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ABSTRACT

To integrate medical images and image processing, image
segmentation plays an essential role. Image segmentation is
an operation that separates the image into different segments.
There are several image segmentation algorithms that are at
present available. In this paper, three segmentation algorithms
have been implemented and discussed namely: Active
Contour without edges, Localized region Based active contour
and Distance Regularized Level Set. To detect the thyroid
disorders various imaging modalities are used: MRI,
Scintigraphy, SPECT and Ultrasound.  Out of these,
Ultrasound Imaging and Scintigraphy have been discussed in
this paper. The segmentation algorithms have been
implemented on these two modalities to segment the thyroid
gland.
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1. INTRODUCTION

The thyroid gland is a butterfly shaped organ. The foremost
function of thyroid is to regulate the body’s metabolism by
making thyroid hormone. There are large numbers of diseases
that create abnormalities in thyroid. These abnormalities can
be detected through medical images. Thyroid abnormalities
can be detected using Ultrasonography, Scintigraphy, SPECT
and MRI. Image segmentation is an important tool in Medical
Image Processing as it provides the information about an
object clinically in terms of its shape and structure.
Segmentation is an important aspect in Medical Imaging as it
helps to obtain the region of objects of interest and to detect
area, volume etc. there are various imaging modalities used
for thyroid such as: MRI, Ultrasound, Scintigraphy and
SPECT. Among all the imaging modalities for thyroid,
Ultrasonography and Scintigraphy are usually recommended
by the physicians. Ultrasound imaging is currently the most
diagnostic tool [1]. It is inexpensive and easy to use.
Ultrasound is a versatile imaging technique that reveals the
internal structure of organs. Ultrasonography is the modality
of choice for evaluation and follow-up, because of its
sensitivity and convenience. Ultrasound continues to make
significant contributions to patient care by reassuring patients
and enhancing their quality of life by helping physicians
understand their anatomy in ways not possible with other
techniques [2].Ultrasound images does not have any
hazardous effects on the patient. Thyroid Scan (Scintigraphy)
is done in nuclear medical department. Thyroid Scan is
performed in order to know the active (working) part of
thyroid gland. In this procedure, a radio-iodine medicine is
given to the patient and then gamma cameras are used to take
pictures of thyroid and show the part of thyroid that uptakes
iodine i.e. active or working part of thyroid. Scintigraphy
imaging is 2-D imaging that is used to see the working of
thyroid [3].

Techniques to process Medical images are continuously being
developed. Several methods for segmenting objects from
Medical images have been developed. Several methods for
segmenting objects from medical images have been developed
such as Active contour without edges [3], Variable
Background Active Contour (VBAC) [4], Minimization of
Region-Scalable Fitting Energy[5], ELM[6], RBF[7]. Among
all the Segmentation algorithms, ACWE, Localized Region
Based Active Contour [8], and Distance Regularized Level
Set (DRLSE) [9] have been discussed in this paper with their
application to Thyroid Gland. These segmentation algorithms
have been applied on Thyroid Scintigraphy and Ultrasound
Images.

The remainder of the paper is organized as follows: Section Il
discusses the various segmentation algorithms that have
implemented on Scintigraphy and Ultrasound Images. Section
Il presents the results of implementing the algorithms on
Scintigraphy images and Ultrasound images. Section IV
presents the conclusion.

2. IMAGE
ALGORITHMS

An immense number of segmentation algorithms have been
developed over the last few years and this number is
continuously increasing. In this section, some of the
segmentation algorithms that have been implemented on
Medical images have been presented such as Active Contour
without Edges (ACWE), Localized region Based Active
Contour (LRAC) and Distance Regularized Level Set
(DRLSE).

2.1 Active Contour without Edges

Active Contour without Edges (ACWE) [3] proposed by Chan
Vese, is a region based method. It tends to separate the image
into two homogeneous regions according to a mean value.
Active Contour without Edges is sensitive to initialization.
The initial curve can be anywhere in the image, and the
interior contours are automatically detected. Active Contour
without Edges detects objects whose boundaries are not
necessarily defined by gradient or smooth boundaries.

It seeks for minimum energy E (u, v, C):

SEGMENTATION

E (u, v, C) = u. Length(C)
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Where I: Q — Ris an input image.

u,v are the unknown constants representing the average value
inside and outside curve.
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w and Ay, A, > 0 are weights for regularizing terms and fitting
term.

The mean value of image inside and outside the curve is
defined by:

_ Jo!GH((xy))dxdy
JoH(p(xy))dxdy

@

Active Contour without edge model is based on Mumford-
shah Segmentation technique and level set method. This
method does not require smoothing the initial image even if
the image contains noise. So this method segments well in
presence of noise

Jo1(xy)(1-H(¢p(x,y))dxdy 3
Jo(1—H($(x,y))dxdy

Where, ¢: signed distance function and it is reinitialized at

each iteration.
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2.2 Localized Region Based Active Contour
Localized Region based Active Contour [8] is a region based
method that uses local region parameters for segmentation
segmentation.. In this method, foreground and background are
described in terms of smaller local regions. To optimize the
local energies, each point is considered separately and moves
to minimize the energy computed in its own local region.
These local energies are then computed by splitting the local
neighborhoods into local interior and local exterior by the
evolving curve.
Let ‘I’ is a thyroid US image defined in a domainf. ‘C’ is the
evolving curve represented as zero level set of a signed
distance function(¢).
Two spatial variables ‘X’ and ‘y’ are used in this method to
represent a single point inf. A characteristic function is used
in terms of localized radius parameter 7.
_ (L llx =yl <7
Blx,y) = {0, otherwise @
This function is used to mask local regions. The energy
function in terms of force function is defined as:
E(p) = [, 660 [, B IF(1(), ¢()dydx
()

The localized mean intensities of interior and exterior region
of contour localized by B(x,y) at a point x are denoted by ‘u,’
and ‘v, are defined as:
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These localized parameters determine local energies at each
point along the curve.
After selecting one of the localized energy measures, it is
multiplied with Dirac function §¢(x) in order to capture

broader range of objects. For every point x selected by Dirac
function §¢(x) a localized mask B(x,y) is applied to it to

(6)
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ensure that F operates only in local region about x. The final
energy is defined as:

E@) = [, 66(x) f;, BCe,y). FI(), ) dydx +
2S5, 60V (x)||dx (8)

The convergence time for segmentation decreases as radius
size increases.

2.3 Distance Regularized Level Set

Chunming Li, Chenyang Xu, et al. aimed to design a
segmentation method that is edge based and yields less
numerical errors [9]. The authors proposed a new variational
level set formulation in which the regularity of the level set
function is intrinsically maintained during the level set
evolution. The level set evolution is derived as the gradient
flow that minimizes energy functional with a distance
regularization term and an external energy that drives the
motion of the zero level set toward desired locations.It also
reduces the number of iterations required for segmentation.
The algorithm first filters the image using a Gaussian kernel
filter and then calculates the energy function as:

E(p) = uRp(¢) + ALy (@) + a Ag(¢) )

Where, Ry is level ser regularizing term;

Ro(@) = Jip (IV ¢Ddx (10)

P is the potential energy. £y and A4 are the energy functions.
This method allows more flexible and efficient initialization
than generating a signed distance function as the initial LSF
The distance regularization term is defined with a potential
function such that the derived level set evolution has a unique
forward-and-backward (FAB) diffusion effect, which is able
to maintain a desired shape of the level set function,
particularly a signed distance profile near the zero level set.

3. IMPLEMENTATION DETAILS
In this section, the results of implementing the above
discussed algorithm have been presented and compared. The
algorithms were first implemented on Scintigraphy Images
and then on ultrasound Images. The presented algorithms
were implemented in MATLAB R2008b version.

3.1 Scintigraphy Images

The Scintigraphy images were collected from various web
sources. Three algorithms namely Active Contour without
edges; Localized region Based active contour and Distance
Regularized Level Set were implemented on Scintigraphy
images. The algorithms were compared in terms of time and
no of iterations taken by them to segment the image. The
results of scintigraphy images are shown in fig. 1. Fig 1(a)
shows the thyroid scintigraphy original image (b) shows the
segmented image after applying ACWE (c) shows the image
after applying LRAC and (d) shows the segmented image
after applying DRLSE. It is evident from the images that the
results of Localized region based Active contour are better
than the other algorithms. A comparison of these
segmentation algorithms have been shown in fig. 3 in terms of
time and no of iterations. Following table shows the
corresponding values for the graph.
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Table 1. Graph values

Scintigraphy Images

ACWE | LRAC DRLSE

No. of | 270 160 410
iterations
Time(Sec) | 3.8 29 45

i Congs = A it G = dam

Fig 1 (a) Thyroid Scintigraphy original image (b) results after ACWE (c) LRAC
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3.2 Ultrasound Images

This section discusses the results of algorithms implemented
in US images. Ultrasound imaging is one of the several
diagnostic tests currently available for the evaluation of
thyroid gland. For US images, three algorithms have been
implemented: Active Contour without Edges, Localized
Region Active Contour and Distance regularized level set .
The results after implementing these algorithms on US images
are shown in Fig 2.

et

(d) DRLSE

Fig 2 (a) Thyroid US original image (b) results after ACWE (c) LRAC (d) DRLSE

Fig 2 (a) shows the thyroid US original image (b) shows the
segmented image after applying ACWE and (c) shows the
segmented result after applying LRAC and (d) shows the
segmented result after DRLSE. Localized region based active
contour method segments the image better than the ACWE
and DRLSE. Comparison has been made on the basis of
Precision [10] factor which is shown in fig 4. Precision is
calculated as:

Total number of images Correctly Segmented

P= *100 %

Total number of Query Images

The algorithms were implemented on a dataset of 10
Scintigraphy images. Precision values were calculated for
these 10 Scintigraphy images. Precision percentage for
ACWE is 57% and for LRAC is 80 %.
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400 - +T|ME(SEC)

0 + @@= —l—Noof

ACWE LRAC DRLSE Iterations

Fig 2: Comparison of segmentation algorithms in
Scintigraphy Images.

The following graph shows the value for precision :

Precison

100
0 ‘l_._'_._'_-ﬁ B Precison

ACWE LRAC DRLSE

Fig. 4 Comparison of Algorithms based on Precision
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4. CONCLUSION

To inspect the abnormalities in thyroid gland various imaging
modalities are used. In this paper, two thyroid imaging
modalities were discussed: Ultrasound Imaging and
Scintigraphy. Segmentation algorithms were implemented on
both the imaging modalities. Furthermore, the segmentation
algorithms were compared based on several parameters in
both the imaging modalities. The best image segmentation
algorithm was Localized Region Based as it took less time
and less number of iterations in Scintigraphy images. This
algorithm had a precision of 80% in segmenting the US
images.

In future work, comparison of more segmentation algorithms
could be implemented on thyroid images.
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