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Abstract

Application of laser Doppler vibrocardiography for human
heart auscultation

S. Koegelenberg

Department of Mechanical and Mechatronic Engineering,
Unaversity of Stellenbosch,
Private Bag X1, Matieland 7602, South Africa.

Thesis: MScEng (Mech)
April 2014

This thesis investigates the feasibility of the laser Doppler vibrometer (LDV) for
use in the autonomous auscultation of the human heart. As a non-contact mea-
surement device, the LDV could become a very versatile biomedical sensor. LDV,
stethoscope, piezoelectric accelerometer (PA) and electrocardiogram (ECG) sig-
nals were simultaneously recorded from 20 volunteers at Tygerberg Hospital. Of
the 20 volunteers, 17 were confirmed to have cardiovascular disease. 3 patients with
normal heart sounds were recorded for control data.

The recorded data was successfully denoised using soft threshold wavelet de-
noising and ensemble empirical mode decomposition. The LDV was compared to
the PA in common biomedical applications and found to be equally accurate. The
heart sound cycles for each participant were segmented using a combination of ECG
data and a simplicity curve. Frequency domain features were extracted from each
heart cycle and input into a k-nearest neighbours classifier. It was concluded that
the LDV can form part of an autonomous, non-contact auscultation system.
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Uittreksel

Toepassing van laser Doppler vibrasiemeter vir menslike
hart beluistering

(“Toepassing van laser Doppler vibrasiemeter vir menslike hart beluistering’)

S. Koegelenberg

Departement Meganiese en Megatroniese Ingenieurswese,
Unaversiteit van Stellenbosch,
Privaatsak X1, Matieland 7602, Suid Afrika.

Tesis: MScIng (Meg)
April 2014

Hierdie tesis ondersoek die haalbaarheid daarvan om die laser Doppler vibrasie-
meter (LDV) vir die outonome beluistering van die menslike hart te gebruik. As
'n kontaklose meettoestel kan die LDV werklik 'n veelsydige biomediese sensor
word. Twintig vrywilligers by die Tygerberg Hospitaal se LDV-, stetoskoop-, piéso-
elektriese versnellingsmeter (PV)- en elektrokardiogram (EKG) seine is gelyktydig
opgeneem. Uit die 20 vrywilligers was daar 17 bevestigde gevalle van kardiovasku-
lére siektes. Die data van drie pasiénte met normale hartklanke is as kontroledata
opgeneem.

Geraas is suksesvol uit die opgeneemde data verwyder deur 'n kombinasie van
sagtedrempelgolf en saamgestelde empiriese modus ontladingstegnieke. Die LDV
was vergelyk met die PV vir algemene biomediese gebruike en daar was gevind
dat dit vergelykbare akkuraatheid het. Die hartklanksiklusse van elke deelnemer
is gesegmenteer deur EKG data en 'n eenvoudskromme te kombineer. Frekwensie-
gebiedskenmerke is uit elke hartsiklus onttrek en in 'n k-naastebuurpunt klassifi-
seerder ingevoer. Daar is tot die gevolgtrekking gekom dat die LDV deel van 'n
outonome, kontaklose beluisteringstelsel kan uitmaak.
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Chapter 1

Introduction

1.1 Introduction

Cardiovascular disease (CVD) is a worldwide health issue and has become a growing
concern for developing countries such as South Africa. These poor and underde-
veloped countries are being forced to allocate sparse health care resources into the
treatment and prevention of CVD. The Heart and Stroke Foundation predicts a
41% increase in the premature deaths of people aged 35-64 in the years 2000—2030.
Since this age group makes up the largest fraction of the country’s workforce, CVD
could cause significant economic hardship in South Africa (Steyn, 2007). Maredza
et al. (2011) has remarked that South Africa is increasingly influenced by interna-
tional trends and lifestyles. These influences prompt South Africans to adopting
lifestyles with increased CVD risk factors, such as tobacco smoking and unhealthy
diets.

The Heart and Stroke Foundation’s 2007 report stated that, on average, 195
people died every day due to CVD in South Africa (Steyn, 2007). The World Health
Organization reported in 2010 that South Africa showed an estimated mortality
rate due to CVD of 11% in 2008 (WHO, 2010). By contrast, the mortality rate
due to CVD of the United States of America was 35%. Maredza et al. (2011)
indicates that South Africa’s health care focuses on "acute care" which necessitates
that the management of HIV/AIDS currently uses most of the country’s health
care resources. Due to its rapid growth and the lack of availability of health care
resources, the care and treatment of CVD must be efficiently managed.

The management of CVD includes the development of methods which make its
early detection possible. Those living in rural areas often do not have access to suffi-
cient medical care or qualified doctors who can provide such a service. Telemedicine
and automated diagnosis tools are therefore an important step towards providing
basic medical care to South Africans, especially those living outside of urban areas.
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1.2 Background

Various researchers have tested a wide range of sensors such as accelerometers
(Salerno et al., 1991), rigid reference frame surface velocity analyzers (Smith et al.,
1983) and laser-based vibration sensors (Umberto et al., 2007) for their applicability
to auscultation, and reported varying degrees of success. Recently, interest has been
shown in the laser Doppler vibrometer (LDV) as a non-contact auscultation tool
(Scalise, 2012). In this work its applicability as part of an automated diagnostic
system for heart sounds and murmurs will be explored. In this section some brief
background on two popular auscultation tools, the stethoscope and a piezoelectric
accelerometer, as well as the LDV is provided.

1.2.1 Stethoscope

Immediate auscultation is the act of placing an ear against a patient’s chest to listen
to their heart sounds. This technique has been used to diagnose illness since the
time of the Hippocratics (460 to 370 BC). The need for a method which required
less physical contact with the patient led to the development of the stethoscope
which later became the primary tool for auscultation (Bedford, 1972). Advances in
electronics and sensors have led to the further development of the stethoscope as
well as more sophisticated auscultation devices.

The traditional stethoscope is a robust and readily available tool. Despite its
simplicity, in the hands of an experienced physician it is a useful component of
a diagnostic system (Noimanee et al., 2007). The first stethoscope was invented
by French physician René Théophile Hyacinthe Laénnec, in 1816 (Reiser, 1979).
Laénnec experimented with various wooden sticks and cylinders and found that a
rod of solid wood placed between his ear and the patient’s chest, best improved
the transmission of the sound. When the rod was pierced by a narrow bore, this
transmission became even more efficient.

Initially, physicians were slow to adopt the stethoscope. They often did not
have the necessary knowledge and training to use the stethoscope as a diagnostic
tool, but word of this "new technology" had spread to their patients and meant
that their competence would be questioned if they did not possess one. Their
lack of skills hindered the stethoscope’s progress and therefore the development of
auscultation in general (Reiser, 1979). As physicians’ diagnostic skills improved,
the design of the stethoscope grew more sophisticated, spawning various designs
(Dalmay et al., 1995).

A traditional stethoscope has a two-sided head — one with a flat membrane, or
diaphragm, to pick up high frequency sounds and the other with a "bell" to pick up
low frequency sounds. The bell’s frequency range is approximately 20 to 200 Hz,
making it useful for listening to heart sounds (3M, 2012). Stethoscope design
has made advances since the early days of Laénnec. Today, highly complex dig-
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ital stethoscopes are available which incorporate advanced ambient noise rejec-
tion within the stethoscope itself (ThinkLabs, 1995). Wireless stethoscopes have
also been developed for many years, allowing remote access to patients and use in
telemedicine (Hok et al., 1988). The basic operation of the stethoscope is shown in
Figure 1.1.

Voltage output

Microphone

77N

Pressure waves

Voltage

time

Chest wall

Figure 1.1: The stethoscope housing directs the pressure waves which are caused by the
vibration of the skin towards a microphone. The microphone produces a voltage output
directly proportional to the input waves which can be recorded for playback or analysis.

1.2.2 Piezoelectric accelerometer

Piezoelectric accelerometers (PA) are constructed from two major components — a
seismic mass and piezoelectric material, such as a quartz crystal lattice structure
(see Figure 1.2). When the seismic mass undergoes acceleration it applies a load
on the crystal. As the crystal deforms it produces a voltage output proportional to
the applied force, which is in turn proportional to the acceleration of the seismic
mass (PCB Piezotronics, 2012). This is phenomenon was discovered by the Curie
brothers in 1880 and is known as the piezoelectric effect (Katzir, 2003).

The piezoelectric effect has been used in sensors for nearly a century. It was
first used to measure pressure in 1919 and vibration in 1921 (Gautschi, 2002). Due
to the insensitivity and size of early accelerometers, they were considered to be of
limited use in the medical field at the time (Umberto et al., 2007).

Recently accelerometers have become both sensitive and small enough to be of
practical use in medical applications (Umberto et al., 2007). One such use includes
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the detection of the heart’s underlying motion by monitoring the vibrations of the
chest wall. In the 1990’s seismocardiography, a technique to monitor and diagnose
heart sounds with a seismic instrument, often an accelerometer (Wilson et al.,
1993), was introduced. Today, seismocardiography is reported to be of comparable
accuracy to the ECG’s when measuring heart rate (HR) assessment (Wilson et al.,
1993).

Applied acceleration

Housing

+

O
Voltage signal output

O

Piezoelectric crystal

Figure 1.2: The piezoelectric accelerometer contains a mass inside a housing. When
undergoing a given acceleration, this mass applies a proportional force to the acceleration
to the piezoelectric material on which it is mounted. The piezoelectric material then
outputs a measurable voltage proportional to the force it is experiencing.

1.2.3 Laser Doppler vibrometer

The LDV has been the object of numerous biomedical studies, discussed in Sec-
tion 2.5.3. As it does not require contact with the patient, it is suitable for moni-
toring vital signs in situations where a contact sensor can not be used. The LDV
has also been proven to be largely insensitive to environmental noise (Avargel and
Cohen, 2011).

The operation of the LDV is explained in Figure 1.3. A laser beam is sent from
the diode through a Bragg cell acousto-optic modulator (AOM). The beam is split
in two: one part is diffracted, frequency shifted and directed towards the object of
interest while the other part of the beam is stopped by the beam stop. The beam
which was directed at the object is reflected back and part of the scattered light is
sent back towards the AOM. Here the light is diffracted and frequency shifted again
and sent to the laser diode where it is mixed with the reference beam — a part of
the laser diode beam which is used to monitor the laser power. The returned beam



Stellenbosch University http://scholar.sun.ac.za

CHAPTER 1. INTRODUCTION 5

has three added frequency components — two from when passing though the Bragg
cell twice and as well as the Doppler frequency shift returned from the object being
measured. This frequency shifted beam is detected by a built-in photo-diode which
produces the corresponding voltage output. Electronics in the electric controller
box process this output in real time to calculate the frequency and amplitude of
the object’s vibration.

ns
AOM  Dpiffracted’ o
_.E& ‘é’;‘ / mﬁmxm\\-_
. i —a
Undiffracted™"
Beam

2z

N

Object

Beam
Stop

Figure 1.3: The laser Doppler vibrometer directs a laser beam at an object. The reflected
light is compared to a reference beam where the frequency shift in the returned beam is
used to calculate the velocity of the measured object. (MetroLaser Inc., 2010)

1.3 Motivation

The LDV is a promising alternative to traditional methods of auscultation such as
a stethoscope or accelerometer. The LDV has several advantages over the common
contact sensors. It is ideal for monitoring the vital signs of patients for whom
contact is painful or could cause infections, such as burn victims. It is also well
suited for monitoring the vital signs of infants where limited space is available
for traditional sensors. Furthermore, the LDV can be used in bio-hazardous envi-
ronments: contact sensors in such an environment would need to be discarded or
sterilized while the LDV could be kept outside of the environment itself, avoiding
this necessity (Umberto et al., 2007).

As the phonocardiogram is widely studied as an auscultation instrument, the
performance of the LDV should be tested against it. Although not the main fo-
cus of this work, it is also informative to benchmark the LDV against alternative
auscultation techniques. The accelerometer and its use in seismocardiography are
therefore also investigated.
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1.4 Objectives

The project goal is to use and characterize the LDV as an auscultation device by
comparing it to the well documented phonocardiogram as well as a piezoelectric
accelerometer. To that end certain objectives were identified:

1. Record simultaneous data from the LDV, accelerometer and stethoscope and
synchronize it with ECG data

2. Find features which can be used to classify various heart murmurs

3. Implement a proof of concept classifier for automated diagnosis of heart mur-
murs using the LDV and PA data

4. Characterize the LDV output for various heart murmurs and compare its
output to the well-known phonocardiogram and PA recordings

1.5 Thesis outline

Chapter 1 provided an overview of the history of the LDV, stethoscope and ac-
celerometer as biomedical sensors. Chapter 2 discusses relevant literature regard-
ing the heart and auscultation, the electrocardiogram and previous research on the
topics of signal processing techniques, methods of classification, and the LDV as a
biomedical sensor. The current project is also compared with previous research.

Chapter 3 describes the hardware used in the study and provides an overview
of how the data was recorded in the clinical environment. Chapter 4 describes
how the data was denoised as well as how the heart cycles were segmented for
further analysis. The different heart murmurs as recorded on the LDV are shown
and the accelerometer and LDV’s data are directly compared. Features sets and
classification are discussed. Chapters 5 shows the results of the classification and
Chapter 6 discusses the conclusions and recommendations of the study.

1.6 Chapter summary

An overview of the background and operating principles of the stethoscope, ac-
celerometer and laser Doppler vibrometer have been given in this chapter. The
motivation behind the current work is to characterize the LDV as a non-contact
auscultation tool for use of an autonomous classifier of heart sounds. The objectives
and a general outline of the work presented was discussed.
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Chapter 2

Literature review

2.1 Introduction

In this chapter, an overview of the cardiovascular system is presented and the
common heart sounds and heart murmurs are discussed. The electrocardiogram is
briefly described and literature discussing denoising, segmentation, signal process-
ing and classification methods are examined. The current work is compared with
previous projects, and the LDV and its role as a biomedical sensor is also discussed.

2.2 The cardiovascular system

The heart is the pump which drives the circulatory system of the body. The
circulation of the blood through the heart is summarized from Rangayyan (2001).
The cells within the body all require oxygen to function and survive. They draw
oxygen from the blood distributed to them by the body’s veins and arteries. This
leaves the blood de-oxygenated, which requires that the blood be pumped towards
the lungs to become oxygenated again. The heart forces the blood through the
veins and arteries, driving continuous movement of oxygenated and de-oxygenated
blood. Figure 2.1 shows a basic diagram of the circulatory system, indicating how
de-oxygenated blood flows through the heart to the lungs where it is oxygenated,
and then back through the heart to be distributed to the rest of the body. The
blue sections of the diagram represents the flow of de-oxygenated blood and the
red sections represent the flow of oxygenated blood.

The heart has two halves, separated by the septum. Each of these halves can
further be divided into two chambers: the top chamber, or atrium and the lower
chamber, or ventricle. The atria collect the blood coming into the heart. The right
atrium receives de-oxygenated blood from the circulatory system and the left atrium
receives oxygenated blood from the lungs. The heart chambers can be filled with
blood when they are relaxed (polarized) and eject the blood when they contract
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jugular vein carofid artar_y
(also subclavian (also subclavian
vein from arms) artery to arms)

aorta

arteries

renal artery

iliac artery

revisionworld £

trunk and legs

Figure 2.1: The circulation of blood through the cardiovascular system where red indi-
cates oxygen-rich (oxygenated) blood circulating towards the body cells and blue repre-

sents oxygen-poor (de-oxygenated) blood returning from the body cells (Revision World,
2012).



Stellenbosch University http://scholar.sun.ac.za

CHAPTER 2. LITERATURE REVIEW 9

(depolarize). Blood is forced to the lungs and rest of the body by contractions of
the right and left ventricles respectively. When a chamber is in rest it is in the
diastolic phase, while a contracting chamber is in the systolic phase. Blood flow
within the heart is kept one-directional by four one-way mechanical valves. They
are the tricuspid, pulmonary, mitral and aortic valves (Figure 2.2).

The contractions of the various heart chambers are governed by electrical pulses.
Figure 2.2 shows the main components of the nerve system - the sinoatrial (SA)
node, found at the top of the right atrium, the atrioventricular node (AV) node,
found at the center of the heart between the atria and ventricles, and attached to
the AV node are the His bundle and Purkinje fibers. An action potential originates
in the SA node and is conducted through the atria towards the AV node, causing
the atria to contract. The AV node is specialized to be the only conductive point
between the atria and ventricles, and conducts electrical impulses slowly. The
AV node therefore creates a time delay between the contractions of the atria and
ventricles. When the action potential has passed through the AV node it is relayed
towards the bundle of His, where it is further conducted along the bundles’ branches
and the Purkinje fibers. The Purkinje fibers stimulate the various cells surrounding
them to contract (Johnson, 2003).

Superior P
Vena Cava ﬁ'

Aortic Valve

Left
\ Ventricle

"\
.
Right
Ventricle

His Bundle

- Right & Left
Bundle
Branches

Purkinje
Fibers

Vena Cava

Figure 2.2: The physical anatomy of the heart showing the positions of the heart cham-
bers, -valves and the structures responsible for the propagation of electricity within the
heart muscle (NursingMedic, 2010).
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Figure 2.3: Characteristic shapes of heart murmurs as seen on a phonocardiogram (Lam-
mers, 2013).

2.3 Heart sounds and auscultation

Initially the heart sounds were ascribed to the movement of the four heart valves.
Further study revealed that the sounds are actually caused by pressure gradients
triggering vibrations of the entire cardiovascular system (Rangayyan, 2001). A
normal heart typically has two heart sounds, denoted as S1-S2 (Figure 2.3). In
rare cases a third and fourth heart sound can also be heard. S1 and S2 are often
described as a "lub-dub" sound combination, due to their characteristic sounds
when auscultating a normal heart using a stethoscope. When audible, S3 is just
after S2 and S4 is at the start of S1. S3 and S4 are very often obscured by the
much louder S1 and S2. 53 is normal in people under 40 years of age but could be
a sign of severe mitral regurgitation when it is detected in older people (Shah et al.,
2008). S4 is heard during late diastole and is the result of the atria contracting and
pushing blood forward into the relaxed ventricles.

Murmurs are high-frequency noises occurring between S1 and S2, and between
52 of a given cycle and S1 of the following cycle. They occur when the blood’s
velocity increases from passing through a narrowed section in its path and the
blood flow transitions to turbulence. Heart murmurs can be classified into two
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groups: innocent and abnormal. Innocent murmurs are usually heard in infants
and newborns and are not indicative of an abnormal heart. Abnormal murmurs
are usually heard in older children and adults, and indicate the presence of faulty
heart valves.

One common cause of heart murmurs is valvular stenosis (VS) — the stiffening
of the heart valves. VS is often caused by a build-up of calcium deposits. These
stiffened heart valves cannot fully open so that they create an obstruction in the
path for the passing blood. In contrast, valvular insufficiency is observed when
the valves cannot close properly and regurgitation or reverse leakage is facilitated
(Rangayyan, 2001). Figure 2.3 shows several heart murmurs as seen on a phono-
cardiogram. These murmurs are well documented and have characteristic shapes
and durations which are often used for classification.

2.4 The electrocardiogram

The electrocardiogram (ECG) is an electronic visualization of the electrical activity
in the heart. The ECG is considered the golden standard for calculating heart rate
and heart rate variability and as such is widely used in many medical applications
(Burke and Nasor, 2002). The wave shapes seen on an ECG are a representation of
the net electrical pulses as seen by the each of the ECG leads. The ECG waveform
usually has clearly visible peaks which make calculating the heart beats per minute
straightforward (Rangayyan, 2001). Figure 2.4 shows a characteristic ECG shape
with the labels of the important peaks and waves. Additionally this figure shows
the state of the heart valves during the cycle as well as the corresponding timing
of S1 and S2. S1 can be observed just after the R peak and S2 can be seen just
before the end of the T-wave.

Figure 2.5 shows how the physical and electrical activity of the heart relate to
one another (Visagie, 2007).

1. De-oxygenated blood from the body enters the right atrium from the superior
and inferior vena cavae as atrial depolarization is started (Figure 2.5.1).

2. Once the atrium is completely depolarized, the atrium is full and contracts
(Figure 2.5.2).

3. Ventricular depolarization then starts and the blood is pushed into the right
ventricle. The atria start repolarizing at this point (Figure 2.5.3).

4. The tricuspid valve then briefly opens to allow the blood through. Once
closed the valve prohibits the blood from flowing back into the atrium. During
ventricular depolarization the ventricles contract (Figure 2.5.4), pushing the
blood out to the pulmonary arteries
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Figure 2.4: The polarization and depolarization electrical activity propagating in the
heart tissue as recorded on an electrocardiogram trace (Cummings, 2004).

5. The pulmonary valve allows the blood to flow out to the arteries but stops any
flow in the opposite direction. The ventricles now repolarize (Figure 2.5.5-6).

The de-oxygenated blood then flows through the pulmonary arteries to the lungs
to be re-oxygenated. Oxygenated blood leaves the lungs and is pumped towards
the left atrium via the pulmonary veins. When the atrium has filled with blood,
it contracts and pumps the blood into the left ventricle. The mitral valve briefly
opens and closes to facilitate this transfer. Once closed, the mitral valve prevents
blood from flowing back into the left atrium. When the left ventricle is filled with
blood it contracts, pumping the blood out into the aorta to be circulated to the
rest of the body. The aortic valve allows blood to flow from the left ventricle to
the aorta but stops any flow in the opposite direction (Rangayyan, 2001).
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Figure 2.5: An electrocardiogram trace with the synchronized timing of the heart sounds
as well as the periods for which the heart valves are open and closed (Telleen, 2013).

2.5 Previous research

The Biomedical Research Group of Stellenbosch University has conducted much re-
search into analyzing heart sounds and murmurs for automatic diagnostic systems.
Visagie (2007) and Botha (2010) created prototypes which could automatically
gather the sounds generated by the heart and lungs. Visagie (2007) designed a
jacket with built-in microphones and an ECG which recorded the participant’s
heart sounds and subsequently classified the signals using neural networks. Botha
(2010) continued with this project, using his own version of the wearable device
with built-in stethoscopes to record heart sounds. Both of these projects produced
systems which could discriminate between normal and abnormal heart sounds with
relative accuracy. The current work will differ from Botha (2010) and Visagie
(2007)’s work as it focuses on the LDV and its ability to be used as part of an au-
tonomous diagnostic system. Commonly used signal processing and classification
techniques will be discussed in the following sections. A brief overview of the LDV
as a biomedical sensor will also be presented.
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2.5.1 Signal processing techniques

Both the time and frequency domain of a biological signal can provide useful infor-
mation for analysis. Time domain analysis of the phonocardiogram has included
the use of synchronized envelope averaging (Karpman et al., 1975; Beyar et al.,
1984) to improve the signal to noise ratio of the recorded heart sounds. The four
heart sounds have been detected by using both an envelope generated from the
Hilbert-Huang transformation of the signal (Xu et al., 2010) and the normalized
average Shannon energy (Liang et al., 1997).

Frequency domain information extracted from time domain signals such as
phonocardiograms are often used for a variety of applications. Older techniques
are often re-visited and improved on (such as zero crossing analysis (Grillo et al.,
2012) and bandpass filter banks (Ricke et al., 2005)). The fast Fourier transform
(FFT) has been extensively used to investigate the frequency spectrum of the heart
sounds (Yoganathan et al., 1976b,a), and the short time Fourier transform (STFT)
has been used to classify normal and abnormal heart sounds when combined with
artificial neural networks (Mokhlessi et al., 2011).

Signal analysis can be used to gather parameters from the recorded data and
create a model of the underlying system, or the signal can be decomposed, revealing
the components from which the signal is composed of. The empirical mode decom-
position (EMD), breaks down the observed signal to its frequency modes, called
intrinsic mode functions (IMFs) (Wu and Huang, 2009). The ensemble empirical
mode decomposition (EEMD) proposed by Wu and Huang (2009) improves on the
EMD method by making it more robust to noisy signals, a process explained in
Section 4.2.3. EEMD analysis has been proven to be useful across a wide range of
applications, such as noise reduction in seismic signals (Chen et al., 2012) and the
removal of artifacts introduced in signals recorded in unstable environments such
as ambulances (Sweeney et al., 2012).

Nigam and Priemer (2005) proposed a segmentation method which calculates
coefficients corresponding to the signal’s complexity. They found that S1 and S2
are less complex compared to murmurs and found it possible to segment the signal
accordingly. They report that the simplicity based method gives better results than
those achieved by frequency and amplitude methods.

Heart sounds are considered to be non-stationary signals from a statistical per-
spective and are therefore best analyzed by a combination of time and frequency do-
main techniques (Daliman and Sha’ameri, 2003). They investigated the S-transform
as a method to distinguish between the opening snap of the mitral valve, which
is observed very close to S2, and S3 which also occurs shortly after S2. (Livanos
et al., 2000) reported that the S-transform gave better results than the continu-
ous wavelet transform and the STFT. Wavelet analysis has rapidly replaced the
traditional Fourier analysis techniques for heart sounds.
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2.5.2 Classification

To classify objects into different groups, called classes, various distinguishing fea-
tures of each class must be identified. Automated classification is the process in
which content is divided into classes using numerical techniques. This process re-
quires that the raw data be represented by a set of compact and relevant features.
Amit (2009) listed potential domain-specific features such as the dominant fre-
quency of a signal’s spectrum, the bandwidth of the dominant frequencies, mean
and total spectral energy, and the intensity ratio of S1 and S2. Amit also notes the
use of model-based analysis, where the parameters of the model are a natural fea-
ture set, such as the coefficients of a 12-order all pole model. Bentley et al. (1998)
created a search scheme which found the optimal feature set for the recorded data.

Popular classification schemes include artificial neural networks (ANN), sup-
port vector machines (SVM) (Kumar et al., 2010) and k-nearest neighbor classi-
fiers (KNN) (Kofman et al., 2012). ANNs have been explored extensively for the
automatic diagnosis of heart sounds. ANN classifiers are capable of classifying
complex non-linear data sets (Wisconsin-Madison, 2007). Visagie (2007) trained a
feed-forward network and reported a sensitivity of 85.7% and specificity of 94.1%
to differentiate between normal and abnormal patients. Botha (2010) used an em-
semble of neural networks to classify heart sounds. This approach combines the
individual outputs of each of the individual networks to ultimately assign a clas-
sification to a data point.Botha (2010) reported a sensitivity rating of 82% and a
specificity rating of 88%. While ANN is well suited for classifying large sets of data,
there are some limitations for its use. Backpropagation networks, for example, are
considered to be ’black boxes’ with very little input from the user as the network
learns on its own. ANN can be computationally expensive with larger sets of data.
With a small set of data, ANN can overfit the data, which would mean the clas-
sification results would be biased and therefore meaningless (Wisconsin-Madison,
2007).

SVM classifiers mathematically transform data to a multi-dimentional space
and use a hyperplane to separate the data. By definition SVMs are limited to
only separating two classes of data at a time. The computation time for a SVM
is quadratic, meaning that a data set twice as large will take four times as long to
train, which could become a restriction with large data sets. The optimal choice
of a kernel for the SVM is still an open research question, and can be suceptible to
overfitting data (Noble, 2006).

In contrast to ANN, KNN classifiers are uncomplicated systems which are com-
putationally inexpensive in low dimensions. In higher dimension systems, a number
of methods have been proposed which could be implemented to speed up the near-
est neighbour retrieval (Cunningham and Delany, 2007). KNN classifiers require
no complicated parameter choices apart from choosing the value of K, the number
of neighbours to consider. KNN classifiers are very robust as they are completely
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data driven. They are also well suited for multi-class classification. Singh et al.
(2002) used a K = 2 KNN classifier to identify different prostate examples, and
reported a 90% accuracy using leave-one-out cross validation.

2.5.3 The laser Doppler vibrometer as a biomedical sensor

Several authors have used the LDV to measure vibration within the human body.
Wang et al. (2007) performed an experimental study using a pulsed laser vibrom-
eter to monitor vital signs using any surface on the body. They found that they
could monitor vital signs successfully even while the subject was wearing clothing,
thereby eliminating the need for exposed skin. Scire (2010) proposed a compact
and lightweight LDV stethoscope which would be used in noisy spacecraft environ-
ments. The stethoscope would use the LDV principle to detect the movement of
a membrane stretched across the bell-end of the housing and a microphone would
record the ambient noise. The prototype was tested on volunteers and showed good
performance at noise levels where both the conventional and electronic stethoscopes
were no longer effective. Scalise et al. (2004) is currently researching the LDV as
a tool for evaluating the design and quality control of mechanical heart valves.
Because it does not require contact, the LDV could test the heart valves in vitro
by using an ad-hock experimental setup which mimics the circulatory system. Re-
searchers affiliated with the Polytechnic University of Marche (PUM) have been
studying the LDV as a biomedical sensor. One branch of their research is the use
of the LDV as an auscultation device. PUM have tested the LDV as a suitable
alternative to an ECG (Umberto et al., 2007) and also compared the LDV to the
phonocardiogram (De Melis et al., 2007). They found that they could calculate
heart rate variability (HRV) indicators with the LDV data. The indicators proved
to be very accurate when compared to those calculated with the data from the
ECG, the golden standard for HRV calculations. They could also identify deflec-
tions in the recorded LDV signal which corresponded to the heart sounds as well
as the closure of the heart valves.

The LDV also sees use in other biomedical areas. Avargel and Cohen (2011) used
a LDV to measure low frequency speech. By combining a LDV with a microphone,
an improvement in the signal to noise ratio was reported. Rosowski et al. (2008)
used a laser vibrometer to investigate the relationship between hearing loss and the
measured velocity of the tympanic membrane in the middle ear. Results indicated
that it is possible to identify the presence of abnormalities. A laser vibrometer has
also been used to measure skin tissue’s viscoelastic material properties. Force was
applied to the skin with a mechanical shaker and then the skin’s surface vibrations
were measured with the laser vibrometer and analyzed using a surface wave method
(Zhang et al., 2008).
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2.5.4 Comparing the present study with previous research

Botha (2010) and Visagie (2007) classified heart sounds as either normal or abnor-
mal. They used data from a stethoscope array built into auscultation devices which
could be worn by participants. The current project will characterize the perfor-
mance of the LDV as an auscultation device, and attempt to classify the recorded
signals into their various underlying pathology classes.

Researchers at PUM tested the LDV as a replacement for the ECG (Umberto
et al., 2007) and have compared it to the phonocardiogram (De Melis et al., 2007).
The current study will be testing the LDV as an aid to the ECG and as a re-
placement of the stethoscope and resulting phonocardiogram. Scalise et al. (2008)
showed that the LDV can successfully be used to monitor vital signs (such as HR,
HRV, pulse transit time and respiration rate). No examples of LDV classification
could be found in the literature.

2.6 Chapter summary

The cardiology system and the resulting heart sounds and their auscultation was
briefly described. The characteristic ECG waveform was described in terms of the
underlying heart function. Previous research which related to the current work was
discussed and a comparison was made to the current work and the work completed
by the previous students within the author’s own research group. No example of
heart sound classification with a LDV could be found in the literature.
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Chapter 3

Hardware and data acquisition

3.1 Introduction

In this chapter the process of acquiring data is described. In Section 3.2 the main
components of the measurement system are outlined where necessary. Specification
sheets for the components are provided in Appendix A. Section 3.3 provides an
overview of the clinical study undertaken to gather participant data for analysis,
feature extraction and classification.

3.2 Hardware and data acquisition

The LDV, stethoscope, PA and ECG simultaneously record data from the partici-
pant. These sensors, along with the data acquisition system (DAQ) were mounted
on a specifically designed mobile frame, shown in Figure 3.1. The connections be-
tween the sensors and their respective signal conditioners and DAQ are shown in
Figure 3.2. In subsequent subsections, each sensor is briefly discussed. Consult
Appendix A for data sheets where applicable.

3.2.1 Laser Doppler vibrometer

The LDV used in this study is the VibroMet Model 500V, single-point measurement
system, shown in Figure 3.3. It is classified as a class 3B laser, which requires
protective eye wear to prevent ocular harm. In the interest of safety, protective eye
wear was provided to all participants during the recording process and no persons
were allowed in the recording room without protective eye wear.

Figure 3.1 shows the LDV mounted at the top of the test frame, pointing down-
wards, with the laser beam orientated perpendicularly to the patient’s chest wall.
In this orientation, the LDV outputs a velocity profile representing the vibrations
of the chest wall in the vertical axis. To improve signal quality and reduce the

18
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Figure 3.1: The test frame setup showing the positions of the data acquisition units and
sensors relative to the participant. The laser Doppler vibrometer (LDV) is mounted with
the laser beam perpendicular to the participant’s chest. Laptop 1 controls the ECG data
acquisition and Laptop 2 controls the stethoscope and accelerometer (not shown) data
acquisition from the ZonicBook Medallion (ZBM). The signal generator (SG) is used to
synchronize the data from the two laptops during post-processing.

occurrence of signal drop-outs, described in Section 4.2.1, a small white sticker was
attached to the participant’s chest. Umberto et al. (2007) stated that it was pos-
sible to record vibrations from the skin directly, but in this study a white surface
gave consistent results which were not affected by the participant’s skin colour or
condition.

3.2.2 Stethoscope

The stethoscope used in this work is a back electret microphone (Panasonic W-
61A) with a sensitivity of 3544 dB and a frequency range of 20 to 20000 Hz
(see Appendix A). The microphone is mounted in a plastic housing which was
designed by Minai (unpublished) and manufactured by the Stellenbosch University
mechanical workshop.

The output of the microphone is amplified by custom-built amplification cir-
cuitry for the current project before being sent to the DAQ. The schematic of the
circuit board used for the stethoscope is shown in Figure 3.4. The stethoscope was
attached to the participant with adhesive tape during testing.
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Figure 3.2: The connections between the sensors, synchronization equipment and data
acquisition units.

The original stethoscope was destroyed by another student shortly before the
clinical trials began. During the trials, it was discovered that the new stethoscope
batteries were depleted at a far more rapid rate than anticipated. Once the battery
voltage dropped below a certain threshold, recordings became unreliable, resulting
in the periodic unavailability of stethoscope data during the clinical trials. As
a consequence, usable stethoscope data was only obtained for a small number of
participants.

3.2.3 Piezoelectric accelerometer

The model 352A24 piezoelectric accelerometer from PCB Piezotronics was used
in the current work. It is a miniature, lightweight ICP ceramic shear accelerom-
eter with a sensitivity of 100 mV /g and a 5% frequency range of 1 to 8000 Hz
(see Appendix A). It is powered by an ICP power supply from PCB Piezotronics
(PCB Piezotronics, 2012), as shown in Figure 3.5. The accelerometer was attached
to the patient with an ECG sticker.
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Figure 3.3: The MetroLaser Inc. Laser Doppler Vibrometer 500V used in the study. By
directing the laser beam at the participant’s chest wall, a velocity profile related to the
underlying mechanics of the heart can be detected (MetroLaser Inc., 2010).

3.3k0

wMmela <=22k0

Figure 3.4: The wiring schematic of the electronic stethoscope used in the study. The
output from the microphone is amplified by an LM386 audio amplifier before being passed
into the data acquisition unit.

3.2.4 ECG

A full 12 lead ECG, the 1200 HR PCECG from Norav Medical, was used to record
the ECG data. It was connected to Laptop 2 via a USB interface (Figure 3.6).
Unfortunately, the proprietary Norav Medical RestECG software used to record
the ECG data only allowed 10 seconds of ECG data to be recorded at a time.
ECG data is commonly used for very accurate segmentation of signals into heart
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Figure 3.5: The model 352A24 piezoelectric accelerometer connected to an ICP power
supply as used in the study (PCB Piezotronics, 2012).

sound cycles. Since the ECG was recorded on Laptop 2 and the rest of the sensors
were recorded through a DAQ, the ECG and DAQ signals had to be synchronized.
This process is described in Section 3.2.5.

)

Figure 3.6: The Norav Medical 1200HR. Electrocardiogram used in the study (Norav
Medical Inc., 2011).

3.2.5 The coil box

The ECG data and the data recorded by the DAQ had to be synchronized so that
the data could be segmented into individual heart sounds (described in Section 4.3).
Synchronization was accomplished by adding an electronic artifact to both the
ECG and ZonicBook’s data. The chosen artifact was a sinusoidal signal as it would
be easy to identify during post-processing and could be generated with readily-
available equipment. Figure 3.7 shows the connections of the coil box relating to

the ECG.
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Figure 3.7: The coil box which was used to synchronize the ECG and ZonicBook data.
It added a sinusoidal artifact to one of the input leads of the ECG and was one of the
inputs for the ZonicBook. The sinusoidal waves were then aligned during post-processing.

A signal generator outputting a 20 Hz sinusoidal signal was used to produce
the artifact signal. The output from the signal generator was sent directly to the
ZonicBook (Z1 and Z2 on Figure 3.7), but exceeded the maximum voltage which
could be input on the ECG and so had to be de-amplified. An iron core torus
was used as a transformer to ramp down the voltage from the signal generator.
A connecting lead was attached between the ECG sticker and its original lead
(Figure 3.7). The connecting lead was looped through the torus and then attached
to the relevant ECG lead. A switch (S1 and S2 on Figure 3.7) was used to start
and stop the artifact signal.

3.2.6 DAQ systems

The ZonicBook Medallion from IOtech was used as the DAQ (see Figure 3.8). The
stethoscope, piezoelectric accelerometer, LDV and one output from the coil box
(see Section 3.2.5) were connected to the ZonicBook unit. The ZonicBook was
connected to Laptop 1 shown in Figure 3.1. The ECG and second output of the
coil box are connected to Laptop 2 as labeled in Figure 3.2. The ZonicBook is
equipped with a built-in 80 dB anti-aliasing filters for each of its channels. Most
heart sounds fall well below 2kHz frequency range. The Nyquist theorem states that
the minimum sampling frequency for a signal should be twice that of the maximum
frequency component of the signal, therefore 5120 Hz is adequate to capture heart
sound data. The ZonicBook was thus set to a sampling frequency of 5120 Hz.
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Figure 3.8: The IOtech ZonicBook Medallion data acquisition unit used in the study
(IOtech, 2001).

3.3 Clinical study

The participants were recorded at Tygerberg hospital and consisted of patients
from the cardiology clinic, students from Stellenbosch University and the general
public. The inclusion criteria were as follows: the participants had to have been
for an echocardiogram within the last year and they were to have a heart murmur
and no prosthetic valve, or a normal heart. All participants were auscultated by
a cardiologist from Tygerberg Hospital to confirm that they were suitable for the
study. For each participant, the cardiologists completed a diagnostic sheet, shown in
Appendix B, indicating their diagnosis. They then checked their diagnosis against
the echocardiogram.

Each participant read and completed the consent forms provided and the par-
ticipant’s age and gender was recorded for statistical analysis. The English version
of the form is included in Appendix B. Medical staff and other patients translated
the document for those participants who did not speak Afrikaans or English and
fingerprints were used in the cases where participants could not sign their own
name.

Stethoscope recordings were taken at the four main auscultation sites as in-
dicated in Figure 3.9. The accelerometer was alternated between the two main
positions for seismocardiography, the sternum (Xu et al., 1996) as well as the apex
of the heart (Phan et al., 2008), as shown in Figure 3.9. The LDV’s position was
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Figure 3.9: In this figure, the four auscultation sites used for the stethoscope recordings
are shown. Additionally, the recording position of the laser Doppler vibrometer and the
two sites used for recording the accelerometer data are indicated (Stethographics, 2012).

taken from the work of Umberto et al. (2007) and De Melis et al. (2007). Multiple
recordings were made at each position to ensure sufficient data would be available
for processing. Some participants were obese and uncomfortable or had bad circu-
lation and so could not remain motionless for the duration of the test. Data with
excessive noise and major artifacts caused by patient movement, as determined by
visual inspection, were discarded.

A total of 20 patients were recorded, 17 abnormal and 3 normal. Table 3.1
shows the gender, age, diagnosis and cardiologist’s notes for each participant. Ta-
ble 3.2 shows the occurrences of the abnormal pathologies recorded. The number
of participants recorded was sufficient to test the feasibility of the current work.
Additional participants would enable more statistically significant conclusions to
be made.

3.4 Chapter summary

The hardware used in the current work as well as the configuration of the recording
setup was discussed. The participants and recording procedure used in the clinical
study were described. In Chapter 4, the denoising of the data recorded with the
experimental setup is discussed
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Table 3.1: Patient data and diagnosis summary

PAT | Gender | Age | Diagnosis Notes
1 F 36 | AS and MR Split S2
2 F 43 | AS and MR
3 F 71 | AS Split S2
4 F 38 | AS
5 F 37 | MR Tachycardic
6 F 32 | MS and MR Split S2, audible opening
snap
7 F 83 | AS Severe AS, peaks late
8 F 34 | MS
9 M 57 | Normal
10 M 25 | Normal
11 F 35 | VSD Doctor diagnosis: PS
12 F 30 | AS Mild AS
13 M 60 | HOCM
14 M 26 | MS With pulmonary hypoten-
tion
15 F 47 | MS and MR Moderate MS and mild MR
16 M 40 | MR, AR, PS, | Moderate MR, AR, PS, se-
PR and PHT vere PR, PHT
17 F 80 | MR
18 M 61 | AS
19 F 49 | AS and AR Severe AS, moderate AR
20 M 65 | Normal

Table 3.2: The occurrences of abnormal pathologies

Pathology

Number of participants

MR

MS

AS

AS and MR

MS and MR

AS and AR

HOCM

VSD

NN O DN N

26
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Chapter 4

Signal processing

4.1 Introduction

In this chapter the denoising and processing of data gathered by the experimental
setup described in Chapter 3 is discussed. The denoising and segmentation process
is summarized in Figure 4.1. Three series of participant data were collected from
both laptops and processed in MATLAB: sensor outputs, synchronization data
and ECG data. The LDV, PA and stethoscope were recorded with the ZonicBook
Medallion DAQ), at a sampling rate of 5120 Hz. The ZonicBook was in turn con-
nected to Laptop 1 shown in Figure 3.1 and controlled by the eZ Analyst software.
eZ Analyst produced a text file which contained the time history data for each
recording. The Norav Medical ECG had to be connected to Laptop 2 as Laptop 1
could not run both programs simultaneously. Norav Medical’s RestECG software
was used to record the ECG, at a sampling rate of 500 Hz. RestECG stored the
data in a MATLAB format for later processing. The data from the two laptops
had to be synchronized to perform segmentation as described in the Section 4.3.
This was achieved electronically with a third system (the "coil box" discussed in
Section 3.2.5) which was connected to each DAQ

4.2 Denoising the recorded signals

The denoising process for the stethoscope and accelerometer data started with the
removal of signal dropouts and the splitting of data into two streams. Stream 1
was passed through a 4" order BP Butterworth filter with high and low cut-off
frequencies of 15 Hz and 700 Hz respectively (Safara et al., 2012) as this is the
range in which heart sounds commonly occur. This produces a wave form similar
to a phonocardiogram (De Melis et al., 2007). Stream 2 was passed through a
low-pass Butterworth filter which provides a detailed velocity profile of the chest
wall (Umberto et al., 2007). Examples of Stream 1 and Stream 2 data are plotted

27
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Figure 4.1: The flow of data as the signals are processed and segmented. Signal dropouts
are removed from the recorded LDV data, where after the signals are filtered and denoised.
The denoised data are then segmented and analyzed in Chapter 5 and Chapter 6.
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Figure 4.2: The velocity profile from the laser Doppler vibrometer data is filtered with
a low-pass (LP) filter and compared to the same signal which has been filtered with a
band-pass (BP) filter. The LP filtered data provides a velocity profile of the chest wall
where the BP filtered data is visually very similar to a phonocardiogram.

in Figure 4.2. The LDV BP signal, stethoscope and accelerometer data were also
further denoised using multi-resolution wavelet analysis, described in Section 4.2.2.

4.2.1 Laser dropouts

A typical example of LDV output is shown in Figure 4.3. The laser beam’s recorded
amplitude varies with the physical properties of the measured surface. When many
wavelengths are observed (an "optically rough" surface) the measurement is de-
scribed as granular and creates an effect referred to as speckle noise (Gatzwiller
et al., 2002). The LDV’s demodulation unit requires the amplitude of the returned
Doppler signal to exceed a minimum threshold value for the unit to derive an
analogue velocity waveform. Speckle noise creates an amplitude variation in the
Doppler signal. In the event that the amplitude of the Doppler signal falls below the
minimum required value, the velocity waveform cannot be derived and a dropout
occurs (Gatzwiller et al., 2002). The effect of speckle noise and dropping below the
threshold value is shown in Figure 4.4.

Vanlanduit et al. (2002) developed a method for dealing with outliers in the
study of a vibrating plate using a LDV. Their method involves detecting and re-
jecting outliers and then applying a global least-squares fit to the data to replace
the missing values. The outliers detection and rejection technique described by
Vanlanduit et al. (2002) was used in the current study.
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Figure 4.3: A segment of laser Doppler vibrometer signal before and after the dropouts
have been removed. Dropouts were removed by detecting outliers, deleting them and
interpolating. This is discussed in Section 4.2.1.
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Figure 4.4: The strength of the signal observed by the laser Doppler vibrometer must be
above a certain threshold value for the internal photo detector circuitry to function. An
observed signal below this threshold produces a sharp fall in the recorded signal where it
is labeled as a signal drop-out.
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Data points corresponding to 0.1 x MAD, where MAD is the median absolute de-
viation as calculated by Equation 4.1, were removed from the dataset and replaced
by interpolated data points calculated with a piecewise cubic Hermite interpolation
method. The algorithm to remove the laser dropouts was as follows:

1. Compute z by applying a 4th order one-dimensional median filter to the input
data, x

2. Compute the median absolute deviation for the residual data e = x — & with
the equation

MAD(e) = median(|e — median(e)|) (4.1)

3. Compute the set of time samples (/) which are outliers and remove from z

I = {i|le(idt)] > 0.1 x MAD} (4.2)
4. Fit a piecewise cubic Hermite interpolation curve to the remaining data points

5. Use the interpolator to resample the removed data points and add to z

Figure 4.3 shows a section of data before and after the dropouts were removed. It
is clear that the algorithm effectively removes the dropouts found in the data. Fac-
tors which could reduce the occurrence of dropouts are discussed in Section 7.4.2.

4.2.2 Wayvelet analysis

Wavelet analysis is the process of expanding a function in terms of basis functions
known as wavelets. These wavelets are translated and scaled versions of the mother
wavelet, which is a fixed function (Antoniak, 2011). An example of a mother wavelet
and corresponding wavelets is shown in Figure 4.5. As part of wavelet analysis,
the signals are decomposed into wavelet coefficients and a threshold parameter
determines which coefficients are used to reconstruct the signal. The band pass
filtered LDV, stethoscope and accelerometer signals were all analyzed with wavelets.

The wavelet decomposition process is similar to the well known Fourier trans-
form, which uses trigonometric polynomials to analyze and reconstruct the observed
signal. The short-time Fourier transform has been shown to be less well suited to
analyzing short pulse data as it assumes the small window of data it is analyzing is
stationary. This is not the case for heart sounds which are brief, impulsive events,
and are localized with respect to both time and frequency (Messer et al., 2001).
Murmurs can occur in various parts of the heart cycle and can vary slightly in their
length and position within each patient’s heart cycles. Wavelet analysis is therefore
a good choice for reconstructing heart sounds as a close correlation can be achieved
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Figure 4.5: Wavelet denoising is the process where mother wavelets (red curve) are
translated and dilated (blue curve) to form wavelets which are then added together to
recreate the a denoised version of observed signal (Antoniak, 2011).

between the wavelet coefficients and the signal to be approximated. This ensures
good numerical stability when the signal is reconstructed and subsequently ma-
nipulated, and makes wavelets very useful for non-stationary processing (Lee and
Yamamoto, 1994; Unser and Aldroubi, 1996).

Daubechies 7 (db7) wavelets, at decomposition level 7, from the wavelet toolbox
in Matlab were used to denoise the data. Figures 4.6a and 4.6b shows examples
of wavelet denoised LDV and stethoscope data, respectively. The data has been
visibly smoothed for both waveforms.

4.2.3 Ensemble empirical mode decomposition

The Hilbert Huang transform (HHT) is commonly used to analyze the instanta-
neous frequency components of non-stationary and nonlinear data. The empirical
mode decomposition (EMD) breaks down a signal into time-energy distribution
functions which are called intrinsic mode functions (IMF). By applying the HHT
to each IMF, the instantaneous frequencies present in the signal can be computed.
Cho and Yejin (2013) calculate the IMFs as follows:
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Figure 4.6: a) laser Doppler vibrometer and b) stethoscope signal before and after wavelet
filtering. The resulting signal has been visibly smoothed.



Stellenbosch University http://scholar.sun.ac.za

CHAPTER 4. SIGNAL PROCESSING 34

1. Set x(t) as the initial signal

2. Set the number of IMFs to be extracted as logs(N) where N is the number of
data points in z(t). Fix the number of iterations at ¢ = 10 per sifting cycle

3. Calculate a single IMF

a) Find the extrema for z(t)

b) Fit separate cubic splines to the maximum and minimum extrema, cre-
ating an upper and lower envelope for xz(t)

¢) Calculate the mean of the two envelopes, m(t)
d) Set x(t) = z(t) - m(¢)
e) Repeat 3.1-3.4 i times. On the ith repeat set z(t) as the IMF

4. Repeat Step 3 with x(t) = x(¢) - IMF until logy(N)-1 IMFs have been calcu-
lated

5. Set the last z(t) calculated as the residual, r

EMD is susceptible to the appearances of a feature called mode mixing, where
more than one scale of the signal will appear on the same IMF or that the same
scale will appear on various IMFs. The effects of mode mixing can be greatly
reduced by using a modified version of the EMD called ensemble empirical mode
decomposition (EEMD). EEMD adds Gaussian white noise to the original signal.
In a sufficiently large ensemble, the added white noise will average to zero and only
the underlying IMF will remain (Wu and Huang, 2009). The procedure to calculate
the EEMD is as follows (Wu and Huang, 2009):

1. Add random white noise to the original signal
2. Extract IMFs from the noise-added data as per the EMD method

3. Pepeat Steps 1 and 2 with a different white noise series NE times, where NE
is a sufficiently large number

4. Obtain the actual IMF by taking the mean of the ensemble of IMFs

The white noise series were chosen to have an amplitude calculated as Ny
X the standard deviation of the original heart sound signal, with Ny4; = 0.1 and
NE = 1000 as based on work done by Botha (2010).

Figure 4.7 shows the full EEMD decomposition of the band pass filtered LDV
signal of a single heart cycle for a normal patient. Figure 4.8 shows the full EEMD
of the same cycle in the stethoscope signal. Every IMF is a single oscillatory mode
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Figure 4.7: The full EEMD decomposition of a heart cycle recorded by the LDV. The
IMFs become progressively less complex until loge(N) IMFs are reached. The residual
function is shown as Res.

within the original signal. The IMF shapes become less complex as the mean of

the signal’s envelopes becomes more intricate with each fitted envelope mean.

In this work, EEMD was originally explored as a method for feature extraction,
however it was observed that signals which were decomposed using EEMD and
then reconstituted were further denoised. This is to be expected as the EEMD de-
composition involves the reconstruction of the denoised signal from a finite number
of modes, the most significant of which will represent the signal, not noise. The
denoising capability of the EEMD is confirmed by Agarwal and Tsoukalas (2007).
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Figure 4.8: The full EEMD decomposition of a heart cycle recorded by the stethoscope.
The IMFs become progressively less complex until logs(N) IMFs are reached. The residual
function is shown as Res.

There are interesting similarities in the LDV and stethoscope decomposed sig-
nals. For both signals, the heart sounds only become notable from the 4th IMF
onward. For the LP Butterworth filtered LDV signal, a filtering process had to be
chosen which would remove the noise without altering the subtle peaks within the
signal. Studying the output of the EEMD analysis reveals that most of the noise
in the data was captured in the first three IMF’s. Reconstructing the data from
the 4th IMF onwards produced a noise-free signal. The results of this procedure
are shown in Figure 4.9.
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Figure 4.9: The laser Doppler vibrometer filtered by reconstruction of selected intrinsic
mode functions. By selecting the less noisy IMFs for reconstruction, the signal is visibly
reduced.

4.2.4 Overview of the denoising process

The denoising sequence creates two separate data streams. Stream 1 is the LDV,
stethoscope and accelerometer data which has been filtered with a Butterworth
band-pass filter, wavelet reconstruction and EEMD decomposition. Stream 2 is
the LDV data which was filtered with a low-pass Butterworth filter and EEMD
decomposition. The two streams are required by different methods of analysis:
Stream 1 is used for feature extraction and classification and Stream 2 is used to
characterize the LDV’s velocity profile for various heart murmurs. The use of these
streams is discussed further in Sections 5.2, 6.2, and 6.3.

4.3 Segmentation of the first and second heart
sounds

Segmentation is the process whereby the recorded signal is divided into the sys-
tolic and diastolic components of each cycle so that time-specific features can be
extracted for analysis and classification.

4.3.1 Complexity analysis

Segmentation is often accomplished using the ECG due to its simplicity and non-
invasive nature (Burke and Nasor, 2002). The ECG used in this work, a model 1200-
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HR from Norav medical, used the proprietary PC-ECG software which could only
save up to 10 seconds of the recorded data at a time. The ZonicBook however could
record far longer data series. A second segmentation method was implemented to
segment the ZonicBook data where no corresponding ECG data was available. This
method was based on using an eigenvalue spectrum (ES) technique as a method
to gate a dynamic system, as outlined by Rezek and Roberts (1998). This method
uses the complexity of a signal to create an envelope curve and was adopted by
Nigam and Priemer (2005) for use with phonocardiogram data.

Visual inspection confirms that certain parts of a heart sound cycle appear much
more structured than others. S1 and S2 are less complex than heart murmurs which
are in turn less complex than the background noise between the murmurs and heart
sounds and between the heart sounds. As a result the simplicity curve has a regular
pattern. The intersection of the simplicity curve with a normalized threshold value
can thus be used to identify the peaks which corresponded with the start of a new
heart cycle. The simplicity curves for a normal and abnormal participant are shown
in Figure 4.10.

Simplicity curves are calculated using an approach suggested by Nigam and
Priemer (2005). Takens’ theorem, known as the "method of delays", suggests that
given a particular time series a (m,7) data window should be visible for analyzing,
where m elements are offset sequentially by 7. m is called the embedding dimension
and 7 is known as the embedding delay. The windowed data, transformed into
an embedding matrix gives a good indication of the underlying dynamic system’s
complexity.

The signal, represented as x = {z(k)},k = 1,..., N is assumed to have a zero
mean and be normalized so as to have unit variance. Set xj to be a vector in space
R™, hereafter named the embedding space,

xx = [2(k), z(k +7),...,2(k +7(m —1))]" (4.3)

With 7 =T |, where T  is a sample time increment, each xy is created by moving
the window one sample time increment on. Together, the x) segments are used to

construct a trajectory matrix where P =N — (m — 1)
S
T
1 X2
X=— (4.4)
VP |

T
Xp

The embedding matrix is X7, the transpose of X. According to Nigam and
Priemer (2005), the eigenvalues, Az, of the correlation matrix C = XXT can be
used to calculate H(i), a measure of entropy in the signal.
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H(i) = =Y Milog\i with Xi = sy d = 12..m (4.5)
k=1 k=1"k

The simplicity of the signal, S, is then given by
1 i H(i)
S = O where Q' =2 (4.6)
Using Equations 4.3,4.4, 4.5 and 4.6 it is possible to calculate the simplicity

curve with the following algorithm. Nigam and Priemer (2005) suggests m > 3 and
fixes 7 =1 and N = 50

1. Select suitable values for m and 7 as well as an analyzing window of length
N.

2. Align the window with the start of the signal
3. Tterate as follows: for j = N:length(signal)

a) Construct X over the windowed signal using Eq. 4.4

)
b) Find the eigenvalues of C = XXT
¢) Calculate Hj and Q' using Eq. 4.5 and Eq. 4.6
d)
)

e

Calculate simplicity at time j7 by using Eq. 4.6

Shift the analyzing window by one sample time increment and repeat
steps a) to f)

An example of a calculated simplicity curve is shown for a normal and abnormal
participant in Figures 4.10a and 4.10b respectively. Notice the peaks where the less
complex S1 and S2 are prominent in the recorded data. The threshold value shown
is discussed in Section 4.3.3.

4.3.2 ECG segmentation

Burke and Nasor (2002) published equations which were used to calculate the var-
ious segments on the ECG as illustrated in Figure 4.11.

Tpwave = 0.57T/ 2 — 0.33T. — 0.14 (4.7)
Tp-q segmens = 0.56T/2 — 0.33Tqp — 0.17 (4.8)

TP—Q interval — 112T}1{_/1:2{ - O.GBTR_R —0.31 (49)
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Figure 4.10: A simplicity curve calculated for the LDV signal from participants with (a)
normal and (b) abnormal heart sounds. The normalized threshold value intersects with
the simplicity curve at regular intervals. The intersection points were filtered and used to
indicate the start of a first heart sound.
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ECG lead.

Tors = —0.02T%2 + 0.02Tk.x + 0.08 (4.10)
Toot iterval = 1.65T3/ — 0.84T. — 0.46 (4.11)
Trowave = 1.29T3/2 — 0.66T.g — 0.42 (4.12)
Ts.1 segment = 0.34T5/% — 0.17Tq.x — 0.10 (4.13)

Botha (2010) combined the above equations to calculate the start of diastole as

TQ‘T _Twaave

; (4.14)

TS—T segment —
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4.3.3 Combined ECG and complexity segmentation

The ECG data was used to determine the position of S1. The simplicity curve was
normalized and different threshold values were used to calculate intersection points
with the simplicity curve. The chosen normalized threshold value was that which
produced simplicity curve intersection points that best corresponded with the seg-
mentation calculated from the ECG data where it was available. The intersection
points and the ECG segmentation points were iteratively compared for different
normalized threshold values. The normalized threshold value which gave the best
results over all the participant data was then calculated as 0.35. The intersection
points that best corresponded with the start of the QRS-wave point, calculated
from the ECG wave, were chosen as the start of systole. Figures 4.12a and 4.12b
shows the segmented data from the simplicity curve for a normal and an abnor-
mal participant respectively. The green dashed line is the segmentation which was
calculated using the simplicity curve and the red dashed line indicates the ECG
segmentation. Visual inspection of all participant data showed that the combined
segmentation method outlined here has accuracy which is comparable to that of
the trusted ECG segmentation methods.

4.3.4 The second heart sound

After the signal was segmented into full cycles (S1 to S1), the second heart sound
(52) could be extracted by considering each cycle individually. If no second peak
was identified, or S2 was unusually late or early, Equation 4.14 was used to calculate
the timing of S2. A reduced S2 could potentially be due to a pathology such as
AS.

4.4 Chapter summary

The LDV data recorded during the clinical study showed signal dropouts, dis-
cussed in Section 4.2.1, which were removed to create an artifact-free recording.
The dropout-free data was divided into two streams, Stream 1 and Stream 2. The
recorded PA, stethoscope and Stream 1 LDV data were BP Butterworth filtered
and further denoised using wavelet analysis as well as EEMD filtering. The de-
noised data were then segmented into the individual heart sound cycles using a
combination of the available ECG data and a simplicity curve generated from the
complexity analysis of the underlying signal, discussed in Section 4.3. These data
are analyzed in Chapter 5 and used to train a classifier in Chapter 6. Stream 2 LDV
data were passed through a LP Butterworth filter and are analyzed in Chapter 5.
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Figure 4.12: A comparison of segmentation results calculated from an ECG (red dotted
line) and the simplicity curve (green dotted line) for a participant with (a) normal and (b)
abnormal heart sounds. The ECG and simplicity curve methods give similar results. The
simplicity curve is therefore a good alternative to the ECG for segmenting heart sound

cycles when ECG data is not available.
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Chapter 5

Comparing the LDV to existing
instruments

5.1 Introduction

In the current work the LDV is explored as a non-contact tool for auscultation. In
Section 5.2 the recorded LDV data from Stream 2 (as defined in Section 4.2) is an-
alyzed for each pathology to understand how the underlying mechanics of the heart
influences the LDV’s velocity profile. In Section 5.3, in order to gauge the LDV’s
performance as a biomedical sensor, the LDV is compared to the PA for computing
several medically significant qualities, such as heart rate, and investigating diag-
nostic indicators through the systolic/diastolic ratio. The PA is commonly used for
basic biomedical uses such as calculating HR and is more widely researched than
the LDV and thus forms a good benchmark for the LDV.

5.2 Pathological analysis

The Stream 2 LDV data shows a velocity profile which provides information re-
garding the underlying cardiac activity. The recorded participant data is analyzed
in this section.

5.2.1 Background

Umberto et al. (2007) showed that the velocity profile of the LDV had features
which could be related to certain events within the heart, in particular the clos-
ing of the four heart valves. These events as identified by Umberto et al. for a
normal patient are shown in Figure 5.1. Figure 5.2 shows the data from a nor-
mal participant from the current study. The velocity profile recorded in this study
shows a similar profile which can be related to the underlying cardiac events. The

44
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phonocardiogram patterns associated with common heart murmurs are shown in
Figure 2.3.
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Figure 5.1: A synchronized recording of an ECG trace, phonocardiogram and LDV
velocity profile. The markers indicate the timing where the heart valves close and show the
peaks corresponding to the first and second heart sounds observed in the phonocardiogram
(De Melis et al., 2007).

As part of the same study, Umberto et al. (2007) used phonocardiogram data
to characterize the heart murmurs experienced by their patients. Figure 5.2 shows
that there is a close correlation between the BP butterworth filtered LDV data
and phonocardiogram data, particularly in the location of the signal peaks. In this
section, in contrast to Umberto et al. (2007), LDV data are used to characterize
participant heart murmurs in order to demonstrate how recordings made by the
LDV relate to the underlying heart mechanics.

5.2.2 Mitral regurgitation

Mitral regurgitation (MR) is a valvular condition where the mitral valve cannot
close completely and as a result there is leakage from the ventricles back into the
atrium as the heart pumps. MR is observed during auscultation as a pansystolic
murmur, with a soft mitral component in the first heart sound. Mayo Clinic (2011)
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Figure 5.2: Velocity profile of the laser Doppler vibrometer with a synchronized ECG
trace and stethoscope data for a participant with normal heart sounds.

lists common causes for MR as mitral valve prolapse, a previous heart attack and
rheumatic fever.

Figure 5.3 shows the Stream 1 (LP filtered) and Stream 2 (BP filtered) LDV
data for a single cycle of MR, as well as the corresponding ECG trace. Studying
the data reveals that MR shows a rise and fall ("dip") during systole. As the blood
is forced out of the ventricles during ventricular diastole, the velocity increases.
The mitral valve, however, starts to allow some of the blood to return to the
atrium which decreases the volume of blood which is pumped out of the heart. The
redirection of the blood is likely the reason for the dip, as the blood is suddenly no
longer being pumped out of the ventricles. This dip is found in the data from both
MR patients as well as the patients who presented with the combination murmur of
ASMR. This dip is also present, although less pronounced, in the participants with
MSMR. This phenomenon was therefore attributed to the presence of the MR.

5.2.3 Mitral stenosis

Mitral stenosis (MS) is a valvular condition where the mitral valve does not open
completely. MS is reported as occurring most often in adults who have suffered
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Figure 5.3: Synchronized ECG trace with the velocity profile of the laser Doppler vibrom-
eter for a participant presenting with mitral regurgitation (MR). The velocity increases
and decreases sharply in the area of the second heart sound as the blood is forced out of
the ventricle and starts to push back into the atrium.

rheumatic fever. Less common causes are listed as calcium deposits which form
around the mitral valve, radiation treatment to the chest and medications (Dima,
2012).

When ausculating a patient with a stethocope, MS is described as a rumbling
sound which can be observed during diastole. As the mitral valve has decreased
mobility, the atrial pressure is increased during the heart cycle. This increase in
pressure forces the valve open and causes it to shut rapidly as the pressure gradient
over it is elevated. MS patients often therefore have a loud S1 (Shub, 1999) as
the valve is forced open, and an opening snap right after S2 as the valve closes.
Figure 5.4 shows the Stream 1 (LP filtered) and Stream 2 (BP filtered) LDV data
for two heart cycles as well as the corresponding ECG trace. A prominent ST peak
is visible which is consistent with the mitral valve closing forcefully. Another peak
is visible at an average time of 0.1 s after S2 for this participant which is consistent
with an opening snap in a patient with mild MS.

5.2.4 Aortic stenosis

Aortic stenosis (AS) is the valvular condition where the aortic valve is narrowed,
thereby restricting the amount of blood which can flow from the heart to the body.
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Figure 5.4: Synchronized ECG trace with the velocity profile of the laser Doppler vi-
brometer for a participant presenting with mitral stenosis (MS). MS traces consistently
showed a sharp S1 peak and an opening snap just after S2.

The narrowed valve prohibits the free flow of blood from the ventricles to the rest
of the body, slowing down the transfer of blood as the valve has to be forced
open. AS is described during auscultation as a crescendo-decrescendo murmur
heard during systole. During auscultation, severe AS patients do not have a strong
S2. Figure 5.5 shows the Stream 1 (LP filtered) and Stream 2 (BP filtered) LDV
data for two heart cycles as well as the corresponding ECG trace. A lack of S2 for
a severe AS participant is also visible in the Stream 1 LDV data in Figure 5.5. The
Stream 2 data in Figure 5.5 shows a strong dip in the velocity just after S1 as the
valve creates resistance and the profile picks up again as the blood is increasingly
forced through.

5.2.5 Combined murmurs

Patients sometimes present with more than one heart murmur. Figures 5.6 and 5.7
are examples of combinations of AS and MR as well as MS and MR respectively.
These combination murmurs profiles resemble the profiles of their constituent fea-
tures. The combination of AS and MR shows the strong dip in velocity just after
S1 as well as the velocity increase and decrease at S2 which is common for MR
recordings. The combination of MS and MR shows the sharp S1 peak found in MS
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Figure 5.5: Synchronized ECG trace with the velocity profile of the laser Doppler vi-
brometer for a participant presenting with aortic stenosis (AS). There is a lack of a S2
peak, a common occurrence in severe AS patients.

recordings as well as the sharp "dip" at S2 which is common for MR recordings.

5.3 Comparing the piezoelectric accelerometer to
the LDV

The fundamental purpose of this work is to gauge whether the LDV is suitable for
automated diagnosis of heart sounds. In order to do this, it is helpful to contrast the
LDV’s performance to that of the PA, which has been widely used in the biomedical
field. In this section, the PA is compared to the LDV for several common biomedical
use cases.

5.3.1 Calculating heart rate

The ECG is considered to be the golden standard for heart rate (HR) monitoring.
In the absence of an ECG, an accelerometer is preferred to a stethoscope for deter-
mining HR, as stethoscopes are prone to pick up motion artifacts, especially if the
patient is performing an exercise stress test (Anh Dinh, 2011) or has difficulty in
remaining stationary.

The HR of each participant was calculated using both the LDV and PA by using
the normalized threshold and simplicity curve intersection points to find the start of
S1 (see Section 4.3). Missing intersection points and false peaks were detected and
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Figure 5.6: Synchronized ECG trace with the velocity profile of the laser Doppler vi-
brometer for a participant presenting with a combination of AS and MR. The velocity
dips sharply just after S1 as with AS participants and an increase and decrease at S2
which is common for MR recordings.

the affected section then omitted from the data. The HR was then calculated by
dividing the lengths of uninterrupted recordings by the number of S1 intersection
points which were detected in that time. The overall participant HR was taken as
the average over all the recordings for that participant.

The HR determined from LDV, PA and ECG data are shown in Table 5.1. The
HR calculated from both the LDV and PA data corresponds closely to the HR
calculated by the ECG. The patient with the highest deviation was Participant 13
(who was diagnosed with HOCM) which deviated 6.09% and 6.04% for LDV and
PA respectively. The data shows that LDV and PA perform equally well in this
task: the average difference over all the participants is 1.95% between the ECG
and LDV and 1.65% between the ECG and PA. The results show that the LDV is
a viable alternative to the ECG for calculating heart rates.

5.3.2 Using systolic/diastolic ratio as an diagnostic
indicator

The ratio of systolic time/diastolic time was proposed by Gemignani et al. (2008)
for use as an indicator of abnormal heart function. It was hypothesized that a
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Table 5.1: Heart rate for ECG, LDV and PA shown in beats per minute (BPM) and
percentage difference between the ECG and LDV, and ECG and PA calculated heart
rates. The average difference indicates that the LDV is a viable alternative to the ECG
and PA for determining a patient’s HR.

Heart rate in beats per minute (BPM)

PAT ECG LDV PA
BPM | BPM | % Diff | BPM | % Diff
1 59.58 | 59.30 0.47 59.75 0.29
2 60.59 | 58.83 2.90 60.38 0.35
3 57.93 | 58.36 0.74 58.44 0.88
4 57.56 | 57.64 0.14 56.87 1.20
5 93.72 | 95.73 2.14 95.97 2.40
6 73.85 | 69.81 5.47 71.63 3.01
7 76.91 | 74.60 3.00 75.99 1.20
8 62.4 | 62.87 0.75 62.50 0.16
9 68.95 | 71.35 3.48 69.91 1.39
10 49.31 | 48.65 1.34 48.37 1.91
11 58.2 | 57.61 1.01 58.08 0.21
12 70.86 | 71.15 0.41 72.90 2.88
13 51.92 | 53.40 2.85 54.48 4.93
14 74.99 | 75.41 0.56 74.97 0.03
15 76.84 | 75.37 1.91 76.32 0.68
16 76.38 | T7.75 1.79 76.52 0.18
17 49.72 | 50.58 1.73 50.30 1.17
18 71.97 | 67.58 6.10 67.62 6.04
19 64.64 | 64.15 0.76 66.08 2.23
20 62.87 | 61.92 1.51 61.85 1.62
Average 1.95 1.64
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Figure 5.7: Synchronized ECG trace with the velocity profile of the laser Doppler vi-
brometer for a participant presenting with a combination of MS and MR. A sharp S1 peak
is visible as found in MS recordings as well as the sharp "dip" at S2 which is common for
MR recordings.

shortened diastolic time could indicate a problem with the patient’s ventricular
filling and perfusion.

The systolic/diastolic ratio was calculated for each participant group (e.g. AS,
MS, etc). The ratios are graphically represented as histograms for inspection in
Figures 5.8 and Figures 5.9. Figure 5.9 shows the difference in dispersion for Normal
and Abnormal ratios as calculated from the PA data and Figure 5.8 shows the LDV
equivalent. The majority of the ratios were lower for the normal participants than
the abnormal participants for both the LDV and PA data, confirming the finding
of Gemignani et al. (2008). The abnormal participant ratio data show a much
flatter profile with a wider spread of values than the normal participant ratio data.
This is due to the large number of different pathologies in the data. All of the
individual abnormal pathologies ratio data were individually higher on average
than the normal participant ratio data.

5.3.3 Determining chest wall velocity and position

Acceleration is the change of velocity over time and velocity is the change of position
over time. The accelerometer data can therefore be compared with the velocity data
of the LDV by means of numerical integration. The mathematical relationships
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Figure 5.8: Histogram of systolic/diastolic ratio for LDV, shown as percentages. The
systolic/diastolic ratios were on average lower for normal participants than abnormal
participants. Notice the similarity between this Figure and Figure 5.9, which shows the
same data for the PA.

between acceleration (a), velocity (v) and displacement (s) are given below with
time ¢

d d 2
a= d_: and v = d_j’ therefore a = d_tj (5.1)
In integral form, these can be written as:
¢ t
v =1+ /a(t)dt s =80+ /v(t)dt (5.2)
0 0

The constants vy and sg are the initial conditions of the system. Unfortunately,
these initial conditions are not available in most biomedical systems. Accelerome-
ters also exhibit a phenomenon known as drift where a small DC offset is present
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Figure 5.9: Histogram of systolic/diastolic ratio for PA, shown as percentages. The
systolic/diastolic ratios were on average lower for normal participants than abnormal
participants. Notice the similarity between this Figure and Figure 5.8, which shows the
same data for the LDV.

in the data. Drift is influenced by factors such as temperature and the sensor’s
grounding voltage in relation to the grounding voltage of the measuring equipment
it is connected to. If not corrected for, drift can cause large numerical errors.

Slifka (2004) proposed the following procedure to determine velocity and dis-
placement from accelerometer data without requiring initial conditions, while ac-
counting for accelerometer drift:

1. Use a high pass filter to remove the accelerometer drift

2. Numerically integrate numerically to obtain velocity

1.4
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3. Use a high pass filter to remove the DC component from the velocity data,
eliminating the need for an initial velocity value.

4. Integrate the velocity to calculate position

5. Use a high pass filter to remove the low frequency content from the position
signal, eliminating the need for an initial position measurement.

Slifka (2004) tested various filters for their suitability in the role of high pass
filter in the proposed algorithm. The recommended scheme was based upon a
modified FFT filtering technique whereby the coefficients of the lower frequency
components of the FF'T were modified before an inverse FF'T was used to recreate
the filtered signal.

Accelerometer data was gathered from the sternum (Xu et al., 1996) as well as
the apex of the heart (Phan et al., 2008). These positions are marked in Figure 3.9.
To compare the measurements from the LDV with that of the accelerometer, the
acceleration data were transformed with the procedure described by Slifka (2004)
as described in this Section. It was observed that the transformed data recorded
on the sternum corresponded to the LDV data whereas the accelerometer data
recorded from the apex area corresponded to the negative of the LDV data. The
results of the double integration method are shown in Figures 5.10 and 5.11.

Figure 5.10 a) and Figure 5.11a) show accelerometer data recorded on the ster-
num of two participants. The accelerometer data which has been transformed to
velocity data has the same sign as the LDV data. Figure 5.10 b) and Figure 5.11b)
show the accelerometer data recorded on the apex of the heart. The transformed
velocity data of the accelerometer has a reversed polarity to that of the LDV data.
This behaviour was consistent for all participants. A potential physical explanation
of this is as follows: the acceleration of the chest wall is an indirect measurement
of the heart’s motion. As the atria contract, the ventricles relax, and vice versa.
It is expected that the contractions experienced by the atria or ventricles will be
observed as an acceleration of the chest wall, whereas the relaxing atria or ventri-
cles would show as deceleration. The difference in profile for accelerometer data
recorded from the sternum and apex positions indicate that the accelerometer’s po-
sition does affect the data recorded and could be explored in future work. The LDV
could be considered as a replacement for the accelerometer if a system could ensure
that the LDV recorded data from a single, consistent point on the participant’s
body.

The electric pulses of the ECG leads closest to the placements of the accelerom-
eters (V1/V2 for the sternum and V3/V4 for the apex) were opposite in polarity,
and in many cases were close to a mirror image of one another as well. The ECG
is a measure of net electrical activity as seen by the various leads. Figure 5.12
shows the heart with the relative positions of leads V1 and V4-V6. In Figure 5.12
the depolarization vectors of the heart tissue which were drawn in show that the
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Figure 5.10: Accelerometer data recorded on the sternum and apex of a normal partici-
pant transformed to velocity and distance and compared to the LDV data. The PA data
and LDV data have very similar profiles when the PA data is recorded on the sternum,
but have opposite polarities when the PA data is recorded on the apex of the heart.
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Figure 5.11: Accelerometer data recorded on the sternum and apex of an abnormal
participant transformed to velocity and distance and compared to the LDV data. The
PA data and LDV data have very similar profiles when the PA data is recorded on the
sternum, but have opposite polarities when the PA data is recorded on the apex of the

heart.
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depolarization wave of the inter ventricular septum is in the direction of lead V1
and the depolarization wave of the larger ventricular wall is in the direction of leads
V4-V6. The lead therefore sees a net depolarization wave as moving "towards" or
"away" from it. When a lead sees the wave as moving towards it, the deflection on
the ECG curve is positive. A wave seen as moving away from the lead causes a a
negative deflection.

The depolarization wave of the inter ventricular septum is much smaller than the
ventricular wall due to the large difference in mass. The difference in magnitude
of the two vectors is visible when studying the R-wave propagation in the leads
(Ashley and Niebauer, 2004). Figure 5.13 shows the QRS complex of V1 and V6.

The different signs of the data recorded with the accelerometer at the apex and
sternum are potentially due to the difference in cardiac activity seen at the same
time at the atria and apex of the heart. In future work this could be explored with
a second accelerometer.

vi vz va V4

(b) m

1 -

Wi V4-V6

Figure 5.12: a) A cross section of the human chest and heart along with the relative
positions of the chest leads of the ECG b) The depolarization vectors are shown with
respect to the V1 and V6 ECG leads.

5.4 Chapter summary

The Stream 2 LDV data was analyzed for each of the recorded pathologies in order
to investigate how the LDV’s recordings relate to the underlying mechanics of the
heart. The LDV was also compared to the PA in common biomedical applications.
The LDV and PA were equally accurate in calculating HR when compared to the
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Figure 5.13: The QRS waveforms observed in the V1 and V6 leads recorded simultane-
ously. The recorded polarity is reversed for the leads.

HR calculated by the ECG. The LDV and PA both displayed the potential for use
as a diagnostic tool when comparing the systolic/diastolic ratio of the recorded par-
ticipants. The physical recorded waveform of the LDV and PA were also compared
by using a double integration method to transform the PA data into velocity and
distance quantities. The PA data which was transformed into velocity was com-
pared to the LDV waveform. The LDV data were transformed into distance data
and compared to the transformed PA distance data. The resultant curves showed
that the directionality of the PA recorded signals were dependent on the position
of the recorded PA data. The LDV could be a potential replacement for the ac-
celerometer given further study into overcoming the limitations of a non-contact
sensor recording a non-stationary point.
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Chapter 6

Classification of heart sounds

6.1 Introduction

In order to explore the LDV’s role as part of an autonomous auscultation system,
the LDV data was used to train a proof of concept heart murmur classifier. During
the data gathering phase data were collected from 17 unhealthy participants and
3 healthy participants. The ratio between healthy and unhealthy participants was
based on the work of Jiang et al. (2007). It was, however, found during post
processing of the data that there were too few healthy participants to train a
classifier that could distinguish between normal and abnormal participants. This
is likely due to the fewer number of participants in this work.

Due to the availability of a sufficient number of AS participants, it was possible
to train a classifier which could successfully distinguish between participants pre-
senting with AS and those who did not. In this chapter, the process of creating
an automatic classifier to separate participants into those with and without AS, is
discussed. In Section 6.2, the process of converting LDV recordings into classifier
input is discussed. The classification technique is introduced in Section 6.3 and
results are presented in Section 6.4.

6.2 Feature extraction

Jiang et al. (2007) created a support vector classifier (SVC) which could successfully
diagnose various heart murmurs recorded by a stethoscope. They took 196 normal
and 263 abnormal heart sound cycles from 6 healthy subjects and 30 unhealthy
subjects. They reported a specificity of 99.9% and a sensitivity of 99.52% for
classifying normal and abnormal sounds. They also reported discrimination rates
of 86.88% for atrial fibrillation sounds, 89.98% for aortic valvular disorders and
90% for mitral valve disorders. Their classifier required only two features derived
from the normalized power spectral density (PSD) of the signal: the bandwidth
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Figure 6.1: Extracted features fy;qin and fiqz from a full heart sound cycle at normalized
threshold value t.

(fwiawn) of the transformed signal at a specific normalized threshold value, ¢, and the
frequency at which the maximum value of the curve occurred (fy,q.). The features
fwiatn and fr,q. are shown in Figure 6.1. Jiang et al. (2007) tested threshold values
of 0.1 to 0.5 with 0.1 increments and found that the accuracy of their classifier was
not very sensitive to the threshold value.

In this work, the two feature scheme of Jiang et al. (2007) is used and expanded
upon. A normalized threshold value of ¢ = 0.1 to ¢t = 0.9 in increments of 0.1
was used to create feature sets. These feature sets were then tested by feeding
them into a KNN classifier. The threshold value from which the best classifier
was trained was chosen as the threshold value for all subsequent classifiers. The
effects of the feature sets and feature threshold choices are further discussed in
Section 6.4, where it is shown that the normalized threshold value that leads to the
most accurate predictions in this work is ¢ = 0.6.

In the initial stages of this work, features were only extracted from the Stream 1
LDV data. In an attempt to increase the accuracy of the classification system, the
same features were extracted from the PA data. A total of 12 features were therefore
extracted for each heart sound cycle, 6 for the LDV data and 6 for the PA data.
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Classifiers were trained for the LDV and PA feature data separately as well as the
combination of PA and LDV data.

Various combinations of features were tested and it was found that the best
results were obtained by using the fu;qn and f,.. from the full cycle, as well as the
diastolic and systolic segments of the cycle for the LDV data only. It was found
that the PA data did not improve the results. This result seems to indicate that
the PA data does not provide the classifier with any additional information that is
not duplicated by the LDV. Table 6.1 shows the averaged feature values for each
pathology.

Table 6.1: Averaged feature values per participant pathology

Full Diastole Systole
fwidth fmax fwidth fmaaz fwidth fmax
AS 17.09 | 2.64 | 16.89 | 3.19 | 17.28 | 4.04
ASMR | 18.16 | 6.44 | 17.40 | 6.21 | 22.89 | 5.58
MR 19.35 | 4.06 | 19.90 | 5.11 | 17.41 | 5.19

LDV MS 20.31 | 3.68 | 19.31 | 5.03 | 19.57 | 4.62
Normal | 19.01 | 3.80 | 18.95 | 4.70 | 20.15 | 5.45
MSMR | 20.50 | 5.46 | 21.15 | 7.94 | 19.73 | 5.66

AS 269 | 6.28 | 27.12 | 9.12 | 26.58 | 5.93
ASMR | 25.40 | 8.40 | 23.88 | 8.68 | 25.31 | 5.55
PA MR 18.33 | 5.63 | 18.04 | 6.16 | 20.21 | 5.74

MS 23.42 | 8.71 | 23.03 | 7.75 | 24.97 | 11.39
Normal | 20.58 | 5.66 | 25.75 | 11.09 | 21.83 | 5.27
MSMR | 23.19 | 7.62 | 22.63 | 7.17 | 20.10 | 4.33

Figure 6.2 and Figure 6.3 shows the difference in feature values from LDV
data, for the various recorded pathologies with feature thresholds of ¢ = 0.3 and
t = 0.6 for the LDV data respectively. Comparing Figure 6.2 and Figure 6.3 shows
that a threshold value of ¢ = 0.6 results in a more distinct distribution of feature
values for each pathology. The visible separation of the features indicates that
the parameterization is dividing the data into distinct clusters, which indicates
an increased chance of correct classification. Section 6.4 discusses the best results
achieved with the various feature sets presented in this section.

From Figure 6.3 it is possible to note that certain pathologies show definite
patterns in their feature sets. The presence of AS, for example, shows features with
much higher f, ;4 and f,,.. values when compared to MS. The combination of AS
and MR shows fuan and fi,q. values much closer to AS than MR, which means
that for this dataset the presence of AS has a dominant effect on the feature values.
Further, it can be noted that all the features shown are relevant to the pathologies.
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No single feature or subset of features is sufficient to differentiate between the
pathologies. The normal participants’ features are not as tightly grouped as those
of the abnormal pathologies. This indicates that there is substantial variability
within the normal group itself and could indicate the need to add further features
or modify the existing feature set.

6.3 Classification

Jiang et al. (2007) used a binary tree of SVM classifiers to systematically classify
heart sounds and murmurs. A disadvantage of this approach is that it is sensitive
to noisy data and does not provide a way to correct any incorrect classifications
made at higher nodes of the tree, causing incorrect classifications to impact the
accuracy of every node beneath them (Leha and Singh, 2011). In this work, k-
nearest neighbors (KNN) was used to classify heart sounds.

6.3.1 K-Nearest neighbours classification

K-nearest neighbours (KNN) is extremely simple but robust classification algo-
rithm, which operates on the principle that the sample data will most likely belong
to the same class as its nearest neighbours. Figure 6.4 shows the basic principle of
KNN classification (Bhatia, 2010).

KNN classifiers do not require training, are simple and easy to apply, are not
strongly affected by noisy training data (for a suitably large K value) and perform
well when a large set of training data is used. Unfortunately, their computational
cost increases drastically with the dimensionality of the data, they use a large
amount of memory and irrelevant attributes can negatively impact the classification
results by distorting the distance metrics used to determine neighbours (Bhatia,
2010).

Various metrics can be used to measure the distance between two samples:
FEuclidean distance is commonly used, but more exotic measures such as Manhattan
distance are useful in some cases. Additionally, a rule for deriving the label of a
particular point, given the labels of the K neighbour points, is required. In this
work a data point is assigned the label of the majority of its K-nearest neighbours.
A tie-breaking rule is implemented if two or more labels have an equal number of
neighbours. Other possible rules, such as distance weighted designs, are discussed
in Dudani (1976).

6.3.2 Cross-validation

Cross validation (CV) is the process of iteratively dividing the data into separate
test and training sets which can be used to access the accuracy of a classification
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Figure 6.4: In KNN, a data point is assigned the label of the majority of its K-nearest
neighbours. A tie-breaking rule is implemented if two or more labels have an equal number
of neighbours.

technique. CV is an important step towards predicting the accuracy of a predictive
model in the context of real-world application. When datasets are small, it becomes
impractical to use a large part of the data set as test data only. Using cross-
validation, a small number of data points can be removed at a time, leaving the
majority of the points to build the prediction model (Simon et al., 2003). Due to
its efficient use of data, CV is ideally suited for the current work.

Cross-validation is often used to reduce the risk of overfitting, where the model
is tuned to fit the set of data it trained with, at the expense of generalizability.
Evaluating a model using cross-validation helps to avoid overfitting since the test
data is by definition not a part of the training data set.

All of the LDV recordings made on all of the participants were segmented into
heart sound cycles from which features could be extracted. Leave-one-out (LOO)
cross validation was chosen to evaluate the classifier’s performance. In order to
minimize the bias within the classifier, the rest of the cycles of the participant
currently being tested were removed from the training data. The participant was
allocated the data label that occurred most frequently among their individually
classified samples.

6.3.3 Model parameter choice

An advantage of KNN classifiers is that they do not require the choice of many
model parameters and are not particularly sensitive to parameter choices. Applying
Matlab’s KNN classifier requires choosing three parameters: the number of nearest
neighbours to consider, the distance metric and the classification rule. The choices
for the rule and distance were the majority vote with a nearest tie-breaker and

Euclidean distance. Both of these parameters are commonly used when applying
KNN classification.
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Table 6.2: Confusion matrix for the individually classified pathologies.

Predicted
AS | MR [ASMR| MS [ASAR/MSMR| N |VSD |[HOCM

AS 35 | 12 12 6 4 5 10 | 10 6
MR | 24 | 5 8 9 6 15 19 | 11 3

= ASMR | @1 | 14 5 6 4 4 11 | 6 8
g MS 14 | 11 5 20 1 16 19 | 6 8
</ ASAR | B0 | 14 15 8 0 2 15 | 12 4
MSMR | 13 | 14 5 19 1 5 34 | 9 1
N 19 | 11 8 14 5 22 8 8 4
VSD | Bl | 16 7 11 4 10 17 | 0 4
HOCM | 28 | 10 15 5 6 1 15 | 10 0

The results obtained from using different K values as well as different threshold
values were compared. It was found that, when classifying AS or Not AS, K = 3
and a normalized threshold value of ¢ = 0.6 classified the most patients correctly
when using LOO CV.

6.4 Individual participant results

As mentioned in the introduction of this chapter, there was not enough unique
data available to create a classifier which could differentiate between normal and
abnormal participants or sensibly distinguish between the full set of pathologies.
There were, however, a sufficient number of participants who presented with AS to
create a classifier which could reliably distinguish between AS and those without
AS, hereafter referred to as "not AS" participants. This seems to suggest that the
chances of creating classifiers for other combinations of pathologies are good, given
additional data. A confusion matrix is used to represent the performance of a clas-
sifier. A diagonal line of maximum values would indicate that the actual pathology
of each participant was correctly predicted. The distribution of predicted patholo-
gies, given as percentages for each actual pathology are shown in Table 6.2. The
most frequent predictions are shown in green. From Table 6.2 it can be concluded
that the classifier does not accurately predict individual pathologies, as is to be
expected given the low number of participants exhibiting a given pathology.
There were enough AS participant recordings to allow an AS/not AS classifier
to be trained. To illustrate the effect of the chosen feature set and threshold level,
Table 6.3 compares the actual and predicted pathology for feature threshold levels
of t =0.1,0.3 and 0.6. It is clearly visible that the threshold value as well as the
chosen feature set does not drastically affect the accuracy of the classifier, which
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Table 6.3: Comparison of KNN classification results for LDV data with K = 1 and
t =0.1,0.3 and 0.6. Feature sets of f,;qn and fiqz of the full cycle, systolic and diastolic
components, and the combination of full cycle, systolic and diastolic components are
given. AS is labeled with a numerical value of 2 and not AS is labeled with a numerical
value of 1.

Full cycle Systolic and |Full cycle, systolic
diastolic and diastolic
Normalized threshold value ¢
PAT | Actual | 0.1 0.3 |0.6| 0.1 0.3 0.6 0.1 0.3 0.6
1 1 il 1 | 0 B 1§ B 1| B
2 1 1 1 | B ¢ 1 § B 1 | °
3 2 1 I 1 1 I 1 1 I I
4 2 I 1 1 I 1 1 I I 1
5 1 1 1 1) 7 1 3 7 1 | B
6 1 1 1 0 0 1 0 0 10
7 2 2 2 2] 2 2 2| 2 2 | 2
8 1 il 1 | 0 B 1§ B 1| B
9 1 1 1 | @) ¢ 1 | §p] ° 1 | °
10 1 1 1 | @ & 1 | §p | ° 1 | °
11 1 1 1 | @ & 1 | §p | ° 1 | K
12 2 1 1 1 1 1 1 1 1 1
3 | 1 | 0| @ | @ § | ® 8|8 @&
4|1 | B 0| R B BB m k|
5| 1 | @ | & [ 8| 0| 0 [ K| 0| 0|8
6 | 1 | @ | & [ 8] 8| 8 [ E| 8| 0|8
T | 1 | @ | & [ 8] 0| 8 [ E| 8|0 [8
1§ [ 2 | 1 | B [ B 1| B | B| B[ 1L |8B
9 | 1 | 0 [ @[ @ § | 8 8|8 @ &
0 | 1 | § | 8§ | 8] 8| 8 8] 0 B ®
Total correct 17 18 17 17 18 17 18 18 18
Total incorrect| 3 2 3 3 2 3 2 2 2

is confirmed by the results obtained by Jiang et al. (2007) for their two-parameter
classification scheme. The results obtained using the full cycle, systolic and diastolic
components are more accurate than those of the full cycle or systolic and diastolic
components individually. The correctly classified AS participants are highlighted in
green and the incorrectly classified participants are highlighted in yellow for better
visibility.

Table 6.4 shows the confusion matrix for the final AS/not AS classifier with
K = 3, and a normalized feature threshold of t = 0.6 . With the simplified classifi-
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Table 6.4: Confusion matrix for the AS not AS classification.

Predicted

AS |[Not AS
Actual AS 4 1
Not AS| 0 15

Table 6.5: Individual results for each pathology for AS or not AS classification as a
percentage of the total number of cycles classified for K = 3 and a normalized threshold
of t =0.6.

Participant| 1 |2 |3 | 4|56 |78 9|10
Not AS |8090 |25 |45|80|100| 30|75 |95 |100
AS 20110|75(55(20] 0 |70(25| 5 | O
Participant|11|12|13 |14 (15|16 |17|18 /19|20
Not AS |70[90[90[95|95|80|70|40|95| 79
AS 3011010 5|5 (20]30(60| 5 |21

cation scheme the classifier has much improved accuracy: 19 of the 20 participants
were correctly identified as either AS or not AS. The results per participant for are
shown in Table 6.5, and are listed as a percentage of the total number of cycles
classified, with the higher percentage highlighted. Only Participant 12 was con-
tinuously misdiagnosed as not AS, regardless of the classifier used. Participant 12
was diagnosed by a cardiologist as having "mild AS", which may be affecting the
classifier’s ability to identify the participant as AS. From Table 6.5 it can be seen
that for the majority of the correctly classified participants a high percentage of
the samples are classified as one label. Only for Participant 4 and Participant 18
are there a near equal number of samples for each label. The tendency of samples
to overwhelmingly be classified as one label or another indicates a high degree of
similarity between the recordings of a single participant.

The fact that the data could be classified into participants who presented with
AS and those who did not demonstrates the theoretical soundness of the classi-
fication scheme. It is likely that, given more data, it would be possible to train
classifiers able to distinguish between other pathologies.
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6.5 Sensitivity and specificity

Sensitivity and specificity are the common measure of the performance of a clas-
sifier. They are used as statistical measures for determining how accurately a
classifier predicts data. Sensitivity and specificity are defined as follows

TP . TN
m——m and SpeC1ﬁC1ty —_—— (61)

TN+ FP
where TP, FN, TN and F'P are defined as
TP - true positives (participants who were correctly classified as AS)
FN - false negatives (participants who were incorrectly classified as Not AS)
TN - true negatives (participants who were correctly classified as Not AS)
F P - false positives (participants who were incorrectly classified as AS)

Sensitivity =

In classifying AS participants, the current classifier has an 80% sensitivity and
100% specificity in classifying AS and Not AS participants, although the value of
these results is questionable due to the low sample size.

6.6 A comparison to the diagnosis of cardiologists
using auscultation

The cardiologists were asked to perform manual auscultation with their stetho-
scopes without knowing what the echocardiogram revealed as the true diagnosis.
The cardiologists all correctly identified the patients as either normal or abnor-
mal. One patient was incorrectly identified as having PS, but the echocardiogram
revealed that the diagnosis was actually VSD.

The comparison between the cardiologists and the classifier is superficial at this
point. The number of participants recorded in the study is not sufficient to accu-
rately compare the performance of a cardiologist to the classification achieved in
the current study. As the data currently stands, the cardiologists have a sensitivity
of 100% for classifying AS and Not AS participants, which is more accurate than
the classifier. This is unsurprising since the cardiologists have been trained on a
large data set for many years. They are thus the benchmark for any proposed
classification system.

6.7 Chapter summary

Frequency domain features were extracted from the LDV data and used to train a
KNN classifier which could distinguish between participants who presented with AS
and those who did not. The KNN classifier’s results were presented and analyzed
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and found to have a sensitivity of 100% and specificity of 80%. The classification
results were compared to the diagnosis results of cardiologists and indicate that
classification using the LDV is indeed possible.
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Chapter 7

Conclusions and recommendations

7.1 Introduction

The LDV has been compared to a phonocardiogram (De Melis et al., 2007) and PA
and been used to identify events such as the opening and closing of the heart valves
(Umberto et al., 2007). This project explored the LDV’s abilities as an autonomous
auscultation device. In the following sections the various conclusions are drawn and
where applicable recommendations are made for future work.

7.2 The laser Doppler vibrometer as an
auscultation device

The LDV has been compared to other auscultation devices, such as the stetho-
scope. Work done by researchers from the University of Marche showed that data
generated by the LDV could be post-processed to yield a chest wall velocity profile
or an output similar to that of the phonocardiogram. This finding was confirmed
in the current work. That the LDV can produce an output similar to the phono-
cardiogram is of particular significance since the phonocardiogram is familiar to
cardiologists. This bodes well for the use of the LDV in a clinical setting. Since
the Stream 1 LDV data has a wave shape similar to the phonocardiogram, future
work could include the LDV data as an audible aid to cardiologists.

7.3 Denoising

The Stream 1 LDV signal as well as the accelerometer and stethoscope signals were
denoised with a band-pass Butterworth filter, wavelets and EEMD. The Stream 2
LDV data was denoised using a low-pass Butterworth filter and EEMD. The de-
noising process was effective at removing signal dropouts as well as noise for both
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streams of data. The post-processing was not done in real time as there was no
need for a instantaneous display of any results. The current implementation of
EEMD would be prohibitively expensive were real time classification required.

The LDV is inherently prone to the occurrence of signal dropouts, discussed
in Section 4.2.1. Dropouts cannot be avoided while measuring, but they can be
reduced (Gatzwiller et al., 2002). Proper perpendicular alignment of the measure-
ment beam with the measurement surface, adequate focus of the laser beam, an
optimal measurement distance and good surface reflectivity are listed as factors
which would reduce the number of dropouts experienced.

7.4 Data acquisition and hardware

7.4.1 The LDV and external noise

The LDV was found to be extremely sensitive to vibrations of the frame upon which
it was mounted. Contact with the frame during recording had to be minimized
as any external vibrations prevented the recording of usable data. The developed
segmentation method in Section 4.3 proved to be mostly immune to these variations
as any disturbance drastically changed the complexity of the processed signal. The
segmentation algorithm therefore excluded these cycles from the usable dataset.
While this process ensured that the externally introduced artifacts did not distort
the classification data, it did reduce the number of cycles available for classification.

For future work it is recommended that the LDV is mounted on a structure
which has no contact with the individual conducting the study or the participant
whose data is being recorded. The LDV’s sensitivity to vibrations necessitates that
it be securely mounted during use and will make the development of a hand-held
LDV auscultation device challenging.

7.4.2 The vibration surface

Umberto et al. (2007) used retro-reflective tape to enhance the signal of the LDV
used in their study. They reported that the application of retro-reflective tape to
the participant significantly reduced the occurrence of signal dropouts. Initially,
identical retro-reflective tape was used in the current study, but was removed after
it was found that it degraded the LDV signal. A likely cause of this discrepancy is
the much larger distance between the participant and the LDV unit in the work of
Umberto et al. (2007) than in the current work.

Despite the poor results from the retro-reflective tape, it was found that small
paper sticker greatly improved the signal quality of the LDV. The sticker gave the
LDV a measurement surface which was uniform in both texture and colour. Stickers
of various colours were tested and it was found that a white sticker resulted in the
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best signal quality. Because of the variation of signal quality with the sticker colour,
it is likely that the skin tone of the participants as well as the variation of skin tone
of a single patient would likely influence signal quality. The presence of chest hair
was found to cause erratic behaviour in the recordings as the individual hairs would
move in and out of the laser’s beam as the patient breathed, causing signal spikes
at unpredictable intervals.

7.5 The piezoelectric accelerometer

The study found that the accelerometer recordings on the sternum and apex of the
heart were similar but had opposing polarities. The integration of the accelerometer
data to velocity was shown to be effective as it compared well with the signal
obtained from the LDV data, as shown in Figures 5.10 and 5.11. The accelerometer
placed at the sternum had the same sign as that of the LDV data, and the same sign
was observed in both the data which had been integrated to calculate the velocity
and position data. The accelerometer data from the apex, however, had an opposite
sign to that of the LDV data. The LDV was also tested against the PA, as the
PA is more commonly used in the biomedical field. The LDV and PA produced
very similar results when used to calculate HR and analyze systolic versus diastolic
signal ratios, indicating that the LDV is a viable instrument in those common use
cases.

7.6 The stethoscope

The stethoscope used in this study did not perform to the satisfaction of the au-
thor. The original stethoscope meant for use in the study was destroyed by a fel-
low student shortly before clinical trials began, leaving inadequate time for a new
stethoscope to be tested in a clinical setting. The choice was made to make the new
stethoscope battery-powered, but unfortunately the batteries depleted more rapidly
than was anticipated. Some participants therefore do not have usable stethoscope
data. It is therefore recommended that a new electronic stethoscope be developed
or bought for use in any future studies.

7.7 Segmentation

The ECG system could only record 10 seconds of data at a time. A segmentation
algorithm was developed which combined the standard of segmentation by the ECG
with a simplicity curve approach, first described by Nigam and Priemer (2005). The
segmentation performed using the simplicity curve compared well to that of the
ECG. The ECG data was recorded on a different laptop to the LDV, accelerometer
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and stethoscope and as such the two data streams had to be synchronized. A
sinusoidal signal was introduced as an artifact into both of the streams which
could then be synchronized automatically during post processing. Despite the
effectiveness of segmentation using simplicity curves, future work should consider
using an ECG able to record more data as segmentation using the ECG remains
the gold standard for segmentation in biomedical research.

The combined segmentation approach of using the simplicity curve and ECG
data meant that most of the usable cycles were correctly extracted from the recorded
data. The method proved to be immune to noisy data as the simplicity curve would
reflect the presence of noise rather than the more simple heart sounds. The effect
of the number of extracted heart sound cycles was not investigated in the current
work. It would be sensible to assume that a larger number of cycles would ensure
more confidence in the output of the classifier. The topic could be included in
future work as a point of interest.

7.8 Feature extraction

Six LDV features were extracted for each heart sound cycle. FFTs were calculated
separately for the full cycle as well as for the systole and diastole of the cycle.
From each FFT curve the signal bandwidth was calculated at a threshold value
and the position of the maximum frequency was extracted. Various combinations
of features were tested and it was found that all six LDV features gave the best
classification results (see Table 6.5). The PA data was tested alone as well as in
combination with the LDV data, but did not significantly improve the classification.

The feature set used in this work is far smaller than the features used by Botha
(2010) and Visagie (2007), which means the classifier is computationally cheaper
than the preceding projects. Botha (2010) and Visagie (2007) had a far larger data
set, which means the robustness of their systems have been tested to a greater extent
than the classifier in the current work. KNN classifiers are not complicated systems,
and therefore the choice and testing of features for its input is a straightforward
process. The features extracted from the FF'T data proved to be adequate for the
KNN classifier.

No morphological data from the velocity profiles was used to extract any fea-
tures. Future research could include such features in order to further improve
classifier performance.

7.9 Classification

KNN classification uses the nearest data points to the unclassified data point to
decide what that point should be classified as. KNN classifiers are simple and
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robust, making them well suited for dealing with potentially noisy data.

When the two feature classification system was tested, the classifier could not
differentiate between normal and abnormal participants, even though the normal
to abnormal participant ratio was similar to the work of Jiang et al. (2007) from
whom the two-feature classification system was adapted. Further investigation
yielded that a reason for this could be that there were too few normal participants
recorded. The classifier was therefore trained to differentiate between AS and
Not AS participants, as a larger number of AS participants had been recorded.
This improved the classification results marginally. By adding the systolic and
diastolic features, totalling 6 features, acceptable accuracy was obtained. The
normal /abnormal classification however, still suffered from poor performance even
with the new feature set. The conclusion was drawn that more normal participants
were required, which was an oversight in the planning for the clinical trial. The
original time line for the work also did not allow more participants to be recorded by
the time the lack of data became apparent. The classification between participants
with AS and those without resulted in a classifier with a specificity of 100% and a
sensitivity of 80%.

The data recorded for the current work did not include innocent heart murmurs,
which are an important subsection of detectable heart murmurs. Future work
should therefore include innocent heart murmurs which could either be grouped
as "normal" or as a completely separate pathology depending on the classification
results obtainable. With a larger data group attention could also be given to the
severity of the various heart murmurs, which could not be done in the current work.

Leave-one-out cross-validation was applied at the participant level. For each
participant, a set of features from each heart cycle was classified using the training
data from all other participants. The label most frequently allocated to the individ-
ual heart cycles of a participant was the overall label allocated to that participant.

Future work could explore different classification schemes. There are many
variations of KNN classifiers which could be tested or an entirely different classifier
could be evaluated. Possible classification schemes to investigate include neural
networks, support vector classifiers or random forest classifiers.

7.10 Physical and other limitations of the LDV
against mechanical auscultation

The LDV as a biomedical sensor has only recently become an active research topic
(De Melis et al., 2007; Umberto et al., 2007). As such, there are still a variety of
limitations to be overcome and open problems to be solved before the LDV can
enter mainstream use. In this section, some of these will be discussed.

The LDV is prone to signal dropouts, as discussed in Section 4.2.1. These
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dropouts could affect the Stream 1 waveform shape, potentially making it un-
recognizable to cardiologists used to interpreting phonocardiograms. Real-time
filtering techniques could be investigated to remove signal dropouts, in order to
overcome this limitation.

The current LDV is large and not suitable for hand-held use. In Section 5.3.3 it
was discussed that the measurement position could affect the recorded data. Since
it is not attached to the participant, any relative motion between the LDV and
the participant could distort the recorded measurements. Relative motion can be
introduced by the participant moving or the LDV’s position being unstable, such as
would be the case with a hand-held device. The LDV is not attached to the point of
measurement in any physical way. As a result, non-stationary participants cannot
be recorded with the LDV alone, as the LDV does not track the measurement point
in the same way a contact sensor would. A tracking system could be implemented
to automatically hold the point of measurement of the LDV constant, irrespective
of movement of the participant, however it may prove challenging to ensure that
critical diagnostic information is not lost in this compensation process. As both a
stethoscope and a PA are attached to the participant being recorded, they are not
subject to either of these problems.

The LDV must be mounted securely at a constant distance from the subject
to record reliable data. In contrast, the stethoscope and PA are small and light,
making them easy to maneuver and attach to surfaces. The LDV would need to
become more compact to be suitable for comparable biomedical purposes.

Finally, the LDV requires surface preparation to ensure a consistent recording.
Factors such as the presence of chest hair influence the accuracy of the LDV record-
ings. A smooth, consistent surface on the participant greatly improved recordings.
The stethoscope and PA do not have this restriction.

7.11 Project objectives

7.11.1 Record simultaneous data from the LDV,
accelerometer and stethoscope and synchronize it
with ECG data

Data was successfully recorded with the LDV, accelerometer and stethoscope and
ECG. The data was synchronized using a "coil box" discussed in Section 3.2.5 which
introduced an artifact sinusoidal signal to both the DAQ and ECG. The artifact
signal could then be aligned during post-processing.
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7.11.2 Find features which can be used to classify various
heart murmurs

Six frequency domain features were identified for both the LDV and PA data which
could be used to adequately classify the recorded data. The chosen features were
the bandwidth of the FFT at a specific threshold value as well as the frequency at
which the maximum of the FFT occurred. These two features were extracted for
each full heart sound cycle as well as the systolic and diastolic components of the
signal.

7.11.3 Implement a proof of concept classifier for

automated diagnosis of heart murmurs using the
LDV data

A KNN classifier was chosen as a proof-of-concept classifier for the current work.
KNN classifiers have been proven to be resistant to noisy data and are computa-
tionally inexpensive in the context of the current work. The classifier proved that
an automated classification system based on LDV data could be developed. The
classifier could accurately distinguish between participants that presented with AS
and those who did not. Lack of data means that no absolute conclusions can be
made for the classification of the LDV data, but it is clear that its recordings have
diagnostic value. Future work should include a larger number of healthy partici-
pants in particular.

7.11.4 Characterize the LDV output for various heart
murmurs and compare its output to the well-known
phonocardiogram and PA recordings

A comparison of the velocity profiles which were recorded for each participant in-
dicated that certain morphological features could be identified as unique to specific
heart murmurs. These features were briefly highlighted and discussed in Section 5.2.
A BP filtered LDV signal also shows the characteristic morphological shapes com-
monly seen in phonocardiogram recordings which directly relate to the vibrations
of the chest as they are translated to sound. The positions used to record the
LDV data was taken from the work done by (De Melis et al., 2007; Umberto et al.,
2007) however the results of this study shows that other positions may yield other
diagnostically relevant results. This could be pursued in future work.
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medical

1200HR High Resolution ECG

Technical Specifications

Lead

Standard 12 leads

Defibrillation protection

Protected against 360 J discharge

Lead OFF detection

Detached Lead or Offset >0.5V

Pacemaker Pulse detection

From 0.1 to 2ms at 2 to 700mv

Sensitivity

5,10, 20, 40 mm/mV

Horizontal scale

12.5, 25, 50, 100 mm/sec

Signal dynamic range

20mV

DC max. input

+ 330mV

Resolution 16 bits (0.3 uV/LSB)
- Ideal for Heart Rate Variability, Signal Averaged | FCG maximum sampling 16,000 samples per second
ECG and Exercise applications rate
- Very High resolution ECG processing Input impedance > 100Mohm
- Easy interface to EMR (Electronic Medical CMMR > 100dB
Records) and HIS (Hospital Information Frequency range (-3db) 0.05 — 300 Hz=
Systems) Low pass filter 20, 35,40 Hz
- Right side and Posterior chest leads Base line filter Yes
- On-line filtering and automatic Base line Line noise filter 50/60Hz
correction. Communication interface | USB
- Free Software updates for the life of Power supply 5VES%
system. Current consumption <200mA* 10%
- Export test results into formats: JPEG, XML, Size 17x9 x 3 cm
Plain text, GDT, native RAW data. Weight 300 gram

- Network Storage enabled.
- A4 format plain paper printing during the test

. - . Safety standard
(thermal printer is optional)

TEC 60601-1, EN 60601-1-2
IEC 60601-2-25,
IEC 60601-2-27, EC11

- “Scroll Back” during stress test to see episodes .
Operating temperature

0°C to +50°C

that might have been overseen. (S2) Storing temperature

-40°C to +70°C

- Controls many models of treadmills and

0-85%

CE, FDA approved

ergometers (including GE, Schiller, Quinton) Hunfudlt}t
- Full disclosure of entire stress study.(S1,S2) Certification
- Remote View via Network (S2)
- Enables post processing of saved data (S2)
- ST measurements
- Arrhythmia detection, print and capture VPB
and SVPB (52)
- Blood pressure equipment interface Distributed By:

- Standard as well as unlimited user programmed
Stress test protocols(S1,S2)

Optional Software: Stress, Heart Rate Variability,
QT Variability, Late Potentials, ECG Measurement,
Interpretation, NEMS(Norav ECG Management
System)

*Specifications are subject to changes without notice.

1200HR(1)280807 WWW.norav.com
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PROJECT - Application of laser Doppler vibrocardiography for human heart auscultation

Investigator — Suretha Koegelenberg (082 969 0388)

Patient ID

DATE

SPECIALIST/CLINICIAN

Normal / Abnormal

51

Diagnosis/Comments:

52
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PARTICIPANT INFORMATION LEAFLET AND CONSENT FORM

TITLE OF THE RESEARCH PROJECT:

Application of laser Doppler vibrocardiography for human heart auscultation
REFERENCE NUMBER:

PRINCIPAL INVESTIGATOR: Suretha Koegelenberg

ADDRESS:

Room M517, Fifth Floor, Mechanical and Industrial Engineering Building
Corner of Banghoek and Joubert Street

Stellenbosch

CONTACT NUMBER: +27 (0) 21 808 4376

You are being invited to take part in a research project. Please take some time to read
the information presented here, which will explain the details of this project. Please ask
the study staff or doctor any questions about any part of this project that you do not fully
understand. It is very important that you are fully satisfied that you clearly understand
what this research entails and how you could be involved. Also, your participation is
entirely voluntary and you are free to decline to participate. If you say no, this will not
affect you negatively in any way whatsoever. You are also free to withdraw from the
study at any point, even if you do agree to take part.

This study has been approved by the Health Research Ethics Committee (HREC) at
Stellenbosch University and will be conducted according to the ethical guidelines and
principles of the international Declaration of Helsinki, South African Guidelines for Good
Clinical Practice and the Medical Research Council (MRC) Ethical Guidelines for
Research.

What is this research study all about?

The study wich you have been invited to participate in will be conducted in Tygerberg
Hospital, Cape Town. A maximum of 100 individuals will participate in this study, all of
whom are from Tygerberg Hospital.

The project goal is to test and compare different types of sensors in their ability to
record heart sounds. One sensor in particular, the laser Doppler vibrometer, is of
particular interest to this project.

A laser Doppler vibrometer uses a laser beam to read the velocity of the object it is
pointed at using physics phenomenon known as the Doppler Effect. This system will be
used to pick up the movement of your chest.

The other sensors are basic mechanical or electrical sensors which need physical
contact to pick up your heart’s vibrations. These sensors are a type of accelerometer

HREC General ICF V1, Sept 2009 Page 1 of 4
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(piezoelectric), a stethoscope with a built in microphone, and an electrocardiograph
(ECG).

If you agree to participate in this study, the following procedure will be followed:

1. You will be required to sign this consent form

2. When prompted, please proceed to the recording area

3. Once inside the recording area, you will be examined by a doctor from the
cardiology clinic.

4. The investigator will then place the electrode stickers for the ECG system on you
and perform a quick calibration test

5. The recording process will then be started. The sensors will be used
simultaneously to acquire the necessary data.

6. When the investigator prompts you to do so, put on the necessary safety
glasses.

7. When satisfactory recordings have been made, all the sensors and stickers will
be removed and you will be free to leave the recording area

Your involvement in this study is a single recording session, after which no further
involvement will be required.

Why have you been invited to participate?

You have been classified as either having normal or abnormal heart sounds, and are
capable of making an informed choice to willingly participate.

What will your responsibilities be?

You as a participant will be required to follow the investigator's prompts in order to
ensure that good quality recordings can be made.

Will you benefit from taking part in this research?

There will be no direct benefit for you as a participant.

Are there in risks involved in your taking part in this research?

The laser Doppler vibrometer is a Class 3B laser system, which can cause eye damage
if your eyes are exposed to the beam.

You, as a participant will be equipped with protective eye glasses and will be shielded
from the beam during the recording process. There is therefore no risk to you.

Who will have access to your medical records?

The medical professional will indicate whether you are classified as having normal or
abnormal heart sounds. This will be recorded along with the data acquired from the
sensors. The data will be stored anonymously, which means that no personal data can
be linked to you, the participant.

It is a possibility that the research records must be reviewed by the ethics council, study

monitors or study sponsors. The records will be stored as strictly anonymous, and so no
personal information will be available to any person involved in this study.

HREC General ICF V1, Sept 2009 Page 2 of 4



Stellenbosch University http://scholar.sun.ac.za

Will you be paid to take part in this study and are there any costs involved?

No you will not be paid to take part in the study. There will be no costs involved for you,
if you do take part.
Is there anything else that you should know or do?

» You can contact Dr ........ccooviiiiiiiiia, attel oo if you
have any further queries or encounter any problems.

> You can contact the Health Research Ethics Committee at 021-938 9207 if
you have any concerns or complaints that have not been adequately addressed
by your study doctor.

> You will receive a copy of this information and consent form for your own
records.

Declaration by participant

By signing below, | ... agree to take part in a
research study entitled (insert title of study).

| declare that:
¢ | have read or had read to me this information and consent form and it is
written in a language with which | am fluent and comfortable.

e | have had a chance to ask questions and all my questions have been
adequately answered.

e | understand that taking part in this study is voluntary and | have not been
pressurised to take part.

e | may choose to leave the study at any time and will not be penalised or
prejudiced in any way.

e | may be asked to leave the study before it has finished, if the study doctor or
researcher feels it is in my best interests, or if | do not follow the study plan,
as agreed to.

Signed at (place) .......ccccceeeeeeiiiii oN (date) ......cceveeeeeninennnnn. 2005.

Signature of participant Signature of withess

Declaration by investigator

e | explained the information in this documentto ............coiiiiiiiiiii i,

HREC General ICF V1, Sept 2009 Page 3 of 4
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e | encouraged him/her to ask questions and took adequate time to answer
them.

e | am satisfied that he/she adequately understands all aspects of the
research, as discussed above

e | did/did not use a interpreter. (If an interpreter is used then the interpreter
must sign the declaration below.

Signed at (place) .......cccccueeeeeiiiiiii oNn (date) ......coeveveeininannnnn. 2005.

Signature of investigator Signature of witness

Declaration by interpreter

e | assisted the investigator (name) ..........coiiiiiiiiiiiiiiiiiiii to
explain the information in this document to (name of patrticipant)
.................................................... using the language medium of

Afrikaans/Xhosa.

e We encouraged him/her to ask questions and took adequate time to answer
them.

¢ | conveyed a factually correct version of what was related to me.

e | am satisfied that the participant fully understands the content of this
informed consent document and has had all his/her question satisfactorily

answered.
Signed at (place) .......ccccceeeeeeiiiii ON (dAfe) ....vviiiiiieee
Signature of interpreter Signature of withess
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