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Abstract: In the paper, a mathematical proof is given for a differenamef Chan and Vese model. Based on the proof, an image
segmentation method called Automatic Threshold Level Sighodt Edge was developed for the extraction of tissues @inbMR
images. Thresholds are defined to find the boundary of tigauég brain and they can be automatically obtained by Fuzije@n
algorithm. A similarity index (SI) is used for quantitatiegaluation of the segmentation results. By testing MRIrbstice images and
comparing to the ground truth of tissue segmentation, thennaad the variance of S| are 0.90311 and 0.042049. The expetal
results demonstrate our method can automatically and aiedyisegment the regions of tissues in brain.

Keywords: Level Set Method, Fuzzy Clustering, Image Segmentationnh&ging

1 Introduction find the object contours with the advantage for
automatically splitting or merging the contouds3]. The
Magnetic resonance Imaging (MRI) is useful medical boundaries of objects are contours of level set function
diagnostic tool for disease treatment or surgical planningWwith zero level and the solution can be obtained by either
Segmentation of magnetic resonance images is widelgolving a partial differential equation or optimizing an
applied in brain tissue classification for functional objective functional. A region based image segmentation
researches, radiological evaluation and 3D visualization model [L4] with a piecewise smooth function fitted to the
Brain image segmentations classify the voxels into thregmage data and the discontinuities happening only on the
different tissue types: grey matter (GM), white matter boundaries between different tissue types is proposed to
(WM), and cerebrospinal fluid (CSF). Three categories offind the object boundaries. Threshold Level Set Method
segmentation methodd][are edge based, region based [1516] is a region based level set model by threshold
and pixel based methods. Edge based methods use tis¢lection as the boundaries of intensity intervals to
gradient information of the intensity of images. Region separate the image regions. Our previous wdrK Lised
based methods use intensity information in regions. PixeOtsu [L8 algorithm to automatically obtain two
based method such as the neural network classifiers usgtiresholds of speed functions for the Threshold Level Set.
intensity as the features for classificatidhd,4,5]. The  However, Threshold Level Set with Otsu algorithm
k-nearest neighbour classifie6][and standard fuzzy finding crisp thresholds, the method is not available for
c-means algorithm7,8] are also pixel based methods. the fuzziness of boundary. To improve the Threshold
Besides active contour modél][is edge-based method to Level Set Method, a new segmentation method based on
extract the regions of interest (ROI) from primitive image the new mean of Chan and Vese modtd][and Fuzzy
by the contours of the ROI pixels. Geometric Active C-Means algorithm is proposed. The proposed method is
Contour model known as level set methdD[L1] has  called Automatic Threshold Level Set Without Edge
recently been applied on the application of segmentatiofATLSWE) Model. By using similarity index and
[12). Level set methods are segmentation techniques t¢omparing to the ground truth of image segmentations,
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the segmentation results of the brain tissues by proposegdray level ranging from 0 to 255. The resolution of the
method are accurate enough. We hope the othedata setis fine enough to resolve the complex structure of
researchers use their programs and parameters to compatee cortex and to provide adequate contrast between GM,
their results with the ground truth segmentations and ouWM, and CSF. The segmentation results of the WM are
results. also provided in mrGray software package which are used
as ground truth to be compared with the segmentation
results by the ATLSWE model. The image pre-processing
2 Image Segmentation of Brain Tissues of segmentation by the ATLSWE model is to strip the
skull region by using the mathematical morphology
Accuracy evaluation is the most important issue for anyoperators 22). The selection of threshold parameters
new segmentation method. It is very popular for must be performed for segmentation of the WM and GM
researchers to evaluate their developed method byissues in a brain and the flowchart is shown in figure
comparing with other methods. They use their own image(figl). Because the ATLSWE model has different
sources segmented by their method to compare with theneaning from the methodology of Chan and Vese model
other methods to evaluate the accuracy of their proposeftl9], the Chan and Vese model is described in the next
segmentation method. However, they implement thesection to compare with the ATLSWE model.
programs for the other methods and select parameters by
themselves. It is not fair if they do not succeed the best
segmentations when they implemented other method8 Chan and Vese M odel
with no optimal parameters. The comparisons and
evaluations are unfair under these situations. It isChan and Vese model is an active contour model for
necessary to find a common accuracy evaluation methog§eégmentation of objects without explicit edges in images.
that is fair for any new developed algorithm. Since the The red active contouf evolves to separate an image
mrGray software package and the open source code i#It0 two regions as shown in figure (2a). One region is
distributed on the Interne2p,21] and it provides brain inside " and the other region is outside. The curve
MRI images and the results of WM segmentation. Using/opt is located at the boundary between objects and
these segmentation results as a common ground truth i8ackground and finally the red active contour meets the
reasonable for evaluating any segmentation method fofurvelopr as shown in figure (2b).
brain WM in the MRI images. MrGray software package
has a T1-weighted volumetric MR image data set with
DICOM format. The data set has 134 slices of MR brain
images with the resolution size 20420 pixels and the

Gmport the Brain MRI imagD
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Tissues in a (b)
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Segmentation Fig. 2: (a) Initial active contoul” and (b) boundaryopt of the
by ATLSWE object.
Model

. . ) ) ) . The optimal location of active contour” is
Fig. 1: Flow chart image segmentation of the tissues in brain. minimization of energy that is defined by the sum of the
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intensity variance of inner and outer regions. The activeFigure (3a) is a synthetic image to show the drawbacks of
contourl” separates an image into two regions and its besthe Chan-Vese model. The synthetic image has multiple
location is at force equilibrium state in an image force regions with different grey level and our desired ROI (blue
filed. area) as is shown in figure (3b). The region inside the red

Intensity Lig of an image is a function jointed by two curve in figure (3c) is the segmentation result and it does
intensity functionsu, andug that are inside and outside not match our desired blue area.

regions of the contour . FunctionalE(é) is defined by
equation {).

E(é) - ./i.nside(l') (o —c1)®

, 1)
+/ _ (Up—Co)“+ ||,
Joutside(I")

wherec; andc, are the averages ofo andug, U is a
positive parameter angd" | is the length of the evolving
curves. The active contour captures the boundaries of
objectslopt When the functiondE (") is minimized. @) (b)
The evolution curves can be represented by the
zero-level lines of a surface functiop in R® and the

approach8 = {(x,y)|p(x,y) =0} is called level set
formulation. Chan and Vese  substitute the level set

functiong into the functionaE(é).

El C13C27(p)+E2(C17C27(p)+“|((p)
—/ uo—cl @)dxdy

+/ (Uo— C2)2 (1— H(g)) dxdly
JQ

1 [0 (g)] .

E(c1,C0,0) =

(2)

whereQ is the total region in the image is a level set
function andH is a Heaviside function and, andc, are

(©

Fig. 3: (a) The synthetic image (b) ROI (blue) and (c)
segmentation result (inside red curve).

The location of the red active contour is decidedchynd

average values of intensity inside and outside regions of C and they are automatically computed by the equation
" . By variation calculus, Chan and Vese model uses theg4). The results ot; andc; are not satisfied to locate the

following conditions

%8,

_ 98 _
(901_

Jcy B

to obtain the Euler-Lagrange equatioB.d and the
evolution equation3.b) ,

%(¢) (uE—%

?—f = 0:(9) (ué—z' ~ (Uo—C1)? + (Up— C2)2> (3b)

(Uo—€1)? + (Uo — 02)2) =0, (3.3

wherep is a parameter and: = H/ is a delta function of
the derivative of an approximate Heaviside functtén.
The symbolg; andc; can be formulated as following:

/ uoH (¢)dxdy
C]_ = Q ’ C2 =

/ H (¢)dxdy
Q

/. to(1—H(g)) dxay
Q

| (@~ H(g)duay
Q

- (4)

red active contour to the desire position around the blue
area. The parametersandc, should be adjusted to locate
the active contour at the desired position.

4 M athematical Proof and Parameter s of
ATLSWE Mode€

Mathematical Proof of ATLSWE Model is given to show
the difference between the ATLSWE Model and
Chan-Vese model.

4.1 Proof of The ATLSWE Model

These two models have the same Euler-Lagrange
equation B8), but their conditions and derivation process
of the equations are different. The mathematical proof of
the ATLSWE model can show that; and c, are
parameters to be selected for achieving the segmentation
results.
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The Euler-Lagrange equation of the ATLSWE model Substitute conditions in equatiohl) into equations9g.b)
can be derived by calculus of variations and the functionaland ©.b), the following equations are obtained by using
E(cy,c2,¢0) in the equation Z). Consider a function equations§.g and 6.b).

@ = ¢@" +tY and it equals tap* plus a variatiorty. The

function ¢ is an arbitrary function with a boundary dEy| _JEi 09 e V25( o
condition /|30 = 0 and the functiong* is a function dt |, T g at (UO C1)"0(¢") axdy,
when the independent variablieis zero. The necessary (12.a)
condition 6E|4—+ = 0 is used to find the functiop". dE, 0E; 0 e
The necessary conditiadE|y—y+ = O is equivalent to the — =——— =] (Uup—Cp)°0(¢")dxdy.
following condition that functionalE is differentiated dt o J¢ ot Q
with respect to independent variable (12.b)
dE Substituting equationd.(), (12.9 and (L2.b into equation
@y =0. (5)  (5), the equation?) is obtained.
In equation 2), E; , E> and |(¢) are summarised as / O (¢") [@+U]ydxdy =0, (13)
follows.
D(P* 2 2
where® = —ud- andU = (up—¢1)° — (Up— C2)“.
Ei(c1,C2, ) / (Uo — c1)?H (¢)dxdy, (6.a) Because the functloqlls an arbitrary function, the part
@ embraced by parentheses should be equal to zero.
Ex(c1.02.0) = [ (to—c2?(1-H(g))dxdy.  (6.b) ”
() | ~HD o+ (B0 e (22| =0
— [ 10H (@)l dxay (14.2)
/Q (7) The evolution equation of level set function is as follow.
2 % ae) [ 022 (uo—c1>2+(uo—cz>2}
The left side of equation5f can be formulated as 0¢'|
follow. (14.b)
dE _dE;  dE; di(¢") The equation14.9 is the same as the equatio®g but
Gl T e M e (8)  they do not satisfy the same condition. According to the
=0 conditions in equationl(l), the parameters; andc, are
The first and second terms in the equati@ ¢an be constants. The same functional with C!ifferent conditions
derived to obtain the equatiors.§ and ©.1). obtain the same Euler-Lagrange equation.
dEl . 0E; dcy d(p 0E; d(p 9
@ |~ 90 dp ot g at (2 4.2 Parameters of The ATLSWE Model
@ @@ﬁp 4+ < iz 0(p. (9.b) Parameters of the ATLSWE are defined in this section.
dt o dcx dp ot do ot Ignoring the curvature effect and substituting= 0 into

i . . . . . equation 14.H, equation 15) is obtained as follow.
Substituting equatiorvj into the third term in equation quation 4.5, equation {9) ! W

(8), the equationi0) is obtained. 0q0 s
€

3 (@) (—(uo—c1)®+ (U —cC2)?).  (15)

// HOE ()0 | quxdy (10) The equation5) is changed to equatior §).

The conditions of the ATLSWE Model are t;_(to — 25.(0) ((Cz o) [Uo B ClerCzD . 1e)
001 0C2
—=0and —==0 11 ,
a0 an a0 ’ (11) In the equation 16), the constant values af; and c;

decide the location of the active contolir Since the

[ iti C14¢C , : .
322; f:r?gdirle different from the condition of the Chan andvalue of 22 can also decide the location of the active
. c1+¢C
0E; JE, contourl”, we choosecy = ————2 as a parameter. An
o and 9c 0. image segmentation example is to show different
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segmentation capability of Chan-Vese model and theb Results and Discussions
ATLSWE model. Figure (fig4a) is a synthetic image has
sixteen squares with increasing gray levels from left to Segmentation by ATLSWE model for the WM, and GM
right and top to bottom. Segmentation result by tissues needs parametefsandUT that are boundaries of
Chan-Vese model is shown in figure (fig4b). There is nothe intervals of intensities of the ROI. Automatic selectio
choice for ROI selection by Chan-Vese model. All sixteen of lower and upper threshold parameters is important for
squares are enclosed by the blue lines. The ATLSWEhe accuracy and efficiency segmentation of brain image.
model can capture desired ROI as segmented areas when
the valuecy of evolution equationX6) is 155. The value
Co can be chosen to select the desired square areas. Onf 1 Synthetic Brain image Segmentation
six squares are enclosed by the blue lines are shown in
figure (fig4c). GM tissue in a brain is a band region with both outer and
inner contours and it needs two level set funct@andg
to find outer and inner contours. Substitutipg= ¢, into

the equation16) and replacingcﬁz_—C2 with a symbolcs,
equation 17.9 is obtained.
op

Zh ——25(e) ((2—cr)(to—c3).  (17.0)

Substitutingg = ¢ into the equationi6) and replacing

C1+0C

¢, ¢ and with symbolscy, ¢5 andcg, equation

(17.H is obtained.

t;_(lt)z = —20(@) ((c5 —C4)(Up—Cp)) . (17.b)

Figure (figha) is a synthetic brain image with gray region
as a desired ROI. The gray level of the gray region s in the
interval between Lower Threshatd and Upper Threshold
Ce.

Using ¢ = @ andcs, the active contour captures the
outer contour of ROI. Usingp = ¢ and cs, the active
contour captures the inner contour of ROI. Figure (fig5b)
shows the ROI region between the red inner contour and
red outer contour.

5.2 Physical Brain image Segmentation

The popular image segmentation method such as Fuzzy
C-Means (FCM) algorithm,8] is not suitable for the
segmentation of brain MR image. Fuzzy C-Means (FCM)
algorithm is one kind of clustering method to solve
unsupervised learning problems. The FCM algorithm
used for image segmentation method is to group pixels in
an MRI image according to their gray level without
considering the location of pixels. That is why the
boundaries of the segmentation results are not continuous.

(c) Figure (fig6a) is a brain MRI image. Figure (figéb) and

(figbc) are clustering results by FCM with group numbers

Fig. 4: (a) Synthetic image (b) segmentation result by Chan-Vese3 and 4. Figure (fig6d) and (figée) are enlarged pictures of
model, and (c) segmentation result by equatid6) with co = rectangle areas in figure (figeb) and (figéc). In figure
155. (figéb), there are pixels with red, green and blue colours
to represent tissues of WM, CSF, GM and background. In
figure (fig6c), there are pixels with red, green, blue and
yellow colours.
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colormap

¢ 'y Lower Threshold
grayseale values l[ f ROI i | €, Upper Threshold
8 Lower Threshahl Upper Threshold 150 ROT: regions of interest
@
(3 Cg
color map
& t, C;y: Lower Threshold
ROI
grayscale values | ] { i Cy : Upper Threshold
0 Laver Thaeshald Upper Theeshald 150 ROT: regions of interest
(b)

(d)

Fig. 5: Synthetic brain image with gray region as a desired ROI. Fig. 6 Clustering results of brain image (a) by FCM with groups

(b) 3 and (c) 4 with (d) and (e) are enlarged pictures of regtan
in (b) and (c).

In this paper, the FCM algorithm is not used as a
segmentation method, but it is used to determine the
Upper ThresholdT) and Lower Threshold(T). To As shown in table, the intervals belong to WM, GM,
locate smooth boundaries of WM and GM is the benefitCSF and Background are changed comparing to the
of the ATLSWE model using the parameter selectionintervals in tablel. The intervals of the blue and red green
algorithm by Fuzzy C-Means algorithm. In figure (fig6b), groups in table€ are smaller than in tablebecause some
there are three regions marked by three colours and thepixels in red and blue groups will be reassigned into the
intensity distributions of pixels are listed in Table (t1). yellow group in table2. We know the interval of GM is
The interval of the intensity for green, blue and red (29,83) and the interval of WM i83,138) in table1; on
groups are(0,29), (29,83) and (83,138). In Table (t1)  other hand, the interval of GM i24,63) and the interval
the intervals of GM and WM aréb,B) and (r,R). The  of WM is (94,138) in table2. It is reasonable to guess the
intensity distributions of pixels in the four regions magke optimal lower limit of WM is between 63 and 94, but it
by four colours as shown in figure (fig6c) are listed in may not be 83 and can not be obtained by FCM. As the
Table 2. In Table 2, the intervals of GM and WM are reasons, FCM can not segment the MR brain image more
(b,B) and(r,R). The yellow interval ify,Y) in Table2. accurately.
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The selection of threshold parametésd, andLT, for
WM, GM and CSF tissues is listed by steps as follows:

(1) Setc = 3, then obtain blue intervalb,B| and red
interval[r,R].

(2) Setc = 4, then obtain yellow intervay, Y].

(3) Select Lower ThresholdT and Upper Threshold T
for WM and GM tissues.

@

(b) (©

Fig. 9: (a) The 60" slice MRI image (b) with the golden standard
and (c) segmented object by ATLSWE.

Table 1: Three groups are classified by FCM as shown in figure
.

Tissues CSF & GM WM
Background

Colours Green Blue Red

Lower g=0 b r

Threshold

Upper G=29 B R

Threshold

Intervals | (9,G) =(0,29) | (29,83) | (83,138)

Table 2: Four groups are classified by FCM as shown in figure
.

Tissues CSF & GM GM/ WM
Background WM

Colours Green Blue Yellow | Red

Lower g=0 b=24 | y=63 | R=94

Threshold

Upper G=24 B=63 | Y=94| R=138

Threshold

Intervals | (0,24) (24,63) | (63,94) | (94,138)

The selection oUT andLT is necessary to investigate
Table 1 and 2
CSF&Background, GM and WM tissues &g G), (b, B)
and(r,R) the interval of is. The yellow interval i§/,Y) in
table2.

In Table 1, the intervals of

® SelectiorldT andLT for WM
LetUT = RandLT is selected by the following rule:

IFB>yTHENLT = (B+Y)/2 ELSELT =B

The rule can be transformed to a decision functiorLby
in equation 18) whereH (x) is a Heaviside function or unit
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step function defined as follow: The segmentation results of sixty images with slice
numbers between the #¥0and 99" by ATLSWE model
H(x) = { 1, x>0, are compared with the gold standard results to evaluate
0,x<0, accuracy. Thes values defined in the equatiod) are
calculated and shown in figure (fig8a) with the maximum
and 0.95307 and minimum 0.8131. A histogram of Sl is

shown in the figure (fig8b) with the mean value 0.90311
and the variance 0.042049. The parameter “N” in the
figure (fig8b) is the times of Sl values appeared.

The 60" and the 94 slice MRI images are shown in
figure (fig9a) and (figl0a) and ground truth are in figure
(fig9b) and (fig10b). The value of the similarity index Sl

(B+y)xH(B-y)+2Bx[1-H(B-y)]
LT = 5 .
(18)
® Selectiond T andLT for GM
LetUT =B andLT is selected by the following rule:

IFb< GTHENLT = (G+b)/2 ELSELT =G

The rule can be transformed to a decision functidnin
equation 19) by Heaviside function .

o {ZGXH(b—G)+(b+G)[(1—H(b—G)]}.

2

(19)

(@) (b)

Fig. 10: The 94" slice MRI image (b) with the golden standard
and segmented object and (c) segmented object by ATLSWE.

Accuracy Evaluation (b) (c)

The segmentation results of GM in the mrGray software
are used as the ground truth to be segmentation standard
for evaluating the accuracy of the segmentations of GM.
Similarity index (SI) R3] is defined for evaluating
accuracy of digital imag@i, 25 segmentation methods.
Since Sl is a measure of the correctly classified tissue
area, then Sl is defined as follow:

2 x Inter
SI= s+ objen’ (20)
where GS denotes gold standard that is the ground truth (d) (e)

of the WM segmentation and Object is the segmented

result and Inter denotes the intersection of the groundig. 11: (a)Original image, the result segmented (b) by Chan-
truth and Object. The diagram of Gold standard, objectVese model and by ATLSWE Model with (T = 83,UT =
and intersection parts is shown in figure (fig7). 140, (d)LT =27,UT =83 (e)LT =0,UT = 27.
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of the segmentation results in figure (fig9c) and figure[4] Kollokian, V., Performance analysis of automatic teicjues
(figl0c) are 0.9515 and 0.8252. The value 0.9515 is larger for tissue classification in MRI of the human brain. Master’s
than mean value of S| (0.90311). The value 0.8252 is thesis, Concordia University, Montreal, Canada. (1996).
smaller than mean value of Sl. [5] Wang, Y., Adah, T., Kung, S.-Y.,, Quantification and
As shown in the center of figure (figl0b), the sup segmentation of brain tissues from MR images: A
colliculus does not appear in the golden standard, but it Probabilistic neural network approach. IEEE Transactmms
appears in the segmented object as shown in the right of Image Processing. (1998), 7 (8), 1165-1181.
figure (fig10c). Although the SI value of $4image is [6] Bezdek, J.C., Hall, L.O. and Clarke, L.P., Review of MR
smaller than the mean value of SI, but the outer contours 'mage Segmentation Techniques Using Pattern Recognition.
of the white mater in figure (fig10b) and figure (figl0c) _ Medical Physics. 20(4), (1993), 1033-1048. o
are almost the same. For the purpose of three dimension&f] Bezdek, J.C., Pattern Recognition with Fuzzy Objective

surface reconstruction of WM, the segmentation result is __ Function Algorithms. Plenum Press, New York. (1981).
also very useful. [8] Dunn, J.C., " A Fuzzy Relative of the ISODATA Process

Figure (figlla) is the original brain MR image and and Its Use in Detecting Compact Well-Separated Clusters”.

. . . Journal of Cybernetics. Vol.3. (1974), 32-57.

figure (figllb) is the segmented result of Chan-Vese 2 ) .
model but it does not meet our desred resut. Figud® K55 1, MDA, and Feriooouon 0, Sk et
(figllc), (figlld) and (figlle) show the WM, GM and ;

CSF segmented results by ATLSWE Model with (1987), 1(4):321-331.

. o B [10] Osher S. and Sethian J.A., Fronts propagating withature
qujg(;lfjugaf?;t(gi_}’viho,(ﬂ;g% UT = 140, (d) dependent speed: Algorithms based on Hamilton-Jacobi

formulations. Journal of Computational Physics. (1988),

79(1), 12-49.
. [11] Sethian, J. A., Level set methods and fast marching
6 Conclusions and future work methods: evolving interfaces in computational geometry,

. . fluid mechanics, computer vision and materials science.
This paper proposed an ATLSWE model for automatic Cambridge University Press, Cambridge, UK. (1999).

brain image segmentations. The segmented images C[EZ] Hoffmann, T. J., Chung, M. K., Dalton, K. M., Alexander,
GM and WM tissues obtained from #@o 99" MR slice A. L.Wahba, G., Davidson, R. J.. Subpixel curvature

of images in the mrGray software are used to test the estimation of the corpus callosum via splines and
performance of the ATLSWE model. The similar indexis  its application to autism. 10th Annual Meeting of
used for the accuracy evaluation of the image the Organization for Human Brain Mapping. (2004).
segmentation results. The statistic accuracy of the http://www.stat.wisc.edu/ mchung/papers/HBM2004/HEM2
ATLSWE model by evaluation with the similar index has  04thomas.html

mean 0.90311 and the variance 0.042049. The propos€d3] Tohka, J., Zijdenbos, A., Evans, A. C., Fast and robust
ATLSWE model can automatically and accurately parameter estimation for statistical partial volume medel
segment the tissues of the brain MRI images. The brain MRI. Neurolmage. (2004), 23 (1), 84-97.
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