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Abstract

In this thesis, we present an enhancement to the Stochastic Active Contour Scheme (STACS) [4] for
Image Segmentation using Principal Component Analysis(PCA). STACS is a method developed for
Segmentation of Cardiac Magnetic Resonance Imaging (MRI) images and is based on the level set
method in which the contour is driven by the minimization of a function of four terms—region based,
edge based, shape prior, and curvature. STACS derives each of these forces from the ortginal image
that is to be segmented. In our method, we perform PCA on the entire set of eight images of the
same slice of the heart taken at different instants of time in the cardiac cycle and then segment each
image separately. The various terms in the energy functional in this new scheme are obtained from
different principal components (Eigenvectors). Thus, modifying STACS as ezplained, we improve it by
emphasizing each term in the energy functional with the help of the principal component that gives the
most accurate result. We present erperimental results with the proposed scheme and discuss how to

extend the approach in future work.
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Chapter 1

Introduction and Background

This thesis deals with the development of a modification to the Stochastic Active Contour Scheme
(STACS) [5] using Principal Component Analysis (PCA). STACS uses the level set method combined
with the minimization of an energy functional. This energy functional is derived taking into account
the special properties of cardiac MRI images. Cardiac MRI is widely used for non-invasive detection of

heart diseases and monitoring of the heart function.

We start with an introduction to these non-invasive techniques and an overview of the anatomy of
the heart and its peculiarities. We then present a brief explanation of MRI techniques and Image

Segmentation fundamentals in this chapter.

Chapter 2 deals with previous work done in cardiac MRI Image Segmentation and describes STACS in

detail, which forms the basis for applying our techniques.

In Chapter 3 we discuss some drawbacks of the existing methods that motivated us to enhance them.

We introduce Principal Component Analysis (PCA) and explain how to use it to improve Image Seg-



mentation with STACS.

In Chapter 4, we present experimental results using STACS enhanced with PCA for various datasets.

Finally, in Chapter 5, we state our conclusions and put forth some ideas for future work on Image

Segmentation.

1.1 Importance of Cardiac MRI

According to the Organ Procurement and Transplantation Network (OPTN) [14], out of approximately
4000 heart transplants performed every year in the United States, 543 patients die in the first year, only
78% survive 3 years after the transplant and 72% after 5 years. Most of these deaths are due to rejection
of the transplanted organs. To prevent rejection, patients are given immunosuppressants, which suppress
the immune system to enable acceptance of the newly transplanted organ. However, excess of these drugs
destroy the patients’ immune system making them susceptible to numerous diseases. These patients are
monitored closely by doctors to adjust the dosage of immunosuppressants given to them. One method
of doing this is by biopsy, which involves taking a small piece of the heart muscle and inspecting it under
the microscope for damaged cells. This procedure is highly invasive and prone to sampling errors. MRI
can be used to effectively monitor any functional abnormality of the heart in a non-invasive manner.
Segmentation of the cardiac MRI images into epicardium and ventricles helps to detect any deformities
and thus could indicate the on-setting of rejection. This segmentation can be performed manually by
experts, but it is a time consuming process, and may delay the detection of rejection at a crucial stage.
The manually performed segmentation also suffers the problem of inconsistency. Hence, efforts have

been made to make this segmentation procedure completely automatic.

10



i simikanar valve

Left
pulmonary
o BIRECIES

Supesiar
vena cava

Pulinanary

Aorta - trunk

T left
: pulmonary
weins
Right
Atrium o

T deft
atrium
Putmonary
T Mitrab
valve
Tricuspid

valve

TR Chordae
Papitlary ___ " tendineae
musdes

Right
wxibricie ettt

ventricle

Inlerios
vena cava

Figure 1.1: Anatomy of the heart.

1.2 Anatomy of the Heart

The heart is a muscular organ of the circulatory system that constantly pumps blood throughout the
body [4]. As seen in Fig.1.1, the heart has four separate chambers. The upper chambers are called the
left and right atria, and the lower chambers are called the left and right ventricles. The septum separates
the right and left sides of the heart. The endocardium is the inner surface of the myocardium (the heart
muscle tissue) and the epicardium is the outer surface of the myocardium. The muscular tissues that
attach to the lower portion of the interior wall of the ventricles are the papillary muscles. The periodic
motion of the walls of the heart chambers during one heartbeat is referred to as one cardiac cycle [13].
One heartbeat consists of two phases, namely systole and diastole. The rhythmic contraction of the
ventricles, by which blood is driven through the aorta and pulmonary artery is the systole. Diastole

is the normal rhythmically occurring relaxation and dilatation of the ventricles, during which they fill
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with blood. The right ventricle delivers blood to the lungs. The left ventricle delivers blood to the rest
of the body. So the left ventricular wall is thicker. This fact is often used for distinguishing between
the left and right ventricles. Here, we study the MRI images of the transverse section of the heart and

segment them into epicardium, right ventricle, and left ventricle.

1.3 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) is a method of creating images of the inside of opaque organs in
living organisms [13]. MRI is based on the principle that, when placed in a magnetic field of strength B,
a particle with a non-zero spin can absorb a photon of frequency v [12]. This frequency depends upon
the gyromagnetic ratio  of the particle, v = yB. Medical MRI makes use of the relaxation properties
of excited hydrogen nuclei in water. For hydrogen, v = 42.58 MHz/T. When the object to be imaged
is placed in a powerful, uniform magnetic field, the spins of the hydrogen nuclei with non-zero spin
numbers, within the tissue, all align in one of two opposite directions: parallel to the magnetic field or
antiparallel as seen in Fig.1.2. Three orthogonal image gradients are applied, to selectively image the
different voxels (3-D pixels). They are the slice selection gradient, the phase encoding gradient, and
the frequency encoding gradient. As the high energy nuclei relax and realign, they emit energy, which
is recorded to provide information about their environment. The primary advantage of MRI is the
high contrast resolution between different soft-tissue types. The contrast resolution of MRI is further

improved by the addition of extrinsic contrast agents.

1.4 Image Segmentation

An image is a collection of pixels, each having some value, called the intensity [6]. The intensities
of pixels in medical imaging can be the radiation absorption in X-ray imaging, acoustic pressure in

ultrasound or radio frequency signal amplitude in MRI. Image segmentation deals with partitioning an

12
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Figure 1.2: Principle of MRI.

image into non-overlapping clusters or regions according to the requirements of the processing methods

that follow. These individual regions are usually connected regions [6]

K

k=1
where 1 is the domain of the image, and the sets S; are the individual regions to be segmented.
This partitioning is carried out by taking into account different characteristics of the image, for exam-
ple, intensity, texture, intensity gradient, prior knowledge of shape. Once these defining features are
determined, the next step is to find the best way to capture these features through some statistical

characteristics, transforms, decompositions, or other more complicated methodologies, and then use

them to partition the image efficiently.

Any image segmentation algorithm should be: 1) statistically robust to any pervasive noise; and 2) com-

putationally efficient to handle large data sets. For Cardiac MRI images, regions of the heart to be

13



segmented are the epicardium, the right ventricle, and the left ventricle. The human visual system
can differentiate between the different regions in a cardiac MRI image. But developing an automatic
segmentation algorithm is difficult, because the computer cannot distinguish between two regions that
have very similar intensities. This creates problems especially because of the papillary muscles and the

chest wall that have intensity similar to that of the heart pixels.
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Chapter 2

Previous Work

Image segmentation algorithms are broadly classified into two main categories:

1. Edge-based models: The early image segmentation algorithms were edge based. These methods
rely on the discontinuity in image features between distinct regions corresponding to high intensity
gradient values [3]. Edge-based methods are easy to implement and computationally fast. However,
they are very sensitive to noise, require a selection of an edge threshold, and do not generate a compiete
boundary of the object because the edges often do not enclose the object completely. These problems
are inter-related. If we set the threshold to some nominal value, and get too many unwanted edges,
we need to increase the threshold. But this in effect suppresses the softer edges leading to incomplete

edges.

2. Region-based models: These methods are based on region growing and merging. The advantage of
region based methods is that the statistics of the entire image are considered. So these methods are
robust to noise and do not need a large image gradient to distinguish between two regions. However,

these methods do not take into consideration the information provided by the object boundaries. This
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may sometimes lead to irregular or noisy boundaries or holes in the interior of the object. For region
based methods to converge to a proper solution, the initialization of the segmenting contour should be

close enough to the final desired contour.

Due to these selective advantages of region and edge based methods, hybrid methods (using both region

and edge based forces) are used in medical imaging.

2.1 Level Set Method

The level set method is based on defining a function ¢, on a two dimensional grid(x,y) [1]. This function
is known as the level set function. A contour (or level set) C(t) is a curve described by a set of points

where the function has the same particular value. The zero level set can be written as

C@t) = {(z,y) € Q: d(z, y.t) = 0}, (2.1)

where t is a variable that indicates the time step in the evolution of the contour.

The zero level contour of the level set function segments the image. The contour C is initially approx-
imated. The level set function is then initialized as the signed Euclidean distance [11] to the contour
C. Fig.2.1 shows the level set function. On the left is the initialization of the level set function and on
the right is the level set function that leads to the final segmentation of the image. We can see from
the color bar on the right that the zero level of the level set function gives the segmenting contour.
The initialization has a lot of disconnected pixels on the zero level set, but the level set obtained after

applying the segmentation algorithm has only those points that segment the ventricles on its zero level.

Here we follow the convention that this level set graph has negative values inside C (pixels belonging

to the heart) and positive values outside C.

inside(C) = @y = {(x,y) € Q: ¢(x,y,t) <0} (2.2)

16
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Figure 2.1: Level set function before segmentation (left) and after segmentation (right).
outside(C) = Qp = {(z,y) € Q: ¢(z,y,t) > 0}. (2.3)

Using an initialization of the level set function based on the initial contour, it is iteratively approximated

by minimizing an energy functional. We use the standard Heaviside function.

H(¢) = 1if$ >0 (2.4)

H(¢) =0ifp <O0. (2.5)

Any function of the pixels on the contour can be represented by multiplying the function defined on the

two dimensional grid by VH(¢) where V is the gradient operator.

The energy functional is a measure of the deviation of the existing contour from the ideal contour
according to image characteristics. The value of this functional changes at every iteration. The force
driving the contour is calculated from the minima of the energy functional. As we will see in the next
section, this force is a weighted combination of various low level (region and edge based) and high
level (shape based) forces. This energy minimization approach solves a Partial Differential Equation

(PDE) [1].
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