the level of the valley floor between the two peakd,tbeipeaks are already close together, makes
it harder to detect the fact that they are not a single peak.

As the histogram peaks are close together and very uneqsidnit may be difficult to detect the
valley between them. This paper presents a method of pnoglaciransformed co-occurrence matrix in
which the valley is deeper and is thus easier to detect. kriohitiing how each point of the image should
contribute to the transformed co-occurrence matrix, thishmd takes into account the rate of change of
gray level at the point, as well as the point’s gray level gedaglue); that is, the maximum of differences
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of average gray levels in pairs of horizontally and verticalljacent 2-by-2 neighborhoods [24].A4fis
the edge value at a given point, then

A= Zmax{‘xm—l,n + Tm—1n+1 + Tmn + Tmnt+l — Tmtln — Tmtlntl

—Tm+2,n — xm+2,n+1|a |xm,n71 + Tmpn + Tmt1n-1

F+Tm+1n — Tmantl — Tmp+2 — Tmtlntl — xm+1,n+2|}~ (10)

According to the image model, points interior to the objeut background should generally have low
edge values, since they are highly correlated with theghgirs, while those on the object-background
border should have high edge values. Hence, if we produceca@marence matrix of the gray levels of
points having low edge values only, the peaks should renssargially same, since they correspond to
interior points, but valley should become deeper, sincearteemediate gray level points on the object-
background border have been eliminated.

More generally, we can compute a weighted co-occurrencexmatwhich points having low edge
values are counted heavily, while points having high vakrescounted less heavily. |[A| is the edge
value at a given point, then Equation (4) becomes

)
b= (11)
= (1+]AP)
bEasg
This gives full weight, that is 1, to points having zero edgkie and negligible weight to high edge
value points.

3.2. Measure of Ambiguity A

The aim of the proposed method is to threshold the gray las&dram by splitting the image histogram
into multiple crisp subsets using second order fuzzy meg@&ug. fuzzy correlation, fuzzy entropy, index
of fuzziness, etc.) previously defined. First, let us defime linguistic variableg dark, bright modeled
by two fuzzy subsets oX’, denoted byd and B, respectively. The fuzzy subsetsand B are associated
with the histogram intervalgc,,;», z,] and[z,, zpmq.|, respectively, where, andz, are the final and
initial gray level limits for these subsets, angl;, andz,,... are the lowest and highest gray levels of the
image, respectively. Then, the ratio of the cardinalitiesvo fuzzy subsetsi and B is given by

_na _ ’{xmimxmin—}—h s ,I'p_l,l'p}’
B=n : (12)
np |{£Cq, Tgt+1s "y Tmaz—1, xmax}|

Next, we calculateF’s (min : xp) aNd Fp(xq : Tmaz), WhereFa(zpy @ zp) is the second order
fuzzy measure of fuzzy subsdtand its two-tone version; anflz (z, : Zmqz) is the second order fuzzy
measure of fuzzy subsét and its two-tone version using the weighted co-occurrenaixa Since the
key of the proposed method is the comparison of fuzzy measwehave to normalize those measures.
This is done by computing a normalizing factelaccording to the following relation

Fa(Tmin : xp)
o= TP 13
Fp(zq: Tmaz) (13)
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To obtain the segmented version of the gray level histogveeradd to each of the subsetsand B a gray
level z; picked up from the fuzzy region and form two fuzzy subsétsnd 3 which are associated with
the histogram intervalg: ;. , ;] and[z;, 2,42, Wherez, < z; < x,. Then, we calculaté’ ( (i, : ;)
andFs(x; : Tmaez). The ambiguity of the gray value af; is calculated as follows:

B |F i (Zmin : 23) — @ - Fy(2 0 Tmaz)|

1+ «) (14)

A(wz) =1

Finally, applying this procedure for all gray levels of theezy region, we calculate the ambiguity of
each gray level. The process is started with= =, + 1, andz; is incremented one by one unti] > z,.
The ratio of the cardinalities of two modified fuzzy subsédtand B at each iteration is being modified
accordingly

8= g H@min, Tming1, - Tio1, i} > 8 (15)

ng B |{xi,$i+1,"‘ ,xmamflaxmamH

Unlike [22], in proposed method as is incremented one by one, the valueé)falso increases.
Figure 1 represents the ambigui}(z;) of the gray level:; as a function of fuzzy measures of two
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Figure 1. Ambiguity4 of the gray levek; as a function of fuzzy measures of two fuzzy setsdos 1.0

modified fuzzy subsetd and 3 for & = 1.0. In other words, we calculate the ambiguity by observing
how the introduction of a gray level; of the fuzzy region affects the similarity measure among gra
levels in each of the modified fuzzy subsetsand B. The ambiguity.4 is maximum for the gray level
x; in which the fuzzy measures of two modified fuzzy subsets gtmle The threshold levell{) for
segmentation corresponds to gray value with maximum anitpigli That is,

A(T) = max arg{A(x;)}; V zp <z < 24 (16)

To find out multiple thresholds corresponding to multiplgreents, the concept of strength of ambi-
guity is introduced next.
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3.3. Strength of Ambiguity S

In this subsection, the strength of ambigui&§) ©f each gray levet; is calculated as follows: Let, the
difference of the gray levels between the current gray leyeind the gray levet; that is the closest
gray level on the left-hand side whose ambiguity value igdathan or equal to the current ambiguity
value is given by

z; —xy if A(zy) > A(w;)

. (17)
0 otherwise

Similarly, the difference of the gray levels between therent gray level:; and the gray levet,, that
is the closest gray level on the right-hand side whose antiigalue is larger than or equal to current
ambiguity value is given by

— i > .
AR(z;) = { xp —x; if A(Sﬂk) > A(x;) (18)
0 otherwise
The strength of ambiguity of the gray level is given by
S(z;) = D(x;) x AA(z;) (19)

whereD(z;) is the absolute distance of the gray lexeand A.A(x;) is the difference of ambiguities of
gray levelsz; andz,,,, which is given by

AA(x;) = A(z;) — Alzm) (20)
1. If AL(z;) = 0 andAR(z;) = 0, it means that the current gray levglhas the highest ambiguity
value; then
D(xz) = max(:vl- — Tmins Tmaz — xz) (21)

andz,, is the gray level with smallest ambiguity value betwagp,, andz,, ..
2. If AL(x;) # 0 andAR(z;) = 0, then
D(z;) = AL(z;) (22)
andz,, is the gray level with smallest ambiguity value betwegmndz ;.
3. If AR(x;) # 0 andAL(x;) = 0, then
D(z;) = AR(x;) (23)
andz,, is the gray level with smallest ambiguity value betwagmandzy,.
4. If AL(x;) # 0 andAR(x;) # 0, then
D(z;) = min(AL(;), AR(z;)) (24)

andz,, is the gray level with smallest ambiguity value betwegandzx,,, wherex,, is the adjacent
peak location of the current gray level, where

P z; otherwise
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The thresholds are determined according to the strengtlsnbfguity of the gray levels using a
nearest mean classifier [23]. If the strength of ambiguitygafy levelz; is the strongest, then; is
declared to be the first threshold. In order to find other tholets,S(z,) and those strengths of ambiguity
which are less thas(x;)/10 are removed. Then, the meal ] of strengths of ambiguity is calculated.
Finally, the minimum mean distance is calculated as follows

D(zs) =min |S(x;) — M|; z, <z < x4 (26)

wherez; is the location that has the minimum distance with The strengths that are larger than or
equal taS(z,) are also declared to be thresholds. The detailed expermesults reported next validate
the framework we have set to segment brain MRI with feasiblagutation.

Correlation of A ----------
Correlation of B ..........
alpha = 5.818818 & beta = 1.0

Correl ati on

Probability of COccurrence

L 0 L L B —— L L L
) 0 0 W0 3 40 S0 60 70 80

nl] 100 20 300 400 500 800 00 4
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Figure 2. (&) Image I-733; (b) Histogram of given image; ar)dJorrelations of two modified fuzzy subsets
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Figure 3. (a) Measure of ambiguity; (b) Strength of ambiguand (c) Segmented image (proposed)

4. Experimental Results and Discussions

In this section, the results of different thresholding noelth for segmentation of brain MR images are
presented. Above 100 MR images with different size and 1@faiy levels are tested with different
methods. All the methods are implemented in C language améhruINUX environment having ma-
chine configuration Pentium 1V, 3.2 GHz, 1 MB cache, and 1 GBVRAIl the medical images are brain
MR images, which are collected from Advanced Medicare argeReeh Institute, Kolkata, India.
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From Relation (12), it is seen that the choicengf, ng, andg is critical. If n 4 andn g increase, the
computational time decreases, resulting in non-acceptsdgmentation. However, extensive experimen-
tation shows that the typical value gfis 1.0 andn 4 = np = 10 for obtaining acceptable segmentation.

Correlation of A ----n-n--- [
Correlation of B .......... ;
alpha = 4.577782 & beta = 1.0

Probability of Occurrence

W W a w ™ w0 W
Intensity Val ue Intensity Val ue

Figure 4. (a) Image 1-734; (b) Histogram of given image; arjdJorrelations of two modified fuzzy subsets
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Figure 5. (a) Measure of ambiguity; (b) Strength of ambiguand (c) Segmented image (proposed)

The proposed method is explained using Figures 2-5. Figueesl 4 show two brain MR images (I-
733 and I-734) and their gray value histograms, along witisticond order fuzzy correlatio6$; (., :
z;) andCz(x; : Tymae) Of two modified fuzzy subsetd and B with respect to the gray level; of the
fuzzy region. The values af and 8 are also given here. In Figures 3 and 5, (a) and (b) depict the
ambiguity and strength of ambiguity of each gray level The thresholds are determined according to
the strength of ambiguity. Finally, Figures 3(c) and 5(@whhe segmented images obtained using the
proposed method. The multiple thresholds obtained usiegttuzzy measures such as fuzzy correlation
(2-DFC), fuzzy entropy (2-DEntropy) and index of fuzzin€a<DI10F) for these two images (I-733 and I-
734) are reported in Table 1. The results reported in Tabtab#sh the fact that the proposed method is
independent of the fuzzy measures used such as fuzzy d¢mmelimzzy entropy, and index of fuzziness.
In all these cases, the number of thresholds are same arfddisbald values are very close to each other.

The comparative segmentation results of different threkg techniques are presented next. Table
2 represents the description of some brain MR images. Fgbiend 7 show some brain MR images,
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(a) Image (b) Proposed (c) IOAC (d) 1-DFC (e) 2-DFC () Entropy (g) Otsu
Figure 6. Brain MR images [I-629, 1-647, 1-677, 1-704, 1-]2dong with the segmented images
Table 1. Results of I-733 and 1-734
Image Size Gray Gray Value Thresholds
Index (M x N) Level | Max. | Min. 2-DFC 2-DEntropy | 2-DIOF
[-733 512 x 360 843 842 0 280, 746 278,743 280, 746
[-734 512 x 360 730 729 0 138, 642 137, 640 134, 640

along with the segmented images obtained using the propuséiibd, index of area coverage (IOAC)
[13], 1-D fuzzy correlation (1-DFC) [14], 2-D fuzzy corrdéilan (2-DFC) [14], conditional entropy [8,
9, 10], and Otsu [7]. While Figure 6 represents the resultd-&29, 1-647, 1-677, 1-704, and |-734,
Figure 7 depicts the results of I-760, I-761, I-763, 1-768dd-788. In Table 2, the details of these
brain MR images are provided and Table 3 shows the valueseothttesholds of different methods.
Unlike existing thresholding methods, the proposed schesmedetect multiple segments of the objects
if there exists. All the results reported in this paper dieastablish the fact that the proposed method is
robust in segmenting brain MR images compared to existirestiolding methods. None of the existing
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Figure 7. Brain MR images [I-760, I-761, I-763, I-768, 1-]&8ong with the segmented images

thresholding methods could generate as consistently gegehents as the proposed algorithm. Also,
some of the existing methods have failed to detect the objgidns.

5. Conclusion and Future Works

In this paper, a robust thresholding technique based onuttay et theory is presented for segmentation
of brain MRI. The histogram threshold is determined acaadb the similarity between gray levels.
The fuzzy framework is used to obtain a mathematical modslioh a concept. The edge information of
each pixel location is incorporated to modify the co-ocence matrix. The threshold determined in this
way avoids local minima. This characteristic representattmactive property of the proposed method.
From the experimental results, it is seen that the propokggilim produces segmented images more
promising than do the conventional methods. An MR image dagdepsy diagnosis system is being
developed by the authors, and this was the initial motivatio develop segmentation method, since
segmentation is a key stage in successful diagnosis.
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Table 2. Description of Some Brain MR Images

Image Size Gray Gray Value
Index (M x N) Level | Maximum | Minimum
-629 | 256x 256 115 114 0
I-647 | 256x 256 515 514 0
I-677 | 512x 512 375 374 0
I-704 | 640x 448 | 1378 1377 0
I-734 | 512x 360 730 729 0
I-760 | 512x 360 557 2239 1683
I-761 512 x 360 540 2244 1705
I-763 | 512x 360 509 2217 1709
I-768 | 512x 360 501 2188 1688
I-788 | 512x 360 593 2242 1650

Table 3. Threshold Values for Different Algorithms

Image Threshold Values

Index Proposed Otsu | Entropy | 1-DFC | 2-DFC | IOAC
1-629 13,62, 103 32 25 58 55 25
1-647 37,81, 342 94 150 12 18 20
I-677 | 70,216,313 | 82 216 350 342 31
I-704 | 97,297,926 | 266 264 924 922 70
[-734 138, 642 207 240 226 238 197

[-760 1777,2064 | 1842 1904 1958 1952 2065
[-761 1929, 2067 | 2045 1928 1965 1954 2070
[-763 1946, 2069 | 1822 1924 1959 1949 2104
[-768 1896, 2065 | 2134 1933 1948 1948 2120
[-788 1905, 2069 | 1841 1928 1935 1951 2154
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