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Abstract

Abstract

Myocardial Ischemia or heart muscle damage is a heart condition which leads to
complications such as heart failure or heart attack. This damaged heart muscle does
not contract as much as the healthy heart muscle leading to abnormal heart wall
movement. Echocardiography (Echo) is widely used to identify such wall motion
abnormality and help diagnose the possible presence of damaged tissue in the heart
wall. The Myocardial Ischemia Detection Algorithm (MIDA) is developed to
analyze echocardiography sequences automatically to detect the presence of heart
muscle damage and locate abnormal segments in the heart chamber. Specifically, the
proposed software algorithm involves a wavelet transform based speckle noise
reduction followed by a Delaunay triangulation based contrast enhancement
technique to enhance the heart wall boundary. The heart wall contour is obtained by
performing fuzzy multi resolution edge detection. The heart wall boundaries obtained
from the frames of an Echo scan are used to determine global features such as
ejection fraction and cavity area to describe the heart function. Statistical pattern
recognition techniques such as Principal Component Analysis (PCA) and
Independent Component Analysis (ICA) are applied to extract features which are
then classified to identify the abnormal heart wall movement. Segmental wall
analysis is also performed by extracting segmental features based on cavity area, wall
thickness, and radial wall displacement to locate the damaged wall segment. A
selection of examples is provided to illustrate the usefulness of the proposed
algorithm. The results to date indicate that such a feature extraction technique can be
effective in diagnosing Myocardial Ischemia, at an early stage. The clinical data for
this research are obtained from Ninewells Hospital, Dundee and Glasgow Western

Infirmary Hospital.
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Chapter 1 Introduction

CHAPTER 1

INTRODUCTION

1.1 Introduction

Heart failure is a worldwide problem with high morbidity and mortality rates
[JESS2009]. The heart is one of the most important organs in the human body, which
is comparable to a mechanical pump which works continuously. The health of this
pump (heart) has to be assessed after a certain age or when a heart related medical
condition is known to be present that could lead to further complications such as
heart failure. As the unhealthy life style of the present generation is a major cause for
heart related medical conditions such as hypertension, the heart assessment is vital in
identifying abnormalities at an early stage in order to prevent further complications.
Echocardiography (Echo) is a widely used imaging modality at the initial stage of
assessment to identify such abnormalities. The diagnosis of a heart abnormality from
an Echo scan is time consuming and depends on the observer expertise and available
facilities. Thus, the difficulty in manual interpretation of the Echo images has led to

the need for development of automated analysis tools.

Applying a range of image processing techniques to assist in the interpretation of
Echo images is considered in this project. In particular, this project aims to develop a
system to perform the segmentation of Echo scans, extract features and apply pattern
recognition techniques to help diagnose a heart wall motion abnormality and
consecutively the tissue damage in the heart wall. Finally, a diagnosis report is
generated based on the information from the scan images. Ultimately this could be
used to improve the precise location of the cardiac problems using this economical

method of ultrasound scans. This system is not a replacement for the expert, but
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would provide a reliable assistance to the cardiologists and help to prioritize the

patient list for treatment.

1.2 Motivation for this research

Heart abnormality identification is an area of interest, as heart diseases are more
prevalent especially among the Scottish population [MITC2005, BURNS2006,
ALLE2008]. Cardiovascular disease such as myocardial ischemia is the leading
cause of death worldwide [ALLE2008]. The rate of ischemic heart disease of
Scotland is higher than for comparable nations [BURNS2006]. The main motivation
of this work is to research into the problem of automatic identification of myocardial

wall damage and abnormal wall motion from 2D Echo scan images.

Echocardiography is one of the widely used cardiac imaging modalities to visualise
and assess the heart anatomy and function. When compared to the other modalities,
an Echo scan is considered to be a safe imaging tool, with no known negative effects
for patients. It is low-cost, non-invasive, real-time, portable, versatile and flexible to

use.

According to European Society of Cardiology [ESC2007] and American College of
Cardiology/ American Heart Association (ACC/AHA) guidelines [JESS2009], the
initial assessment in cardiac patients involves history and physical examination,
laboratory evaluation of blood, twelve-lead electrocardiogram and two-dimensional
echocardiography with Doppler. Echocardiography imaging remains a standard
technique in diagnosing left ventricular (LV) dysfunction (or abnormality)
[BHF2010], myocardial infarction [ESC2007], myocardial ischemia in patients with
heart failure and to define the likelihood of coronary artery disease (block in the
artery that supplies blood to the heart muscle) in patients with heart failure and LV
dysfunction [JESS2009, HUNT2005] .

Most of the commercially available echo scanning equipments such as Philips, GE
and Siemens have dedicated software associated with their system which can be used
for computer assisted manual interpretation for heart wall analysis. This can be

performed by placing a few manual pointers on the heart contour of the first frame in
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the scan, which is then traced along the entire Echo movie to provide an analysis
report on the heart function and the wall segments. The drawbacks of Echo images
(such as speckle noise, artifacts due to gain setting problems during recording,
dropouts, shadowing, scan sector limitations and limited echo windows) have
hindering effects on many of the existing automated analysis of heart and analysis of
heart wall motion. The results are inconsistent and not reproducible as there is
significant inter and intra-observer variability in placing the manual markers for the
initial contour. As there is scope for significant improvements in the automated
analysis tools with many issues remaining unsolved, continuous research is being
performed within the manufacturing companies to advance their existing features,
and develop additional features, in their tools. Therefore, there is a great need for

automated image analysis tools which can overcome most of the Echo drawbacks.

This thesis looks into the problem of enhancing poor quality echocardiography
images, visualisation of the features describing the heart function and performing
automated image analysis which can overcome some of the drawbacks present in
Echo images. The automatic identification of the wall motion abnormality and heart
wall damage is considered as a feature recognition problem, as human decision

making is related to recognizing features which represent abnormality in heart.

1.3 Contribution of the Thesis

In this work, the main research contributions are described below:

e Real data was used to extend and enhance the fuzzy logic based centre
detection and fuzzy multi resolution edge detection (FMED) algorithms for
heart wall boundary segmentation. A radial line search process is utilised to
obtain the epicardial and endocardial edges. As the quality of the Echo
images vary in different regions in a single frame, the region of interest and

the criteria for selection of the edges is critical

e A novel echocardiography image enhancement method which combines
undecimated wavelet based speckle noise reduction and edge detection,

followed by a regional enhancement process that employs Delaunay
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triangulation based thresholding is presented. The results to date are
encouraging and suggest that this region based enhancement improves
contrast near the edges, which are of diagnostic importance. The contrast
improvement between the tissue and the blood region in echo images is
performed based on local information so that the weak regions of the image

are enhanced more than the strong regions.

e FEigenhearts, a Principal Component Analysis (PCA) technique based system
for automated diagnosis of abnormality in the heart wall is developed. The
feature extraction process uses principal component analysis and independent
component analysis on the composite motion image which is created using
the heart wall boundaries obtained from all the frames of an echo movie.
These features provide information on the wall motion of the entire heart,

which is subsequently used to identify abnormal hearts.

e The Radon transform is applied to the composite motion image to determine
the symmetry in the wall motion. The characteristic of a normal wall motion
is related to the sum of the projection of the image intensity in all angles. This

feature is used to identify the abnormality in the heart wall motion.

e Development of the Myocardial Ischemia Detection Algorithm (MIDA)
system which incorporates image pre-processing, heart wall boundary
detection, heart classification based on principal component based feature
extraction, and segmental wall analysis. The segmental wall analysis is
carried out by extracting features that determine the health of the heart

segment.
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1.4 Organisation of thesis

The organisation of the thesis is as follows:

Chapter 2 provides fundamental information about the anatomy, physiology, and
common pathologic conditions of human heart, followed by background information
on medical diagnostic ultrasound techniques including ultrasound interaction with
tissue, medical ultrasound instrumentation, different operating modes, image

resolutions and common artifacts present in 2D real-time ultrasound imaging.

Chapter 3 presents a review of image processing techniques used in various stages of
the automated wall motion analysis used in this research. A background review is
presented on segmentation techniques to identify the endocardial and epicardial
borders, Echo image speckle noise reduction and contrast enhancement techniques,
and features used for identifying wall motion abnormality. This chapter also reviews
some of the basic signal/image processing techniques which form a preliminary
platform for subsequent research. A basic introduction to topics such as the
Delaunay triangulation technique (which is used in the region based echo image
enhancement of the algorithm described in Chapter 4), and pattern recognition
techniques such as principal component analysis and independent component
analysis and classification techniques (which is used in Chapter 5) are also presented

in this chapter.

Chapter 4 presents the novel Delaunay triangulation based image enhancement
algorithm to reduce the noise and enhance the contrast between the tissue and the
blood region in echo images. It discusses an overview of an algorithm detailing the
different stages such as speckle noise reduction, the Fuzzy-multi resolution edge
detection technique in order to identify the heart wall boundaries. The local and
global knowledge on the tissue and blood regions in the echo images is introduced
and the region based processing for the tissue and the blood region based on

Delaunay triangulation for contrast enhancement is explained in this chapter. The
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results obtained for average and poor quality images are presented and the

performance of the algorithm is discussed.

Chapter 5 introduces Eigenhearts, a novel Principal Component Analysis (PCA)
technique based system for automated diagnosis of abnormality in the heart wall. It
describes the process of creating the composite motion image from the heart wall
boundaries obtained from all the frames of the echo movie. This chapter explains the
feature extraction from the composite motion image using the Radon transform, ICA
and PCA. These features provide information on the abnormality in the wall motion
of the entire heart, which is then, used in subsequent identification of abnormal
hearts. The experimental result with 62 patient data is presented. The performance of

the three features for classification is also discussed in this chapter.

Chapter 6 presents the overall framework of Myocardial Ischemia Detection
Algorithm (MIDA) which incorporates the heart classification, followed by the
segmental analysis. The global and segmental features that are extracted from the
inner and outer wall boundaries of the heart determined are described here. The
classification of the extracted features obtained for the real patient echo images are

presented.

Chapter 7 presents the summary of the research carried out so far and suggestions for

future work.

1.5 List of author’s publications

(1) V. Ahanathapillai, J. J. Soraghan, “Myocardial Ischemia Detection Algorithm
(MIDA) for automated diagnosis of heart wall damage and abnormal wall motion”,

IEEE Transactions on Biomedical Engineering (submitted for publication in 2010)

(2) V. Ahanathapillai, J. J. Soraghan, P. Sonecki, “Region based image enhancement
algorithm using delaunay triangulation to improve echocardiography image
contrast”, Digital Signal Processing Journal — Elsevier Publication, (submitted for

publication in 2009)



Chapter 1 Introduction

(3) V. Ahanathapillai, J. J. Soraghan, “Myocardial Ischemia Detection Algorithm
(MIDA): automated echocardiography sequence analysis for diagnosis of heart
muscle damage”, CinC2010, Computing in Cardiology Conference, Belfast, UK
(2010)

(4) V. Ahanathapillai , J. J. Soraghan, P. Sonecki, “Delaunay triangulation based
image enhancement for Echocardiography images”, EUSIPCO 2009, 17th European
Signal Processing Conference, Glasgow, UK (2009)

(5) V. Ahanathapillai , J. J. Soraghan, D. J. Hamilton, G. Morison,
“Echocardiographical sequence analysis for the diagnosis of heart wall damage”,
DSP 2007, 15th International Conference on Digital Signal Processing, Cardiff,
Wales, UK (2007)

(6) V. Ahanathapillai , D. J. Hamilton, “ Eigenhearts for diagnosis of congestive
heart failure (CHF)”, MEDSIP 2006, 3rd International Conference on Advances in
Medical, Signal and Information Processing, Glasgow, Scotland, UK (2006)



Chapter?2 Cardiovascular System, Heart Abnormalities and Echocardiography

CHAPTER 2

CARDIOVASCULAR SYSTEM,
HEART ABNORMALITIES AND
ECHOCARDIOGRAPHY

2.1 Introduction

The heart, an important organ in the human body is a part of the cardiovascular
system. Heart disease is a worldwide problem with high morbidity and mortality
rates [PPSR2005]. Consequently, monitoring both structure and function of the heart

is essential for the wellbeing of a person.

Ultrasound (Sound waves with frequency > 20 kHz) is routinely used in imaging the
heart and other organs within the human body, because of its various advantages
discussed later in this chapter. The field of Echocardiography (i.e. imaging heart
using ultrasound) began in 1950, when Inge Edler, a cardiologist and Hellmuth
Hertz, a physicist from Sweden modified a sonar device to record echoes from the
heart [MEY2004] and acknowledged the relation between the received echoes, and
the heart structure and function [EH1954]. Since then, there have been remarkable
advancements in the field including wall motion studies, real-time imaging, Doppler

and duplex techniques, and colour coded Doppler imaging [WEL1989, WEL1993].

This chapter provides the fundamental information about the anatomy and
physiology of human heart in Section 2.2, followed by describing the common heart
pathologic conditions in Section 2.3. Background information on medical diagnostic
ultrasound techniques including ultrasound interaction with tissue, medical

ultrasound instrumentation, different operating modes, image resolutions and
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artifacts in 2D real-time are also discussed in Section 2.4. The chapter is concluded

with Section 2.5.

2.2 Cardiovascular system

The cardiovascular system includes the heart (a pumping device), a closed network
of blood vessels (the conducting pipes) and the blood (the fluid component). The
heart pumps the blood to all organs through two circuits of blood vessels that begin
and end at the heart. The blood vessels which carry blood to and from the lungs
constitute the pulmonary circuit and the ones which carry blood to and from the rest
of the body constitute systemic circuit. The blood vessels that carry blood away from
the heart are arteries and the veins are those which carry blood back to the heart. The
blood circulating through the body has various responsibilities including stabilizing
body temperature, defending the body against toxins and pathogens, and transporting
oxygen, nutrients, hormones and metabolic wastes between different parts of the

body [MART2004]. The anatomy and physiology of the heart is discussed here.

2.2.1. Anatomy of Human Heart

The heart is a muscular organ located between the lungs near the chest wall, posterior
to sternum. It is accountable for pumping about 2000 gallons of blood in a day. A
normal adult heart weighs between 300g to 350g [RANI1998]. The heart is
surrounded by a sac called the pericardial cavity. This cavity is lined by the
pericardium and contains the pericardial fluid. This helps in reducing friction
between the pericardium surfaces when the heart beats. The heart wall has three

distinct layers:
e Epicardium, a thin membrane covering the outer surface of the heart.

e Myocardium, the muscular wall containing the cardiac muscle tissue, blood

vessels and nerves.
¢ Endocardium, a membranous tissue covering the inner surface of heart.

The heart consists of four chambers, two atria and two ventricles.
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2.2.1.1. Right Atrium

The right atrium receives impure deoxygenated blood from different parts of the
body through superior vena cava, inferior vena cava and coronary sinus. The right
atrium has a smooth posterior wall and inter-atrial septum. The anterior wall of

atrium has muscular ridges (also called pectinate muscles).

) Aorta
Superior
vena cava

Left Atrium

Aortic Valve

Right Atrium Mitral Valve

Tricuspid Valve Left Ventricle

Papillary muscle

Right Ventricle

Fig. 2.1 Sectional view of Heart [LYN2006]

2.2.1.2. Right Ventricle

The right ventricle receives blood from the right atrium through an opening guarded
by right atrioventricular (AV) valve or tricuspid valve. Valves are structures that
ensure unidirectional blood flow during the cardiac cycle. The valves can be seen in
the sectional view of the heart, Fig. 2.1. The inner surface of the ventricle has conical
muscular projections called the papillary muscles. Chordae tendineae (a tendinous
connective tissue fiber which originate at these papillary muscles) are connected to
the valves to keep the valves in the required position. When the right ventricle

contracts, the tricuspid valves close, preventing the blood flow back into the atrium.

10
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The pulmonary valve or semi lunar valve is present at the end of conus arteriosus,
where the pulmonary trunk starts from the right ventricle. The contraction of the

right ventricle pumps blood to the lungs for purification.
2.2.1.3. Left Atrium

The left atrium receives pure oxygenated blood from the lungs through the four
pulmonary veins (two left and two right). It opens at the posterior of the left artium.
The blood is passed to the left ventricle through an opening guarded by the left

atrioventricular valve or bicuspid valve or mitral valve.
2.2.1.4. Left Ventricle

The left ventricle (LV) receives blood from the left atrium and pumps the blood into
the aorta through the aortic valve. The left ventricle has a thick, muscular wall, which
enables it to develop the pressure required to pump the pure blood to the rest of the
body. At the base of the ascending aorta, there are sac like dilations called aortic
sinuses. The right and left coronary arteries originate at the aortic sinuses. These
arteries supply blood to the cardiac muscles. The left ventricle is considered the most
important chamber in the heart and is assessed mainly during the assessment of the

heart.
2.2.1.5. Blood supply to heart

Similar to all the other tissue of the body, the heart also needs oxygen and nutrients,
in order to function properly. As the blood flowing throughout the heart is too fast
for it to absorb oxygen and nutrients, the heart has its own set of blood vessels
(constituting coronary circulation) that supply it with blood. The coronary circulation
is made possible through a network of two types of coronary blood vessels (as shown

in Fig. 2.2):

e Coronary arteries including the right coronary artery, the left anterior

descending and the left circumflex coronary artery.

e Cardiac veins including the posterior cardiac vein, the middle cardiac vein

and the anterior cardiac vein.

11
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Left coronary artery
Right r Left circumflex
COronary — caranary artery
artery Left anterior

descending artery

Fig. 2.2: Coronary heart arteries [KANG2006]

2.2.2. Physiology of the Human Heart

The cardiac cycle includes alternating periods of contraction and relaxation (atria
contraction followed by the ventricular contraction). The contraction phase of the
heart is called the systolic phase (or systole) and the relaxation phase of the heart is
called the diastolic phase (or diastole). During a normal heart beat, two types of cells

are involved:

e Conducting cells of the conducting system specialised to control and

coordinate the heart beat
e Contractile cells to contract powerfully to force blood
2.2.2.1. Cardiac Conducting System

The heart muscles contracts automatically without neural or hormonal stimulation.
The conducting system (as seen in Fig. 2.3) consists of cells responsible for initiating
and distributing the stimulus to contract. The elements included in this cardiac
conducting system are the Sinoatrial node, Atrioventricular node and conducting

cells.

The Sinoatrial (SA) node is located in the posterior wall of the right atrium. The SA

node is also called the cardiac pacemaker or natural pacemaker. It contains

12
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pacemaker cells, which establish the heart rate. The SA node is connected to the
larger atrioventricular node by the internodal pathways. The stimulus travels from
the SA node to the conducting cells, which pass the stimuli to the contractile cells of
both atria. The Atrioventricular (AV) node is located at the junction of the right
atrium and the right ventricle, near the opening of the coronary sinus. The AV node
receives the stimuli from the SA node. Then the impulse enters the AV bundle, also
called the 'Bundle of His'. The stimulus received by the AV bundle is passed to the
interventricular septum and then to the right and left bundle branches. The impulse is
conducted to the purkinje fiber, and then to the papillary muscles through the
moderator band. The ventricular contraction starts at the apex and moves toward the
base, as the purkinje fibers spread out from the apex to the base of the heart. The
conducting cells interconnect two nodes and distribute the impulse through the
myocardium. These cells are present in the internodal pathways, AV bundle, the

bundle branches and the purkinje fibers are conducting cells.

Sinoatrial node

Atrioventricular node

Bundle of His

Conduction pathways

Fig. 2.3: Conduction System [LYN2006]
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2.3. Common heart pathologic conditions

Some common heart pathologic conditions are introduced briefly in this section.
Special emphasis is given to the heart conditions that will be diagnosed using the

image processing techniques discussed in this thesis.
2.3.1 Coronary Artery Disease

Coronary Artery Disease (CAD) or Coronary artery atherosclerosis is a condition in
which the coronary artery is partly or completely blocked by fatty deposits (plaque)
or a blood clot. The coronary artery hardens and narrows because of the deposit of
plaque in its inner wall, which is illustrated in Fig. 2.4. As the size of the deposit
increases, the artery narrows, allowing less blood to flow through them. This affects

the normal oxygen supply to heart muscles, causing damage to the muscles. CAD is

usually a progressive disease [KANG2006, SDS2005].
2.3.2 Myocardial Ischemia

Myocardial ischemia, also called ischemic heart disease, is a condition in which the
heart muscles are not supplied with sufficient blood, resulting in reduced supply of
oxygen accompanied by inadequate removal of metabolic wastes. In other words,
there is a blood supply and demand imbalance in the heart muscles. This damages the
heart muscle leading to abnormal heart wall movement and gradually reduces the
efficiency of the heart. This disease acts as a primary cause to other complications,
eventually leading to acute coronary syndrome or myocardial infarction or heart
attack or heart failure [ADSF2008, ZEV2006]. Consequently, diagnosing the
presence of myocardial ischemia at an early stage is critical, as it is treatable helping

to prevent further complications.
2.3.3 Myocardial Infarction

Myocardial infarction is a condition in which the heart muscle is irreversibly
damaged (death of heart tissue) as a result of prolonged ischemia [SUT1993].

Approximately 90% of the myocardial infarction results from a severe blood clot in

14
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the coronary artery. This condition is a secondary stage of myocardial ischemia and

CAD [GZ2006, KANG2005].

Damage and death to
heart tissue shown in purple

Plaque build up in the
coronary artery
blocking blood ﬂnw/
and oxygen to

the heart

Fig. 2.4: Coronary Artery Disease leading to Myocardial Ischemia (tissue
damage) or Myocardial Infarction (tissue death) [KANG2006]

2.3.4 Congestive Heart Failure (CHF)

Heart failure is the end stage of many different forms of heart diseases including
common diseases like cardiomyopathy, myocardial ischemia, myocardial infarction,
coronary artery and valve diseases. Congestive heart failure (CHF) is a state in which
the heart becomes less efficient to pump blood. So, it has to work harder to
compensate, which could ultimately lead to fatal damage [ZEV2005, GAND2006].
There are different types of CHF [BALES1997]:

e Systolic heart failure is the most common type. It occurs when the heart
muscle does not contract with enough force, so there is not enough oxygen-

rich blood to be pumped throughout the body.

e Diastolic heart failure occurs when the heart contracts normally, but the

ventricle does not relax properly. So, less blood can enter the heart.
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2.3.5 Regional Wall Motion Abnormality

The regional wall motion abnormality (RWMA) refers to abnormal movement in a
section of the heart muscle. RWMA occur in heart conditions including ischemic
heart disease, and CAD. The location of the RWMA could possibly identify the
coronary artery that is responsible for the abnormality. The types of wall motion
abnormalities are: hypokinesis (reduced inward motion); akinesis (absence of
systolic inward motion); dyskinesis (outward wall motion during systole) and
aneurismal (a blood filled sac formed by localized dilatation of the weakened wall).
The segmental wall motion abnormalities may indicate ischemia or prior infarction
[MPT2008]. During the assessment, a scoring is given to the heart wall segments.
The myocardial segments are considered based on the standards [CER2002], which
suggest that the LV should be divided into 17 segments. These 17 segments can be

assigned to one of the three major coronary arteries, as shown in Fig 2.5.

Electrocardiography (ECQG) is the first screening test that is often performed to
identify the presence any abnormality in the heart’s function. However, the ECG on
its own is not sufficient to come to a conclusion on a case. It is used in parallel with
one of the imaging techniques to study the health of the heart in order to derive a
decision on the diagnosis. Though varies tests are useful in case of the diagnosis of
these pathological conditions, a suitable test or mode of imaging is chosen based on
the suitability of the technique for the patient. The benefits of a particular technique

over the risks as a result of performing the test, is often the prime influential factor.

Echocardiography is chosen over other imaging techniques whenever possible as it is
safe. There is no known risk associated with this imaging technique [DUN1991].
Most examinations are non-invasive [MCD1981], therefore examinations may be
readily repeated, if necessary. Ultrasound is useful to image soft tissues, which are
difficult to image using conventional X-ray techniques. Also, ultrasound machines
are portable when compared to other imaging modalities such as the MRI and CT.
Consequently, in certain medical conditions which can be identified using
echocardiography, the test is performed as a first stage, just to check if the condition

is present or not.
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Fig. 2.5 Assignment of the 17 myocardial segments to the territories of the left
anterior descending (LAD), right coronary artery (RCA), and the left
circumflex coronary artery (LCX) [CER2002]
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2.4 Fundamentals of Echocardiography

Ultrasound technology uses sound waves above human audible frequency (i.e. above
20 kHz). It is used routinely in wide range of applications including biomedical,
SONAR, non-destructive testing or evaluation, and machine condition monitoring.
This section provides the fundamentals of ultrasonic sensing technique, for medical
imaging applications. The basic principle of generating the ultrasound, characteristics
of ultrasonic waves propagating in tissue media, and interpretation of the received
echoes and the display of the digital images are explained. The different mode of
operation of the ultrasound scanner and the artifact in the Brightness-mode scan (also
known as the B-scan), a common echocardiography imaging modality that is used

within this PhD is also discussed.

2.4.1 Overview of Medical Ultrasound

Medical applications of ultrasound can be broadly categorised into surgical,
therapeutic and diagnostic applications [RGR1987]. Surgical applications use highly
focused ultrasound with high intensity that aims to destroy targeted tissue. An
example application includes the treatment of Meniere’s disease (a disorder of the
inner ear), in emulsifying the diseased lens in cataract surgery, in breaking and

removing the kidney stones and in removing warts.

Therapeutic applications use 0.8MHz to 4MHz transducers to generate heat and
consequently relieve pain, reduce the stiffness of soft tissues and speed up the
healing process. It is often used in physical therapy along with exercise in treating

the joint and soft tissue ailments.

Diagnostic applications employ 1MHz to 40MHz signals to image various parts of
the body for identifying different pathological conditions. This includes
quantitatively measuring the heart chambers, studying the health of the heart valves
and detecting wall motion abnormalities (Cardiology), locating lesions and tumors in
brain (Neurology), monitoring the growth and development of the fetus (Obstetrics),
detecting ovarian cysts, other pelvic masses and abscess (Gynecology), diagnosing

detached retinas and retinal tumors in eye and also in measuring the thickness of the
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cornea (Ophthalmology), detecting thyroid cysts, and identifying simple cysts from
solid masses in breast, studying the health of liver, spleen, pancreas and kidneys, in

diagnosing the presence of different types of cysts and cancers (Abdominal).

2.4.1.1 Ultrasonic Diagnostic Imaging Technique

Ultrasonography (or ultrasound) is a non-invasive medical imaging technique. This
involves transmitting high-frequency acoustic energy into the human body using a
set of transducers placed in direct contact with the skin. The ultrasound wave’s
reflections from boundaries between organs and surrounding fluid, and between
regions of differing tissue density, are captured using the same transducer (using
inverse piezoelectric property) and reconstructed to visualise the internal body

structures for possible pathology.

Echocardiography (or Echo) is one of the most widely used medical imaging
techniques for diagnosis of the heart. An Echo scan is a movie captured over a time
period, to cover a complete cardiac cycle. Though echo scans are low quality images,
they are chosen for this project over the other cardiac imaging techniques (such as

the MRI and CT) as it has the following advantages:

1. The ultrasonic scanning equipment is transportable, and the images can be

stored electronically

2. Reliable; harmless; painless; relatively inexpensive; noninvasive technique;

and

3. Suitable for imaging soft tissues such as hearts to determine valve disease,
left ventricle wall thickness, and the regional wall motion abnormalities

[ZEV2005, KAD2001].
2.4.2. Ultrasound Tissue Interaction

When the ultrasound beam travels through tissue, some of its intensity or energy is
lost due to its interaction with the tissue. This energy loss is known as attenuation.
Some of the sources of attenuation are: absorption, scattering, reflection, refraction,

diffraction, interference and beam divergence.
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2.4.2.1. Absorption

Absorption of ultrasound is a direct process of energy loss, in which the tissue
molecules suffers random mechanical motion which produces heat energy. Energy
transferred into internal molecular energy and back is known as thermal relaxation. If
transfer of energy takes the form of heat flowing from one region to another and
back, it is called conductional relaxation. If the transfer of energy is between two
states of different physical structure, it is called structural relaxation [MCD1981].
Absorption increases with increase in operating frequency, and depends on the

elasticity and density of the medium.
2.4.2.2. Reflection

Reflectivity depends on the acoustic impedance or characteristic impedance of the
tissue and the angle of incidence. Fig. 2.6 illustrates the reflection of ultrasound wave
at an interface with an angle of incidence (6;) and the angle of reflection (6,). The

intensity of the reflected wave (/) is given by

2
I =1, Z, =24,
Z,+7Z,

where Z; and Z, are the acoustic impedance of the two tissue media and /; is the

(2.1)

intensity of the incident wave.

At the interface of tissues with similar acoustic impedance, little reflection takes
place, allowing most of the ultrasound to be transmitted across the interface. More
reflection takes place at the tissues interface with very different acoustic impedance.
When the ultrasound beam is perpendicular to the tissue interface, reflections from

smooth tissue interfaces produce specular reflections.
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Fig. 2.6 Ultrasound reflection and refraction at tissue interface
2.4.2.3. Refraction

If energy incident to an interface is not perpendicular to the interface, refraction of
the beam takes place. Fig. 2.6 illustrates the refraction of an ultrasound wave at a
tissue interface. Effect of refraction is negligible when the beam is perpendicular to
the reflecting surface. It depends on the angle of the incident beam to the interface
(0;) and the change in velocity at the boundary between materials. The relationship

between the angles and the velocities of the waves, is given by Snell's Law

Sin 6,V

where V; and V; are velocity at the two tissue media and 6, is the angle of refracted

wave.
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2.4.2.4. Scattering

The incident ultrasound wave is reflected in many directions after interacting with an
individual molecule in homogeneous tissue (as seen Fig. 2.7(a)). This phenomena
known as the Rayleigh scattering (or beam spread) take place when the target
dimension is much less than the incident wavelength. High frequency results in
strong scattering, and offers the most diagnostic information for imaging application.
Scattering at regular or smooth tissue interface produces specular reflections, while

irregular tissue interface produces diffuse or non specular reflection.

(2) (b)

NI et

Ultrasound «— O —> — >

wave / l \ wave H \
Fig. 2.7 (a) Ultrasound Scattering (b) Ultrasound Diffraction at tissue aperture

2.4.2.5. Diffraction

Diffraction is a type of scattering which results in uniform spreading of the beam as
it propagates from the source. Diffraction is inversely proportional to size of the
source. Ultrasound gets diffracted when passing through a tissue aperture as

illustrated in Fig. 2.7(b). More diffraction results in more attenuation.
2.4.2.6. Interference

Interference refers to the interaction of two or more ultrasound beams having
different frequency and/or phase. Interference strengthens or weakens the wave,

depending on the phases of the interacting wave fronts. It can be classified as follows

e Constructive interference occurs when two or more waves of the same
frequency are in phase, adding up to increase the intensity of an ultrasound

beam.
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e Destructive interference occurs when ultrasound waves which are out of

phase, cancel out decreasing the intensity of an ultrasound beam.

The received echo train contains reflections from separate tissue boundaries and
other small signals produced by overlapping echoes scattered at closely packed
structures. The time and amplitude information in these echo trains are used to create

images.
2.4.3 Medical Ultrasonic Instrumentation

The instrumentation involved in a medical ultrasonic imaging system is discussed in
this section. A schematic overview of a typical medical ultrasonic instrument is
shown in the Fig. 2.8. The system consists of an ultrasonic transducer, pulser,
receiver, scan converter and a display device. These principal components are

described below.

&ser
Medical / . ' \
Ultrasonic ! Signal and Image Processing
Transducer /
Receiver Electronics Display
Device
> Amplification, S
compression,
compensation, converter | |
demodulation and

Kk rejection /

Fig. 2.8 Principal electronic components in a medical ultrasound imager

2.4.3.1. Medical ultrasonic transducers and associated electronics

At the heart of the instrument is the transducer, which converts electrical signal into
pressure waves and vice versa. The structure of an ultrasonic transducer consists of
ceramic crystal, matching layer, backing medium, and electrodes (as seen in Fig.
2.9). Crystals with piezoelectric properties are used in such ultrasonic transducer
assembly. Piezoelectric crystals are either naturally occurring (for example, quartz,

lithium sulphate, and rochelle salt) or synthetic ceramic crystals (for example, some
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transducer are made of lead zirconate titanate [MH2008] or polyvinylidine difluride).
At the front face of the crystal, one or more matching layers are bonded to
overcome/compensate the acoustic mismatch present between the piezoelectric
element and the tissue. This increases the efficiency of energy transfer to the tissue.
Aluminium powder in Araldite is commonly used as a matching layer material, as it
doubles also as a front face electrode. For pulse echo imaging, a backing medium is
placed at the back face of the crystal, to give mechanical support and quickly damp
out the crystal vibrations immediately after excitation. In other words, the energy
radiated into back face of the crystal is absorbed completely and not reflected back
into the element. This damping layer helps in producing short pulses, and
consequently improves imaging resolution. Epoxy resin (such as Araldite) loaded
with heavy tungsten powder is an example of a typical damping material used as a
backing block. Thin silver electrodes are placed in the front and back face of the
crystal, and the active piezoelectric material is permanently polarised across its
thickness. The operating frequency depends on the thickness, while the beam shape
depends on the diameter of the crystal. Standard transducer is disc shaped crystal
which is 2cm in diameter and varies from 1.8 mm (for IMHz transducer) to 0.18mm
(for 10 MHz transducer device) in thickness, approximately. The frequency range

required for heart applications is approximately in the range 1 to SMHz.

Backing Block

Electrodes

\

Ceramic g ZE
VE

Matching Layer(s)

Fig. 2.9 Transducer structure

When a voltage is applied across the electrodes, proportional change in thickness is
produced. When pressure is applied across the two faces a potential difference
builds up between the electrodes. The generated ultrasound is focused by shaping the

transducer crystal (internal focusing), phased array techniques (to electronically
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change the focal depth and direction), zone plates or zone lenses (to produce high-
intensity focus) or by using a lens or a mirror in front of the transducer. For imaging
application, an array of ultrasonic sensor is driven by a pulser unit, with a pulse
repetition frequency between 1 to 5 kHz (i.e. 1000-5000 pulses/second). The beam
intensity depends on the amplitude of applied voltage. The transmitted beam
interacts with the tissue (as discussed in section 2.2.2) and produces echoes, which
are received by the same array. The receiver modifies these electric signals suitably
so as to create an image, and typically consists of amplification, compensation,

compression, demodulation and rejection stages, as illustrated in Fig 2.10.

The amplification range or gain is up to 120 decibels. The sensitivity to weak

echoes increases with increase in the amplifier gain.

- Time-gain compensation (TGC) is adjusted, so that the echoes from deeper
structures are amplified more than the echoes from the closer structures,

resulting in uniformly bright images.

- Compression (opposite of the TGC) reduces the amplitude of large echoes.
Compression is also responsible for producing an image with uniform image

intensity.

- Demodulation is performed to convert the received oscillating signal to a

direct signal. It involves rectification and filtering.
- If the received echoes are below a threshold (very weak), they are rejected.
2.4.3.2. Digital Scan Converters

The electrical signals from the receiver travel to the ultrasonic scanner where they
are processed and transformed into a digital image or movie. A scan converter
consists of integrated microprocessor with a random access memory (RAM) to store
the signals. The depth of the structure in the image depends on the time taken by the
echo to be received and the intensity of a pixel depends on its strength.
Conventionally, the resultant image is a pixel matrix in the grey scale format. The
spatial resolution gets better as the image matrix size increases while the contrast

resolution corresponds to the dynamic range. Contrast Resolution (CR) is the ability
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to differentiate one tissue from the other. It is the smallest measurable difference in
echo intensity. The dynamic range of echo is more than the dynamic range of human
perception of gray levels (approximately 100 dB to 20 dB) [KRE2006]. The dynamic
range of echo is compressed to be sensitive to the human eye. Post processing of
these images after acquisition is also possible. A new contrast enhancement

algorithm is developed within the scope of this thesis are presented in Chapter 4.
2.4.3.3. Image display device and storage

Storing images are important as they are valuable for teaching or training purpose,
or to review study how the disease progresses or how the patient responds to a
particular treatment by comparing with the previously recorded images. A Cathode
ray tube (CRT) is normally used to display the ultrasound image. The ultrasonic

images are archived by three main ways [TG2004]:

e Hard copy: This is the oldest type of storage, recorded on a paper or film.

e Analog video: Analog videos are recorded by connecting a video cassette

tape or magnetic disk recorder to an ultrasound scanner.

e Digital storage: The digital or computer storage is also known as Picture

Archiving Computer System (PACS). These digital data can be stored in

Digital Versatile Disk (DVD).
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Fig. 2.10. Receiver functions: amplification, compensation, compression,
demodulation and rejection [BUSH1999]
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2.4.4 Operational modes or ultrasound imaging modes in

Echocardiography

The pulse echo ultrasound instrument can be operated in a variety of ways. The main

operational modes are as shown below
2.4.4.1. A-mode (Amplitude mode)

An A-mode scan produces chain of spikes which is displayed on a cathode ray tube
(CRT) as shown in the Fig. 2.11(a). The distance between the spikes is proportional
to the distance between the interfaces and the amplitude is proportional to the
strength of the echo. The depth and separation of the interfaces is measured using
this technique. The limitations of this operational technique are that the direction of

the echo and the information on the reflecting surface is unknown.
2.4.4.2. B-mode (Brightness mode)

A B-mode scan produces composite images (as shown in the Fig. 2.11(b)) on the
CRT, where the pixels are illuminated in proportion to the strength of the received
echo. That is, the received echoes are plotted as lines with varied intensity along the

ultrasound beam path. B-mode image views are rectangular or sector, depending on

(a) (b) (c)
Fig. 2.11 Different operational modes (a) A — mode (b) B — mode and (¢c) M —

mode.
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the transducer design. 2D-real time imaging systems displays up to 100 images per
second. B-scan movies are used within this thesis.

2.4.4.3. M-mode (Motion mode)

M-mode scan gives time axis information on the movement of tissue interfaces. The
received echo from successive pulses are plotted side by side to show the interface

movement with time. Fig. 2.11 (c) shows a sample M scan.
2.4.4.4. Standard 2D echocardiography views

The heart is examined by placing the ultrasonic transducer in standard positions,
which allows good penetration of ultrasound. These positions are also referred as
acoustic windows. Sections of heart are examined in these acoustic windows to avoid
limitations due to anatomy of heart and surrounding structures like lungs and ribs,
and to obtain standard images to be used for a comparative study. The main echo
windows [KAD2001] are apical window, subcostal window, left parasternal, right

parasternal view and suprasternal view as shown in the Fig. 2.12.

Among these, the left parasternal window provides the best access to the heart. It is
located between the 2nd and 4th intercostal spaces in the left side edge of the
sternum. Additional access can be obtained from the other windows. In theory,
infinite cross sectional images of the heart can be obtained. The few standard echo
views are used for diagnostic purposes are: parasternal short-axis(SA) view,
parasternal long-axis view, apical long-axis two-chamber view, and apical long-axis
four-chamber view. Fig. 2.13 shows few standard views of the heart. Short axis view

is considered for processing in this thesis.

Also, the Left Ventricle (LV) is the most vital chamber of the heart as it pumps blood
at high pressure. Its performance is generally studied to examine cardiac condition.
These standard views mentioned above are used for assessing the heart structure and

evaluating its function.

28



Chapter?2 Cardiovascular System, Heart Abnormalities and Echocardiography

(a) Echo wimdows of heart

Suprasternal
window

» Parasternal
window

Apical
window

window

{b) Parasternal Short Axis view

Fig. 2.12 (a) Echo windows of the heart, (b) Parasternal short axis view and (c)
Apical 4 Chamber view

(c)
Fig. 2.13 Standard echocardiograph views of the heart (a) Parasternal Short Axis view,
(b) Apical 2 Chamber view and (c) Apical 4 Chamber view

(a)
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2.4.5 Artifacts present in 2D real time B-scans

The quality and accuracy of the 2D B-scan images is often greatly influenced by
various imaging artifacts. An artifact is a signal or information that appears
accidentally and does not represent any structure in an image. These artifacts could
be the characteristic of pulse-echo imaging used or due to the imperfections in
different stages of the imaging system. Image artifacts are false features of image
which could be due to equipment deficiency, peculiar patient features, patient
instability or image processing defects [BUSH1999]. Some of the common artifacts

present in the B-scans are:
2.4.5.1. Reverberation

False representation of closely/equally spaced parallel interfaces is produced in an
image due to reverberation. When the ultrasound beam is perpendicular to the
reflecting tissue interfaces, reverberation artifact is produced. In the presence of
strong reflectors, regularly repeated echoes of reverberations are observed as a set of
parallel lines, spaced by the depth of the reflector [HUS1985]. Comet tail and ring-

down artefact are characteristic reverberation artifacts [BUSH1999].
2.4.5.2. Displacement artifact

Displacement artifact occur when an image is formed with false structures. Some of
the displacement artifacts observed is due to side lobes. Side lobes of the main
ultrasound beam could produce structures in the image which lie outside the main
beam, if the side lobe intensity is large. Multipath artifact [RWC1998] creates an
image with ghost structure placed at the back of the true location of the structure.
Refraction artifact results when refraction at one boundary directs the beam at right
angles towards a reflector. This produces a ghost structure displaced from actual
position of the reflector. Both Multipath artifact and Refraction artifact can be

eliminated by compound scanning.
2.4.5.3. Shadowing

Shadowing is caused by strong reflections at tissue interface. Sometimes, in the

presence of strong reflectors, blank regions without any features (shadow) are
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formed behind or deeper than very bright regions. Due to the presence of strong
reflectors in superficial tissue, the beam does not penetrate enough into the deeper
structures to get significant echoes. Refraction at curved tissue interface, having
different ultrasound velocities could produce something called edge shadows
[GA1997]. Increasing the far field time gain compensation and repositioning the

transducer could reduce shadowing.
2.4.5.4. Image enhancement or echo enhancement

Image enhancement is caused by false amplification. If there is a weak reflecting
tissue interface, image enhancement occurs (opposite to shadowing). The region
below this interface produces echoes which have amplitude greater than expected.

This artifact can be reduced by changing the TGC setting [WEBB1988].
2.4.5.5. Speckle

Speckle is a characteristic of ultrasound images, which has a grainy appearance
[FJ1980]. This is mainly caused by the constructive and destructive interference of
back-scattered ultrasound. Speckle usually falls in the high sensitivity region of
human vision to spatial frequency. The presence of speckle degrades the image
information that is of clinical importance. So, speckle reduction is performed as a
preprocessing of many ultrasonic image processing methods. In this thesis, a review

of speckle reduction is also discussed.
2.4.5.6. Incomplete imaging

Other imaging artifacts include incomplete imaging, which is caused by moving the
probe fast compared to the pulse repetition frequency. This results in image

consisting of lines of information with blanks between them.
2.4.5.7. Patient movement

During image acquisition, patient movements like breathing change the probe’s
direction slightly causing structures to be formed in different locations during the

image build-up.
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2.5 Conclusion

The anatomy and physiology of the heart along with the common heart conditions
were presented in this chapter. Also, the importance of locating RWMA to possibly
identify some of heart conditions was illustrated. One significant problem is the time
consuming and laborious procedure involved in identifying RWMA using
Echocardiography. Consequently, automation of this diagnostic procedure will be a

useful tool for the cardiologist.

This chapter also discussed the basics of the ultrasound imaging system including the
ultrasound wave propagation in tissue, the ultrasound instrumentation, image
formation, the views that are widely used, and the quality of 2D scan images. The
short axis views are used in this research. The image contrast enhancement of this
view is one of the research interests. The major disadvantage of ultrasound compared
with other techniques is that the resolution of images is often limited. In the
following chapter, various image processing techniques applied to ultrasound images
to solve this problem of image enhancement and to developing a semi or fully

automatic algorithm for RWMA identification.
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CHAPTER 3

A REVIEW OF DIGITAL IMAGE
PROCESSING IN
ECHOCARDIOGRAPHY

3.1 Introduction

This chapter presents a background to the image processing techniques used in this
research. It provides a review on the four main sections of the research: noise
reduction, image enhancement, edge detection, and, pattern recognition and
classification techniques. The quality of echo scan images depends on the subject and
the operator to a great extent. Also, the image could contain various imaging artifacts
such as a large amount of noise, missing structures (those parallel to the ultrasound
beam), false echoes, shadowing, restricted echo windows etc [BOSCH2002].
Consequently, extracting accurate information from such echo scans is time
consuming and clinician dependent. Over the past few decades, a great deal of
research is constantly carried out in the field of 2 dimensional (2D)
echocardiography images to extract information which are of diagnostic importance.
Specifically, the research area includes detection of the outline of heart wall or
chamber, heart wall segmentation and motion tracking, quantitative analysis of the
LV wall and compression of echo scans. Recently, the research in echocardiography
has extended from 2D to 3 dimensional (3D) imaging. As 3D Echo is in its early
stages of research and not used widely in hospitals for diagnosis, this research aims

at solving the problems faced by cardiologists in working with 2D Echo.

33



Chapter 3 A Review of Digital Image Processing in Echocardiography

This thesis investigates a method to enhance contrast in Echo images and also the
automatic identification of the abnormal heart wall motion, to help the cardiologists
in diagnosing the heart condition. The Echo image enhancement aims at improving
the image quality for manual interpretation and for machine analysis (to get better
segmentation of the heart wall). Also, the manual interpretation of heart wall
movement in the Echo is laborious with a significant inter-observer and intra-
observer variability, encouraging researchers to explore the field of automatic and

semi-automatic detection of abnormal wall motion.

This chapter is structured as follows. Section 3.2 presents a background of the image
processing techniques on Echocardiograph images presenting the various areas of
research in the field. The details on the image data that is used in this research is
provided in Section 3.3. The image enhancement research techniques for Echo
images is discussed in section 3.4, detailing the speckle noise reduction techniques in
the subsection 3.4.1 and the other image contrast enhancement techniques in the
subsection 3.4.2. Various segmentation techniques used in echocardiography images
to identify the endocardial and epicardial borders in the Echo images are discussed in
section 3.5. A brief overview of research in the automatic and semi automatic wall
motion abnormality detection is discussed in section 3.6. Section 3.7 presents the
feature extraction techniques used in the research. Section 3.8 details the basics of
Delaunay triangulation technique which is used in this thesis and its applications.

Section 3.9 contains the concluding remarks.

3.2 Image processing of Echocardiography images

Echocardiography is the commonly used imaging modality to study and assess the
left ventricular function. It is used in the emergency rooms and intensive care units
[KACH2006]. So the research in echo images has various directions, considering the
manual interpretation and the automated analysis. Researchers work in image
enhancement and computer aided diagnosis, considering the manual interpretation.
When considering automated or semi-automated diagnosis, the basic block diagram
in the automated analysis is given in the Fig 3.1. The research in automated analysis

is performed in various modules as given below.
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3.2.1 Recognition of cardiac views in echocardiography

Echo scan can be recorded in various views such as short axis views, long axis
views, 2 chamber view, 4 chamber view, etc. When an Echo scan is obtained, the
medical experts identify the cardiac view and then interpret the images to assess the
health of the heart. Active research is performed by [OTEY2006], [PARK2007],
[BEY2008] to automatically recognize the cardiac view in the echocardiography

sequences, as this would significantly reduce the work load for clinicians.

Echocardiograph scan movie

v

Cardiac view recognition

v

Pre-processing
(image enhancement)

v

Segmentation
(LV boundary detection)

v

Extraction of parameters
describing Cardiac function

v

Automated or semi-automated
analysis of echocardiography

v

Heart condition diagnosis

v

Data storage

Fig 3.1 Image processing stages in automated analysis of Echocardiography
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3.2.2 Image pre-processing stage (speckle noise reduction or image

enhancement)

After identifying the Echo view, manual interpretation is performed. The manual
interpretation or machine analysis is difficult in some cases with very poor quality of
images due to high level of noise or poor contrast due to lots of tissue on the path of
ultrasound. Being beneficial to both manual interpretation and automated analysis,
research on enhancement of echo images is constantly encouraged. This will be

discussed further in detail in Section 3.4.

3.2.3 Segmentation or border detection (detecting both the inner and

outer heart wall edges) and motion tracking

The LV boundary detection is performed to differentiate the heart wall tissue from
the LV blood cavity. Wall motion analysis is performed by machine by detecting the
wall borders in consecutive frames. Research on the segmentation of heart wall is an
important field as the identification of the heart wall manually has significant intra-
observer and inter-observer variability. Image processing techniques may reduce
variability due to human interventions in such border tracing operations, by
providing automated or, at least, semi automated methods for tracing contours of
relevant structures found in an image [NOBLE2006]. The section 3.5 provides

details on different techniques that are used to identify the wall boundaries.

3.2.4 Cardiac parameter extraction for Automated/ Semi automated

analysis

The heart function is mainly judged by the function of the LV, which is the largest
chamber in the heart. Once the heart wall of the LV is identified, the cardiac
parameters and wall movement are analyzed to determine if it is functioning
normally or if there is an abnormality. The expert performs this by recognizing these
features that correspond to the abnormality and categorizing the heart accordingly.
Therefore, the extraction of parameters that describe cardiac function is another vital
stage in the automated analysis of the Echo scans. Automated or semi-automated

analysis of echocardiography has been performed to analyse LV function, to identify
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abnormal wall motion in the heart wall. This is also applicable to identify the
presence of ischemia or damaged tissue in the heart wall. Segmental wall analysis is
also performed to score the heart wall automatically. The health of the LV can be
measured by means of various features such as LV volume, ejection fraction, wall
thickness and percent systolic wall thickening, radial movement in the wall,
curvature function, timing based features, duration of systolic and diastolic phases,
etc. Section 3.6 will present a background on the automated analysis of
echocardiography in the context of identifying the wall motion abnormality. The
section 3.6 also details different researchers have used different features to categorize

the heart function.
3.2.5 Echocardiography Data Storage

Another important requirement is to store the images and results obtained from the
echocardiography examination in a user friendly system, for future reference.
[COL2004] developed a database for hospital to store the echocardiography

examination, ECG evaluation and patient clinical history.

Though active research is performed in each of the general stages involved in the
automated or semi-automated diagnosis, they can be adjusted to suit the need.
Specifically the stages that are investigated in this research are the image
enhancement, heart wall segmentation, automated analysis of LV wall motion and

segmental wall analysis for identifying ischemia.

3.3 Image data

The Echo image data was obtained from Ninewells Hospital, Dundee and Glasgow
Western Infirmary. Ethical approval was obtained for the Echo data from National
Health Service. The image data used in this research is the standard short axis views
(SA views), which shows a slice of the left ventricle covering the entire wall
circumference. The views used in this research are the SA views, basal level and mid
cavity level. One of the aims of this research is to enhance the ultrasound images.
The image data obtained from the hospital for the image enhancement research was

of poor quality as considered by the expert. The images were marked as poor quality
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based on the poor contrast between tissue and blood region, or images with
shadowing effect. In some regions of the LV wall segment. The images used for this

purpose were acquired from Siemens and Philips Echo machines.

The other aim of this research is to automatically analyse SA view echo scans and
provide an initial classification whether the heart is normal or abnormal. The heart
image database consists of SA 27 normal hearts and 35 abnormal hearts, which are
annotated by medical experts. The abnormal hearts used in the database had varied
levels of wall damage. The types of wall motion abnormalities are: hypokinesis
(reduced inward motion); akinesis (absence of systolic inward motion); dyskinesis
(outward wall motion during systole) and aneurismal (a blood filled sac formed by
localized dilatation of the weakened wall). The LV wall segments are assigned a
score based on the type of abnormality present. The segments with normal
contractions are assigned a score of 1; hypokinesis, 2; akinesis, 3; dyskinesis, 4; and
aneurysmal, 5. The scoring of the abnormal segments in some cases was 2

(hypokinetic segments) and for others it was 3 (akinetic segments).

3.4 Image enhancement techniques for echocardiography images

In the process of ultrasound imaging, a random granular pattern is formed due to the
constructive and destructive interference of backscattering. Speckle noise is a
characteristic of coherent images such as ultrasound images. Speckle patterns depend
on the frequency and geometry of an ultrasound transducer [ZYKK2007]. Though
the texture of the observed speckle pattern does not correspond to the underlying
anatomical structure of the heart, the mean speckle brightness at any region of the
image corresponds to the tissue’s capability to produce echoes. Hence, the presence

of speckle is useful in some cases, such as speckle tracking to naturally tag the tissue.

From an engineering point of view, speckle is regarded as a main source of noise in
ultrasonic images. Speckle noise is one of the causes for the low contrast in the
images. In this application of finding the inner and outer wall boundaries of the heart
in the echocardiography ultrasound images, the speckle noise prevents in getting a

most favorable result. A pre-processing stage to perform speckle noise reduction
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and/or contrast enhancement is required to get images which are more suitable for
semi-automatic or automatic heart wall boundary detection. The techniques in the
literature can be grouped as speckle noise reduction techniques and contrast

enhancement techniques.
3.4.1 Speckle noise reduction techniques

Speckle noise can be reduced either before (that is, when the echo data is acquired)
or after the image is formed. In [TAXT2004], the authors claim that super resolution
can be obtained by using first and second harmonic signals. The separate
deconvolution of first and second harmonic signals results in sharper images with
distinctive speckle pattern than the original. Speckle is reduced by adding the
envelopes of separately deconvolved first and second harmonic images, to remove
ultrasound image distortion produced by a pulse. Speckle noise reduction can also be
performed by different compounding techniques, where a series of ultrasound images
of a tissue structure are captured using different transducer operating frequencies
[ZHOU2008] or in different directions or strains [LI2000] and combined to form a
composite image. The ultrasound imaging system hardware has to be modified to
perform image compounding. Compounding techniques improves contrast

resolution, but results in some loss of spatial resolution [WEBB1988].

The post acquisition image processing techniques is simpler in terms of system
complexity. These image processing techniques can be categorized into single scale
spatial filtering techniques and multi-scale techniques. The image processing

techniques for speckle noise reduction are discussed in the following sections.
3.4.1.1 Spatial filtering techniques

Spatial filtering techniques include Frost filter [FRO1982, CHEN2007], Kaun filter
[KAUN1987], Lee filter [LEE1986], Adaptive weighted median filter [LOUP1989],
and Homomorphic Weiner filter [JAIN1989]. Speckle noise reduction is performed
by 2D - weighted Savitzky-Golay filter, which is based on the least squares fitting of
a polynomial function to image intensities. This filter is an extension of the 1D
Savitzky-Golay filter. This filter reduces noise, preserves edges and is

computationally efficient when compared to median filter. This filter is suitable for
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filtering problems with large windows [CS2001]. [CHEN2007] modified the Frost
filter for speckle reduction in Synthetic aperture radar images based on anisotropic
diffusion for better edge preservation. [AKSEL2006] discusses the extensions to
speckle reducing anisotropic diffusion (SRAD) applied to echocardiography images.

3.4.1.2 Multi-scale techniques

The multiscale approaches include discrete wavelet transform [LAINE1998] and
undecimated wavelet transform [GS2005] with thresholding to reduce speckle noise.
[HG1999] used multi scale nonlinear thresholding with adaptive non-linear filtering.
Donoho’s soft thresholding is used for speckle reduction. [TDB2009] used the
Rayleigh distribution for modelling the speckle wavelet coefficients and Gaussian
distribution for the signal wavelet coefficients. An adaptive shrinkage function was

used to estimate the signal adaptively.

[YOO2008, YOO2009] applied adaptive speckle reducing anisotropic diffusion
(SRAD) uses wavelet decomposition for speckle reduction and edge preservation in
medical ultrasound images. The homogeneous region which operated as diffusion
threshold in SRAD work is identified by modified coarse-to-fine classifier, followed
by applying SRAD filters on each sub-bands with determined homogeneous regions.

3.4.2 Image contrast enhancement techniques

Image enhancement techniques for better resolution and contrast enhancement start
with frequency-domain pre-processing of digitally acquired radio-frequency (RF)
echo signals before image formation [LF2000]. Image enhancement is performed by
various researchers to facilitate the processes of segmentation of regions in
ultrasound images. An intravascular ultrasound image enhancement was proposed by
[FIL2004], where a pre-processing based on morphological smoothing followed by a
fuzzy enhancement based on the intensity and variance information of the input

image.

The contrast enhancement technique proposed by [NOBLE2001-1] is based on a
phase congruency. 2D Feature Asymmetry (FA) measure computed by equation 3.4

was used to detect features, followed by sparse surface interpolation to interpolate
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sparse data at feature locations and subsequent nonlinear post-processing to enhance
feature values. Phase congruency is highly sensitive to noise. The poor SNR of B-
mode ultrasound, including heavy speckle, means that this is a problem that has

particularly to be addressed when applying it to cardiac ultrasound [NOBLE2001-2].

A temporal compounding of the cardiac data was proposed by [PER2009], where an
intensity averaging of temporally aligned frames from consecutive cardiac cycles is

performed to enhance the appearance of anatomic structures.
3.4.2.1 Histogram based techniques

Contrast enhancement techniques based on histogram equalization (HE), in which
the pixel values in the image are changed to make the gray level distribution as
uniform as possible. The overall visibility of an image is enhanced, while the local
contrast at some local positions in the image may be decreased. [P1Z1987] proposed
local area histogram equalization (LHE), a variation of HE, which uses a sliding
window to label an image region for each pixel. The histogram of a region is
equalized to determine the new pixel value. As this procedure is computationally
very intensive, [DALE1993] proposed a modified LHE, where varying window size
was used over different regions of the image. Later [ZHANG2008] proposed an
entropy-based LHE algorithm by using local entropy value of a sub-block to decide
whether LHE is applied on the center pixel of this sub-block. A wavelet based
histogram equalization enhancement was proposed by [FU2000] where a wavelet-
based enhancement algorithm is used for post-processing to further enhance the
image and compensate for the information loss during histogram equalization

[FU2000].

[ZA2004] proposed a histogram based technique for image enhancement called
Adaptive Brightness Transfer Function (ABTF) designed to optimally determine the
gray levels used for each Echocardiograph cine loop. This method is based on fitting
the cine-loop’s gray-level histogram to a sum of three Gaussian functions, each of
which relates to a different region within the image, the left ventricular cavity, the
relatively dark regions within the cardiac muscle and the bright regions within the

cardiac muscle.
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3.4.2.2 Wavelet based techniques

Speckle Reduction and Contrast Enhancement using wavelet shrinkage and nonlinear
adaptive gain was proposed by [LAINE1998] [LAINE1996] [LAINE1995]. A
regularized soft thresholding (wavelet shrinkage or shrinking the transform
coefficients) to remove noise energy within the finer scales was performed as soft
thresholding results in smoothness. A nonlinear processing of feature energy was
performed to enhance contrast. This was achieved by using a generalized adaptive
gain (GAG) nonlinear operator through nonlinear stretching of wavelet coefficients

[LAINE1998].

Contrast resolution enhancement technique proposed by [SAIM2000] was based on
wavelet shrinkage to reduce speckle noise and gray level mapping to enhance
ultrasound images in different contrast level, brightness and gamma control. On
wavelet decomposition, [CHEN1997] integrated the tree-structured zero crossings of
wavelet coefficients and low-pass-filtered subimage to enhance the desired image
features. Recently, [TANG2009] proposed a contrast enhancement technique in the
wavelet domain to enhance features present in different scales using a contrast
measure. This technique was proposed for mammograms, which usually contains
calcification in small scales and large objects with smooth borders in coarse scales

[TANG2009].
3.4.2.3 Local information or Region based techniques

Contrast enhancement helps better edge/boundary detection by enhancing the
structures in the ultrasound. A dynamic filtering based on speckle detection for
ultrasound images was proposed by [XIA2007]. Regions in an image are identified
as speckle regions or tissue structures based on a similarity value obtained from
histogram matching between the histogram in the processing window and a reference
speckle area. Low pass filtering is performed to smooth speckle pixels with big
similarity values, and high pass filtering is performed to enhance the structure pixels

with small values.
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A region based image processing was performed by [TTI2000] for ultrasound image
enhancement. In their research, an adaptive morphological operation is performed by
using variable structuring element, which depend on the local region of the image.
[LI2007] presented a segmentation method based on texture analysis of the spatial
grey level co-occurrence matrix. The method identifies the regions whose edge
needs to be enhanced and level out the error edges caused by speckle noise. A
modified sigmoid function is used as the enhancement function. [KIM1997]
proposed an adaptive image enhancement method for mammographic images, which
is based on the first derivative and the local statistics. Once the film artifacts are
removed, gradient images are computed by using the first derivative operators,
followed by determining the adaptive gain for the gradient images based on local
statistics. The enhancement is obtained by adding the adaptively weighted gradient
images [KIM1997].

[GORD1984] [GORD1986] proposed a method where the gray-level of each pixel is
modified to enhance the contrast between the pixel and its neighborhood. The
boundary of the center area is adjusted to maximize the contrast between the pixel
and its neighborhood. It is probably more suitable for static imagery (such as
mammograms) than for dynamic imagery [FU2000]. [XIA2005] proposed an
independent component analysis based method by considering image enhancement to
be a “signal source separation and enhancement” problem. The basis images are
classified into signal subspace and speckle subspace. Image sub blocks are separated

into edge region to enhance image structure and noise region to suppress noise.

3.5 Segmentation techniques used in echocardiography images

Defining the LV boundary (or LV boundary detection) is an important step towards
the automated analysis, as the features used depend greatly on the extracted wall
boundary. The heart wall segmentation techniques include approaches which are
radial search based, snakes based, shape based, local image phase based, and level
set based. A critical evaluation of automated border detection system in determining
the LV ejection fraction was presented in [SAPR1998], stating that the cavity clutter

and endocardial drop outs results in incorrect endocardial contour estimate. In some
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cases, LV volume is under estimated because of the presence of papillary muscles,

and LV volume is over estimated when the borders are less distinct.

3.5.1 Radial search based approach

As the wall motion in echocardiography is along the radial line and the wall edge is
perpendicular to the direction of the radial line, at any instant of the scan. This is the
motivating factor for researchers [MON1988], [SS1999], [NAGY 1999], [BAN2007],
[LAC2008] to use the radial search based approach for LV border detection.

[SS1999] proposed fuzzy multiscale edge detection to detect edges along the radial
line which is used in this thesis. [NAGY 1999] proposed a method where the gradient
of the pixels along the radial line is used for identifying the edge points, which are
then modified using active contours or snakes. [YAO2004] determined four
maximum gradient points on each radial line as candidates. A cost function based on
mean neighborhood distance and mean gray level of boundary points, was used to
identify the edge, which is smoothed to obtain the contour. [BAN2007] detected an
approximate LV border along the radial line by a gradient search with magnitude as
well as direction, followed by smoothing it locally and temporally. [LAC2008]
proposed a radial search based algorithm which involves initial watershed
segmentation, followed by merging the small regions to get initial contours. Then,
the candidate points are searched along the radial lines originating from centre of the
ventricle cavity. The final contour is obtained after interpolation followed by

morphological closing.
3.5.2 Snakes based approach

The Snakes approach is a deformable model, which is also known as active contours
model. A snake is an energy-minimizing spline guided by external constraint forces
and influenced by image forces that pull it toward features such as lines and edges
[KASS1988]. The energy function for snake position, V(s) = (x(s),y(s)) can be given
by

Ege = | Egue V() ds = [ By (7 (9)) + Eppee (V(5)) + E,,, (V (5)) ds
0 0 3.1)
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where, E;, represents the internal spline energy due to bending, which is given by

RGO A0 RYOACS
nt 2 (3'2)

The first order term and the second order term of the spline energy is controlled by

weights a(s) and f(s) respectively.

Eimage represents the image energy which is the weighted sum of three energy

functionals which pull a snake towards line, edge and terminations,

E

image

=w, E +W, E.  +W, E

line™ line edge™ edge term” ' term (3 3)

E. . represents the external constraints, which can be applied to smooth the edges
and to limit the degree that it can be bent. The boundary detection is obtained as the

curve evolves by minimizing the energy associated to the current contour.

[MALA1999] used a Hough transform technique to find the initial boundary and
applied an active-contour model to estimate the LV boundary. [CHENG2006]
located the LV region using the watershed transform and morphological operation,
and performed snake deformation with a multiscale directional edge map for the
detection of the endocardial boundary of the LV. In [FANG2008], they detected the
heart wall boundary by incorporating temporal information into the active contour
method. [MIK1998] proposed an active contour based technique that integrates the
optical flow information to the estimate initial contour. [HOSS2003] proposed an
adaptive snake initialisation method to identify the LV borders in the mouse heart

ultrasound image.
3.5.3 Shape based approaches

Active Shape Models (ASM) [COOT1995] or Active Appearance models (AAM)
[COOT1998] and Active Appearance Motion Models (AAMM) [BOSCH2006] are
iterative shaped based image search models. [COOT1994] proposed a Point
Distribution Model (PDM) to detect LV boundaries. A statistical model of the shape
variability was created from a set of training images (see Fig 3.2), by performing

Principal Component Analysis (PCA) on the positions of the aligned points. The
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model derived from this analysis is called a Point Distribution Model. The search is
initialised by placing the mean shape in the image and iteratively modified in line
with the statistical model derived from training set, to better fit the data. The
combination of a PDM and the iterative refinement procedure was called Active
Shape Model. The difference between snakes and shape models is that the curve
positions get modified in line with the statistical model derived from training data.
AAM, an extension of ASM describes both image appearance and object shape over
a training set to form a combined statistical shape—appearance model. [BOSCH2002]
proposed an AAMM, an improvement to the AAM with temporal consistency over

an image sequence. The whole image sequence was considered as a single shape or

(OSKCNON®
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Fig 3.2 Training data set for Short axis echocardiogram model [COOT1994]
intensity sample to extend the AAM to a time sequence.

[COOT2006] observed the effect of using image texture representations to improve
the accuracy of the AAM search. They concluded that normalising the gradient
images by non-linear techniques can improve the search results. [PICK2006] used
ASM to segment the contrast echocardiography and apply a specialized gradient
vector flow field to move the contours to the myocardial borders. [NOBLE2002]
proposed a spatio-temporal contour model, which has a shape-model to describe the
deformation, and a motion-model to describe the temporal properties of the contour.

[CZK2004]] proposed an information fusion approach for shape tracking, using sub-
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space shape model information and spatially varying uncertainties. The uncertainties
are estimated from the optical-flow during the shape model constraining process, that
is flows from high confidence areas weighs more while flows estimated from
uncertain areas weigh less. The initial contour is used to update a PCA model. This

model is used to limit the border tracking of particular shape.
3.5.4 Local image phase based approach

[NOBLE1998] used a 2D Feature Asymmetry (FA) measure for detecting
asymmetric features such as step edges. The 2D FA measure is given by a
summation over m orientations of the normalised difference between the odd on(x,

y) and the even en(X, y) filter responses,

r4 (X y) = Zuom(x’y)|_ em(x’y)|_TmJ
T ey e () +e (3.4)

where o,,(x, y) is the odd filter response
em(x, v) is the even filter response

¢ is a small positive number to avoid division by zero

\- J denotes zeroing of negative values, and

T =k Stdﬂom(x,y)| - em(X,J’)|}

T, is an orientation-dependent noise threshold, ™ ,

where £ is a positive value to control the noise threshold.

[NOBLE2008-2] used a spatio-temporal boundary detection based on this phase-
based method to identify the borders in echocardiography. [TIM2006] used this

approach in contrast echocardiography.
3.5.5 Level set based approaches

A level set is a curve propagation technique which was initially proposed by Osher
and Sethian [OSHER1988] to track moving interfaces. It represents a growing

contour using a signed function, where its zero level corresponds to the actual
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contour. [LIN2003] proposed a segmentation of echo images using multi-scale level
set framework. The region homogeneity and edge-based level set method extracted
boundary from the coarse scale was used as boundary initials at finer scales and also
as an external shape constraint to evolution of active contours. [DYDEN2006]
proposed use of image statistics, shape and motion a prior constrains for the
evolution of the level sets. An improvement to the fast marching level set approach
was proposed by [YAN2003], incorporating the contour energy of the active contour
model into the speed term of fast marching model. The level set assumes a boundary
to be a closed curve, which could be a limitation when applying to echo images with

incomplete boundaries.

3.5.6 Other approaches

Other approaches include methods based on mathematical morphology
[CHOY1998], watershed transform [AMOR2009], Laplacian of Gaussian (LoG)
operator [LAMBI1990], Spiral architecture [HE2006] and Markov random field
(MRF) methods [XIAO2002].

[CHOY1998] also performed morphological filtering followed by identifying zero
crossing points in Log filtered image, along with watershed segmentation.
[RRV2008] proposed a method combining mathematical morphology, high-boost
filtering and LoG operator and thresholding for image segmentation. [AMOR2009]
applied image fusion to echo sequence of three cardiac cycles and performed
watershed transform for segmentation. The authors claim that the similarity of
corresponding frames from different cycles produces contrast enhancement in the left
ventricular boundary. Only normal cardiac cycles were presented in that work. The
problem in this method would be the registration of the frames as there might be

motion artefacts.

[LAMB1990] applied low pass filtering, followed by Laplacian of Gaussian (LoG)
operator. Then edge strength is detected by means of anisotropic diffusion technique,
a binary image is created by thresholding and to create a binary image and LoG
operator is applied to obtain a Laplacian image. The zero crossing points in this

Laplacian image were considered to be the contours.
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[XIAO2002] proposed a region segmentation method that combines the maximum a
posteriori and Markov random field (MRF) methods. [HE2006] proposed a contour
extraction method based on Spiral architecture, where an image is represented as a
collection of hexagonal pixels. A pixel is decided as a contour pixel if there is at least

two adjacent pixels and at least one non-object pixel next to it.

Most of the boundary segmentation techniques are applied on good quality data as
the segmentation result depends on the quality of the data [NOBLE2010], leading to

continued research in this field.

3.6 Cardiac parameters extracted for automated or semi-automated

analysis of echocardiography

The automated analysis of echocardiography for the diagnosis of heart conditions is
an important area of research as the echo images are difficult to interpret. Inter-
observer and intra-observer variability in diagnosis using echo scans is as high as
20% [QAZI2005]. Research in computer aided analysis of biomedical images is
performed constantly to make the lives of the physicians easier. In particular, the
research in echocardiography for automated analysis is given in this section. An
overview of the research in automated/semi-automated analysis of Echocardiography
for heart function and wall motion abnormality is given in Table 3.1 and segmental

wall motion abnormality is given in Table 3.2.

Assessment of heart function using Echocardiographic sequences is based on
quantifying global function or regional contractility. The assessment of global LV
function is based on ejection fraction, contractility, relaxation, filling and end —
diastolic pressure [TP2006]. Researchers have used different features for determining
the health of the heart and identifying abnormalities. [CHIA2008] proposed a system
for general management of heart failure based on processing the Electrocardiogram
(ECG) signals and Echo scans. The Left ventricle ejection fraction (LVEF) is
extracted from the Echo, which is used for decision making. LVEF is defined by

EDV — ESV
EDV (3.5)

LVEF =
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where EDV is the End-Diastolic Volume and ESV is the End-Systolic volume. The
Volume of the LV can be estimated by the following equation [FFA1991]

Volume = 7.0 D’
24+ D

(3.6)

where D is the average endocardial diameter from the SA view. [SET1998] measured

LV volume changes and LVEF which is used for reporting on the LV health.

LV mass or the LV muscle is based on subtraction of the LV cavity volume from the
volume within LV epicardium, as seen in Fig. 3.3 [LANG2005]. This depends on the

myocardial area (4,,) which is given by

(3.7)

where A; is the area within the epicardium and A4 is the area within the endocardium,

. 2
which is measured by A=mr"

[SING2002] presented an approach using Echos before and after stress. This
approach exploits the fact that the change in LV wall dimensions from rest to stress
is uniform if normal. Echo image pre-processing was performed by morphological
operators, followed by boundary detection based on active contours and subsequently
analysing segments of LV wall. A measure called the Abnormality of Motion (4oM)

is used by the authors to make a decision on the pathology of a segment n. AoM is

computed by
Ve, - AV
AoM | = ———
AV (3.8)
where Ve, is the variation in contractility given by, Ve, =Ch = Ca , Ciy and Cas

is the contractility before and after stress. AV is the average variation given by,

Yve,
AV =2+
n (3.9)
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Epicardial Endocardial Myocardial
boundary boundary Area (Ay,)
An=A-A,

Fig 3.3 Computing myocardial area by calculatingtaking the difference between
the area enclosed by the epicardial boundary and the area enclosed by the
endocardial boundary

The myocardial area between the epicardial boundary and endocardial boundary in
the end-systole image, Aes”, and myocardial area between the epicardial boundary
and endocardial boundary in the end-diastole image, A@d", is used to compute the

C =4,, -4

esn edn

contractility of a segment,

[QAZI2005] used an automated technique to identify abnormality in hearts.
Automatically detected endocardium and epicardium of the LV is used to extract
global and local features. A Sparse Linear Fisher Discriminant algorithm with
feature selection is used for classification. The local features used for classification
were features based on motion, ejection fraction, and area of the heart cavity. In
[QAZI2007], a Bayesian network was used to classify the heart based on the local
and global features. In [MANS2009], a cardiac motion evaluation using ICA basis
neural network is proposed for disease diagnosis. The cardiac motion is estimated by
active contours, followed by feature extraction from motion patterns. The features
extracted include the energy, standard deviation, mean, zero crossing etc. A neural

network was used to classify normal and abnormal myocardial function.
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stress

Publication Enhancement Edge Cardiac Feature
method detection parameters selection
method extracted techniques
and
classification
Heart function analysis
Traditional None Manual LVEF, Manual
[LANG2005] edges LV mass measurements
(“‘eye-ball”’
method)
[CHIA2008] None Level sets | LVEF Manual
Wall motion analysis
[QAZI2005] None Shape LVEF, wall Sparse Linear
Subspace motion , cavity | Fisher
model area discriminants
based
approach
[QAZI2007] None Shape Volume, Bayesian
Subspace velocity and networks
model strain feature
based
approach
[MANS2009] | None Snakes Statistical Independent
parameters from | Component
the motion Analysis with
patterns such as | neural
mean, energy, networks
standard
deviation etc
[SING2002] Morphological Snakes Variance in None
opening and contractility
closing before and after

Table 3.1 Overview of automated / semi-automated analysis of Echocardiography
for heart function and wall motion abnormality
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Publication Enhancement Edge Cardiac Feature selection
method detection parameters techniques and
method extracted classification
Segmental wall analysis
Traditional None Manual Systolic wall | Manual
[LANG2005] edges thickening measurements
and wall (“‘eye-ball”’
motion method)
[KACH2006] None None parametric None
analysis of
time signal-
intensity
curves
associated to
each pixel
[NAGY2000] | Morphological Snakes Contractility | Manual
opening and measure
closing
[NOBLE2002] | None Shape- Endocardial Logical
Space wall classification
model excursion and
based fractional wall
approach thickening
[OGA2006] None Manual wall thickness | Logical / linear
contours and percent classification
with image | systolic wall
template thickening
matching
[NOBLE2008] | None phase- Segmental Hidden Markov
based semi- | cavity area Model
auto
boundary
detection

Table 3.2 Overview of automated / semi-automated analysis of Echocardiography for
segmental wall motion abnormality
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[KACH2006] proposed an automatic regional wall motion scoring method based on
parametric analysis of main motion (which is applied on time signal-intensity curves
associated to each pixel [DOMIN2003], and computes wall motion amplitude and
transition times index between the high and the low grey scale levels) with new
constraints based on time of the mitral valve opening. [NAGY 1999] performed pre-
processing by morphological operators such as opening and closing, followed by
contour detection using active contours and compute a contractility measure by
combining the differences between the maximum and minimum amplitudes, the
average and the dispersion [NAGY2000]. In [NOBLE2002], a dynamic snakes
approach is used for tracking the endocardium and used an assimilated wavelet —
based feature (AWF) detection for the endocardium. AWF performs a wavelet
decomposition of the intensity profiles; an entropy approximation is used as a cost
function to each basis within the decomposition and is reconstructed. For each of the
wall segments, endocardial wall excursion and regional wall thickening is computed.

Endocardial wall excursion is given by

(Max Endocardial excursion - Min Endocardial excursion)

Endocardial Wall excursion = - -
largest excursion of all six segments

(3.10)
The Myocardial wall thickening is defined by fractional thickening, Th%,
Th,s —Th
Th% = —2——22 %100
Thp 3.11)

where Thgg is the wall thickness at end systole and 7hgp is the wall thickness at end

diastole. 7h% is positive for normal myocardium [NOBLE2002].

In [OGA2006], the endocardial and epicardial boundaries are extracted semi-
automatically and few tracking points are selected to be tracked by applying template
matching to consecutive frames. The authors used ventricular wall thickness and
percent systolic wall thickening as the features for determining the health of the wall
segment. The percentage systolic wall thickening is calculated by the previous

equation.
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In [NOBLE2008], the LV cavity area within the endocardial boundary for each
segment was considered for classifying the heart as normal or abnormal. The cavity

area (CA) is normalized

CA,, — CA(i)

CA®i) =
Cdpp (3.12)

where CAgp = Cavity Area at End of Diastolic.

The parameters extracted from the echocardiography can be used for identifying the
abnormality of the heart. These parameters can be classified along with feature

selection techniques.

3.7 Feature Extraction Techniques

The features extracted are normalised as the classifiers perform better when the
features lie in a relatively small range. The dimensionality is reduced to identify few
features that are characteristic and informative for the classification process. The
complexity, time and memory to run the classification algorithm are also reduced.
The review of the two feature extraction techniques used in this research, Principal
Component Analysis (PCA) and Independent component analysis are discussed in

this section.
3.7.1 Principal component Analysis (PCA)

Principal Component Analysis (PCA) is a statistical technique that is widely used for
pattern identification in datasets with its applications in fields such as face
recognition (Eigen faces) [TP11991, TP21991] and image compression
[SMITH2002]. Recently, the PCA techniques have been used widely in
Electrocardiogram (ECG) analysis [ZHANS2005] and phonocardiogram
[GUPTA2005] to extract the principal characteristics of the signal. It is used in ASM
[COOT1994,CO0T1998], AAMM [BOSCH2006] or in a combination of ACM and
ASM [HAMA2000] to detect the contours of the structures in medical images, to
learn the heart motion dynamics [MALA1999], and for lungs outline reconstruction

[SIEP2003].
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PCA identifies patterns in data and express the data in such a way as to highlight the
similarities and differences in the data. PCA has an advantage of reducing the

dimension of data with insignificant loss of information.
3.7.2 Independent Component Analysis (ICA)

Independent component analysis (ICA), an extension of PCA statistical technique,
was originally developed for separating mixed signals in cocktail party problems or
blind source separation [HO2000]. It has been used for feature extraction in face
recognition [BART2002] and image analysis. In ICA, the observed data is expressed
as a linear combination of components that are statistically mutually independent.
Recently, ICA has been applied to the processing of different biomedical signals,
such as ECG signals [CHOU2008], Electroencephalography (EEG) and
Magnetoencephalography (MEG) recordings analysis [POTTER2001]. ICA is used
for image segmentation [KL2004], statistical shape analysis [LOT2004], extraction
of local myocardial contraction patterns from multislice short-axis MRI [SUIN2009]
and echocardiography [MANS2009].

Some of the common ICA algorithms used to estimate the independent source
signals are Fast ICA method [HKO2001] (by maximizing non-Gaussianity), the
infomax principle [BS1995] (maximizing entropy) and JADE algorithm
[CARD1999] (by using fourth-order cumulant matrix).

3.8 Delaunay triangulation

Delaunay triangulation technique is used in this research to select triangular regions
for region based enhancement. Delaunay triangulation, introduced by Boris Delaunay
in 1934, is a triangular meshing technique which is used to divide the region of
interest into smaller regions using the edges obtained in the previous step. This
triangulation technique divides a surface into regions with common characteristics
that are particularly well-suited for image processing applications [9]. Delaunay has
been used to represent shapes in images [TG1999], for image segmentation
[LS2006], and used to form a high resolution image from low resolution frames

[LB2002]. [LS2006] proposed a segmentation method where the image is divided
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into triangular regions called trixels. Neighbouring trixels are fused together (based

on simple heuristic criteria) to form polygons that segment the image.

Delaunay triangulation was used in document image processing for text region
extraction [ XY2003] and location of the title and author regions [XY2004]. This was
performed by locating the connected components in a document image with their
centroids, followed by performing Delaunay triangulation. The triangles are then
classified based on connectivity, side size and the orientation. Rules are given to

identify the text, tile or author regions based on the distinguishing triangular features.

The handwritten character recognition by extracting the Delaunay triangle descriptor

features was proposed by [ZHENG2006].

(a) Delaunay triangle (b) Not Delaunay triangle

Fig. 3.4 Shows triangulation of the 4 points satisfying Delaunayin (a) and a
triangulation which does not satisfy the Delaunay condition in (b)

In Medical image processing, Delaunay triangulation is used by [SK2006] to develop
a vector-based segmentation algorithm. The image is divided into non-overlapping
regions with similar characteristics. The improvement in the segmentation is
obtained by adapting the triangulation to the image structure by performing edge
splitting, triangles splitting and edge suppression. Later, they proposed a 3D
Delaunay triangulation based vector segmentation [SK2007]. DT is also used for 3D
surface reconstruction of thrombosis using the 2D segmented contours [DHUB2005],
generating a volumetric mesh to reconstruct tubular anatomical structures

[NAZA1994], left ventricle [ZHUANG2005] and different parts of the body for
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finite element analysis [LIAO2005]. A DT based image compression technique for
Mammographic images was proposed by [SIL2005].

For a set of V vertices (or points or edges) in a 2 D plane, a triangulation of these
vertices produce a set of T triangles , whose interiors do not intersect each other, and
whose union is the convex hull of V, if every triangle intersects only at the triangle’s
vertices [SHEW1999]. Delaunay triangulation is performed in such a way that there
is no point in the circumcircle of the triangles (that is, no point is within the circle
passing through three vertices of triangle) in the network (as shown in the Fig. 3.4
(a)). Delaunay triangulation is advantageous over other meshing based techniques as
it maximizes the minimum vertex angles of the triangles in the network, so that the
triangles formed tend towards equiangular triangles, avoiding sharp and stretched

triangles.

3.9 Conclusion

This chapter discussed the various image processing techniques used in the field of
echocardiography to solve this problem of image enhancement, segmentation and to
developing a semi or fully automatic algorithm for wall motion abnormality

identification.

When considering the Echo image enhancement, both speckle noise reduction and
blood tissue contrast enhancement are essential in processing the echocardiography
images. Hence, this research proposes a region based algorithm for blood-tissue
contrast enhancement algorithm which incorporates speckle noise reduction and

contrast enhancement.

The review of the existing segmentation technique showed that the radial search
based approach has advantages such as reducing the boundary detection problem
from 2 dimensions to 1 dimension, reducing the computation complexity and
processing time. Among the radial search based approaches, Fuzzy logic based multi
resolution edge detection technique FMED is chosen and modified to be used in this

research.
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As the LV wall motion provides significant information on the heart function, the
identification of the heart abnormality based on motion information is considered in
this project. The global cardiac parameters such as LVEF, cavity area are also used
in the decision making of the heart function. A segmental wall analysis is also
performed to identify the abnormal segments based on their parameters such as

maximum wall excursion, cavity area and fractional myocardial wall thickening.
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CHAPTER 4

ECHOCARDIOGRAPHY IMAGE
ENHANCEMENT TECHNIQUES

4.1 Introduction

One of the objectives of the research is to improve the contrast between the LV wall
region and the blood cavity region in the echo images. Echo in general produces
images with low quality. The quality of the echo images is both patient dependent
(obesity and presence of air between heart and chest wall produces low quality
images) and operator dependent (narrow rib spaces resulting in small acoustic
windows affects the ability to obtain good quality images). Despite developments in
the ultrasonic imaging techniques, the captured images may still contain various
imaging artefacts, such as, large amount of noise, missing structures (those parallel to
the ultrasound beam), false echoes, shadowing, and restricted echo windows

[KAD2001].

Also, in the process of ultrasound imaging, a random granular pattern is formed due
to the constructive and destructive interference of backscattering. This speckle noise
is a characteristic of coherent images such as ultrasound images, and depends on the
frequency and geometry of the ultrasound transducer [ZYKK2007] used in data
acquisition. However, the manual interpretation of the ultrasound image by an expert
becomes difficult and time consuming due to the presence of image artefacts
including the presence of speckle noise as it reduces the image contrast and blurs the

image details. As the segmentation of the heart wall in the echo image is strongly
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influenced by the quality of the image and the presence of speckle noise, there is
significant inter-observer and intra-observer variability in the diagnosis of heart
conditions. This results in the need for research in the field of echocardiography

image enhancement techniques.

This chapter presents a novel image enhancement algorithm to reduce the noise and
enhance the contrast between the tissue and the blood region in the SA view echo
images. An overview of the image enhancement approach is presented in the section
4.2. The overall block diagram of the algorithm is also provided here. Section 4.3
discusses the speckle noise reduction technique used as a pre-processing stage and its
benefits. Section 4.4 describes the two stages involved in the edge detection
technique to identify the heart wall boundary. It also introduces the local information
on the features of the centre point in the left ventricle based on the gray levels and
position. The presence of small features that are crucial to locate the wall edges are
also mentioned in this section. It tries to imitate the human expert ability to locate the
centre point and the heart wall boundary. The local and global knowledge on the
tissue and blood regions in the echo images is introduced in the section 4.5. The
region based processing for the tissue and the blood region for contrast enhancement
is explained in this section. Finally, the results obtained by applying this technique
to both synthetic and real echo images of average quality that were obtained from a
local hospital is presented in the section 4.6. The performance of the image

enhancement approach is also analysed in this section.

4.2 Echo Enhancement Algorithm

A high level overview of the proposed enhancement algorithm is presented in Fig.
4.1. The main steps include wavelet based speckle noise reduction, edge detection,
followed by a regional enhancement process that employs Delaunay triangulation
based thresholding. From an engineering point of view, speckle is regarded as a
main source of noise in ultrasonic images. In this application of finding the inner and
outer wall boundaries of the heart in the echocardiography ultrasound images, the
speckle noise prevents favourable results from being obtained. The speckle noise

reduction acts as a pre-processing stage to get a cleaner ultrasound image, which is
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Echo image data

1L

Wavelet based denoising
(to reduce Speckle)

gt

Edge detection

1. Fuzzy LV center point detection

2. Fuzzy multiresolution edge detection

Il

Delaunay triangulation based
enhancement

1. Processing tissue or wall region

2 Processing LV cavity or blood region

L

Enhanced echo image

Fig. 4.1 Enhancement Algorithm Overview

more suitable for heart wall boundary detection. Undecimated wavelets based

approach is used here to reduce speckle noise in the ultrasound images.

In this work, prior knowledge of the images is taken into account for enhancing the
echo images. In case of the SA view echo images, the left ventricle cavity or the
blood region is surrounded by the heart wall or the tissue region. The wall region is a
bright region with higher pixel values and the blood region is a dark region with
lower pixel values. To distinguish the tissue region from the blood region in the echo
image, the wall boundaries have to be detected. The automated LV boundary

extraction is the next stage, which is performed in two stages the LV centre point
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detection to locate the centre in the cavity area, followed by a radial search based LV

boundary detection to identify the inner and outer wall of the LV.

After detecting the endocardial and epicardial edges, a triangular meshing technique
called Delaunay triangulation [SHEW1999] is used to divide the tissue region and
blood region into smaller regions using these edges. This triangulation technique
divides a surface into regions with common characteristics that are particularly well-
suited for image processing applications. The tissue region and the blood region are
processed separately to obtain the enhancement result. The basics of the Delaunay
triangulation is given in the section 4.5 along with the thresholding applied for the

enhancement of the contrast between the tissue and the blood regions.

4.3 Speckle noise reduction

Speckle noise caused by backscattering, is a random, interference pattern present in
coherent images such as the ultrasound images. As the observed speckle pattern
affects the edge detection in the radial search, reducing the speckle noise would act
as a preprocessing stage. Undecimated wavelets are known to smooth signal
independent noise [GS2005, AT2003]. Undecimated wavelets based approach is
applied in Synthetic Aperture Radar (SAR) images to reduce speckle noise by
preserving edges and textural information [GS2005]. Consequently, this approach
could be applied to reduce speckle noise present in echo images. The flow diagram
for speckle noise reduction is given in Fig. 4.2. In this algorithm, undecimated
wavelet decomposition of the image into approximation and details is performed.
The low pass filtering in the horizontal direction and the vertical direction results in
the approximation (also known as the coarse sub-band as it is comparable (most like)
to the original image). The vertical, horizontal and diagonal details of the image are
obtained for each level of decomposition. The low pass filtering of the image in the
vertical direction and high pass filtering of the same in the horizontal direction
results in vertical details. The horizontal details are obtained as a result of low pass

filtering in the horizontal direction and high pass filtering in the vertical direction.
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[ Echo image ]

[ Undecimated wavelet decomposition ]
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Fig. 4.2 (a) Flow diagram for speckle noise reduction, (b) sample Echo image and
(c) speckle noise reduced image and (d) vertical line profile (column 200) before
and after speckle noise reduction
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The high pass filtering in the horizontal and vertical direction results in the diagonal
details.  The approximation sub-band is used to obtain the next level of
decomposition, resulting in approximations and details. Here, the image is
decomposed up to 4 levels. An average filter of size [3X3], is applied to the
approximation and a mean based smoothing is applied to all the details, which is

defined mathematically for an image I(x, y) as

Hy) = {I(x, ) if [1(xp) < N}
’ N if [I(x,y) >N

i 110x, ) )
where N is the trimmed mean value of row of the pixel /(x, y) and x, y are the pixel
coordinates. Trimmed mean is used as it is a robust estimate of the center of the body
of the data than the mean, if there are outliers in the data. In MATLAB, the trimmed
mean of a data X with n values, is the mean calculated by excluding the highest and
lowest k data values, where k=n*(p/100)/2 and where p is the percentage to be
trimmed. Here 25 % of the outliers are trimmed from the data. However, if the data is
all from the same probability distribution, then the trimmed mean is less efficient than

the sample mean as an estimator of the location of the data.

The above representation can be explained as follows. Firstly the trimmed mean value
(N) of each row is computed. If the absolute value of a coefficient in the row exceeds
the trimmed mean value, then it is replaced by the trimmed mean. This operation is
used to smooth the sudden changes of coefficient values. The same operation is applied
to all rows of the detail sub-bands. Then the image is reconstructed using all the
modified sub bands to get the noise reduced image. Fig. 4.2(b) shows the original echo
image and Fig. 4.2(c) shows the processed image after speckle noise reduction. The
intensity profile of a vertical line (column 200) in the image before and after speckle
noise reduction is shown in Fig. 4.2(d). It can be noted that the line profile after
processing preserves the peak positions and the overall structure, but smoothes out
small noisy structures. The speckle noise reduction stage is advantageous to identify

the heart wall edge detection.
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4.4 Edge detection

The edge detection performed to identify the heart wall edges in an Echo image is a
centre-based approach, where the edges are searched along the radial lines starting
from the LV centre. The inner (endocardial) and outer (epicardial) boundary
detection is carried out by a fuzzy logic based multi-scale algorithm. This fuzzy
multiscale edge detection technique comprises of two main stages, the automatic LV
centre point detection for all the echo frames and LV boundary detection on radial
lines. The details of the existing algorithm and the modifications performed are

described in the following subsections.

4.4.1 Left Ventricle Centre Point (LVCP) detection

The automatic LVCP detection is an essential step as the centre point is critical in all
radial search based approaches to detect heart wall boundary. This section describes
the existing fuzzy LVCP developed by [SS1998]. LVCP detection is performed by
using the prior knowledge of the SA view echo images to set fuzzy rules. They are
represented by fuzzy membership functions, which are combined by using fuzzy
logic operators to identify candidate LVCP pixels. In other words, fuzzy membership
functions are used to represent the structural, intensity and spatial information as

discussed below.
4.4.1.1 Structural information

In an SA view echo image, two significantly bright regions representing the
myocardium — pericardium interface in the posterior wall region and the epicardial
boundary in the anterior wall are present. The vertical centre line (close to the LVCP)
is recognized by the lowest point in the posterior wall. The posterior wall step edge is
obtained along the vertical columns of the image using the fuzzy multiscale edge
detection, and a fuzzy subset for the Fuzzy Vertical Line (FVL) is formed with 7
pixels width for a decimated image of (25 x 25). The membership functions for FVL
is given by [SET1998]
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FVL={(i, j), tty, Gy )} i, j=1...25

where,
|i—xC )

b )= fuy=11" g - i3 (42)
0 , 3<|i-x,

j=1...25

The highest membership value of unity is given to the vertical centre point,
progressively decreasing the membership values as distance increases from the
centre. The lowest membership value of 0 is given to the pixels other than the 7 pixel

width for the FVL.

The high contrast region in the anterior wall is very close to the vertical centre line.
So, an average of its neighbouring columns (3 columns on either side) in the reduced
resolution image of (50 x 50) is performed and the fuzzy multiscale edge detection
technique is used to identify the anterior wall edge. The horizontal centre line along
V. 1s determined by taking the mid way between the anterior wall edge y; and the
posterior wall edge y, along the vertical centre line y.=(y;+y,)/2 as seen in Fig. 4.3.
Then, a fuzzy subset for the Fuzzy Horizontal Line (FHL) is formed with 9 pixels
width for a decimated image of (25 x 25). The membership functions for FHL is
given by [SET1998]

FHL =G, j), tt,y, Gy )} 0, j=1...25

where,
1 R VENAES
. . J=Y. . (4.3)
Hon @ 1) = S () = 1'25_|T’ I<|j-y|<4
0 > 4S|J_yc
i=1...25

The highest membership value of unity is given to the horizontal centre point and its
immediate neighbours, progressively decreasing the membership values (for the 9
pixel width) on either side as distance increases from the centre. The membership
value of 0 is given to the other pixel locations. To reduce the computation time

significantly and obtain a satisfactory result, the posterior and anterior wall in the
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image to estimate the horizontal and the vertical centre line in the image reduced to a

resolution of (50 x 50).

y2+ i

u(.j) =
HCL

HCL

Fig. 4.3 Schematic diagram of a SA view showing the LVCP position and its
relation to the VCL and HCL (indirectly to posterior wall and anterior wall)

4.4.1.2 Intensity information

LVCP is a dark pixel in the LV cavity or the blood region. The scale of darkness of
the image pixels are represented by a fuzzy subset Fuzzy Darkness (FD). The

membership functions for FD is given by

FD =G, j), ptp (i, )}, i, j=1...25

where, (4.4)
1 , 1, <10
1,-10
/uD(lL])sz(Il/): 1- 20 5 10<IUS30
0 , 1,230

A statistical study on good echo images stated that the pixels in the LV cavity is
below 30 (on a scale of 0 to127) [SS1997].
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4.4.1.3 Spatial information

LVCP is located in the centre part of the image plane. In the reduced resolution
image of size (25x25), the potential region for LVCP is defined by a circular region
(radius = 11) in the image plane. The scale of closeness of the image pixels to the
centre of the image place is represented by a fuzzy subset Fuzzy Centre Proximity

(FCP).
FCP:{(iaj)sluCP(i’j)}’ bj=1...25 (4-5)

Highest membership value of unity is given to a circular region (radius = 5) covering
the potential region with the origin (xc= 13; yc= 13). Progressively decreasing
membership values are used as the pixel distance increases from the centre. Fig.
4.7(b) shows the fuzzy membership function for centre part of the image (FCP). The
original image size of (400 x 400) is reduced to (25 x 25) for determining the fuzzy

dark image pixel and fuzzy centre proximity.
4.4.1.4 Candidate Centre point selection

The pixel that has higher membership value in all fuzzy subsets will have the
properties defined for the LVCP. The intersection of the four input membership
functions is performed by the fuzzy min operator, to select the minimum of the

membership values for each element. It is given by

FI =FVLNFHLNFDNFCP
My (05 )) = min(auFVL (6 J)s by, O ) p (s J)s M (0 J)): i,j=1...25
(4.6)

Possible candidates for LVCP can be obtained by performing fuzzy & -cut operator,
which is a soft — thresholding method to choose the elements with values greater than
the threshold < &’ (approximately). To preserve the relative importance of the pixels,
the pixels corresponding to LVCP have membership values between 50% and 90%
of the maximum value. The old membership values are translated into new
membership values by using a continuous non-decreasing mapping function fa. The

membership values of the fuzzy & -cut of the fuzzy set FI is given by
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luFIaZfa(:uFl(isj))s 13]2125 (4-7)
where F1, is the “soft thresholded” fuzzy set.

4.4.1.5 Template matching

After obtaining the most probable candidates for the LVCP, a template matching is
performed for these candidate pixels to obtain the most likely LVCP. A template is
an ideal representation of the pattern to be identified within an image [SHB1993].
Template matching is used here to search for specific patterns (circular dark
neighbourhood pattern) within the LV cavity. This is performed by moving the
template over every position of the candidate pixel in the image and calculating the
degree of similarity. A generalised convolution of the image and the template is

computed by [WGL1992]

IT

() =11 > forall(i, ) & Ry *9

where A is the input echo image; T ;) is the template with its centre positioned at

pixel (i,j); Rt is the region of the template and < . > represents the inner product.
Then, the mean of the pixels within the template region, is obtained for all candidate

pixels to obtain a fuzzy subset . The small mean values correspond to LVCP

pixels, which are then combined with /7, to obtain the LVCP.
Fryep =1, NI (4.9)

4.4.2 Improved fuzzy LVCP detection:

The anterior wall extraction criteria, fuzzy rule for intensity information and the
selected template were modified in the fuzzy LVCP detection algorithm, in order to
obtain better results. The specific details of the modification together with simulation

results are discussed below.
4.4.2.1 Anterior wall extraction criteria

To determine the fuzzy subset for the Fuzzy Horizontal Line (FHL), the anterior wall
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and the posterior wall edges is required. The high contrast region in the anterior wall
is very close to the vertical centre line. So, an average of its neighbouring columns (3
columns on either side) in the reduced resolution image of (50 x 50) is performed and
the fuzzy multiscale edge detection technique is used to identify the anterior wall
edge. In some cases, there is a high contrast region above the anterior wall which has
a greater value than the anterior wall region as seen in Fig. 4.4 (a). This causes
incorrect detection of anterior wall location. If there is a single peak in the top half of
the line, it is chosen to be the anterior wall point. In case of two peaks identified in
the top half of the line greater than a peak threshold, then the second peak is chosen
as the anterior wall. Once the anterior wall is extracted, the horizontal centre line
along y. is determined and a fuzzy subset for the Fuzzy Horizontal Line (FHL) is
formed using the equation 4.3. Fig. 4.4 (a) shows the extracted anterior epicardial
boundary and the lowest point of the posterior epicardial boundary in a reduced
resolution image. Fig. 4.4(b) and Fig. 4.4(c) represent the fuzzy vertical and

horizontal membership functions.

Anterior Wall Extraction Fuzzy Vertical Line

Fuzzy Horizontal Line

5 10 15 20 25 5 10 15 20 25

(a) (b) (c)
Fig. 4.4 (a) extracted anterior and posterior epicardial boundary and the
corresponding fuzzy vertical and horizontal membership functions are shown in (b)

and (c).
4.4.2.2 Intensity information

LVCP is a dark pixel in the LV cavity or the blood region. The scale of darkness of
the image pixels are represented by a fuzzy subset Fuzzy Darkness (FD). The

membership functions for FD is given by
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FD = {(h])a/uD(laJ)}a l,] = 125

where,
1 , I;<a
I —a (4.10)
/uD(iaj):fD([g/): 1- bj—a > a<[ij <b
0 , 1.2b

where, a =mean(l); b =mean(l)+ std(I)

(b)

5 5
10 10
15 15
20 2014
25 25

5 10 15 20 25 5 10 15 20 25 5 10 15 20 25
(a) Original low contrast image, (b) FDARK membership function obtained

by setting the standard values of a=10 and b=30, (¢) FDARK

membership function obtained by determining the automatically (a=32;

b=45).
(e) (f)
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Fig. 4.5 (d) Original good quality image, (¢) FDARK membership function
obtained by setting the standard values of a=10 and b=30, (f) FDARK
membership function obtained by determining the automatically(a=21; b=43).

In [SS1997, SS1998], the values of a=10 and b=30 was chosen. In case of average
quality and poor quality echo images with very low contrast between the LV cavity
and the tissue, this scaling resulted in fuzzy subset with membership values, which
did not well represent the LV cavity region. This fuzzy set formation was then

automated by selecting the threshold value based on the statistics of the image such
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as mean and standard deviation as shown in equation 4.4. Fig. 4.5 shows the good
quality and poor quality images and the fuzzy membership function for dark pixels of
the image by using the fixed thresholds and automatically determined thresholds. It
can be seen in Fig. 4.5(b) that entire LV cavity is not represented in the FDARK
membership function, when the fixed thresholds are used. When the automatically
determined thresholds are used as shown in Fig. 4.5(c), the LV cavity is represented
well in the fuzzy subset. The automatic thresholds work well for good quality images
as shown in Fig. 4.5(d) to obtain fuzzy subset with well represented LV cavity as
shown in Fig. 4.5(f).

4.4.2.3 Template selection

Template matching is performed to search for specific patterns (dark neighbourhood
pattern) within the LV cavity. The data driven template shown in Fig. 4.6(c) is
chosen for SA views, both in mid cavity level with papillary muscles as seen in Fig.
4.6(a) and basal level as seen in Fig. 4.6(b). The template matching is performed as

explained in subsection 4.4.1.5.

The various stages involved in the fuzzy logic based LVCP detection algorithm is
shown in the Fig. 4.7. The input image is shown in Fig. 4.7(a). Fig. 4.7(b) shows the
fuzzy membership function for centre part of the image (FCP). The fuzzy subset for

the intensity information determined by the equation 4.10 is shown in Fig. 4.7(c).

1 2 3 4 5 6 7 8 9 10 1

(a) (b) (c)
Fig. 4.6 (a) SA mid cavity level with papillary muscles in the LV cavity area, (b)

SA basal level with mitral valve in the LV cavity area, (¢) Data driven template to
describe the LV cavity area
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the extracted anterior and posterior wall are shown in Fig. 4.7(d). Fig. 4.7(e) and Fig.
4.7(f) represent the fuzzy vertical and horizontal membership functions, respectively.
Fig. 4.7(g) shows the candidate LVCP pixels obtained by the fuzzy « -cut of the
intersection of the four fuzzy subsets. The extracted centre point and an estimated
epicardial boundary in the original image are shown in Fig. 4.7(i). Once the centre
point is detected, the boundary detection is performed as explained in the following

sections.

(a) Input Image (b) Fuzzy Centre of Image Plane (c) Fuzzy Dark Image

5
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(d) Extracted Anterior and Posterior wall (e) Fuzzy Vertical Line (f) Fuzzy Horizontal Line
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(9) Fuzzy Alpha-Cut of the Intersection (h) Template Mapping (i) First Estimate of Epi. B.
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Fig. 4.7 Stages in the left ventricle centre point detection
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4.4.3 Left ventricle boundary detection

This section describes the existing fuzzy multiscale edge detection (FMED)
algorithm developed by [SS1998] to search the LV boundary edges along the radial
lines starting from the LVCP. The radial search based approach is used here as the
LV wall has a radial oriented motion in the echo movie. In an Echo frame, 60 radial
lines are processed for the extracting the endocardium and epicardium edges. In any
frame j, the radial lines through the anterior wall are combined to determine the
epicardial, endocardial edges and their difference to get the LV wall thickness, 7}
which is used for defining the region of interest (ROI) in the radial lines for edge
detection. The advantage of applying the ROI is to reduce the number of expected
step edges and for computational efficiency. The ROI for the epicardial boundary is

defined as a circular model using a radius, R?p (estimated rough epicardial edge for
the frame j). The ROI includes a region on either side of the estimated edge by

scaling it with lower and higher scaling factors S; and Sy. The upper limit (R?pH)

and lower limits (R?p]‘) for the region is defined by the circular regions of radii

RP" = RP x Sy : R7P" = max {(R” x S;),(R{” — T;)} (4.11)

The wavelet transform is performed on the 1D signal along the radial line. The signal
is decomposed upto 6 levels into approximations and details. The details are used for
extracting the step edges which correspond to the endocardium wall edge. The details
in the different scales Sj(n), are normalised. In the each scale of the wavelet
transform, the local maximum represents the positive transition in the signal. This
edge information at different scales is combined to get a robust edge result by
defining fuzzy sets. Fuzzy membership functions are used to represent the scales, by
assigning a membership value of unity to all the local maximum points. The

multiscale edge fuzzy subset is defined by A;.

A= {(n,uAj(n)),n =12, N} =12 .,] (4.12)
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1 if Sj(n) is a local maximum

h _ =
where Ha () {|Sj(n)| else

The different scales fuzzy subsets are combined by applying the fuzzy operator for
intersection to extract the edge. The coarse scale is excluded for better localization.

This edge property is referred as the edge fuzzy set Ag given by
AE = Al N A2 n "'A]—l (413)

The maximum in the edge fuzzy set corresponds to the actual endocardium edge in

the echo image.

The median filtering of filter size [5x1] is performed on the extracted endocardial
edges to reduce the effect of the papillary muscle which is a protruding tissue in the
wall which connects to the heart valves to keep it in place. The extracted boundaries
are refined by applying cubic B-spline approximation to get continuous and smooth
boundary for epicardium and endocardium. In Echo movies, the quality of the frames
is not necessarily consistent. Some frames have the shadowing effect resulting in
missing structures or low contrast regions, while the others do not have that effect. In
manual interpretation, the experts consider the temporal information (information on
the adjacent frames) for analysing the heart wall motion. While processing of the
edges in a frame, the edge information of the previous and the next frame is also
considered. The processing is performed by combining the previous and the next
frame with less weight compared to the present frame. The statistical information of
the radial line is used choose the level of importance given to adjacent frames. This
would help in edge detection in the radial lines which intersect with the regions of

missing information.

4.4.4 Improved LV boundary detection:

The region of interest in the radial line to search the boundary edge and the criteria
for selecting the edge point in the edge fuzzy subset were modified in the FMED
algorithm, in order to obtain better results. The specific details of the modification

together with simulation results are discussed below.
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4.4.4.1 Region of interest (ROI) in the radial line

The advantage of applying the ROI is to reduce the number of expected step edges in
the radial line. The FMED algorithm works well, if the LVCP estimation process has
a maximum of 10% error. The problem arises when the separation between the
calculated and actual LVCP is greater than 10% error (that is, 10% of the LV
diameter). Here, the algorithm is modified in such a way that, for the first radial line,
using the estimated epicardial edge, a ROI (including either side of the estimated
edge) is defined for epicardial boundary. For the radial lines other than the first one,
the algorithm is modified to consider the average of the estimated edge prand the

epi

i—1,; to describe the upper and lower

detected edge of the previous radial line, ED

limit for the ROI as given below.

(R + ED{P} )
Rie,?H | > -1 X Sy

(RP+EDEP! ) (RP+EDEP! )
Rfj?L =max{<—’ — x5 |, | L—& — T ]} (4.14)

The lower and higher scaling factors are S; = 0.7 and Sy = 1.3, so that it includes a
region on either side of the estimated edge. This includes approximately 15 pixels on
either side of the edge. Similar ROI is modelled for the endocardial edges. For the

radial lines other than the first one, the upper (RE?H ) and lower limit (RE}”“) for the

endocardial boundary is defined as follows

epi
ED{™ + (ED. —T))

i-1,j : .
— x Sy |, (EDT)}

R{M = min {

EDS™A0 4 (EDEPI-T )
Rie,}“=< Sl ><SL> (4.15)

where, EDL.‘f}’i is the calculated epicardial edge for i* radial line.

ED{™ is the calculated endocardial edge for the previous (i-/ )" radial line
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Fig. 4.8(a) shows the image to be processed. Fig. 4.8(b) shows the extracted centre
point and the estimated epicardial boundary, using the centre and the extracted
anterior wall point as explained in section 4.4.2.1. Fig. 4.8(c) shows the 60 radial
lines which are processed for the extracting the endocardium and epicardium edges.
Fig. 4.8(d) shows the ROI modelled for the epicardium (outer wall of the heart) and
Fig.4.8(e) shows the extracted epicardium using FMED. Fig. 4.8(f) shows the
estimated wall thickness, 7. Fig. 4.8(g) show the ROI modelled for the endocarium
(inner wall of the heart). Fig. 4.8(h) shows the endocardial edge obtained using the

edge selection criteria described in the next subsection.

(a) Original image (b) LWCP and estimated Epi (c) Radial data sampling

an
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(d) Epicardium (RCI) (e) Epicardium edges (fi Estimated wall Thickness
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20 a0 oo 180 200 2= a0 1000 1580 200 a0 1000 1580 200
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Fig.4.8 Stages in the left ventricle inner and outer wall boundary detection
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4.4.4.2 Edge selection criteria

In some cases, due to the presence of papillary muscles or mitral valve in the LV
cavity region, more than one strong edge is present in the region of interest. In this
case, the clean maximum in the edge fuzzy set does not necessarily extract the actual
edge. Fig. 4.9 shows the endocardium edge detection process along the radial line in
Fig. 4.9(a). The wavelet transform is performed on the 1D signal along the radial line
shown in Fig. 4.9(b). The signal is decomposed upto 6 levels and the details in the 6
different scales S;j(n), are normalised and shown in Fig. 4.9(c-h). In the image shown
in Fig. 4.9(a), the mitral valve has a stronger edge that the actual endocardial edge.
The clean maximum in the edge fuzzy set as shown in Fig. 4.9(i) detects the valve
denoted by a ‘@’ marker in Fig. 4.9 (a). So the extraction of the edge from the edge
fuzzy set is performed differently when there is more than one peak in the region of
interest. The number of peaks with values greater than the 75% of the maximum in
the edge fuzzy set and the peaks are separated with a minimum distance, w=10, are
extracted. Then, the second peak is selected as the endocardial edge. Fig. 4.9 (j)
shows the extracted endocardial edge in the fuzzy edge subset, which is denoted by a

‘e’ marker in the Fig. 4.9 (a).

The edge detection results for echo image in SA mid cavity view (Fig. 4.10(a)) and
SA basal view (Fig. 4.10(e)) is shown here. 4.10(b) shows that the level sets with
active contours [LI2005] produces correct edges in the region of good quality and
produces incorrect edges in regions of poor quality. It can be seen in Fig. 4.10(c) and
(d), that the edges obtained by FMED and modified FMED for SA mid cavity view
before further spatial/ temporal processing have no significant difference. The
presence of the mitral valve in the LV cavity area affects the edges obtained by the
by level sets with active contours as seen in Fig. 4.10(f) and FMED as seen in Fig.
4.10(g). The modified FMED edges are shown in Fig. 4.10(h). On average, the
processing time for level sets to detect edges in one frame in MATLAB is 29.11
seconds, while the processing time for modified FMED to detect edges is 1.07
seconds. Modified FMED reduces the edge detection problem from 2 dimensions to
1 dimension, thus reducing the processing time. The edge information obtained is

used in the enhancement stage to determine the blood and tissue region in the image.
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Fig.4.9 (a) Detection of the Endocardium (inner wall) along the radial line, (b) the
signal along the radial line, the wavelet details at different scales are shown from (c)
to (h). (i) the edge obtained by choosing the maximum of the edge fuzzy subset, and
(j) the edge obtained by choosing the second highest peak when the edge fuzzy
subset has more than one peak.
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(c) FMED edge (d) modified FMED edge

(g) FMED edge (h) modified FMED edge

Fig.4.10 Edge detection results for echo image in SA mid cavity view (a) and SA
basal view (e) using level sets with active contours, FMED and modified FMED
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4.5 Delaunay triangulation based enhancement

The tissue or wall region in the echo images is represented as bright regions due to
strong reflection, while the left ventricle cavity or the blood region is a dark region.
Contrast enhancement is achieved by brightening the wall region and darkening the
blood region, by dividing the echo image into smaller regions and performing non-
linear processing in those regions. Dividing the entire image into uniform regions
does not work as different regions have to be processed differently. It is also
computationally expensive and unnecessary. The basics of Delaunay triangulation is
explained in the section 4.5.1. The processing of the wall region and processing of

the tissue region in detailed in section 4.5.2 and section 4.5.3 respectively.
4.5.1 Delaunay triangulation

Delaunay triangulation, introduced by Boris Delaunay in 1934 is used in this work to
divide a surface into triangular regions with common characteristics that are
particularly well-suited for image processing applications. This triangulation is
performed by using the points or edges obtained from the image. For a set of V
vertices (or points or edges) in a 2 D plane, a triangulation of these vertices produce a
set of T triangles , whose interiors do not intersect each other, and whose union is the
convex hull of V, if every triangle intersects only at the triangle’s vertices
[SHEW1999]. Delaunay triangulation is performed in such a way that there is no
point in the circumcircle of the triangles (that is, no point is within the circle passing

through three vertices of triangle) in the network (as shown in the Fig.4. 11(f)). Also

Delaunay triangulation is advantageous over other meshing based techniques as it
maximizes the minimum vertex angles of the triangles in the network, so that the
triangles formed tend towards equiangular triangles, avoiding sharp and stretched
triangles. This triangulation is suitable for interpolation as the pixel values within the
region in the final image is directly related to the triangle region in the network.
Delaunay triangulation is performed in the heart wall region between the
endocardium and the epicardium to divide it into triangular regions and these regions
are processed by applying a thresholding technique. This is followed by processing

the blood region in a similar fashion.
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4.5.2 Processing tissue or wall region

To select the wall region for processing, the endocardial and epicardial boundary
edges along with two other set of points formed, 3 pixels and 6 pixels away from
both the edges are considered as vertices for triangulation. The wall region closer to
the edges is divided into smaller regions by forming two bands with 3 pixels width
from the inner and outer wall and the region in-between them is divided into a
comparatively larger triangles. The triangulation performed in the wall region can be
seen in Fig. 4.11(c). The triangles formed in the blood region are not considered for
processing in this stage. The triangles within the blood region are either larger or thin
and long when compared to the tissue region triangles. The area of the triangle and
the length of the sides of the triangle are used to eliminate the triangles in the blood
region, that is, triangles with area greater than 100 (arbitrary unit) and the triangles
with one of the side length greater than (1.5 x wall thickness T;) are omitted. By
using this elimination criteria, minimum of 95% of the blood region triangles are
eliminated leaving a maximum of 5% of the small triangles close to the edges. These

triangles are also processed as the tissue region.

After performing the triangulation, a thresholding is applied within the shortlisted
triangular regions within the wall region. In the tissue region, a mean based

thresholding is applied, which is defined mathematically for a triangular region

Ii(x,y) as

!

M
I.(x,y)+ if I.(x,y)<M,
I.(x,y)= (X, ) 5 if 1,(x,)
I(x,y) if I,(x,y)>M,

(4.16)

where [ ,.(x, y) is the pixel value and M, is the mean of the pixels within the

triangular tissue region, M’ is the mean of the pixels in the wall region, x and y are
the pixel coordinates. The above representation can be explained as follows. Each
pixel within the triangular region is compared with mean of the pixels within the
region. If the actual pixel value is less than or equal to the mean, then the pixel value
is incremented by 1/5th of the mean, otherwise the pixel is retained. The tissue

region is brightened only in the required areas in the image while the high contrast
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regions are unaffected. This prevents over enhancing the high contrast sections in the

tissue region.

(a) Input Image (b) LVCP and Boundary (c) Tissue processing
50 50 50
100 100 100
150 150 150
200 100 200 200 100 200 200 100 200

(d) Blood cavity processing (e) Enhanced Image (f) Delaunay triangle

-~ 3

50
100

150

200 20 .
100 200 100 200

Fig. 4. 11 Shows the different stages in enhancement step for the synthetic Short Axis
heart image. (a) Original image (b) image with extracted LVCP and wall boundary (c)
Delaunay triangulation for the blood region (using the extracted inner wall and centre),
(d) Delaunay triangulation for only the wall region (using the extracted wall
boundaries) and (e) Processed image for contrast enhancement. A Delaunay triangle is
showed in (f)

4.5.3 Processing LV cavity or blood region

The blood region is selected and divided into triangular regions by considering the
centre of the LV cavity and the endocardial boundary edges along with a set of points
formed towards the centre (with a distance of 5 pixels from the endocardial boundary
edge) as vertices for triangulation (see Fig.4. 11(d), followed by thresholding which

is defined mathematically for a triangular region /;(x,y) as
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L(x,y)=b if I(x,y) <M,
M
I(x,y) = L-(W)-; if M, <I(x,y)<M,+20 (4.17)
L(x,y) if I(x,y) > M, +20

where /, (x, y) and M, are the pixel value and the mean of the pixels within the

triangular blood region, M is the mean of the pixels in the blood region, x and y are
the pixel coordinates. In other words, if the actual pixel value is less than or equal to

the mean, then the pixel value is decremented by b. If the pixel lies between the

mean M, and M, +20, then the pixel value is decremented by half of the mean. If

the pixel is greater than M, +20, the pixel is retained so that the heart wall tissue

structure if encountered while processing the blood region, will not be affected. The
contrast improvement is performed based on the local information, so that the weak
regions (lateral wall region) of the image are enhanced more than the strong regions

(top and bottom wall region). The new modified image is reconstructed as follows:
Lsaiied (:3) = (R(x.7)+ P,(x, y))/2 (4.18)

where P,(x, y) is the image after processing the wall region and P, (x, y) is the image

after processing the blood region in the original image. Averaging the processed
images is performed to reduce the effect of incorrect modifications to the anatomical
structures. For example, if any of the small blood region triangles close to the wall
are not eliminated while processing the tissue region, then the effect of incorrect

processing in those regions is reduced by averaging the two processed blood regions.

4.6 Experimental Results

This section presents experimental results of the system for echo image contrast
enhancement. Echo images can be recorded in different views, each of which is
important to identify critical parameters to evaluate different heart conditions. Here,
short axis (SA) views are considered. The echo movies are captured over a time
period; to cover a complete cardiac cycle consisting of an average of 25 frames. The

number of the radial lines used for edge detection in one frame is empirically selected
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(c) (d)
Fig. 4.12 Enhancement result for synthetic Short Axis images, (a) Synthetic image
1(CR =0.5147), (b) Enhanced image 1 (CR=0.5732), (c) Synthetic image 2(CR ==
0.4166) and (d) Enhanced image 2 (CR=0.4433)

as 60. Synthetic images models and real image data are used for the experiment.
Synthetic images are generated using the method used in [DIAS1996] and consists of
25 frames of 400 x 400 images. The pixel value in the image varies from 0 and 128
which is defined using Rayleigh distribution with different reflectivity factor for the
reflected ultrasound signal due to blood, heart wall and tissue other than heart. A

Rayleigh distribution with reflectivity factor ¢ is given as

R(n) :(%J explZ—%(gj } (4.19)

In the first synthetic image shown in Fig.4. 12(a), reflectivity factors defined in the
left and right ventricular regions representing blood with o;= 20, heart wall region
with o,= 40, tissue outside the heart in the two lateral regions with o;= 80 and the

lung tissue outside the posterior wall region with c4= 120. The relative contrast
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between the regions is 6;/ 6, = 62/ 03 = 0.5 and o2/ 64 = 0.33. For the second
synthetic image shown in Fig. 4.12 (c), the relative contrast between the regions is
01/ 62 =03/ 63=0.33 and 6,/ 64 = 0.25. The resultant enhanced images for the two
synthetic images Fig.4. 12 (a & c) are shown in Fig.4. 12 (b & d), respectively. The
contrast enhancement can be noted visually and an objective measure is given by

contrast resolution.

In [GORD1984], the local contrast between a pixel, p, and average of its eight

neighbours, a, is given by
C=——- (4.20)

Here, the contrast resolution (CR) between the tissue region, St and the blood region,

Sp is measure by

crL5=Sl

(S; +S5) 420

where St is the pixel average in a small section of tissue region and Sg is the pixel
average in a small section of the blood region. The CR in a section of the image is
measured to give a quantitative measure of the image enhancement, as well as the
subjective measure. Table. 4.1 shows the contrast resolution for sample original
images, after applying Average filter, Median filter and Weiner filter in MATLAB,
Frost filter [RAJ2006] and the proposed Delaunay triangulation based Enhancement
algorithm. The contrast resolution in the wall segment with contrast improvement is
provided in the table. From the table, it can be seen that the contrast resolution is
improved for the proposed method when compared to the original image, Average,

Median, Weiner and Frost filter.
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Image | Original | Average | Median | Weiner | Frost | Proposed
1 0.6375 | 0.6371 | 0.6531 | 0.6375 | 0.6371 | 0.7406
2 0.2451 | 0.2475 | 0.2493 | 0.2486 | 0.2472 | 0.4378
3 0.4661 | 0.4818 | 0.4946 | 0.4817 | 0.4780 | 0.6382
4 0.5022 | 0.5126 | 0.5266 | 0.5127 | 0.5102 | 0.7567
5 0.3320 | 0.3256 | 0.3928 | 0.3251 | 0.3270 | 0.4193
6 0.4166 | 0.4169 | 0.4135 | 0.4175 | 0.4179 | 0.4433
7 0.4490 | 0.4438 | 0.4399 | 0.4451 | 0.4451 | 0.5651
8 0.2925 | 0.3036 | 0.3265 | 0.3037 | 0.3010 | 0.5866
9 0.7211 | 0.7220 | 0.7075 | 0.7220 | 0.7218 | 0.9424
10 0.9634 | 0.9640 | 0.9704 | 0.9638 | 0.9639 | 0.9720

Table 4.1: Comparison of Contrast Resolution measures

The results for the real SA view images are shown in Fig. 4.13. It can be seen that the
contrast between the tissue and the blood region is improved and the wall region is
well defined in the enhanced images. Fig. 4.13(a) shows a good quality SA basal
view showing the mitral valve in the LV cavity area (from a Philips machine) and
Fig. 4.13(b) shows the enhanced image. In the enhanced image, it can be seen that
the contrast is improved, preserving the structures of diagnostic importance such as
the heart wall edges and the mitral valves within the blood region. The arrow
markers shows the valve region in the cavity, which is not affected. Also, it can be
noted that the enhancement of the wall region is not overdone. Table 4.2 shows the
contrast resolution measure before and after enhancement, obtained for the 6

segments in the echo image shown in Fig. 4.13.

Fig. 4.14(a) shows a poor quality SA mid cavity view showing the papillary muscle
in the LV cavity area (from a Siemens machine). The shadowing effect that causes
poor contrast in certain regions can be seen in the image. Fig. 4.14(b) shows the
enhanced image which shows the contrast enhancement in the certain regions shown
by arrow markers while regions with good contrast are not affected. Table 4.3 shows
the contrast resolution measure before and after enhancement, obtained for the 6
segments in the echo image shown in Fig. 4.14. It can be seen that the contrast is
enhanced only in the required region (in the segments 7, 8, 11 and 12), while there is

very less contrast improvement in the segments 9 and 10.

Fig. 4.15(a) shows a poor quality SA mid cavity view without papillary muscle in the
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(b)

Fig. 4.13. (a) Good quality SA basal view showing the mitral valve in the LV

cavity area obtained from a Phillips machine, (b) enhanced image

Contrast Seg 1 Seg 2 Seg 3 Seg 4 Seg 5 Seg 6
Resolution
Before 0.5553 0.2296 0.2802 0.5299 0.3108 0.3238
enhancement
After 0.5818 0.3060 0.3053 0.5638 0.3399 0.3898
enhancement

Table 4.2 Contrast Resolution measure in 6 regions for image in Fig 4.13
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" (b)

Fig. 4.14. (a) Poor quality SA mid cavity view showing the papillary muscle in
the LV cavity area from a Siemens machine, (b) enhanced image

Contrast Seg 7 Seg 8 Seg 9 Seg 10 Seg 11 Seg 12
Resolution

Before 0.5038 0.7325 0.9628 0.9070 0.4999 0.4535
enhancement

After 0.6631 0.8347 0.9868 0.9290 0.6985 0.5396
enhancement

Table 4.3 Contrast Resolution measure in 6 regions for image in Fig 4.14
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(b)

Fig. 4.15. (a) Poor quality SA mid cavity view without papillary muscle in the LV
cavity area from a Phillips machine, (b) enhanced image

Contrast Seg 7 Seg 8 Seg 9 Seg 10 Seg 11 Seg 12
Resolution

Before 0.2017 0.1244 0.3829 0.3769 0.2685 0.1692
enhancement

After 0.2232 0.2082 0.4249 0.4051 0.3179 0.2020
enhancement

Table 4.4 Contrast Resolution measure in 6 regions for image in Fig 4.15
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LV cavity area (from a Philips machine). The poor quality of the image was due to
the inappropriate setting in the machine which was used to acquire the image. Fig.
4.15(b) shows the enhanced image, showing enhancement in contrast between the
blood and the wall region. Table 4.4 shows the contrast resolution measure before
and after enhancement, obtained for 6 segments in the echo image shown in Fig.
4.15. This enhancement will also help manual interpretation, for placing markers on
the heart wall to analyse wall motion using the commercially available software
which comes with the Echocardiography recording systems. This algorithm is tested

on the images obtained from both Siemens and Philips echo machines.

As this image enhancement algorithm is automatic, poor enhancement results were
studied in certain cases. The incorrect boundary detection is mainly due to incorrect
LVCP detection caused by the incorrect automatic identification of the posterior wall
for fuzzy vertical rule. In some cases, incorrect boundaries were due to missing LV
wall sections greater than 10% of total LV wall (which is an equivalent to 6
consecutive radial lines used in the LV boundary detection process) in more than 3
consecutive frames or LV wall falling outside the imaging plane as seen in Fig.5.11.
Incorrect boundary detection causes poor segmentation of wall region and blood

region, resulting in erroneous enhancement of regions.

4.7 Conclusion

In this chapter, a novel echocardiography image enhancement algorithm which
combines undecimated wavelet based speckle noise reduction, edge detection,
followed by a regional enhancement process that employs Delaunay triangulation
based thresholding is presented. The algorithm is applied to both synthetic and real
image data sets of short axis view echocardiography sequence. The results are
encouraging and suggest that this region based enhancement improves contrast by
preserving the edges and the anatomical structures, which are of diagnostic
importance. The contrast improvement is performed based on local information so
that weak regions of the image are enhanced more than strong regions. This could be
beneficial to experts when manually defining the edges for diagnosing purposes and

also as a pre-processing stage for the automated analysis of heart function.
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CHAPTER §

AUTOMATED DIAGNOSIS SYSTEM TO
DETECT ABNORMAL WALL MOTION

5.1 Introduction

The objective of this research is to develop an automatic diagnosis algorithm to
identify myocardial ischemia or heart wall damage, as it is one of the leading cardiac
related causes of death worldwide. The damaged heart muscle does not contract as
much as the healthy heart muscle, leading to abnormal contractions in the heart wall.
In this chapter, Eigenhearts, a novel Principal Component Analysis (PCA) technique
based system is proposed to automatically diagnose this abnormality in the
contraction of heart wall. Also, the Radon transform is applied in a novel way to
extract features from the heart wall motion, which is subsequently used to identify

wall motion abnormality.

Studying LV wall motion abnormality in an ischemic heart [KACH2006] using
Echo analysis suffers from significant inter and intra observer variability. The
proposed automated diagnosis algorithm intends to reduce such variability, to
improve accuracy and increase reproducibility of Echo sequence interpretation over
visual interpretation. Also, the automated diagnosis tool aims to help in efficient use
of the medical expert’s time by identifying the abnormality so that they can look into

it in detail.

The remainder of this chapter is organized as follows. An overview of the proposed

algorithm for abnormal heart wall motion detection along with its block diagram is
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presented in the section 5.2. Section 5.3 describes the process of creating the
composite motion image by detecting the heart wall boundaries in all the frames of
the echo movie. Section 5.4 explains the dimensionality reduction stage of the
algorithm, followed by the extraction of feature, called Eigenhearts, in the section
5.5. The classifier used to recognise and classify the extracted features in order to
identify the abnormality in the heart is explained in the section 5.6. The different
distance metrics used is also described in this section. The results obtained for both
synthetic and real echo image database are presented in the section 5.7. Finally,

Section 5.8 presents the concluding remarks.

5.2 Overview of Automated Abnormal Wall Motion Diagnosis
Algorithm

A high level overview of the automated diagnosis algorithm to detect abnormal heart
wall motion is shown in Fig. 5.1. When a patient Echo data is obtained, the image
preprocessing is performed and the LV boundary edges are obtained. These
boundary edges obtained for the entire echo image are used to create a composite
motion image. The automated diagnosis can then be performed. Three different
approaches are considered in the following.

In the first approach, Principal Component Analysis (PCA) is applied to the
composite motion (CM) image to reduce the dataset and extract the features which
are processed by a classifier to identify the abnormality. In the second approach,
PCA is applied to the CM image to reduce the dimension of the dataset, followed by
feature extraction using Independent Component Analysis (ICA). These features are
subsequently used to classify the heart wall abnormality. In the third approach, the
Radon transform is applied to the CM image to extract the symmetry features, which
are used to classify the abnormality. Once the contraction abnormality is detected, a
possible presence of heart wall damage is detected and the risk of heart failure in the
future can be diagnosed. These stages in the algorithm are discussed in detail in the

following sections.
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5.3 Composite motion (CM) image creation

An Echo scan is a movie captured over a time period, to cover a complete cardiac
cycle. The systole of the left ventricle refers the contracted phase of the chamber,
while the diastole refers to the relaxed phase of the chamber. The chamber position at
systolic phase and the diastolic phase is significant in order to obtain information on
the contractility of the heart wall. An echo movie consists of complete cycle including
end-systole to the end-diastole of the LV. The movement of the inner layer of the
heart wall (endocardium) and the outer layer of the heart wall (epicardium) are used
by experts to identify the wall motion abnormality. Hence, the LV wall boundaries are
detected for each frame and the edges obtained for all the frames between the end-
systole and the end diastole are used to create a composite motion image.
Consequently, a set of composite motion images are obtained from different patients
with varied heart wall segment abnormalities, by capturing the end-systole and the

end-diastole frame from ultrasound scan movie, are stored in a database.

The basic block diagram for creating a composite motion image is shown in the Fig.
5.2. Once an echo scan movie is obtained, all the frames are extracted from the movie.
The LV boundary detection, as described in section 4.4, is performed on individual
frames to extract the endocardial (or inner wall) and epicardial (or outer wall)
boundaries. Similarly, all the frames including the last frame are processed. The
extracted endocardial or inner wall and epicardial or outer wall boundaries for all the
frames are put into a composite image to show the movement of the heart wall from
the contracted phase to the relaxed phase. This image is referred as the composite
motion image. An example of a CM is shown in Fig 5.3 (e). The difference image
shows two clear white bands where the inner white band represents the endocardial
movement and the outer white band represents the epicardial movement. The LV
boundary detection described in the section 5.3.1 and the process of the CM image

creation using these edges is described in the section 5.3.2.
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Echo cardiograph scan movie

Composite Motion image

Fig. 5.2 Block diagram to show the stages in creating composite motion image

5.3.1 LV boundary detection

The left ventricular epicardial and endocardial boundary is detected by the Fuzzy
multiscale approach as explained in Chapter 4. It is a center-based approach, where the
edges are searched along the radial lines starting from the LV center. This Fuzzy
multiscale edge detection technique comprises of

e Automatic LV center point detection (as described in section 4.4.1)

e The endocardial and epicardial edge points are extracted along the radial lines
(originating from the LV center) using Fuzzy Multiscale Edge Detection
(FMED) as described in section 4.4.2.

e Spatial/temporal processing of the extracted boundaries

Once the LV boundaries are extracted for all the frames in the echo movie, the CM

image is formed as explained in the next section.
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5.3.2 Composite motion image using LV boundaries

A composite image is created by combining the edges obtained for all the frames.
The base image used is a black image of the size 200 x 200 with all zeros. The
endocardial and epicardial contours obtained for all the frames in the echo movie are
plotted in this image with the pixel value 255 (which corresponds to white). This
composite image allows visualising the LV wall motion in different directions. The
wall motion information in this image is of diagnostic importance, as the movement
of the heart wall in a region relates to the health of that region. The composite image
formed in some cases might have few outliers due to incorrectly detected edges in few
frames of an echo movie, due to missing data in that frame (as shown in Fig. 5.3(a)).
As the proposed algorithm involves recognition of patterns in the composite images,
the presence of such outliers causes errors. To reduce these errors, the image is resized
to 50x50 to produce an image as shown in Fig. 5.3(b) and its thresholded form as in
Fig 5.3(c). The location of the LV is different in different echo movies. To eliminate
the errors caused by this, the thresholded image is suitably cropped with 2 pixels on
either side of the edge information as seen in Fig. 5.3(d). Then the image is resized to
50x50 for consistency through the image database. Fig. 5.3(¢) shows clear bands in a
composite motion image from a patient where the inner white band represents the

endocardial movement and the outer white band represents the epicardial movement.

(d) (e) ®

Fig. 5.3 Process of creating the difference image
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Considering only the inner wall (endocardial) movement, the composite motion image

is obtained as shown in Fig. 5.3(f).

5.4 Principal component analysis (PCA) approach

Principal component analysis (PCA) is a statistical technique that is widely used for
pattern identification in large datasets with its applications in fields such as face
recognition (eigenfaces) [TP11991, TP21991]. In this approach, PCA is applied to
reduce the dimensionality in large datasets. Consider a database formed with a set of
M heart scan images, I';, I, I'5... I'y, consisting of both normal and abnormal

cardiac movements. The average image of the M scan images is calculated by

1 M
Y=—>T
v
(5.1)

A difference vector between each heart image and the average image is obtained as

shown below as:

®, =1, =% (5.2)
Where i=1...M.
The covariance matrix of the image set, C is calculated by
C =ifq>ncb§ = AA"
M55 (5.3)

where

A=[0,0,.®,,]

Eigenvectors (which is a set of M orthonormal vectors, u;) and their associated
eigenvalues, A of the above covariance matrix C are calculated [TP11991]. These
vectors are arranged in order of significance, based on their eigenvalues. Any heart
image can be described and classified using the top m PCA vectors (more significant),
while the less significant ones (which typically represent minor features within the
images or noise) can be ignored to reduce computation. The required number of top

PCA vectors (m < M) is determined heuristically.
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In order to classify a new heart image, I', it is first converted into its eigenheart

components by [TP11991]

W, = MZ(F - \P) (5.4)

where k=1..m

Then, the weight vector Q' = [a)1 , 0y..0,, ] is formed which describes the input of

each eigenheart in representing the new heart image. The weight vector of the new
image and the images in the database are analysed by a classifier to identify the

abnormality.

5.5 Independent Component Analysis (ICA) approach

ICA technique, a generalisation of PCA, was originally developed for separating
mixed signals in cocktail party problems. In this approach, PCA is applied to reduce
the dimensionality in the datasets, followed by applying ICA to extract the features.
Independent component analysis is a method for finding underlying factors or
components from multivariate (multidimensional) statistical data [HO2000]. This
section describes the ICA implemented for heart image classification using the info-
max algorithm [BS1995]. The objective of ICA is to find a set of basis images which
are statistically independent. Each of the top ‘m’ PCAs is arranged in a separate row
of a matrix X . The ICA algorithm is applied to this matrix producing ‘m’
independent components (IC).

Sphering of the matrix X 1is performed to reduce computational complexity. A

sphering matrix W, is obtained from the matrix X as follows [BART2002]:

W, =2*(Cov(X))""? (5.5)
This step makes the mean and covariance zero so that the first and second order
statistics are removed. The ICA algorithm produces a matrix W, given by

W, =ww, (5.6)
where W is the weight matrix learned by ICA, which is updated by the learning rule
[BS1997],

AW =(I+Y'U" W (5.7)
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where [ is the identity matrix, U =WXis the linear combinations of inputs,

Y = f(U) and the logistic function used is
1

l+e >:8)

flu)=

The IC representation of the images based on the m statistically independent basis

images, U is given by [BART2002]

B=R W' (5.9)
where R, is the PC representation of the database based on the top m PC vectors.

Likewise, the IC representation of any new image can be obtained by,

Bnew = ]enewI/VI_1 (510)

The classification of a new image into one of the predefined heart classes is based on
nearest neighbour classifier [CH1967]. The distance between the new image and
each heart class is calculated with a different distance metric such as the Euclidean,

City-block and Cosine distance metrics, defined as

d2Euclidean(a:b) = Ha o bH2

.11)

d iy —pioci (a,b) = |a — b| (5.12)
d. (ap)=--—2b

o] - ] (5.13)

where a, b denote the vectors and d is the distance between them.
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5.6 Radon transform approach

The Radon transform is an integral transform proposed by J. Radon [RADON1917],
which is widely used in computerised tomography (CT) medical imaging. The
inverse of the transform is used to reconstruct images from CT scans [WEISSTEIN].
The Radon transform is also used in line and curve detection [PETER 1996]
applications within image processing, computer vision as it can be considered as a
form of template matching [GINKEL2004]. [ROUL1997] proposed a Radon
transform based technique to reconstruct a map of a planet's polar region using a

spacecraft in a polar orbit. The Radon transform is defined by

R, Af )= fx,z+ prydx (5.14)

where f(x, y) is a 2-D function in R* domain and y coordinate of f(x, y) occurs on the
line y =7+ px in x-y space [DURRANI1984]. Using the sampling property of the

delta function, the equation can be written as

RSt =[ [ fx.)sly—(+polydx (5.15)
A symbolic representation of Radon transform is given by

R, {f(x,»)}=U(p,7) (5.16)

where p is the slope ofaline and 7 is its intercept.

y=1+px

f(x,y)
Fig 5.4. Integration of an object along the line y =7+ px
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Fig. 5.5. (a) Concept of line integrals and Radon transform and (b) Radon
transform of the Composite Motion (CM) image

In our approach, the Radon transform is applied to identify the symmetry in the
composite motion image. The CM image is projected as a set of line integrals.
Multiple line integral along parallel paths is obtained. This process is repeated for a
different angle from 0 -179 degrees, as the multiple line integral in the angles from
180 -359 degrees is the same as the 0-179degrees. The Radon transform of a CM
image with normal wall motion is shown in Fig. 5.5. It can be seen in Fig. 5.5 (b) that
the Radon results in two bright bands, which are approximately parallel. Wall motion

indicators can be extracted from this to identify abnormal wall motion.
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5.7 Results and discussion

Echo images can be recorded in different views, each of which is important to
identify critical parameters to evaluate different heart conditions. Here, the short axis
mid-cavity view is considered. An average of 25 frames is present in each echo
movie. When an Echo scan of a patient is obtained, the composite motion image is
obtained and stored in a database. This section describes the experiments that were
performed and the results that were obtained. The experiments were carried out with
both simulated database and real database. The simulated database was used to prove
that the algorithm works for the identification of the abnormality in the heart wall as
the real database has limited images with same segment abnormality. The
experimental results obtained for classification by performing the PCA approach is
discussed in section 5.7.1, the results for the ICA approach is discussed in section

5.7.2 and the Radon transform approach in section 5.7.3.
5.7.1 Heart Abnormality Diagnosis Result 1 - PCA approach

The results obtained by the PCA approach on the simulated and real dataset are

discussed in this section.
5.7.1.1 Simulated dataset results

In case of the simulated database, the composite motion (CM) images are stored in a
database. The CM images with image resolution of 130 X 123 pixels, is stored in
tagged image file format (.tiff file) in a database. The images are gray scale with
pixel values ranging from 0 to 255. The database consists of 28 synthesized
difference images of short axis mid-cavity echocardiograms representing 4 different
classes with 7 images each. Fig 5.6 shows the 28 database images. The images on the
first row are normal heart movements, while the rest of the images represent

synthesised movement of heart with segment abnormalities.

To locate the contraction failure abnormality, the myocardium and the left
ventricular cavity are segmented. The myocardial segments are considered based on

the standards [CER2002], which suggest that the left ventricle should be divided into
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Fig 5.6. Simulat:(; détabase (28.image) R
17 segments. These 17 segments can be assigned to one of the three major coronary
arteries, as shown in Fig 2.5. In the short axis view, the mid-cavity slice is divided
into 6 segments of 60 degrees each, named mid anterior, mid anterioseptal, mid
inferoseptal, mid inferior, mid inferolateral and mid anterolateral. Based on these
standards, a database is formed with simulated data. The database consists of normal

heart CM images and heart CM images with contraction failure in three different
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Fig 5.7.Variance plot showing the variance of the images in the simulated dataset
(28 image dataset)
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regions in the database are grouped into different classes based on the segment
abnormality present (same segment failure are grouped into a class). The classes
described here are: class 1 - normal; class 2 - 7th and 8th LV segment abnormality;
class 3 - 9th and 10th LV segment abnormality; class 4 - 11th and 12th LV segment
abnormality. When the new image is classified into one of the classes, 2, 3 or 4, the
image is said to have a contraction failure in that particular segments. By locating the
segment, the cause for the potential heart failure could be diagnosed. The fault in the
corresponding coronary artery that supplies blood can be identified. In this approach,
PCA is applied to the composite motion images derived from the heart echo. In this
technique, the eigenvalues and eigenvectors of the covariance matrix for the dataset
is computed. Any heart CM image could then be represented as a weighted sum of
these eigenvectors in a multidimensional heart space. To recognize if a new heart
CM image belong to a normal wall motion set or one of the abnormal wall motion set
in the database, the image should be within the heart space and should be close to
one of the classes in the image data set. The Eigen vectors obtained by performing
principal components analysis was used for classification. The first experiment is
carried out to investigate the classification of a new image (not in the database) with
a segment deformity into the correct class to locate the damaged segment. As the
images in the database are limited, when one of the images is considered as a new
image, it is removed from the database, also called the ‘leave one out method’. The
variance between the images in the database is low and hence the number of top

eigenvectors used for recognition must be high to give discrimination.

Fig. 5.8. Top 12 eigen vectors used for recognition
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Fig 5.7 shows the variance plot for the test performed with 28 images in the database
for which 97% variance corresponds to top 12 eigenvectors. The top 12 eigenvectors
are presented in the Fig. 5.8. Correct recognition of 69% was obtained when a
nearest neighbour classifier was used. In the second experiment, the effects of the
severity of the segment contraction abnormality in recognising the segment are
investigated. Modifications are made to all images other than the normal images in
such a way that the abnormality is reduced representing an earlier stage of the
abnormality. An example of the modified segment abnormality is shown in Fig 5.9.
The aim of this experiment was to see if the correct segment is identified with the
earlier stage deformity. 21 images were used for testing, out of which correct

classification was obtained for 14 images.

Fig. 5.9 Original image (left), modified image (right). The arrows in the figure show
the contraction failure in the segment.
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5.7.1.2 Real dataset

The composite motion image obtained from each real echo movie data is stored in a
database. The CM images are gray scale with pixel values ranging from 0 to 255 and
have image resolution of 50 x 50 pixels. The real database consists of 62 images in
total with 27 normal hearts and 35 abnormal hearts, which are annotated by medical
experts. The abnormal hearts used in the database had varied levels of wall damage.
The scoring of the segments in some cases was 2 (representing hypokinetic
segments) and in other it was 3 (representing akinetic segments). In the case of real
data, the segmental damage could be present in more than one segment of a heart,

that s,

o different wall segments which are supplied with blood by different coronary

arteries are damaged

o the segment adjacent to the damaged segment also have wall motion

abnormality.

So, the assigning the class for a difference image becomes complicated. For example,
an echo movie which has wall motion abnormality in segments 10, 11 and 12 cannot
be grouped as Class 3 or Class 4 (as described in the simulated image classification, in
Section 5.8.1). In the real data obtained, only 50% of the abnormal heart data had
segment abnormality in related segments (wall segments which are supplied by the
same coronary artery) such as 7th & 8th segments, 9th & 10th segments, and 11th and
12th segments. The rest had abnormality in segments adjacent to the related segments.
There is ambiguity in assigning a class for the heart CM images. Hence, the segmental
analysis has to be performed to identify the abnormal segments (which is presented in

chapter 6).
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(b) The top left section of the LV falls outside the image plane

Fig. 5.10. Echo frame showing SA echo view where a section of the LV
epicardium falls outside the imaging plane

Experiment was performed to analyse the wall motion of the entire LV in order to
identify the presence of wall motion abnormality. In the experiment, the CM images
used in the database and the new heart CM image considered only the inner wall
movement. The outer wall movement is not considered as some of the echo images
obtained for analysis had the LV outer wall region outside the imaging plane as seen
in the Fig 5.10. Sample CM images in the real dataset which shows normal heart wall

motion and abnormal heart wall motion are shown in Fig.5.11.
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The PCA based algorithm is used to classify the real heart data using the features
extracted from the CM image. The top 18 PC vectors was used out of which top 6 PC
vectors are shown in Fig 5.12. The k-Nearest Neighbour classifier was employed
with Euclidean distance, City-block distance and Cosine distance metrics. The results
obtained are shown in Table 5.1. The Euclidean and the City block distance metric
provided a correct classification of 81%, while the Cosine distance metric provided a
correct classification of 77%. The correct classification of the negative cases and the
positive cases are referred as True negatives (TN) and True positives (TP)
respectively. In the case of diagnosis of an abnormality, the experts consider the
incorrect recognition as either false positives (FP) or false negatives (FN). A False
positive is the term which refers to incorrectly categorizing a heart to be abnormal. A
False negative is the term which refers to incorrectly categorizing a heart to be
normal. The performance of a classifier can also be measured by sensitivity and

specificity.
Sensitivity is a measure of correctly identified actual positives, which is given by

Number of True Positives

Sensitivity = — -
Number of True Positives + Number of False Negatives (5.17)

Specificity is a measure of correctly identified negatives, which is given by

Number of True Negatives

Specificity =
pecificity Number of True Negatives + Number of False Positives (5.18)
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(a) Sample images showing normal heart wall motion
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(b) Sample images showing abnormal heart wall motion

Fig. 5.11 Composite motion images (constructed using the inner wall motion) in the
real heart image database.

Fig. 5.12 Sample PC vectors obtained from the real dataset (Top 6)
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The sensitivity and specificity measures obtained for the classifiers are shown in
Table 5.1. The classifier with good sensitivity is required as the abnormal hearts
should not be classified as normal hearts. The three k-NN outputs can be combined
by wvarious rules such as sum, product rule, max rule, min rule
etc[ALEX2001][KIT1998]. In a comparative study between the rules on combining
the classifiers, [KIT1998] concluded that sum rule outperformed. For this purpose of
identifying the abnormal heart wall motion, the outputs of the classifiers are summed
along with conditions as shown in Fig.5.13. The outputs are combined by voting
scheme as shown in Fig. 5.13(a) which provided a correct classification of 79%. The
outputs are combined as shown in Fig. 5.13(b), in such a way that even if one
classifier identifies a heart to be abnormal, it is classified as abnormal. This provides
a correct classification of 84% and the highest sensitivity of 83%. In Table 5.2, it can
be seen that the combined k-NN has better classification and sensitivity when

compared to Bayes classifier, binary SVM and Linear classifiers.

> k-NN Classifier using
Euclidean distance
Test Image >
Features
| k-NN Classifier using Abnormal
Training > City block distance
Database >
Features > . .
”| k-NN Classifier using Normal
Cosine distance
(a) Combining k-NN outputs by voting
> k-NN Classifier using
Euclidean distance
Test Image >
Features
| k-NN Classifier using Abnormal
Training City block distance
Database >
Features > . .
”| k-NN Classifier using Normal
Cosine distance

(b) Combined k-NN
Fig. 5.13 Combining the classifier output
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Chapter 5
Classifier k-NN k-NN k-NN | Combining | Combined
using using using | the 3 k-NN k-NN
Euclidea City Cosine | outputs by
n block distance voting
distance | distance
% Correct 81 81 77 79 84
Recognition
Specificity (%) 89 89 96 96 85
Sensitivity (%) 74 74 63 66 83
True Negatives | 24/27 24/27 26/27 26/27 23/27
True Positives | 26/35 26/35 22/35 23/35 29/35
False negatives 9/35 9/35 13/35 12/35 6/35
False Positives 3/27 3/27 1/27 1/27 4/27
Correct
Recognition 50/62 50/62 48/62 49/62 52/62

Table 5.1 Performance of PCA approach using k-NN classifiers

Classifier Combined k-NN | Bayes | SVM | Linear
% Correct 84 76 81 79
Recognition
Specificity (%) 85 81 96 96
Sensitivity (%) 83 71 69 66
True Negatives 23/27 22/27 | 26/27 | 26/27
True Positives 29/35 25/35 | 24/35 | 23/35
False Negatives 6/35 10/35 | 11/35 12/35
False Positives 4/27 5/27 1/27 1/27
Correct
Recognition 52/62 47/62 | 50/62 | 49/62

Table 5.2: Performance of PCA approach using different classifiers
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5.7.2 Heart Abnormality Diagnosis Result 2 - ICA approach

The results obtained by ICA approach on the simulated and real dataset are discussed
in this section.

5.7.2.1Simulated dataset

The ICA approach is performed on the same dataset with 28 images, as explained in
section 5.7.1.1. Experiments are carried out to investigate the classification of a new
image (not in the database) with a segment deformity into the correct class to locate
the damaged segment. The ‘leave one out method’ is considered due to the number of
images in the dataset. The top 12 eigenvectors obtained from the PCA are used as
input to the ICA to extract the 12 ICA basis vectors. The ICA basis vectors obtained
are shown in the Fig. 5.14. The recognition performance of the ICA approach for the
three cost functions is observed. A correct recognition of 81% is obtained using
Euclidean distance metric. The city block and cosine distance metric yield correct

recognition of 72% and 75% respectively.

Fig. 5.14. Top 12 ICA basis vectors used for recognition

5.7.2.2 Real dataset

The real dataset which consists of composite motion images as described in section
5.7.1.2. The ICA based algorithm is used to classify the real heart data using the
features extracted from the CM images with only the inner wall movement. The total

number of data used for testing was 62 out of which 27 hearts had normal wall
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Fig. 5.15. ICA basis vectors obtained from the real dataset (Top 6)

movement and 35 hearts had abnormal wall movement. The top 6 ICA basis vectors
out of the 18 vectors used, are shown in Fig. 5.15.

Table 5.3 shows the performance of the ICA approach using the different distance
metrics used with the k-NN classifiers. The k-NN classifier using the Cosine distance
metric provided the best classification. The combined k-NN classifier also provided
the classification result of 84% (with a sensitivity of 74%), same as the cosine
metric, while the Euclidean and City block distance metrics provided 74% and 79%

respectively.

Classifier k-NN using | k-NN using | k-NNusing | Combined k-NN
Euclidean City block Cosine
distance distance distance
% Correct 74% 79% 84% 84%
Recognition
Specificity 100% 96% 96% 96%
Sensitivity 54% 66% 74% 74%
True Negatives 27/27 26/27 26/27 26/27
True Positives 19/35 23/35 26/35 26/35
False Negatives 16/35 12/35 9/35 9/35
False Positives 0/27 1/27 1/27 1/27
Correct
Recognition 46/62 49/62 52/62 52/62

Table 5.3 Performance of ICA approach using k-NN classifiers
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5.7.3 Heart Abnormality Diagnosis Result 3 - Radon Transform approach

The Radon transform is applied on the CM images and the abnormal wall motion
indicator is extracted. The radon transform of a normal CM images has
approximately parallel continuous bright bands. To extract an indicator, sum of the
projections is performed. Fig. 5.16 shows sample normal and abnormal heart CM
images, its Radon transform and the sum of the projections. It can be seen in row
sum of a normal CM image’s Radon transform,(as seen in Fig. 5.16 (c)), that the two
peaks corresponding to the bright bands are approximately of the equal in value and
the area under the two peaks is approximately equal. In the row sum of an abnormal
CM image’s Radon transform,(as seen in Fig. 5.16 (f and 1)), the two peaks
corresponding to the bright bands and the area under the two peaks are significantly
different. So the ratio of the peak values and the ratio of the area under the two peaks
are considered as two measures for classifying the heart as normal or abnormal. By
performing multiple experiments, 1:0.85 was set as the ratio of the peak values and
1:0.75 was set as the ratio of the area under the peaks. The classification result

obtained was 73%, with a sensitivity of 66% and specificity of 81%.
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Fig. 5.16 Composite motion images (a, d, g), its corresponding Radon transform in
(b, e, f) and the sum of the projections in (c, f, 1)
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5.7.4 Comparison between PCA, ICA and Radon approach

The confusion matrix of the PCA, ICA approach and Radon approach is shown in
Table 5.3 to show the actual classification and predicted classifications performed by
the system. Radon transform approach provided a correct classification of 73%,
which is notably less than the 84% obtained by the PCA and ICA approaches
suggesting that the PCA and ICA features perform better than the Radon transform
based features extracted from the row sum of the projections.

In the simulated dataset, the data with the same segment abnormality was put in a
class and the correct identification of the class corresponding to the abnormal
segment was performed. For the simulated dataset, ICA performed significantly
better than PCA to identify the segment abnormality from the composite motion
image. As ICA decomposes the CM image into local shape descriptors, it has
advantages over PCA for local shape classification.

In the case of the real dataset, the data was grouped into normal and abnormal CM
images and a binary classification of the CM image to identify wall motion
abnormality was performed. For this dataset, ICA and PCA performed similar, as the
presence of abnormality was important, while the position of the abnormality was not
important. For this particular dataset, ICA and PCA with combined k-NN classifier
perform similar to provide same correct classification, but the sensitivity of the PCA
approach is 83%, which is higher than the ICA approach (74%).

As the sensitivity of the approach has to be high to avoid the abnormal hearts to be
classified as normal, the PCA approach is more appropriate for the overall

Myocardial Ischemia Detection Algorithm, which is discussed in the next chapter.
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Correct Classification=52/62 Predicted
Specificity=85%
Sensitivity=83% Negative Positive
(Normal) (Abnormal)
Negative True Negative False Positive
Actual (Normal) 23/27 4/27
Positive False Negative True Positive
(Abnormal) 6/35 29/35

(a) Using the PCA approach

Correct Classification=52/62 Predicted
Specificity=96%
Sensitivity=74% Negative Positive
(Normal) (Abnormal)
Negative True Negative False Positive
Actual (Normal) 26/27 1/27
Positive False Negative True Positive
(Abnormal) 9/35 26/35

(b) Using the ICA approach

Correct Classification=45/62 Predicted
Specificity=81%
Sensitivity=66% Negative Positive
(Normal) (Abnormal)
Negative True Negative False Positive
Actual (Normal) 22/27 5/27
Positive False Negative True Positive
(Abnormal) 12/35 23/35

(c) Using Radon approach

Table 5.4: Confusion matrix for the heart wall motion abnormality classification
(Tested images = 62, Normal hearts =27, Abnormal hearts = 35)
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5.8 Conclusion

In this chapter, echocardiography image sequences are processed using a PCA, ICA
and Radon transform based system to locate abnormality in heart wall contraction.
The results obtained here are the classification results for identifying the wall motion
pattern in the composite image. The results to date indicate that the peak ratio and the
area under the peak ratio extracted from the Radon transform are not alone sufficient
to classify the heart abnormality correctly. The PCA and ICA based features that are
extracted from the composite motion images are more suitable for recognising the
patterns and the results indicate that it can be effective in identifying the presence of
wall motion abnormality. Also, it is anticipated that the percentage of correct
recognition of 83 % can be further improved using a larger database and optimising

the program for the current dataset.

The wall motion abnormality is a manifestation of the ischemic heart disease or the
heart wall damage. Being able to identify the heart wall abnormality with different
levels of scoring indicate that the heart wall damage can be identified accurately, at
any stage. Once the system automatically diagnoses the wall motion abnormality, the
cardiologist can analyse that heart in detail. This could act as a beneficial tool to
experts when assessing the health of the heart. The performance of locating a
segmental deformity can be improved by considering the movement of individual
segments for classification rather than the heart movement as a whole. This
automatic detection system is never a replacement for the medical experts, but it is a

diagnostic tool to make their life easier.
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CHAPTER 6

MYOCARDIAL ISCHEMIA
DETECTION ALGORITHM: MIDA

6.1 Introduction

One of the aims of this research is to identify the presence of heart wall damage,
when an Echo scan is recorded. Though the echocardiography sequence analysis is
performed to assess the overall performance of the left ventricle, segmental analysis
is required to identify wall abnormalities within individual segments. An algorithm
based on the FMED heart wall boundary detection is developed by incorporating the
principal component analysis based approach (described in chapter 5) to identify the
presence of heart wall damage and locating the abnormal segment in the short axis
view. The Myocardial Ischemia Detection Algorithm (MIDA), heart abnormality
diagnosis and a wall segment classification algorithm to identify the abnormal
movement and indirectly the wall damage or myocardial ischemia is presented in this
chapter. The algorithm uses the wall edges to extract the characteristic features of the
wall segments and combine them using a voting scheme to decide on the normality

of the heart segment.

This chapter is structured as follows. An overview of the Myocardial Ischemia
Detection Algorithm (MIDA) with the overall block diagram is presented in the
section 6.2. The section 6.3, presents the details on the extraction of global features
(that provide information on the health of the heart) and the local features (that

provide information on the health of the heart wall segment) from the LV borders to
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describe the health of the heart wall segments. Section 6.4 provides details on the
regional wall motion synchrony analysis which is performed by the extracting the
displacement of the wall segments in the complete cardiac cycle. Section 6.5
provides the result obtained for the identification of the heart abnormality and the

location of the segmental damage. Finally, conclusions are presented in section 6.6.

6.2 Myocardial Ischemia Detection Algorithm (MIDA) overview

This section gives an overview of the Myocardial Ischemia Detection Algorithm,
which is proposed to perform heart abnormality analysis and heart wall segmental
analysis of the echocardiography to detect the myocardial ischemia in the left
ventricle. The different stages involved in this algorithm are discussed here. Fig. 6.1

shows the high level overview of the MIDA algorithm.

1. When a patient Echo scan is obtained, the image pre-processing (noise
reduction and Delaunay triangulation based image enhancement) is

performed on the echo image as explained in the Chapter 4.

2. The centre point in the LV cavity is identified. Fuzzy membership functions
to represent the local and global knowledge, which are then combined by
fuzzy logic operators to identify candidate LVCP pixels. A template matching
is performed to obtain the most likely LVCP from the candidates.

3. Then, the LV boundary is identified by searching along the radial lines
originating at the LVCP, by applying Fuzzy Multi-resolution Edge detection
technique as explained in section 4.4. This radial search based approach is

particularly suitable as the LV wall motion is oriented in the radial direction.

4. For performing the heart abnormality analysis, the PCA based approach on
the Composite Motion image constructed by the LV edges extracted from the
Echo images (as discussed in Chapter 5) is applied to extract the feature
describing the abnormal wall motion which are then used to classify a heart

into normal or abnormal heart.
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5. Global features are extracted from the LV boundary edges, which describe
the health of the heart. The different features extracted are discussed in detail
in section 6.3.1. The global features are also used to decide on the heart

abnormality.

6. The segmental features are extracted from the LV boundary edges, which
describe the health of the heart segments. The different features extracted are

discussed in detail in section 6.3.2

7. The segmental features are used individually to make a decision on the
segment abnormality, which consecutively helps identify the myocardial

ischemia in the segment.

8. The decision outputs obtained by using all the features are combined to make

a final decision on the segment damage or abnormality.

The algorithm also provides graphs which show the variation in the heart feature,
which are helpful in visualising the changes in a complete cardiac cycle. The
variation in segmental features along the entire cardiac cycle are also visualised to
check the relative measures of the six segments in the mid cavity SA view. The
algorithm also performs regional wall motion synchrony analysis by the extracting
the displacement of the wall segments in the complete cardiac cycle. When there is
blockage in the path of the ‘Bundle of His’ or the conducting cells, the message sent
from the from the Sinu Atrial node to the wall muscle to contract is not received on

time resulting in irregular or asynchronous contraction or wall movement.
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6.3 Features extracted from the LV boundary

The heart wall boundary, both the inner and outer wall contains global and local
information about the heart wall which determines the health of the heart. The global
features extracted from the heart wall boundaries include ejection fraction, LV cavity
area, and myocardial area. The local or segmental features extracted from the
boundaries area LV segmental cavity area, average wall thickness in the segment,
maximum wall excursion in the segment. The steps involved in extracting the

different features are described in this section.
6.3.1 Global features

The global features extracted from the LV are based on the average radius of the
endocardial and epicardial LV boundary. The average radius of the LV endocardium
is determined from the endocardium to compute average diameter. The average
radius of the inner has a maximum value at the end- diastole and has a minimum
value at the end systole. Fig. 6.3(a) shows the average radius along the complete

cardiac cycle.
6.3.1.1 Ejection fraction

The Volume of the LV is determined by using the equation 3.6 and the ejection
fraction is determined by computing the end — diastole volume (which is the largest
volume measured in the complete cardiac cycle) and the end-systole volume (which
is the smallest volume measured in the complete cardiac cycle). Ejection fraction is
obtained for one cycle to determine the volume of blood ejected during that heart
beat. The ejection fraction in healthy individuals typically have ejection fractions

greater than 0.5 (50%) [VASAN1999]
6.3.1.2 LV cavity area

The LV cavity area along the complete cardiac cycle, determined in the previous step
is normalized by dividing it by the end-diastole cavity area. The LV cavity area has a
maximum value at the end- diastole and has a minimum value at the end systole. Fig.
6.3(c) shows the LV cavity area over the complete cardiac cycle. It can be seen that

the normalized systolic LV cavity area is around 0.3 for a sample healthy heart with
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an ejection fraction of 73.26%. The normalized systolic LV cavity area is around 0.6

for the sample heart with abnormality, which has an ejection fraction of 40.7%.
6.3.1.3 Myocardial area

The myocardial area or the tissue area in the LV wall can also be determined as the
difference between the total LV area and the LV cavity area, as shown in equation
3.7. The total LV area is determined by using the average radius of the epicardium or
the outer wall. The LV cavity area is determined by using the average radius of the
endocardium or the inner wall. The variation of the myocardial area in an echo scan

is given in Fig. 6.3(b)

Average radius of
the inner wall Average radius of
| the outer wall

' ' |

Calculate EDV and Calculate LV cavity c
alculate LV area
ESV area (LVCA)fOI’ the (LVA) for the Complete
1 complete cardiac cycle cardiac cycle
LV Ejection Fraction l l
LvEr = EPV —ESV. Normalised Systolic Myocardial area = (LVA -
EDY LV cavity area LVCA)/
Eg;r:tal Abnormal Normal Abnormal
Heart Heart Heart

Fig. 6.2 Extraction of global features from the LV inner wall and outer wall edges

These global features give information on the health of the heart and are used for
identifying abnormality. To analyze the health of the segmental tissue in the heart
wall, local features extracted from the segments is essential, which is discussed in the

next sub-section.
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Fig. 6.3 Global features extracted from the LV boundary showing the normalized

radius, cavity area and myocardial area for the entire Echo
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6.3.2 Local or Segmental features

The short axis (SA) view of the heart obtained in the mid-cavity (or papillary
muscle) level and basal level is divided into 6 segments based on the segmentation
standards [CER2002]. We consider the mid-cavity SA view in this research, which is
divided into 6 segments with each segment angle of 60°, as shown in Fig. 6.4. As the
LV wall boundary edge point is extracted along the radial lines in the SA view, the

extraction of segmental features is straight forward and is discussed next.

Short AXxis
Mid B1asal
8 : 12 2 6
9 11 3 5
10
(a) a (b)

Fig 6.4 (a) Standard segmentation for mid cavity and basal SA view
(b) Dividing the LV into 6 segments with each segment angle of 60°

6.3.2.1 Local cavity Area

Each segment is considered to be a circular sector with a central angle of 60°. The
local cavity area of the ith segment is determined by the following equation

Local Cavity Area;, = i>< zr’

360 ’ (6.1)
where1=1,2....6,

0 is the central angle and r is the average radius of the LV endocardium for the ith
segment . The LV centre point and the endocardial boundary is used for determining
the cavity area. Fig. 6.5 shows the segmental LV cavity area variation along the
entire Echo scan of a normal heart and an abnormal heart. The local cavity area
varies with a minimum value at the end-systole and maximum value at the end-
diastole for a normal heart as seen in Fig 6.5(a). The systolic cavity area for all the

segments is lower showing that the segments are normal Fig 6.5(b) shows the local
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cavity area of an abnormal heart, which has larger systolic cavity area for abnormal
segments or probable abnormal segments.

6.3.2.2 Wall thickness measurement

Instantaneous wall thickness is measured as the difference between the radius of the
epicardium and the endocardium. The wall thickness within each segment is
averaged to get a wall thickness measure for that segment. The myocardial wall
thickness variation for the 6 segments is shown in Fig. 6.6. The difference between
the wall thickness at ES and ED is normalised by ED wall thickness to obtain the
Fractional Myocardial Wall Thickening (FMWT) (by equation 3.11).

For a normal heart, the heart wall has maximum thickness at the systole. Therefore,
the positive value for the fractional myocardial wall thickening suggests that the
myocardium is normal [NOBLE2002]. Fig. 6.6(a) shows the segmental wall
thickness of a healthy heart which has a positive fractional myocardial wall
thickening measure for all the segments. Fig. 6.6(b) shows the segmental wall
thickness of a unhealthy heart which has a negative fractional myocardial wall
thickening measure for the segments 7 and 9, indicating the presence of abnormality.
The segmental wall thickness variation is also not in line with the normal variation.
The Fractional Myocardial Wall Thickening measure for all the six segments for
more images is provided in Appendix A. The graphs showing the change in the
global and segmental features along the entire cardiac cycle is also presented in the

Appendix B.
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Fig. 6.5 Normalised segmental cavity area for the entire scan
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6.3.2.3 Wall Displacement measure

The motion distance between the endocardial wall edges in ES frame and the rest of
the frames is determined. The wall displacement within each segment is averaged to
get a wall displacement measure for that segment. A wall displacement (WD) or
maximal endocardial wall excursion measure is also determined by computing the
difference between the maximum wall displacement of the wall edge and the
minimum wall displacement of the wall edge, which is then normalised by the largest
wall displacement (Equation 3.10). The variation in the wall displacement for the 6
segments of a normal heart is shown in Fig. 6.7. It can be noted that all the segments
move synchronously, but the maximum movement differs for different segments.
The regions where the right ventricle is attached to the left ventricle, the movement
of the left ventricle is slightly restricted. In an abnormal segment, the wall

displacement is significantly reduced, as seen in Fig. 6.8(c).

Displacement graph
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Fig 6.7 Displacement Graph showing the wall displacement from the systole to
the end diastole
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6.4 Regional wall motion synchrony analysis

The synchrony of the heart muscle contraction is an important factor which
determines the overall performance of the heart, as it depends on the amount on the
blood pumped. The regional asynchrony is responsible for a global decrease in
diastolic filling in patients with myocardial ischemia. Though the increased
asynchrony observed in patients with a normal left ventricular function generally has
no clinical consequences, in patients with congestive heart failure (CHF), even a
small decrease in ejection fraction may affect the diagnosis [EYLL1995]. The
regional wall motion synchrony can be seen in the wall displacement graph obtained

for a normal healthy heart in Fig.6.7.

The asynchronous movement in the wall segments is caused when different segments
contract and relax at different times. To measure the asynchrony in segment motion,
the peak position in the wall displacement graphs of all the segments is determined.
The frame in which the segment is moving the maximum (that is the relaxed state of
that segment) is identified. When all the segments have the maximum movement in
the same frame, then they are synchronous. In an asynchronous case, one of the
frames, which is close to the ED is considered to be a reference frame and the time
difference between the peak positions of all other segments from the reference frame
is measured. Regional wall motion asynchrony can be present in both normal and
abnormal hearts. Fig.6.8 (a) shows a synchronous movement in normal hearts, (b)
shows an asynchronous movement in normal hearts (a delay of 40ms in the
relaxation of the segments 9, 11 and 12) and asynchronous movement (a delay of
40ms in the relaxation of the segments 7 and 12, and a delay of 280ms in segment 9)
in abnormal hearts can be seen in (c). The displacement graph is a good visual

representation of the wall motion asynchrony.
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Fig 6.8 Wall Displacement graphs showing (a) synchrony in normal heart motion
(b) asynchrony in normal heart motion, (c) asynchrony in abnormal heart motion
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6.5 Results and discussion

As fractional myocardial wall thickness (FMWT) is one of the important measures
that describe the health of the segment (or the presence of the myocardial ischemia),
both endocardial wall (the inner wall) edges and the epicardial edges are required for
the segmental analysis. The short axis mid-cavity Echo view patient data which had
complete epicardial wall (outer wall) of the LV within the image plane was chosen
for this experiment. The total number of patient data used for this experiment was 37,
out of which 22 were normal hearts and 15 were abnormal hearts with abnormality in
31 segments (on an average 5 data had abnormal region in each segment). For
example, in the case of identifying the abnormality in the 7th segment, there were 5
abnormal 7th segments and 32 normal 7th segments. For each Echo, both global and
segmental features are extracted from the endocardial and epicardial wall boundaries
and used for classification. This section discusses the classification results obtained

for segmental damage and overall heart abnormality.

6.5.1 Regional features to identify segmental damage

The results obtained for the identification of segmental damage using the regional
features such as normalised systolic segmental cavity area (SSCA), fractional
myocardial wall thickening (FMWT), wall displacement (WD) measure is given in
this section. The segments are analysed separately as the normal feature vary for
different regions of the heart wall, for example, some segments have restricted wall
motion, etc. The regional features are used individually to make a decision on the
segment abnormality, which consecutively helps identify the myocardial ischemia in

the segment.

The classification results obtained for the segments using the segmental cavity area,
fractional myocardial wall thickening and maximum wall displacement measure can
be seen in Table 6.1. It can be seen that the average accuracy for classification based
on the normalised systolic segmental cavity area was 77%. The classification results
obtained for the segments using the fractional myocardial wall thickening had a
higher overall accuracy of 82%. The accuracy for classification of the segments

using the wall displacement measure was 78%. It can also be noted that the FMWT
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provided a better classification result for segments 7 and 12, WD provided better

classification for segments 8 and 9, and, SSCA provided better classification for

segments 10 and 11.

Segment % Correct % Correct % Correct % Correct
Classification | Classification | Classification | Classification
using using using voting of all
Systolic fractional segmental three features
Cavity Area wall wall
thickness excursion

S7 73 92 76 86
S8 76 73 78 78
S9 76 84 95 86
S10 86 84 81 89
S11 84 73 70 81
S12 70 86 70 86
Mean 77 82 78 85

Table 6.1 Classification result using the segmental features

Though the overall classification accuracy was better for the fractional wall
thickening measure, none of the three segmental features gave better performance in
more than two segments. This could be one of the exceptional cases due to the
outliers in the dataset, but the manual interpretation incorporates all these factors in
making a decision. The manual interpretation of the Echo data to identify the
abnormal segments depends on the how the wall is moving, how far it is moving and
how the thickness of the wall varies. Hence, these classification results from the
features were combined to get a better classification result. Identifying the segments
to be normal or abnormal based on the local cavity area, fractional myocardial wall
thickness and maximum wall displacement can be combined in such a way that if
any two of the segmental features suggest that the segment is abnormal, it is
classified as abnormal segment, or vice versa. This method is called the voting
scheme for combining the classifier output (represented in Fig. 6.9) to obtain better

classification.
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While combining the classification results, the logical AND operator is used to say
that if it satisfies all the three conditions, it is classified as an abnormal segment. The
classification result for the different combination of three features (SSCA & FMWT
& WD, SSCA & FMWT, SSCA & WD, FMWT & WD and the combination using
the voting from all the three features) is given in Table 6.2, showing that highest
overall accuracy of 94% was obtained for the AND combination of the three
features. Though, the AND combination of all the three features gave the best result
among all the combination, to made a decision on the best combination based on the
data used, the sensitivity has to be considered as each segment had only about 5
abnormal data. An overall sensitivity was best for the voting scheme which was 80%

which was 14% greater that the AND combinations.
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Segment | SSCA & SSCA & SSCA & FMWT & | Voting from
FMWT & FMWT WD WD SSCA &
WD FMWT &
WD

S7 93 92 86 92 86
S8 89 81 86 89 78
S9 97 89 95 97 86
S10 95 89 95 95 89
S11 95 89 92 89 81
S12 95 95 86 95 86
Mean 94 89 90 93 85

Table 6.2 Classification results by combining the segmental features

6.5.2 Heart function classification using global and regional features

The overall heart function classified based on the global features is discussed in this
subsection. The global features used in this section for determining the health of the
heart are normalised systolic LV cavity area and ejection fraction. As the two
measures depend only on the endocardial boundary (the inner wall) edges, the total
number of patient data used for this experiment was 62 patient data, which had 27
normal healthy heart data and 35 unhealthy hearts with abnormality. While using the
systolic LV cavity area as a feature, a correct classification of 79% with a sensitivity
of 89% and specificity of 67% is obtained. When the ejection fraction was used as a
feature for classification, a correct classification of 76% with a sensitivity of 86%
and specificity of 63% is obtained. The identification of the abnormality based on the
PCA and ICA components from the composite motion image as the feature for

classification gave an accuracy of 84%.

Feature used for | LVEF | Systolic LV | ICA components | PCA components
classification cavity area | from CM image from CM image
% Correct 76 79 84 84
Recognition
Sensitivity (%) 86 89 96 83
Specificity (%) 63 67 74 85

Table 6.3: Comparison of the features used for classifying the heart abnormality
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6.6 Conclusion

This chapter presented a Myocardial Ischemia Detection Algorithm (MIDA) which
uses heart wall boundaries obtained using the FMED technique, to analyse the
segments in the heart wall to identify the location of the heart wall damage. A good
accuracy of 84.69% for identifying abnormality in the segments is obtained for the
limited dataset consisting of 37 images. This system combines the three main
segmental features to identify the abnormal segment. The results show that for the
given data set, the voting scheme provides the good classification results with high
sensitivity , when compared with classification using the feature alone and the
combination to satisfy all the feature criteria. The present result is encouraging
suggesting that using the suitable features and the classifiers can improve the

performance of the identification of the abnormal segments.

Further work has to be performed with a larger dataset, which has approximately
equal numbers of normal and abnormal segments in the dataset, so that the
percentage of correct classification, sensitivity and specificity of the classification

can be fairly assessed.

Further work has to be performed with a larger dataset which has a wide variety , that
is, different levels of scoring to the segments. Analysis on the normal, hyperkinetic,
hypokinetic, akinetic, or dyskinetic segmental feature have to be done so that the
segmental features can be used to identify an automatic scoring level for the
abnormal segments. For any segment, a percentage confident for different scoring
level can be obtained so that it can be used to decide the score, which is most

appropriate for that segment.
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CHAPTER 7

CONCLUSION AND FURTHER
DEVELOPMENTS

7.1 Concluding Remarks

This thesis investigated the various stages involved in the Echocardiography
sequence analysis. The main focus of this research was to develop an automated
Echo sequence analysis system for detection of heart wall motion and myocardial
ischemia. A new integrated approach for myocardial ischemia detection was
developed, including the left ventricle boundary detection, feature extraction, heart

function parameters calculation and classification has been presented in this thesis.

A novel Delaunay triangular region based echocardiography image enhancement
algorithm to improve the contrast between the tissue and the blood region is
presented in this thesis. The algorithm integrates undecimated wavelet based speckle
noise reduction, edge detection, followed by a regional enhancement process that
employs Delaunay triangulation based thresholding. The fuzzy logic based centre
detection and fuzzy multi resolution edge detection (FMED) are modified to identify
the heart wall boundary. The results to date are encouraging and suggest that this
region based enhancement improves contrast by preserving the edges and the
anatomical structures, which are of diagnostic importance. The weak regions of the
image are enhanced more than the strong regions as the processing is based on the
local information. This could be beneficial to experts when manual markers are

placed for defining the heart wall edges for diagnosing purposes. This acts as a pre-
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processing stage for the automated analysis of Echo images to assess the heart

function.

A novel Myocardial Ischemia Detection Algorithm (MIDA) for automated diagnosis
of abnormality in the heart wall is developed. The system incorporates image
enhancement, heart wall boundary detection, heart classification based on principal
component based feature extraction, and segmental wall analysis. The composite
motion image which is created using the heart wall boundaries provides information
on the heart wall movement in a complete cycle. Principal component analysis,
independent component analysis are applied to the composite images to extract heart
abnormality detecting features, which is subsequently used to identify abnormal
hearts. Radon transform is also applied to the composite images to determine the
symmetry of the wall motion, which can be used to identify the abnormality. The
segmental wall analysis is performed to identify the location of the heart wall
damage. This system combines the three main segmental features such as normalised
systolic segmental cavity area, fractional myocardial wall thickening and wall
displacement measure to identify the abnormal segment. The results show that for the
given data set, the voting scheme provides the good classification results with high
sensitivity, when compared with classification using the features individually. The
combination to satisfy all the feature criteria provide a very high classification rate,
but the sensitivity is lower when compared to the voting scheme. In this study, a
binary classification between normal and abnormal motion is proposed. The present
result is encouraging suggesting that using the suitable features and the classifiers

can improve the performance of the identification of the abnormal segments.

Being able to identify the heart wall abnormality with different levels of scoring
indicate that the heart wall damage can be identified accurately, at any stage. Once
the system automatically diagnoses the heart segment with wall motion abnormality,
it indicates the possible presence of ischemia or wall damage in that segment. The
abnormal segment can be related to the coronary artery that supplies blood to that
segment based on the segmentation standards, to diagnose the possible cause for the

ischemia (possible blockage in that artery) . This could act as a beneficial tool to
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cardiology experts when assessing the health of the heart, the automatic

identification of heart abnormality can lead to a detailed analysis by the experts.

7.2 Suggestion for Further developments

The remainder of this chapter highlights some of the further work opportunities

arising from this work.
7.2.1 Improvements to MIDA algorithm

The results show that for the given data set, the voting scheme provides the good
classification results with high sensitivity, when compared with classification using
the features individually. The combination to satisfy all the feature criteria provide a
very high classification rate, but the sensitivity is lower when compared to the voting
scheme. Based on the study on this limited data set, a claim cannot be made on
which feature is appropriate to identify the abnormality and the best method to
combine the segmental features. In this study, the classifiers used hard decisions (0
or 1) to classify the abnormality based on the features. Using, classifiers which use
soft decisions would provide better classification results when combining the
classifier output. Also, further work has to be performed with a larger dataset, which
has approximately equal number of normal and abnormal segments in the dataset, so
that the percentage of correct classification, sensitivity and specificity of the
classification can be fairly assessed. The pattern recognition techniques can be
applied along with artificial neural networks to improve the -classification
performance of the system. Multilayer Perceptron (MLP) network and Radial Basis
Function (RBF) network are the most popular neural network architectures, out of

which RBF has provided better performance than MLP [VENKAT2006].

In the present study, a binary classification to identify normal and abnormal motion
is proposed. The scoring of an abnormal motion, i.e., hypokinetic, akinetic, and
dyskinetic, is not presented yet. The method is proposed as a computer-aided tool for
the clinicians to identify the suspected abnormal motion areas in the myocardium.
Further work has to be performed with a larger dataset which has a wide variety, that

is, different levels of scoring to the segments. Analysis on the normal, hyperkinetic,
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hypokinetic, akinetic, or dyskinetic segmental feature have to be done so that the
segmental features can be used to identify an automatic scoring level for the
abnormal segments. In this case of identifying different abnormalities, a multiclass
classifier could be used to identify the classes with different abnormality. For any
segment, a percentage confident for different scoring level can be obtained so that it
can be used to decide the most appropriate score for that segment. This can be
performed by fuzzy clustering, where each data is assigned with a set of membership

levels that specify the level of the association between that data and a particular

(b)
Fig. 7.1 (a) 2 chamber view and (b) 4-chamber view Echocardiography

class. Fuzzy clustering using these membership levels to classify data to one or more

classes [SHAH2000].

7.2.2 Extend to other views of Echocardiography

For illustration purposes, mainly the Short Axis view Echocardiography is
considered within the scope of this work. The contrast image enhancement algorithm
and Myocardial Ischemia Detection Algorithm (MIDA) can be extended to 2-
chamber (2C) and 4-chamber (4C) views of echo scans to identify heart wall
abnormality. Fig. 7.1 shows (a) 2 chamber view and (b) 4-chamber view
Echocardiography. EVALECHOCARD [FRO2006] is a reference echocardiograph
scan image database, which was created with an aim to compare methods dedicated
to the estimation of regional wall motion abnormalities [FRO2006]. The database
consists of 2-chamber (2C) and 4-chamber (4C) views of echo scans in specific

export format or DICOM format. The MIDA algorithm can be extended to 2C and
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4C views and then evaluated by applying on the EVALECHOCARD database to

compare its performance with other methods.
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Fig. 7.2 Radon transform of a composite motion image of a normal healthy heart
and an abnormal heart with 7th and 8th segment abnormality

7.2.3 Radon Analysis of the composite motion image

The Radon transform was applied to identify the symmetry in wall motion. The
results are very encouraging when the area below the sum of the projections and the
peak of the projection were used as the parameters for classification. Further study

on the radon transform of the composite motion image could help identify other
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parameters that could be used for classification. Fig. 7.2 shows (a) the composite
motion image of a healthy heart, (b) Radon transform of the composite motion image
(a), and (c¢) row sum of Radon transform, that is, the sum of projections from 0 to
179 degrees, (d) the composite motion image of an abnormal heart with 7th and 8th
segment abnormality, (e¢) Radon transform of the composite motion image (d), and
(f) row sum of Radon transform. It can be seen that the two side bands in the radon
transform of the normal image is continuous, while one of the two side bands in the
radon transform of the abnormal image is discontinuous. The possibility of linking
the position of the discontinuity in the side bands to establish the exact location and

severity of defect has to be explored.
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APPENDIX A
FRACTIONAL MYOCARDIAL WALL
THICKENING

Normal heart has systolic wall thickening while the diseased heart has decreased

systolic wall thickening. Fractional Myocardial Wall Thickening (FMWT) is used to

measure this thickening. The difference between the wall thickness at ES and ED is

normalised by ED wall thickness to obtain the FMWT. The table below provides the

six segment FMWT measure of SA view obtained for 8 normal and 8 abnormal

hearts. The positive FMWT value for the segments suggests that the myocardial

segment is normal and the negative FMWT value for the segments suggests the

presence of abnormality in the segment.

Images Seg 7 Seg 8 Seg 9 Seg 10 Seg 11 Seg 12
Normal 0.363104 | 0.519287 | 0.417361 | 0.485519 | 0.037499 | 0.341102
Normal 0.581593 | 0.1341 0.227104 | 0.276342 | 0.073957 | 0.402921
Normal 0.875822 | 0.513536 | 0.551549 | 0.433186 | 0.44473 0.169793
Normal 0.941637 | 0.625689 | 0.396471 | 0.660435 | 0.328444 | 0.292339
Normal 0.501983 | 0.408966 | 0.071989 | 0.449213 | 0.384657 | 0.56399
Normal 0.417529 | 0.568418 | 0.439151 | 0.557752 | 0.930576 | 0.762851
Normal 0.139949 | 0.164668 | 0.165665 | 0.352867 | 0.266923 | 0.122022
Normal 0.221468 | 0.101362 | 0.136814 | 0.037795 | 0.338267 | 0.849583
Abnormal | 0.839712 | 0.64574 | 0.533323 | 0.491526 | 0.312754 | 0.303364
Abnormal | -0.15571 | -0.2471 0.047841 | 0.114954 | 0.231369 | 0.044253
Abnormal | 0.515186 | 0.742739 | 0.468053 | 0.827364 | 0.282678 | 0.468776
Abnormal | 0.137581 | -0.00616 | 0.105807 | -0.05697 | 0.117144 | 0.316078
Abnormal | 0.089489 | 0.030772 | 0.16487 | -0.12167 | -0.21044 | 0.131401
Abnormal | 0.117076 |-0.07387 | -0.17348 | 0.436934 | 0.339821 | 0.083147
Abnormal | -0.15479 | 0.200188 | 0.008248 | 0.377593 | -0.18794 | 0.186849
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APPENDIX B
LEFT VENTRICLE FEATURES
(GLOBAL AND SEGMENTAL)

The features which are extracted from the Left ventricle (LV) boundaries for few

sample normal and abnormal heart images are shown here.
Global features: LV Ejection Fraction and systolic cavity area

e The global features of LV such as volume and systolic cavity area have a

maximum value at the end- diastole and a minimum value at the end systole.

e The LV Ejection fraction (LVEF) is also determined from the end-diastole
and end-systole volume. LVEF is greater than 0.5 (50%) in healthy

individuals

Segmental features: segmental cavity area, segmental wall thickness and wall

displacement

e The local cavity area varies with a minimum value at the end-systole and

maximum value at the end-diastole for a normal heart

e Systolic wall thickening is present in a normal heart, where the wall thickness

at the end-systole is greater than the wall thickness at the end-diastole.

e A wall displacement or maximal endocardial wall excursion measure is the
difference between the maximum displacement of the wall edge and the

minimum displacement of the wall edge.

166



Appendix

0.8}

0.6}

Normal heart 1

LVEF=0.5375 (563.75%)

Seg 7
Seg 8
Seg 9
Seg 10
Seg 11
Seg 12

Normalised LV cavity area

10 20 30 40

Normalised Segmental Cavity area

167



Appendix

0.8}

0.6

0.4

0.5¢

Normal heart 2

LVEF= 0.6393
Normalised LV cavity area

Seg 7
Seg 8
Seg 9
Seg 10
Seg 11
Seg 12

10 20 30

40

Normalised Segmental Cavity area

N

\
N\ / - N
S~ -

10 20 30

Segmental wall Thickness

40

50

168




Appendix

Normal heart 3

Seg 7
Seg 8
Seg 9
LVEF =0.7644 (76.44%) Seg 10
Seg 11
Seg 12

Normalised LV cavity area

0 10 20 30 40 50

Normalised Segmental Cavity area

169



Appendix

0.9¢
0.8¢
0.7

0.5}

Abnormal heart 1

LVEF=0.3830

Seg 7
Seg 8
Seg 9
Seg 10
Seg 11
Seg 12

Normalised LV cavity area

5

10

15

20

25

Normalised Segmental Cavity area

30

10

Segmental wall Thickness

15

20

25

30

10

Displacement graph

15

20

25

170




Appendix

Abnormal heart 2

Seg 7
Seg 8
Seg 9
Seg 10
LVE F=04534 Seg 11
Normalised LV cavity area Seg 12
1
0.8+ |
0.6+ |
0 5 10 15 20 25 30
Normalised Segmental Cavity area
1 e —
0.5/ 2 \A
0 1 1 1 1 1
0 5 10 15 20 25 30

Segmental wall Thickness

171




Appendix

Abnormal heart 3

Seg 7
Seg 8
Seg 9
Seg 10
LVEF= 0.4234 Seg 11
Normalised LV cavity area Seg 12
1 ‘ : ‘
| —
0.8¢
0.6}
0.4 ‘ ‘ ‘
10 15 20 25 30

Normalised Segmental Cavity area

0 Il
10 15 20 25 30

0
10 15 20 25 30

172



