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Abstract— In this paper, we comprehensively evaluated
clinical application of local robust-region based algorithms to
delineate the brain target volumes in radiation therapy
treatment planning. Localized region based algorithms can
optimize processing time of manual target tumor delineation
and have perfect correlation with manual delineation defined by
oncologist due to high deformability. Accordingly, they can
receive much attention in radiation therapy treatment planning.
Firstly, clinical target volumes (CTVs) of 135 slices in 18
patients were manually defined by two oncologists and the
average of these contours considered as references in order to
compare with semi-automatic results from different four
algorithms. Then, four localized region based algorithms named
Localizing Region Based Active Contour (LRBAC), Local
Chan-Vese Model (LCV), Local Region Chan-Vese Model
(LRCYV) and Local Gaussian Distribution Fitting (LGDF) were
applied to outline CTVs. Finally, comparisons between semi-
automatic results and baselines were done according to three
different metric criteria: Dice coefficient, Hausdorff distance,
and mean absolute distance. Manual delineation processing
times of target tumors were also performed. Our result showed
that LCV has advantage over other algorithms in terms of the
processing time and afterward LRCYV is the second fastest
method. LRBAC was the second slowest technique; however, we
found that processing speed in LRBAC can be almost doubled
by replacing the time-consuming re-initialization process with
energy penalizing term. Accordingly, due to high accuracy
performance of LRBAC algorithm, it can be concluded that the
modified version of LRBAC has the best performance in brain
target volumes in radiation therapy treatment planning among
other localized algorithms in terms of speed and accuracy.
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I. INTRODUCTION

Brain tumor segmentation provides decisive information
about the shape, volume and exact location of the patient
tumor which is a vital step in treatment planning and
diagnosis as well. The more precise and accurate delineation
will ultimately result in more effective treatment [1,2].
Additionally, MRI based target volume delineation received
more attention due to the fact that contouring brain tumors
from CT images is a challenging process. Though quite a few
segmentation methods have been proposed, in a general view
medical image segmentation can be classified into three
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categories: manual, automatic and semi-automatic. In manual
delineation the tumor regions should be localized slice by
slice which is strongly time consuming and depends upon the
human experience. Unlike the manual methods, there is no
any interaction between the experts and the software in
automatic segmentation methods. These methods often need
a set of training images to learn the tumor features; and since
the tumor properties varies from case to case, learning all
feasible features from a finite training set is impossible
accordingly. Moreover, automatic method mostly used the
Post Contrast T1 Weighted images; therefore, they are not
able to detect heterogeneous tumors [3,4]. However, in semi-
automatic methods wusually an expert sets the initial
parameters and control the segmentation procedure. Hence,
these techniques could be more reliable in target volume
delineation where clinical judgment is highly required.

One of the most successful and well-established class of
image segmentation methods is active contour models. These
models first introduced by Kass et.al and improved very
extensively based on the PDE based level set method
proposed by Osher et.al [5,6]. Some of the unique properties
of this method are: sub-pixel accuracy, split & merging,
topology changes. The main idea behind these models is to
evolve an initial closed curve toward the boundaries of target
via minimizing an energy functional. These energies can be
categorized into two major classes: edge-based [7,8] and
region-based [9,10]. In medical and cancer imaging, it is
better not to use edge-based methods due to low contrast and
weak edges of images. Another equally important reason is
that using global image statistics in images with intensity
inhomogeneity leads to unsatisfactory results. To cope with
this problem many researchers proposed to use the local
image statistics in region-based methods [11,12].
Correspondingly, a very robust region based method was
clinically evaluated in radiotherapy treatment planning and
demonstrated the potential clinical use of region-based
segmentation algorithms in radiation therapy [1].

In this paper, we first evaluate four well-known local
region-based energy functional for segmenting brain tumor
targets and then compare the results in terms of processing
time and correlation with manual references. Finally, we
remove the very time consuming re-initialization process
from the most accurate functional to improve time-efficiency
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and to the best of our knowledge, this modification has not
been done yet.

II. MATERIALS AND METHOD

A. Experimental Data

The MR images used in this research contain 135 image
Slices from 18 different patients. These images acquired from
1.5 Tesla Magneton Avanto (Siemens medical system,
Erlage, Germany) and 1.5 Tesla GE Sigma Horizon (GE
medical, Milwaukee, WI). The image properties are as
follow: FLAIR and T2 weighted MRI, spatial resolution of
256 x 256 pixel, axial view, 4 — 5mm slice thickness, 5 —
6mm slice gap and 200:240mm FOV.

B. Segmentation Energy Functionals

a) Localizing Region Based Active Contour (LRBAC)

This energy is based on the average intensity inside and
outside of a local window at every point of the zero level
function. The level set function is initialized to be a signed
distance function and it needs a re-initialization process at
each iteration to prevent the zero level set of being too flat or
steep [11].

22 = 8(p () B y)VF (U, 9, y)dy +

Reg(@)] Q)
F(,g,y) = H(e0))U) — ) (1= H(p()) UG) -
c,)? 2)

In the above equation, ¢; and c, refer to average image
intensity inside and outside of the local window respectively.
Also, for the rest of the paper / denotes the main image, ¢ is
the level set function, H(.) is Heaviside function, §(.) is
Dirac Delta function and Reg refers to length minimization
energy.

b) Local Chan-Vese Model (LCV)

The basic idea of this energy is subtracting the image from
its smoothed version which increase the contrast between the
objects and background.

Z—T(X) = 8(@CO)llgr * 1) = 1(x) = dy|* + |gp * 1(x) =
1(x) = d,|* + Reg ()] 3

In this equation, g; is an averaging mask with the size of
k X k, * denotes the convolution operator and d; and d, are
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two global averages image intensity but calculated from the
contrast enhanced image [13].

¢) Local Region Chan-Vese Model (LRCV)

This energy model inspired by the Region Scalable Fitting
model [12]. However, unlike the two mentioned algorithms,
this algorithm uses spatially varying image intensity [14].

Z—T(X) = 8(p)IU () = c1())? + () = c2(x))* +
Reg(¢)] “
d) Local Gaussian Distribution Fitting (LGDF)

This functional uses spatially varying standard deviation
and average image intensity in a Gaussian framework [15].

220 = 8(p(0)[(er —e,) +

Reg(o)] ©
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In the last equation, ¢; and o; denote the average and
standard deviation respectively and w(.) refers to localizing
Gaussian kernel.

e) Modified LRBAC

Except LRBAC, Level set functions in all other algorithms
are initialized with a step binary function and their re-
initialization process is replaced by a Gaussian filtering or
laplacian operator. For removing the PDE based re-
initialization procedure in LRBAC function, we use a very
fast and stable energy term named ‘Reaction Diffusion’
proposed by K.Zhang [16] and we modify the algorithm as
below:

1. [Initialize ¢ as a step binary function:+3

2. Calculate evolution equation (eq.1)

3. Smooth the level set function via diffusion term.

4. Check for convergence criteria (If satisfied; stop,
otherwise back to step2).

C. Brain tumor segmentation

The segmentation procedure consists of following steps.
First the initial contour around the tumor region is drawn by
selecting 3 to 6 points, depending on the complexity of tumor
geometry. Owing to the fact that the initial contour evolves
following its normal direction using image statistics, there is
no limit to set the initial contour in or out of the tumor region.
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It has to be noted that all five algorithms are initialized to the
same selecting points for each image slice (as shown in Fig.
1). Finally, the tumor volumes from all these semiautomatic
algorithms are obtained considering the slice thicknesses and
slice gaps.

Fig. 1 a) initial contour by 3 points, b) two manual expert
delineation, c:g) average of two experts’ contours in blue and the
final result of LRBAC, modified LRBAC, LRCV, LCV and LGDF
respectively in red.

Fig. 2 Reconstructed volumetric image

11I. RESuLTS

To evaluate the accuracy of algorithms, the segmentation
results are compared with manual reference contours drawn
by two different experts using three error metric: one
similarity measure ‘Dice coefficient’ and two dissimilarity
measures ‘Mean Absolute Distance’ and ‘Hausdorff
distance’ [17]. Table 1 indicates the mean values obtained
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from all image slices and table 2 depicts the ratio of estimated
tumor volume to the manual volume for two random cases.

Table 1 The mean value of error metrics and average computational
time for each slice

Algorithm Dice MAD (cm) HD (cm) Contouring
Time for
each slice

(sec)
0.919 0.13+ 0.29+ 13.12+
LRBAC £031 032 0.91 7.79
Modified 0.912 0.14+ 037+ 8.144
LRBAC +0.27 0.34 022 6.14
0.83 027+ 0.52+ 5.87+
LCv +0.42 0.71 0.28 3.62
0.82 0.26+ 0.55+ 19.65+
LRCV +0.32 0.45 0.14 11.56
0.91 0.13+ 037+ 9.16+
LGDF +0.34 035 0.95 3.13

IV. DiscussioN

As can be seen from Table 1, the LCV is the fastest among
the others, however this method and LRCV are the less
accurate. In LCV a high pass filtering use to enhance the
image contrast. However, applying this filter does have a
noticeable drawback leading to the loss of the tumor’s outer
edge. This might happen, if the contrast between tumor and
its adjacent tissue is low. In addition, LCV and LRCV have
serious challenge to set the regularization parameters which
depend on the image resolution, image contrast and tumor
size; therefore, selecting the proper parameters varies for
each images. The other issue of these two algorithm is their
high sensitivity to initial contour.

Although LGDF uses both standard deviation and
intensity averages, tumor region statistical and background
are not necessarily followed by Gaussian distribution.

In LRBAC, the only required parameter to set is the radius
of a local window which is selected with regards to the
distance between initial contour and tumor boundaries and
the distance between tumor and its nearby tissue. As
mentioned in the previous section, in order to improve time
consuming re-initialization procedure in LRBAC, which is
considered as the main disadvantage of this method, the
modified LRBAC version was evaluated and its performance
was satisfactory in this application.

It should be noted here that all these algorithms could
localize the gross target volume, if GTV is palpable and
visible in the images.
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V. CONCLUSION AND FUTURE WORK

In this work we investigated and compared the
performance of different local region based active contour
techniques to obtain brain tumor target volume. For this
purpose, we used four well known algorithm which are
robust to intensity inhomogeneity and have high
deformability. Of all these localized region based algorithms,
LRBAC has the best accuracy; however, it is the second
slowest. Therefore, to reduce the processing time we
proposed a modified version for this algorithm and this could
improve the time efficiency up to 40%. Conclusively, as for
appropriate accuracy of LRBAC algorithm, the modified
version can be more suitable in brain target volumes in
radiation therapy treatment planning and has a more balanced
compromise between speed and accuracy.

For future study, another comprehensive work can be
performed to evaluate these localized segmentation
techniques in other important organs and compare the results
as well. Also, using fused images instead of just MRI images
and analyze strengths and weakness of each method in each
specific organ can be addressed for the future works.

Table 2 The ratio of tumor volume estimated to the manual calculated
volume for two different cases

Tumor Volume Ration (semi-automatic/manual)

# of modified

Case slice LRBAC LRBAC LCV LRCV  LGDF

1 9 0.926 0914 0.845 0.827 0.921

2 12 0.892 0.887 0.786 0.763 0.876
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