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Abstract—Brain medical images are generally prone to
noise and also fraught with intensity heterogeneity within
the tumor. Fuzzy and boundary discontinuity caused by the
tumor also adversely affects the accuracy of the tumor
segmentation. A method based on morphological
structuring element map modification and marker-
controlled watershed segmentation is proposed. Firstly, a
structuring element map is constructed according to the
sum of the weighted variance of the specific regions within
morphological gradient image, and each value of the
structuring element map represents the size of structuring
element (SE). Secondly, the original image is modified by
morphological opening-closing, where the size of SE are
determined by the structuring element map in the
corresponding pixel, such an adaptive image modification
can eliiminate the noise and small regular details while
preserve the larger object contours without less location
offsets. Finally, marker-controlled watershed transform is
used to complete the tumor segmentation. Experiments
show that the method ensures brain tumors are more
accur ately segmented.

I ndex Terms—image segmentation, brain tumor, structuring
element map, marker -controlled water shed transform

1. INTRODUCTION

Incidence of brain tumors has been on the rise in recent
years. According to statistics, brain tumor accounts for
about 5% of the human tumor cases and also forms about
60% of children tumor cases. About 20-30% of other
malignant tumors also eventually land into intracranial
categories. Because of its invasive growth, expansion in
intracranial domains, once it occupies a certain space,
regardless of its nature being benign or malignant, are
bound to make the intracranial pressure suppress brain
tissues, leading to injury to the central nervous system,
thus endangering patient’s life. Brain tumor’s early
detection greatly depends on the accurate diagnosis and
subsequently its effective treatment. The accuracy of the
result is thus a very important step to improving the
disease treatment. MR and CT technologies are widely
applied in the diagnosis and analysis of brain tumors.
These technologies render brain tumor location
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information in the form of size and type, and can be used
for brain tumor resection surgery and radiation therapy as
important information.

Many efforts have been made to segment brain tissue
and tumor from MR and CT Images [1-4]. Watershed
transform [5, 6] can be used to produce single pixel width
and closed contour, etc. and has been widely applied to
medical image segmentation [7, 8]. However, the
watershed easily leads to over-segmentation [9]. Usually,
there are three kinds of schemes to eliminate over-
segmentation. The first one is image pre-filtering [10],
which uses filters to reduce local minima area before the
watershed segmentation. The second one employs the
marker-controlled method [11, 19] to limit the segment
regions beforehand; the last is the post-processing after
watershed, such as region merging [12]. Nowadays,
several methods have been proposed for the brain tumor
segmentation [1-3, 13-15], Wang [2] introduced a
parametric fluid vector flow active contour model to
address the issues of limited capture range and use it to
implement the brain tumor segmentation; Corso [3, 13]
employed multilevel segmentation and integrated
Bayesian model classification to separate the brain tumor.
Kowar [14] presented a method for the detection of brain
tumor using histogram thresholding; Christ [15] applied
K-Means clustering integrated with marker-controlled
watershed algorithm to segment MR brain images; In fact,
the brain tissue structure is more complex, and the
boundary of tumor region and normal tissue is not
obvious. The CT or MR image itself may contain noise
and low-contrast regions, such a case likely cause
discontinuities and fuzzy boundaries, and maybe lead to
resultant inaccurate segmentation of contours. We thus
present a novel method by applying morphological
structuring element map to modify the original image,
then use the marker-controlled watershed transform to
segment the modified image. During the segmentation
process, the selection of the appropriate size of SE is the
forte of morphological modification. For each pixel of the
original image, we apply opening-closing with different
SE to modify each pixel, where the size of the SE is
determined by the structuring element map.
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II. MORPHOLOGICAL MODIFICATION

When applying the marker-controlled watershed
transformation to segment the image of brain tumors, it
can accurately mark the tumor area and produce closed
contours, yet usually the tumor can be present in normal
brain tissue. In a variety of medical imaging of tumor
shape, the gray value of the interior is not uniform;
sometimes the tumor and surrounding tissues are very
close resulting in a less accurate segmentation. If the
image does not undergo pre-filtering or smoothing, a
direct use of marker-controlled watershed transform may
result in inaccurate target contour positioning.

Morphological opening and closing can eliminate the
bright and dark regions less than the SEs. But the
problem is that when apply opening and closing with
invariant smaller SE to modify the tumor image, some
bright and dark regular details can not be eliminated
completely. In reverse, lager SE may lead to the tumor
contour occur location offset. To this end, we present a
method based on morphological opening and closing to
modify image, where the SE’s size is variant for the
different pixel. The modification mainly based on
morphology theory [6,17] is such that, every gray image
can be seen as a three-dimensional topographical map,
and then using different viscous fluids that are in a
flooded landscape. When the viscosity is at a low
temperature, the fluid can reach more irregular detailed
regions, conversely, when the viscosity is at a high
temperature, the fluid can only reach the wider region.
Closing operation can eliminate dark regions smaller than
SE, this would be equivalent to use different size of the
SEs to effect modification of the image by a
morphological closing. On the other hand, opening can
eliminate bright regions smaller than the SE. The
combination of the two operations will release the bright
and dark small details and noise within the image, and
largely reduce the factors that result in over-
segmentation. The gradient can reflect the degree of the
image’s gray change, but sometimes the pixel’s gradient
does not accurately reflect the topography image
information, therefore, we employ the sum of pixel’s
gradient weighted gradient variance to determine the size
of SE that corresponding to viscosity.

A. Sructuring Element Map

For ease and exactly of calculation, the normalization
processing is carried out. In the following sections, we
will use the normalized images everywhere. The
morphological gradient is given by

g=(f ®s)—(foOs) (1)
where sis a circular SE with 1 as the radius, g is the
gradient image, and f is the original image, ® and ©
respectively denote morphological dilation and erosion.

For the aim to modify each pixel using variant SE, we
construct a circular structuring element map M(X,y), its
size is equal to original image and each pixel value
represents the size of the SE which will be used to modify
original image in corresponding pixel. Each SE’s size in
M(xy) is determined by the morphological gradient
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image. If the gradient image is seen as a topography map,
gradient value would represent the altitude of each point,
in general the target contour points corresponds to higher
elevations. It is well known that the variance is a measure
of how far a set of numbers is spread out. For example, a
pixel A(x,y) is shown in Fig. 1. The sum of the square
difference of each pixels gradient with Acan reflect the
difference between the regions of the A ’s 3x3
neighborhood. The sum of the variance is defined as
following.

(X_Ly_l) (X_lay) (X_lay+1)

xy-1 (%) (xy+1)

(X+Ly-1) | (x+1y) | (x+Ly+1)
Figurel. 3x3 neighborhood.

V(% y)=(g(x=1,y=1)=g(x y))* +(g(x~1,y)

—g(% ¥)* +(g(X=1,y+1) = g(% ¥))* +(g(x y-1)

—g06 V) +(g06 y+1) - g% V)Y +(g(x+Ly-1) (2
—g(%, )" +(g(x+1,y) = g(x, )" +(g(x+1,y+1)

—g(%,y))’
where V(x, y) denotes the sum of variance, g(x,y) is the

corresponding gradient value. The distance between
pixel A to each neighborhood is different, therefore its
impact on the target point varies. If the distance is shorter,
the impact is greater and vice versa. Therefore the
weighted variance is thus defined as

V(% Y) = \W(9(X=1,y=1D)=g(X, ¥))* +\W,(9(X~1,y) -
9% )’ +WLG(X=1,y+1) = g(x, ¥))* +\W,(9(x y—1)
=g(% ¥))* +W,(9(% Y +1) = g(% ¥)* +\W,(9(x+1,y=1)
=g(% ¥))* +W,(G(X+1,Y) = g(%, )’ + W, (G(X+1,y+1)

-g(x,y))’
where w denotes the weighting coefficient and is defined

€)

as following.
w=— 4)

wherer is the distance between the current point(x,y) to
the neighborhood point (X, y’), and the distance is

r=y(x=x°+y-vy)’ %)

Equation (6) reflects the relationship between the
weighted variance and structuring elements map.

M(x,y)=|-loglexV(x ). (0SM(xY)<R,) (6)
where o indicates rounding, e is a factor to adjust the

value of M(x,y), R, is the maximal size of SE.

nax

B. Image Maodification

Morphological opening-closing operation employs
different SE to modify each pixel of the image, and this is
different from the traditional opening-closing by fixed SE.
Such an adaptive opening-closing operation will
eliminate the small bright and dark details and maintain
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the accuracy of the larger object contours. Our

morphological modification is defined as
fa(xy)=9g(x.y) oM (X, y)eM(Xy) (M
where f,(x,y) is the modification image, o and e are

respectively denote morphological opening and closing
operation.

III. CONTROLLED WATERSHED

Small regular details are largely eliminated after the
image modification. In order to segment the brain tumors
and limit the allowable divided regions, marker-
controlled watershed is employed to segment the
modification image by the following steps.

Sep 1, Tumor Marker Extraction Extraction: The
purpose of this step is to locate the inner tumor regions.
Since markers are picked from original modified image
and the brain tumor regions usually have higher gray
values than other brain tissue [20], the tumor regions can
be extracted by thresholding(T) processing, where pixels
value larger than T are labeled as tumor markers M .

Sep 2, Background Marker Extraction: In order to
determine the inside and outside catchments basins,
background markers are also needed. This can be
achieved by calculating the watershed transform of the
Euclidian distance of the inner tumor regions. The
Euclidian distance [19] is defined as following.

D“J):(}(I;Ell’;ll>D[(|,J),(X, Y)] (8)
DIG, ), (x Y1 =~/i =% +(j - y)’ 9

where D ;) denotes the minimal distance between tumor

marker pixel (x,y) and other pixel (i, j), D[(i, j), (% y)] is
the Euclidian distance between pixel (x,y) and (i, j).

Sep3, Watershed segmentation: After the foreground
and background markers respectively corresponding to
inside and outside of tumor have both marked out,
minima imposition is applied to modify the gradient
image so that the regional minimum occur at the markers
location. Finally, watershed transform is performed on
the modified gradient image to implement the tumor
segmentation.

IV. IMPLEMENTATION

Fig.2 shows the proposed segmentation process, firstly,
the morphological gradient image is calculated from the
original image, and then the sum of variance is computed
according to the pixel value of the gradient image. After
constructing a structuring elements map with the size
equal to the original image, its value of each pixel can be
determined by the sum of variance. Modify each pixel of
the original image by the different SE that size
corresponding to the structuring element map at same
location. Then mark the modified gradient image by the
foreground and background markers. Finally watershed
transform is used to implement the tumor segmentation.
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Figure2. The flow chart of the proposed segmentation

V. EXPERIMENTS AND DISCUSSION

In order to verify the validity and performance of the
proposed method, we choose a synthetic image and
several clinical brain tumor CT images, and implement
the simulation on MATLAB7 platform. The synthetic
image as shown of Fig. 3(a), it contains four regions
labeled as A1, A2, A3 and A4.

Fig. 3(b) is the result of watershed transform on Fig.
3(a), it produces a serious over-segmentation. Fig. 3(c)
shows the segmentation of watershed transform followed
by the maximal similarity based region merging [16], it
can be seen that over- segmentation is largely released,
but object contours occur offset. Fig.3 (d) gives the
marker-controlled  watershed segmentation, where
T=0.15. It is obvious that the bottom right corner of Al
is missing, and the other object shape contour is not
accurate. Fig. 3(e) shows the result of the proposed
modification, where R, =10and =6 . The marker of

gradient image of the modified image by the foreground
and background with T=0.05is given as Fig. 3(f); the
marker-controlled watershed was performed on Fig. 3(f)
producing the final segmentation. Compared with manual
segmentation as Fig. 3(h), the proposed method result as
shown in Fig. 3 (g) has accurately segmented the four
desired object contours.

For the purpose to test the performance of the proposed
method under noisy condition, we add Gaussian noise
(0.1%) and salt-and-pepper noise (5%) to the Fig. 3(a).
We can see from Fig. 4(b) when watershed transform is
directly applied on such a noisy image, a serious over-
segmentation appears. The maximal similarity based
region merging is sensitive to noise and produce under-
segmentation (Fig. 4(c)). Sole marker-controlled
watershed shown in Fig. 4(d) led to inaccurate shape
contours, especially, in low-contrast regions. Our method
shown from Fig. 4(e) to (f) indicates that it is more robust
to noise. TABLE I shows the time-costing of the different
segmentation methods, where watershed transform is fast,
watershed with region merging is more time-costing, and
our method is slower than watershed transform but faster
than region merging.
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(c) (d) T=0.15

(2

The flow chart of the proposed segmentation: The method for segmenting different shapes. (a) The original images; (b) Watershed

segmentation; (c) The result of region merging of Fig. 3(b); (d) The result of maker-controlled watershed transform; (e) The result of
modification; (f) Maker the gradient image; (g) The proposed segmentation result. (h) Manual segmentation.

(®
Figure4.

TABLE I
THE TIME-COSTING OF DIFFERENT SEGMENTATION

Segmentation Time(s)

Image i
¢ Watershed Transform Reglf)n Proposed
Merging method
Figure3 (a) 0.6523 1.5482 9.8764

In order to quantitatively analyze the segmentation
accuracy of the different methods, we introduce the TM
(Tanimoto Metric) [2] to evaluate the results of the
segmentation, it is defined as following.

©2014 ACADEMY PUBLISHER

(g) T=0.15

The method for segmenting different shapes with noise. (a) Noisy image of Fig. 3(a); (b) Watershed transform for noisy image; (c)

The result of region merging of Fig. 4(b); (d) The result of maker-controlled watershed transform; (e) The result of modification, (f) Maker the
gradient image; (g) The proposed segmentation result.

m IRORL
[RUR]

where R denotes the amount of the segmented regions,

(0<TM <1) (10)

R, is the amount of region by hand-sketched, o] denotes

the total number of pixels within the collection. Typically,
if TM is more close to 1, it indicates that the result of
region is more close to the real contour. TABLE II shows
the TM of the different segmentation methods for four
objects in Figure.3 and Figure 4.
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(2 ()

FigureS. Segmentation of CT-1 by different methods. (a)The original image; (b) Watershed transform; (c) Region merging of Fig.5(b); (d)
Marker-controlled watershed transform; (e) Modification; (f) Marker the gradient image; (g) The proposed segmentation; (h) Manual
segmentation.
TABLE.II TABLE.III
TM FOR DIFFERENT SEGMENTATION METHODS TM VALUE FOR DIFFERENT IMAGES
™ Tumor image ™
Image Region Marker-controlled Proposed
merging watershed method al 0.9164
Al 0.9376 0.8104 0.9745
—_ a2 0.9273
E A2 0.9785 0.9109 0.9787
.2p
& A3 0.9201 0.8778 0.9859 a3 0.9418
A4 0.9683 0.9290 0.9821 a4 0.8978
Al 0.7343
0.8361 0.8974 a5 0.9102
A2 0.6289 . Y IS
z 0.9126 0.9774 To verify the capability of positioning tumor edge of
o .« .
z A3 0.8176 0.8726 0.8996 the proposed method, we choose another five clinical
tumor CT images (Fig.6 (al-a5)). The parameters are
A4 0.6688 0.8856 0.9486 ges (Fig.6 (al-a5)) p

It indicates that the accuracy of the proposed method is
superior to the others, especially in noisy condition. To
validate the performance of our method to segment the
brain tumor, we firstly choose a clinical CT image named
CT-1 as Fig.5(a). Fig.5(b) is the direct segmentation by
watershed transform; Fig.5(c) shows the result after the
maximal similarity based region merging, where most
part of the tumor region is separated from the brain tissue,
but the contour location occur bias. The marker -
controlled watershed transform is almost the same as
shown in Figure 5(d). Our method from Fig.5(e) to (g)
indicates that it is closer to the manual segmentation
(Fig.5(h)) than the others, where R, =10, T =0.5 and

a =12 . TABLE III shows the proposed method has a
higher accuracy than the other methods.

©2014 ACADEMY PUBLISHER

identical with the CT-1 except that T, =T,,=0.46 and
T, =T, =T, =0.36. The second column of Fig. 6 shows

the proposed segmentation results and the third column is
the manual tumor segmentation. It can be seen that the
proposed method is close to the desired manual
segmentation. TABLE IV shows the TM of the proposed
method for different images, and the average TM value is
0.9187, which indicates the proposed method has higher

Segmentation accuracy.
TABLE.IV
TM OF DIFFERENT METHODS

Watershed with Marker-controlled Proposed
Image . .

region merging watershed method
CT-1 0.8403 0.8149 0.8883




2930 JOURNAL OF SOFTWARE, VOL. 9, NO. 11, NOVEMBER 2014

(a5) (b5) (c5)

Figure6. Segmentation results of different images. (a) The original images; (b) The proposed method segmentation results; (c)
Manual segmentation.
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VI. CONCLUSION

Brain tumor segmentation plays an important role in
the treatment. We propose a hybrid method which
combines morphological image modification and marker-
controlled watershed transform to segment the brain
tumors. The original image is modified by opening-
closing with the constructed structuring element map to
release the bright and the dark regular details while
preserve the objects contour with less offset. Marker-
controlled watershed transform is used to localize and
segment the tumors. Synthetic and several clinical images
experimental results show that the proposed method can
release the over-segmentation of the traditional watershed,
and allows reliable and precise segmentation of the brain
tumors.
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