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Abstract

Abstract

The objective of this study is to investigate the effects that coronary artery disease
(CAD) has on heart sounds. Heart sounds are acoustic phenomenon caused by accelera-
tion and deceleration of blood within the heart and vibration of the cardiac structure. We
performed this study by analyzing the heart sounds of patients with coronary artery dis-

ease before and after angioplasty operation.

The heart sounds are recorded from patients undergoing angioplasty operation in
the cardiology department of the Royal Adelaide hospital. Recordings are performed both
before and after the operation using an hp3964A FM recorder and a piezo contact sensor.
The recorded signals are digitized and loaded into a unix workstation for processing. Each
recording process is carried out for at least 30 seconds and an electrocardiogram is also

recorded synchronously.

Adaptive line enhancement filtering is used for initial uncorrelated noise cancella-
tion. Least square errors are used for adaptation process and the pole zeros system of the

conventional tapped delay line implementation is altered for better performance.

An algorithm is proposed for heartbeat cycle separation. Every long recorded
phonocardiogram is decomposed into its heartbeat cycles by aligning them with the syn-
chronously recorded electrocardiograms. A template heartbeat signal is constructed and

correlation coefficients are used to select the most correlated beat cycles. Frequency

XVvi



Abstract

domain averaging is used to calculate a single heartbeat cycle which is used for further

analysis.

Our objective is to find the locations of concentration of energy in the time fre-
quency planes of the heartbeat cycles prepared by the beat cycle separation algorithm and
to compare and contrast them before and after angioplasty operation. For this purpose we
have designed an algorithm to detect the local maxima in the time frequency plane. It
starts by detecting the highest energy ridge in the modulus of the time frequency matrix
and identifies its boundaries and removes it from the matrix.This is continued until all the
ridges are detected or a point is reached where the amplitudes of the ridges stay relatively

constant.

We have used three methods to investigate the time frequency behavior of the
heartbeat cycles: short time Fourier transforms, Choi-Williams distributions and wavelet
transforms. The short time Fourier transform has the advantage of being easily implement-
able, but suffers from the resolution problem. Therefore, we used Choi-Williams distribu-
tions technique as a high resolution method. Both of these techniques use trigonometric
functions as their basts functions. Wavelet transforms use localized non-trigonometric dic-
tionaries for signal decomposition so they could be more suitable for time frequency anal-
ysis. Therefore we use them as an alternative way to study the time frequency behavior of

heart sound signals.

In all three methods, regions of concentration of energy in time frequency (scale)
are investigated in different bands of frequencies for first, second, and third heart sounds.
We found there are certain similar time frequency patterns in the modulus of the time fre-
quency matrices of before and after angioplasty signals. Comparing the results, it is dis-
covered that the patterns have some average frequency shifts for 85% of the patients. The
frequency shift in frequency bands below 50 Hz is less than 10 Hz, in frequency bands
from 50 Hz to 150 Hz, it is about 10 to 20 Hz and the frequency shift is greatest in the
third heart sound region. Above 150 Hz, frequency shifts exceed 20 Hz. In this frequency
band, the frequency difference between the patterns of before and after angioplasty are

almost the same in the first, second, and third heart sound regions.
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Chapter 1

Introduction

1.1 General Introduction

The modern medical diagnosis techniques of the heart diseases benefit a great
deal from high technological advancements made in recent decades. Very sophisticated
apparatuses have been developed which help physicians in saving many lives every day
around the globe, but still many people lose their lives because of heart failure. Heart
diseases are the most common cause of death in most countries. Among the heart dis-
eases, coronary artery disease is the most common for human beings. More than one
third of fatalities are caused by heart failure and most of them are due to coronary

artery disease (CAD) [56].

This chapter discusses very briefly the basic facts and concepts about the heart.
The primary concern is to highlight the importance of coronary arteries in the vascular
system, introduce the coronary artery disease, and indicate the diagnostic potentials of
the heart sound in regard to CAD. In section 1.2, a brief description of the human heart
is given. In section 1.3, CAD is described and pathological methods of detecting CAD

are expressed. In the next two sections, the heart sounds and electrical activities of the
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heart are discussed. In section 1.6, some of the recent research in phonocardiography
conducted in various parts of the world, is reviewed very briefly. Then the scope of the
research presented in this thesis and material covered in the following chapters are

summarized.

1.2 Brief Description of the Heart

The human heart is a bio-mechanical pump which is neuro-electrically actuated
and circulates millions of litres of blood throughout the body every year. The oxygen
requirements of the human body is maintained by its function. The heart is the most
vital organ in the human body because if it stops for a few seconds, a person will lose
consciousness, and if it stops longer than that, the metabolic needs of brain tissues will
be cut off and the damage to them may be permanent. The cardiovascular system of the

human body consists of the heart, the arterial vessels, the capillaries, and the venous

vessels. Figure 1.1 shows the cross section of an adult human heart!.

Superior
vena cavae

To the Right

To the left

Pulmonary semilunar
valve

Tricuspid valve

Papillary muscles

Inferior vena cavae

Figure 1.1 Adult human heart.

1. From A. Helfgot, “Mathematical modelling of hearts’, PhD dissertaion, University of Adelaide, 1977.
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There are four chambers, four valves, veins and arteries. The heart essentially
functions on the basis of two basic systems that operate simultaneously. One system
consists of the left atrium (LA), the left ventricle (LV), and the corresponding inlet,
outlet and valves. The other system consists of the right atrium (RA), the right ventri-

cle (RV), and the corresponding inlet, outlet and valves.

Periodical contraction followed by a relaxation of the heart muscles pumps
blood out of the heart and then draws blood into the heart. The sequence of events
occurring during contraction and relaxation is called the cardiac cycle. Contraction of
myocardiums (muscles of the heart itself) is due to electrical activity of the heart. When
an electrical impulse passes through a heart muscle, depolarization causes contraction,

and when the pulse travels past the site then relaxation occurs.

Superior vena cavae

Tricuspid valves

Figure 1.2 Successive stage in pumping cycle.

The oxygen-poor and carbon dioxide-rich blood from both upper and lower
parts of the body enter the RA via the great veins, the superior and the inferior vena
cava. The tricuspid valve (an inlet valve), which is situated between the RA and the RV

chambers, acts as a one way passage and lets the blood flow from the RA to the RV.
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The pulmonary semilunar valve (an outlet valve) facilitates unidirectional flow of the
blood from the RV to the lungs via the pulmonary arteries. The oxygenized blood from
the left and right lungs return to the LA by means of four pulmonary veins (two for
each). The LV receives the blood from the LA through the mitral valve, and pumps it to
the aorta through the aortic semilunar valve. These processes are shown in Figure 1.2.
The filling phase of the cardiac cycle is called the diastolic phase, while the contraction
period of the ventricular is known as the systolic phase, in which the heart sends out the

blood.

1.3 Coronary Artery Disease

The heart needs energy in order to keep on functioning regularly. It relies almost
exclusively on the oxidations of substrates for generation of energy. Normally there is a
balance between the myocardial oxygen supplies and demands. The coronary arteries
supply the metabolic needs of the heart muscles. These arteries arise from the aorta just
after its origin from the left ventricle and mainly run around and down the surface of
the heart. So, the coronary blood flow is an essential determinant of the myocardial
performance. Blood flow into the coronary arteries takes place in both the systolic and
the diastolic phases. There are two branches of the coronary arteries, left coronary
artery and right coronary artery. In Figure 1.3 a picture of a human heart with coronary
arteries is shown, and in Figure 1.4 the coronary blood vessels with their branches are

shown in more detail [116].

In the left coronary artery, the blood flow is mainly in the diastolic phase
whereas in the right coronary artery which is distributed down to the low-pressure right

ventricle, the blood flow is evenly spread between the systolic and diastolic phases.

If the myocardial oxygen supplies and demands are not balanced, then that is
indicative of possible occlusions in the coronary arteries. The existence of any stenoses
in these veins is called coronary artery disease (CAD), which is the main cause of death

in the world [56]

CAD is initiated by an abnormal reaction between serum lipids and arterial
intima, causing in turn a series of changes that eventually lead to the formation of inti-

mal plaques and other abnormalities responsible for occlusive arterial diseases [60],
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[113]. There are many risk factors involved in CAD such as: diet, tobacco, absence of

exercise, cholesterol level of blood, etc.

, s ‘“Left Coronary
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Figure 1.3 The coronary arteries.
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Figure 1.4 a) Right and b) Left coronary arteries.
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There is no uniform presenting symptom for CAD. Chest discomfort usually is
the predominant symptom. However, cases of CAD also occur in which there is not any
ischaemic chest discomfort. The consequences are silent myocardial ischaemia, cardiac
arrhythmias, congestive heart failure, and sudden death [21]. In clinical practice, there
are number of techniques used by physicians to detect and diagnose CAD. These diag-
nostic approaches can be categorized into invasive and non-invasive methods. Some of

these methods are explained very briefly in the following paragraphs.

Electrocardiography is a noninvasive method and it is probably the most fre-
quently used technique for heart examination. Myocardial ischaemia and infarction are
among the other heart diseases, besides coronary artery disease, that are assessed by
this method. The abnormalities in the cardiovascular system, especially in case of coro-
nary artery disease, reveal themselves more prominently in electrocardiograms if taken

during or immediately after exercise. This is referred to as stress test [16], [17], [111].

Echocardiography has been one of the essential noninvasive tests for cardiovas-
cular diseases and has become an integral part of cardiac diagnostic evaluations.
Echocardiography has found many applications in the diagnosis of congenital heart
diseases. The term echocardiography refers to a group of tests that use ultrasounds to
assess the condition of the heart by obtaining information in the form of echoes. Coro-
nary arteries are examined using ultrasonic transducers placed at the tip of an intracor-
onary catheter. The transducer then provides a cross sectional view of the coronary

arteries [57].

Radionuclide scanning is a semi-invasive method for CAD diagnosis. It is based
on the detection of radiation emitted from the patient following injection of a solution
of a radionuclide substance such as Tallium-201 into the blood stream. An image of the
heart is constructed based on emitted gamma rays, which is used for CAD detection

[133].

Radiographic examination is another noninvasive method for heart imaging
which involves taking chest X-rays. Since calcium is deposited early in formation of a
plaque in the coronary arteries, therefore X-ray imaging can be used to monitor evolu-
tion of the CAD process. This method is rarely used for CAD diagnosis because its

ability is relatively poor in detecting CAD [118].
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All of these methods have their own advantages and disadvantages, but the most
reliable method for CAD diagnosis is angiography. Angiography is an invasive method
to reveal coronary artery disease and treat the stenosed coronaries. It is a painful and
sometime risky operation. Angiograms are performed only for evaluation of the per-
centage of occlusion. In this case the operation consists of introducing a catether into
the coronary arteries. Then for a very short period of time a dye is released into the
blood stream and at the same time an X-ray is taken. The X-ray shows where and in

what percentage occlusion has occurred.

In operations where the intention is to reopen the blocked arteries, a balloon
tipped catheter is sent into the coronary arteries via the veins of the leg or the arm of
the patient. The location of the stenosis is found by releasing a dye into the blood
stream when the catheter has reached the heart. Monitoring the arteries visually using
X-ray monitoring system reveals the exact location of the occlusion. When the balloon
is placed exactly at the location of stenoses, it is inflated under high pressure. The
plaque is forced to compress under the pressure where it stays compressed after the
balloon is removed. This results in total elimination or considerable reduction in sten-

0OSES.

This method is very painful, patients are not given anaesthesia during the
operation, it is costly, and it involves some elements of risk. There is a probability of
dissection in the coronary arteries caused by pressure exerted when the balloon is
inflated, which requires immediate bypass surgery. On the other hand, this method is
the most reliable method for coronary artery diagnosis and treatment [21], [33], [56],
[113], [116].

1.4 Heart Sounds

Acceleration and deceleration of blood within the heart and vibration of the
cardiac structure give rise to a series of acoustic events called heart sounds and mur-
murs. The energy involved causing the acoustic events, give rise to pressure gradients
in different chambers of the heart and great vessels. The vibrations of cardiac structures
and acceleration of blood masses inside the vessels are the results of the pressure gradi-

ents [75]. The generated sounds are loud enough to be audible by a stethoscope applied
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to the chest, or they can be recorded or registered graphically, a process referred to as
phonocardiography. A heart sound is an acoustic event which is brief and transient
with varying loudness and frequency. On the other hand, a murmur is an event which is
more prolonged and has statistical characteristics, that is their characteristics may vary

from beat to beat [21], [85].

According to their occurrence in the cardiac cycle, heart sounds are categorized
into four basic groups: first, second, third, and fourth heart sounds. Sometimes more
descriptive terms are applied to characterize them relative to systolic and diastolic por-
tions of the cardiac cycle. Rumser has related the contraction and relaxation events of

the heart to the occurrence of the four heart sounds [107]. This is shown in Figure 1.5.

The first heart sound starts with small low frequency vibration, which are usu-
ally below 20 Hz, at the onset of rise in the left ventricular pressure. Then it is followed
with a series of high frequency events, which could be up to 250 Hz, rapid rise in left
ventricular pressure, change in rate of pressure rise due to opening of the aortic valve,
and change of the rate of the pressure in the ascending aorta. The amplitude of the first

heart sound depends on the rate of change of pressure on the left ventricle [74], [75].

The origin of the second heart sound is believed to be associated with tightening
and closure of two semilunar valves; that is, the aortic and the pulmonary valves. It has
been pointed out that the coaptation of leaflet is silent but rapid vibrations immediately
after closure create the sound. The second heart sound has high frequency components

as well [21], [74], [108], [113].

The third heart sound is an early diastolic sound and it occurs towards the end of
the period of the rapid fillings of the ventricles. As for its origin, it is believed that
when the ventricles are rapidly filling, there is a tendency for sudden longitudinal
expansion of the ventricle walls, and it is the limitations of sudden expansion of the

ventricle walls that cause the third heart sound [41], [42], [92]. The third heart sound

occurs from 180 to 200 milliseconds after the second heart sound [74].

The fourth heart sound occurs in the presystolic phase of diastole. As with the
third heart sound, the fourth heart sound also coincides with diastolic filling phase
[130]. This sound is believed to have a similar mechanism as the third heart sound. The

fourth heart sound immediately follows the first heart sound.

8
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(a) Components of first heart sound sound

Figure 1.5 Schematic drawings of the causes of various components of the heart sounds
based on the concept that the vibrations are induced by acceleration and
deceleration of the blood within the elastic chambers.

a) The first sound can be divided into four components. The initial vibrations occur when
the first myocardial contractions in the ventricle shift blood toward the artium to approximate
and seal the atrioventricular valves. The second component begins with abrupt tension of
closed atrioventricular valves decelerating the moving blood. It may represent oscillation of
blood initiated by over distension of the atrioventricular valves, countered by recoil of the con-
tracting ventricular myocardiums. The reaction would be similar to tapping a balloon filled
with water. The third component may involve oscillations of blood between the distending root
of the aorta and the ventricular walls. The fourth component probably represents vibrations
due to turbulence in blood flowing rapidly through the ascending aorta and pulmonary artery.

b) The second heart sound is introduced by a few low-frequency vibrations which may
accompany the deceleration and reversal of flow through the aorta and pulmonary artery prior
to the closure and tensing of the semilunar valves. Although the primary vibrations occur in
the arteries, they are also transmitted to the ventricles and atria by movements of the blood,
valves and valve rings.

¢) The third heart sound occurs at the end of the rapid filling phase. Sudden termination of
the rapid-filling phase may throw the entire atrioventricular system into vibrations which have
very low frequency because the walls are relaxed [107].
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1.5 Electrical Activity of the Heart

The development of direct intracellular recording has provided a clear under-
standing of the electrophysiology of the heart [37]. A single cell is said to be polarized
when there is an accumulation of positive charges outside the cell and a negative
charge of equal magnitude inside it. This state is also called the resting state of the cell.
When an external stimulus is applied, it changes the charge distribution around the cell
membrane, and consequently the electric potential across the membrane reverses. In
this condition, it is said that the cell is depolarized. When a cell depolarizes, it changes
the state of the neighbouring cells and causes them to depolarise too. Thus, a chain

reaction spreads out throughout the entire muscle masses of the heart.

Contraction or depolarization of the heart muscles in each cardiac cycle is initi-
ated by an electric pulse generated at a place in the heart called sino-atrial (S-A) node
which is located at the junction of the right atrium and the superior vena cava. As a
result of such an electrical activity, an electric field is generated. The recording of the
cardiac electrical cycle is called electrocardiogram (ECG). In Figure 1.5, an ECG and a

PCG signals are shown.
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Figure 1.6 a) Typical ECG signal, showing the QRS complex and P- and T-waves,
b) Typical PCG signal.

The electrical pulse at the S-A node depolarizes the atria and in turn the atriov-
entricular node. The P-wave in the ECG signal represents atrial depolarization or con-

traction. After this the impulse travels through fibres of the myocardium spreading

10
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throughout the heart. Ventricular depolarization corresponds to the QRS complex and
its repolarization corresponds to the T-wave in the ECG signal. Therefore the electrical

cardiac cycle consists of three phases: polarization, depolarization, and relaxation.

1.6 Literature Review

Phonocardiography has been a subject of research for many years and still is.
Some thirty years ago a phonocardiographic case study was conducted on a forty-nine
year old man, who was believed to have coronary artery disease [40]. The patient’s

phonocardiogram showed an audible diastolic murmur in the frequency range of 80 to

240 Hz. It was recorded and heard easily when the patient sat up. The same results
were obtained on two occasions and several days apart. The diastolic murmur was
localized to the pulmonic area. The heart valves, the great vessels in chest and orifices
of the coronary arteries of the patient were all normal. The position of the stenosis was
recognised to be the descending branch of the left coronary artery. Study of the cross
section of the thorax verified that the recognized segment for occlusion was the correct

one.

Researchers have looked at the heart sounds for various purposes. Some work
has been done solely for better understanding of the heart sounds, while other research
objectives were to find better diagnosis techniques using phonocardiograms. Various
signal processing techniques have been used to analyse phonocardiograms. A number
of research works on spectral analysis, time-frequency analysis, and wavelet analysis

of the heart sounds have been selected and are summarized below.

1.6.1 Spectral Analysis

In [5], series of parametric methods were applied to the isolated diastolic heart
sounds to obtain spectral features of the signals. A 300 millisecond long timing win-
dow synchronized with the electrocardiogram was used to separate the diastolic portion
of the heart sounds. The window was delayed from the R-wave 300 — 550 millisec-
onds to place it just after the second heart sound. The process was carried out for over
25 heart cycles [114]. Autoregressive modelling methods using adaptive recursive lat-

tice and gradient lattice were used to get the prediction coefficients. It was concluded

11
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that the percentage of spectral energy at high frequencies is greater for normal subjects
than patients with coronary artery disease. In another study, three eigen vector methods
(MUSIC, Minimum-Norm, and Pisarenko) were used to calculate the frequency spec-
tra of the signals. The MUSIC and Minimum-Norm algorithms produced the same esti-
mate of the frequency peaks for all of the data, but the Pisarenko algorithm produced
spurious zeros. It was found that relative power level of the second peak changed in a
consistent manner after angioplastic surgery for all data [6]. In a further normal/ abnor-
mal study, autoregressive moving average modelling was used. The autoregressive and
moving average coefficients were calculated using a modified Yule-Walker technique.
The analysis was carried out for 30 patients, with 20 abnormal heart sounds. The

results obtained showed compliance with previous findings [7].

Linear predictive coding was used to evaluate the spectral components of the
second heart sound [87], [88]. It was demonstrated that the frequency peaks of the
spectrum can be enhanced by a pole enhancement technique which improves the qual-

ity of resonance in the spectrum.

In [110], spectral analysis has been performed for the first and second heart
sounds. Analysis was carried out using a modified forward-backward Prony’s method.
Heart sounds were obtained from normal hearts and also from patients who had
mechanical valves implanted. It was found that certain frequency bands were affected
with the mitral valve implantation while with the aortic valves the high frequency band

was affected.

1.6.2 Joint Time-Frequency Analysis

Joint time-frequency techniques such as short-time Fourier transforms, Cohen’s
class of distributions have been used for three dimensional representation and analysis
of the heart sounds and electrocardiograms. Many analysis of the time-frequency local-
ization of different signals have been reported [20], [19], [49], [79], [80]1, [83], [137].
Spectrograph and binomial time-frequency representations have been used to expose

the understanding of the mechanics of the first heart sound [137], [139].

In [54], Cohen’s class of distributions was used to study the time-frequency

behaviour of the heart sounds. The assessment of the bioprosthetic valves was per-

12
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formed by utilising a Bessel based kernel function. Time-frequency analysis of the
heart sounds was carried out with the normal and degenerated bioprosthetic valves. It
was shown that the complex frequency distribution of the heart sounds generated by the

degenerated valve differs from that of the heart sound with the normal valves.

In [106], various time-frequency methods such as the short time Fourier trans-
form, the Choi-Williams distributions and Binomial distributions are applied to the
heart sounds. The heart sounds were visualised as pictures in time-frequency plane. It
is concluded that the amount of information gained depended greatly on the techniques

used, and higher resolution methods gave much better results.

In [139], heart sounds of eight dogs were recorded from an open chest surgery,
to investigate the origin of the first heart sound. The time-frequency characteristics of
the signals were studied using the binomial transform. Joint time-frequency analysis
provided much better assessment of individual cardiac structures and results of the
study showed that the presence of rapid frequency dynamics in the first heart sounds

limits the usefulness of stationary analysis techniques for this purpose.

In [1], joint time-frequency analysis techniques were used to obtain information
about the temporal variations of the spectral components of the heart sounds in a nor-
mal/abnormal study. Wavelet transforms and short time Fourier transform were utilised
in identifications of normal sounds. It was concluded that both techniques provide use-
ful information about the state of heart. The significance of some of the information

was elucidated with the aid of other techniques such as echocardiography.

In [22], several generalized time-frequency distributions were used to study
multi-component characteristics of intracardiac phonocardiograms. Signals were
obtained from six patients using catheter-mounted transducers. Methods of study
included spectrograms, binomial distributions, and Zhao-Atlas-Marks distributions. It
was suggested that some of the time-frequency techniques could be utilised in the

design of automated auscultation systems.

A specially designed flow simulator was used to produce sounds in the mitral
valve prostheses. Time variations of power spectra of the produced sounds were stud-

ied using the short-time Fourier representation. Three types of valves were investigated

13
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for structural deficiencies and functional abnormalities. Joint time-frequency technique

was found useful in quality control purposes and identifying faulty valves [94].

In [139], the Wigner distributions and the short-time Fourier transforms were
used to study the frequency behaviour of the first heart sound during the isovolumic
contraction period. The heart sounds were recorded directly from the anterior left ven-
tricular epicardium from adult dogs. Both time-frequency techniques detected a rise in
frequency of the first heart sound shortly after the R-wave of electrocardiogram, but the
power spectrum failed to provide and confirm that phenomenon. In [138], the same
time-frequency techniques were employed to reveal the frequency dynamics of the first
heart sounds of the human heart noninvasively. The multi-component behaviour of the

first heart sound was observed in the joint time-frequency plane.

The short-time Fourier transform was used for 3-D representation of phonocar-
diograms. Filter bank summation method was used as analysis technique. The 3-D rep-
resentation was used to identify the first and the second heart sounds, which had not

been revealed in the recordings [115].

An automatic pattern recognition system is proposed in [85] for cardiac diag-
nostic purposes. The cardiac cycle was detected and its spectral features were extracted
using autoregressive modelling. A data bank was generated which contained the fea-
tures of the reference patterns for comparison. Arterial septal defect, cardiac valve
stenoses, left bundle branch block, cardiac valve regurgitation, as well as normal heart

sounds were studied.

Another automatic diagnosis system based on pattern recognition of phonocar-
diograms was reported in [62]. Spectral patterns of phonocardiograms were extracted
using linear prediction analysis. A single beat cycle was divided into four parts and
studied. It was reported that the linear prediction analysis can extract low frequency
components of the first and the second heart sounds. Five different heart diseases were
investigated, and it is reported that 90% correct classification was obtained by this

method.

Based on statistical methods, normal and abnormal heart sounds with different
cardiac diseases were processed [15]. It was assumed that heart sounds can be classi-

fied into deterministic and nondeterministic sounds. Deterministic sounds are those
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events that repeat themselves in every heart-beat such as opening and closing sounds of
valves. In contrast, a nondeterministic sound is one which may vary from beat to beat
such as sound of randomly varying turbulent flow. The averages and variances were
calculated for an ensemble of heart-beat cycles for all of the data. Variations of sounds

in time was assessed for diagnostic values.

1.6.3 Wavelet Transform Analysis

In [43], heart sounds were studied using wavelet transforms. It was found that
this technique is capable of distinguishing high and low frequency systolic and dias-
tolic murmurs, and it can easily detect the temporal locations of the auscultatory gap,
which is a silence that may appear when the velocity of arterial flow into the arm is
reduced. Abnormal phonocardiograms were distinguished from normal. It was argued

that these findings cannot be achieved using direct Fourier transform techniques.

In [3], abnormal heart sounds were studied using discrete time wavelet trans-
forms. The intention was to detect very low frequency murmurs which fall well below
audio frequency range and which cannot be identified by normal auscultatory proce-

dures. It was found that wavelets are very useful for this application.

In [4], ways of detecting the coronary artery disease were studied using heart
sounds based on neural networks and wavelet transforms. Diastolic heart sounds were
extracted from phonocardiograms of patients with coronary artery disease. A feature
vector is formed using the wavelet coefficients and information from physical examina-
tion of the patients. This feature vector was used as a pattern to neural networks for

classifications of normal and abnormal sounds.

In [13], the phonocardiograms of patients with aortic valvular disease were ana-
lyzed. The diagnostic potential of the wavelet analysis technique was emphasized.

Time-frequency characteristics of normal and abnormal cases were compared.

In [90], a comparison was performed on the analysis of the first and second
heart sounds in phonocardiograms using the short-time Fourier transform, the wavelet
transform, and the Wigner distribution methods. The aim was to detect the aortic valve

components and pulmonary valve components of the second heart sounds and four
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components of the first sound. It was shown that wavelet transforms are capable of
detecting these components, but the direct Fourier transform and short-time Fourier
transforms fail to do it accurately, and the Wigner distributions’ results are not as clear

as the wavelets.

1.7 Scope, Outline, and Contributions of the Thesis

1.7.1 Scope of the Thesis

The importance and diagnostic potentials of the heart sounds has been discussed
in previous sections. It was highlighted that coronary artery disease is one of the major
heart diseases. It was pointed out that the events occurring in the heart are reflected in
the heart sound at different temporal locations; that is, heart-beat signal is divided into
four heart sounds. We propose to apply time-frequency and time-scale techniques to
phonocardiograms of patients with coronary artery disease. We intend to elucidate a
mechanism by which phonocardiograms are used to investigate the changes introduced
to the heart sounds by the blockage of coronary arteries. The methodology taken is to
compare the features of the diseased heart sounds with its features when stenoses are

removed, totally or partially.

The spectral analysis techniques such as: autoregressive moving average model-
ling [7], autoregressive modelling [5], linear predictive coding [87], [88], modified for-
ward-backward Prony’s method [110], used for various heart sound analysis purposes,
mentioned in section 1.6, all provide only spectral information of the signal. They do
not yield any temporal localization of the spectral components of the signal. Hence, in
order to obtain more revealing picture of the temporal localization of the spectral com-
ponents of the heart sounds, joint time-frequency techniques are chosen to study the
heart sounds in this thesis. Utilization of the joint time-frequency distributions and the
wavelet transforms serves two purposes: first these methods will show the temporal
locations of the energy spread over the heart-beat cycle, second they will indicate how
the frequency contents of all of the four heart sounds vary over time. The time-fre-
quency techniques could aid in detection of the different sound components, which

may be difficult to distinguish in the original phonocardiograms. We have selected
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three techniques from many different techniques available, that is short-time Fourier
transform, Choi-Williams distributions, and wavelet transforms. The short-time Fourier
transform is a well-known technique and can be considered as a benchmark for com-
parison. The Choi-Williams distributions is an alternative method for time-frequency
analysis and overcomes the shortcomings of the short-time Fourier transform. The
wavelet transforms are different from other two just mentioned. In the section 1.7.2, the

advantages and disadvantages of these techniques will be explained in more detail.

Time-frequency techniques were used for the analysis of phonocardiograms, but
to the best of my knowledge it has not been used to analyse phonocardiograms before
and after angioplasty. Understanding of the changes in time-frequency features of the
heart sound of patients before and after angioplasty can help physicians to provide a
better diagnosis of coronary artery disease. It may also help medical students to better
understand the structure of the diseased phonocardiograms. That is, the results
obtained in this study can show how the spectral components of a diseased phonocar-

diogram is related to temporal localization of the signal.

1.7.2 Outline of the Thesis

This thesis is divided into nine chapters. In Chapter 2, we explain the details of
the recording process of phonocardiograms from patients with the coronary artery dis-
ease. The heart sound data are recorded from patients undergoing angioplasty surgery;
special equipment set-up was arranged for this purpose. Recordings were carried out

before and after angioplasty. Synchronised electrocardiograms were also recorded.

One of the prime concerns in a real data analysis is noise cancellation. It must
be performed without distorting the signal. Obviously, if the noise spectrum does not
overlap the spectrum of the signal, noise cancellation becomes a trivial job and simple
filtering will accomplish the task. However, most of the time that is not the case; there-
fore, one of the approaches taken to reduce noise is to use adaptive filtering. In Chapter
3, the use of adaptive filters in noise cancellation from heart sounds is discussed. The
kind of noise present in the recorded heart sounds is expected to be uncorrelated with
the signal; therefore, an adaptive line enhancement filter is used to reduce the noise. A
modified adaptive line enhancement filter is developed for this purpose and discussed

in Chapter 3.
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In Chapter 4, an algorithm is developed to prepare a single heart-beat sound sig-
nal to be used in the analysis carried out in the subsequent chapters. The beat cycles for
each heart sound are extracted from a long data record, then they are averaged and a
single heart-beat cycle is obtained. The heart-beat separation algorithm is based on cor-
relation and uses the synchronously recorded electrocardiograms to decompose the

long data record to its constituent cardiac cycles.

The time-frequency/time-scale analysis involves finding the locations of con-
centrations of energy in the time-frequency/time-scale planes. The moduli of time-fre-
quency/time-scale representation of the heart sounds are considered as three
dimensional images with locations of concentrations of energy as local maxima points.
In Chapter 5, an algorithm is developed for detection of local maxima in time-fre-

quency/time-scale planes.

In Chapter 6, results of applying short-time Fourier transform to heart sound
analysis are presented. Although this technique has resolution restrictions, it is easy to
implement and it has less computational load compared to other methods of time-fre-
quency calculation. The most suitable analysis window has been found to be the
chebychev window for this application. A method is developed for recognition of time-

frequency patterns of local maxima.

In Chapter 7, the application of another time-frequency technique in heart
sounds analysis is investigated. The Wigner distribution is an alternative method for
time-frequency analysis. It overcomes the resolution restriction of the short-time Fou-
rier transform, but it has the severe problem of cross terms, which are terms generated
due to bilinear structure of the Wigner distribution; further explanation of cross terms
can be found in Chapter 7. In some applications, such as heart sound analysis, cross
terms highly restrict its usefulness. In order to reduce the effect of cross terms, the
Choi-Williams distribution is used. This method has a great computational load; there-
fore, an algorithm is developed to calculate the time-frequency matrix for the Choi-
Williams distribution with a minimum number of multiplications. The algorithm is pre-

sented in Appendix B.

In the past decade wavelets have emerged as a tool for signal processing, they

provide a unified, consistent, and rigorous formulation of multi-scale data analysis. In
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Chapter 8, the continuous wavelet transform is used for time-frequency analysis of the
heart sounds. Morlet wavelets are chosen as basis functions. The modulus of the wave-
let transform of the heart sounds is used as the time-scale matrix and concentrations of
energy places are located and then time-frequency patterns before and after angioplasty

are compared.

Finally in Chapter 9, a comparison is made of the results obtained from Chap-
ters 6,7, and 8. The main conclusions to the thesis are stated and the scope of the future

work is outlined.

1.7.3 Contribution

The work described in this thesis contributes to the understanding of differences
in the time-frequency behaviour of the heart sounds with coronary artery disease before
and after angioplasty. In Chapter 3, a modification to the adaptive line enhancement fil-
ter is made to improve its noise cancellation performance. The proposed method intro-
duces poles into the pass-band region of the all zero tapped delay line enhancement
filter. An algorithm for updating the coefficients of the new filter is derived based on
the method of least-squares; this algorithm is presented in Appendix A. In Chapter 4,
an algorithm to extract a single heart-beat signal is proposed. A thresholding technique
is introduced to determine the beginning of the cardiac cycle in the electrocardiograms.
This is used to decompose the synchronously recorded phonocardiograms to heart-beat
cycles. Frequency domain averaging is used to prepare the final heart-beat signal. In
Chapter 5, an algorithm is developed to identify the locations of concentrations of
energy in the time-frequency plane; it is called the local maxima detector. The method
is based on detecting the highest energy level of the time-frequency matrix, then deter-
mining its boundaries, removing it from the time-frequency matrix, and repeating the
process until all local maxima are detected. A criterion to segregate local maxima due
to signal from those due to noise is also developed. In Chapter 6, a method is proposed
to compare the local maxima of the heart sounds of patients before and after angi-
oplasty. The method is based on the energy levels, temporal locations, and frequency
locations of the local maxima. In Appendix B, an efficient method for calculations of

the Choi-Williams distributions is proposed.
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Chapter 2

Data Acquisition

2.1 Introduction

Auscultation of the heart involves actively listening to the sounds made by the
contracting heart muscles, movement of blood in the vessels, and movement of the
heart valves throughout the cardiac cycle. Assessment of the function of the cardiac
system is usually the purpose of auscultation. It is popular and very simple to carry it
out, and it is a noninvasive method. Auscultation is performed with the aid of an instru-
ment called a stethoscope which minimally consists of a flat diaphragm attached to a
headset via a flexible tubing. Graphical auscultation of the heart sounds can be
regarded as a phonocardiogram, where the stethoscope is replaced with a microphone,

and the output is directed to a recording apparatus.

The purpose of this chapter is to illustrate the process of recording of the heart
sounds and electrocardiograms for this study. In section 2.2, a historical view is made

of the heart sounds as a means for cardiac assessment. Then the areas of the chest
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where phonocardiograms are recorded is explained in section 2.3. The heart sounds
that are used in this thesis are recorded from patients undergoing angioplasty in the car-
diology department of the Royal Adelaide hospital. We have set up an equipment to
carry out the recordings of both the heart sounds and electrocardiograms. In section 2.4
to 2.6, the recording process of heart sounds and utilization of the equipment are
explained. In section 2.7, physical conditions, location of the stenoses of the coronary
arteries, and percentage of the occlusion before and after angioplasty of the patients

whose phonocardiograms were recorded are presented.

2.2 Historical review

Probably for many centuries before the modern time, physicians put their ear to

the chest of patients and listened and felt impulses and sounds, although there are no

records available to indicate that. It was in the 17% century that Carvisart and Bayle
applied their ears to the surface of the chest and described the sounds that were caused

by heart beat [73].

The first stethoscope which was made of wood was invented by Laenne in 1819
[11], [73]. The main objective of the invention was to avoid direct listening with the ear

to the heart beat, which was considered indecent and inconvenient. Laenne also

described the first and the second heart sounds, but it was not until the 19" century that
the wrong interpretations of the heart sounds were corrected, the fundamental basis for
the cardiac auscultation was established, and the outstanding acoustical features of the

stethoscope were recognized.

The first recordings of the heart sounds were made by Huerthhle in 1895 using
an elementary microphone. The first clinical phonocardiogram was recorded by Lewis
by means of a string galvanometer [73], {112]. Subsequently, modifications to the
recording process were made by others. Good progress was made to phonocardio-
graphic recordings as a result of availability of electronic amplification which became

possible with the development of vacuum tubes.
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Today, the auscultation of the heart is performed with properly fitted stetho-
scopes that possess a diaphragm for high frequencies and a bell for medium and low
frequencies. The examiner can readily switch from one chest piece to the other [35],
[71]. The heart sounds for phonocardiographic recordings are picked up by highly sen-
sitive piezoelectric sound sensing devices, and recorded with specially designed fre-
quency modulated (FM) recorders. Development of digital signal processing
techniques has made it possible to analyse the phonocardiograms for various clinical

applications and diagnostic purposes.

2.3 Areas of chest for phonocardiographic recordings

Traditionally there are six areas on the human chest from where phonocardio-
graphic recordings and ausculation are usually carried out. These areas have been cate-
gorized from two lines of studies: 1) by comparison of auscultation with those of
catheterization and surgical findings, 2) observations of phonocardiograms and their

evaluations. These arcas are briefly explained here and are shown in Figure 2.1 [73].

LAA

LVA

Figure 2.1 Areas of chest for phonocardiography [74].
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o Left Ventricle Area, LVA

This area is the best location to hear any abnormality in the heart sounds caused
by stenoses in the mitral valve and abnormality in the left ventricle and the left atrium.
Aortic insufficiencies can be heard in this area as well. This area centres around the

apex.
® Right Ventricular Area, RVA

This area is the best location to hear any abnormality in the heart sounds caused
by stenoses in the tricuspid valve and abnormality in the right ventricle and the right

atrium. Pulmonary insufficiencies can be heard in this area as well. This area includes

the lower part of the sternum and the 3™ and 4t interspaces on both sides of the ster-

num.
® Left Atrial Area, LAA

The area to the left of the apex and above it is considered to be the left atrial

area. This area is also well suited for cases with mitral insufficiencies.
® Right Atrial Area, RAA

Any abnormality in the tricuspid valve can be heard or recorded in this area. It

5[h

extends one to two cm to the right of the sternum in the 4™ and interspaces.

@ Aortic Area, AA

In this area vibrations caused by abnormalities in the aorta, and abnormalities in

the carotid are heard or recorded. This area starts at the 3™ left interspace and extends

up to the 1%

right interspace.
® Pulmonary Area, PA

This is the location to hear or record abnormalities in the pulmonary arteries.

This area corresponds to the 2" and 3 Jeft interspaces close to the sternum.

2.4 Signal Acquisition Process

A schematic representation of the heart sound data acquisition system is shown

in Figure 2.2. An HP model 21050A piezoelectric contact sensor was used to pick up
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the heart sounds from the PA, lower part of RVA, and LVA areas of the chest of patients
with coronary artery disease in the cardiology department of the Royal Adelaide Hos-
pital. The output signal of the contact sensor was in microvolt level. The signal was
amplified to volt level and then lowpass filtered with an antialiasing filter before it was
digitized. The cutoff frequency of the lowpass filter was set equal to 1 kHz. This fre-
quency was chosen because the sampling frequency was set equal to 2 kHz. The output
of the lowpass filter was applied to channel one of an FM recorder. The Hewlett-Pack-
ard HP 3964A four channel FM tape recorder was used. Simultaneously, lead II elec-

trocardiogram was recorded in channel two of the FM recorder.

Cl_:_, Pre-amplifier > Low pass filter

Microphone I

FM recorder

®_|_’ Pre-amplifier p| Low pass filter ) Wi
ECGdot |

Analog Preprocessing

Digital Processing |«

Quantizer |€ Sampler

Figure 2.2 Block diagram of the data acquisition system for heart sound.

Sampling and quantizing, [91],was carried out on a Pentium PC using Labview.
The sampling frequency was set to 2 kHz. The reason for selecting 2 kHz is that it is
believed that the heart sounds do not contain frequency components higher than 1 kHz.
The analog-to-digital resolution of the hardware used was 12-bit. About 25 to 45 sec-

onds of each of the recorded data were digitized and stored for further processing. The
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sampling, quantization and storing processes were carried out for both the phonocardi-

ograms and the electrocardiograms simultaneously.

We have made 42 recordings. Each recording was carried out in two stages.
First the heart sound and the electrocardiogram of the patient were recorded before the
angioplasty operation. Then the recordings were repeated in the same day about an

hour after angioplasty.

2.5 Pick-up device for phonocardiography

The human ear is a marvellous apparatus, but it is poorly suited for cardiac aus-
cultation because of the characteristics of the cardiac sounds. The hearing threshold
frequencies of normal people are about 40 Hz and 15 kHz. However, in heart sounds
there are some low frequency components that are below the hearing threshold fre-
quency of most people. To understand the clinical implications of the phonocardio-
grams and to be able to recognise certain events in heart sounds, there is need for

special training.

Since heart sounds are acoustic waves, some kind of microphone is needed to
pick them up. One option is to use magnetic microphones, but they are not suitable
because they typically have a low cut off frequency of around 50 Hz, which is too high
for heart sounds. Other factors such as low impedance, low sensitivity (typically about

1 mV/Pascal) make them useless for the heart sound recordings.

Condenser microphones are another type of microphone used for acoustical
pick-ups. Their operations are based on the capacitance change caused by the move-
ment of the diaphragm. These microphones are not suitable for phonocardiography
either. They exhibit better frequency response characteristics than the magnetic micro-
phones, that is they have lower cut off frequency (around 20 Hz), but this is still consid-
ered high for the heart sounds. Other features of these microphones are high
impedance, higher sensitivity (typically around 10 mV/Pascal), and higher noise figure.

These characteristics put restriction on using them for the heart sound recordings.

Another type of pick-up device is a piezoelectric sensor. Suitable wafers or

slabs of crystalline or ceramic materials exhibit an electrical polarization that changes
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with mechanical deformations. They generate a potential difference between opposite
faces when subjected to torsional or bending stress. This phenomenon is called the pie-
zoelectric effect. The usual piezoelectric microphone comprises a sandwich of oppo-
sitely polarized slabs joined to form a single unit with metal electrodes attached to
them. Vibrations caused by external pressure give rise to a voltage difference at the out-
put terminals proportional to the effective displacement. This kind of microphone is
suitable for phonocardiographic recording. The Hewlett Packard HP 21050A has been
used as a pick-up device for recordings in this study. This pick-up device is specially
designed to pick-up heart sounds for diagnostic references in biomedical studies. Its
characteristics are shown in Table 2.1. It is also supported with a perforated rubber belt
and belt adapter that allow the sensor to be strapped firmly to the patient. It operates on

the basis of displacement of the contact sensor tip with respect to the housing.

Table 2.1

Sensitivity Force: 10nV/ dyne
Displacement: 40mV / micron

Frequency response, in hertz 0.02 < F <2000

Capacitance, in nanofarads 20nF

2.6 Pre-amplification and Low-pass Filtering

Pre-amplification and low-pass filtering constitute an analog preprocessing
stage which is required to amplify and filter the heart sounds and the electrocardio-
grams. The amplifying stage is essential in order to satisfy the amplitude requirement

of the FM tape recorder and lowpass filtering is aimed for anti-aliasing purposes.

We have designed and built a dc high gain amplifier using low noise operational
amplifiers. The amplifying stage is followed with a low-pass filter. A 10-pole butter-
worth filter with cut off frequency of 1 kHz has been designed and built using active
analog elements. The design of the pre-amplifier and low-pass filter circuits will not be
discussed here, as their designs are standard. The frequency response of the equipment
(microphone, FM recorder, and filters) was checked by applying sinusoidal signals and
examining the spectrum of the responses; thereby the correct operation of the equip-

ment was verified.
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2.7 Data records

Table 2.2 shows a description of stenoses for the patients used for this study
before and after angioplasty. The patients were chosen to cover a vast range of age and
severity of the disease as well as other pathological conditions. These conditions are

shown in Table 2.2.

In Table 2.2, the second column represents the location of the stenoses. The
third column is the percentage of occlusion of the stenoses before the angioplasty,
while the fourth column shows the percentage of occlusion of the stenoses left after the
operation. In the fifth column, blood pressures of the patients during the operation are
listed. The numbers on the left are systolic pressures and those on the right are diastolic

pressures. The last column shows the age of the patients.

The length of each recording was between 45 and 60 seconds. Each recording
was performed in three areas of the chest; that is in the pulmonary area, right ventricle
area, and left ventricle area. Recordings were carried out at patients’ bedside with

patients lying on the bed with their chest fully exposed.

Table 2.2
%o %0 pressures
stonoses before | after |S. D. age
1 LAD %90 %10 110 60 71
LCFX %70 %0
2 RCA %70 %10 140 80 |63
LCEFX %80 %10
3 RCA %60 %5 110 65 |50
LCFX %99 %20
LAD %99 %10 100 60 |38
5 LAD %90 %30 100 50 |75
6 LAD %80 %20 130 70 |75
RCA %50 900
7 LCFX %90 %0 150 65|78
8 LAD %99 %0 140 80 | 60
9 LCFX %90 %20 100 60 | 57
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%o % pressures
stonoses before | after |S. D. age
10 | RCA %90 %0 100 60 | 57
11 RCA %90 %10 120 75 | 84
LAD %99 %25
12 | LAD %99 %35 110 60 |47
13 | RCA %80 %0 100 60 |43
14 |RCA %99 %20 110 75 | 61
15 |LAD %80 %0 110 75 |52
16 |LAD %90 %0 120 80 | 66
17 | RCA %60 %20 110 65 |65
18 | LCFX %90 %10 130 65 |60
19 | RCA %90 %10 170 100 | 45
20 |[LAD %90 %25 120 80 | 70
21 LCFX %99 %0 110 60 |70
RCA %70 %0
22 | LAD %90 10% 105 50 | 60
RCA %100 | 25%
23 | RCA %85 %0 100 55 |55
24 | LAD %90 %0 113 65 |75
(2 lesions)
25 |LAD %60 0% 155 80 |65
RCA %50 0%
26 |LAD %70 %0 144 75 | 64
27 | LAD %50 %0 110 62 |63
LCFX %90 %30
28 | LCFX %70 %20 100 55|72
29 | RCA %95 %10 130 70 |75
30 |LCFX %70 %10 160 80 | 70
31 |[LAD %100 15% 90 60 |51
32 |RCA %90 %10 160 90 | 41
LCFX %60 %0
33 | LAD %80 %0 110 70 | 30
34 |RCA %90 %0 120 65 | 57
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%o %o pressures
stonoses before | after |S. D. age
35 | RCA %100 10% 120 80 | 69
LAD %90 10%
LCFX %95 20%
36 |LAD %75 %10 170 100 | 70
37 |LAD %90 %5 120 65 | 30
38 |RCA %85 %0 140 70 | 42
39 |LAD %90 %20 95 60 |39
40 |LAD %95 %10 150 60 | 52
LCFX %70 %10
41 |RCA %80 %0 140 80 | 63
42 RCA %70 %0 150 60 | 56
LAD %90 %10

RCA: right coronary artery
LCEX: lateral circumflex
LAD: left anterior descending.

In Figure 2.3 and Figure 2.4 typical recordings from Table 2.2 are shown. These
figures show the phonocardiograms and the electrocardiograms of cases 1 and 10 of
Table 2.2, respectively. In parts (a) of the figures, the phonocardiograms before angi-
oplasty are shown, whereas in parts (c) the same patient’s heart sound after angioplasty
are plotted. In parts (b) the synchronously recorded electrocardiograms before angi-
oplasty operation are shown and in parts (d) the synchronously recorded electrocardio-

grams after angioplasty are shown.
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Figure 2.3 Phonocardiograms and electrocardiograms of case 1 before and after

angioplasty.
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Figure 2.4 Phonocardiograms an electrocardiograms of case 10 before and after
angioplasty.
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Chapter 3

Adaptive
Line Enhancement
Filtering
of Heart Sounds

3.1 Introduction

Filtering constitutes one of the major building blocks in signal processing. Fil-
ters were originally used as circuits and systems with frequency selective behaviour,
but for many applications it is necessary to design more sophisticated filtering systems
than collections of tuned circuits. As a result, there have been growing developments in
filter design theory. Over the past four decades, adaptive filtering is one of the major

developments in filter theory. It has been successfully used for many years.

Noise cancellation is one of the largest applications of filters. It is usually per-
formed by passing a noisy signal through a fixed impulse response filter. However, this
method is not a very efficient way to tackle the noise problem if the frequency spec-
trum of the signal and noise overlap. It is an efficient way to remove only out of band
unwanted frequencies. Whenever the noise signal has a wide-band spectrum, this
method is not applicable at all. In many signal processing applications such as biomed-

ical engineering, communication networks, radar monitoring systems, control systems
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and others, usually a narrow-band signal is contaminated by a wide-band noise. There-

fore adaptive filters are used.

It was discovered in the 1960’s that adaptive filtering is an efficient way of can-
celling wide-band noise from narrow-band signals. Therefore, as an alternative method
to estimation of signals from additive interferences, a new adaptive noise suppression
technique was developed [134]. Since then its use has become widespread in many
areas of signal processing especially in biological signal processing [8], [63], [121],
[124], [135]. Adaptive filtering has found applications in many areas: sometimes the
frequencies of sinusoids are of interest, sometimes an enhanced signal is desired, and

sometimes a signal with time varying frequencies is tracked.

Generally, adaptive filters use a reference noise signal to adapt their impulse
response. The adaptive line enhancement (ALE) filter is a special case where no refer-
ence noise signal is required for retrieval of signal from noise. The steady state behav-
iour of an ALE filter with an input composed of multiple sinusoids with additive white

noise is analysed in [143].

In order to emphasize the applicability of the adaptive and ALE filters, we will
briefly review some of their applications in biological signal processing areas. In [63],
adaptive filters were used to minimize the effect of the heart sounds on lung sounds. A
300 coefficient finite impulse response filter was used. A least-mean-square algorithm
was used for adaptation of the filter. It was feasible to reduce the heart sound from
breath sound by 50-80 percent. In [8], an adaptive line enhancement filter was used for
background noise cancellation of the diastolic heart sounds. The lattice implementa-
tions with filter order of 10 and decorrelation delay of 7 was used. The performance of
the filter was assessed by spectral analysis of the signals. It was found that ALE
reduced the background noise of the signals. One of the areas of applications of the
ALE filters is noise cancellations of the electrocardiograms (ECG). In [124] a multi-
input adaptive filter was used for noise cancellation of ambulatory ECG signal for
arrhythmia detection purposes. A reference noise signal was obtained for various
noises that appeared in ambulatory ECGs. In [135], a reference signal based adaptive

power-line noise cancellation from ECG signal was proposed.
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The objective of this chapter is to investigate the application of adaptive line
enhancement filter for background noise cancellation from the heart sound signals. We
intend to improve the signal-to-noise ratio (SNR) of the recorded phonocardiograms by
utilizing ALE filters. The organization of this chapter is as follows. In sections 3.2 to
3.6, we briefly review adaptive filters, adaptation algorithms, and adaptive line
enhancement filters. This is followed by an explanation of the pole-zero diagram of a
converged tapped delay line ALE filter. Then a new implementation for transversal
tapped delay line adaptive line enhancer is introduced in section 3.7. We will call it the
Modified ALE filter. We should mention that our intention is not to go very rigorously
in design details of adaptive filters, rather we are seeking to improve the SNR of the
heart sounds and therefore we modify the ALE configuration to the extent that it can
serve our purpose. In section 3.8, the performance of the modified ALE filter by a sinu-
soidal signal contaminated with noise is illustrated. Then in section 3.9, the adaptation
algorithm for the modified ALE filter is explained and its derivation is given in appen-
dix B. In section 3.10, heart sound signals are applied to the ALE and modified ALE

filters and results are compared.

3.2 Adaptive Filters

Adaptive filters have two major differences with non-adaptive filters [61]. First,
their internal parameters can be used to control their transfer function over a useful
range. Second, the features of the external environment can be tracked by the transfer
function of the filter. This is accomplished by an adaptation algorithm. The adaptation
algorithm acts as a control element which shapes the internal parameters of the filter
according to features of the external environment. Parameter variations imply that
these filters are time- or shift-variant. However, the variations are very slow relative to

the highest frequency component of the input signal.

A block diagram of an adaptive filter is shown in Figure 3.1. In this figure, the
signal to be filtered is the primary input. The output of the filter is compared with
another input, the desired input. The difference between the output of the filter and the

desired input, is called the error signal. The objective is to make the error signal as
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small as possible. A performance index is defined, which usually is in the quadratic

form of the error signal. Then the performance index is minimized and used to update

the impulse response parameters, i(n), of the filter.

Desired input
d(k)
Pri : +
rimary input Output
— h(n) |
x(k) y(k)
error signal

T e(k)

L—>» Adaptation Algorithm

Figure 3.1 Block diagram of an adaptive filter.

3.3 Structures for Adaptive Filters

There are many ways in which an adaptive filter can be realized. The most pop-
ular ones are: transversal (also known as finite impulse response (FIR) filters), recur-
sive, and lattice filters. Transversal filters are easily understood and analysed, and they
are stable but they have a finite-duration impulse response. Recursive filters have infi-
nite duration impulse responses and sharp spectral cutoff, but they can become unsta-
ble. Lattice filters are essentially the same as transversal filters except that their order
can be updated when deemed necessary. Since we are going to use transversal filter for

this application, we will not discuss any aspects of recursive and lattice filters.

An N-tap transversal tapped delay line filter is shown in Figure 3.2. The input
vector to the filter is composed of the N most recent samples of input signal x(k). The

input vector to the filter taps and unit sample response of the filter are denoted, herein

by s(k) and h(k), respectively.
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T
s(k) = [x(k) x(k=1) x(k=2) ... x(k—N + 1)] Eq3.1
T
h(k) = [ho, by, by ... by ] Eq 3.2
x(k) : ,
71 71 Lo 7!
hy l hy I Y T ';l
d(k) No?/ = o B X
e(k) "
- - +
y(K)

Figure 3.2 Tapped delay line implementation of FIR filter.

3.4 Adaptation Algorithms

Adaptation is accomplished by the adaptive algorithms. The objective is to gen-
erate an output, y(k), which results in a minimum error, e(k), with respect to a refer-

ence signal, d(k) . The error signal is expressed as

e(k) = y(k)—d(k) Eq3.3
and it should be as small as possible. The minimization criterion is usually in the quad-
ratic form. The most common criteria are the mean squared error (MSE) and the least

squares (LS).

3.4.1 The Mean Squared Error Criterion

The basis for mean squared error algorithms is the statistical properties of data
signals. The input signals x(k) and d(k) are assumed to be wide-sense stationary
discrete random processes with known autocorrelation and power spectra. The
expected value (denoted by E) of the quadratic form of the error signal is the objective

function to be minimised. Therefore the performance index is defined as
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J = E{e’ ()} = E{[d(K)-y()]’} Eq 3.4

The output of the filter is equal to the convolution of its primary input with its
impulse response.

N-1

y(k) = Y hx(k-J) Eq3.5
j=0

Substituting Eq 3.5 into Eq 3.4 results in

J = E{[d(k) -k ()s (k)] } Eq 3.6
or

J = E{d* (k)Y -2E{d(k)s” (k) Yh(k) Eq3.7
+h () E{s(k)s” (k) Yh(k)

The first expectation in Eq 3.7 is simply the mean squared power of the desired
signal. The second expectation is the cross-correlation vector between the desired input
and primary input. The last expectation is the autocorrelation matrix of the primary

input. These terms are defined as

o%a = E{d*(k)} Eq 3.8
Py = E{d(k)s (k)} Eq 3.9
R, = E{s(k)s (k)} Eq3.10

Substituting Eq 3.8 to Eq 3.10 into Eq 3.6 yields

J=0"4-By+h'Ryh Eq3.11
To get the optimum impulse response parameters of the filter, A, it is essential to mini-
mize Eq 3.11 with respect to k. The matrix R is non-negative, symmetric, and Toeplitz
[76], hence invertible. The gradient of J is given by
A null gradient yields the optimal impulse response vector as

R =R 'N-By Eq3.12
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Eq 3.12 is called the Wiener-Hopf equation [144]. The surface of the J is depicted in

Figure 3.3 for N = 2.

A

mean squared error

Cmin | —

Figure 3.3 Quadratic error surface and optimum impulse response parameters.

3.4.2 The Least-Squares Algorithm

An alternative method for MSE is the least squares (LS) method which does not
require a prior knowledge of the second order statistics of the signal. The performance
index is defined to be the time average of the squared error. That is, the objective of the
LS method is to determine the impulse response parameters of the filter which mini-

mize the sum of squared errors. Therefore Eq 3.4 becomes

L-N
J= Y Ew Eq3.13
k=1

where L is the number of observations in input sequence x (k). The autocorrelation
matrix, Ry of Eq 3.10 changes to that of Eq 3.14 and the cross-correlation vector Py

of Eq 3.9 changes to that of Eq 3.15.
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L-N

R= Y s@i)s (i) Eq3.14
=1
L-N

P= ) di)s() Eq3.15

i=1

where s(i) denotes the it input vector at the filter taps.

The minimization process is the same as MSE; that is, the gradient of J is cal-
culated and set to zero to get the optimum solution. The optimum values of the impulse

response parameters of the filter are calculated as

B’ =R -P Eq3.16

3.5 Transversal Finite Impulse Response Filters

As mentioned before tapped delay line is the most widespread implementation
structure for adaptive filters [61], [98], [135], [144]. A FIR filter has an output whose
state depends on a finite number of past inputs. The direct form implementation of a
FIR filter was shown in Figure 3.2, and was referred to as tapped delay line or transver-
sal implementation. It is nonrecursive because it does not contains any feedback. Eq
3.17 represents the difference equation of the filter, and Eq 3.18 expresses its transfer

function.

L-1

y(k) = Y hpx(k—i)+e(k) Eq 3.17
i=0
L-1 )

H(z) = > hz" Eq3.18
i=0

It is clear that this structure requires L-1 memory locations for storing the previ-
ous inputs and also L-I additions and L multiplications are performed to compute each
output point. A FIR filter whose unit sample response satisfies the symmetry or asym-
metry conditions of Eq 3.19 have linear phase [98]. In this case, the number of required

multiplication reduces by half. Also the zeros of the filter have a symmetrical arrange-
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ment; if z; and zk* are a complex-conjugate pair of zeros then 1/z; and I/zk* will also be

zeros of the system. This leads to a simplified system function.

h(k) = th(L—-1-k) Eq3.19

3.6 The Adaptive Line Enhancement Filters

Adaptive filters are used very frequently in noise cancellation problems. It was
originally proposed in [134] and the method was studied by others. No prior knowl-

edge of signal or noise is required for its application.

Adaptive line enhancement filter (Figure 3.4) is developed for adaptive noise
cancellation and has been the subject of numerous studies [2], [100], [101], [127],
[142], [144]. It is used in applications where an external reference for the additive noise
is not available. The input signal is delayed and applied to a tapped delay line transver-
sal filter whose output is compared and subtracted from the original input. The error

signal is used to change the impulse response parameters of the filter.

Input erorr
x(k) e(k)

z 7! — e i 1
hy m(xy h}\;?

Figure 3.4 Adaptive line enhancement filter.

Output
y(ky
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The operation of the adaptive line enhancer of Figure 3.4 is best understood if
we consider its input to be a sinusoidal signal in white noise. The A delay line intro-
duces only a simple phase shift to the sinusoidal component of the input signal while it
decorrelates the noise component in the filter input with respect to those in the primary
input. It should be noted that the noise and the signal must not be correlated. After a
number of operations of the adaptation algorithm, the filter acts as a band-pass self-tun-
ing filter where its pass-band covers the frequency band of the signal. The noise com-
ponent of the input signal is rejected at the output. It has been argued that proper choice
of A can significantly improve the quality of the output signal [55], [101], [142]. The

input to the filter consists of two components

x(k) = v(k)+w(k) Eq 3.20
where v(k) is composed of the sum of sinusoidal signals (Eq 3.21), and w(n) is a

broad-band additive white noise component with zero mean, independent of the sinu-

soidal components of the signal.

P
v(k) = ) A;sin(wk) Eq 3.21

i=1
The output of the filter is calculated as
N-1

y(ky = Y x(k-A-i)h, Eq3.22
i=0

3.6.1 The Poles and the Zeros of the ALE Filters

The transfer function of the ALE filter can be derived from the steady state

weights (impulse response parameters, h) of Figure 3.4 as follows.

N-1
H(z) = hg+hz 4w hy_ 20 = 3 g™ Eq3.23
i=0
N-1
G(z) = ¢ ° > he ‘= 2 H(z) Eq3.24
k=0
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where G(z) is the transfer function from the input x(k) to the narrow-band output

y(k), and H(z) is the transfer function of the tapped delay line portion of the filter.

Let the input signal consist of a single sine wave, v(n), with an added white

noise. The signal v(n) is assumed to have an amplitude of A and normalized radian

o . 2 L :
frequency of ,, its signal power is represented by G|, . The noise signal is assumed to

: 2 o, . : .
have a zero mean and variance G, . It is also assumed that the signal and the noise are

independent. The signal-to-noise ratio can be calculated as

SNR = 10 - log,,(02/5) Eq3.25

Using Eq 3.16, the steady state values for - can be found as

1
Y 0y (L=k)hi = ¢ (1 +A) 0<I<SN-1 Eq3.26
i=0

where ¢ (I —k) represents the elements of the autocorrelation matrix of s(k), and

0., (I + A) represents the cross-correlation vector of x(k) and s(k). Eq 3.26 is solved

for h° with the method of undetermined coefficients [143]. They are found to be

—j0ok

h’ = %(yejm°k+y*e ) k=01,.. ,N-1 Eq3.27

where y* is the complex conjugate of y. A and vy are given as

2
A= (N+262/62) —(1-cos2myN)/ (1 - cos2am,) Eq3.28

JwoA  —j@yA ~j20,N —j2,
—= & €

Y = (N+20./62)e (1- )/ (1—e ™™ Eq 3.29

By substituting Eq 3.27 into Eq 3.24, location of the zeros of the transfer function of

the filter can be found as

A N-1
G(z) = ZT [ve
0

i:

JWol —jwyi

+v*e ] Eq 3.30

From the above argument we realise that the s-parameters of the ALE filter will
be in sinusoidal form when the filter converges. The ALE filter is an all zero filter and

when the signal-to-noise ratio of the input signal is high enough, then its zeros tend to
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lie on the unit circle. The arrangement of the zeros are such that the filter acts as a
band-pass filter. It is sometimes referred to as self-tuning filter. The pass-band of the
filter corresponds to the locations on the z-plane where there is a lower concentration
of zeros of the filter. In other words, the impulse response of the filter will be a cosine

function whose frequency equals the centre frequency of the pass-band.

To illustrate the point, suppose a tapped delay line configuration has converged
with a sinusoidal signal as its input signal. Based on the above discussion, the filter
coefficients can be express as

h (l - 1)

;= o - cos(myi) - e

mi for i=0,1,..,N-1  Bq3.3l1

where @, is the normalized centre frequency of the filter, o is the radius of the loca-

tions of the zeros inside the unit circle, and p determines the out of band attenuations.

Where i is the order of the filter taps. This is illustrated in Figure 3.5.
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In Figure 3.5 (a), the location of the zeros of the FIR filter are shown. In Figure
3.5 (b) the magnitude of the transfer function of the filter is plotted which shows that it
is a band-pass filter. In Figure 3.5 (c) the coefficients of the impulse response of the fil-

ter are shown. To illustrate the point more clearly, we present a simulation example

illustrated in Figure 3.6.!
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A white noise signal with zero mean was added to a sinusoidal signal. The SNR
was set equal to 0 dB. The length of the ALE filter was chosen to be 20 and A was set

equal to 15. The LS algorithm for adaptation was used and it was allowed to run for

1000 iterations. Theoretically, the larger filter length will result in better performance
of the filter, but the computation will be intensive [2], [135]. The optimum value of A
depends on the signal and noise powers [101]. Simulations were carried out for differ-
ent values of filter length while keeping A constant. Three values of A were chosen,

10, 15, 20. For each value of A the filter length was varied from 5 to 30 in steps of 5.
For each simulation, the power spectral magnitude of the output signal was plotted.
Those parameter values, filter length of 20 and A =15, that resulted the lowest out of
band mean power, were chosen. That is, for each parameter set the power spectral mag-
nitude of the output of the filter was compared with the previous ones. Figure 3.6
shows the magnitude spectra of both input and output signals, the locations of zeros of
the ALE filter, and the magnitude response of the converged filter taps. The locations of
the zeros of the filter in the z-plane show that the filter has self-tuned itself to the fre-
quency of the input signal (0.2 Hz with normalised Nyquist frequency). Note that for
calculation of the optimum filter parameters, a program was written and the algorithm

proposed in [34] was used.

3.7 Modification of the Pole-Zero Diagram of the ALE Filter

Figure 3.6 (b) shows that although the variance of the noise signal has decreased
in the vicinity of the signal frequency, the noise power has not changed much. In other
words the SNR of output signal has improved but not over all spectral range. In order to
attenuate the noise level in frequencies that fall near the pass-band region of the filter,
we propose to add poles in this region. This will make the system an IIR filter. As long
as the poles are inside the unit circle the filter will be stable, and will exhibit a sharper
magnitude response. This is illustrated in Figure 3.7. The pole-zero diagram of Figure

3.5 (a) is modified by adding a complex pole to it as shown in Figure 3.7 (a).

The poles are placed in the pass-band of the filter and are located inside the unit
circle but very close to it. The magnitude response of the modified ALE filter is shown

in Figure 3.7 (b) (solid-line), and for comparison purposes, the magnitude response of
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Figure 3.7 a) The modified ALE filter (a) pole-zero diagram with added poles in the pass-band,
b) magnitude response of the modified filter (Solid line), magnitude response of the filter
shown in Figure 3.5 (a) (dashed-line).

the original ALE filter (all zero) is shown in Figure 3.7 (b) (dashed-line). Comparison
of the two plots reveals that the modified ALE filter attenuates the out-of-band frequen-
cies more than the all-zero ALE filter. The frequencies in the vicinity of the pass-band

are also attenuated more.
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Figure 3.8 a) Modified pole-zero diagram of the filter shown in Figure 3.5
(a), b) magnitude response plot for the modified ALE filter (solid-
line), and the conventional ALE filter (dashed-lined).

We have observed that adding poles in the pass-band region of the ALE filter

improves the signal-to-noise ratio of the output signal. What happens if we add poles in
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the stop-band region as well? The poles-zero diagram of the all-zero filter of Figure 3.5
(a) has been altered as shown in Figure 3.8 (a). That is, poles have been added in the
pass-band region as well as stop-band region where they are placed on a circle with
radius smaller than one located inside the unit circle. The number of the poles are equal
or greater than the number of zeros. In the pass-band region we have added the same
poles as were added in Figure 3.7 (a). The magnitude response of the filter is shown in

Figure 3.8 (b)

Comparison of Figure 3.8 (b) and Figure 3.7 (b) shows that adding poles in the
stop-band region only has slightly decreased the out of band attenuation. The fact is
that as the stop-band poles get closer to the origin of the unit circle then the magnitude
response curve of the modified ALE shown in Figure 3.8 (b) approaches that of the
modified magnitude response plot of Figure 3.7 (b).

3.8 Modification to ALE implementation

Our main purpose for modification of the ALE filter is to get a better signal-to-
noise ratio in the output of the filter. As was explained in the previous section this can
be achieved by adding poles in the pass-band region of the pole-zero diagram. In order
to obtain the desired modification, it is necessary to alter the implementation of the
basic ALE filter of Figure 3.4. We propose the implementation shown in Figure 3.9.
The output of the filter is multiplied by a scaling factor B, and delayed D samples,
then processed with a scaled tapped delay line. The impulse response parameters of the

filter, denoted by A;’s in the figure, are updated using the LS algorithm.

Note that multiplication of the h-parameters to o in Figure 3.9 changes the

radius of the roots of H(z) by «.

Assume that the filter has converged and the optimum filter parameters are

obtained. Then the output of the filter is given by
N-1 N-1

yky = 3 hxk-A-i)+ Y o'hy(k-D~i) Eq3.32
i=0 i=0
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Figure 3.9 Modified adaptive line enhancement filter.

The steady state transfer function of the filter can be obtained from Eq 3.32 as

N-1
—A —1
Z z hiz !

i=0

G(z) = o Eq3.33
1- Bz_D Z aihiz_i
i=0
or
Eq3.34
N-1 N-2
G(2) = 35 D+N-1hoz ;-hllz 1+.1'\/'—+2hN—1 N-1
[z -Blhoz  +o hz TH+..+0 hy_)]

This equation shows that there are N —1 zeros and D+ N —1 poles in the
modified ALE filter. Of course there will be A — D poles (or zeros if D is greater than

A) in the origin as well. The locations of the poles are determined by the values of o,
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B, and h-parameters of the filter. The polynomial inside the brackets of the denomina-
tor of Eq 3.34 has D+N coefficients and D+N-1 roots which constitute the poles of the
filter. The first coefficient is always one and after that there are N coefficients equal to

zero and the rest of the coefficients are scaled versions of h-parameters of the filter.

We used the signal shown in Figure 3.6 (a) to test the performance of the modi-
fied ALE filter. Results are shown in Figure 3.10. The following parameter values were
used: N=20, A = 10, D = 11, oo = 0.8, and B = 5. In choosing the parameter val-
ues, we started from the initial values of N and A which were found with conventional
ALE filter, that is we set N = 20 and A = 15. The value of D was set equal to the

value of A, and the values of o and 3 were set equal to one. Then the response of the
filter was determined. The pole-zero diagram of the filter was examined. We also com-
pared the power spectral density of the output with that of the previously obtained
conventional ALE to reveal that if the out of band frequencies were attenuated more.
This was repeated every time we changed any parameter. In this process, we investi-

gated the effect of value of o on the locations of poles and zeros. As was expected, the

value of o directly affected the location of poles. It was revealed that when o was
close to one (greater than 0.9) then the stop-band poles of the filter were located very
close to the unit circle and in the pass-band region they even resided outside the unit
circle; therefore, the filter became unstable. When the value of o¢ was small (less than
0.5) then all of the poles of the filter (both pass-band and stop-band poles) were close
to the origin of the unit circle and therefore the filter acted like the conventional ALE. It
was found that B had a great effect on the transient response of the filter. It also

effected the locations of the poles of the filter. Therefore, we varied B in conjunction

with o . By changing the values of A and D, first in steps of 5 and then in steps one, we

found that the above mentioned set of values gave the best results.

In Figure 3.10 (a) the magnitude spectra of the input signal, the output of ALE
filter, and the output of the modified ALE filter are shown. As the figure shows, the
noise power in the vicinity of the sinusoidal component, has been reduced in the output
of the modified ALE compared to the output of the ALE filter. In Figure 3.10 (b) the
pole-zero diagram of the modified ALE is shown. The zeros are indicated by “0” and

£, 9

poles are show by “x”. As the figure shows, a conjugate pair of complex poles are gen-
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erated close to the unit circle in the pass-band region. All other poles are located at a

radius of about 0.8 inside the unit circle. The pass-band poles are indicated as PBP in

the figure.

As was mentioned earlier and we should emphasize here too that we don’t

intend to get involved in recursive adaptive filter design which does not comply with
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Figure 3.10 a) Magnitude spectra of the input signal, output of the ALE filter, and
output of the modified ALE, b) pole-zero diagram of the modified ALE

after convergence, ¢) magnitude response plots of the ALE and the
modified ALE filters.
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the aims of the thesis; rather our intention is to improve the signal-to-noise ratio of the

heart sound signals by processing them with an ALE filter.

3.9 Derivation of Modified ALE Algorithm

The derivation of the modified ALE algorithm follows from a modification to
the recursive least square algorithm [36]. The complete derivation is presented in
appendix B; here we only outline the algorithm. Note that all the matrices and vectors

mentioned in this section are defined in appendix B.

Eq 3.16 can be used to calculate the optimum values of the h-parameters of the
filter using the LS algorithm. Assume that a new observation of the input signal is
obtained. We would like to update the previously calculated values of the filter parame-
ters instead of finding them from scratch. In appendix B we explain how to achieve this

goal.

In order to start the updating process of the filter parameters, the first step is ini-
tialization of the impulse response vector of the filter and the autocorrelation matrix.
The impulse response vector can be either set to zero or it can be initialized to optimum
values calculated with the first set of observed data for the filter taps. The end results
will be the same for both of the initialization methods. Since first method was easier to
perform therefore we usually used the first method. After setting h(0), it is necessary to

initialize the autocorrelation matrix, R(k). This is done by letting R(0) = & - I, where

O is a small constant and I is the identity matrix, in which case

R'0)=8"1 Eq3.35
In every step we calculate the gain parameters G(k). Then this vector is used for

updating the vector h(k) and matrix R'l(k).

3.10 Processing of phonocardiograms using the ALE and
Modified ALE filters

As was mentioned earlier, the phonocardiograms were recorded in a relatively
noisy environment, at the patient’s bedside. Thus, the recorded signals may have been

affected by the events taking place in the patient’s room, such as the 50 Hz hum, noise
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made by other people in the room. Although we took every precaution to make the
recording environment as quiet as possible prior to the recordings, such as turning off
all of the fluorescent lights, placing the patient’s bed away from any medical equip-
ment, asking the patients to hold their breath during recording if possible, and not per-

forming any recording if the recovery room was too crowded with patients.

Another source of interference in the heart sounds are the lung sounds.
Although we asked patients to hold their breath during the recording process, as far as
they could, but sometimes this was not practical due to the patient’s physical condition.
Therefore, some of the recorded phonocardiograms have been contaminated with

breath sounds.

ALE and modified ALE schemes were applied to the heart sounds and some
typical results are presented here. In Figure 3.11 we have shown 20 seconds of a typical
heart sound. We performed ALE filtering and modified ALE filtering on this signal. For
comparison purposes the length of the filters and the decorrelation delays were taken

equal for both filters. Based on visual inspection of the power spectra of the outputs of
the filters, the following parameter values were chosen for the best results: N = 14,

A=9,D=5,00=04,and P = 1.

Unlike the signal of Figure 3.10 which is a sinusoidal signal where a large delay
parameter will not cause decorrelation of the signal component, the delay parameter for
the heart sound signal must not be very large. This will avoid decorrelation of signal

components of the heart sounds.
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Figure 3.11 A typical heart sound used for illustration of application of modified ALE.
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In Figure 3.12, we show the results obtained by ALE and modified ALE filter-
ing of the signal of Figure 3.11. In Figure 3.12 (a), the power spectra of the signal and
its filtered outputs are shown. As the figure shows, signal power has increased in the
range below 400 Hz region after filtering with just the ALE filter. While there is not
much change in the signal power beyond 400 Hz for this particular signal, with the
modified ALE filer, not only has the signal power in the range below 400 Hz increased,
but it has decreased in the region above 400 Hz. This means that the relative signal
power in the low frequency region has increased. This is due to the fact that in the mod-

ified ALE filter, poles are generated in the pass-band region of the filter which seems to

be in the
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Figure 3.12 a) Magnitude spectra of the heart sound of Figure 3.11 and outputs of ALE
and modified ALE, b) Pole-zero diagram of the modified ALE, c) Magnitude of the
frequency responses of the ALE and modified ALE, d) h-parameters of the ALE
and modified ALE (Sampling frequency=2 kHz).
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region below 400 Hz, as is shown by the pair of poles closest to the unit circle in Figure
3.12 (b). Heart sounds are complicated signals, actually we can not specify a particular
bandwidth for them. However, this analysis shows that most of the energy of the signal
lies in a low frequency region below 300 Hz (Note that the Nyquist frequency is 1000
Hz). In Figure 3.12 (c) we show the frequency responses of the ALE and modified ALE
filters. The dashed-line curve shows the magnitude response of the ALE filter. It shows
that the ALE filter behaves more like an all pass filter for the heart sounds. The solid-
line curve in Figure 3.12 (c) shows the magnitude response of the modified ALE filter.
It shows that the modified ALE filter attenuates high-frequencies and passes the low
frequencies and also has less attenuation for mid-frequencies than for high-frequencies.

In Figure 3.12 (d) are shown the impulse response parameters of both of the filters.

3.11 Conclusions

In this chapter we have examined ways of improving the signal-to-noise ratio of
the phonocardiograms. Adaptive filters are good tools for noise cancellation and
improving the signal-to-noise ratio. They are very effective whenever a suitable refer-
ence input is available. However, in some cases such reference noise signal is not avail-
able, therefore the reference signal is obtained by delaying the process. The principle
advantage of this method is its adaptive capability which allows processing of the input

whose noise properties are unknown.

We have proposed a modification to ALE filters based on alteration of its pole-
zero diagram. We introduce poles into the filter by adding the delayed version of the
output of the filter to filter taps. This generates poles in the pass-band region of the fil-
ter and improves its performance. This was illustrated with an example in which the

input signal consists of a sinusoidal signal plus an additive white noise.

Finally we have shown the performance of the filter by applying it to the heart
sounds. Filter parameters were determined experimentally, that is we have observed the
output of the filter with different parameters and have chosen those which gave the best

results.
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Chapter 4

Construction of

Heart-Beat Signal from
Phonocardiograms

4.1 Introduction

As mentioned in the earlier chapters, the objective of this study is to analyse
heart sounds using time-frequency techniques. In Chapter 2, it was explained that long
records of heart sounds were acquired from real patients before and after angioplasty
operation. These signals are periodic in a sense that each beat cycle resembles its previ-
ous and following ones. This is true unless the physical conditions of the patient
change. In other words, the statistical characteristics of the heart-beat cycles do not
change from beat to beat. Thus, heart sounds are considered as quasi-stationary signals.
This phenomenon makes it possible to treat each heart-beat as a separate data vector
and construct a heart-beat signal from a recorded heart sound using an ensemble aver-

age of individual heart-beat cycles.

The purpose of this chapter is to devise a method which will enable us to con-
struct a heart-beat signal using our recorded data set. We introduce an algorithm that
decomposes a long recorded heart sound to its heart-beat cycles using simultaneously
recorded electrocardiograms. The algorithm is described in two parts: Cardiac heart-

beat cycle detection using ECG signals and PCG heart-beat cycle construction. The
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result is a heart-beat signal which is used by the time-frequency analysis methods of
the subsequent chapters. In most biological signals, the acquired data contains some
artifacts, which must be identified and removed from the signal before performing any
signal processing on them. In section 4.2, we will briefly explain the kind of artifacts
that we may encounter in our data set. Then in section 4.3, an overview of the proposed
method for construction of a heart-beat signal is presented. Description of the individ-
ual steps are given in detail for the cardiac heart-beat cycle detection. In section 4.4,
details of the algorithm for construction of the PCG heart-beat cycle are described
where the ECG cardiac heart-beat cycle obtained in the previous section are used. We
use real data, the recorded heart sounds, to illustrate the performance of our method. In
order to show the effectiveness of the scheme, we have used the same heart sound for

all illustrations.

4.2 Artifacts

Phonocardiograms and electrocardiograms, like any other electrical signals, are
prone to artifacts. There are three major sources of artifacts in those signals: electrical,

mechanical, and physiological.

The electrical interferences are primarily caused by 50 Hz power line. Most of
the time, they are easily eliminated by using a proper notch filter, or they could be elim-
inated by adaptive filters with a reference 50 Hz signal. The disturbing effect of the 50
Hz hum can also be minimized by isolating the recording amplifiers. This was the
major source of electrical interference that we were mostly concerned with when per-
forming our recordings. For elimination of the 50 Hz power line interferences, we used
a 50 Hz notch filter, and we also placed all the circuitry inside a metal case and

grounded the body of the case.

Another source of electrical noise in biological signals is radio-frequency inter-
ferences. These kinds of interferences can cause problems in the vicinity of broadcast-
ing stations or mobile telephones. Their frequencies are usually in a far higher range
than PCGs and ECGs and their effects are eliminated by using anti-aliasing filters. We
used anti-aliasing filters, therefore we did not have this problem, even if the noise was

present.
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Mechanical noise is caused by displacement or sudden movements of the sen-
sory devices. Displacement of the piezoelectric microphone and the ECG electrodes
over the patient’s skin could introduce interferences to the PCG and ECG signals,
respectively. With the care taken in the recording process, we have reduced the pres-
ence of mechanically induced interferences; however, on very rare occasions we
observed these kinds of noises in our signals. Most of them originated from the move-

ments that patients made during the recording.

Physiological interferences are induced from other signals in the body. Respira-
tion induced baseline wander is one of them. It can be minimised for the ECG signals
by proper placement of the electrodes, that is the electrodes must be placed in the upper
part of the chest close to the arms. Whenever it was feasible, we asked the patients to
hold their breath to reduce the breath sound interferences, only in few cases it was not
possible because of the physical conditions of the patients, i.e. the patient was very old
with weak physical condition. Another kind of interference are muscle tremors, which
are the major source of artifacts in ECG signals. These can be reduced by proper place-

ment of the electrodes [123].

4.3 Heart-Beat Separation Algorithm

The central idea of our heart-beat separation scheme is decomposition of the
phonocardiograms through detection of the heart-beats of the synchronised electrocar-
diograms. Beat cycle detection is easier to accomplish using the ECG signals. A brief
description of an ECG wave is given in Chapter one. The QRS complex is a distin-
guishable component in any ECG signal. The R-waves have a relatively high ampli-
tudes with respect to other parts in the ECG wave, therefore peak detection is
applicable. We use the QRS complex as a guideline to locate the start of the cardiac

cycle.

We define an ECG heart-beat cycle to be a signal starting from one P-wave and
ending at the next P-wave. Therefore, the first step in our technique is automatic detec-
tion of the QRS complex. Detection of the QRS complex has been the subject of exten-
sive research. The primary intention in most of the QRS detectors is to minimize false

detection rate. Different approaches have been taken in the QRS detectors such as
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amplitude measurement, amplitude squaring, peak detection, derivative, duration
measurement, and others. These methods and/or combinations of them are used along

with some decision making algorithm for reliable detection of the QRS complex.

The general outline of our proposed heart-beat separator is shown in Table 4.1.
The first step involves detection of the QRS complex and identification of any false
detection. We use a peak detector to identify the temporal positions of peaks of the R-
waves. Any false detection is identified by checking the time interval between two con-
secutive peaks. For detection of the P-waves, first the immediate valley point before the
R-wave is identified. Then the interval between two consecutive R-waves is divided
into three parts. The process will be explained in details in section 4.3.3. The third sec-
tion contains both the P-wave and the immediate valley point before the R-wave. Peak
detection is used, in the same manner as for the R-waves detection, to find the P-waves
in the interval between the beginning of the third section and the immediate valley

point before the R-wave.

Next, we align the PCG and ECG signals, and use the beginning of the ECG
cardiac cycles to decompose the PCG signal to its hear-beat cycles. In order to detect
those heart-beat cycles which contain artifacts, a template heart-beat cycle is con-
structed. Then the correlation coefficient of every heart-beat cycle with respect to the
template signal is calculated. A criterion is set and those heart-beat cycles that do not

meet this criterion are rejected; the rest are accepted as artifact free heart-beat cycles.

Table 4.1 Outline of heartbeat cycle detection algorithm.

1) Detect the QRS peaks.
2) Identify the beginning of the cardiac cycles in the ECG signal.

3) Separate the heart-beats of the PCG signal using the cardiac cycles of the
ECG signal.

4) Construct a template heart-beat signal.

5) Using the correlation coefficients, identify those beat cycles that are cor-

rupted with artifacts.

6) Use frequency domain and calculate the PCG heart-beat signal.
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The final heart-beat signal is constructed using the frequency domain mean of
the artifact free beat cycles. In the following sections we describe this algorithm in

greater details.

4.3.1 The QRS Detection

The ECG signal is oscillatory in nature, although it may not be exactly periodic
in a strict mathematical sense. Observation of the evolution of these signals reveals that

there are similar events or periods, but they may not be exactly reproducible.

One of the important tasks in ECG analysis is QRS detection; a great deal of
research effort has been devoted to it [45]. Most of the QRS detectors described in the
literature aimed for analysis of the ECG signal itself, but our purpose is to find the tem-
poral location of the peaks of the QRS complexes and use them to separate the heart-
beat cycles from the PCG signal. We divide our QRS detection system into two
entities: the preprocessor and the decision making system, as shown in Figure 4.1. An
algorithm is developed for the decision rule section of Figure 4.1 and is shown in Fig-

ure 4.2.

F———— = — — = — — — — — -
' |

X e || y(n)

mplitude ..

4+ Filtering —| normalization ; decision rule | —p»
' |
| |
l Preprocessor |
Lo p

Figure 4.1 Block diagram of the QRS detector.

We observed that most of the frequency content of the ECG signal lies below
40Hz, and since we are not interested in the spectral information of the signal, a low-

pass filter with cutoff frequency of 45Hz is used in the filtering section of the preproc-

essor. As far as our application is concerned, this will not cause any distortion in the
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Figure 4.2 QRS detector algorithm.
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signal. The high frequency noise and 50Hz power line interferences will be effectively
removed with application of such lowpass filtering. The output of the filter is normal-
ized in amplitude by simply dividing the signal by its maximum positive amplitude.

The purpose of amplitude normalization will be explained shortly.

Our main concern in the QRS detector, is to avoid detection of false peaks. Vis-
ual inspection of our recorded ECG data revealed that about 85% of the recordings are

artifact free. In Figure 4.3 we have shown 15 seconds of different ECG recordings.

Types of disturbances that we have encountered are shown in (b), (c), (¢), and (f) where
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Figure 4.3 Typical ECG signals from data set a) artifact free, b) and c) contain artifacts.
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Figure 4.3 Cont d) artifact free, e) and f) contain artifacts.

signals of (a) and (d) do not contain any artifacts. The artifacts shown in Figure 4.3 (b),
(c), (e), and (f) are the worst cases that we have pinpointed in our data set. Most likely
those artifacts have mechanical origins, that is they are caused by improper attachment

of the ECG electrodes to the patient’s skin due to the movements made by the patient.

As stated above, the input signal was initially normalized in amplitude. This is
essential for threshold settings. This results in a bounded threshold level, that is the

threshold level can only be set between zero and one as

0<V, <1 Eq4.1
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There are usually some amplitude fluctuations in the QRS amplitudes. If we

examine the individual amplitudes of the signal of Figure 4.3 (a), as shown in Figure
4.4, it is clear that there is only 4.3% fluctuation in peaks of the QRS complexes of this

signal. The fluctuation in amplitudes of 99% of our recordings falls below 5% .

We used a thresholding scheme to detect the peaks of the QRS complexes. A
threshold level equal to 0.6 was selected for most signals. This is well below any
amplitude variations and high enough to be above the amplitude levels of the T-waves.

The amplitudes of the T-waves were mostly less than one third of the amplitudes of the

QRS complexes.

1.01 T T

0.99 g

0.98 .

0.97F i

0.96

Normalized Amplitude

0.95

0.94 ! -

Time, Seconds

Figure 4.4 Normalized QRS peaks of the signal of Figure 4.3 (a), to show amplitude
fluctuations.

As it is implied in the algorithm of the Figure 4.2, the input data is scanned with
a rectangular window. The width of the window is much less than a heart-beat period,
whose length could vary from about half a second to 1.2 seconds for different people.
A window with length, m, equal to 10 milliseconds was used. A short window length
was selected to reduce the possibility of missing a QRS complex, which may occur if
there are noise spikes with height above the threshold level in the vicinity of the QRS

complex. This is illustrated pictorially in Figure 4.5.

Within each window those parts of the data that are above the threshold level are

selected and their maximum value is found. The thresholding ensures that only regions
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Figure 4.5 Pictorial explanation for scanning widow size selection.

of the signal that are in the vicinity of the peak of the QRS complex will be considered
for peak detection. The signal shown in Figure 4.3 (a) is lowpass filtered, and its ampli-
tude is normalized. A single beat of this signal is shown in Figure 4.6 (a). The window-

ing scheme is applied to it and parts of the signal above the threshold level are detected,

they are indicated as being between T, and T, in Figure 4.6 (b).

The portion of the signal that is above the threshold level is denoted as S » MR

defined by Eq 4.2, and plotted in Figure 4.6 (b) for further illustrations.

Spk(t) = Secg(t) for 1,517, Eq 4.2

Figure 4.6 (b) also shows one possible arrangement of three consecutive 10
milliseconds window positions. Each window may only contain the ascending portion
of the signal, it may contain the actual peak of the QRS complex, or it may cover only
the descending portion of the signal, as shown in Figure 4.6 (b). Any other combination
is also conceivable. In order to distinguish and locate the position of the actual QRS

peak, we calculate the slope of the signal within each windowed part of the signal. Let

W, (t — mi) represent the i window, i.e. for i = 1,2, 3 as in Figure 4.6 (b).

_d -
B; = ?d_t[S (W, (1 —mi)] Eq 4.3

ecg
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Figure 4.6 a) Single beat cycle of signal of Figure 4.3 (a), b) the part above the threshold
level.

Zero crossing in any of the slope curves represent a maximum in the ECG sig-

nal in the corresponding region. The slope curve of Figure 4.6 (b) is plotted in Figure
4.7. 1t is clear that W,,,, (t—10m) and W, (¢ —30m) do not contain any peaks and
the signal within these windows are increasing and decreasing, respectively. In

Wom (t—20m) there is a zero crossing at ¢+ = 0.3007 seconds which indicates that a

maximum point within the current window has been detected. The scanning process is
continued until all of the signal is scanned, then execution of the scanning algorithm is

terminated.
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Figure 4.7 Slope of the signal of Figure 4.6b.

4.3.2 True QRS Interval Detection

The primary objective of this part is to ensure that the QRS peaks detected with
the algorithm of Figure 4.2 are real QRS peaks. That is, we want to identify any false
detections and remove them. There are two possibilities for detection of a wrong peak.
First, there might be an artifact whose height is higher than the threshold level. The
second possibility is the presence of small fluctuations (due to noise) near to the QRS

peak.

Based on the outcome of the algorithm of Figure 4.2, the average of the QRS

peak-to-peak intervals is calculated as

M-1
Y PK(j+1)-PK(j) Eq4.4
j=1

1

TL:M

where M is the number of the detected QRS peaks, and PK is a vector that holds the
locations of the QRS peaks.

We define the minimum and the maximum acceptable time interval between

two consecutive QRS peaks as follows:
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AT = =T-0.1T Eq4.5

mn

AT

mx

T+01T Eq 4.6

The mean distance of each i QRS peak with respect to its adjacent neighbours

is calculated as

57, = At; |+ At

; 5 Eq4.7

where At; _, represents the distance of the i QRS peak from its preceding, and A¢;

represents the distance of the i QRS peak from its subsequent QRS peak.

The &¢; for every QRS peak is compared with AT, . and AT . If it is within

X
the range, it is accepted as a true QRS peak, otherwise it is considered to be a false

peak. That is for a true QRS peak, Eq 4.8 must be satisfied.
AT <Ot <AT_ . Eq4.8

If a false QRS peak occurs, then there will be three or less consecutive 6, that

will not satisfy Eq 4.8. That is, there will be a local valley centred on i, in the values of

dt;. In order to find the location of the false QRS peak; it is necessary to find the posi-

tion of the bottom of the valley, therefore we calculate the derivative of the local Sti

and then find the position at which it becomes zero. In other words, we find the slope of

the local valley and detect the position where it becomes zero.

The above QRS interval detection algorithm is shown in Figure 4.8. The per-
formance of this algorithm is illustrated in Figure 4.9 using the signal of Figure 4.3 (b).

As is shown in Figure 4.9, application of the QRS detector algorithm has resulted in the

detection of 16 QRS peaks, where the threshold level was set equal to 0.6. As the fig-

ure shows, the g™ QRS peak is a false detection. The mean of the peak-to-peak inter-
vals for this signal is calculated as T = 0.9443 seconds. Therefore a QRS interval

from 0.8499 to 1.0387 seconds will be accepted as the true QRS interval. In Table 4.2,
the time intervals between the consecutive peaks of Figure 4.9 are also shown. Com-

paring these values with the values of AT = and AT reveals that there is a local
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Figure 4.8 The QRS true intervals detection algorithm.

68



Chapter 4 Construction of Heart-Beat Signal from Phonocardiograms

valley below the threshold level of AT

, centred around the 9™ entry. This implies

that the 9" QRS peak is not a true QRS peak, and hence the o peak is deleted.

Table 4.2 The time intervals between the consecutive peaks of Figure 4.9.
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Figure 4.9 QRS peaks detector applied to signal of Figure 4.3 (b).

ECG Beat Detection

So far we have been able to successfully detect the QRS peaks in the ECG sig-

nal. In this section we identify the beginning of the cardiac cycle with respect to the

QRS peaks. We set the P-wave as the beginning of the cardiac cycle. The P-waves
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occur before the QRS complexes. If we divide the time intervals between two consecu-
tive QRS peaks to three sections, the P-wave occurs in the third section. This is illus-

trated in Figure 4.10 for the ECG signal of Figure 4.3 (a).

The P-waves have relatively low amplitudes and therefore are very susceptible
to noise. Our method of detecting the P-waves is similar to the QRS detector explained
previously. We use an amplitude detector to locate the peaks of the P-waves, and then
use its period to identify false detections. The peak detector will not accomplish the
task in this case unless regions with amplitudes higher than the amplitudes of the P-
waves are removed prior to its application. In Figure 4.11 an algorithm is shown for

detection of the P-waves and identification of the cardiac cycle.

Initially, the time interval between two consecutive peaks is divided into three

sections, Figure 4.10. The onset time for the third section of the i™ QRS peak is calcu-

lated as follows:
tr, = PK(i) - (PK(i) - PK(i-1))/3 Eq4.9

where its offset time is the i?* entry in the vector PK . Onset and offset times are shown

in Figure 4.10.
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Figure 4.10 Two consecutive cycles of the ECG signal of Figure 4.3 (a).
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Figure 4.11 ECG beat cycle detection algorithm.
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Since we are going to use the peak detector to find the peaks of the P-waves, it is

essential to remove the portion of the QRS complex that falls within the section three.

This is the part of the signal in between T, and T, in Figure 4.10. This is accomplished

by calculating the slope of the signal from ¢r; to PK; as

d

mp; = ESng(t) for  tr;<t<PK(i) Eq 4.10

The signal mp; is scanned in a bottom-up fashion; that is, scanning starts from

the end and proceeds towards the beginning. When the first zero crossing is encoun-
tered, the scanning is stopped. This point corresponds to the first minimum in the signal
just before the QRS complex. This is illustrated in Figure 4.12. The part of the signal to
the right of zero crossing is discarded. For the remaining part of the signal, the algo-
rithms of Figure 4.1 and Figure 4.8 are applied. This process is repeated for all of the

QRS intervals. The outcome of this algorithm is a vector the same size as the ECG sig-
nal S,, g(t) . The elements of this vector are all zeros except in those locations that the

peaks of P-waves occur, where a value of one is assigned. This vector is designated as

y(t) in Figure 4.11.
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Figure 4.12 Section 3 in Figure 4.10 and its slope, (a) signal, (b) slope.
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4.4 PCG Segmentation

The prime purpose for developing the QRS detection algorithm was to devise a
scheme which would enable us to decompose the PCG signal to its beat cycles with
minimum misdetection. As was mentioned before, the ECG and PCG signals are
recorded simultaneously; therefore, the decomposition process of the PCG signal to its

beat cycles can be accomplished by simply aligning it with the results obtained by the
algorithm of Figure 4.11, y(¢), which is a train of pulses located at the beginning of

each cardiac cycle.

Decomposition of the PCG signal is accomplished using y(¢). Each decom-
posed segment of the PCG signal corresponds to one period of y(#) . In Figure 4.13 (a)

and (b), 30 seconds of the PCG signal and its synchronously recorded ECG signal are

shown.
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Figure 4.13 a) PCG signal, b) corresponding ECG signal, c) output of the QRS detection
algorithm.
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The cardiac cycle detection algorithm is applied to the signal of Figure 4.13 (a) and the

resultant signal, y(¢), is shown in Figure 4.13 (c).

4.4.1 PCG Beat separation

As the PCG beats are separated, all the beat cycles are made the same length as
the longest cycle in the signal. The shorter duration beat cycles were padded with the
mean of the last three samples in the beat cycle. Padding with the mean of the last three
samples is justifiable because: first, by doing so we avoid any sudden change in the sig-
nal amplitude, e.g. by padding with zeros; second, we are adding the last moment char-
acteristics of the signal to its end which most likely would have occurred if the beat

cycle was longer.
For the separated heart-beat cycles, it is necessary to identify those cycles that
contain artifacts. Let the i PCG heart-beat be represented by Spiét). Every recorded

PCG signal contains at least 30 cycles of the heart-beats, that is i equals at least 30.
Visual inspections of some of the signals of our data set, revealed that most of the arti-

facts only occupy a small fraction of time, that is only a few beat cycles are corrupted.

A correlation scheme is devised to distinguish the artifact free heart-beat cycles
within the PCG signal and is shown in Figure 4.14. The principle behind it is to com-
pare, on a sample-by-sample basis, every beat cycle with a template signal. In the rest
of the chapter, this algorithm is explained in details with illustration of its operation

using the heart sound signal and the electrocardiogram shown in Figure 4.13.

The template signal is constructed by taking the ensemble average of all the beat

cycles as:

m
1 .
Simp(t) = — Y Sp’cg (1) Eq4.11

i=1
We examined all of the recorded signals and found out that the number of the
artifact free cycles were at least ten times of the corrupted cycles; hence, the signal cal-
culated by Eq 4.11 can serve as a template for clustering the heart-beat cycles. In Fig-
ure 4.15 (a) all of the detected beat cycles of the signal of Figure 4.13 (b) are shown.
The presence of artifacts in some cycles are clearly shown in the figure. As Figure 4.15
(a) shows, the majority of the heart-beat cycles coincide while few of them show differ-

€nces.
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Figure 4.14 PCG beat cycle detection algorithm.
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We denote beat cycles as Sy,.(¢) . In Figure 4.15 (b) the template signal con-

structed from signals of Figure 4.15 (a) is shown.
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Figure 4.15 a) Beat cycles of signal of Figure 4.13(b), b) template signal constructed
from signals of part (a) of this figure.

4.4.2 The Matching Process

Matching of the beat cycle waveforms with the template signal is measured by
calculating the correlation coefficient between the template signal and each of the beat

cycles. The correlation coefficient is defined as

B = (CStmp! Sblc)/("\‘ CSlmp ' Csbtc) Eq4.12

where C s, s,, represents the cross-covariance between the template signal and each
p’

of the beat cycles. C¢ and C s, are the covariances of the template signal and each
tmp tc

of the beat cycles respectively. Close examination of the Figure 4.15 (a) indicates that
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the maximum peak of the template signal may not exactly coincide with the maximum
peak of some of the beat cycles. In order to maximize the correlation coefficients, it
essential to align the maximum peaks of the signals involved in every correlation calcu-
lation. This is accomplished by performing a shifting and multiplying process as in Eq
4.13. The maximum point of X(t) is found. The temporal position of this point indi-

cates the amount of shift in time that is necessary for maximum alighment of two sig-

nals. The corresponding value of T is used to shift the signal Sy, .(7).

{
X(t) = ), Smp (D) Spic(t = 1T) Eq4.13

T=-l
where [ is equal to the length the template signal (both signals have the same length).
If the maximum occurs at T = 0, that means the two signals are aligned completely

and there is no need to shift S, (#), on the other hand if T#0 , it implies that

Spic () must be shifted to £ = 1, at which the maximum of X(t) occurs. This is

illustrated in Figure 4.16. The particular beat cycle shown in Figure 4.16 (a) does not
coincide with template signal which is clear by examining the peaks of the first heart
sound of the signals. The small plot on the corner of the Figure 4.16 (b) shows that the

peak of the signal does not occur exactly at T=0, it is offset by 5.5 milliseconds; there-

fore it is necessary to shift the beat cycle by about 5.5 milliseconds. This is an accept-
able phenomenon because the template signal is an average valued signal. If the
detected beat cycles have had slight time shift between their maximum value point,
then there would be a slight time shift between the beat cycles and template signal. The
time shift could be due to beat-to-beat variations of heart sounds and/or slight error in
locating the beginning of the cardiac cycles. At the final stage we use the frequency
domain to calculate the heart-beat signal; therefore, this slight variation in beat cycles

is not much of a concern.

The correlation coefficients are calculated and tabulated in Table 4.3, and also

plotted in Figure 4.17. We set a threshold level for the correlation coefficients; that is,
those beat cycles that have their correlation coefficient below 90% of the maximum
correlation coefficient are rejected. In Table 4.3 the threshold level is found to be equal

to 0.8702 . The threshold level is also shown in Figure 4.17. As the figure shows there

77



Chapter 4 Construction of Heart-Beat Signal from Phonocardiograms

are only three beat cycles that do not meet our imposed criterion for correlation coeffi-
cients. Accepted and rejected beat cycles are shown in Figure 4.18 (a) and (b) respec-

tively.
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Figure 4.16 a) Template signal and a beat cycle, 2) X (1) (see Eq 4.13) of the signals of part (a).

Table 4.3 Correlation coefficients of the signals of Figure 4.15 (a) with the signal of Figure 4.15 (b).

0.9660 | 0.9625 | 0.9395 | 09505 | 0.9375 | 0.9634 | 0.9482 | 0.9387 | 0.9170
0.6944 | 0.6568 | 0.9181 0.8946 | 0.9060 | 0.8681 09194 | 0.9455 | 09198
0.9322 | 09323 | 0.9613 | 0.9400 | 09172 | 0.9359 | 0.9490 | 0.9405 | 0.9400
09278 | 0.9448 | 0.9669 | 0.9645 | 0.9394 | 0.9500 | 0.9389 | 0.9658 | 0.9485
0.9386 | 0.9171
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Figure 4.18 a) Accepted beat cycles, and b) rejected beat cycles for the PCG signal
of Figure 4.13.
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4.4.3 The Heart-beat signal

The final heart beat cycle is constructed using only the artifact free beat cycles.
Note that these signals do not have the same length. Discrete Fourier transform (DFT)
of the each signal is calculated. Then the mean of the DFT of beat cycles is obtained.
The frequency domain is used to avoid the error that may occur in using time domain
averaging because beat cycles did not have the same length in time domain. To obtain
the time domain signal, the averaged frequency domain signal is converted back to

time domain. The final signal is plotted in Figure 4.19.

4.5 Conclusions

We have demonstrated that the ECG signal can be used to decomposed the PCG
signal into its constituent heart-beat cycles. Five algorithms have been devised to carry
out the task. The beginning of the cardiac cycles are detected using the ECG signal and
they are used to decompose the PCG signals. Correlation coefficients are used to iden-
tify the artifact free heart-beat cycles. Using the frequency domain, the mean of the
heart-beat cycles were found as the final heart-beat signal. We have successfully tested

our algorithms for all of the signals in our data set.

The ECG signal to be used must not contain very high background noise. If that
is the case, which is very unlikely, then a noise removal technique must be used prior

using the algorithms of this chapter.

Normalized Amplitude

0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8

Time, Seconds

Figure 4.19 Final heartbeat signal.
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Chapter 5

Local Maxima
Detection

5.1 Introduction

In three-dimensional pattern recognition, edges are among the most important
features of the pattern. To define an edge, consider a tiled floor. At first glance it is rea-
sonable to decide that the contours of the floor are indeed the edges where the tiles
define a pattern. We may also include the contours of each tile among the set of edges
and consider the surface of each tile as a pattern texture. Discrimination of edges from
textures depend upon the scale of the analysis. In image processing, points of sharp
variations in intensity define the important features of the image, they are considered to

be the edges in the image, and generally constitute the important image structures.

One of the bases for segmentation of an image is considered to be a discontinu-
ity in the gray level values [46]. The principle areas of interest are detection of lines
and edges in the image. In general, automatic segmentation of patterns in an image is
an extremely difficult task. In processing of an image, this is the step that determines

the eventual success or failure of the analysis.
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Chapter 5 Local Maxima Detection

In a 3-D representation of the modulus of a time-frequency matrix, locations of
concentrations of energy can be viewed as local ridges. Ridges contain crucial informa-
tion on the characteristics of the signal. The objective of this chapter is to develop an
algorithm which can be used for detection of locations of concentration of energy in
the modulus of a time-frequency plane. We call it local maxima detector. The algorithm
is divided into four parts each of which is explained in a separate section. In section
5.2, the modulus of the time-frequency matrix is viewed as an image and ridges are
considered to be the textures of the image. The outline of the proposed local maxima
detector algorithm is presented. In section 5.3, the effect of smoothing to suppress
small fluctuations on the surface of the modulus of the time-frequency matrix is
explained. In section 5.4, a method is proposed for detection of edges of the locations
of concentrations of energy in the time-frequency matrix of the heart sound signal.
Generally, a time domain windowed sinusoidal function exhibits a cone shaped body in
3-D time-frequency representation. Although, heart sounds are very complex signals,
nevertheless their locations of concentrations of energy in the time-frequency matrix
have shapes very similar to cone shaped bodies. In section 3.5, two methods are pro-
posed for detection of the boundaries of the cone shaped bodies in the time-frequency
matrix. The local maxima detector is presented in complete form in section 5.6. A cri-
terion for accepting the detected local maxima is discussed in section 5.7. In section

5.8, simulation examples are presented.

5.2 Time-Frequency Planes

In signal analysis and signal processing, characterization of signals according to
regions of concentrations of energy in the time-frequency plane has been used in many
applications such as radar/sonar detection, computer vision, image processing, and
speech processing. These regions contain valuable information about the characteris-

tics of the signal.

Time-frequency representations (TFR) characterize signals over time-frequency
planes. In any linear time-frequency technique such as short-time Fourier transform
and wavelet transforms, or bilinear methods such as Wigner distributions, a time series

signal is transformed to a two dimensional time-frequency plane. The main feature of
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these methods is to make use of the time-frequency localization properties of the repre-
sentations. Therefore, time domain and frequency domain analyses are combined to
yield a more revealing picture of the temporal localization of the spectral components

of the signal.

Let s(t) = A(t)ej *M pea signal as a function of time with time varying fre-
quency. The time-frequency representation of s(t) reveals local properties in the regions

of the time-frequency plane determined by the instantaneous frequency ¢’(¢) , where

¢@’(t) 1is the time derivative of ¢(¢). Examination of the modulus of the time-fre-
quency or time-scale matrix of a time series signal reveals the regions of concentration
of energy of the signal as a function of time and frequency or time and scale. In other
words, the values of the surface of the time-frequency plane give an indication as to
which spectral components are present at which time. Three-dimensional plots of time-
frequency surfaces have been used as pictorial representations enabling a signal proc-

essor to analyse how the spectral components of the signal vary with time.

Locations of concentration of energy in the modulus of the time-frequency

plane are called local maxima hereafter. The time-frequency plane can be considered as
i . : . 2
a generalization of the one-dimensional concepts of instantaneous energy |s(z)|” and

power spectral density |S(f )|2. The two-dimensional energy distributions T(z,, )

provides a measure of the local signal energy or information about the presence of a

sinusoidal component of frequency f, at time .

We consider the modulus of time-frequency representation of heart sounds as a
three-dimensional image, and we will call it a time-frequency image (TFI). The modu-
lus of a function is a positive and real function; therefore, the aforementioned time-fre-
quency image is real valued. Although heart sound signals that are used for calculation
of time-frequency matrices are processed for noise cancellation before being used, they
may still have some noise components associated with them. In addition to that, some
of the time-frequency techniques introduce unwanted components themselves, such as
cross terms appearing in the Wigner distributions. Therefore, it is logical to consider

TFI to be composed of two parts: signal and noise.
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Patterns are defined to give quantitative or structural description of an object in
an image. Image analysis is a process of discovering, identifying, and understanding
patterns that are relevant to the performance of an image based task. We consider the
local maxima detection as a pattern recognition task. TFI patterns are the ridges of con-
centration of energy in the time-frequency plane. Patterns of TFIs are partially known
prior to processing operation (they are cone shaped bodies), unlike the other image
processing tasks where patterns are sometimes totally unknown. This makes the
processing of TFIs somehow easier. Therefore, local maxima detection is actually a
process of locating patterns rather than recognising them. For clarity, we present a sim-

ple example.

Example: Let x(t) be atime series signal with three sinusoidal parts located at

different times, with additive white gaussian noise. Therefore, x(#) can be expressed as

3
x(1) = ) s(Dw(t—1) +n(1) Eq5.1

i=1
where w(t —1;) represents a Hamming window centred at time t;, £{n(¢)} = 0 and
Z{nz(t)} = 0.1. This signal is plotted in Figure 5.1. Sinusoidal parts were Hamming

windowed in order to avoid step changes in the time domain which would have resulted

in unwanted frequencies.

1+ .
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Figure 5.1 Three sinusoidal signals localized in time with white noise added.

84



Chapter 5 Local Maxima Detection

The modulus of the Choi-Wiliams distribution, which is a time-frequency tech-
nique and is explained in details in Chapter 7, of this signal is shown in Figure 5.2. As
we notice in this figure, there are almost three distinct ridges that indicate where the
energies of the signal reside. These patterns are cone shaped bodies. Ideally, they
should have an elliptical or circular projection on the x-y plane. There are causes that
make the surface of Figure 5.2, especially areas with low energy levels, very complex
surfaces. The causes are: the way the signal components are oriented in the time and
frequency domains; that is, the more closer they are located to each other the more they
interact and the structure of their shape changes, especially on the skirts; interferences
caused by noise; and the nature of the method used for the calculation of the time fre-
quency matrix. As we move away from the centre of the gravity of each energy concen-
tration area, we notice that there are surface variations associated with it very far away

from it.

Amplitude

0.2 0.25

015 onds

Y, He/?‘z 0 o 0.05 ' TIMes

Figure 5.2 The Choi-Williams distribution of the signal shown in Figure 5.1.

Our intention is to recognize the location of these patterns in the TFIs. The
strategy adopted is first to locate the centroids of the patterns and then identify their
position in the time-frequency plane in order to detect all the surface areas associated
with each energy concentration point. Our procedure is based on the detection and
removal operation of these surface areas in the bounded domain of the time-frequency
plane. Removal of the surface is necessary because our detection scheme is based on

detecting the highest energy levels in the time-frequency plane. Once a detected high-
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est energy level is removed, then the next highest energy level becomes dominant.
Obviously the magnitudes of the ridges in the time-frequency plane for the heart
sounds will not be all equal and they depend on the strength of different frequency
components generated by the heart. Therefore we first detect each local maximum in
TFI and then identify its contour. Next, remove the detected local maximum from the
time-frequency plane. This process is repeated until all of the ridges are detected and
the centroids of their locations in the time-frequency plane are identified. The outline

of the local maxima detection algorithm is shown in Table 5.1.

Table 5.1 Outline of local maxima detector algorithm.

1. Find the row and column location of the

maximum of the time-frequency matrix.
2. Detect its boundaries.
3. Remove it from the time-frequency matrix.

4. Repeat steps 1-3 until all local maxima are detected.

Two different regions of concentrations of energy in the normalized time-fre-
quency plane of a typical heart sound are shown in Figure 5.3. Short time Fourier trans-
form was used to obtain the time-frequency distribution. The local maximum shown in
Figure 5.3 (b) has a relatively low energy and there are many surface fluctuation around
it, while Figure 5.3 (a) contains a higher energy local maximum point and has a

smoother surface.

In order to make the surface fluctuation in Figure 5.3 (b) become more evident,
the surface of the local maximum of Figure 5.3 (b) was scanned along the time and fre-
quency axes directions. That is, the time and frequency coordinate locations of the
highest energy point of Figure 5.3 (b) was found: t=0.72 and f=180. Then at f=180 the
time axis was scanned and the result is shown in Figure 5.4 (a); likewise at t=0.72 the
frequency axis was scanned and the results are shown in Figure 5.4 (b). The fluctua-
tions appearing in Figure 5.4 are due to sidelobes of the window in the short-time Fou-
rier transform as well as the background noise in the heart sound signal. Note that a
relatively low amplitude local maximum was chosen to illustrate the susceptibility of

those regions to noise. This shows the necessity of applying a smoothing filter to the
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time-frequency matrix, before attempting to detect the contours of the local maximum

in such conditions. This is the topic of the discussion in the next section.
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Figure 5.3 Parts of a time-frequency energy distribution of a heart sound.
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Figure 5.4 Ridges in time-frequency plane of the heart sound of Figure 5.3
5.3 Smoothing

The smoothing or filtering stage aims to suppress noise or other small fluctua-
tions in the image surface. In image processing, smoothing has side effects such as
blurring sharp edges, corners, and junctions that bear important information about the
image; therefore, filtering must be done relevant to the application. This problem is not

much of concern to us because we are not interested in the quality of the ridges as an

87



Chapter 5 Local Maxima Detection

image but rather we want to smooth the surface of the ridges. However, it is necessary

to choose the smoothing filter such that it would not filter out the actual ridges.

There are a number of smoothing filters that are used in image processing. They
can be grouped into two large classes: linear and non-linear filters, where each class
can be designed and implemented in either the frequency domain or the spatial domain.
In the spatial domain, the image plane itself is the subject of manipulation, while in the
frequency domain method the Fourier transform of the image is modified. The term
spacial refers to all of the pixels that compose the image. Whenever image enhance-
ment is of prime importance, then the spacial domain is used, otherwise the frequency

domain is used.

The foundation of filtering techniques is the convolution theorem. Let F(¢, f)

represent a time-frequency image, then the smoothed image can be expressed as

G(t, f) = h(t, f)=F(1, f) Eq5.2
where % is the convolution operator, h(t, f) is the impulse response of the filter

defined in the neighbourhood of (¢, ), and G(¢, f) is the processed image. We define

the neighbourhood of (¢, f) to be a square or rectangular subimage area, centred at a

local maximum, or a point where the concentration of energy is locally maximum.

One of the simplest smoothing low pass filters is the moving average filter. It
can be designed as a finite impulse response digital filter. This filter is very effective in
removing white additive Gaussian noise [96]. However, it tends to distort image details
and image quality. Another type of filters that have been used for noise cancellation of
images are Wiener filters. Their impulse responses are designed such that the mean
squared error between the input image observations and the output estimation of the

processor is minimized [70].

Another useful smoothing filter is Gaussian. In the Gaussian filter each pixel is

assigned a weight whose value is inversely proportional to the distance from the central

pixel. The impulse response, h(t), and the frequency response, H(®) of the Gaussian

filter are expressed as
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2
1 X
h(x) = exp| —— Eq 5.3
2o p[ QGZJ
1 02 2
H(w) = —J-Z_thxp(——z—m ) Eq54

where o is the standard deviation of the Gaussian.

Smoothing depends on the value of &, it should be chosen such that, the con-
tours of the local maxima will not be smoothed too much so that we may still be able to
isolate the border of the local maximum while unwanted variations in the surface still

be removed. The two-dimensional Gaussian smoothing filter is

2

2
ht, f) = exp[— ich 2] Eq 5.5

40,0

where 0, and G are the time and frequency standard deviations.

In Figure 5.5, the time domain, the frequency domain, and 3-D plots of a Gaus-

sian filter are shown.
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Figure 5.5 A Gaussian smoothing filter a) Time domain, b) Frequency domain.
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Figure 5.6 Smoothed plots of time-frequency plots of Figure 5.3.

A 2-D Gaussian smoothing filter with ¢, and ¢ ’ equal to 0.0316, and the time

domain length of 6 milliseconds was generated. The smoothing Gaussian filter was
applied to the time-frequency representations of the heart sound signals of Figure 5.3.
The 2-D convolution of the filter with the signals of Figure 5.3 were obtained, results
are shown in Figure 5.6. This figure clearly shows the smoothing effect of the Gaussian
filter; that is, the fluctuations of the surface of the time-frequency plots have been
removed. The smoothing effect becomes more evident by scanning the signals along
the time and frequency axes as was performed for Figure 5.3 (b). The time-frequency

representations of Figure 5.6 (b) was scanned and results are shown in Figure 5.7. By
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comparing Figure 5.4 and Figure 5.7, it is clear that the surface fluctuations are
removed while the shape of the ridges have not changed. This implies that the time-fre-

quency representations have not been distorted.

5.4 Region Segmentation

It was mentioned earlier that we consider the modulus of the time-frequency
plane to represent an image where the local energy concentration regions would be the
textures or patterns of the image. We intend to find the location of the coordinates of
each local concentration of energy and then remove it from the time-frequency plane. It
was explained in the previous section that each local maximum point in the time-fre-
quency planes of the heart sounds has a cone-shaped body. Once the centroid of a local
maximum has been detected it is necessary to remove it from the time-frequency plane.
This requires detecting the boundaries of the local maximum. In this section we

develop a technique to accomplish that.

0.6 0.65 0.7 0.75 0.8 0.85 0.9 175 180 185 190 195
(a) Time, Seconds (b) Frequency, Hz

Figure 5.7 Signals obtained from scanning the time-frequency representation of Figure 5.6 (b).

Image segmentation is one of the most important subjects in any vision system.

Segmentation subdivides an image into its constituent parts or objects. In order to suc-
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ceed in processing of images for pattern recognition, it is necessary to achieve a good
low-level feature extraction. The first step in the sequence of the operations that must
be performed is to obtain a compact description of the input image. In the early stages
of processing, it is essential to capture all the structural information contained in the
image. Structural information refers to junctions, contours, corners, and curvature
points in the image that separate patterns from each other; that is, they correspond to
object boundaries or changes in surface orientations or material properties. These give
important clues to the three-dimensional structure of the image. The level at which this
subdivision is carried out depends on the problem being solved. The segmentation goal
is achieved when the objects of interest in an application are isolated [53], [95], [102],

[117].

There are many application dependent techniques used for image segmentation.
Segmentation algorithms can be categorized into two broad groups. One approach is
partitioning the image, based on abrupt changes in gray level. Within this category the
principle areas of interest are lines and edges in the image. The other category is based

on thresholding.

In the time-frequency planes, local maxima are located close to each other. The
energy of local maximum is highest at its centre of gravity. As we move away from its
centre of gravity the energy decreases generating a skirt around it. At the intersections

of skirts a boundary is formed which we called it an edge.

5.4.1 Edge Detection

In the time-frequency plane, an edge is the boundary between two regions with
relatively distinct energy level properties. Therefore, ideally an edge should represent
an abrupt change in the energy levels of the TFIs; consequently, an ideal edge can be
modelled as a step function. This is not an adequate model for edges in real TFIs
because mutual effects of neighbouring patterns significantly change the energy level
and shape of the edges in real TFIs. As a consequence of these effects, real TFI edges
could be in the form of a ramp edge. In Figure 5.8, three different types of edges are

shown.

Most of the edge detection techniques are based on some decision making stage

followed by a linear filtering stage [122], [126]. The linear filtering operation is
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intended for noise reduction purposes and was discussed in section 5.3 as smoothing
filters. In the second stage, differentiation is used to accentuate intensity changes which
will transform the image into a representation from which properties of these changes

can be extracted.

(a)

/ (b)
©

Figure 5.8 Three types of edges found in time-frequency representations of the heart
sounds.

For gray level edge detection in computer image processing, two different
approaches have been proposed, the extrema scheme [23], and the zero crossing
scheme [83]. In the extrema scheme, edges are assumed to be sharp changes in the illu-
minance of the image profile. In other words, edges are step edges. In this method
peaks in the first directional derivative of the Gaussian are used to find intensity change
along a particular orientation in the image, this was first proposed in [23]. The filter

used in this method is expressed as

2
1 r
VG = rexp| ——s Eq 5.6
J2no [ 262)

where G is the Gaussian function, V represents the gradient operator, and

2 . . . . .
=X+ y~. The location of the maximum of convolution of Eq 5.6 with an image

will be the place of the edge in the image.

In the second technique, the basic approach is to convolve the signal with the
Laplacian-of-Gaussian (LoG) and then find the zero crossings of the convolution, this

was first proposed in [83]. LoG is expressed as

V3G = ——1 l—r—zex —r—2 Eq5.7
J2nc’ c> P 26° e
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where G is the Gaussian function. Let R(x, y) denote an image and * represent the

convolution operator, then the edges of the image are found by seeking the zero cross-

ing in F(x,y) by

F(x,y) = VIG(r)*R(x, y)] Eq5.38

The accuracy of the LoG operator has been covered in details in [14].

5.4.2 Edge Detection in TFIs

It was pointed out earlier that patterns in the time-frequency planes of the heart
sounds are cone shaped bodies. In order to detect the contours of these patterns, the
scanned signals along the time and the frequency axes of the time-frequency plane
around all of the local maxima are examined. Therefore, we restrict ourselves to one
dimensional edge detection problem; that is, we examine ways of detecting edges in
the scanned signals of the time and the frequency axes of the time-frequency planes. In
Figure 5.9, signals obtained from scanning the TFIs of Figure 5.4 along the time axis
are shown. In this figure, the edges are highlighted. Figure 5.9 (a) corresponds to Fig-
ure 5.4 (a) and Figure 5.9 (b) corresponds to Figure 5.4 (b). It is clear from Figure 5.9
that the types of edges are similar to those shown in Figure 5.8. One type of edge which
is shown in Figure 5.9 (b) is formed whenever two ramps intersect. Another type of
edge that we can expect in TFIs is shown in Figure 5.9 (a). This type of edge is con-
ceivable for local maximum which may be in an isolated situation away from the other

local maxima.

We can see that changes in the surface of the TFIs are not abrupt (step type) but
rather they are gradual changes (ramp type). The derivative of a Gaussian edge detector
technique would not be suitable here, since it is based on the assumption that the edges

of concern must be step type edges.

Our edge detection algorithm is based on the zero crossing scheme. Let TF(u)
represent the signal resulting from scanning the time-frequency plane of the heart
sounds along the time and frequency axes around a local maximum, where the argu-
ment | could represent ¢ for time axis scan or could represent f for frequency axis
scan. We set the origin on the peak of the scanned signal, and examine the slope of the

signal in both directions along the horizontal axis. For instance, consider the signal
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shown in Figure 5.9 (b). We apply the above definitions to this signal. This signal is
represented as TF{(?), its origin of the time axis is defined to be where the signal is max-

imum, and it is shown in Figure 5.10.
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0.76 0.78 0.8 0.82 0.84 0.86 0.88 0.9 0.92 0.94
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Figure 5.9 Type of edges in TFIs.
TF(t)
A
x 107

-0.1 -0.05 0 0.05 0.1 0.15

Figure 5.10 Definitions of edge detector algorithm applied to signal of Figure 5.9 (b).
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It is clear that the slope is negative in both directions (left and right) of the ori-
gin until we reach the edges. Two conditions can happen as we pass the edges. If the
edge is similar to one shown in Figure 5.8 (a), then the sign of the slope should become
positive after the edge point is passed. However, if the edge is similar to one shown in
Figure 5.8 (b) then the slope should become zero after the edge point is passed. It is
clear that the edges in this figure are similar to Figure 5.8 (a); therefore, the sign of the

slope changes as the edges are passed.

The above discussion implies that there is a sudden change in the sign of the
slope at the edge points. Subsequently two different situations may occur here. First,
the magnitude of the slope just after the edge is not zero, it could be greater than or
equal to the magnitude of the slope just before the edge. Second condition is, the slope
of the curve immediately after the edge becomes zero. This implies that there should be
a zero crossing in the first derivative of the signal at the edge points for the first situa-
tion. For the second situation, there also will be a zero crossing but the derivative will
stay zero after it reaches zero. Therefore, we focus on detecting the change in the sign
of the slope of the scanned signal and finding the zero crossing points. Let the deriva-

tive of the scanned signal be

d
F = —TF EqS5.
() m (1) 959
In Figure 5.11, TF(u) and F(U) corresponding to the signals shown in Fig-
ure 5.9 are shown. In Figure 5.11 (a), zero crossing corresponds to a point in F(t)
where TF(t) becomes constant and its slope changes from negative to zero. The zero

crossing of F(t) in Figure 5.11 (b) corresponds to the lowest point in TF(¢) where

its slope changes from negative to positive.

The algorithm for calculating the edge locations described above is shown in

Table 5.2.

5.5 Boundary Detection Methods for TFIs

As was mentioned earlier, the proposed local maxima detection algorithm is

based on detection and removal of the points of concentrations of energy of the time-
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Table 5.2 Edge detection algorithm.

1) Scan the smoothed TFT along the time and frequency axes centred on

the peak of the local maximum point.

2) Calculate the derivative of the scanned signal to the right and left of

its peak location.

3) Find the first zero crossing of the derivative vector found in step 2 to

the right and left of the peak of the scanned signal.
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Figure 5.11 Edges of signals of Figure 5.9 and their first derivatives.

frequency plane. Therefore, it is important to detect all the surface area in TFIs that are

associated with a particular local maximum, then remove it before proceeding to the

next local maximum point. That is, we ought to identify the area that is confined in

between the edges of every local maximum. Finding that area correctly, will reduce the

probability of detecting false local maxima. In order to achieve this we propose two

methods.
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® Method 1:

In this method, the current local maximum is scanned diagonally in all direc-
tions and edges associated with every scanned signal are found. This is shown in Figure

5.12. An initial angle value is chosen, then it is incremented by a constant value until
the TFI is scanned in all directions. Let 0 represent the scanning angle. Initially it is set
to zero, i.e. horizontal direction, then in each step it is incremented by angle ¢ in each
step until 6 = 360 is reached. This algorithm is shown in Table 5.3. In order to

achieve good results with TFIs of the heart sounds, ¢ must be small, because as the
distance of edge from local maximum gets larger the estimation of the connecting path

between two consecutive scans becomes difficult.

Local maximum

Scans performed around
local maximum

\/

Figure 5.12 Scanning of entire pattern around a local maximum.

® Method 2:

This method is based on scanning the signal only along the time axis. Initially,
scanning is performed along the time axis at the frequency where the peak of the local
maximum occurs and locations of the edges are found. In the next step the current
scanning line (the frequency axis location) is incremented by one. Then the location of
the maximum of the new scanned signal is found and the origin is set to that point, and
again the location of the edges are found. In each step, the maximum value of the
scanned signal is compared with the maximum value of the scanned signal in the previ-
ous step. The process is continued until a line is reached whose maximum is greater

than the previous line. This is shown in Figure 5.13, and the algorithm is shown in

Table 5.4.
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Table 5.3 Algorithm for edge detection, method 1.

1) Initialize the angle 6. Scan the local maximum in
the direction of 0.
2) Detect the edges.

3) Increment 0 by ¢, where ¢ is the incrementation
angle.

4) If O is less than 360 degrees, repeat steps 2-3
otherwise end.

A direction of

ocal maximum point
movement

Amplitude

Time

Figure 5.13 Edge detection by method 2.

5.6 Removing Patterns from TFIs

Once all of the edge locations are obtained for a certain pattern, they are used to
construct the boundaries of the pattern for the current local maximum. The next step is
to remove the detected pattern from the time-frequency plane. The removal process
simply replaces all of the entries associated with the pattern of the current local maxi-

mum in the time-frequency matrix by zeros.

When all the entries within the current local maximum boundaries are set equal
to zero, then the process starts again by locating another local maximum. This will con-

tinue until all local maxima are detected, or a predetermined threshold energy level is

reached.
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The local maxima detector algorithm explained in previous sections is shown in
Figure 5.14 in block diagram form. In this figure, X(t,f) represents the modulus of the

time-frequency matrix.

Table 5.4 Algorithm of edge detection, method 2.

1) Scan the smoothed TFI along the time axis centred
on the local maximum point.

2) Find the edges of the scanned signal.

3) Increment the frequency axis location of the cur-
rent scanning. Scan and find edge locations.

4) Find the maximum of the scanned signal.

5) If maximum of the current vector is less than the
maximum of the previous vector then repeat steps
3-4, otherwise end.

6) Repeat steps 1-5 with the exception that in step 3
decrement the frequency axis location.

5.7 Criteria for Accepting the Detected Local Maxima

The number of iterations in the local maxima detector algorithm is equal to the
number of local maxima in the time-frequency plane. It was mentioned earlier that
some of the low energy level local maxima may be due to noise. It is essential to distin-
guish them from the local maxima which are due to the signal components. This
depends very much on the signal-to-noise ratio of the signal. For a relatively high sig-
nal-to-noise ratio, one would expect to get a higher energy local maxima for the signal
components than those of noise. Therefore, if the amplitudes of local maxima are plot-
ted, a gap in amplitude levels may be evident. That is, the local maxima of the signal
components would appear in higher levels than the local maxima which are due to
noise. A figure similar to Figure 5.15 may be obtained. If this is the case then a thresh-
old level can easily be set to separate two clusters of detected local maxima. One clus-
ter would represent the local maxima of the signal components and the other would be

a cluster of unwanted local maxima.

Heart sounds are complex signals, therefore it may not be very easy to set the

threshold level and separate the local maxima into two groups. Distinction between two
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Figure 5.14 Block diagram of local maxima detector.
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B signal local maxima noise local maxima

piecewise linear threshold level

approximation

local maxima energy

» k

Jocal maxima number

Figure 5.15 Signal and noise local maxima under high SNR condition.

clusters of local maxima for the heart sounds have been accomplished by the following
method. Let B(m) represent the energy level of the m™ local maximum in the TFI of

the heart sound, and g be the total number of local maxima. Let the graph of B(k) ver-
sus k be denoted as the LM curve, where k=1, 2, 3,..., g, and where increasing k implies
decreasing energy. We found that it is possible to make a piecewise linear approxima-
tion to the LM curve. The piecewise linear approximation was performed in the follow-
ing way. Note that, the basis for local maxima detection was detecting the highest
energy level; therefore, the slope of the LM curve will be negative every where. Any
large change in the values of the energy levels results in a sharp change in the slope of
the curve. Therefore, if we consider the slopes of the different sections of the LM curve
and compare them, then the smallest slope should be chosen. In other words, starting at
the top of the LM curve, we select a part of the curve and calculate its slope. Then
another portion with larger LM points is selected and its slope is calculated also. If the
slope of the second part is the same as the previous one then the number of the LM
points are increased, otherwise the first part is selected as a section with constant slope.
This is continued until the LM curve is piecewise approximated. Therefore, there are
always sections that can be approximated with a constant slope line. The number of
sections varies for different heart sounds and depended on the type of time-frequency
technique used. This is illustrated in Figure 5.15. Visual inspection of the TFIs of the
heart sound revealed that in most of the cases the last section in piecewise linear
approximated LM curves represents the local maxima due to noise. We used this
method for clustering the local maxima of the heart sounds. Of course, it is always pos-
sible that few signal local maxima may fall into the noise local maxima cluster and vice

versa.
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5.8 Simulation example

In this part we will illustrate some simulations results obtained using the local
maxima detector algorithm. We apply the local maxima detector to the time-frequency
representation shown in Figure 5.2. The reasons for choosing Figure 5.2 are: 1) the
energy concentration levels are clear in the figure; 2) it has both a high energy level
local maximum as well as a low energy level one; 3) two of the local maxima are close
to each other both in frequency and time, so they influence each other’s boundaries a
great deal; 4) the time series signal from which it is obtained has a noise component.
The normalized energy level, and time-frequency locations of local maxima points for
the signal of Figure 5.2 are shown in Figure 5.16 (a) and (b), respectively. The gap
between the energy levels between the local maxima corresponding to signal compo-
nents and the local maxima corresponding to noise, is evident. Note that there are only
three signal components present in Figure 5.2, namely 100 Hz, 180 Hz, and 200 Hz
which are located at different positions in time. These are highlighted in Figure 5.16
(b). Therefore, threshold level can be set to any value between 0.1 and 0.4 to separate

the signal and noise local maxima, e.g. 0.3.

500 k- e Hm———
1»1; * ¥ 5 =
* %
400 * ¥
g 08 B * * X
2 E * ** % * *
= 300 b
g 06 threshold level mﬁ X
5 9 *
5] * ) *
5 o4 !/ = 2000 »®
E |- - - T-—-=-=° ia
S 02 100t (¥ *
* Kk ¥k ***
; ok ; 0 L% k% LR oy %
10 20 30 40 50 0 005 01 015 02 025

Local maxima number

Time, Seconds

Figure 5.16 Local maxima points of Figure 5.2, a) amplitudes, b) time-frequency locations.

The local maxima detector was applied to the modulus of the time-frequency
representation of a heart sound, parts of which were shown in Figure 5.3. The heart
sound signal was prepared using the algorithms presented in Chapter 4. The short-time
Fourier transform was used for the time-frequency calculations. The Gaussian smooth-

ing filter of Figure 5.5 was used to suppress the surface fluctuations of the modulus of
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the time-frequency matrix. The normalized energy levels of the detected local maxima
are shown in Figure 5.17 (a). In order to show the energy levels more clearly, a loga-
rithmic scale is used. As is in the Figure 5.16 (a), it is clear that there is not any distinc-
tive gap in the energy levels. Piecewise linear approximation of this curve is shown in
Figure 5.17 (b). There are five linear segments in this approximation. The fifth seg-
ment, which possesses the smallest slope, has the best approximation to the LM curve.
This segment is considered to be due to noise, hence it is discarded. The local maxima

points are shown in Figure 5.17 (c), and in Figure 5.17 (d) the accepted local maxima

are shown.
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Figure 5.17 a) LM curve of the heart sound, b) piecewise linear approximation of
the LM curve, c) detected local maxima, c) accepted local maxima.
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5.9 Conclusions

We presented a technique to detect local maxima in the time-frequency plane
with the intention of applying it to the heart sound signals. Local maximum points
were defined to be the centroid of each local concentration of energy in the modulus of
the time-frequency matrix. The 3-D representations of the modulus of the time-fre-
quency matrices were perceived as 3-D images where the ridges were considered as the
textures of the image. This algorithm is based on edge detection. That is, the highest
energy level in the time-frequency matrix is detected, its boundaries are identified, and
then it is removed from the time-frequency plane. The process is repeated until all of
the local maxima are detected. This technique can be applied to the detection of ridges

in the energy distribution of any signal.

We presented two methods for detection of the boundaries of the local maxi-
mum point. In 95% of the cases we were able to get the same results by both methods.

We used one to confirm the results obtained by the other. The first method is more com-

putationally intensive when ¢ is small.

The performance of the proposed detection technique was illustrated by a sim-
ple sinusoidal signal, with additive white noise. It was shown that the algorithm per-
forms very well with the heart sound signals as well. We proposed a method to separate

the local maxima of signal components from those of the noise components.
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Chapter 6

Short-Time Fourier
Transform Analysis of
Heart Sounds_

6.1 Introduction

The Fourier transform is among the few tools that can be considered as a key-
stone of modern signal processing. Development of fast Fourier transform (FFT) algo-
rithms has greatly influenced the advancement of digital signal processing. Fourier
representations are useful for two basic reasons. The first is that for linear systems it is
convenient to determine the response to a superposition of sinusoids or complex expo-
nentials. The second reason is, Fourier representations often serve to place in evidence
certain properties of the signal that may be obscured or at least be less evident in the
original signal. The relative intensities of the frequency components of signals are cal-
culated using FFTs, but this does not give any information about when in time a spe-
cific frequency has occurred. For stationary signals, where signal frequencies do not
change in time, FFT gives a clear understanding about the spectrum of the signals, but
since in nonstationary signals the frequency content of the signals does change with
time, it is necessary to analyse these signals jointly in time and frequency domains.
Most of the physical signals in nature are of this kind, such as human speech, sounds

made by animals, biological signals, transient signals, etc. This led to the idea of the
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short-time Fourier transform (STFT) which is an extension of the Fourier transform as
it was defined by Gabor [47]. Today it is the standard simple method for study of the

nonstationary signals.

STFT is a windowed version of the discrete time Fourier transform (DTFT)
which is calculated by a sliding window indexed by both time and frequency [9], [10],
[371, [89], [97], [99]. The time-frequency description of the signal obtained by this
method is called a spectrogram. Choice of the window plays an important role in the
quality of the time-frequency analysis of the signal by STFT. The purpose of the win-
dow is to localize the frequency content in time. Unfortunately, temporal and frequency
resolutions are inversely related to each other and they are restricted by the uncertainty

principle.

Spectrograms have a long history but nevertheless, the short-time Fourier trans-
form method only recently has been used to study the status of the heart using phono-
cardiograms and electrocardiograms. Some applications of STFT in heart sound

analysis are pointed out in Chapter 1.

Non-heart related applications of STFT are also wide spread. For example, a
spectrogram with a Gabor window has been used in [67] as a texture discriminator to
identify breast masses. The complicated time-frequency characteristics of dolphin
whistles were analysed in [128] using spectrogram and other time-frequency methods.
In [109], a model of the bat’s echolocation system using spectrogram was proposed.

Underwater acoustic signals were analysed in [18].

In this chapter we first briefly review the short-time Fourier transform and then
heart sounds are analysed using STFT. In section 6.2, STFT is reviewed as a windowed
Fourier transform. In section 6.3, we discuss the restriction imposed on STFT by the
Heisenberg inequality. In section 6.4, the application of the STFT in the analysis of the
recorded heart sounds is discussed. First, the heart-beat signals obtained by the algo-
rithms of Chapter 4 are used for STFT calculations, then the algorithms presented in
Chapter 5 are used for local maxima detection of modulus of the STFT time-frequency
planes. We illustrate the results obtained for phonocardiograms from both before and
after angioplasty recordings. In section 6.5, a method is developed for analysis of the

locations of the concentration of energy in the time-frequency matrices. Time-fre-
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quency patterns in the time-frequency matrices are recognised by the proposed method.
The average frequency of the patterns are calculated for first, second, and third heart
sounds. Then a comparison is made and differences are observed for the results

obtained from the analysis of all data records.

6.2 The Short-Time Fourier Transform

The discrete-time Fourier transform (DTFT) is used to analyse signals for their

frequency contents. Let s(n) be a signal defined for all n and S(ej e) be its DTFT
evaluated at frequency 6. The analysis and synthesis equations may then be defined as

Eq 6.1 and Eq 6.2 respectively [98].

S(eje) = z s(n)e—je" Eq 6.1

n=-—oo

T
s(n) = %th(efe)ef"”de Fq 6.2
-

The function S (ej 9) gives a measure of the frequency content of the signal

s(n) at frequency 0. These equations yield a perfect insight to signals whose fre-
quency contents are not changing with time. However, if they are used to analyse a sig-
nal whose frequency varies as a function of time, that is if the signal is not stationary,

then the results will not indicate correct spectral information of the signal. In other
0, . L . .
words, the transform S(e’" ) will be localised in a certain frequency, say 0;, only if the

signal s(n) has infinite length in the time domain.

If s(n) istime limited to a duration of N samples, then we can sample the con-

tinuous function S(e’ e) with uniformly spaced points in the range (-7, t). This cor-

responds to constructing a periodic signal §(n) of infinite duration and period N by

periodically extending the sequence s(n) with length N, and computing its Fourier

series expansion. This is expressed as
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N-1 .
Sy = 3 s(mye Fq 63
n=0

where 8, = 2nk/N andk = 0, 1,2, ...... , N — 1. This is the Discrete Fourier Trans-

form (DFT) of the signal s(n). Reconstruction of s(n) from the samples of the its

spectrum, S(k), or the corresponding Inverse Discrete Fourier Transform (IDFT) is

calculated as

N-1 ,
s(n) = ]% T s Eq 64
k=0

In order to avoid time domain aliasing it is necessary to limit s(n) tolength N,

then it can be recovered completely by taking IDFT of the N frequency samples.

In a typical DFT computational algorithm, direct calculation of N-point DFT

requires 4N? real multiplications. Development of computationally efficient algo-
rithms such as the fast Fourier transform, makes direct DFT based analysis/synthesis

methods very prevalent in the signal processing literature. Use of FFT algorithms allow

computation of DFT to be performed in N log, N computations.

For the analysis of nonstationary signals it is necessary to change Eq 6.1 in such
a way that the resulting transform will be in the joint time-frequency domain. Such

description can be achieved by using the short-time Fourier transform [9], [47], [99].
The STFT views the DFT of the signal s(n) with a moving window w(n —m). The
STFT of s(n) is defined as

So(€m) = 3 win-m)s(nye”" Eq 6.5

n=—oo
where w(n —m) is a window sequence which selects portions of s(n) that are being
analysed at a particular time index m and it is called the analysis window. In other
words, the frequency contents of the signal s(n) are examined locally around the time

instant m. Therefore, the window function helps to localize the time domain data,

before obtaining the frequency domain information. In Figure 6.1, a time signal which
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is part of a phonocardiogram, an analysis window, and windowed signal are shown. In
this figure, the window is centred at m = 1.05 seconds. As the window is moved

along the time axis, the FFT of its product with the signal of Figure 6.1 (a) is calculated
for each lag m , in this way the frequency content of s(n) is examined only in a region

around time m.
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Figure 6.1 Example of a) signal, b) window, and c¢) windowed signal.

Generally, § stﬁ(ej e, m) expressed in Eq 6.5, is a complex valued function of

two variables, 6 and m, where its magnitude can be visualized as surface of the time-

frequency plane with axes m and 0 . In other words, the STFT maps a one-dimensional
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time domain signal, into a two-dimensional function in the time and frequency plane.

Evidently, it is a linear time-frequency representation.

6.3 Time-Frequency Resolution of STFT

Obviously, the choice of the window function is very important in determining
the spectrogram of the input signal. If a short window is used then the resulting trans-
form will exhibit a good resolution in time, but on the other hand a short window will
only allow a small number of samples to be used in DTFT calculations and therefore,
restricting the ability of the STFT to discriminate between frequencies close to each
other. On the other hand, a long duration window in the time domain will discriminate

close frequencies but will have a poor time domain resolution.

In order to provide a quantitative measure of the time and frequency localization

of the STFT, let w(z) represent a window as a function of time, and W(w) be its
Fourier transform. Therefore, |w(?)] % can be interpreted as a weight distribution of the

window in time and |W((y))|2 can be interpreted as the weight distribution of the win-
dow in frequency. The centre of the window in the time domain and the centre of the
window in the frequency domain are defined by Eq 6.6 and Eq 6.7, respectively [25],
[68], [144].

g ; jtlw(t)lzdt Eq 6.6
"W 7 e
" 1 ¢ Y
o* = ; jco|W(]m)| dw Eq6.7
Iwily =
where
2 2
Iwlly = [ (ol ar Eq 6.8
2 . 2
Iwly = [Iw(jo) do Fq69

—0a
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The time duration of the window, which is also known as the rms duration, is

given in Eq 6.10; likewise, the rms bandwidth of W(jw) is defined by Eq 6.11.

co 1/2
L j((t—t*)ﬂmwtﬂz)dt Eq 6.10
Iwlly 2
| °0 ) 1/2
Ao = WQ{ [ (@-o%) IW(j(o)Iz)do)} Eq6.11

—oa

where ||w], and |W|, are the Euclidean norm of w(t) and W(w), respectively. With

these definitions, it can be shown that the Heisenberg uncertainty relation [84], is

AtA® > Eq6.12

1
2

Eq 6.12 indicates that the uncertainty principle prohibits existence of windows
with arbitrarily small duration and arbitrarily small bandwidth. This is the drawback of
the STFT. Therefore, a compromise must be made between time resolution and fre-

quency resolution.

6.4 STFT Analysis of Heart Sounds

In this section, we explain the process of the STFT analysis of the recorded
heart sounds. In order to remove the uncorrelated noise from the data records, the raw
data is passed through an adaptive line enhancement filter, which has been described
extensively in Chapter 3. The heart-beat cycle detection algorithm of Chapter 4 is
applied to the signal obtained from ALE noise canceller and the heart-beat signals are
calculated for both before and after angioplasty operation. Then, the short-time Fourier
transform of each heart-beat cycle (before and after angioplasty) is calculated, and the
modulus of the time-frequency matrix is obtained. The local maxima of energy distri-
bution are detected using the algorithms presented in Chapter 5. In Figure 6.2, the sig-
nal processing steps involved in time-frequency analysis of the heart sounds using
STFT are shown. We first examine a single case and present all the detailed analysis for
it; then, at the end of the section we present the results of the analysis of all the data

records.
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Figure 6.2 Block diagram for time-frequency analysis of heart sounds using STFT.

6.4.1 Heart-Beat Signal Preparation

Here we present the STFT analysis of the phonocardiograms (before and after
angioplasty) of Case 1 of Table 2.2 in details. Our aim is to demonstrate the process of
the STFT analysis of the phonocardiograms by showing plots and results that were
obtained. We used 40 seconds of recordings of before angioplasty and 35 seconds of
recordings of after angioplasty. A ten-second segment of the PCG along with the corre-
sponding synchronously recorded ECG signal of both before and after angioplasty of
Case 1 of Table 2.2 are shown in Figure 6.3. Parts (a) and (b) of Figure 6.3 show the
PCG and ECG signals for before angioplasty and parts (c) and (d) show the PCG and
ECG signals for after angioplasty. The signals were processed by the ALE techniques

of Chapter 3 prior using them here in order to remove any uncorrelated noise.

Heart-beat signals were prepared using the heart-beat separation algorithms of
Chapter 4. The ECG signal was scanned with 10 millisecond window and the threshold
level was set to 0.6. The beat cycle separation algorithm (BCSA) detected 36 most cor-
related beat cycles in the signal of before angioplasty and rejected one cycle. In the sig-
nal of after angioplasty, 30 most correlated beat cycles were detected and 2 beat cycles
were rejected. The output of BCSA for these signals as well as the final heart-beat sig-

nals are shown in Figure 6.4. The length of the scanning window in the BCSA was set

to 10 ms for both cases.

6.4.2 Analysis Window Selection

As was mentioned earlier; the results of the STFT analysis is greatly affected by

the length of the window, it determines the time and frequency resolution. The type of
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(a) All heart-beat cycles of
the recorded heart sounds
before angioplasty.

(b) Heart-beat signal cal-
culated from beat cycles
of part (a).

(c) All heart-beat cycles
of the recorded heart
sounds after angioplasty.

(d) Heart-beat signal cal-
culated from beat cycles of
part (c).

Figure 6.4
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the window is also very important. The choice of the analysis window directly affects
the trade off between frequency resolution and side-lobe attenuation. The height of the
side-lobe must be reduced as much as possible in order to decrease cross-term distor-
tion, but this in turn will require wider bandwidth. On the other hand, in order to be
able to resolve two closely spaced frequencies, it is necessary to have a main lobe nar-
row enough to distinguish them. In this application we require a small sidelobe, hence

we compromise to an increased bandwidth for low sidelobe.

Four window types are considered: Chebychev, Kaiser, Hamming, and Black-
man windows. The time duration of the windows were set to 250 ms. The smaller
length windows were tried, but they did not have good frequency resolutions, and also
higher length windows suffered from temporal resolutions. In Table 6.1 the height of
the main lobe, height of the largest sidelobe, and width of the main lobe for all of the
above window functions are given. The width of the main lobe is the distance (in
Hertz) between first two zero crossings of the FFT of the window with respect to its
peak. The magnitude plots of all four windows in the frequency domain are shown in
Figure 6.5. The passbands of the windows are magnified and shown in the inset plots of

Figure 6.5.

Table 6.1 Frequency response characteristics of four window types.

Window function Height of Height of largest Width of the
main lobe sidelobe window

Chebychev 0dB -80 dB 11 Hz

Kaiser 0dB -66.6 dB 10.5 Hz

Hamming 0dB -43.2 dB 9 Hz

Blackman 0dB -59.38 dB 10.5 Hz

Examination of Table 6.1 and Figure 6.5 reveals that the Chebychev window
exhibits better sidelobe attenuation; therefore, this window was chosen in order to have
least interference from sidelobe frequencies. The Chebychev has a slightly higher
bandwidth than the others, but this is a secondary concern to us because we can reduce
it by increasing the length of the filter. The time domain plot of the Chebychev window
which was used for calculation of the time-frequency plane of the STFT of the heart-

beat signals is presented in Figure 6.6.
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Figure 6.6 Time domain representation of the Chebychev window whose
magnitude plot is shown in Figure 6.5 (a).

Once the analysis window function has been chosen, it is necessary to decide

how often the window should be advanced and the windowed signal be calculated.

Since our goal is to calculate the local maxima of the time frequency plane, it is impor-

tant to keep the overlapping as large as possible. This will give better temporal resolu-
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tion, but it will increase the computation time and the resulting STFT matrix will be

large.

6.4.3 STFT Calculations

Once the window was determined, a program was written and the STFT was
implemented. The STFT of the signals shown in Figure 6.4 (b) and (d) were calculated.
The time shift for advancing the window was set to 0.5 milliseconds. Note that the
length of the scanning window was set equal to 250 ms; therefore, advancing the win-
dow by 0.5 milliseconds generates large overlaps. This necessary to make the surface
of the modulus of the time-frequency matrix as smooth as possible (better temporal

resolution). The length of the heart-beat cycles varied from case to case, the average

length was about 2000 samples.

A Gaussian smoothing mask as described in Eq 5.5 was used to suppress the
small fluctuations on the surface of the STFT plane. The time domain, frequency

domain, and 3-D plot of the Gaussian mask are shown in Figure 6.7.
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Figure 6.7 The Gaussian mask used for smoothing the STFT matrix of the signals of Figure 6.3
(b), a) time domain, b) frequency domain.
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Figure 6.7 Continued c¢) 3_D representation

Parts of the modulus of the STFT matrix for signals of Figure 6.3 (b) and (d) are
shown in Figure 6.8-1, -2, and -3. On each page eight three dimensional plots of the
modulus of the STFT matrix are shown. The reason for dividing the modulus of the
STFT matrix to many different sections stems from the fact that the energy of the sig-
nal varies at different locations of the time-frequency plane. Had we showed only one
single plot for the entire STFT matrix, then the highest amplitude ridge would domi-
nate and low level ridges would not be recognizable. This is clear from the amplitudes

of the plots.

Figure 6.8-1 -2, -3 are shown on three pages and each page contains eight plots.
Each group of four plots (two per page) divides the STFT matrix into four sections in
the entire time axis and in a certain band of frequencies. The organization of Figure
6.8-1, 2, 3 is explained pictorially in Figure 6.9, which shows the time and frequency
allocations of each plot of Figure 6.8-1, -2, and -3 in the STFT time-frequency matrix.
For example, the term “plot #1” in the bottom left-hand corner of Figure 6.9 refers to 3-

D plot shown in top left-hand corner of Figure 6.8-1.

6.5 Analysis Method for Time-Frequency Plane
The local maxima detector algorithm of Chapter 5 is applied to the STFT time-
frequency matrix of signals of Figure 6.3 (b) and (d) and locations of concentration of

energy are obtained. The result of the local maxima detector algorithm consists of three
vectors: time, frequency, and magnitude vectors. The time vector, T (k) , contains the
temporal locations of the detected local maxima, the frequency vector, F (k) , holds the

frequencies of the detected local maxima, and the magnitude vector, A(k), contains
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the magnitudes of the detected local maxima. Note that detected points represent the
peaks of the local maxima in the modulus of the time-frequency plane in the STFT
matrix. The results are shown in Figure 6.10 with time domain heart-beat cycles super-
imposed to emphasize the temporal locations of the concentration of energy relative to
the heart-beat cycle. Figure 6.10 (a) shows the results for before angioplasty and Figure
6.10 (b) shows the results for after angioplasty. In these figures the vertical dotted lines
split the temporal axis into first, second, third, and fourth heart sound regions. These
lines are plotted with reference to the peak of the QRS complex in ECG signal. Note
that the vertical axis is the frequency axis and hence means nothing to the amplitudes
of the heart-beat cycles. STFT calculations are carried out with the heart-beat signals

normalised in amplitude.

The prime intention here is to find any similarities and/or differences in the
locations of the local maxima in the STFT planes before and after angioplasty. That is,
we want to find the difference in the locations of the concentration of energy in the
time-frequency plane. Time-frequency plane could reveal similarities and/or differ-

ences in the frequency contents of the first, second, third, and fourth heart sounds. As
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was stated earlier there are three numbers associated with each local maximum point,
that is its temporal location, spectral location, and magnitude. They completely define
the spread of concentration of energy within the STFT plane. In other words, the three

numbers define a local maximum as we view it as a ridge in a three-dimensional space.
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Figure 6.10 Locations of local maxima of a) signal of Figure 6.3 (b), b) signal of
Figure 6.3 (d) with heart-beat cycles superimposed.

As was explained in Chapter 5, the local maxima detector algorithm works on
the basis of amplitude. That is, the ridges on the time-frequency plane are detected

starting from the highest amplitude ridge and moving down to lower amplitudes.

Therefore; T, F,and A are sorted in descending order with respect to the amplitudes

of the local maxima. That is, they are expressed as

A=laa,.. 4 Eq 6.13
=111 Eq6.14
F = [fl Fa ... f];| Eq 6.15
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where @, >a,> ... >a,, and L is the number of detected local maxima. Note that the
elements of vectors defined by Eq 6.14 and Eq 6.15 are not sorted in ascending or

descending order. The first detected local maximum is defined by &, 7, , and f1, the

second detected local maximum is defined by a,, 7, , and #2, and so on.

Since we are seeking similarities in frequency content of the signals associated

with first, second, and third heart sounds, we sorted the temporal, spectral, and magni-

tude vectors in ascending order of frequency. That is, we rearrange the vector £ such
that its first element is the lowest number in the vector and its last element is the high-

est number in the vector. That is the new frequency vector is

F = [fl - fL] Eq6.16

where f, < f,<...<f,.The other two vectors, T,and A are rearranged in accord-

ance with F'.

We define (k) as the product of temporal, spectral, and magnitude vectors of
the local maxima, and call it the time-frequency-magnitude (TFM) product which is

expressed as

y(k) = T(k)F(k)A(k) fork=1,2, .., L Eq6.17

For example if the i Jocal maximum occurs at ¢ = 0.5 seconds and f = 10 Hz, and

its magnitude m = 20, then % (i) = (0.5)(10)(20) = 100. The TFM product vector
carries information about the temporal, spectral, and energy levels of the local maxima
in the time-frequency plane. This can be regarded as a mapping of the three-dimen-

sional space (time, frequency, and amplitude) into a one-dimensional space.

Note that the intention is to investigate the similarities of the time-frequency of
the heart sounds before and after angioplasty. We do not expect to find a drastic change
in the time-frequency characteristics of the signals after angioplasty operation. If there
is any change at all, it is either in frequency, or may be a small change in the temporal
locations of the events occurring in the heart, or it could be in the strength of the heart

sound, or any combinations of those. This may result in a change in the TFM product
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after angioplasty, but the general resemblance before and after angioplasty should

remain. In order to show this an example is given.
e Example:

Let x(t) be a signal composed of 5 sinusoids as shown in Figure 6.11 (a). We

calculated the STFT matrix for this signal and its local maxima were found. The local

maxima for this figure is shown by “« ” in Figure 6.12. We change the signal of Figure

6.11 (a) in amplitude, frequency and temporal position of the its components. This is
shown in Figure 6.11 (b), where the local maxima of its STFT matrix is shown by “0”
in Figure 6.12. As Figure 6.12 shows, there are some differences in the locations of
concentration of energy of signals of Figure 6.11 in the time-frequency plane. Note
that, the amplitudes of the signal of Figure 6.11 (b) is different from that of Figure 6.11

(a), therefore the energy levels of local maxima must be different as well.

1 1
0.5 0.5
—0.5 —-0.5
(o] 0.2 0.4 0.6 (o] 0.2 0.4 0.6
Time, seconds Time, seconds

Figure 6.11 Signals for the example of TFM
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Figure 6.12 Local Maxima of signal of Figure 6.11.

The TFM product curves of the these signals are shown in Figure 6.13. As this
figure shows, the TFM product curves of signals of Figure 6.11 (a) and (b) are similar

although two signals have some differences.
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Figure 6.13 TFM product plots for signals of Figure 6.12.

We calculated the TEM product vectors for the heart sound signals before and
after angioplasty for all data records. Their similarities were investigated by calculating
their correlation coefficients, see Eq 4.12. The results showed more than 80% correla-
tion for 85% of the signals. To illustrate the point, the time-frequency-magnitude prod-
uct vectors of the time-frequency planes of Figure 6.10 are shown in Figure 6.14.
Inspection of the graphs of this figure reveals that there are some similarities between
them. In other words, the general shapes of the two waveforms seem to possess some

similar variations in amplitude. The horizontal axis in this figure represents the number

of local maxima in the vectors T, F, and A .
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Figure 6.14 Time-Frequency-Magnitude product plots for Figure 6.10.
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In Figure 6.14, the two high peaks at the beginning of the graphs indicate that
there is a low frequency high energy local maxima in both signals, which corresponds
to the high amplitude first heart sound signal in the heart-beat cycle. Close examination

of graphs of Figure 6.14 shows that, they possess similar shapes. For example, consider
part of graph A corresponding the first to the 7" local maxima (from 1 to 7 in horizon-

tal axis) with part of graph B corresponding the first to the 10® local maxima (from 1 to
10 in horizontal axis). These parts are shown in Figure 6.15 (a). The general shapes of
these two parts are similar, that is some similar variations in the amplitudes of the two
graphs are observed, e.g. they both possess a high energy local maximum, etc. It is nec-
essary to note that their horizontal length is not equal, in other words they represent
unequal number of local maxima, therefore they cannot have exact resemblances.
These pattern are not distinguishable by examining the entire local maxima plots
shown in Figure 6.10. This suggests that our proposed TFM product technique may be

very useful in this regard.
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Figure 6.15 Three similar regions from Figure 6.14.

In Figure 6.15 (b) and (c), other similar parts from Figure 6.14 are shown.
These similarities imply that there must be some similar local maxima patterns in the

time-frequency planes. That is, the locations of the concentration of energy in the time-
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frequency planes of the heart-beat signals of Figure 6.4 (a) and (b) must be somehow

similar. Let T, (Af, At) represent a region in the STFT plane of before angioplasty

occupied by frequency band Af and time allocation Az, and I' (A f, At) represent the

similar region in the STFT plane of after angioplasty. If parts of graphs B and A of Fig-
ure 6.14 corresponding to I'y (Af, At) and T',(Af, At) possess similar shapes then the

spread of local maxima in these regions would be similar. Similarities become more
evident when we examine the time-frequency matrices in those sections. For instance,
plot of Figure 6.15 (a) shows that, ten lowest frequency local maxima before angi-
oplasty must have similar time-frequency arrangement as first seven lowest frequency

local maxima after angioplasty.

We call a regional arrangement of local maxima in the frequency band Af and

the time allocation At in time-frequency plane, a pattern. Similar patterns could be
extracted from the time-frequency planes of before and after angioplasty with regards
to the corresponding TEM product graphs. Three similar patterns corresponding to

graphs of Figure 6.15 are shown in Figure 6.16.

Figure 6.16 shows that there are distinct time-frequency patterns which are

quite similar for the before and after angioplasty signals of Figure 6.4 (a) and (b).

Using Figure 6.14, we have extracted all patterns and tabulated them in Table
6.2. The numbers in the table represent the local maxima number k. For example, the
first similar patterns in the STFT matrices of signals of Figure 6.14, as was pointed out
earlier, corresponds to first 10 local maxima for before angioplasty and first 7 local
maxima for after angioplasty which are shown as pattern #1 in first two columns of first

row in Table 6.2.

Table 6.2 Similar pattern of Figure 6.14.

Local maxima Local maxima Local maxima
# before after # before after # before after
1 1-10 1-7 2 11-15 8-18 3 16-28 19-29
4 29-42 30-40 5 43-57 41-56 6 58-75 57-76

7 76-86 77-83

#: Pattern number
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The patterns shown in Figure 6.16 are associated with the parts of Figure 6.14
that are shown in Figure 6.15. These patterns correspond to the patterns 1, 3, and 4 of
Table 6.2. Other patterns that are listed in Table 6.2, are plotted in Figure 6.18. Figure
6.17 shows parts of the TFM plots of Figure 6.14 corresponding to the patterns of Fig-
ure 6.16. Note that any of the adjacent patterns of Figure 6.18 can be combined to make

a larger pattern, and also any pattern can be divided into smaller patterns.
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Figure 6.16 Time-frequency patterns corresponding to the TFMs of Figure 6.15.

In Figure 6.16 and Figure 6.18 “x” represents the local maxima before angi-

oplasty and “o” represents the local maxima after angioplasty. In these figures, the
local maxima points are connected by dotted lines to emphasize on the similarity of the
patterns and they have no other meanings. As it is shown in Figure 6.15 and Figure
6.18, seven patterns were recognised up to 250 Hz. This was done by comparing parts
of the TFM product graphs of Figure 6.14. We started by comparing parts of two

graphs corresponding to local maxima 1 to 15 (numbers on the horizontal axis). It was
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revealed that the most similar parts correspond tol to 7 from graph A with 1 to 10 from
graph B. This process was continued along the x-axis until all similar parts were recog-
nised. For some of the cases ofTable 2.2, some patterns were detected beyond 250 Hz
but this was not common to all signals; therefore, we restricted the analysis to the fre-

quency range from zero to 250 Hz.

Examination of the time-frequency patterns for before and after angioplasty
reveals that there is a frequency shift between similar patterns. That is, the average fre-
quency in patterns of after angioplasty is higher than before angioplasty. The average
frequency is calculated as the mean of the frequencies of the local maxima in a certain
region. Therefore, the average frequency of the first heart sound before angioplasty in
pattern #1 is the mean of the two frequencies, Figure 6.16 (a). The average frequencies
of the patterns in the first, second, and third heart sound regions are calculated. The
average frequency for each pattern is also calculated and the frequency difference
between the average frequencies of the two patterns is found. The results are tabulated

in Table 6.3.

Local maxima number

(a)

Local maxima number

(b)

Local maxima number

(©

Figure 6.17 More sections of the TFMs of Figure 6.14.
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In Table 6.3, the first column represents band of frequencies where patterns of

signals in Figure 6.10 were identified. The 2" and 3™ columns are average frequencies
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Figure 6.18 Patterns corresponding to the TFMs of Figure 6.17.
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Table 6.3
Frequency 15 HS MF 2" HS MF 3" HS MF HS pattern MF
Band (Hz) | before after | before after | before after | before after shift
0-40 11 11 7 4 7 14 8 10 2
40-60 49 56 41 48 45 46 45 50 5
40-90 59 75 51 76 57 62 56 71 15
60-140 83 110 78 101 80 107 80 106 26
80-155 104 139 104 143 99 133 102 138 36
110-185 129 177 135 181 123 178 129 179 50
160-250 168 208 166 212 166 205 167 209 42

HS: heart sounds

MF: mean frequency

of the patterns in the first heart sound regions before and after angioplasty, respectively.
Likewise, the 4™ and 5™ columns correspond to the second heart sound regions before
and after angioplasty, respectively. The 6" and 7™ columns correspond to the third

heart sound regions before and after angioplasty, respectively. The 8™ and 9™ columns
show the average frequencies of the patterns before and after angioplasty, respectively.

The last column shows the difference between the average frequencies of the patterns.

For example, in the frequency band 0-40 Hz the first entry of the 1%t column is 11 Hz,
that indicates the average frequency of the first heart sound in that pattern before angi-
oplasty. Likewise, the first entry under “HS pattern MF, before” is 8, which is the aver-

age of 11, 7, and 7. This shows that the average frequency of the whole pattern before
angioplasty is 8 Hz. The averages were rounded off to their closest integers. The P

3rd 4th 5t and 61 columns of Table 6.3 are plotted against the average frequencies of

the patterns in Figure 6.19.

The frequency shift after angioplasty is clearly evident in Figure 6.19. The shift
in frequency increases with the frequency. It is also interesting to note that the average

frequencies of first, second, and third heart sounds are of the same order before and
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after angioplasty. For example, for pattern #4 in Figure 6.19, the average frequencies
before angioplasty are 83 Hz, 78 Hz, and 80 Hz; respectively. Likewise for pattern #4,

the average frequencies after angioplasty are 110 Hz, 101 Hz, and 107 Hz; respectively.
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Figure 6.19 Average frequencies in a) 1°", b) 2nd, and ¢) 3rd heart sounds
obtained from Table 6.2.

6.5.1 Analysis of STFT local maxima for all cases

The analysis method of section 6.5 is carried out for all of the recorded heart
sounds of Table 2.2. The results for ten more cases are shown in Table 6.4. It was found
that in about 85% of all cases there was a clear shift in frequency level of the time-fre-
quency patterns after angioplasty. We have grouped the patterns of before and after
angioplasty in four frequency bands according to their average pattern frequencies, as
shown in Table 6.5. The frequency band designated as below 50 Hz includes all pat-
terns whose average frequencies were lower than 50 Hz. Likewise the frequency band
50 -100 Hz includes all patterns whose average frequencies were between 50 Hz and
100 Hz. The other two categories include patterns whose average frequencies were

between 100 Hz and 150 Hz, and between150 Hz and 250 Hz. This table shows the
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Table 6.4

C 3rd & 4th HS

a 1st HS MF 2nd HS MF MF HS pattern MF

S Band before after | before after | before after before after shift

e

#1 0-30 11 12 |5 4 7 10| 8 9 1
31-70 39 64 | 59 44 | 58 61 | 52 56 4
65-95 82 78 | 83 82 | 79 80 | 81 80 -1
100-130 | 107 113 | 104 107 | 112 110 | 108 110 2
120-150 | 141 142 | 125 134 | 138 145 | 135 140
155-195 | 172 190 | 161 171 160 173 | 164 179 15
190-240 | 202 230 196 230 | --- 237 | 199 232 33

#2 0-40 8 8 6 13| 8 12 | 7 1 4
30-75 48 62 | 44 70 | 51 57 | 48 63 15
66-115 | 69 81 | 65 78 | 88 103 | 74 87 13
95-155 128 135 | 124 130 | 131 149 | 127 138 11
146-190 | 158 174 | 150 169 | 162 183 157 175 18
180-250 | 201 234 | 211 238 | 218 246 | 210 239 29

#3 0-35 6 515 519 11 | 7 7 0
40-65 48 54 | 43 51155 61 | 49 55 6
55-105 | 69 81 | 64 76 | 75 89 | 69 80 11
96-130 101 117 | 107 118 | 112 120 | 107 118 11
120-160 | 137 152 | 129 135 | 144 154 | 137 147 10
151-190 | 165 175 | 161 165 | 167 186 | 164 175 11
190-230 | 198 218 | 195 204 | 201 227 | 198 216 18
210-250 | - --- 201 232 | 201 232 31

#4 0-50 8 613 4|17 2119 10 1
35-85 60 72 | 47 59 | 46 61 | 51 64 13
75-115 | 95 109 | 87 88 | 94 104 | 92 108 16
100-170 | 125 138 | 126 127 | 123 139 | 125 135 10
140-200 | 150 185 | 150 174 | 151 170 | 150 176 26
160-250 | 199 234 | 193 240 | 199 216 | 197 230 33

#5 0-45 7 10 |5 6| 14 2519 14 5
40-115 | 77 82 | 76 103 | 61 63 | 71 83 12
90-160 116 142 | 97 145 | 113 149 | 109 145 36
130-200 | 170 186 | 147 194 | 165 168 | 161 183 22
190-235 | 210 228 | 205 220 | 198 213 | 204 220 16
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Table 6.4
C 3rd & 4th HS
a 1st HS MF 2nd HS MF MF HS pattern MF
S Band before after | before after | before after before after shift
e
#6 0-50 9 1015 8 | 15 211 10 13 3
20-120 | 67 85| 55 90 | 61 83 | 61 86 25
70-170 | &9 127 | 110 159 | 103 154 | 101 147 46
120-250 | 149 195 | 141 206 | 167 223 | 152 208 56
#7 0-35 7 6|5 4|10 14 17 8
40-80 65 74 | 61 70 | 68 78 | 65 74 9
75-120 | 96 109 | 84 98 | 113 113 | 96 108 12
100-155 | 121 134 | 112 126 | 128 141 | 120 134 14
140-185 | 159 171 | 161 174 | 171 179 | 164 175 11
170-210 | 173 198 | 170 176 | 181 203 | 175 196 21
200-250 | --- - 201 230 | 207 235 | 204 233 29
#38 0-40 6 714 519 1216 8
35-90 52 61 | 45 55 | 56 65 | 51 60
60-100 | 66 82 | 65 90 | 72 92 | 68 88 20
85-140 | 98 116 | 88 110 | 102 118 | 96 115 19
130-190 | 149 166 | 148 165 | 155 178 | 147 170 23
180-230 | 185 221 | 182 218 | 192 231 | 186 223 37
#9 0-35 7 6|4 5111 14 | 7 8
30-60 52 53 | 57 57 | 47 53 | 52 54 2
60-110 | 80 97 | 87 94 | 73 88 | 80 93 13
100-145 | 107 130 | 112 141 | 104 128 | 108 133 25
110-200 | 131 170 | 142 151 | 138 173 | 137 165 28
140-250 | 172 212 | 168 206 | 166 206 | 169 208 39
#10 | 0-45 8 915 7111 16 | 8 11
30-80 56 67 | 51 62 | 49 54| 52 61 9
70-110 | 81 93 | 76 85 | 88 92 | 82 90
95-160 | 118 135 | 98 121 | 126 145 | 114 134 20
140-190 | 159 178 | 162 174 | 171 182 | 164 178 14
180-240 | 201 228 | 192 224 | 216 231 | 203 228 25

highest, lowest and mean average frequencies found in the patterns. For example con-
sider the frequency band below 50 Hz, it is shown that the minimum average pattern

frequency in the first heart sound region in all of the signals was found to be 6 Hz

135



Chapter 6 Short Time Fourier Transform Analysis of Heart Sounds

before angioplasty and 6 Hz after angioplasty. Likewise, the maximum average pattern
frequency in the first heart sound region was found to be 35 Hz and 45 Hz before and
after angioplasty, respectively. The frequency shift for the frequency band below 50 Hz

was found to be in the order of 5 Hz.

Table 6.5 Average frequencies before angioplasty and after angioplasty.

Average pattern | Average pattern | Average pattern
frequency in 1st | frequencyin2nd | frequency in 3rd | Shiftin
Frequency heart sound heart sound heart sound average
bands before after before after before after | frequency
Below 50Hz | Min: 6 6 Min: 3 3 Min: 6 7
Max:35 45 Max: 38 44 Max: 36 45 5
Mn: 17 21 Mn: 18 23 Mhn: 18 23
50 Hz - 100 Min: 52 50 Min: 51 51 Min: 52 51
Hz Max: 93 98 Max:83 89 | Max:95 98 9
Mn: 64 73 Mn: 58 68 Mn: 70 79
100 Hz - 150 Min: 101 105 Min: 104 111 Min: 100 101
Hz Max: 145 141 Max: 140 148 Max: 145 141 16
Mn: 119 135 Mn: 122 137 Mn: 126 143
150 Hz - 250 Min: 152 156 Min: 155 159 Min: 159 162
Hz Max: 205 228 Max: 198 230 Max: 210 235 26
Mn: 181 205 Mn: 171 197 Mn: 185 213

Min: Minimum
Max: Maximum
Mn: Mean

6.6 Conclusions

In this chapter we briefly reviewed the short-time Fourier transform. We empha-
sized the importance of the window function in calculations of STFT, and highlighted
the fact that it is not possible to achieve good resolution for both time and frequency. It

was shown that for this application the Chebychev window is more suitable.

The heart-beat cycle of heart sounds before and after angioplasty are used and
their STFT are calculated. The time-frequency matrices are smoothed by applying a
two-dimensional Gaussian mask. The intention was to remove any sharp variations on

the surface of the STFT plane.
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The local maxima detector algorithms are used to determine the locations of
concentration of energy in the STFT planes. By doing so, three vectors are obtained
which define the temporal locations, spectral locations, and magnitudes of the local
maxima. A method of analysis is proposed for comparison of the time-frequency
behaviour of the heart-beat cycles before and after angioplasty. In this method we cal-
culate time-frequency-magnitude product of local maxima and use it to identify time-
frequency patterns in the time-frequency planes. It was shown that it could be very
effective in finding the difference in the time-frequency representations of the heart

sounds before and after angioplasty.

The time-frequency patterns are examined and the difference between the aver-
age frequencies of two similar patterns before and after angioplasty is calculated. It
was revealed that there is a frequency shift after the angioplasty operation. Three fre-
quency bands are considered: low, medium, and high. For the low frequency range,
below 50 Hz, the average frequency shift is below 10 Hz. For the medium frequency
range, between 50 Hz and 150 Hz, the average frequency shift is below 20 Hz and in
the high frequency range, above 150 Hz and up to 250 Hz, the average frequency shift
is above 20 Hz.
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Quadratic
Time-Frequency Analysis
of Heart Sounds

7.1 Introduction

Classical works of Wigner [136], Ville [132], and Gabor [47] led to an alterna-
tive way to look at signals with time dependent frequencies. Although, it may seem that
the aim of this kind of analysis is to overcome the resolution restriction of the short-
time Fourier transform, historically it is clear that the main motivation was to under-
stand time varying spectra and their properties [31]. The resolution restriction of the
short-time Fourier transform prevents its use in some applications. In 1932 Wigner
[136], proposed another method of analysis for signals with time varying spectra. It
was derived later by Ville in 1948 [132], and today it is called Wigner-Ville distribution
(WVD). The ultimate goal in WVD analysis is to obtain a joint distribution function of
time and frequency which describes the energy intensity distribution of the signal in the
time-frequency plane. In other words, as with STFT, it is mapping a one-dimensional
signal, which is function of time, into a two-dimensional signal, which is function of
time and frequency in order to understand the time varying spectral behaviour of the

signal.
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WVD has a quadratic structure and it is an energetic interpretation of the sig-
nals. It does not use windowing to perform the transformation; therefore, there is no
time or frequency resolution restriction associated with it. WVD is a density function
which is a function of both time and frequency. Such a distribution function enables us
to understand how frequencies are distributed over time, and how signal energy varies

in the time-frequency plane.

The objective of this chapter is to study the energy distributions of the heart
sounds in time-frequency planes using WVD before and after angioplasty. In section
7.2, the energy density function is reviewed. This is followed with an introduction to
Wigner-Ville distributions in section 7.3. In section 7.4, the Cohen’s class of distribu-
tions and their properties are stated very briefly. We will discuss the shortcomings of
WVD for the analysis of the heart sound signals to extract the locations of concentra-
tions of energy in the time-frequency plane. This leads us to discussion of Choi-Wil-
liams distributions (CWD) in section 7.6. We will use CWD to analyse the heart
sounds. In order to reduce the computational load of the CWD, we have designed a
method that uses the minimum possible number of multiplications to carry out the
computation; this is explained in details in appendix B. In section 7.8, the CWD of
heart sounds before and after angioplasty are calculated. Locations of the concentra-
tions of energy in the time-frequency planes of CWD are extracted using the local
maxima detector algorithm of Chapter 5. The time-frequency-magnitude product
method which was proposed in Chapter 6 is used to identify the time-frequency pat-
terns in the time-frequency planes of CWD. Patterns for a typical heart sound signal

before and after angioplasty are shown and compared.

In some cases the WVD can become negative and therefore it is not considered
a true distribution. In 1950’s and 1960’s joint time and frequency distributions were
investigated from different perspectives. Some authors have derived joint time-fre-
quency distribution functions to overcome the shortcomings of WVD [72], [82], [93],
[103]. A general distribution function was introduced by Cohen [30] who introduced a
kernel function into the WVD and showed that most of the joint time-frequency distri-
bution functions actually differ from each other in the kernel function. The kernel func-
tion will be discussed later in this chapter. In fact WVD is a Cohen’s class of

distributions where its kernel is equal to one.
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When a signal is composed of a sum of monocomponents, the inherent bilinear
structure of Cohen’s class of distributions causes undesirable terms which are called
cross-terms [26], [58], [66]. In some applications such as pattern recognition these
terms are very troublesome and sometimes might even obscure the desired auto-terms.
Kernel functions determine the shape and the amount of the cross terms. Kernel func-
tions are designed in order to reduce the effects of cross-terms considerably while

keeping auto-terms unchanged. Cross-terms and auto-terms will be discussed later.

Various distributions with different kinds of kernel functions have emerged
since Cohen’s introduction of the kernel function. In [24], an exponential kernel func-
tion is introduced as a Cohen’s class of distributions. It was shown that it satisfies all of
the general properties of bilinear distributions. Its ability to suppress the cross-terms
was demonstrated. For computational purposes a running window method was sug-
gested. Reduced interference distributions were introduced in [64] that satisfy more

distribution properties and associated kernel requirements.

In [54], a kernel function based on the Bessel function of the first kind of order
one was proposed, and the desirable distribution properties of the Bessel kernel were
shown. Its functionality as a time-frequency distribution function was tested by apply-

ing it to heart sounds and Doppler blood flow signals.

In [145], a cone-shaped kernel was introduced. The intention was to smooth the
cross-term in the Wigner distributions as well as enhancing the spectral peaks and pre-
serving the finite support property. Using frequency domain analysis, it was shown that
the cone-shaped kernel has a low-pass characteristic with controlled bandwidth. It was
demonstrated that this kernel can easily resolve close spectral peaks and maintain zero

intervals of the signal.

Other derivations and approaches have been suggested for time-frequency dis-
tributions. Some of them have intended to arrive at a new time-frequency distribution

and others have aimed to design a new kernel function [69], [81], [93], [103], [141].

7.2 Energy density function

Let s(¢) be a complex signal applied to a unit resistor, then the energy of the

signal is
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E = Jls(t)|2dt Eq7.1
where |s(z‘)|2 = s(t)s*(t) , and “x” represents the complex conjugate. |s(z‘)|2 is the

intensity per unit time at time ¢, or the instantaneous power of the signal. Therefore,

|s(t)|2At is the fractional energy of the signal in the time interval Az at time z.

Likewise in the frequency domain, the Fourier transform of the signal is

S(®) = s(t)e ' dt Eq7.2

]
Jan !
where [S(w)|* is the intensity per unit frequency at frequency ®, and |S ()’ Ao is

the fractional energy in the frequency interval A® at frequency ®.

The quantities |s(t)|2 and |S ((o)|2 are one-dimensional functions of time and
frequency, respectively. The joint distribution function, P(z, ®) , is defined to be the
intensity of the signal at time ¢ and frequency ® [31]. Therefore, P(f, ®)AtA® is the
fractional energy in time interval Ar and frequency interval A® at time ¢ and fre-

quency ®. P(t, ®) must represent the instantaneous energy of the signal if the energy
distributions for all frequencies are summed up at a particular time. It also must repre-
sent the energy density spectrum of the signal if the energy distributions over all times

are summed up at a particular frequency. These conditions are expressed as

JP(t, )do = |s(2) Eq7.3

—oa

[ P(t, @)t = 1S(w)|? Bq7.4

—_—0

The total energy of the signal in terms of the distribution function is given as

E = J' J' P(t, ®)dtdo Eq7.5

oo
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For Eq 7.5 to represent the total energy of the signal; in general, it is necessary

that the time marginal, Eq 7.3, and the frequency marginal, Eq 7.4, be satisfied.

7.3 Wigner-Ville distribution function

The joint time-frequency distribution function given by Eq 7.6 was developed

by Wigner [136] and Ville [132]'.
WV(t, o) = %J(s*(t—1/2)e_jms(t+’c/2))d‘c Eq7.6

7.3.1 Auto-terms and Cross-terms

Since energy is a quadratic function of the signal, if the signal s(f) is a multi-
component signal its WVD function will have two sets of distinct terms, called auto-

terms and cross-terms [31], [24]. Let the signal be a multicomponent signal as

M

s(t) = ) s,(0) Eq7.7

i=1

then its WVD is expressed as

M M
WV o) = Y WV (t,o)+ Y WV, o)
i=1 Lk=1
ik Eq7.8

where
WV, (t, o) = —15“e_j(pt—jms*,-((p—T/2)sk((p +1/2)dodt Eq79
4m

Cross-terms are generated because of the bilinear nature of the distribution
function; it is necessary to eliminate them in order to have a true representation of the
energy distribution of the signal. Methods for suppressing the cross-terms will be dis-

cussed later. It can be shown that

1. Note that here after, in all equations integrals are taken from —eo to oo, unless specified otherwise.
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WV, (1, 0) = WV*, i(t, ) Eq7.10

7.3.2 Marginals

Integrating Eq 7.6 with respect to time and frequency, it can be shown that the

WYVD satisfies the time and frequency marginals as

jWV(t, )do = |s()|’ Eq7.11

JWV(t, w)dt = |S(w)* Eq7.12

7.4 Properties of WVD

Some fundamental properties of the WVD are listed here; more detailed expla-

nations can be found in [31], [27], [28], [29].

®  Reality: Wigner-Ville distribution is real, that is

WV (1, @) = WV* (1, ®) Eq7.13

® Uniqueness: Wigner-Ville distribution is related to the signal up to a constant

phase factor as

s(t) =

1 Jt®
WV (t/2, w)e’ do Eq7.14
S*(O)J g ) q

®  [nstantaneous frequency: It is defined to be the derivative of phase of the analyt-

ical signal [32]. If the signal is expressed as

s(t) = A(1)e’ ™ Eq7.15

then the instantaneous frequency can be calculated as

Q(r) = %q)(t) Eq7.16

In the time-frequency analysis, at any given time the average frequency must

equal the instantaneous frequency of the signal. That is
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Q(r) = — _[coWV(t,(o)dm Eq7.17

ls(1)]?

®  Group delay: Group delay indicates how frequencies are delayed in time. If the

spectrum of the signal is expressed as

S(w) = |S(w)|eV ™ Eq7.18

then the group delay is defined as

0
Tg = 5 ¥(®) Eq7.19

In the time-frequency analysis, at any given frequency the average in the time

direction (centre of gravity) must equal the group delay of the signal. That is

1
|S ()]

Ty = _[WV(t, o)tdt Eq7.20

2

L Time shift: If the signal is translated in the time domain, then its WVD is also

shifted in time. Let the shift in time domain be expressed as
x(t) = s(t+1y) Eq7.21
then
WV (t,0) = WV (1 +1, ®) Eq7.22
®  Frequency shift: Since translating a signal in the frequency domain is equivalent

to multiplying it by ¢’ in the time domain; that 1s, if

X(w) = S(o+ Q) Eq 7.23
then
x(1) = s(t)e’™ Eq7.24
therefore, we get
WV (t,0) = WV (1, 0-Q) Eq7.25

®  Addition: The additive property is actually depicted in Eq 7.10. For two signals
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x(t) = 5,(2) +5,(2) Eq 7.26
WV (1, 0) = WVs](t, o) + WVsz(t, o)+ WVs,,s2(f7 o)+ WVsz,sl(t, ®) Eq7.27

®  Multiplication: It is well known that multiplication in the time domain is equiv-

alent to convolution in the frequency domain

x(1) = s1(1)s,(2) Eq7.28
X(w) = §;(0)®S,(w) Eq7.29

This property is expressed as
WV, (t,w) = WV, (1,0)® RAMCYD) Eq 7.30

® Convolution: Convolution in the time domain is equivalent to multiplication in

the frequency domain. That is

x(t) = 5,(2) ® 5,(¢) Eq7.31
X(w) = §,((0)S,(w)) Eq7.32

This property is expressed as

WV(t, o) = WVsl(t, w)® tWVS2(t, ) Eq 7.33

7.5 Cohen’s class of distributions

It was realized by Cohen [30], that it is possible to generate a vast variety of dis-
tributions by modifying Eq 7.6. He proposed a general class of distribution functions

by adding an additional term into Eq 7.6 as

1 —j(0t + T - Bu) 1 1
P(t,m) = —|||e s*(u - —’C)s(u + —’C)CI)(O, T)dudtdo Eq 7.34
L1 L)

where ®(0, 1) is an arbitrary function called the kernel function [29]. Originally it
was defined to be a function of time and frequency only as in Eq 7.34, but later kernel
functions with signal dependency were also developed. By choosing the kernel func-

tion, a specific distribution results. It is clear that the Wigner-Ville distribution is a
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Cohen’s class of distribution and its kernel function is equal to one, ®(0,1) = 1.

Since the kernel function determines the properties of the distribution obtained by Eq

7.34, one can put certain constraints on the kernel function to get a particular property

for the time-frequency distribution.

Many different kernel functions have been designed [24], [54], [69], [119],

[145]. As stated above, the properties of the distributions are related to the properties of

the kernel functions. In Table 7.1 some of the desirable properties of the kernel func-

tions are listed [19] [31].

Table 7.1

Property

Kernel constraints

Frequency shift, P (1, w) = P(t, 0 - )
Time shift, P (s, ®) = P (1 -1y o)

. . ®
Time scaling, P, (t, w) = Pu(oct, E)

Frequency scaling, P, (t,®) = P),(é, B(D)

Convolution,
P (t®) = J'Ph(t— A ©)P,(A, ©)dA

for x(r) = jh(:—x)y(x)dx

Modulation,
P (1, ®) = IPh(t, m—v)P},(t, v)dv

for x(¢£) = h(£)y(t)
Time marginal, '[P(t, w)dw = Ix(t)l2

Frequency marginal, jP([, w)dt = |X(co)|2

Energy distributions, _[P(t, o)(dw)dr = 1

Always satisfied

Always satisfied

0
D (1,0) = fby(a, on)

@ (1,8) = <1>)_(Be, [33)

@ (1,0) = emfb),(r, )

®,(1,0) = ¢FD (1, 8)
@(0,8) = 1

O(1,0) =1

(0, 0)

]
-

Table 7.2 shows some of the kernel functions in the Cohen’s class of distribu-

tions.

Table 7.2

Time-frequency distribution

Kernel function

Wigner-Ville [132], [136]
Choi-Williams [24]

1

2
—(10)°/
e(t)cr
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Table 7.2
Time-frequency distribution Kernel function
Cohen [31] sin(oO7)
abt
Page [93] ej6|t|/2
Gue et al. [54] J(087) .
wen/2° J : Bessel function of order
one
Zhao et al. [145 i 6
143] g0l 220

7.6 Choi-Williams distributions

The Choi-Williams distribution is a member of the Cohen’s class of distribu-
tions. An exponential kernel function which is proportional to the product of its time-
frequency variables, referred to as the product kernel, has been used in the Choi-Wil-
liams distribution [24], Eq 7.35. It is often used as a compromise between the high res-
olution but cluttered WVD versus the smeared but easy to interpret spectrogram [19].
CWD preserves the signal energy marginals, and offers substantial cross-term suppres-
sion by means of the Gausian product kernel with little auto-components broadening
[64]. CWD has a scaling factor that allows the user to select either a good cross-term

reduction or good auto-term preservation. CWD is expressed as

CW(t, ®) = J’j

2
! exp( (”;t) ] Eq7.35
Jant* /o 4v°/0
Tl =T )e7ot
s(u+ Z)S (u z)e dpdr

where the kernel function is expressed as in Table 7.2.

In Eq 7.35, the time-indexed autocorrelation function is multiplied to a function

with weight factor in such a way that when p is close to f, then the product
s(p, + g)s*(u - %) has a large weight and when p is far from ¢, then it has a small
weight. The parameter ¢ is the scaling factor, where large values of ¢ are used for fast

changing signals while small values are used for slow varying signals. Therefore, the
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kernel acts as a weighting function that reduces cross-terms by providing an exponen-
tial distributed time averaging. CWD is a real valued function and is a suitable time-
frequency representation for signals that do not have time varying components like fre-

quency modulated signals [66].

If the time series signal is lengthy, which is the case with heart-beat signals,
then calculation of the CWD will take a very long time. That is, for computational pur-
poses it is necessary to use a weighting window before evaluating CWD at each time

index [24]. The windowed CWD in discrete form is calculated as

o0

CW(n,0) =23 e Y, Wi(w Bq7.36

T = —o0 u:—oo

2
I

1 {
Jant’/o 4t7/c

where W,, (1) is a symmetrical rectangular window which has a value of 1 in the

-j201

Js(n +U+T)sF(n+pL—-1)

range —M /2 < pu <M /2. The parameter M, the length of the window W, (1) , deter-

mines the range from which the time indexed autocorrelation function is to be esti-
mated. As long as M is large enough, the CWD calculated from Eq 7.36 will be a
smoothed version of the CWD calculated from Eq 7.35.

It is possible to introduce another window for Fourier transform calculations in
Eq 7.36, in order to further reduce the computational time [24]. The shape and length

of such a window will determine the frequency resolution of the CWD.

In appendix B a method is developed and presented for calculations of the CWD
of an analytical signal with the least possible number of multiplications. In this algo-

rithm provision is taken so that the kernel function is calculated independently.

7.7 Simulation example

In this section, time-frequency analysis is performed on a simple signal with
two sinusoidal components. Our aim is to emphasize the problem associated with

cross-terms. We use analytical signals for calculations of WVD, which causes fewer

148



Chapter 7 Quadratic T-me-Frequency Analysis of Heart sounds

cross-term components. The most common method of generating an analytical signal is
to compute its DFT (discrete Fourier transform), then zero the negative frequency com-
ponents, and then compute the inverse Fourier transform of the result, which is the way
that the analytical signals in this chapter are calculated. This example shows how the
cross-terms might obscure the auto-terms. We will show the CWD of the same signal

in order to indicate its ability in suppressing the cross-terms.

7.7.1 Example 7.1

A time series signal with three sinusoidal components with analog frequencies
of 30 Hz, 115 Hz, and 200 Hz, and a sampling frequency of 1K Hz, are hamming win-

dowed and added together. The resulting signal is shown in Figure 7.1.

1F T T T T T

200 Hz signal 1 115 Hz signal

=
=
= 0
a.
g
< K

-0.5F 1

L 30 Hz signal
_1 1 1 1 1 1
0 0.05 0.1 0.15 0.2 0.25

Time, Seconds

Figure 7.1 Signal for example 7.1.

In Figure 7.2 the Wigner-Ville distribution of the signal is shown. In this figure,
it is clear that the auto-term corresponding to the 115 Hz component is obscured by
cross-terms. With more complicated signals such as heart sounds, it is often extremely

difficult to interpret the WVD.

In Figure 7.3, CWD of the same signal is shown. It is obtained by using the ana-
lytical signal, therefore it does not contain any cross terms due to positive and negative

frequency components which would have occurred if the real signal had been used

[44], [58].
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W 1

Amplitude

Figure 7.2 Wigner-Ville distribution of the signal of the Figure 7.1.

Amplitude

Ay
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g,

ey

Figure 7.3 CWD of signal of Figure 7.1.

As is clear from this figure, the cross-terms of Figure 7.2 have been substan-
tially reduced and the auto-term corresponding to the 115 Hz component is preserved.
It is clear that cross-terms are a disturbing phenomena when one is dealing with pattern

recognition and feature extraction from signals using the time-frequency plane.

7.8 CWD of Phonocardiograms

In this section we explain the process of analysing case #1 in Table 2.2 of Chap-

ter 2 using CWD. For comparison purposes we have chosen the same signal that has
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been used for the short-time Fourier transform analysis in Chapter 6. Again we use the
algorithms presented in Chapter 4 to prepare the heart-beat signals from recorded pho-
nocardiograms before and after angioplasty. In Figure 7.4 the heart-beat signals before

and after angioplasty are shown for convenience.
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Figure 7.4 Heart-beat signals, a) before and b) after angioplasty.

As with STFT, the heart sound signals are being analysed for extraction of
information using the CWD technique. Our interest in time-frequency analysis, as was
mentioned earlier, is to extract time-frequency features that indicate any differences in
the heart-beat sounds before and after angioplasty. Since heart sounds are multicompo-
nent signals, WVD most probably will generate cross-terms. These cross-terms might
obscure some of the low energy auto-terms; therefore, CWD is used to calculate the

time-frequency matrix of the heart sounds.

The steps involved in extracting and comparing the locations of concentration of
the energy in the CWD time-frequency planes of the heart-beat signals before and after
angioplasty, are the same as the steps that were taken in the short-time Fourier trans-

form analysis of Chapter 6.
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7.8.1 Calculations of CWD time-frequency matrix

As was mentioned earlier, the CWD algorithm is not computationally efficient,
especially when the signal is long. The length of the heart-beat signals vary from about
1500 samples to 2500 samples, depending on the heart-beat rate of the patient. There-
fore, it will take a considerable amount of time to calculate the time-frequency matrix
of the CWD. In order to reduce the computational time as much as possible, we used
the running window scheme suggested in [24]. The window length was taken to be 200
milliseconds for a typical heart-beat signal whose length was equal to one second. That
is, we set the length of the window equal to one-fifth of the total length of the heart-
beat signal. For calculation of CWD, a program was written and CWD was imple-
mented. In order to make the computation more efficient, no multiplication is per-
formed for the bits that have value zero. This is explained in Appendix B in more
detail. The value of ¢ = 3 was used throughout the experiment. This value was deter-
mined by trial and error from simulation results; smaller values resulted in pronounced

cross-terms, while larger values smoothed out the low energy peaks.

Once the time-frequency matrix was calculated, a Gausian smoothing mask was
applied to remove any sharp surface variations. The two-dimensional smoothing filter

shown in Figure 6.7 was used.

The smoothed modulus of the CWD time-frequency matrix of the signal of Fig-
ure 7.4 (b) is shown in Figure 7.6-1, -2, -3. Each figure shows eight 3-D plots of the
modulus of the CWD matrix, normalised in amplitude. Each group of four plots (two
per page) represents the CWD matrix over the entire time axis in a certain band of fre-
quency. For example, the top four plots of Figure 7.6-1 are the surfaces of the modulus
of the CWD matrix in the 0-35 Hz range, where the first plot shows it from zero to 0.27
seconds, the second plot is from 0.27 to 0.54 seconds, the third plot is from 0.54 to 0.81
seconds, and the fourth plot is from 0.81 seconds to the end. The organization of Figure
7.6-1, -2, and -3 is explained pictorially in Figure 7.5, which shows the time and fre-

quency locations of each plot of Figure 7.6-1, 2, and 3.

7.8.2 Locations of concentration of energy in CWD matrix

The local maxima detector algorithm of Chapter 5 is applied to the modulus of

CWD time-frequency matrix of signals of Figure 7.4 (a) and (b) and locations of con-
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centration of energy are obtained. The result for each case is three vectors: time, fre-
quency, and magnitude vector. The number of local maxima before angioplasty were
295 and after angioplasty were 310. We performed the analysis up to 250 Hz in the fre-
quency range, therefore both sets of vectors are truncated after 250 Hz. By doing so,
the dimension of the before angioplasty vectors was reduced to 290 and that of the after
angioplasty vectors was reduced to 285. It was explained in Chapter 6 that the analysis
was restricted to a frequency band of 0-250 Hz because we did not find much informa-

tion in most of the signals at frequencies higher than 250 Hz.
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Figure 7.5 Time-frequency organizations of Figure 7.6-1, -2, -3.

7.8.3 Time-frequency patterns in CWD matrix

We now rearrange the time-frequency vectors in ascending order of frequency.
Therefore, the frequency vector becomes
F=|f s 1)

Eq7.37
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Figure 7.6-1 Parts of the modulus of the CWD of the signal of Figure 7.4 (b).
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where f, < f,<...< f. Note that the other two vectors T, and A (see Eq 6.13 and

Eq 6.14) are rearranged with respect to the corresponding elements of F.

The time-frequency-magnitude (TFM) product vectors of before and after angi-

oplasty planes are calculated as (see section 6.5)

v(k) = T(K)F(k)AK) fork=1,2, .., L Eq7.38

Detailed discussions on TFM analysis is presented in section 6.5.

The TFM vectors for signals of Figure 7.4 are plotted in Figure 7.7.
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Figure 7.7 The TFM vectors for signals shown in Figure 7.4.

We calculated the average of the magnitude vectors and found that the energy of

the signal after angioplasty is higher than that before angioplasty.

By comparing the two graphs of Figure 7.7, we found many similar sections.

These similar sections represent similar patterns of local maxima in the modulus of the
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CWD matrix. The number of detected local maxima points for CWD is larger than that
detected using STFT. This is due to the fact that CWD has a better time-frequency res-
olution than STFT but there might be some local maxima points that are due to cross-
terms. Although the Choi-Williams method suppresses the cross terms, it does not
eliminate them totally, and there might be some low level local maxima points due to
cross terms. When we examine the TFM graphs of Figure 7.7, we realise that in some
parts the two graphs are not quite similar, which indicates that there are some local
maxima generated by cross-terms. Fourteen parts were extracted and plotted in Figure
7.8. These parts were the best similar part that were recognizable. The similarity of two
graphs differs from part to part. For example, in Figure 7.8 the graphs in (d) and (k) are
not as similar as the graphs in (a) and (f). The number of local maxima for all of these

parts are shown in Table 7.3.

Table 7.3
Local maxima Local maxima Local maxima
before after before after before after
1-11 1-10 12-19 11-23 20-26 22-26
27-34 27-36 35-55 37-55 56-68 56-66
69-83 67-86 84-105 86-103 106-124 104-126
125-160 127-159 161-191 160-200 192-230  197-236
231-263 237-264 264-290 265-285

The time-frequency patterns of the local maxima corresponding to Table 7.3 are

plotted in Figure 7.9-1, -2; where local maxima before and after angioplasty are repre-
sented with “x” and “0”, respectively. It is clear that there are similar patterns in the

time-frequency matrices of before and after angioplasty. As we study the patterns of
Figure 7.9-1 and -2 more closely, it becomes clear that there is an average frequency
shift between the patterns of before and after angioplasty; that is, the average frequency
of the patterns belonging to the signal after angioplasty are higher than that the average
frequency before angioplasty. It can also be noticed that the frequency shift is greater in
the higher frequency range patterns. This is similar to what we found with the STFT

analysis.
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In Table 7.4, the first column represents band of frequencies where patterns of
signals in Figure 7.7 were identified. The second and third columns are average fre-
quencies of the patterns in the first heart sound regions before and after angioplasty,
respectively. Likewise, the fourth and fifth columns correspond to the second heart
sound regions before and after angioplasty, respectively. The sixth and seventh col-

umns correspond to the third heart sound regions before and after angioplasty, respec-

Table 7.4
1st HS MF 2nd HS MF 2nd HS MF HS pattern MF
Band before after before after before after | before after shift

0-15 8 9 10 11 5 5 8 8 0
14-21 18 18 16 16 16 17 17 17 0
20-24 21 23 21 23 21 23 21 23 2
20-35 26 31 29 32 26 28 27 30 3
20-50 33 42 36 40 33 39 34 40 6
35-50 42 47 42 46 42 47 42 47 5
40-45 46 52 47 52 46 53 46 52 8
48-62 51 57 51 60 50 57 51 58 7
50-70 55 67 54 67 55 64 55 66 11
50-90 64 80 66 76 65 79 65 78 13
73-98 78 91 79 93 79 90 79 91 12
80-121 89 106 88 109 88 107 88 107 19
90-150 106 136 106 139 105 129 106 135 29
100-250 | 131 169 129 162 126 187 129 173 44

HS: Heart Sounds
MF: Mean Frequency
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Figure 7.9-1 Time-frequency patterns corresponding to plots of Figure 7.8.
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Figure 7.9-2 Time-frequency patterns corresponding to plots of Figure 7.8.
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tively. The eighth and ninth columns show the average frequencies of the patterns
before and after angioplasty, respectively. The last column shows the difference
between the average frequencies of the patterns. For example, in the frequency band 0-
15 Hz the first entry of the first column is 8 Hz, that indicates the average frequency of
the first heart sound in the first pattern before angioplasty. Likewise, the first entry
eighth column is 8, which is the average of 8, 10, and 5. This means that the average
frequency of the whole pattern before angioplasty is 8 Hz. The averages were rounded
off to their closest integers. The second, third, fourth, fifth, and sixth columns of Table

7.4 are plotted against the average frequencies of the patterns in Figure 7.10.
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Figure 7.10 Average frequencies in a) first, b) second, and c) third heart sounds
obtained from Table 7.4.
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In Figure 7.10 (a), (b), and (c) the average frequencies of the first, second, and third
heart sounds before and after angioplasty are shown, respectively. It is clear from the
figures that there is a shift in the average frequencies after angioplasty, where the shift

in the average frequencies increases with frequency.

7.8.4 Results from other cases

We performed the analysis for all the signals in Table 2.2. The results of five
more signals are summarised in Table 7.5. The number of the patterns differed from
signal to signal. The maximum number of patterns was found to be 19 while the mini-

mum number of patterns was found to be 12.

Table 7.5 Average frequencies in time-frequency patterns in five subjects.

HS pattern MF
1st HS MF 2nd HS MF 2nd HS MF before after
Band before after before after before after shift
0-16 7 8 9 10 5 6 7 8 1
13-19 16 17 15 15 16 18 16 17 1
20-25 22 24 21 24 22 24 22 24
21-33 25 31 28 32 26 32 26 32
22-52 32 43 34 43 33 45 33 45 12
29-53 38 48 41 51 42 51 40 50 10
38-60 44 52 44 54 49 59 46 55 9
42-60 47 54 49 56 50 60 49 57
48-62 51 57 51 60 51 58 51 58 7
52-73 56 66 54 65 57 69 56 67 11
55-90 65 82 68 83 66 87 66 84 12
68-100 72 91 78 88 75 94 75 91 16
82-118 89 110 86 107 87 109 87 109 22
90-139 102 130 108 138 101 131 104 133 29
120-178 128 164 132 169 135 175 132 169 37
150-250 172 210 181 225 174 228 176 221 45
0-22 9 10 12 12 7 8 9 10 1
12-25 14 19 15 21 14 18 14 19 5
19-26 21 24 22 25 21 23 21 24 3
20-29 22 28 23 28 23 27 23 28 5
20-35 26 32 29 33 28 34 28 33 5
30-50 32 42 37 49 33 46 34 46 8
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Table 7.5 Average frequencies in time-frequency patterns in five subjects.

HS pattern MF
1st HS MF 2nd HS MF 2nd HS MF before after
Band before after before after before after shift
32-55 41 49 41 51 48 54 43 51 8
43-63 48 57 49 58 51 61 49 59 10
50-75 55 68 51 62 59 72 55 67 12
69-89 72 83 71 84 71 85 71 84 13
75-100 79 92 83 94 72 91 78 92 14
95-148 107 138 106 140 105 134 49 59 10
120-195 142 179 152 192 136 178 106 137 31
169-250 181 201 180 204 194 231 143 183 40
0-14 6 7 8 8 5 6 6 7 1
12-18 13 14 14 14 15 15 14 14 0
19-25 21 23 21 23 20 24 21 23 2
20-28 23 25 21 26 23 27 22 26 4
20-35 24 28 27 32 26 33 26 31 5
32-45 35 41 37 41 39 42 37 41 4
40-51 46 50 41 48 43 49 45 49 4
48-65 55 62 49 55 57 63 54 60 6
51-67 53 65 55 65 58 66 57 65
55-92 67 82 61 79 71 88 66 83 17
62-95 69 79 74 85 79 91 74 85 11
71-105 81 93 82 97 78 95 80 95 15
85-123 98 110 91 104 101 121 97 112 15
98-137 105 115 109 121 113 132 109 127 18
109-154 126 139 131 146 133 152 128 146 18
128-170 141 161 135 159 144 167 140 162 22
149-189 153 171 157 179 162 182 157 177 20
171-227 179 198 189 211 194 223 187 211 24
190-250 197 215 199 223 203 238 201 225 26
0-14 7 8 10 11 5 6 7 8 1
13-25 13 15 14 16 9 11 12 14 2
24-38 25 30 22 27 27 33 25 30
35-56 41 52 37 46 39 53 39 50 11
50-78 58 72 55 71 61 77 58 73 15
75-100 76 89 86 96 81 92 81 92 11
94-134 97 116 101 121 106 129 101 115 14
125-164 129 142 136 151 138 161 131 151 20
157-196 161 183 172 195 166 191 166 190 24
165-210 172 201 178 205 183 208 178 205 27
191-250 197 221 203 224 198 229 199 225 26
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Table 7.5 Average frequencies in time-frequency patterns in five subjects.

HS pattern MF

1st HS MF 2nd HS MF 2nd HS MF before after

Band before after before after before after shift

0-16 6 7 9 9 5 6 7 17 0
13-22 15 18 16 19 14 17 15 18 3
21-28 23 25 23 24 24 25 23 25 2
25-32 27 31 27 30 28 31 27 31 4
29-46 35 41 31 39 33 41 33 40 7
38-58 42 49 45 52 47 53 45 51 6
52-71 55 63 61 68 54 60 57 64 7
66-85 68 78 73 82 74 83 72 81 9
80-105 91 103 89 101 85 95 88 100 12
96-127 98 112 107 124 102 121 102 119 17
110-150 119 133 125 142 128 147 124 141 17
125-161 135 156 128 148 137 158 133 154 19
138-187 146 167 149 171 154 181 150 173 23
169-210 175 198 171 198 177 205 174 200 26
195-250 201 232 204 238 208 245 201 238 37

We have grouped the patterns of before and after angioplasty in four frequency
bands according to their average pattern frequencies, as shown in Table 7.6. The fre-
quency band designated as below 50 Hz includes all patterns whose average frequen-
cies were lower than 50 Hz. Likewise the frequency band above 50 Hz and below 100
Hz, includes all patterns whose average frequencies were between 50 Hz and 100 Hz.
The other two categories include patterns whose average frequencies were between
100 Hz and 150 Hz, and between150 Hz and 250 Hz. This table shows the highest, low-

est and mean average frequencies found in the patterns.

As is shown in Table 7.6, for example in the frequency band below 50 Hz, the
minimum average pattern frequency in first heart sound region in all of the signals was
found to be 5 Hz before angioplasty and 6 Hz after angioplasty. Likewise the maximum
average pattern frequency in the first heart sound region was found to be 38 Hz and 45

Hz before and after angioplasty respectively.

The third row in each category in Table 7.6 represents the mean of all of the
average pattern frequencies in that category. For example in the frequency band below
50 Hz, the mean average pattern frequency in first heart sounds before angioplasty was

found to be 18 Hz.
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Table 7.6 Average frequencies of the patterns in first, second, and third heart sound regions.

average pattern average pattern pattern
frequency in 15 frequency in 2nd | frequency in 3rd Shift in
Frequency heart sound heart sound heart sound average
bands before after before after before after | frequency
Below SO0Hz | Min.: 5 6 Min: 7 8 Min.: 4 4
Max.: 38 45 Max.: 40 47 Max.: 39 48 4
Mn.: 18 22 Mn.: 20 25 Mn 20 24
50-100 Hz Min.: 55 62 Min.: 51 50 Min.: 50 50
Max.: 79 94 Max.: 84 98 Max.: 79 95 8
Mn.: 63 69 Mn.: 66 74 Mn.: 62 71
100-150 Hz | Min.: 102 101 Min.: 101 101 Min.: 100 103
Max.: 143 148 Max.: 144 145 Max.: 142 148 16
Mn.: 121 138 Mn.: 119 134 Mn.: 123 139
150-250 Hz | Min.: 153 162 Min.: 152 159 Min.: 152 151
Max.; 197 221 Max.: 203 224 | Max.: 206 238 23
Mn.: 173 192 Mn.: 178 201 Mn.: 181 208

Min: Minimum
Max: Maximum
Mn: Mean

The last column of Table 7.6 shows the frequency shift in mean frequency of the

patterns after angioplasty; that is, it represents average of “Mn” for the first, second,
and third heart sounds of the related category. For example, as is shown in the table, in

the frequency band below 50 Hz, for the 1% heart sound before angioplasty “Mn” was
found to be 18 Hz, for the second heart sound it was found to be 20 Hz, and for the third
heart sound it was found to be 20 Hz. Therefore average “Mn” before angioplasty
would be 19.33 Hz. Likewise, “Mn” for the first, second, and third heart sounds after
angioplasty were found to be 22 Hz, 25 Hz, and 24 Hz respectively. Thus, average
“Mn” after angioplasty would be 23.66 Hz. The difference between 23.66 and 19.33 is
4.33 which was rounded off to 4 which is shown in the last column of Table 7.6 in the

frequency band below 50 Hz.
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7.9 Conclusions

In this chapter we briefly reviewed Wigner-Ville and Choi-Williams distribu-
tions. We showed that the Wigner-Ville distribution is not suitable for time-frequency
analysis of signals that consist of multicomponents. In order to reduce the effects of
cross-terms we used the Choi-Williams distribution. We pointed out that due to the
computational inefficiency of this method it is necessary to use a running window tech-
nique. We proposed a method for calculating the CWD which further reduces the com-

putational time by performing the least possible number of multiplications only.

The heart-beat cycle of heart sounds before and after angioplasty were prepared
and their CWD were calculated. The time-frequency matrices were smoothed by
applying a two-dimensional Gaussian mask. This removed small and sharp variations
on the surface of the modulus of the time-frequency matrices. The three dimensional

plots of a typical CWD were shown.

The local maxima detector algorithms were used to determine the locations of
concentration of energy in the CWD plane. The temporal, spectral, and magnitude vec-
tors, were used to calculate the time-frequency-magnitude product vectors. The TFM
product vectors for before and after angioplasty were compared and similar sections
were identified. Using the similar sections, the time-frequency patterns of before and
after angioplasty were plotted. It was found that two patterns in the same frequency

band do have resemblances and there exists some frequency shift between them.

The average frequencies in first, second, and third heart sound regions were cal-
culated and compared. Their plots show that the average frequencies before and after

angioplasty have similar variations.

In the low frequency range, below 50 Hz, the average frequency shift is less than
10 Hz. For the medium frequency range, between 50 Hz and 100 Hz, the average fre-
quency shift is also less than /0 Hz and in the high frequency range, above 100 Hz and
up to 150 Hz, the average frequency shift is between 10 Hz and 20 Hz, and in the fre-
quency range above 150 Hz and below 250 Hz the average frequency shift is more than
20 Hz.

168



Chapter 8

Wavelet Based
Time-Frequency Analysis
of Heart Sounds

8.1 Introduction

Just like short-time Fourier transforms, wavelets are versatile tools of harmonic
analysis. Since their introduction in the1980’s, considerable time has been devoted to
their developments and practical applications. It is not a new theory in a sense that
many of the ideas and techniques involved in wavelets, such as filter bank theory and
quadrature mirror filters were developed independently in various signal processing
applications and have been known for some time. On the other hand, it is a new theory
since the recent development in the mathematical foundations of wavelets has pro-

vided a unified framework for the subject.

Many of the shortcomings of the short-time Fourier transform stem from the
fact that its time-frequency grid is uniform for all time and frequency. That is, the anal-

ysis window has a fixed length and therefore, is unable to capture the same number of
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sinusoids in both high and low frequency ranges. Thus, the spectral estimations will be
good at one end and poor at the other end. Wavelet transforms provide a solution for

this problem by using an analysis window which depends on both time and frequency.

The mathematical aspects of the wavelet transforms are introduced in [52] and
later treated in considerable details by several authors [38], [77], [78]; [120]. There are
a number of books that discuss wavelets in greater details [25], [39]. Consideration of
wavelets as a potential tool for signal processing followed the influential papers by
Daubechies [38], and Mallat [77]: Daubechies developed a technique to generate
orthonormal wavelet bases and also established a relation between the filter banks and

wavelet transforms and Mallat presented multiresolution analysis of the wavelets.

Applications of wavelets as a signal processing tool are closely related to its
presentation by filter banks, and hence its multiresolution analysis. Nonuniform filter
bandwidths in the structure of the filter banks and nonuniform decimation ratios in the
subbands are the key points of wavelet transforms. For more information on filter bank

theory see [144]. Filter banks will be discussed briefly later in this chapter.

The literature on wavelet transforms is rather vast and most of it require a pro-
found mathematical background which is perhaps unnecessary for most signal pro-
cessing experts. It is beyond the scope of this chapter to go through a mathematical
literature review of wavelets. From the signal processing point of view, tutorial treat-
ments can be found in [59] and [105]. In order to highlight the applicability of wavelets
in biomedical signal processing, especially in connection with the heart sounds, we
have given a brief literature review on the heart sound analysis using wavelets in Chap-

ter 1.

In this chapter we use continuous wavelet transform (CWT) for manipulation of
the wavelet coefficients of the heart sounds. These coefficients are used to study the
differences in time-scale characteristics of heart sounds before and after angioplasty. In
section 8.2, the wavelet basis functions are discussed. In section 8.3, classification of
wavelets to continuous and discrete wavelet transforms are explained. In section 8.4,

desired properties of analyzing wavelet functions are highlighted. This is followed in
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section 8.5, with a review of wavelets using filter banks with constant-Q filters. The
time-frequency localization of wavelets are discussed in section 8.6. Then in section
8.7, we explain Morlet wavelets as analyzing wavelets, which we will use for the heart
sound analysis. In section 8.8, the Chirp-z transform implementation technique for
continuous wavelet transform is explained. In section 8.9, octave based time-scale rep-
resentation for wavelet transforms is discussed. In section 8.10, results obtained from
wavelet based analysis of a heart sound are given. The wavelet coefficients are calcu-
lated and the locations of concentration of energy in the time-scale matrix are detected.
Using the time-frequency-magnitude method, described in Chapter 6, the time-fre-
quency patterns are detected and compared before and after angioplasty. In section
8.11, results obtained from wavelet analysis of all of the recorded heart sounds are

summarized.

8.2 Wavelet Basis Functions

The wavelet transform of a function is defined as a projection of this function
onto a set of analyzing functions called wavelets. A wavelet is a function that should
have a small concentrated burst of finite energy and must exhibit some kind of oscilla-
tions. These characteristics make it a wave like localized function in the time domain.
Wavelets are generated from a single function by performing dilation (scaling) and

translation (shifting). The generating function is called the mother wavelet.

Let y(t) be a function of real variable ¢ and represent a mother wavelet. Local-
ization suggests that it should decrease rapidly to zero as I#l tends to infinity. The other
condition requires that W(¢) must vibrate like a wave. Let a be a scaling factor and b
represent a time shift, then the mother wavelet y(t) can be used to generate a series of

wavelets as follows

(t) = L (t___b) Eq 8.1
\Va,b - A/mw a q 3.
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where a>0 and a, b € R (R represents the set of real numbers). y . p(2) is called the

wavelet basis function. Let s(t) be an absolute integrable function, that is

s(t) e L2(R) . The forward wavelet transform coefficients of s(¢) are computed using

the inner products (s(¢), ¥, »(t)) and defined as

e, b) =(5(0 W, o(0) = lal™ [ stoyy( 52 Eq82

—0a

The function s(z) is reconstructed from its wavelet coefficients as

1 o da'db'
s(t) = C, j J.l"(a,b)\ya.’b‘(t) “a, Eq 8.3
a>0
where
)
Cy = j' o dw Eq 8.4

—a

where W () represents the Fourier transform of ().

A condition called the admissibility condition [39], [51], is required for y(#) to

be a wavelet function. That is

oo

)
Cy = I—I(ol dw < Eq 8.5

—o0

If ¥() is continuous, which is the case if y(¢) is an absolutely integrable function,

then C\V can be finite only if

Y(0) = 0 jq;(t)dt =0 Eq 8.6

This implies that a wavelet must be an oscillatory function with zero mean. Admissi-

bility also suggests that y(#) must decay with respect to time. Typical wavelet func-

tions are shown in Figure 8.1.
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Note that strictly speaking, wavelet transforms are functions of time and scale,
and therefore, they are time-scale representation. Since scale is inversely related to fre-
quency, we will use the phrases “time-frequency” and “time-scale” interchangeably

throughout this chapter for interpretational convenience.

Figure 8.1 Wavelet functions.

8.3 Classification of Wavelets

Wavelets can be categorized into continuous and discrete wavelets on the basis
of the values of the dilation and translation parameters, although discrete wavelet
transforms are a special case of continuous wavelet transforms. That is, if the dilation
and translation parameters vary continuously then continuous wavelet functions are
obtained, on the other hand if these parameters are discretized then discrete wavelets
are achieved [39]. The continuous wavelet transform is best suited for signal analysis
[48], [129], [140], while discrete wavelet transforms are more suitable for signal cod-

ing applications.

8.3.1 The Continuous Wavelet Transforms

The continuous wavelet transforms were originally introduced in [48]. In Eq

8.1, if @ and b vary continuously over R provided that a # 0, then the basis functions

are continuous and the wavelet transfer of signal s(?) is calculated [27], [60], [118] as
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T(a,b) = |a"? | s(t)\p(’—;i’)dt Bq8.7

—00

The CWT of a one-dimenstonal signal is a two dimensional function of the real
variables b (time shift) and a (scale). Eq 8.7 implies that for any particular values of b
and a, the wavelet transform assigns a (complex) numerical value to the signal s(z)
which quantitatively describes the degree of similarity between the signal and the
translated and scaled version of the mother wavelet. Provided that the analyzing func-
tion is chosen with good time-frequency localization, then the CWT gives a picture of

the time-frequency characteristics of the signal s(z).

There are a number of alternative ways to express the CWT. One is to write it as

an integral in the frequency domain as

-1/2 = '
I'(a,b) = |d| [ s(@)¥@w)e”™ do

Eq 8.8

where S(w) and ¥(®) are Fourier transforms of s(¢) and y(¢), respectively. We can

also express Eq 8.7 as a convolution in the time domain as

T(a,b) = |a™""? [s(b) . W(_Fb)} Eq 8.9

From Eq 8.7 to Eq 8.9, the wavelet transform I'(a, b) of the signal s(¢) may be

interpreted as the output of an infinite bank of filters described by the impulse response

Y () over a continuous range of scale a.

8.3.2 The discrete wavelet transforms

In general, discrete wavelet transforms (DWT) are generated by sampling the
CWT. That is, the dilation and translation parameters are discretized. Discretization of

parameters is achieved in the following manner [39].
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The scaling parameter can be discretized as

m

a=a meZ Eq 8.10
where the dilation step o > 0. For discretization of b one natural choice is to take mul-
tiples of a fixed value . That is

b = kBa™ Eq8.11
where >0 and the condition is (¢ —kf) must cover the whole time. With the
above definitions the discrete wavelets are expressed as

W, (D) = o™ ("t~ kB) Eq8.12

Typically, o = 2 and B = 1 are used in practical applications of wavelets, though

they need not be restricted to these values.

8.4 Desirable Properties of Wavelets

In addition to the conditions imposed by Eq 8.5, there are other desirable prop-

erties that if satisfied will make the analyzing function a useful wavelet.

® Smoothness: y(t) must be a smooth function (n times differentiable)

with continuous derivatives [104].

o Good frequency localization: This property is directly related to vanishing

moments of ¥(w) [39], defined as

Jtlw(t)dt =0 Eq 8.13

—oa

where [ = 0,1,2, ..., M — 1. Eq 8.13 implies that

!
il\y(co)| =0 l=0,1,..,M-1 Eq8.14
=0
dm
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The consequences of this condition are good frequency localization, that
is W(®) would decay sufficiently fast as @ — o and ¥ (w) will be flat
near ® = 0. A larger number of vanishing moments results in more flat-

ness near ® = O when ® is small.

o Good time localization: This is also related to vanishing moments. In
order to have a good time localization it is necessary that y(¢) together
with its derivatives decay rapidly [39], that is

d!

— (1)
dt

< oo l=01,..,M-1 Eq8.15

which implies that Eq 8.13 must be satisfied.

L Symmetry: Symmetric wavelets do not distort the phase information of

the signal [77].

If the aforementioned properties and admissibility condition are met then the
wavelets behave like a band-pass filter, and the analyzing function y(¢) would be the

impulse response of the filter.

8.5 Analyzing wavelets as constant-Q filters

It was concluded in the previous section that the analyzing wavelets are band-
pass filters if they are designed with desired properties. As a matter of fact, wavelet
analysis is very similar to the short-time Fourier transform in a sense that they are both
windowed spectral analysis techniques, but there is a major difference in the kind of
the window used. In the latter the bandwidth of the window function remains constant
as it scans the signal, but in the wavelet analysis the bandwidth of the window varies.
In other words, with short-time Fourier transform one can only see the forest or the

trees but with wavelet analysis it is possible to see both the forest and the trees.
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8.5.1 Constant-Q filters

It can be shown that the short-time Fourier transform can be perceived as analy-
sis filters that are frequency-shifted versions of a base filter, where all filters in the filter

bank have the same bandwidth [144]. In contrast, wavelet transforms use constant-Q
filters which have a constant bandwidth to centre frequency ratio. Let H(j®) repre-

sent a band-pass filter centered at w, with a bandwidth of Aw = ®, - ®, as shown in

Figure 8.2 (a). Let the impulse response of the filter be h(z).

The centre frequency of this filter is defined to be the centre of the band-pass

log(®;,) +log(w,)
2 b

region when the frequency axis is logarithmic. That is log(w,) =

which implies that the centre frequency is the geometric mean of the cutoff frequencies

[144], that is

|H(jQ)

[H(jo)

6)1 600 C~l)h
() (b)

Figure 8.2 a) A bandpass filter, b) frequency-scaled version of (a).

A parameter Q is defined as the ratio of the bandwidth to centre frequency (the

inverse of quality factor defined in band-pass filters) as
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_ Ao
®y

0 Eq8.17

The transfer function of the filter can be altered such that its centre frequency

and its bandwidth change but the Q of the filter remains unchanged. Let the scaling

factorbe o, then new cutoff frequencies and consequently the new centre frequency

will be

O =0 o Eq 8.18

@, = o @ Eq 8.19

@y = o Jo,m, Eq 8.20

If Eq 8.18 to Eq 8.20 are inserted into Eq 8.17 then it is clear that the value of Q will

stay unchanged. The new transfer function becomes
H (jo) = H(jo" ®) Eq 8.21

where it is assumed that o > 1. This is shown in Figure 8.2 (b). Eq 8.21 implies that
constant-Q filters are realized from a band-pass filter by shifting them to higher/lower

frequencies where it changes the bandwidth of the filter.
The impulse response of the new filter is

h (1) = o h(a"t) Eq 8.22

Constant-Q filters are used as analysis filters in wavelet analysis. As m is increased the

impulse response of the filter gets longer in the time domain.

Usually it is desirable that all filters have the same energy [144]; that is, for all

values of m the following expression must hold true.

Jhnf(t) dt = jhz(t)dt Eq 8.23

Eq 8.23 implies that
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/2 -m

h(t) = o “h(o"t) Eq8.24

H, (jo) = o™ *H(jo"®) Eq8.25

Eq 8.25 means that as the filter is moved to higher frequencies, its height is decreased
in order to maintain the same energy. This is illustrated in Figure 8.3. This figure

explains how the frequency scaling can change the bandwidth of a band-pass filter.

3
27w0 2  mo 2 wo ®g

Figure 8.3 Successive constant-Q filters for m=2.

8.6 Time-Frequency Localization

In section 6.3, the time-frequency localization of STFT was explained with

regard to the window function w(t) . A similar argument follows here. Associated with
each wavelet function there is time localization and frequency localization, defined

respectively as

o 172
At = {j(r-t*)zhy(t)lzdt} Eq 8.26
oo 1/2
iy o (2
A® = {j(m—w*) ¥ ()| dm} Eq 8.27

—o0
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where t* and @* are defined as

= It|w(t)|2dt Eq8.28

—00

o* = [ ol¥( jo)2do Eq 8.29

—o0

The wavelet y(t) is centered around (#*, *) in the time-frequency plane and
contains information in the time interval (#* — At, t* + At) and frequency interval

(0* — Aw, o* + Aw). The two intervals define a time-frequency cell whose area is
restricted by the uncertainty principle, Eq 6.12. Translation of the wavelet function
does not change the time and frequency localization, but dilation will change them as

follows [144]

At, = aAt Eq 8.30
Aw
AO)a = 7 Eq 8.31

Therefore, good time localization can be achieved for small values of a, which corre-
sponds to high frequencies, or small scales. On the other hand, good frequency local-

ization is obtained for large values of a.

8.7 Basis function selection

There are a variety of wavelet functions, each with different properties. The
choice of the wavelet in an application is usually made by matching the properties of
the wavelets with those required by the application. Not all wavelet functions have the
desired properties of wavelets. It is not possible to construct a wavelet with an arbitrary

number of desired properties.
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We will not discuss the wavelet design procedures here but rather we will focus
on the selection of a particular wavelet for the heart sound analysis. Three wavelets in
the time and frequency domains are examined: Morlet, Meyer, and Daubechies-4
wavelets. Their time and frequency responses are shown in Figure 8.4. As was
explained earlier and shown in Chapters 6 and 7, we are examining the time-frequency
patterns of the heart sounds in the time-frequency plane. Analysis involves finding the
frequency difference in frequency patterns in the time-frequency plane, hence it is nec-

essary to have good time-frequency resolution.

There is a closed form expression for A(z) and H(j®) of the Morlet wavelet and
its relative bandwidth is adjustable. The Morlet wavelet is explained in greater detail in
section 8.7.1. In Figure 8.4 (a), the Morlet wavelet is shown in the time and frequency
domains. There is no closed form expression for the Meyer wavelet. Its structure is
similar to the Morlet wavelet but it has a fixed relative bandwidth and there are no free
parameters for adjusting it. In Figure 8.4 (b), the time domain and the frequency
domain representation of the Meyer wavelet are shown. Information on design proce-
dures can be found in [131]. Unlike the other two wavelets, the Daubechies wavelets
are not symmetric in the time domain. They are generated using finite impulse
response filters proposed by Daubechies [131]. The relative bandwidth of the
Daubechies wavelets are also fixed and there is no closed form expression for them. In

Figure 8.4 (c), a Daubechies-4 wavelet is shown in the time and frequency domains.

In Figure 8.4, the left-hand plots are the time domain representation of the
wavelets while the right-hand plots are the frequency domain representation of the cor-
responding left-hand wavelets. In order to make the comparison easy, we have normal-
ized the frequency responses of the wavelets so that their maxima have unity
magnitude and their centre frequencies are equal to one. The Morlet and the Meyer

wavelets are generally complex valued, only their real parts are shown in Figure 8.4.

We have chosen the Morlet wavelet for the analysis of the heart sounds. The
main reason behind our choice is the degree of freedom for adjusting the relative band-

width of the analyzing wavelet. Figure 8.4 shows that the relative bandwidth of the
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Figure 8.4 a) The Morlet wavelet, b) The Meyer wavelet ¢) The Daubechies wavelet.
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Daubechies-4 wavelet and the Meyer wavelet are larger than the relative bandwidth of
the Morlet wavelet. Furthermore, the relative bandwidth of the Morlet wavelet can be

altered while the others are fixed.

8.7.1 Morlet wavelet

The Morlet wavelet is one of the wavelet functions that are often used in CWT
applications. The Morlet wavelet [50], [125], is actually a modulated Gaussian

expressed as

1 jenfot—Ppiis2
e Eq 8.32

y(t) =

where f, is the centre frequency and B is the bandwidth of the filter. The Fourier

transform of the filter can be computed as
2 (f - £o) /B
P(f) = e "IV ;i Eq 8.33
This shows that the maximum value of the frequency response of the Morlet

wavelet is equal to one and occurs at f,. In other words, W(f,) = 1. The relative

bandwidth of the filter is calculated as RBW = '—2@ The principle feature of the
0

Morlet wavelet, of interest to us is that its relative bandwidth is easily set. This is
important in obtaining a desired frequency resolution in CWT at a particular fre-

quency. In Figure 8.4 (a), a Morlet wavelet and its Fourier transform with parameter
valuesof f, = 5 and B = 0.05 are shown. The Morlet wavelet has two theoretical
limitations which are not of much concern in some practical cases, but they are worth
mentioning. First, ¥(0) # 0 which implies that the admissibility condition is not met.
However; for small values of bandwidth, ¥ (0) will be small enough for practical pur-
poses. Second, the Morlet wavelet cannot be used to form an orthonormal basis func-

tion which is of concern if perfect reconstruction of the signal using filter bank is

desired.
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8.8 CWT Implementation

For the calculations of the CWT, we have used the fast algorithm proposed in
[65]. In this technique instead of using the time domain convolution, the frequency
domain multiplication is utilized. To see how it is done, consider Eq 8.8 in which the
term inside the brackets is the inverse Fourier transform of S(€Q)¥(aQ2). This sug-
gests that, the CWT can be computed by taking the Fourier transform of the signal and
the wavelet function and then finding the inverse Fourier transform of the product

term.

Let s(n) represent N, samples of s(¢), and y(n) represent N\V samples of (1),
both sampled at or above the Nyquist rate. Discretization of Eq 8.8 with uniform sam-

pling in time, and arbitrarily spaced sampling in scale yields [65]

(M/2)-1 _
T'(n,a;) = nlaill/Z Y S(%k)w(%aik)e’(zn/mk" Eq 8.34
k=-M/2

where M is a constant, a; is the discretized scale parameter chosen arbitrarily with
i =1,...,N,. The value of M is chosen such that to ensure frequency multiplication
of S(Q) and ¥ (af2) results in linear convolution in the time domain rather than cir-

cular convolution; that is, M must be greater than the sum of the lengths of s(n) and the

largest wavelet basis function used. Usually the next highest power of 2 greater than

N .+ Nw(max|ai| —1) is used.
The chirp z-transform algorithm [91], is used for computing \u(zﬁnaik) . Using
the definition of the discrete Fourier transform and setting p = k+ M /2, the chirp z-

transform of the sequence y(n) is obtained as

M-1
—j(2r/ M)a. iTa;
n=20
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8.9 Time-Scale Representation

A program was written based on the discussion of the previous section. The

parameter values in Eq 8.33 were set to B = 0.05 and f, = 5. This sets the relative

bandwidth of the wavelet equal to 0.1265. The time domain and the frequency domain

representation of this wavelet are shown in Figure 8.4 (a).

Calculation of the wavelet coefficients were carried out on an octave-by-octave
basis [50]. That is for integer values of dilation, the frequency localization which is
called an octave, varies logarithmically. Each octave is further decomposed into

smaller sections called voices according to

(=)7K A=(B=1)/%,

y(2 ) Eq 8.36

where K represents the number of voices per octave. One such time-scale plane is

vl =

shown in Figure 8.5. In this figure four voices per octave are used. Voices are desig-
nated by “+ “and octaves are represented by “o “. The interval between two consecu-
tive octaves is partitioned into four logarithmically spaced intervals along the

frequency axis while the time axis intervals are left unchanged.

A
O o O O O O O o o ©
+ + 4+ o+ + o+ o+
+ + + + + o+ 4+ + o+ + o+
g
[0}
3 S + + + + 4+ 4+ o+ 4+ o+ o+ 4+
v (]
= O O O O O o o o o O
l + + + + + +
W + + + + +
B + + + + +
0 o) o) o) 0 o)
=
time —»

Figure 8.5 Time-frequency plane decomposition.
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8.10 Wavelet analysis of heart sounds

In this section we explain the process of wavelet based analysis of recorded
heart sounds. Prior to CWT calculations, the recorded phonocardiograms were passed
through MALE filter for noise cancellation. Then the algorithms of Chapter 4 were
used to prepare the hear-beat signals. Analytical signals were used in calculations of
CWT. In order to demonstrate the analysis procedures and for the sake of comparisons,
we have chosen the same signal that we used in STFT and Choi-Wiliams analyses.
These signals are shown in Figure 7.4. We have performed continuous wavelet analysis
using the technique explained in section 8.8. The number of octaves were calculated
from the length of the signal used. For example, if the length of signal was 2000 sam-

ples, then the signal was padded with zeros to obtain the dyadic length closest to 2000,

i.e. 2048. Since 2048 = 211 , the number of octaves was set equal 8. The number of
octaves was set to 3 figures less than dyadic length of signal (zero padded signal if the
original signal length was not dyadic). The number of voices was set to 32 in order to
have less redundancy. The moduli of the CWT of the signals were calculated. In the
modulus of the CWT matrix the parts that corresponded to the zero-padded section in
the time axis were discarded for all frequencies. The CWT matrix is a time-scale
matrix. In order to represent it in 3-D, we calculated a vector which contained centre
frequencies of the filters associated with each voice level. This vector was used for
time-frequency plots of the modulus of the CWT. These plots are shown in Figure 8.7-
1, Figure 8.7-2, Figure 8.8-1, and Figure 8.8-2. In these figures, the x-axis represents
time in seconds, the y-axis represents frequency in hertz and the z-axis is the amplitude
of the modulus of the CWT matrix. The organization of these figures in the time-fre-

quency planes are shown in Figure 8.6.

8.10.1 Locations of concentration of energy in CWT matrix

The local maxima detector algorithm of Chapter 5 is applied to the modulus of
the CWT time-scale matrix of the signals of Figure 7.4 (a) and (b), and locations of
concentration of energy are obtained. The time-scale matrices are mapped to time-fre-

quency matrices using the frequency vector that was calculated in the process of CWT
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calculations (explained in previous section). Then the three time, frequency, and mag-
nitude vectors were obtained (refer to section 6.5 for more details on these vectors).
These vectors show that the number of local maxima before angioplasty is 82 and after
angioplasty is 79. Our preliminary findings showed that 90% of the energy of the sig-

nals were concentrated below 250 Hz in most cases; therefore, we have restricted this

analysis to that frequency range.
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2 in the time-frequency plane.

8.10.2 Time-frequency patterns in CWT matrix

In order to investigate the resemblance of the modulus of the CWT matrices,

Figure 8.6 Organization of Figure 8.7-1, Figure 8.7-2, Figure 8.8-1, and Figure 8.8-

we carried out the same procedure as was previously explained in Chapter 6. That is,
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Figure 8.7-1 The modulus of the CWT of the signals of Figure 7.4 (a).

188



Wavelet Based Time-Frequency Analysis of Heart Sounds

Chapter 8

1
s
®

. .
Masmsmrer

2107

.
.
.
13
s

]
FreLRegiEn

Figure 8.7-2 The modulus of the CWT of the signals of Figure 7.4 (a).
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Figure 8.8-1 The modulus of the CWT of the signals of Figure 7.4 (b).
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Figure 8.8-2 The modulus of the CWT of the signals of Figure 7.4 (b).
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we now rearrange the time-frequency vectors in ascending order of frequency. Then
the time-frequency-magnitude product vectors of before and after angioplasty are cal-

culated.

The obtained TFM vectors are plotted in Figure 8.9. The solid line represents
the TEM of the heart sound before angioplasty and the dashed-line shows the TFM of
the heart sound after angioplasty. The vertical axis represents the magnitude of the
TFM vector and the horizontal axis represents the local maximum number. The highest

peaks in the graphs correspond to the highest energy point in the CWT matrices.

1.8 T T T T T T T

——  Before angioplasty
After angioplasty

1.6

TFM magnitude

90

Local maxima number, k

Figure 8.9 TFM graphs of the modulus of the CWT of the signals of Figure 7.4.

We calculated the average of the magnitude vectors and it was found that the

energy of the signal after angioplasty is higher than before angioplasty.
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Upon comparing the two graphs of Figure 8.9, many similar sections were
revealed. We first compared the two signals visually and selected those sections that
looked similar. These similar sections represent similar patterns of local maxima in the
modulus of the CWT matrix. Then we plotted the corresponding time-frequency pat-
terns and compared them together. This process was repeated until all the similar pat-
terns shown in Figure 8.10 were obtained. From the total of 82 and 79 local maxima
detected in the modulus of CWT matrices before and after angioplasty, seven similar
sections were extracted and plotted in Figure 8.10; while the local maxima numbers

for these sections are shown in Table 8.1.

Table 8.1
Local maxima Local maxima Local maxima
before after before after before after
1-5 1-7 6-14 8-18 15-24 19-30
25-35 31-40 36-46 41-52 47-65 53-70
66-79 71-82

The time-frequency patterns of the local maxima corresponding to Table 8.1 are

plotted in Figure 8.11. In this figure “*” represents the local maxima for the signal

before angioplasty and “o” represents the local maxima for the signal after angio-
plasty. It is clear that there are similar patterns in the time-frequency matrices of before
and after angioplasty. In order to show resemblances of the patterns in the time-fre-
quency plane we have connected the local maxima points to each other. This facilitated

recognition of the resemblance of the two patterns.

For this particular case, the time-frequency patterns are spread in the frequency
range between zero and 220 Hz. We calculated the average frequencies of the patterns
in first, second, and third heart sound regions. We found that there is a frequency shift
between the average frequencies of the patterns before and after angioplasty; that is,

the average frequency of the patterns belonging to the signals after angioplasty are
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higher than before angioplasty. It is also noticeable that the frequency shift is greater in
the higher frequency range patterns. The average frequency of each pattern in first, sec-

ond, and third heart sound regions are calculated and listed in Table 8.2.

Table 8.2 Average frequencies of patterns of Figure 8.11.

frequency 1st HS MF 2nd HS MF 3rd HS MF HS pattern MF
range before after | before after | before after | before after shift
0-20 8 9 10 12 13 13 10 11 1
15-45 26 29 30 29 28 29 28 29 1
40-60 45 56 42 57 40 53 42 55 13
45-90 58 73 56 75 54 76 56 75 19
60-120 71 112 72 106 68 101 70 106 36
80-165 97 151 98 145 90 145 95 147 52
115-250 139 191 124 183 128 176 130 183 53

In Table 8.2, the first column represents frequency bands in which patterns of
signals in Figure 8.9 were identified. The second and third columns are average fre-
quencies of the patterns in the first heart sound region before and after angioplasty,
respectively. Likewise, the fourth and fifth columns correspond to the second heart
sound region before and after angioplasty, respectively. The sixth and seventh columns
correspond to the third heart sound regions before and after angioplasty, respectively.
The eighth and ninth columns show the average frequencies of the patterns before and
after angioplasty, respectively. The last column shows the difference between the aver-
age frequencies of the patterns. For example, in the frequency band 0-20 Hz the first
entry of the first column is 8 Hz, which indicates the average frequency of the first
heart sound in the first pattern before angioplasty. Likewise, the first entry eighth col-

umn is 10, which is the average of 8, 10, and 13. This means that the average frequency
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of the whole pattern before angioplasty is 8 Hz. The averages were rounded off to their

closest integers.

The second, third, fourth, fifth, and sixth columns of Table 8.2 are plotted
against the average frequencies of the patterns in Figure 8.12. In Figure 8.12 (a), (b),
and (c) the average frequencies of the first, second, and third heart sounds before and
after angioplasty are shown, respectively. It is clear from the figures, that there is a
shift in the average frequencies after angioplasty, where the shift in the average fre-

quencies increases with frequency.
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Figure 8.12 Average frequencies in a) first, b) second, and c) third heart sounds
obtained from Table 8.2.
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8.11 Results from other cases

We performed the analysis for all of the signals in Table 2.2. The results
obtained from five heart sounds are shown in Table 8.3. The results from the whole
data-set are summarized in Table 8.4. The number of patterns in the modulus of CWT
matrices of the signals varies from a minimum of 5 to a maximum of 9. In Table 8.4 we
have shown the average pattern frequencies of before and after angioplasty in the first,
second, and third heart sound regions in the frequency band:, below 50 Hz, between 50

and 100 Hz, above 100 and below 150 Hz, and above 150 up to 250 Hz.

Table 8.3 Average frequencies in time-frequency patterns in five subjects.

Frequency 1st HS MF 2nd HS MF 3rd HS MF HS pattern MF
Band, Hz before after | before after | before after before after shift
0-20 8 8 9 11 11 13 9 11 2
17-40 25 28 27 30 29 32 27 30

35-58 42 51 38 47 45 54 42 51 9
40-85 65 80 59 76 51 71 58 76 18
62-115 78 111 75 103 69 102 74 105 31
85-175 102 149 92 139 122 168 105 152 47
125-235 168 215 32 181 171 228 157 208 51
01-22 7 8 10 10 12 11 10 10 0O
15-48 30 33 32 36 31 32 31 34

38-60 41 56 39 46 40 55 40 52 12
50-93 53 62 65 89 59 82 59 78 19
80-145 87 121 92 128 101 139 93 129 36
138-212 141 187 152 198 154 207 149 197 48
0-25 9 10 9 11 13 15 10 12

18-45 27 29 29 29 28 31 28 30 2
39-65 48 59 41 56 49 62 46 59 13
48-89 52 72 54 70 63 85 56 76 20
67-126 81 120 68 108 79 112 76 113 37
90-155 97 145 103 146 108 151 103 147 44
123-195 138 186 129 177 142 191 136 185 49
160-250 164 216 179 238 187 243 177 232 55
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Table 8.3 Average frequencies in time-frequency patterns in five subjects.

Frequency 1st HS MF 2nd HS MF 3rd HS MF HS pattern MF
Band, Hz | before after | before after | before after | before after shift

0-20 8 9 11 13 13 14 11 12 1
16-43 27 33 23 28 32 36 27 32 5
37-59 40 56 41 56 44 58 42 57 15
45-94 58 86 49 74 52 71 53 77 24
71-130 81 115 83 112 92 126 85 118 33
92-178 106 151 118 161 128 173 117 162 45
148-234 155 196 164 204 178 221 166 207 41
0-25 7 9 10 13 12 14 10 12 2
20-50 33 34 35 35 37 41 35 37 2
32-60 39 50 51 58 44 57 45 55 10
46-93 61 76 54 67 55 69 57 71 14
67-120 84 106 71 95 91 115 82 105 23
84-158 90 122 103 132 118 149 104 134 30
131-200 138 181 146 189 151 196 145 189 44
166-250 174 215 182 239 191 246 182 233 51
Table 8.4 Average frequencies before angioplasty and after angioplasty.

average pattern average pattern

frequency in 1st frequency in 2nd pattern frequency Shift in

Frequency heart sound heart sound in 3rd heart sound average
bands before after before after before after | frequency

Below 50Hz | Min.: 6 7 Min.: 8 8 Min.: 10 11

Max.: 38 41 Max.: 40 47 Max.: 39 48 5

Ave.: 19 20 Ave.: 20 23 Ave.: 26 29
50-100 Hz Min.: 55 62 Min.: 51 50 Min.: 50 50

Max.: 78 95 Max.: 82 98 Max.: 79 98 17

Ave.: 61 74 Ave.: 62 76 Ave.: 59 82
100-150 Hz Min.: 102 101 Min.: 101 101 Min.: 100 103

Max.: 141 148 Max.: 140 145 Max.: 142 148 27

Ave.: 111 138 Ave.: 118 141 Ave.: 112 143
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Table 8.4 Average frequencies before angioplasty and after angioplasty.

average pattern average pattern
frequency in 1st frequency in 2nd pattern frequency Shift in
Frequency heart sound heart sound in 3rd heart sound average
bands before after before after before after | frequency
150-250 Hz Min.: 153 162 Min.: 152 159 Min.: 152 151
Max.: 205 225 Max.: 213 234 Max.: 236 247 34

Ave.: 173 198 Ave.: 178 206 Ave.: 171 218

Consider, for example, the entries corresponding to the region below 50 Hz in
Table 8.4. The first row indicates the minimum average frequency found in the patterns
representing the first heart sound was 6 Hz before angioplasty and 7 Hz after angio-
plasty. Likewise, the second row indicates that the maximum average frequency found
in the patterns representing the first heart sound was 38 Hz before angioplasty and 41
Hz after angioplasty. The mean of all of the average frequencies of the patterns that fit
into a particular category was calculated and is shown in the third row of each column
in each category of Table 8.4. The last column of the table shows the frequency shift in

the average pattern frequencies.

8.12 Conclusions

In this chapter we briefly reviewed the wavelet transform technique as a poten-
tial tool for time-frequency analysis. We discussed the Morlet wavelet and used it as
the basis function for CWT for the analysis of the heart sounds. We pointed out that
continuous wavelet transform has been useful in signal analysis in various fields. The
wavelet transform is essentially convolution of the signal with a particular filter. The
filter is actually the wavelet function and must have zero mean. This ensures that only
the features of the signal comparable with the filter are picked up and other features

that fall outside of the filter’s characteristics are averaged out. We showed that the
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Morlet wavelet is attractive in time-frequency analysis of the heart sounds because its

relative bandwidth is adjustable.

The heart-beat cycle of heart sounds before and after angioplasty were prepared
and their CWT were calculated. A program was written where a computationally effi-
cient method in the frequency domain was used for CWT calculations. In order to map
the CWT time-scale matrix to time-frequency matrix, we generated a frequency vector
whose elements were the central frequencies of the wavelet functions in the relevant

scale levels.

The local maxima detector algorithms were used to determine the locations of
concentration of energy in the CWT plane. Three vectors, temporal, spectral, and mag-
nitude vectors, were used to calculate the time-frequency-magnitude product vectors.
The TFM product vectors for before and after angioplasty were compared and similar
sections were identified. Using similar sections, the time-frequency patterns of before
and after angioplasty were plotted. It was found that two patterns in the same fre-

quency band do have resemblances and there exist some frequency shift between them.

The average frequencies in first, second, and third heart sound regions were cal-
culated and compared. These plots show that the average frequency before and after

angioplasty have similar variations.

In the low frequency range, below 50 Hz, the average frequency shift is less
than 10 Hz. For the medium frequency range, between 50 Hz and 100 Hz, the average
frequency shift is also below 25 Hz and in the high frequency range, above 100 Hz and
up to 150 Hz, the average frequency shift is above 25 Hz and below 50 Hz, and in the
frequency range above 150 Hz and below 250 Hz the average frequency shift is above
30 Hz.
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and Recommendation for
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9.1 Conclusions

The importance of coronary artery disease and the potentials of signal process-
ing in time-frequency methods have given impetus to the investigations of heart
sounds from people with coronary artery disease before and after angioplasty. This
study was an attempt to characterize various time-frequency representations with
respect to their capability to identify the difference in heart sounds with coronary

artery disease before and after angioplasty.

Phonocardiograms were recorded in the cardiology department of the Royal
Adelaide Hospital from patients with coronary artery disease before and after angio-
plasty. Recordings were carried out at the patient’s bedside. Heart sounds were

recorded from three positions on the chest including the apex. Each signal was
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recorded for at least 45 seconds. Electrocardiograms were also recorded synchro-

nously.

It is probable that the phonocardiograms were corrupted with noise during the
recording process; therefore, adaptive line enhancement filters were used to remove
any uncorrelated background noise. The tapped delay line implementation is the most
widely used for adaptive filters since it is easy to implement. The least-squares algo-
rithm is used as adaptation algorithm because it converges faster. In order to improve
the performance of the adaptive line enhancement filter, a modified adaptive line
enhancement filter was proposed in Chapter 3. The modification is based on adding
poles into the pass-band region of the ALE filter. This was achieved by introducing a
feedback to the filter taps from its output. That is, the output was scaled, delayed, and
added to the input. This process generated poles inside the unit circle. The modified
ALE filter was tested by applying a sinusoidal signal embedded in white noise. The
results showed improvement over the original ALE filter. The better performance of

the modified ALE over the original ALE was also confirmed with heart sound signals.

The parameter values of the modified ALE filter, such as the number of filter
taps, decorrelation delay, feedback delay parameter, and the number of taps in the
feedback loop were chosen to place poles close to the unit circle in the pass-band
region. Those poles sharpened the frequency response curve of the filter at the pass-
band region while attenuating the sidelobes. Therefore, an improvement in the perfor-

mance of the filter was achieved.

Heart sounds are quasi-stationary signals. That is, if the physical conditions of
the patient do not change during the heart sound recording process, then each heart-
beat cycle in the recorded phonocardiogram will have the same temporal and spectral
information as the others over a short period of time, i.e. few minutes. This led us to
the development of a method to calculate the heart-beat signal from a long data record,

we called it the heart-beat separation algorithm and is presented in Chapter 4.

There were two main steps in the heart-beat separation algorithm. First, the
electrocardiograms were used to detect the beginning of the cardiac cycles. The PCG

beat cycle calculation was only possible since the PCG and ECG signals were
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recorded synchronously. The reason for using the ECG signal is that the QRS complex
is easily detectable in the ECG signal. A threshold level was set and peaks of the QRS
complexes were detected. Using these as pilot points, the peaks of the R-waves were
detected and used as the beginning of the cardiac cycles. The ECG signals were passed
through noise removing filters before processing them; however, in order to remove
the artifact corrupted cycles, the durations of the beat-cycles were checked using the

ECG signals.

Then the PCG signals were aligned with the ECG beat cycles and decomposed
into heart-beat cycles. The second part of the algorithm consists of identifying and
rejecting those heart-beat cycles that contain artifacts. Artifacts are strong disturbances
in the heart sounds; therefore, they were not removed by the MALE filter of Chapter 3.
The identification and rejection of the artifact corrupted heart-beat cycles was accom-
plished in the following manner. Detected heart-beat cycles were averaged and a tem-
plate heart-beat signal was calculated. It was found that in a typical recording there
were only few corrupted cycles, and hence constructing the template signal in this way
is justifiable. The correlation coefficients of individual heart-beat cycles with the tem-
plate signal were then calculated and a criterion was set to accept the artifact free
heart-beat cycles. The lengths of the heart-beat signals were not equal; therefore, the
accepted heart-beat cycles were averaged in the frequency domain to obtain the final
heart-beat signal. If there were any small errors in detecting the beginnings of the car-
diac cycles, using the frequency domain averaging would avoid errors occurring due to
such small temporal differences. The heart-beat separation algorithm was very effec-
tive in calculating the heart-beat signals. That is, the final signal was compared to indi-
vidual heart-beat cycles and was found that it had lower noise and its first, second, and

third heart sounds were much easier to identify.

The modulus of the time-frequency matrix of the heart-beat signal consisted of
many regions of local of concentration of energy, referred to as local maxima. The
time-frequency analysis carried out in this thesis involves identifying the locations of
concentrations of energy in the modulus of the time-frequency matrix. Thus, it was
necessary to develop an algorithm for this purpose. We called it the local maxima

detector and it was presented in Chapter 5. The local maxima detector algorithm is
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based on a two step process: detection and removal of local maxima. A Gaussian
smoothing filter is applied to suppress the surface fluctuations on the time-frequency
plane. Then the peak of the highest energy level in the modulus of the time-frequency
matrix is detected and its boundaries are identified and removed from the matrix.
Removal of a detected local maximum is necessary because this will cause the next
highest energy level to become the new highest energy level in the time-frequency

matrix. This process is repeated until all local maxima are detected.

The boundary detection is based on finding the slope of the surface around the
local maximum. The outcome of the algorithm is three vectors: a magnitude vector, a
temporal vector, and a spectral vector. These vectors contain the energy levels, tempo-
ral locations, and spectral locations of the local maxima. A method was proposed to
distinguish the local maxima that were due to signal from those that were due to noise.
By using a piecewise linear approximation of the magnitude vector, stored in descend-
ing order, we were able to identify the local maxima due to noise as the last section,
which contains the maxima of lowest energy. The local maxima detection algorithm is

applicable to any time-frequency analysis and is not restricted to heart sounds.

Three time-frequency analysis methods were used to analyze the heart-beat sig-
nals: the short-time Fourier transform, the Choi-Williams distributions, and the wave-
let transform. The analysis procedure was developed in Chapter 6 and was used for all
three methods. The spectral vector of local maxima, obtained by the local maxima
detector algorithm, was sorted in ascending order of the frequency. The magnitude and
the spectral vectors were rearranged accordingly. The products of the three vectors
were obtained for local maxima before and after angioplasty and were called TFM
product vectors. The idea behind generating the TFM product vector was the follow-
ing. If a particular local maximum before angioplasty had similar coordinates (magni-
tude, time, and frequency) with a local maximum after angioplasty, then their
corresponding TFM terms would be close. Therefore, if there was any similarity in
local maxima before and after angioplasty, then their TFM product curves would have

similar shapes. This was illustrated through an example in Chapter 6.
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In Chapter 6, the short-time Fourier transform was used to analyze heart-beat
signals. The time-frequency resolution of STFT is restricted by the uncertainty princi-
ple. STFT is attractive to use because it is easy to implement. The type of window used
in the STFT applications is very important. A trade-off must be made between the
side-lobe attenuations and bandwidth of the window function, depending on the appli-
cation. We found the Chebychev window to be the most suitable for heart sound anal-
ysis because it has better side lobe attenuation. The TFM product graphs of before and
after angioplasty were compared. It was found that there are subgroups of local max-
ima that showed similar time-frequency arrangements before and after angioplasty;

they were called time-frequency patterns.

The time-frequency patterns were one of the interesting results obtained from
the STFT analysis. Patterns were extracted by comparing the TEM curves of before
and after angioplasty. The average frequencies of the patterns were calculated in first,
second, and third heart sound regions. It was found that the average pattern frequen-
cies after angioplasty were higher than before angioplasty. The frequency shift was

found to increase with frequency.

In order to overcome the resolution restrictions of the STFT, the Choi-Williams
distribution was used for heart sound analysis in Chapter 7. The CWD is used to sup-
press the cross-terms, but it is computationally intensive. We used windowed CWD to
decrease the computational load. The computational load was further reduced by using
a minimum multiplication method, proposed in Appendix B. In this method, multipli-
cations were performed in a triangular fashion; that is, only non-zero elements were
multiplied. The symmetry conditions allowed the multiplications to be performed in a
quarter of the final matrix. The CWD analysis of the heart-beat signals yielded the
same general results obtained from the STFT analysis; that is, there was a frequency
shift in average pattern frequencies after angioplasty. However, the number of detected
time-frequency patterns was larger than the number of patterns detected using the
STFT analysis. This suggests that the better resolution of CWD resulted in detection
of peaks due to close frequencies, on the other hand cross-terms may have generated
some of the local maxima; cross-terms do not totally disappear by using CWD. Com-

parison of the TFM product graphs of before and after angioplasty revealed that some
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of the time-frequency patterns were not quite similar, which indicates that cross-terms

may have been generated.

In Chapter 8, the continuous wavelet transform was used to calculate the time-
scale matrix of the heart-beat signals. The continuous wavelet transform is best suited
for signal analysis. The Morlet wavelet was used as the basis function because its rela-
tive bandwidth can easily be set. The frequency domain multiplication was used for
calculations of the CWT matrices on the octave base, which was faster than the time
domain convolution. In order to be able to compare the results with the results of pre-
vious methods, we calculated a frequency matrix whose elements were centre frequen-
cies of the filters associated with each voice scale. It was used to map the time-scale
matrix to the time-frequency matrix. The CWT analysis confirmed the frequency shift
in the average frequencies of the patterns after angioplasty, and the shift increases with

frequency.
A comparison of figures 6.19, 7.10, and 8.12, reveals the following:

1) At low frequencies, below 50 Hz, the results obtained from the STFT analy-
sis show low concentration of local maxima, while the results obtained from the CWD
analysis show high concentration of local maxima, and the results from CWT analysis
show a medium concentration of local maxima. This indicates that the resolution
restriction of STFT limited its applicability, while the cross-terms in the CWD resulted
in an increase in the number of local maxima. Thus, the CWT seems to be a more suit-
able analysis method in this frequency range. Figures 6.19, 7.10, and 8.12 revealed

that the above argument is true for first, second, and third heart sound regions.

2) Closer examination of figures 6.19, 7.10, and 8.12 at frequencies below 50
Hz range, reveals that there is a small shift in the average frequencies in both STFT
and CWT analysis, while shift in average pattern frequencies in CWD analysis is not
consistent. That is, for some patterns there is not any shift at all, while some patterns
show frequency shift. This could be another reason for presence of some local maxima

that are generated due to cross-terms.
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3) In the mid-frequency range, 50-150 Hz, the number of patterns increases in
STFT, decreases for CWD, and stays about the same for CWT, compared to the low
frequency band.

4) In the high frequency range, 150-250 Hz, all three analysis techniques show

almost similar results.

Considering the above points, we may say that wavelet transforms are more
suitable for this analysis. The pattern frequency shift was found to be as follows. In the
low frequency range, below 50 Hz, the average frequency shift was less than 10 Hz.
For the medium frequency range, between 50 Hz and 100 Hz, the average frequency
shift was below 25 Hz and in the high frequency range, above 100 Hz and up to 150
Hz, the average frequency shift was above 10 Hz and below 30 Hz, and in the fre-
quency range above 150 Hz and below 250 Hz the average frequency shift was above

30 Hz.

9.2 Future Research
There are a couple of possibilities in pursuing this research. The ultimate goal

can be the design of an automatic coronary artery disease recognition system based on
heart sound signals and other parameters, such as age, blood pressure and smoking
habit of a person. A neural network or a statistical pattern recognition system can be
trained for detection of coronary artery disease based on heart sounds. This would
require a time-frequency analysis to be conducted for normal heart sounds as well.
Time-frequency patterns can be used as features for a pattern recognition system.
Based on the findings of our study, it is recommended to use wavelet transform tech-

niques to extract the time-frequency features.

Another pathway for this research to follow is to identify the locations of
stenoses in the coronary arteries. That is, to find which branch of the coronary artery is
blocked. This would require simultaneous multi-positional recordings of phonocardio-

grams.
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Appendix A

Derivations of
adaptive algorithm for
modified adaptive line enhancement filter

A.1 Introduction

In this appendix we will derive the expression needed to update the h-parameters

of the modified ALE filter shown in Figure 3.9.

A.2 Calculation of the impulse parameters of the filter

We wish to determine a weight vector h(k) that minimizes the performance index

k k
E(k) = Y ) = Y x() -y’ Eq A4

i=1 i=1

The output of the modified ALE filter shown in Figure 3.9 is expressed as
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N-1 N-1

yk) = ¥ x(k=A-ih;+B Y y(k-D-i)o'h, EQ3.1
i=0 i=0

The filter parameters are defined as

B(k) = [g by oo iy Bq A4

At time k, the filter tap values applied from the input signal are defined as

s(k) = [x(k-A) x(k—A-1) ... x(k—A—N+1)]T EqAS

The filter tap values applied from the output through the feedback loop are defined as

T
y(k) = B[ocoy(k—D) o'y(k-D-1) ... ocN_ly(k—D—N+1):| Eq A.6
Therefore, E(k) can be written as

k
E(k) = Y [x() -1 (0)s(i)-u (0w (i) BqA7

i=1

k k k
= ¥ A3+ hT(k)[ Y sz(i)}h(k) - hT(k)[ Yy y%i)}h(k)
i=1

i=1 =1

k k k
—20"(k) Y x(i)s(i) - 20" (k) ¥ x(i)y (i) + 2hT(k)[ Y s(i)y(i)}h(k)
=]

i=1 i=1

We define
k
R,(k) = Y 8  (K)s(k) EqAS8
i=1
k
R(K) = 3 ¥ (K)y(k) EqA9
i=1
k
R, (k) = 3 s (Oy(k) Eq A.10
i=1
k
R, (k) = Y sy (k) Eq A1l

i=1

where R (k) and Ry(k) are the auto-correlation matrices of s(k) and y(k); respectively,

and Rsy(k) is the cross-correlation matrix of s(k) and y(k). We also define
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k
P, (k) = Y x(i)s(i) EqA.12

i=1

k
P, (k) = Y x(i)y(k) EqA.13

i=1
where P, (k) and P sy(k) are the cross-correlation vectors for x(k) with s(k) and w(k),

respectively. Using Eq A.8 to Eq A.13 in Eq A.7 we get

k
E(k) = ¥ x*() +h' (OR,(K)h(k) +h' ()R, (k)h(k) - Eq A.14

i=1

20" (k)P,,(k) - 2k’ (K)P,, (k) +h' ()R, (k)h(k)+

' ()R, (k)h(k)

Eq A.14 can be minimized by setting its gradient equal to zero. This will result in the

least-squares normal equations which can be solved for the vector h(k).

VE(k) = a%mE(k) =0 EqA.15

Taking the derivative of Eq A.14 we get
[R,(k) + R (k) + R, (k) + R, (k) ]n(k) = P (k) +P (k) EqA.16

This equation is in the form of

R(k)h(k) = P(k) Eq A.17
where

R(k) = Rs(k)+Ry(k)+Rsy(k) EqA.18

P(k) = P (k) + P (k) EqA.19

Therefore, h(k) can be calculated as

h(k) = R (k)P(k) Eq A.20

A.3 Updating process

If a new data record is observed then it is not necessary to calculate the h-parame-

ters of the filter from scratch, instead we can use the previous values of the auto-correla-
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tion, and cross-correlation matrices to update the h-parameters of the filter. From Eq A.8
to Eq A.10, it is clear that
R(k) = R(k— 1)+ s(k)s” (k) +y(k)y’ (k) Eq A2l
+8" (K)y(k) + s(b)y’ (k)
and likewise from Eq A.12 and Eq A.13 we get
P(k) = P(k-1)+x(k)s(k) + x(k)y(k) Eq A.22

As Eq A.20 shows, calculation of h-parameters require manipulation of R_l(k).
Inversion of R(k) is a time consuming process which we want to avoid. In order to do so, it

is necessary to express R™!(k) in term of R (k-1) using the matrix inversion lemma.

A.3.1 Matrix inversion lemma
Let X be a matrix expressed as
T
x = B+ccl +pp’ +¢p’ +pe’ EqA.23

then the inverse of X is calculated as

S [13_1ccT13‘1 +B 'cD'B ' +B 'DD'B” Eq A.24
- T -1
+B7'DC BT 1/ [1+ g, + g, + g5 +84]
where g’s are scalar quantities and are defined as

T -1 T_ -1 T -1 T_-1
g =CB C,g,=CB D,g;=DB C,andg; =D B D. EqA25

A.3.2 Updating R
Eq A.24 enables us to update the inverse of R(k) from its previous value without
having to do the inverse calculation. Comparison of Eq A.21 and Eq A.23 reveals that if
C=s(k) and D=y(k), then Eq A.24 can be used to update the R'l(k) as
-1 -1 -1 T -1
R (k) =R (k-1)-[R (k-1)s(k)s (k)R (k-1) Eq A.26
+R (k- Ds(k)y (HR " (k-1)

+R (k- Dy()y (R (k- 1)
+R (k- Dy(k)s” ()R (k= 1)1/[1 + g, +8,+ g5 + g4]
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Note that g’s are calculated from s(k), y(k), and R'I(k-l) by using Eq A.25. We rearrange
Eq A.26 and express it as -
_1 il /i -1 T =
R (k) =R (k-1)-G(k)[s (k)R (k-1)+y (k)R (k-1)] EqA27

where G(k) is a gain vector defined as

[R™ (k- D)s(k) + R (k= Dy (k)]
1+g1+g2+g3+g4

(k) = Eq A.28

A.3.3 Updating h

Once R™1(K) is updated we can derive an expression for updating the s-parameters

of the filter. Using Eq A.27 and Eq A.22 in Eq A.20 we get

h(k) = R (k-1)P(k—=1)+R (k- 1)x(k)s(k) Eq A.29
+R (k= Dx(k)y k) —a(k)s ()R (k- 1)P(k-1)

—e(k)sT (R (k= Dx(k)s(k) - clk)s” ()R (k- Dx(k)y (k)
—e(k)y (MR (k- DP(k-1)-G(k)y (R (k- Dx(k)s(k)
—e(k)y (R (k= Dx(k)y (k)

In order to simplify Eq A.29, it is necessary to rearrange Eq A.28 and then replace
itin Eq A.29. From Eq A.28 we get

R (k—1)s(k) +R (k= Dy(k) = gG(k) Eq A.30
where

g=1l+g,+g,+83+8, Eq A.31
From Eq A.20

h(k—1) = R (k—1)P(k—1) Eq A.32

Now we replace Eq A.30, Eq A.31, and Eq A.32 into Eq A.29, giving

h(k) = h(k-1)- G(k)[yT(k) + sT(k)]h(k - 1)+ gG(k)x(k) EqA33
Eq A.33 is used for updating the s-parameters of the modified ALE filter.
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Appendix B

Calculation of
Choi-Williams Distribution with minimum
possible multiplications

B.1 Introduction

The Choi-Williams distribution is computationally intensive when the length of the
signal is large. It is necessary to use window functions to reduce the number of multiplica-

tions needed. Utilising a rectangular window of length M, we can write Eq 7.36 as

CW(n8) =23 ¢ T Wew nsnu EqB.1
T=— B = —oco
where
2
DU, T) = . cxp[ L; J EqB.2
Jant /o 4t°/0
and
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S(n, 1, T) = s(n+p+1)s*(n+U-1) EqB.3

where ® (U, T) is a Gausian kernel function. For fixed values of &, the values of the ker-

nel function, Eq B.2, can be calculated and stored in a matrix.

B.2 Calculations

Let s(n) be a finite complex sequence of N samples, then the range of 7T is

N-1)
2 2

EqB.4

Note that outside this range all the values of S(n, I, T) are equal to zero. There-
fore, the limits of the first summation in Eq B.1 are defined by Eq B.3. The calculation of

@(u, t) for the whole range of T with a rectangular window W, (1) results in a matrix

of order N+ 1 X M + 1, with rows corresponding to values of T and columns correspond-

ing to values of |. For example, for N = 9 and M = 4, the windowed ®(|1, T) matrix

is shown in Table B.1.

Table B.1 Eq B.2 is calculated for N=9 and M=4.

-2 WO.066 0.084 0.109 0.103 0 0.103 0.109 0.084 0.066
-1 0.069 0.091 0.132 0.219 0 0.219 0.132 0.091 0.069
0 0.070 0.094 0.141 0.282 1 0.282 0.141 0.094 0.070
1 0.069 0.091 0.132 0.219 0 0.219 0.132 0.091 0.069
2 10.066 0.084 0.109 0.103 0 0.103 0.109 0.084 0.066

The matrix of Table B.1 is symmetric about its centre in both horizontal and verti-

cal axes. Therefore, only a quarter of the matrix is needs to be calculated; rest of it can be
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generated from the symmetry property. We take advantage of this property in calculating

the kernel function, which is calculated once and then used in a look-up table.

Calculation of Eq B.3 for values of T and 1 —n, results in Table B.2; that is, the
entries of Table B.2 are the values of S in Eq B.3 at a particular time instant i (n = i). The
horizontal axis corresponds to values of T and the vertical axis corresponds to values of 1

calculated at time i, with the origin located in the centre of the table.

The hermetian symmetry exists in Table B.2 about the T = 0 for all values of

I — n; also there are many elements in the table that are zero. Therefore, we only need to
calculate half of the elements and ignore those elements that are zero. This greatly reduces
the time needed for multiplication. In writing our program to calculate CWD, we have

taken advantage of these properties.

Another point that has been taken into consideration is the way in which this matrix
is updated with respect to time. That is, once this matrix is calculated at a time instant i,

there is no need to calculate a new matrix from scratch at time instant i+1; only part of this

matrix need be computed at each time instant. In other words, for each value of L —n with

Table B.2 Eq B.3 calculated for time i

\ AN-1) (N-1)
H-n 2 2 -1 0 1 2 2
- 0 0 0 5050 0 0 0
1-i 0 0 5072 515%) 5% 0 0
2-i 0 xos*4 5 s*g szs*z 535*1 s4s*0 Y
2 0 5; 4s*l si_3s*,-_] sl_zs*,_4 si—ls*i—3 x's*l_4 0

! . Si-3ie Si-2%"i Si-1%%i-3 5o Sie 153 0
0 sos*N si—2s*i+2 sl._ls*,-+1 s’.s*,- si+1s*,-_1 si+25*i—2 st*O
: 4 Sii1%i+3 5543 Sie1%ia Sie3™i | Siessica :
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\ SN =1 -1
H-n 5) 2 -1 0 1 2 2
2 g 5% 14 Siatiea | Sivoivz | Sivaien Sipgsi | £
it g SNSN+a | SNe1 N3] Sva 2SN 2| SNVl SnaaSTN | 9
i-1 g s SN N2 | Sha N SaaStN ° 0
i 0 0 0 sNx*N 0 0 0

a window size equal to M, we only need to have the rows of the matrix from p~n-M/2

to L—n+ M /2. Consequently, at each instant only M + 1 rows are needed. Thus, in the
next instant we only have to remove the first row and add another row to the bottom. This

way it is only necessary to perform multiplications for one row of the matrix of Table B.2

at every instant after the first step of the calculations.

In order to calculate the CWD according to Eq B.1, a matrix must be calculated for

®(p, t) with the value of 1 as its centre element. The centre element must be aligned

with the centre element of the Table B.2, sis*i, and then multiplied and summed along

the columns [12]. This gives the auto-correlation of the signal at time i. Then the FFT of

the result must be taken. A program was written which implements the above observations

to achieve the least possible calculation time.
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