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Abstract

Electrocardiogram (ECQG) is the graphical representation of the electrical signals of
the human heart. In clinical practice, the ECG is used as a standard tool to assess
cardiac activities and diagnose the myocardium condition. Any heart dysfunction
is reflected in the ECG signal as a deviation from the normal characteristic of
the healthy human heart. Variations in the morphological features often indicate
specific cardiac pathologies. However, visually detecting subtle changes across
24-hour ECG recordings can be time-consuming, susceptible to human error, and
a challenging task for medical professionals. This necessitates the development
of automated computer-aided diagnostic (CAD) system using advanced signal
processing techniques for accurate and efficient detection of cardiac abnormalities.
The thesis introduces an approach that utilizes variational mode decomposition
(VMD) to extract features for myocardial infarction classification using machine
learning techniques. The anomalies of cardiac disorders are reflected in different
leads of the 12-lead ECG. However, utilization of multiple electrodes restricts
their usage in some applications, such as continuous monitoring, ambulatory
monitoring, personalized healthcare, and remote monitoring. Thus, deriving the
standard twelve-lead ECG from its subset without losing the diagnostic quality
is essential to mitigate the mentioned challenges and reduce the complexity
of the system. This thesis proposes to decompose the three predictor leads
using discrete wavelet transform (DWT) and applies the long short-term memory
(LSTM) algorithm on selected subbands to synthesize the 12-lead ECG signal.
Furthermore, the synthesized ECG signals are expected to retain the person

specific biometric information. In this direction, a hierarchical LSTM architecture
TH-3921 146102031



has been explored to investigate the effectiveness of synthesized ECG signals for

person identification applications.

The first contributory work of the thesis introduces a multiscale approach for
detection of myocardial infarction (MI) from multilead ECG. The variational mode
decomposition (VMD) grossly decomposes the diagnostic components of ECG
such as the P-wave, the QRS-complex and the T-wave into different modes. In
MI pathology, the shape and the amplitude of the diagnostic components of
multilead ECG (MECQG) are different from the normal sinus rhythm (NSR). These
pathological changes may affect the characteristics of the coefficients of MECG
at different modes. The features evaluated from the coefficients of MECG will
be helpful for detection of MI. The proposed multiscale approach is based on
the evaluation of multiscale mode energy and eigenspace (MMEE) features of
multilead ECG. The MMEE features of multilead ECG are fed as an input to various
classifiers for M| detection. Experimental results shows that the proposed method
is capable of accurately detecting Ml and demonstrate the superior performance

compared to the existing approaches.

In the second work, an enhanced ECG spatial resolution approach that exploits
the spatio-temporal correlations within the hidden feature space is investigated.
The proposed approach takes leverage of the enhanced inter-lead correlation of
the ECG signal in the wavelet domain. This high correlation between different
leads within the same wavelet scale can be effectively utilized to train an advanced
recurrent neural network (RNN) model. The experimental results are evaluated us-
ing different diagnostic measures and similarity metrics to assess the preservation
of diagnostic information and quantify any potential loss. The proposed framework
is well founded, and accurate reconstruction is possible as it can capture clinically

significant features and provides a robust solution against noise.

In the third work, an HLSTM architecture has been explored to investigate the

TH-3921_146102031



effectiveness of synthesized ECG signals for person specific information. The
model examines the similarity of biometric information between the original and
reconstructed signals from the same record at different layers of hierarchy. To
evaluate the performance of the synthesis model, a novel metric called Person
Identifiability (Pl) has been introduced. Experimental results demonstrate that
the synthesized ECG signals retain person specific characteristics comparable to

those of the original signals.

Keywords: Electrocardiogram (ECG), Variational mode decomposition (VMD),
Myocardial infarction (Ml), ECG synthesis, Discrete wavelet transform (DWT), Long
short-term memory (LSTM), Biometric identification, Person specific information,

Hierarchical LSTM (HLSTM).
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1. Introduction

Cardiovascular diseases (CVDs) are the chief contributor to mortality and disability worldwide,
accounting for an estimated 17.9 million fatalities in 2019, or 32% of global deaths [1]. They
are responsible for approximately 38% of all premature deaths globally [2]. Among the various
types of CVDs, heart diseases such as cardiac arrhythmias and coronary artery disease
(CAD) are particularly significant contributors. These cardiac disorders frequently deteriorate
over time; therefore, if not treated, they can result in serious complications such as strokes and
myocardial infarction. Early diagnosis and a deeper understanding of cardiac disorders are
essential for initiating timely and appropriate treatment strategies [3]. The electrocardiogram
(ECG), which records the heart’s electrical activity, is a fundamental non-invasive clinical tool
for detecting and diagnosing most cardiac disorders.

Contemporary diagnostic devices for assessing cardiovascular health include ECG, my-
ocardial perfusion imaging (MP1), cardiac ultrasound, cardiac computed tomography (CT)
angiography, CT calcium scoring, cardiac catheterization and cardiac magnetic resonance
imaging (MRI). Among these, ECG stands out as a simple, non-invasive, easy application
and cost-effective method widely employed by physicians and cardiologists to monitor and
diagnose cardiac ailments [4]. The electrophysiological defects of the heart leave a distinct
signatures on the ECG. The accurate identification of these signatures can aid in the diagno-
sis of cardiac abnormalities. Clinically, ECG recordings are typically acquired in two formats:
(i) Holter ECGs or single-lead ambulatory which record the heart’s electrical activity from a
single perspective over long periods. These are particularly useful for the characterization and
early diagnosis of rhythm disorders, such as atrial fibrillation (AF) (ii) the standard 12-channel
ECG captures the heart’s electrical activity from different perspectives in the frontal and
transverse planes over multiple heartbeats. This format is commonly used to diagnose acute,
spatially localized cardiac disorders such as cardiomyopathy (CYD), conduction disturbances
(CD), and myocardial infarction (MI). As a result, meticulous analysis of both single- and
12-lead ECG signals is essential for diagnosing cardiac abnormalities, assessing risk, and
evaluating the impact of medical interventions.

An experienced cardiologists diagnose cardiac ailments clinically by manually analyzing
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key ECG characteristics, including the P-wave, the T-wave, the ST-segment, and the QRS
complex [5]. However, due to the varied causes of cardiac conditions, pathological ECG
waveforms exhibit dynamic variations in duration, amplitude, and morphological changes.
Furthermore, as the disease progresses, subtle changes in pathological ECG features can
appear in specific leads of a 12-lead ECG. Manually analyzing lengthy single-lead or 12-lead
ECG recordings is not only labor-intensive and time-consuming but also prone to errors [6].
The visual assessment of diverse pathological manifestations also introduces subjectivity,
leading to inter- and intra-rater variability [6,|7]. Therefore, there is a pressing need for
automated ECG interpretation methods that can effectively capture disease variations and
facilitate faster, more objective, and accurate clinical decision-making.

The advancement of emerging technology in developing miniature and wireless ECG
devices with minimal complexity has recently gained significant popularity. The multichannel
ECG signal is recorded with the aid of multiple electrodes attached to predefined locations
on the surface of the human body. However, utilizing numerous electrodes compromises
the patient’s comfort and intensifies the overall intricacy of the system [8]. This challenge
becomes even more pronounced in ambulatory conditions, where the use of a large number
of electrodes complicates the recording process. The application of a derived 12-lead ECG
system is effective in an area where monitoring and recording of a standard twelve-lead ECG
is challenging [9]. In remote healthcare settings, where access to medical professionals with
expertise in ECG diagnosis is limited, a derived ECG system plays a crucial role in facilitating
data transmission, compression, and efficient healthcare delivery [10].

The growing adoption of wearable healthcare devices and remote healthcare has made
personalized CVD diagnostic systems increasingly relevant. Advances in communication
technology and the Internet of Things (loT) have driven a shift toward artificial intelligence
(Al)-based healthcare systems, raising concerns about the privacy and security of sensitive
medical data recorded both in hospital settings and personal wearable devices. The ECG
signal offers a viable biometric modality for securing healthcare information and identity
recognition, as its unique morphological patterns vary from person to person. Additionally,
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1. Introduction

it is highly resistant to spoofing due to its inherent liveliness characteristics and minimal
exposure to covert acquisition. As a result, ECG-based biometrics emerge as a practical
solution not only for healthcare security but also for a wide range of applications, given its
ease of acquisition and reliability [11].

This thesis aims to develop a reliable and efficient automated computer-aided-diagnostic
(CAD) system capable of analyzing, interpreting, and visualizing the ECG signals to assist in
the accurate diagnosis of cardiac abnormalities, minimizing the complexity and enhancing
the security system for sensitive medical data. This chapter begins with an introduction to the
physiological processes of the heart and the ECG signal. The following section discusses both
the single-lead and multi-lead ECG signals, followed by the pathological manifestations of
cardiac disorders. Furthermore, we present a brief introduction to the synthesis of the 12-lead
ECG and person specific information from synthesized ECG. The scope of the present work

is discussed at the end of the section.

1.1 The Physiology of the Heart and the Electrocardiogram

The human heart is an autonomous organ that serves as the central component of the
cardiovascular system, responsible for pumping oxygenated blood throughout the body. A
cross-sectional anatomy of the heart is shown in Figure[1.1] It is enclosed within a protective
and fluid-filled sac called the pericardium and consists of four chambers: two upper atria
and two lower ventricles—as well as four valves: the tricuspid valve, the pulmonary valve,
the mitral valve, and the aortic valve [5]. The left and right atria are separated by a thin
membranous wall known as the interatrial septum, while the left and right ventricles are
divided by a thick muscular wall called the interventricular septum.

The heart facilitates blood circulation in a unidirectional manner. Deoxygenated blood
from the body is first received by the right atrium through two large veins, the superior vena
cava and the inferior vena cava [12]. It then flows from the right atrium (RA) to the right

ventricle (RV) through the tricuspid valve, which prevents backflow into the atrium. The
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1.1 The Physiology of the Heart and the Electrocardiogram
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Figure 1.1: Cross-sectional anatomy of the heart.

right ventricle subsequently pumps the blood to the lungs through the pulmonary valve for
oxygenation. Oxygen-rich blood returns to the left atrium (LA), from where it is transferred to
the left ventricle (LV) via the mitral valve. The left ventricle then pumps the oxygenated blood
into the aorta through the aortic valve, which distributes it throughout the body.

The heart’s activity is regulated by an intrinsic electrical conduction system composed of
specialized cardiac myocytes, or pacemaker cells. This conduction pathway consists of the
sinoatrial (SA) node, atrioventricular (AV) node, His bundle, and Purkinje fibers [12]. Figure
[1.2]illustrates the conduction system of the heart and the classical ECG waveforms. The
electrical impulse originates in the SA node, spreading across the LA and RA to induce atrial
contraction. This process, known as atrial depolarization, is represented by the P-wave on an
ECG. The impulse then reaches the AV node, which acts as a relay station between the atria
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Sinoatrial (SA) node

Atrioventricular (AV) node

Bundle of His

Left bundle branch

Right bundle branch

The conduction system

Purkinje fibers

T [ P wave: depolarization of atrial myocardium

. A _a . QRS complex: depolarization of ventricle
|
e l

. T wave: repolarization of ventricle

Figure 1.2: Conduction system of the heart and the classical ECG waveforms.

and ventricles. Subsequently, from the AV node, the electrical stimulus travels through the left
and right bundle branches, stimulating the interventricular septum and triggering ventricular
contraction. Ventricular depolarization is facilitated by the His bundle and Purkinje fibers.
This event is characterized by the large QRS complex [5]. During ventricular depolarization,
the RV pumps deoxygenated blood to the lungs, while the LV distributes oxygenated blood
throughout the body. This is followed by ventricular repolarization, indicated by the T-wave on
the ECG, and the heart enters the ventricular diastole phase.

The electrical activity of the heart, as recorded by the ECG, provides valuable insights
into both its physiological function and pathological conditions. Each ECG cycle comprises
different time-varying morphological features such as P-wave, QRS-complex and T-wave. As
shown in Figure [1.3] each segment or wave of the ECG signifies the vital electrical events
of the heart. The significance of each of the morphological features of the ECG signal are

presented below.

» P-wave: The myocardial contracting cells of both the atria gets electrically stimulated
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1.1 The Physiology of the Heart and the Electrocardiogram

simultaneously by the conducting cells and this composite activation causes atrial
depolarisation which generates P-wave in the ECG signal. Typically, the duration of the

P-wave for a normal sinus rhythm (NSR) varies from 80 to 100 ms.

» PR-interval: The PR-interval represents the duration for the electrical impulse to travel
from the SA node through the atria, AV node, and into the ventricles. In normal condition,

the passage of PR-interval is of 120—200 ms.

* QRS-complex: The cardiac impulse then travels from the AV node to the His bundle,
left and right bundle branches, and Purkinje fibers causing rapid depolarization of the
ventricles, triggering ventricular contraction, resulting in a large QRS-complex in the

ECG signal. The normal duration of QRS-complex is between 60-100 ms.

« ST-segment: Succeeding ventricular depolarisation, the muscle cells attain a plateau
portion where no action potential occurs that proceeds about 120 ms, resulting to the
isoelectric ST-segment in the ECG. The ST-segment represents the period between

ventricular depolarization and repolarization.

» T-wave: Eventually, the ventricles enter the repolarization phase, which is reflected on

the ECG as the T-wave. In NSR, the T-wave typically lasts between 100 and 250 ms.

» QT-interval: The QT-interval represents the total time for ventricular depolarization and

repolarization. The QT interval typically ranges from 350 to 450 ms.

* RR-interval: The RR-interval on the ECG is the time between two consecutive R-waves,
which correspond to the depolarization of the ventricles. It is a key measurement for
evaluating both heart rate and rhythm. In a healthy adult with NSR, the RR-interval
typically corresponds to a heart rate of 60—100 bpm.

The sequential process described above forms a single ECG heartbeat, inherently char-
acterized by temporal dependencies within the waveform. In healthy control (HC) subjects,
this cardiac cycle repeats regularly, producing a stable rhythm known as normal sinus rhythm
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Figure 1.3: Morphological features of the ECG.

(NSR). As illustrated in Figure the ECG captures essential information about the heart’s
electrical activity, meaning any dysfunction in the heart can manifest as observable morpho-
logical changes in the ECG signal. Analyzing these changes such as variations in amplitude,
shape, duration offers critical understanding into cardiac pathophysiology [12]. In clinical prac-
tice, the most commonly used ECG systems for assessing cardiac health are the single-lead
ECG and the standard 12-lead ECG [13]. The following sections provide a brief overview of

these ECG recording systems.

1.2 ECG Leads

The heart’s pumping action is initiated by rhythmic electrical impulses generated at the
sinoatrial (SA) node and transmitted to different parts of the heart. An ECG is a graphical
representation of this electrical activity over time, recorded using electrodes placed on the
surface of the body. Since the human body conducts electricity, ECG signals can be recorded
by positioning electrodes at specific locations, namely the wrists, ankles and chest. An

ECG lead represents a vector projection of the heart’s electrical activity, recorded using
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two electrodes. The two types of ECG limb leads are unipolar and bipolar. Unipolar leads
measure the difference in electrical potential between a limb electrode while the other serves
as a reference. Bipolar leads measure a potential difference between two points on the body.

Since early 20th century, various methods have been developed for recording ECG signals,
each employing distinct electrode placement configurations to capture the spatial progression
of the heart’s electrical impulses, thereby improving diagnostic accuracy [14]. Among these,
the gold-standard 12-lead ECG and Holter ECG are widely used in clinical practice. The
12-lead ECG provides a comprehensive snapshot of cardiac activity, making it invaluable for
diagnosing acute and chronic heart conditions. Meanwhile, Holter ECG monitoring enables
continuous, long-term recording, allowing for the detection of intermittent arrhythmias and

other cardiac abnormalities that might not be captured in a short-duration ECG.

Holter ECG Recorder Zio ECG Monitors Smart Watch Monitors
(2-3 weeks continuously) (24-48 hours continuously) (30 s intermittently)

Figure 1.4: Various single-lead ambulatory ECG recording setups and cardiac monitoring durations.

1.2.1 Single-Lead ECG

Single-lead ECG acquisition methods offer significant advantages for prolong cardiac exam-
ination due to their simplicity and practicality. These systems require only two electrodes,
making them easy to acquire and use while also demanding minimal data storage. Although
single-lead ECG signals may not provide a comprehensive cardiac assessment, they offer
valuable insights into sustained heart health, arrhythmic abnormalities, and even biometric
identification. For long-term cardiac monitoring, clinicians rely on portable ECG devices or

Holter monitors, which allow for continuous recording over several hours or even days. Holter
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ECG monitors are particularly valuable for detecting intermittent cardiac abnormalities that
might be missed during a routine hospital visit [14]. Additionally, remote patient monitor-
ing using Holter recorders plays a crucial role in the early detection and management of
asymptomatic or silent cardiac abnormalities, enabling timely medical intervention. Recent
advancements in wireless and sensor technologies have led to the development of portable
wearable devices as shown in Figure [1.4 Most of these devices record single-lead ECG
signals, typically from Lead | or Lead Il. While smartwatches and handheld mobile are more
suitable for intermittent monitoring, Holter ECG devices and cardiac monitoring Patch are
well-suited for long-term ambulatory monitoring, allowing patients to record ECG readings
whenever they experience abnormal sensations. These innovations enhance user conve-
nience and compliance, making continuous ECG monitoring more accessible. Additionally,
single-lead ECG signals are increasingly explored for biometric applications, benefiting from

their ease of use and non-intrusive nature, which improve user acceptance.

1.2.2 Twelve-Lead ECG

Einthoven conceptualised a geometric arrangement of the three limb leads (I, II, lll) as forming
an hypothetical equilateral triangle known as Einthoven’s triangle, with the heart positioned
at its center. According to Einthoven’s law, the sum of the potentials recorded in Leads
I and Il is equal to the electrical potential of Lead Il. Later, Wilson introduced a central
terminal which ultimately provide a foundation for recording additional electrocardiographic
leads. This innovation enabled the establishment of unipolar lead systems (aVR, aVL, aVF),
enhancing diagnostic accuracy. The six leads record projections of the three-dimensional
heart electrical vector onto specific axes, providing multiple perspectives of cardiac function in
the frontal plane. To further enhance ECG analysis, precordial leads (V1-V6) were introduced,
allowing for the assessment of electrical activity in the horizontal plane. Figure1.5(a) shows
Einthoven’s triangle and the positions for placement of precordial leads.

The 12-lead ECG provides a comprehensive view of the heart’s electrical activities from
multiple angles, allowing healthcare professionals to assess heart function and detect cardiac
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Figure 1.5: Standard 12-lead ECG (a) Einthoven’s triangle and the positions for placement of precordial
leads. (b) The three-dimensional perspective of heart’s electrical activity in both the horizontal and
frontal planes

abnormalities. The "12-lead" or "12-channel" refers to the twelve different perspectives of
the heart electrical activity, derived from a combination of electrodes placed on the specific
location of the human body. The 12-lead ECG system is recorded using ten electrodes
placed in a specific arrangement on the body’s surface: four limb electrodes and six chest
electrodes. Figure illustrates the placement of these electrodes. They are labeled based
on their respective positions on the patient limbs and chest (right arm (RA), left arm (LA),
right leg (RL), left leg (LL), and chest electrodes (V1-V6)). The twelve leads derived from

these electrodes are classified into three groups:

(i) Limb Leads (Bipolar Leads) — Derived from three limb electrodes:

 Lead I: Potential difference between LA and RA (LA-RA).
 Lead Il: Potential difference between LL and RA (LL-RA).

 Lead lll: Potential difference between LL and LA (LL-LA).

(if) Augmented Limb Leads (Unipolar Leads) —aVR, aVL, and aVF measure the potential
TH-3921_146102031
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Figure 1.6: Placement of ten electrodes for recording standard 12-lead ECG.

difference between one limb electrode (RA, LA, or LL) and a reference electrode with
a near-zero potential, rather than comparing the voltages between two extremities, as
seen in bipolar limb leads. This near-zero potential is achieved within the electrocardio-
graph by connecting the three limb electrodes to a central terminal, known as Wilson’s

central terminal (M) [5].

(iii) Precordial (Chest) Leads — V1 to V6 measure the potential difference between the chest

electrodes and the central terminal.

The heart is a three-dimensional organ, making it essential to assess its electrical activity
from multiple perspectives for accurate diagnosis. The 12-lead ECG system visualize the
heart’s electrical signals from various unique angles in three-dimensional space as shown in
Figure[1.5(b). In the frontal plane, lead |, lead I, and lead Il views the heart at an orientation

angles of 0°, 60°, and 120°, respectively. Similarly, the augmented limb leads are positioned
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as follows: Lead aVL at —30°, Lead aVR at —150°, and Lead aVF at 90°. The precordial leads
view the electrical signals from a horizontal plane. The anterior part of the heart is captured
by lead V1 through V4. The inferior portion of the heart’s electrical signals is seen using
lead aVF, Lead Il, and Lead lll. Similarly, the right lateral is observed using lead aVR, while
the left lateral portion of the heart is noticed through lead V5, lead V6, lead |, and lead aVL.
Any deviations in these signals from their normal characteristics may indicate pathological
signatures, which are crucial for detecting cardiac abnormalities. Thus, the 12-lead ECG
captures the spatio-temporal variations of the heart’s electrical activity, offering valuable

insights into its function and aiding in a more comprehensive understanding of cardiac health.

Table 1.1: Normal characteristics of P-wave, QRS-complex and T-waves of the limb leads.

Waveform Leadl | Lead Il | Lead Il Lead aVR | Lead aVL | Lead aVF
P-wave upright | upright | negative/upright | negative negative upright
QRS-complex | upright | upright | upright negative upright upright
T-wave upright | upright | negative/upright | negative upright upright

Table 1.2: Normal characteristics of P-wave, QRS-complex and T-waves of the precordial leads.

Waveform Lead V1 Lead V2 Lead V3 Lead V4 | Lead V5 | Lead V6
P-wave upright/biphasic | upright/biphasic | upright upright upright upright
QRS-complex | rS-wave rS-wave equiphasic/upright | upright upright upright
T-wave upright upright upright upright upright upright

1.3 Normal Sinus ECG Signal

The normal sinus ECG is characterized by regular electrical stimuli of the healthy human heart
that originates from the SA node, the natural pacemaker of the heart. Diagnosis of cardiac
health depends on analyzing of essential features of the ECG signal, specifically the P-wave,
QRS-complex, and T-wave. A detailed overview of the morphological characteristics of these
waveforms in a sinus ECG signal is provided in Table and Table [1.2l The sequential

activation of the right and left atria is characterized by the P-wave. It begins with a propagation
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of electrical activity of pacemaker cells in the SA node, typically propagates toward the left
leg, forming an angle of approximately 60° with respect to the frontal plane. As a result, lead
Il displays a positive P wave, while lead aVR consistently records a negative P wave.

After atrial depolarization, ventricular depolarization occurs, giving rise to the QRS com-
plex. Ventricular depolarization consists of two key phases: septum stimulation and simul-
taneous activation of both ventricles. The first phase, septal activation is characterized by
g-waves; they are brief (< 0.04s duration) and small amplitude. During this phase, they
are observed in leads Il, Ill, aVF when the QRS axis is to the right of +60°, and in leads |
and aVL when the QRS axis is to the left of +60°. In the second phase, the left ventricle’s
electrical force dominates, shifting the net dipole toward the left ventricle. This results in a
positive deflection (R-wave) in the left chest leads and a negative deflection (S-wave) in the
right chest leads. As the QRS-complex progresses from lead V1 to V6, the R-wave height
gradually increases, typically peaking around lead V4 or V5; a pattern known as normal
R-wave progression. In contrast, the S-wave commence in V6 or V5 and progress in size
to V2. S-wave in V1 is usually smaller than S-wave in V2. Eventually, the relaxation of the
right and left ventricles of the heart is represented the T-wave represents. The normal T-wave
typically follows the same direction as the QRS complex, except in the right precordial leads.
In a normal ECG, the T wave is always inverted in lead aVR, while it is consistently upright in

leads |, Il, and V3-V6.

1.4 Cardiac Ailments: Pathological Manifestation in ECG
Signals

This section presents a succinct overview of various cardiac ailments and their corresponding
pathological changes in ECG signals. The discussion covers major cardiac ailments, including
myocardial infarction (Ml), hypertrophic cardiomyopathy, bundle branch block (BBB),and
dysrhythmia.
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Right coronary artery

)

Right marginal artery

Left anterior
descending artery

Figure 1.7: The coronary arteries and their anatomical relationships within the heart and the depiction
of MI.

1.4.1 Myocardial Infarction

Myocardial infarction (M) is a life-threatening heart condition caused due to the occlusion of
a coronary artery, leading to reduced blood supply to the heart [13]. The coronary arteries
are a network of blood vessels that encircle the heart, delivering oxygenated blood to the
myocardium. The coronary arteries and their anatomical relationships within the heart and
the depiction of Ml are illustrated in Figure [1.7] The left main coronary artery (LCA) branches
into left circumflex (LCx) artery and the left anterior descending (LAD) artery. The LCx artery
supplies to the lateral wall of the left ventricle, while the LAD artery primarily responsible
for perfusing the anterior wall of the left ventricle and the interventricular septum. The right
coronary artery (RCA) supplies blood to the right atrium, right ventricle, and often the inferior
portion of the left ventricle.

The pathogenesis of MI begins with the formation of plaques, composed primarily of
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Figure 1.8: Healthy control ECG signal and pathological characteristics observed due to Ml. (a)
Normal ECG signal (b) MI with ST-elevation, and (c) MI with hyperacute T-wave peaking and inversion.

platelets, fibrin, and fat, which accumulate on the interior surface of the coronary arteries.
This build-up leads to circulatory disruption and arterial occlusion, restricting blood flow to
a portion of the heart and triggering the onset of MI. M| progresses through three distinct
phases: ischemic, acute and necrosis. The first phase occurs when the blood flow in a
coronary artery is restricted due to atherosclerotic plaque formation. In acute Phase, the
condition worsens as ischemia intensifies, leading to increased damage to the cardiac tissue
and in necrosis phase, the prolonged lack of oxygen results in myocardial tissue death
(necrosis).

During MI, the morphology of the multi-lead ECG signal deviates from its normal charac-
teristics. The ECG anomalies associated with M| such as the hyperacute T-Waves, T-wave
inversion follows after the appearance of hyperacute T-waves, ST-segment elevation and the
development of pathological Q-waves are observed in the 12-lead ECG. These characteristic
ECG changes play a crucial role in the early detection and diagnosis of MI. The normal ECG

and the two pathological characteristics of MI are shown in Figure [1.8]
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1.4.2 Hypertrophic Cardiomyopathy

Hypertrophic cardiomyopathy (HCM) is a condition characterized by abnormal thickening
(hypertrophy) of the heart muscle, which can impair the heart’s ability to pump blood effectively.
The thickened heart muscle can lead to serious complications, including chest pain, shortness
of breath, and electrical abnormalities in the heart. These electrical disturbances may result
in life-threatening arrhythmias or, in severe cases, sudden cardiac death. HCM primarily
affects the septum, the wall separating the two lower chambers of the heart. In some cases,
the thickened septum obstructs blood flow from the heart, a condition called obstructive
hypertrophic cardiomyopathy. When there is no significant blockage of blood flow, the
condition is referred to as nonobstructive hypertrophic cardiomyopathy. However, the heart’s
main pumping chamber, the left ventricle, may become stiff, making it difficult for the heart
to relax properly. This stiffness reduces the ventricle’s capacity to fill with blood, ultimately

limiting the amount of blood pumped to the body with each heartbeat.

1.4.3 Bundle Branch Block

Bundle branch blocks (BBB) are ventricular conduction disorders caused by a blockage in
either the left or right bundle branch, disrupting the normal electrical impulse transmission [13].
As a result, electrical signals travel asymmetrically, causing a delay in ventricular activation
on one side of the heart. This disruption can affect the heart’s pumping efficiency and
overall cardiac function. The left BBB presents distinct morphological features, primarily
characterized by a widened QRS-complex (> 120m:s). In this condition, the entire ventricular
depolarization is directed toward the left chest leads, resulting in broad and deep, and S-wave
in lead V2 and a broad R-wave with notching at its peak in lead V6. T-wave inversion may
be observed in the left precordial leads. Similarly, in right BBB, a delay in right ventricular
activation displays a rSR complex, with a broad R-wave in lead V1, and lead V6 shows a
broad S wave with a gRS-type complex. While BBB are not life-threatening, its presence can

serve as an initial clue to underlying cardiac conditions, warranting further evaluation.
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1.4.4 Dysrhythmia

Dysrhythmia and arrhythmia refer to irregularities in the heart’s rate or rhythm, occurring
when the heart beats too fast, too slow, or erratically. These disturbances may result from
disruptions in the heart’s electrical signaling system or structural changes in cardiac tissue,
affecting the normal coordination of heartbeats. Other factors that contributes to dysrhythmia
include, genetic factors, injury from a heart attack, heart disease, medical conditions, such as

sleep apnea, thyroid disease, or high blood pressure, etc.
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Figure 1.9: Subtypes of ventricular arrhythmias (a) Ventricular fibrillation occurrence in ECG. (b)
Ventricular tachycardia occurrence in ECG.

Different types of dysrhythmia are bradyarrhythmias, supraventricular arrhythmias, and
ventricular arrhythmias (VA). Bradyarrhythmias are associated with a heart rhythms with a rate
under 60 beats per minute (BPM), commonly due to conduction disorder. Supraventricular
arrhythmias are the types of arrhythmia that produce irregular heart’s rate that occur in the
upper chambers of the heart, while ventricular arrhythmias (VA) occur in the lower chambers
of the heart. The subtypes of VA are ventricular fibrillation (VF) and ventricular tachycardia

(VT). VF causes the ventricles to quiver instead of contracting and expanding and squeezing,
TH-3921 146102031
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while VT is characterized by a fast, regular heartbeat exceeding 100 BPM, it can be brief or
sustained for a longer duration, potentially leading to more severe complications. Figure
illustrates the occurrence of VF and VT in ECG. As can be seen from the Figure, VF and VT
is characterized by irregular, squiggly lines with varying amplitudes without recognizable P

waves, QRS complexes, or T waves, reflecting the heart’s disorganized electrical activity.

1.5 Synthesis of the 12-lead ECG

In recent years, progressive advancement in technology have enabled the monitoring of
cardiac condition through wearable devices, including mobile applications, patch monitors,
and smartwatches, with enhancement in speed and quality. However, to keep track of ECG
in these settings are typically inadequate to a single lead or a few leads, which may be
insufficient for accurately diagnosing conditions affecting specific myocardial regions. Since
the signatures of several cardiovascular diseases may appear in limb leads, precordial leads,
or a combination of both. As a result, current clinical guidelines mandate the use of a standard
12-lead ECG for comprehensive and reliable diagnosis.

Spatially enhanced ECG systems are designed to improve the spatial resolution of ECG
recordings by increasing the number of leads used for signal acquisition. According to volume
conduction theory, developed by Burger and van Milaan, the human body is a 3-dimensional,
uneven structure, and have volume conduction. This theory relied on the hypothesis that by
projecting a heart dipole or heart vector on the lead vector in 3-D space, the voltage difference
at any point on the surface of the torso can be determined [16]. The accuracy of electrical
activity representation improves as the number of leads increases, as additional leads capture
more details of the heart’s electrical impulses. Higher spatial resolution is achieved when
an ECG system records multiple leads simultaneously, offering a more detailed assessment
of cardiac function. The spatial resolution of an ECG system is directly dependent on the
number of electrodes used for signal acquisition. While increasing the number of electrodes

enhances spatial resolution, it introduces practical limitations. A larger number of electrodes
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may cause discomfort, reducing patient compliance. Simultaneously processing signals from
numerous electrodes increases the complexity and expense of the recording system. In
ambulatory settings, even acquiring a standard 12-lead ECG can be challenging. A reduced
number of electrodes affects the spatial resolution of the recorded ECG, potentially impacting
diagnostic accuracy.

A potential solution to the challenges associated with the mentioned issues is utilising
fewer electrodes while employing a system that can enhance spatial resolution. This can
be achieved by leveraging the intra-lead and inter-lead correlations among ECG signals.
Systems designed to improve the spatial resolution of ECG recorded from a reduced lead set
are commonly referred to as derived ECG systems [17,/18]. This systems utilize a pretrained
linear or non-linear model that takes inputs from a specific set of leads (known as predictor
leads) and generates the remaining leads [18]. The resulting ECG output, often termed
spatially enhanced ECG, improves spatial resolution while maintaining diagnostic accuracy.
Compared to conventional ECG recording systems, derived ECG systems offer several
advantages including, lower cost, reduced complexity and enhanced patient comfort. Derived
ECG systems are particularly useful in scenarios where recording, processing, or monitoring a
standard 12-lead ECG is challenging, such as, personalized and continuous health monitoring,
remote healthcare and ambulatory monitoring. The impediment of utilizing an array of ten
skin-surface electrodes to record the twelve leads ECG in ambulatory monitoring can simplify
by using minimal electrodes. In remote healthcare, a smaller number of electrodes facilitates
data transmission and compression, improving telemedicine applications [10]. In applications
like personalized and continuous health monitoring, minimizing the number of electrodes
enhances patient comfort.

The standard 12-lead ECG system, recorded using ten electrodes, is the most widely
used lead system among cardiologists. Due to its widespread clinical adoption, derived ECG
systems have been developed to transform a smaller number of leads into a standard 12-lead
ECG. One of the most commonly used derived ECG approaches involves reconstructing the
full 12-lead ECG from a subset of leads, enabling a more efficient and practical alternative for
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ECG acquisition while maintaining diagnostic accuracy.

1.6 Person Specific Information from Synthesized ECG

Biometric systems are essential for protecting privacy and securing data-driven intelligent
technologies. With rapid advancements in artificial intelligence (Al), significant progress has
been made across various biometric modalities, including speech, iris, face, gait, fingerprint,
and ECG [19]. Among these, ECG signals stand out due to their resistance to spoofing
attacks, stemming from their inherent liveliness, universal, while also providing valuable
insights into an individual’s psychological and clinical state [20]. Furthermore, ECG signals
can be conveniently recorded using off-the-person setups, enhancing their practicality and
accessibility.

ECG-based biometric systems hold promise across diverse applications, such as con-
tinuous authentication, mobile devices, and healthcare services [21,[22]. In particular, the
growing demand for healthcare has underscored the importance of strong privacy and se-
curity measures to safeguard sensitive medical information. In this regard, ECG-based
biometrics provide a compelling solution, especially in hospital environments, where they are
less susceptible to deformation and environmental variability compared to other biometric
modalities.

The ECG signal is a cyclostationary signal characterized by continual ECG beats. It is
typically analyzed through five primary waveforms—the P-wave, QRS-complex, ST-segment,
and T-wave along with associated intervals and segments [5]. Since ECG signals vary across
individuals, these ECG waveforms, intervals, and segments also exhibit person specific
differences. Beyond variations in the morphology of individual waveforms and segments, the
relative differences between them may also contain biometric information in the synthesized
ECG. Consequently, biometric features may be embedded across multiple temporal scales of

the synthesized ECG signal.
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1.7 Scope for the Present Work

The automated detection of Ml using MECG remains a challenging task. VMD, introduced in
signal processing literature, has shown promise for analyzing non-linear and non-stationary
signals. It has been applied to ECG for tasks such as denoising and identifying various
cardiac conditions. By decomposing the ECG signals into distinct modes or sub-signals, VMD
may offer significant potential to extract diagnostic features that can aid in the detection of MI.

The anomalies of cardiac disorders provides valuable clinical information across multiple
leads of the 12-lead ECG. However, utilizing 10 electrodes to record 12-lead ECG com-
promises the patient’s comfort and intensifies the overall complexity of the system. Thus,
synthesis of the 12-lead ECG from its subset without losing the diagnostic quality is essential
to mitigate the challenges and reduce the complexity of the system. A model capable of
simultaneously learning spatio-temporal correlations is better positioned to capture essential
diagnostic features. This can be achieved through advanced recurrent neural network (RNN)
based models, which are well-suited for extracting both spatial and temporal information from
ECG signals.

The ECG signals is intrinsically time-varying, it may embed person specific information
within the temporal variations of key ECG waveforms in the synthesized ECG. Deep learning
(DL) models that explicitly focus on capturing these temporal variations may significantly
enhance the extraction of robust biometric representations of the synthesized ECG signals.

The rest of the thesis are organised as follows:

Chapter 2 presents a literature review on automated cardiovascular disease (CVD)
diagnosis methods, reconstruction of the 12-lead ECG and ECG-based biometric systems.
Additionally, this chapter details the motivation behind this research.

Chapter 3 investigates the detection of myocardial infarction from a 12-lead ECG using the
variational mode decomposition (VMD) technique. This chapter also presents the quantitative
assessment of the proposed model and compares its effectiveness with the existing models.

Chapter 4 proposes a novel approach to synthesis of 12-lead ECG from a reduced lead
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set that simultaneously leverages intra-lead and inter-lead correlations in ECG signals. This
method employs long short-term memory (LSTM) to learn the spatio-temporal relationships
between the lead signals. The performance is evaluated and compared against previously
published methods.

Chapter 5 investigates the person specific information retained the synthesized ECG by
leveraging the intra-beat and inter-beat variations of the ECG signal. Finally, conclusions of

this thesis work and the future directions are presented in Chapter 6.
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2. Analysis and Synthesis of Multilead ECG Signals: A Review

This chapter presents a review of the various approaches to feature extraction and classifica-
tion of ECG, synthesis from subset of 12-lead, and biometric identification of ECG signals.
Developing an intelligent automated diagnosis system for the analysis of ECG signals will be
of immense advantage for the clinical diagnosis of cardiovascular diseases and to monitor
the progress of undergoing treatment. ECG signal carries comprehensive information of the
electrical and functional activities of the heart. The heart’s rate, rhythm, and any potential
abnormalities in its electrical conduction system are reflected in the ECG. These aberrations
are quantifiable through the application of advanced signal processing and machine learning
algorithms.

In clinical practice, the ECG is used as a standard tool to assess cardiac activities and
diagnose myocardium conditions due to its non-invasive, cost-effective, and reliability. To
acquire the standard 12-lead ECG, ten electrodes are positioned at a specific location
on the human body’s surface. The utilization of multiple electrodes for monitoring and
recording is not suitable in some cases. These include remote healthcare, continuous
monitoring, personalized healthcare, ambulatory monitoring, etc. The emerging technology
and advancement in the development of miniature and wireless ECG with minimal complexity
have gained popularity in recent times. Devising a system to synthesis a 12-lead ECG from
its subset arises in situations where monitoring, recording, and/or processing ECG with the
required number of electrodes poses challenges.

The ECG signal is not only useful for detecting CVDs but can be used as a potential
source for biometric recognition traits due to its uniqueness. The properties of ECG such
as liveliness detection, and combined information can enhance the security of biometric
systems against fraudulent attacks. In the context of a biometric system utilizing ECG, the
acquisition of signals can be made in different configurations. Although the 12-lead ECG
format provides more information as they capture the cardiac activity from unique angles,
they have impediment for real practical use for biometric recognition. Developing a system for
ECG biometric by making use of the synthesized ECG will make an impact on the security of
an individual.
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The reviews pertaining to the prevailing and widely used algorithms for analyzing ECG

signals are discussed in details in the succeeding sections.

2.1 Automated Detection of Myocardial Infarction from ECG

The primary objective of ECG-based automated detection systems is to quantify, characterize,
extract, and identify the diagnostic information related to the cardiac ailments [4]. These
systems can facilitate in expediting and enhancing the clinical workflow, reducing medical
errors, and clinical decision-making [7]. Figure [2.]illustrates the general operation of these

systems, highlighting two key stages: training and testing.

Training Stage

| > Labels
ECG data | Preprocessing Stage | | Model Learning |
S Input ECG \/
acquisition and —> . —> — | ™ e Training
labellin signal ‘ Denoising ‘ ‘Segmentation‘ ‘Normallzatlon‘ . .
9 Extraction Classifier
| Preprocessing Stage | | Learned Model |
Input ECG 3 > -
(Single-lead or 12-lead) I Denoising I ‘Segmentation‘ Normalization Featu_re Traln_e_d
Extraction Classifier
Testing Stage Output Model

Decision

Figure 2.1: General block diagram of an ECG-based automated diagnosis system illustrating the
training and testing phases.

During the training stage:
+ ECG data, annotated with known diagnoses, is gathered.

» The data undergoes meticulous preprocessing and feature engineering to extract

relevant patterns.

» The extracted features are used to train a powerful classification model.
In the testing stage:

» ECG signals from new patients are processed through the same preprocessing and

feature engineering steps.
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» The preprocessed data is fed to the trained model, which outputs a diagnosis decision.

This two-stage process, with its standardized data handling steps, paves the way for reliable
and accurate diagnoses.

The training stage of the ECG-based diagnosis system is built upon clinical ECG data
collected from a carefully chosen group of patients, ensuring it represents the specific clinical
application. Depending on the focus, the data acquisition engage in either single-lead signals
for targeted analysis or the 12-lead ECGs for comprehensive understanding. The dataset
undergoes the complex labelling or annotation process where a committee of board-certified,
experienced cardiologists, each with years of expertise, meticulously examine each ECG
recording. Through their combined knowledge and careful consensus, they label each ECG
as either normal or abnormal based on observed changes in the waveform [23].

In the initial stages of ECG processing, several crucial steps are undertaken to enhance
data quality and facilitate accurate analysis. This preprocessing includes signal denoising,
segmentation, and normalization, each of which plays a pivotal role in refining the ECG
data [4].

Signal denoising: This is a critical step aimed at mitigating the impact of various noise
artifacts that commonly affect ECG recordings. These artifacts encompass powerline interfer-
ence, motion artifacts, muscle contraction noise, and respiratory noise. Their presence can
obscure the delicate features of the ECG signal, potentially leading to misinterpretations and
inaccurate diagnosis in clinical settings [4),24]. Consequently, incorporating ECG denoising
into the preprocessing stage is essential. The most common denoising methods employed
to achieve optimal noise reduction and signal enhancement are adaptive filters [4], notch
filters, band-pass filters, VMD [25], empirical mode decomposition [26], and empirical wavelet
transform [27].

Segmentation: Following the denoising process, ECG signals undergo segmentation, which
involves the delineation of an analysis window crucial for the diagnostic phase. Automated
diagnosis systems commonly employ segmentation process, which can be broadly classified

into two categories: (i) beat-based and (ii) frame-based. The former necessitates the detection
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of the R-peak, followed by the application of a fixed window around the R-peak. This window
captures the P-QRS-T characteristics, constituting a single heartbeat and encapsulating
valuable intra-beat information. The beat-based segmentation approach has been extensively
explored in diagnosing various conditions, including Ml and ectopic beats [24,[28]. On
the other hand, frame-based segmentation takes a different approach by selecting a blind
excerpt from the ECG data for examination, eliminating the requirement for R-peak detection.
The single-lead ECG segmentation focuses on intra-lead information, while the 12-lead
ECG segmentation encompasses both inter-lead and intra-lead diagnostic information. This
standardized technique has undergone extensive investigation in prior studies and serves as
a reliable approach for diagnosing a spectrum of cardiac disorders [29,30].

Normalization: The final phase of the preprocessing stage involves the normalization of
the segmented ECG signals. In practical scenarios, the amplitudes of ECG data exhibit
variations across acquisition devices and different subjects. To address this variability and
facilitate standardized analysis, common normalization techniques, specifically the Z-score
and min-max normalization methods, are widely employed for amplitude scaling. The former
ensures a zero mean and unit variance, while the latter scales the ECG amplitudes into a
range between 0 and 1 for the normalized signals. These normalization techniques play a
crucial role in harmonizing the amplitudes of ECG data, thereby enhancing the consistency
and reliability of subsequent analyses.

Subsequent to the preprocessing stage, the ECG signals, along with their corresponding
instances associated with class labels, are inputted into the learning based techniques. In this
phase, the model learns the essential parameters through supervised methods, enhancing
the overall diagnostic performance. Over the past few decades, researchers have devised

various model learning approaches tailored for automated ECG-based diagnosis.

2.1.1 Existing Methods for Detection of Myocardial Infarction

Over the past several decades, automated detection and classification of Ml have been studied

and developed based on the amalgamation of feature extraction using signal processing
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tools and machine learning algorithms. Feature extraction, a pivotal step in this approach, is
conducted under the guidance of medical experts. These experts curate a set of clinically
informative features, comprehensively characterizing the specific cardiac abnormalities, which
are then extracted from the preprocessed ECG data. This method reflects the evolution of
model learning strategies employed in ECG-based diagnosis. The subsequent paragraphs
delve into the historical context of these approaches and their evolution over time, highlighting
the advancements made in optimizing the learning process for improved diagnostic accuracy.

The anomalies of Ml in ECG can be characterised by the emergence of ST-segment
elevation, hyperacute T-wave and inversion and pathological Q-wave. In early works to detect
MI, researchers primarily relied on informative morphological features, specifically examining
alterations that are indicative of MI. A notable milestone in this pursuit occurred in 1984 when
Gallino et al. [31] studied the waveform of 2-lead ECG signal. This pioneering computer
system extracted morphological features, encompassing the ST-segment deviation, the area
and amplitudes of the R and S waves, as well as the RR interval. These features were
quantified to delineate patterns associated with ischemia, contributing to the early exploration
of automated methods for Ml detection. Reddy et al. [32] used S-wave duration and amplitude,
Q-wave duration and amplitude and R-wave amplitude as features to discriminate the ECGs
of MI and normal. Bozzola et al. [33] used T-wave amplitude, the ratio of Q and R amplitudes,
as well as Q and R-wave amplitudes and durations, as features. Heden et al. [34] utilized
ST-segment parameters which includes T-wave amplitude, ST-slope and ST-J amplitude from
standard twelve leads, and ultimately employed artificial neural network (ANN) to detect
acute MI. In 2012, a comparable strategy was applied to 12-lead ECG by Arif et al. [35] and
extract the characteristics of Ml such as ST-segment deviation, T-wave amplitude and Q-wave
amplitude. In their method the KNN classifier is used to estimate the feature set to discriminate
between normal and MI. After two years, Safdarian et al. [36] extracted two time-domain
features (integral of T-wave and the whole integral of an ECG cycle) to detect MI primarily
in the left portion of the heart. The extracted features are given as input to four different
classification models, namely, naive Bayes, KNN, multilayer perceptron, and probabilistic
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neural network. In [37], Li Sun et al. employed polynomial fitting as a technique for feature
extraction from ST segments. Subsequently, they applied a multiple instance learning (MIL)
classifier to distinguish patients with MI from healthy control (HC) subjects. The efficacy of
morphological features is highly dependent on correct delineation and segmentation of the
ECG signal. Hence, the robustness of the extraction of these time-domain features is an
issue that must be handled. Consequently, approaches relying on morphological features are
prone to generating false M| alarms when confronted with various noise sources [38].

In subsequent investigations for MI detection, researchers shifted from explicitly evaluating
morphological changes in the ECG and delved into the exploration of signal transformation
techniques. Sadhukhan et al. [28] developed a diagnostic system for analyzing three leads (ll,
[ll, and V2) and utilized phase values of the Fourier harmonics as features through discrete
Fourier transform (DFT) for Ml detection. The pyramidal multiresolution of wavelet transform
(WT) stands out as a widely employed method for feature extraction in Ml identification by
utilizing different mother wavelets. In this context, the Daubechies wavelet family emerges
as the most prevalent choice for MI applications as it exhibits sufficient similarity with the
ECG waveform. Various series of Daubechies wavelets have found application in MI detec-
tion, such as db4 [39], db6 [40,'41], and db9 [42]. Additionally, Daubechies Biorthogonal
wavelets have been employed in specific analyses for multidimensional feature extraction,
with examples including db7/8 [43] and db9/7 [44]. Padhy et al. [43] computed singular
values and wavelet energy and considered them as features for identification of MI. Tripathy
et al. [45] decomposed each of the standard twelve ECG leads to nine subband signals
using empirical wavelet transform (EWT). The statistical features such as the entropy, the
skewness, and the kurtosis are computed from the subband signals for the detection of Ml
pathology. In [39], ECG signal is subjected to discrete cosine transform (DCT) to obtain DCT
coefficients. Data reduction method is used to reduce the coefficients and used as features
for detection of CAD and MI. Although these signal decomposition methods operate implicitly
and show promising performances but each technique suffers from critical drawbacks. While

the Fourier transform provides information about the frequency content of a signal but fails
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to capture the temporal evolution of signal components. The transform assumes that the
signal characteristics remain constant over the entire duration, which may not be suitable for
analyzing signals with nonsinusoidal components or time-varying characteristics, common in
ECG signals. In discrete wavelet transform (DWT), the choice of predefined basis functions
determines the compactness of the resulting wavelet representation. One demerit of the DWT
in the analysis of ECG signal is the selection of a suitable mother wavelet that exhibits close
similarity with the waveform of interest.

In recent publications, deep learning (DL) based approaches have garnered attention
for their application in MI diagnosis. A noteworthy advantage of these methods lies in their
ability to operate directly on raw ECG signals, bypassing the need for manually crafted
features. This eliminates potential errors introduced in each processing step, particularly
during preprocessing and segmentation. The earliest work for the detection of Ml using
convolutional neural network (CNN) was proposed by Acharya et al. [46]. In their work,
they designed 11-layer deep CNN architecture and applied on two different datasets using
single-lead ECG beats. A similar CNN model was investigated in another study [47], with a
specific emphasis on Ml identification utilizing lead V4 ECG beats. To capitalize on additional
diagnostic information, Reasat et al. [48] extended their approach to incorporate a segment of
three ECG leads (ll, lll, and aVF) for identifying patients with inferior MI. In a separate study,
Liu et al. [49] formulated a multilead CNN architecture, leveraging four ECG leads (aVL, V2,
V3, and V5) for the classification of HC and anterior Ml ECG recordings.

The aforementioned methods focus on detecting localized MI, such as lateral or inferior
MI, by utilizing a subset of 12-lead ECGs. This apriori selection of ECG leads tailored
for specific MIs posses a limitation on the practical applicability of these methods in real-
world diagnosis systems. In reality, patients may have MIs occurring at various spatial
locations within the heart, including lateral, anterior, septal, and inferior regions. In an effort to
enhance the reliability of MI diagnosis, Feng et al. [50] employs the 12-lead ECG records and
investigates the use of integrated deep neural networks, specifically CNN and bidirectional
gated recurrent unit (BiGRU) framework, for Ml detection. The CNN module enables the
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extraction of discriminative spatial features. Concurrently, the BiGRU module focuses on
capturing crucial temporal features within each lead. The resulting features from these
two modules are seamlessly fused to create comprehensive global features for subsequent
classification. Strodthoff et al. [51] took a different approach by employing the standard
12-lead ECGs as input for their residual deep CNN model. Their method upon evaluation

using 10-fold cross-validation achieved 89.7% specificity and 93.3% sensitivity.

2.2 Synthesis of 12-lead ECG

There are numerous systems available for recording ECG. These recording systems differ
in the number of electrodes needed and the positioning of these electrodes on the surface
of the body. The number of electrodes utilized in recording varies significantly, ranging from
just a few to potentially hundreds. The spatial resolution of ECG diagnosis benefits from
an increased number of electrodes, emphasizing the importance of electrode quantity in
enhancing diagnostic capabilities. Numerous standards for electrode placement exist, each
influencing the spatial distribution of information captured during ECG recordings. However,
the utilization of multiple electrodes placed on the body surface for recording and monitoring
is not suitable in some cases. These include remote healthcare, continuous monitoring,
personalized health care, ambulatory monitoring, etc. The objective of this section is to
discuss the literature of the derived ECG systems, elucidating their implementation through

both linear and non-linear models.

2.2.1 Existing Methods for Synthesis of 12-lead ECG

The literature categorizes standard 12-lead derived or reconstruction systems into broad
categories, as depicted in the accompanying Figure [2.2] One category encompasses derived
systems based on subjects used for learning, including universal transform (applicable to any
individual), population-specific transform (suitable for a group), and person-specific transform
(applicable to an individual). The second category involves derivation from special lead

systems (e.g., Frank, EASI, Mason-Likar) and derivation from limited lead systems, which
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consist of a subset of the standard 12-lead ECG as source leads. The final category is based
on the signal processing techniques employed for lead transformation, encompassing both

linear and non-linear transformation methods.

12-lead Synthesis Methods

2 v \ 2
Based on the Subjects used Based on the Leads Based on the Signal
for Learning Selection Processing Technique used
v v v
Universal Population Person
Transform Specific Specific
Synthesis from Synthesis from Subset
Special Leads of 12-lead ECG
. . Non-linear
Linear Transformation .
Transformation
Linear Principal Independent + ¢
regression component component o .
based analysis (PCA) analysis (ICA) Artificial neural Deep learning
network models

Figure 2.2: Categories of derived 12-lead ECG systems.

The foremost step in any 12-lead ECG derived systems is to simultaneously record
standard twelve lead ECG and or special lead ECG followed by preprocessing [18]. In the
subsequent event, selection of source leads and target leads is followed. The source leads
are obtained from special lead systems or from the subset of 12-lead ECG system, serving
as the basis for generating signals in the target lead. This transformation or conversion can
be assessed using various metrics, ultimately leading to the synthesis of a 12-lead ECG.
The signal quality of the reconstructed ECG are evaluated by comparing it with the original
12-lead ECGs. The 12-lead ECG derived systems can be broadly divided into two types and
they are discussed in the following subsection. The first is from the special lead systems and

the other is from limited or reduced lead system of the standard 12-lead ECG.
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2.2.1.1 Synthesis from Special Lead Systems

Reconstruction of the standard 12-lead ECG from commonly used special lead systems,
which include the vectorcardiogram (VCG), EASI, and Mason-Likar (ML) lead systems are as
follows.

VCG to standard 12-lead ECG: VCG is based on the assumption that dipole is an adequate
equivalent source for representing the hearts’s electrical activity [52]. As the Frank system
records 3-lead ECG (Vx, Vy, Vz) and is orthogonal, it can be useful to evaluate the dipole
hypothesis as it posits that a minimum of three independent leads is sufficient to determine
the potential difference at any point of the human torso [18]. Dower et al. [53] introduced
the pioneering model-based derived system, known as Dower’s universal transformation,
establishing a relationship between the 3-lead VCG signal and the 12-lead ECG. They
developed a simulator to derive the 12-lead from Frank leads. Despite its simplicity, a fixed
transformation renders it less applicable in cardiac diagnosis applications due to variations
among subjects and their pathological conditions [9]. Drew et al. [54] proposed a linear
regression based population specific reconstruction of 12-leads ECG from VCG leads. The
authors made three groups of the dataset including HC having 25 subjects, MI consisting 25
subjects and combination of HC and MI comprising 50 subjects. As their models are data
driven and disease specific, reconstruction is better than Dower’s universal transformation.
With an aim to monitor remote healthcare, Maheshwari et al. [55] presented a linear regression
based patient specific transformation for synthesis of twelve leads from VCG. Their model is
data driven and designed for individual patients, the derived lead signals are more reliable
than universal or population specific models.

EASI to standard 12-lead ECG: One of the widely used modified VCG lead system in
ambulatory conditions and arrhythmia monitoring with great patient comfort is EASI lead
system. Dower et al. [56] designed the first model based EASI to 12-lead ECG derived
system using Frank lead vector derivations. Visual comparison of reconstruction results for

25 subjects excluding atrial and bundle branch blocks shows good resemblance. As their
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model is based on universal transformation, it may not be suitable for diagnosis due to wide
variations across time. Field et al. [9] proposed an improved EASI coefficients and compared
to Dower’s universal EASI coefficients using linear regression technique. They calculated
983 transformation matrices between EASI and 12-leads using 983 subjects simultaneous
recordings. Using universal search method, the average of root mean square difference
is measured. The best average score is selected and reported as an improved universal
EASI coefficients. It has been shown that their model performs better than the model based
universal Dower’s coefficients.

Mason-Likar to standard 12-lead ECG: The Mason-Likar (ML) ECG acquisition system was
developed in 1966 by Mason and Likar. Although the number of electrodes required by the
Mason-Likar is same as standard twelve leads ECG, it is commonly used in exercise tests
due to its reduced susceptibility to movement artifacts and muscle noise [57]. Man et al. [58]
proposes a group specific conversion model using multiple linear regression to transform
the ML system to standard 12-lead. An examination involving 180 subjects, encompassing
conditions such as HC, arrhythmia, hypertension, and coronary heart disease, demonstrates
satisfactory reconstruction, with root mean square difference as the evaluation metric. As
highlighted in [18], it is crucial to acknowledge that the 12-lead ECGs obtained with the 10
electrodes positioned according to ML ECGs differ significantly from those acquired with
standard electrode positioning. Hence, it requires simultaneous recording of the two systems

(ML, 12-lead ECG).
2.2.1.2 Synthesis from a subset of 12-lead system:

The most popular and cost effective ECG derived system is the synthesis from a limited
or reduced lead system, utilizing a subset of twelve leads as source leads. This derived
system has numerous advantages as it does not require two simultaneous recording systems,
which renders practically feasible, less complex and provides great comfort to the patients.
Additionally, this derived system holds an extra advantage wherein eight out of the twelve

leads are directly measured, with the standard electrode sites being familiar to clinicians. The

TH-3921_146102031

36



2.2 Synthesis of 12-lead ECG

limited lead derived systems are based on linear or non-linear transformation techniques for
synthesis and are discussed in the following paragraphs.

Over the past decade, several studies adopted linear transformation to achieve the goal
of deriving 12-lead ECG from its subset. In 1989, Scherer et al. [59] introduced the first
limited lead derived system, utilizing lead |, lead Il and V2 as source leads. They designed
two models based on ECG segment wise and beat wise reconstruction. Results indicate
that segment-wise reconstruction outperforms beat-wise reconstruction. However, it's worth
noting that since only MI subjects were used for estimating model parameters, its reliability
for other cardiac abnormalities is limited. In [54], Drew et al. evaluated the performance of
derived 12-lead ECG for diagnosing cardiac arrhythmia and MI. The source subset leads (I, Il,
V1, V5) were chosen for deriving the remaining independent target leads set (V2, V3, V4, V6).
Evaluation over 649 subjects revealed a strong correlation between derived 12-lead ECGs and
original 12-lead ECGs for diagnosing arrhythmia and MI. Nelwan et al. [8] investigated using
linear regression model for generating the standard 12-lead from a different lead subsets. The
analysis was performed on patient-specific and general reconstruction. It has been shown that,
patient-specific performs better than general reconstruction as time progress. Maheshwari et
al. [10] put forward a personalized lead reconstruction methodology that employs the principal
component analysis (PCA) to generate the 12-lead ECG. They used PCA on 8 independent
leads of 12-lead ECG and obtained 3 prominent PCs. Later, least square fit method was
utilized to estimate transformation coefficients from 3 PCs to 8 leads ECG. The inter-lead
correlation in the wavelet subband domain was investigated by Jiss et al. [60] and used
this information in the derived 12-lead systems. They designed best source lead set for the
reconstruction of standard twelve leads ECG using a novel diagnosability measure. Tsouri
along with Ostertag [61] investigated usefulness of independent component analysis for
synthesis using source leads (1, I, V2). The initial phase of their study involves fundamental
preprocessing, encompassing the filtration of the ECG waveform and identification of QRS
complexes. Following this, a training sequence derived from a single beat is utilized to
generate a patient-specific transform that relates the independent components (ICs) from the
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reduced lead set to the target 12 leads.

The non-linear transformation based methods emerge as a powerful techniques for deriv-
ing twelve leads ECG from a reduced lead set. It is reported that the production of electrical
activity by the heart signals is not a purely linear process [62] [63]. For the applications to
home care and ambulatory settings, Atoui et al. [64] presented a groundbreaking approach
for obtaining complete 12-lead ECGs from a non-linear reconstruction method using ANN.
They used three lead subset (1, Il, V2) for deriving the five missing leads (V1, V3, V4, V5, V6)
trained via a supervised backpropagation algorithm with three neurons in input layer, fifteen
neurons in hidden layer and five neurons in output layer. Wang et al. [65] have developed
synthesis system based on CNN to synthesize missing precordial leads of the 12-lead ECG
signal. Their works include reconstructing the pathological ECG signal. Correlation coefficient
is used as performance metric to assess their proposed methodology. designed a three-lead
patch-type ECG device and used LSTM network to reconstruct the 12-lead ECG. The purpose

of their study was to determine the viability of reconstruction obtained by the patch device.

2.3 Person Specific Information from Synthesized ECG

ECG-based biometric identification has garnered significant attention in recent years due
to its potential applications in healthcare, access control, and secure authentication. The
noninvasive nature of ECG collection, combined with its ability to be continuously monitored,
makes it a promising candidate for both active and passive biometric systems. Additionally,
the ECG signal is resilient to changes in external factors such as lighting, facial expressions,
or skin conditions, which can affect the accuracy of traditional biometric methods.

However, the use of ECG signals for biometric identification presents unique challenges.
These include the need for high-quality signal acquisition, robust feature extraction, and the
development of algorithms capable of handling intra- and inter-subject variability. Furthermore,
the ECG signal can be influenced by various factors such as physical activity, emotional state,

and health conditions, which must be accounted for in the identification process.
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This literature review aims to explore the current state of ECG biometric identification,
examining the methodologies, challenges, and advancements in this field. The review will
cover the fundamental principles of ECG signal processing, feature extraction techniques,
classification methods, and the performance metrics used to evaluate ECG-based biometric
systems. Additionally, it will discuss the practical implications of deploying ECG biometrics
in real-world scenarios, highlighting the ongoing research efforts to overcome the existing

limitations and enhance the robustness of ECG-based identification systems.

2.3.1 Existing Methods for Person Specific Information

Early advancements in biometric systems based on ECG utilized signal processing methods
to extract distinctive features from ECG signal [19]. The initial efforts primarily focused on
time-domain features extraction, such as temporal distance, slope, area, and amplitude, by
identifying fiducial points [66-69]. One of the earliest studies in this domain was conducted
by Biel et al., who extracted 30 features from each of the twelve leads [66]. They found
out that best results are found using 10 features for biometric identification. Shen et al.
introduced an ECG-based biometric recognition system utilizing seven fiducial features
related to the QRS-complex [70]. Their approach was based on the premise that the QRS-
complex is less influenced by heart rate variability, making it a reliable feature for biometric
identification. Similarly, Palaniappan and Krishnan proposed five fiducial-based features
from a single ECG beat, that is, QRS-interval, RR-interval, R-amplitude, RS-amplitude and
QR-amplitude and tested using a neural network classifiers for individual identification [71]. A
more comprehensive study on ECG-based biometric recognition was conducted by Israel
et al. [67]. Fiducial points were identified and fed as input to the classification algorithm.
Arteaga et al. proposed a mobile biometric authentication system with a cell phone heart
surveil at different conditions and times [72]. Their system extracted two amplitudes and six
time-based features and demonstrated high authentication performance with 4 sec of data for
authentication. Taking a different approach, Lim et al. [68] introduced a Gaussian Mixture
Model - Hidden Markov Model (GMM-HMM) framework, extracting eleven heartwave features,
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followed by LDA and PCA for dimensionality reduction to discriminate individual. Huang et
al. [73] presented a practical ECG-based authentication scheme capable of reliably verifying
patients even in the presence of noisy ECG signals, while simultaneously ensuring differential
privacy protection. Cordeiro et al. [74] developed a domain-specific architecture and employed
14 temporal and 10 fiducial points features for ECG based biometric identification.

The impediment in extracting robust and reliable time-domain features of ECG biomet-
ric have led researchers to explore more optimistic alternatives in transformed domains.
Transform-domain methods utilize different signal processing techniques to convert ECG
signals into a different domain, where biometric-relevant characteristics become more distinct
and extractable. These approaches capture the unique characteristics of ECG without need-
ing to identify specific fiducial points and offer improved feature representation. Plataniotis et
al. [75] use autocorrelation and discrete cosine transform methods to extract features directly
from the ECG signal. Their results yield high accuracy in identity recognition, demonstrating
the effectiveness of the fiducial-free approach. Chiu et al., introduced the application of DWT
on heuristically isolated pulses for ECG-based feature extraction [76]. Specifically, each
heartbeat was identified by selecting 84 samples forward and 43 samples backward from the
R peak in the ECG signal. DWT was then applied to extract relevant features, and Euclidean
distance was used as the similarity measure for biometric identification. Irvine et al. [77]
used PCA to extract the most significant features from the ECG signal. The advantages
of their method include removal of the fiducial point extraction step and higher enrollment
rates. Chan et al. [78] reported on ECG signals collected from 50 participants across three
separate recording sessions. They introduced a new classification methodology using similar-
ity measure based upon wavelet coefficients and achieved classification accuracy of 89%,
which outperformed the correlation coefficient and percent residual distance measures. Lee
and Kwak designed a robust PCA network based on time-frequency representation of ECG
signals [79].

Of late, there has been a significant rise in the development of deep learning models for
ECG-based biometric applications. These models seamlessly integrate feature extraction
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and classification into a single end-to-end pipeline, eliminating the need for a separate feature
extraction procedure. Among the various deep learning approaches, CNNs have been the
most widely used, demonstrating effectiveness in learning robust biometric representations
from ECG signals [80-84]. Srivastva et al. [85] developed a fine-tuned ensemble architecture
by leveraging pre-trained deep neural networks for biometric recognition. In the study
by Lynn et al. a bidirectional GRU network model was introduced for biometrics human
identification [86]. However, a notable drawback of their proposed model is the variation in
the segmented window length across different datasets necessitates further investigation
to determine the optimal window size that effectively captures a single heartbeat for each
specific dataset. Furthermore, in [87], a combination of CNN and LSTM based framework
with a modified activation function was trained and tested in four databases is carried out for

ECG biometric authentication.

2.4 Database

In this thesis, the data for analysis and experimentation are taken from the Physikalisch-
Technische Bundesanstalt (PTB) database [88]. This non-commercial database was compiled
by the National Metrology Institute of Germany for research, algorithmic benchmarking or
educational use on PhysioNet. Professor Michael Oeff, M.D., gathered these ECGs from both
healthy volunteers and patients with diverse heart conditions at the Department of Cardiology
in the University Clinic Benjamin Franklin, Berlin.

The PTB database comprises of 549 records from 52 healthy subjects as well as 238
subjects diagnosed with cardiovascular diseases such as myocarditis, valvular heart diseases,
myocardial hypertrophy, dysrhythmia, bundle branch block, cardiomyopathy, and myocardial
infarction. The subjects age range from 17 to 87, with mean age 57.2; 81 women, with
mean age 61.6, 209 men, and with mean age 55.5. Each record comprises 15 concurrently
measured signals: the traditional 12 leads (I, II, lll, aVR, aVL, aVF, V1, V2, V3, V4, V5, V6)

and 3 orthogonal Frank leads (vx, vy, vz). The ECG signals in this database were sampled at
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Table 2.1: The diagnostic classes of the PTB database

Diagnostic class Number of subjects
Myocarditis 4
Miscellaneous 4
Valvular heart disease 6
Myocardial hypertrophy 7
Dysrhythmia 14
Bundle branch block 15
Cardiomyopathy 18
Myocardial infarction 148
Healthy controls 52

1kHz, with 16 Bit resolution £ 16.384 mV range. Most of these ECG records comprise of a
comprehensive clinical summary encompassing details such as gender, age, diagnosis, and,
when relevant, information regarding medical history, prescribed medications, hemodynamics,
ventriculography echocardiography, and coronary artery pathology. Clinical summaries are
not available for 22 subjects. The diagnostic categories for the remaining subjects are outlined

in Table 271

2.5 Motivation of this thesis work

Over the years, a lot of emphasis has been given to the ECG-based automated diagnosis
system to detect MI. In the early efforts to detect MI, researchers primarily focused on
analyzing informative time-domain features, particularly changes that signify the presence of
MI. It is important to emphasize that the effectiveness of morphological features is heavily
reliant on accurate delineation and segmentation of the ECG waveform. Therefore, ensuring
the robustness of time-domain feature extraction is a critical challenge that must be addressed.
As a result, methods that depend on morphological features are susceptible to generating
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false Ml alarms when exposed to various noise sources. In recent times, DL models emerge
as a powerful methods for their application in Ml diagnosis. Although DL techniques have
shown promising results for ischemia and MI detection, the primary drawbacks associated
with DL methods include their demanding computational requirements and the necessity for
extensive datasets. Additionally, DL models are frequently characterized as "black boxes,"
given the inherent difficulty in comprehending the internal workings and decision-making
processes of intricate neural networks. This lack of interpretability may pose challenges
in clinical settings where transparency and interpretability are crucial for gaining trust and
acceptance.

The anomalies of cardiac abnormalities is reflected in different leads of the 12-lead ECG.
However, utilization of ten electrodes to record the standard 12-lead ECG restricts their usage
in some applications, such as continuous monitoring, ambulatory monitoring, personalized
healthcare, and remote monitoring. Thus, deriving the twelve-lead ECG from its subset
without losing the diagnostic quality is essential to mitigate the mentioned challenges and
reduce the complexity of the system. Moreover, the derived ECG methods discussed in the
literature primarily leverage inter-lead or spatial correlations. However, none of these models
are able to simultaneously exploit both spatial and temporal correlations. A model capable
of learning spatio-temporal correlations concurrently could more effectively represent both
intra-lead and inter-lead relationships. Such an approach would enhance reconstruction
accuracy, ensuring better preservation of diagnostic information in the lead signals. This
insight has inspired the adoption of neural network model for developing a more robust
derived ECG model.

A biometric system designed for an application of practical personal recognition has
certain challenges, including circumvention, applicability, and performance [89]. A user-
friendly off-the-person ECG acquisition systems are crucial for wider adoption of biometric
systems, but their low SNR makes detecting fiducial points, such as the R-peak, challenging.
Since accurate fiducial point detection is vital for the success of existing methodologies, this
limitation significantly impacts their reliability and performance. Additionally, as discussed
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previously, direct acquisition of full 12-lead ECG signals may not always be feasible in certain
environments. Synthesizing ECG signals from fewer leads enables biometric identification in
resource-constrained scenarios while maintaining reliability. ECG biometrics derived from
synthesized signals can provide a secure, non-invasive, and privacy-preserving alternative to
traditional biometric systems, reducing concerns related to data misuse or replicate. Moreover,
the synthesized ECG signals are expected to retain the person specific biometric information.
It is worthwhile to investigate if the ECG signals synthesized from a reduced set retains person
specific information. With these motivation, designing DL model that can learn the temporal
variations within the synthesized ECG signal, biometric systems can achieve a balance
between reliability, practicality, and scalability, driving advancements in secure identification
technologies.

Driven by the aforementioned challenges, this thesis focuses on developing ML-DL-based
automated ECG analysis methods to address these issues efficiently. The key contributions

are as follows.

« A variational mode decomposition technique has been devised for robust and effective
detection of Ml from the multilead ECG. The VMD algorithm is applied to the 12 lead
ECG. Variations in the mode coefficients obtained through VMD are linked to changes
in feature values that encapsulate critical information about the ECG signal. One key
feature is the multiscale mode energy, derived from the decomposed modes, which
highlights significant differences in pathological signals. Additionally, the inter-lead
correlations of the multiscale mode matrix (MSMM) influence its covariance structure,
and these changes are captured in the eigenvalues of the MSMM. Consequently, these
eigenvalues represent the pathological changes in the ECG signal and can serve
as features for further analysis. The extracted feature subsets can be used to train

classification models to distinguish between healthy controls and MI-affected individuals.

» An advanced recurrent neural network architecture has been devised to simultaneously

examine the temporal and spatial correlation. Learning a model that can exploit this
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spatio-temporal information in the ECG could generate lead signals while preserving
important diagnostic information. The model employs LSTM model that exploits the
enhanced inter-lead correlation of the ECG signal in the wavelet domain. The experi-
mental results are evaluated using different diagnostic measures and similarity metrics.
The proposed framework is well founded, and accurate reconstruction is possible as it

can capture clinically significant features and provides a robust solution against noise.

» An hierarchical LSTM architecture has been explored to investigate the effectiveness
of the synthesised ECG signals for person identification applications. Additionally, the
model investigates the similarity of the biometric information present in the original
signals and their reconstructed signals of the same record. A novel performance
measure, i.e., person identifiability (Pl), has been developed to evaluate the synthesis
model. Experimental results show that the synthesised ECG signal contains similar

biometric information compared to an original ECG signal.
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3. Detection of Myocardial Infarction using Variational Mode Decomposition

Myocardial infarction (MI), generally known as “heart attack,” is a cardiovascular ailment and
is one of the leading cause of mortality worldwide. The introduction chapter discussed that Ml
is caused by progressive atherosclerotic plaques occluding the coronary artery, resulting in
an abrupt reduction in blood flow to the myocardium, ultimately leading to myocardial necrosis.
MI exhibits a variety of morphological changes due to infarction locations and myocardium
damage levels, and the pathological characteristics are depicted in different leads of the
MECG. The 12-lead ECG is one of the most widely used diagnostic modalities for accurately
assessing and localising MI pathology. According to the American Heart Association, if the
type of Ml is correctly identified and doctors take appropriate measures during the "golden
hour" of Ml patients, it may be possible to effectively reduce infarct size and mortality. Thus,
an early diagnosis of Ml is essential to initiate timely appropriate procedure that can prevent
further infarction size and reduce mortality.

Over the past several decades, automated detection and classification of Ml have been
studied and developed based on the amalgamation of feature extraction using signal process-
ing tools and machine learning algorithms. In feature extraction stage, several studies were
adopted to capture the pathological characteristics which indicate the signature of Ml such as
Q-wave, ST-segment deviation, T-wave integral, T-wave amplitude and integral of single ECG
cycle [35,136,90,91]. The pyramidal multiresolution decomposition technique of DWT with
different mother wavelets such as db4, db6 is a popular method for identification of Ml [39,/41],
and some works have implemented Daubechies biorthogonal wavelet [43,/44]. Empirical
mode decomposition (EMD) was used for feature extraction to discriminate between normal
and MI [39]. In [92], PCA is implemented for different orders of polynomial approximations
and concluded that the 12 principal components (PCs) were found to be effective for the
detection of MI. Alternatively, Liu et al. [93] use polynomial function and treated polynomial
coefficients as features to classify Ml patients and healthy controls. In the classification stage,
the extracted feature vectors are fed as input to different classification algorithm for detecting
MI. The most popular algorithms for classification are support vector machine (SVM) [44,93],
K-nearest neighbour (KNN) [39,40], neural network [94, 95|, decision trees [93,/96], and
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random forests [37].

In this Chapter, a new method for automated detection of Ml from 12-lead ECG is
investigated. This approach is grounded on the analysis of multilead ECG to characterize the
pathological changes of MI. Variational mode decomposition (VMD)-based feature extraction
is proposed. The main advantage of the VMD technique over the other decomposition
techniques, such as empirical mode decomposition (EMD) is that it is built on a sound
foundation of mathematical theory. EMD is sensitive to noise and sampling. One caveat of
DWT for analysis of Ml is the hard band-limits of wavelet and inability to select appropriate
mother wavelets. The VMD method has the edge over wavelet transform multiresolution
technique because the DWT technique requires a predefined basis function like Daubechies,
Symlet, Daubechies biorthogonal, etc. Implementation of different wavelet functions can
result in different outcomes. Hence, the DWT efficiency depends on the choice of the mother
wavelet and the decomposition level. In the existing literature, there is no proper justification for
the use of a particular mother wavelet. So the selection of mother wavelet and analysis based
on wavelet transform is a challenging task. In contrast, VMD is a data-driven and adaptive,
decomposition model that assesses the relevant bands, and determines the associated
modes simultaneously. This decomposition algorithm can reconstruct the decomposed ECG
signal optimally (perfectly or in a least-squares sense). The main building blocks of VMD
are the Wiener filter for denoising, the Hilbert transform to obtain single-side (non-negative)
spectrum, and the harmonic mixing to translate the frequency spectrum to the baseband.
Due to these inherent properties ingrained in this decomposition model, it outperforms its
decomposition counterparts vis-a-vis EMD and DWT.

The VMD method is decomposition technique that decomposes the AM—FM signal into mul-
tiple subbands. It has gained wide popularity since its inception to analyse one-dimensional
signals, such as epileptic seizure detection from the electroencephalogram (EEG) signals,
and estimation of electroglottographic (EGG) signals [97,98]. The VMD technique is found to
be effective to eliminate noise, baseline wandering, and detection of cardiovascular diseases

of the ECG signal. Prabhakararao and Manikandan [25] have used the VMD method to
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extract baseline wander using frequency criterion and then subtract from the original signal.
The performance results of their study ascertained that the VMD algorithm can effectively
get rid of the baseline wanders without mangling the vital clinical information of the ECG
signal. Lahmiri et al. [99] have used VMD and DWT for denoising of ECG signals. Tripathy et
al. [100] decompose the ECG signal into five modes and extracted three different features
from the first three modes for the detection of an arrhythmia. To the best of our knowledge,
there is no article in the literature reporting MI diagnosis using VMD technique. Therefore, in
this chapter, we propose a new algorithm for automated detection and classification of acute
MI from HC subjects using 12-lead ECG signals.

The remaining portions of this chapter are structured as follows. The proposed VMD-
based method to extract features that are related to MI, including preprocessing of an input
ECG signal is described in Section[3.1] Furthermore, in Section 3.2, the ECG database used
in this work is introduced briefly and presents the results and discussions in detail. In Section

3.3 conclusions are drawn.

3.1 Proposed Method for Detection of Mi

In this Section, the proposed method for detection and localization of MI from multilead
ECG is described. Figure shows the block diagrams for detection and localization. The
detection block comprises of preprocessing (noise filtering and beat based segmentation),
evaluation of multiscale mode energy and eigenspace (MMEE) features and classification. In
this block, the MI and the HC are classified using the MMEE features of multilead ECG frame.

The following sub-sections briefly describe each part of the block diagram.

3.1.1 Preprocessing

MECG signal is corrupted with various types of noise. The preprocessing involves filtering
unwanted noise and artifacts from a raw ECG signal. A moving average filter is utilized to
remove the low-frequency baseline wandering [101]. The frame-based processing of MECG

exploited the inter-lead, intra-beat, and intra-sample correlation information of the MECG
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12-lead ECG Signal
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!

Variational Mode Decomposition
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v v

HC Mi

Figure 3.1: Block diagram for detection of Ml

signal [102]. This information can facilitate to diagnose various CVD, including MI. The beat
segmentation of the noise-free MECG signal is carried out by detecting R-peaks using Pan
Tompkins algorithm, and segment 250 samples and 400 samples to the left of R-peaks and to
the right of R peaks, respectively, resulting in 651 points in each sample at a sampling rate of 1
kHz [46,/103]. The first and last beats in all the datasets were excluded to maintain uniformity
of the segmented beats. The R-peaks of lead | is used as a reference point to segment the
remaining leads of MECG signals since all the 12 leads are recorded simultaneously. Each

ECG beat has 651 samples, which covers all the characteristics of the ECG cycle.

3.1.2 Analysis of Multilead ECG using VMD

VMD method adaptively decompose MECG signal into a K ensemble number of band-limited
sub-signals or principal modes v, where the modes are compactly supported around their
center frequency [104]. The H! Gaussian smoothness determined the bandwidth of each

mode of the shifted signal. The resulting constrained problem is formulated as
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where v(t) is the ECG signal, {v;} := {v1, v, ..., vk } represent the set of decomposed modes,
{wi} = {wi,wy, ...,wk } denotes the set of each center pulsation corresponding to k£* mode, t
is the time, the number of modes is signified by K, 0; stands for the differential operation, and
* is the convolution.

The constrained problem of Equation [3.1]can be addressed by introducing Lagrangian
multiplier and quadratic penalty term are employed to make the problem unconstrained. The

augmented Lagrangian function is expressed as follows:
2
+

o [(s0r+2) e

Hf(t) —> w)| + <A(t), ft) = ka(t)>

where \(t) denotes the Lagrangian multiplier, « is the balancing parameter that control

L(

bandwidth, and 4(.) is the Dirac distribution. An optimization technique called alternate
direction method of multipliers (ADMM) is rendered to solve Equation [3.2] All the modes

gained is obtained in the Fourier domain and is given as

- JE(W) - Zz‘;ﬁk by (w) + @
B 1+ 2a(w — wy)?

(3.3)

The optimization of w, also takes place in Fourier domain, the updated equation of wy, is

shown as

Wit = fo w [ O (w \dw (3.4)
fo |0 (w | dw

VMD is a parameterized method, and it has to initialize two tuning parameters in advance.

TH-3921_146102031

52



3.1 Proposed Method for Detection of Mi

® : : : . . - [ . - .
3 o - i“’/\ '
g0 N N ] E,
© ©
100 200 300 400 500 600 0 10 40 50
Samples frequency (Hz)
S 0.2 : . ( ® :
3 01 c) ER (d)
E‘ -0(1) 55 '
£ ] Eol
100 200 300 400 500 600 40 50
° Samples o frequency (HZ)
: : : . : : 15 :
‘g 0.1f (e); 310 M)
E_ 0 ?_1 5t ‘/\ i
= -0.1¢ , , , , , . g 0 —
100 200 300 400 500 600 0 10 40 50
Samples frequency (Hz)
g 0 " @ o° | (h)
3 (9) 3 6 |
s 0 S 3
E - 1 1 1 1 1 1 E
E .0.1 S0
100 200 300 400 500 600 0
o Samples o frequency (Hz)
E o.og- M (i) 51':’: ()
S .0.02} { 205}
Eooar . .V . . .1 E7 , |
100 200 300 400 500 600 0 10 20 30 40 50
Samples frequency (Hz)

Figure 3.2: (a) Decomposed HC signal of mode 1 (b) Frequency response of mode 1 (¢) Decomposed
HC signal of mode 2 (d) Frequency response of mode 2 (e) Decomposed HC signal of mode 3 (f)
Frequency response of mode 3 (g) Decomposed HC signal of mode 4 (h) Frequency response of
mode 4 (i) Decomposed HC signal of mode 5 (j) Frequency response of mode 5.
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These parameters are the bandwidth control parameter («), and the number of modes (K) to
be decomposed from the ECG signal. The correct choice of the values of a, and K capture
the characteristics of the ECG signal in different decomposition modes. The experimental
results reveal that a big value of o permits a low bandwidth in the decomposed modes.
This results in mode mixing and also causes spurious mode in the higher level of mode
decomposition. On the other hand, small values of « give rise to noise in the estimated mode.
In this analysis, we have found that the corresponding parameters a of 1400 and K of 5 are
considered the optimized parameters as it can capture the relevant components of the ECG
signal. The different modes of the Healthy Control signal by VMD are illustrated in Figure
it shows the time domain signals of the first mode (a), second mode (c), third mode (e), fourth
mode (g), and fifth mode (i) and (b), (d), (f), (h), and (j) depicts the corresponding frequency
spectra of the decomposed mode, respectively. The dominant frequency of the spectrum of
mode 1 is 3 Hz, which captures the P-wave and the T-wave. Mode 2 and mode 3 contain the
characteristics of the QRS complex, and its dominant frequencies are around 12 Hz and 15
Hz, respectively. The spectrum of mode 4 and mode 5 depicts that the higher frequency of
QRS complex is observed in these two modes. Their dominant frequencies are 20 Hz and

28.4 Hz, respectively.

3.1.3 Multiscale Mode Energy and Eigenspace Features

In this subsection, the proposed multiscale energy and eigenspace features of multilead
ECG are assessed. Assuming that the significant information of ECG signal will reflect in
the distribution of energy in different decomposition levels, the energy can be computed at
different modes. The energy obtained from the coefficients along each decomposed mode is

considered as multiscale mode energy [44], and it is given as

S M)
Bap, = =552 (3.5)

J
where N; is the number of coefficients. In this study, the multiscale mode energy features
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from five decomposed modes of 12-standard leads are evaluated. Five multiscale mode
energies of 12 features are extracted from one mode matrix. A total of 60 multiscale mode
energies are chosen from the five mode matrices.

Myocardial infarction causes variation in electrical conduction properties of heart tissues
due to obstruction in the inside wall of the coronary artery. These variations in values lead to
a change in the morphological features of ECG signals, and they can be captured in different
modes when subjected to the VMD algorithm, as shown in Figure 3.2, In order to quantify
these changes, covariance structures of the multiscale mode matrices (MSMM) are analysed.
When eigenanalysis is computed on mode matrices, the clinical diagnostic information related
to MI presumably appears in eigenspaces. The covariance matrices are assessed from the

MSMM, and it is evaluated as

Cy, = (Nj;_l)([Mj]T[Mﬂ) (3.6)

where C)y, is the covariance matrix at the jth mode. When Equation is subjected to

eigendecomposition the expression appears in the following equation

Cwm; Vi, = VaAwg, (3.7)

where Ay, and Vy,, are the eigenvalues and eigenvectors of mode matrix, respectively.

Eigenvector matrix V), diagonalize the covariance matrix C;, as

Vi, Cum; Vg = A

J

(3.8)

Ay, 1s the diagonal matrix. The eigen values are the diagonal elements of the diagonal
matrix. The eigenvectors constitute the vector directions of the new feature space of the
covariance matrix, and the eigenvalues represent the magnitudes of those vectors. The

eigenvector corresponding to the highest eigenvalue is the first principal component. The
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eigenvalues are sorted from largest to smallest value and accordingly, the corresponding
eigenvectors as it provides the significance of the components. The ordered eigenvalues in

the mode matrix are

Aty s Ay, s Ay s oos Aty (3.9)

In this work, six dominant eigenvalues from single covariance matrix is evaluated to create

feature vectors. A total of 30 feature vectors are extracted from five covariance matrices.

3.1.4 Classification of Ml and HC

In this work, for M| detection, 60 multiscale mode energy features and 30 multiscale eigen-
value features are evaluated from each multilead ECG beat. The features extracted from
the multiscale mode energy and covariance matrices are concatenated and forms a 90-
dimensional feature vector. The multiscale feature matrix is denoted as Z € RP*? where, p
and g are the numbers. These feature subsets are provided as input to the KNN and the SVM
algorithm to discriminate the two classes, i.e. healthy control and MI. In this study, the KNN
and the SVM classifiers are used for MI detection. The class labels of both KNN and SVM
classifiers for ith feature instance (i = 1,2,..p) are given as y € (0,1). where, 0 and 1 are
the class labels for HC and Ml classes. The training and the test instances of both KNN and
SVM classifiers are selected using both hold-out cross-validation and 5-fold cross-validation
approaches. In this work, for MI detection, the number of nearest neighbors and the distance
metric for KNN classifier are selected as ‘5’ and ‘Euclidean’, respectively. Similarly, for SVM
classifier with linear kernel, the regularization parameter C = 30 is used. The regularization
parameter C = 30 and the standard deviation o = 0.5 are used for SVM classifier with RBF
kernel function. The performance of both KNN and SVM classifiers on test data is evaluated
using the metrics such as the sensitivity, the specificity and the accuracy.

Two supervised learning classifiers, K-nearest neighbour, and SVM are used to carry

out the classification task of HC and MI. KNN is a non-parametric algorithm employed for
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classification and regression problems. The algorithm predicts the target label by discovering
the K nearest neighbor of the test data by using the distance measures. In this analysis, we
have used euclidean distance and K = 5.

SVM is a two-category classification model defined by a separating hyperplane. The
algorithm outputs the given labeled training data by defining optimal hyperplane in an N-
dimensional space which categorizes the test feature set [105]. The training features set
iS (X, ym), m=1,2,...,n,x € R/, y € (+1,—1). The feature matrix of input multilead ECG
can be represented, Z € R'* with each feature vector z,, € R*,i € 1,2, ..., j, where j is the
number of feature set, and k is the length of the feature vector and (k = 90). The optimisation

is based on the maximization of hyperplane, given by

1 !

mingw W—i—C’Z_lsm (3.10)
subjected to y,,(W () +b) > 1 — e, e > 1 Where w is the hyperplane, and C is the
regularisation parameter. The kernel function ¢(x,,) transform the training feature set (x,,) to
the high-dimensional space. The constrained problem of Equation 11 is translated into the
Lagrangian dual problem in order to make the problem unconstrained. The dual quadratic

optimization problem produce new equation, given by

q T
mazx, L(p) = Z pom = 5 Z Z Lo e YmYn B (Zms 2n) (3.11)
m=1

m=1 n=1
subjectedto 0 < p1,,, < C,m=1,2,...,nand >.! | pu,ym = 0. 1, is the Lagrange multiplier
for every training point. The predicted output y, for the test feature subset z; from MECG is

computed as

Yp = SgN [ Z L Ym R (Zm, zt)] (3.12)

m=1
where R(z,, z) is the kernel function and ¢ is the support vector. In this study, the linear
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kernel and radial basis function (RBF) kernel are used. The RBF kernel used in this work is

given as

202

R(zm, 2t) = exp<M> (3.13)

where the variance parameter o2 controls the width of Gaussian.

The classifiers performance are assessed using specificity, sensitivity, and accuracy.
Specificity (Sp) of a test is the percentage of data that did not have MI and were correctly
identified by the test. It is also called the true negative rate. The sensitivity (Se) is defined
as the percentage of data that truly had MI and were correctly identified by the classifier.
Accuracy (Acc) measurement system is the degree to which the result of a measurement
conforms to the correct value. Specificity, sensitivity and accuracy are then formulated in the

following equations:

TN
TP
TP
Ace il % 100 (3.16)

" TP+FP+FN+TN
where TP, FP, TN, and FN represent the MI patient correctly predicted as MI, healthy patient
incorrectly diagnosed as MI, healthy patient predicted as healthy, and MI patient predicted as

healthy, respectively.

3.2 Evaluation of the Proposed Method

The ECG data used in this study are taken from the PTB database. The 15 concurrently
measured signals (standard 12-lead + 3 Frank leads) comprises 549 records from 290

subjects. 52 subjects are related to HC, and 148 subjects are related to MI out of 290
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subjects. The dataset consists of 81 women, average age 61.6, and 209 men, average age
55.5. The 16-bit resolution over a + 16.384 mV range of each ECG signal was sampled at
1000 Hz.

The features extracted from the multiscale mode energy and covariance matrices are
concatenated and forms a 90-dimensional feature vector. These feature subsets are provided
as input to the KNN and the SVM algorithm to discriminate the two classes, i.e. healthy
control and MI. Each of these feature vectors corresponds to an instance. In this work, 8000,
12000, and 20000 instances are utilized for evaluation to investigate the performance of the
models. Balanced datasets with a 1:1 class ratio of the instances are implemented for training
and testing the classification models since the performance of the classifiers relies on the
balance of the dataset to a great extent. In this study, 5 fold and 10 fold cross-validation
statistical method are used to ensure the reliability of the predictive models of SVM and KNN

classifiers, respectively. The performance of the classification models are shown in Table [3.1]

Table 3.1: Performance evaluation for KNN and SVM classifiers

KNN SVM Linear SVM RBF
No. of instances
Sp(%) Se(%) Acc(%) | Sp(%) Se(%) Acc(%) | Sp(%) Se (%) Acc (%)

8000 86.20 79.20 82.70 96.80 98 97.40 99.88 99.90 99.88
12000 82.60 77.20 79.20 96.93 97.52 97.22 99.77 99.70 99.73
20000 77.34 93.20 85.27 96.20 95.93 96.06 99.83 99.89 99.86

With 8000 instances the best performance is obtained for both KNN and SVM linear kernel
with specificity of 86.20% and 96.80%, sensitivity of 79.20% and 98%, and accuracy values
of 82.70% and 97.40%, respectively. Average specificity, average sensitivity, and average
accuracy of SVM with RBF kernel function classifier are found to be 98.88%, 99.90%, and
99.88%, respectively, for 8000 instances. In this study, the best results for SVM with RBF
kernel of o = 0.5 is achieved for all the 3 different instances. The result shows that the less
number of instances achieved better results compared to the higher number of instances. This
may be because the sample values of the recorded data are different for different subjects.
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As a result, the variability of the subjects may affect the performance of the classifiers.

From the acquired results of the classification algorithms, the end result of the RBF kernel
function of SVM surpassed the SVM with linear kernel function and KNN classifiers. The
linearly non-separable input features of the RBF kernel function of SVM is mapped to a high
dimensional feature space [106]. Presumably, this is the reason the RBF kernel function of

SVM achieved a better result than KNN and linear kernel SVM.

3.2.1 Performance Comparison with the Existing Methods

This subsection compares the classification results of the proposed method with the previously
published works for automated detection and diagnosis of Ml and is reported in Table [3.2,
Safdarian et al. [36] extracted two time-domain features (integral of T wave and whole integral
of an ECG cycle) to detect MI primarily in the left portion of the heart. The extracted features
are given as input to four different classification models, namely, naive Bayes, KNN, multilayer
perceptron, and probabilistic neural network. Naive Bayes give the best performance with
an accuracy of 94.74%. A new technique to automatically detect Ml called latent topic
multiple instance learning without labeling heartbeats is developed in [37]. Their study
shows specificity values of 88.1 + 2.3 and sensitivity values of 92.3 + 0.84. In [44], DWT
decomposed segmented ECG beats up to 6th level of decomposition of standard 12 leads
ECG. Multiscale energy features and eigenvalue features are extracted from wavelet subbands
to form 72 dimensional feature vector. Their method for detection of M| obtained specificity,
sensitivity, and accuracy of 99% 93% and 96%, respectively. The approach presented in [46]
utilized convolutional neural network (CNN) algorithm to detect and discriminate the healthy
control, and MI ECG beats from single-lead ECG. They analyzed the ECG beats with noise
contaminated and noise eliminated and gained 93.53% and 95.22% accuracies, respectively.

Pathological characteristics of MI, such as T wave inversion, abnormal Q wave, and
ST-segment elevation, are regarded by physicians as symptoms of MI [35]. These features
are highly dependent on correct delineation and segmentation of the ECG signal. Hence, the

robustness of the extraction of these time-domain features is an issue that must be handled.
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Table 3.2: Summary of the classification performance of the proposed method in comparison with the
other existing methods

Number of
Author leads Database Techniques and features  Classifier Performance (%)

Beat specific

ST segment detection Sp = 88.1
Sun et al. [37] 12 leads HC: 79 records o ) SVM
Multiple instance learning Se =923
MI: 369 records
1 lead Beat specific
Safdarian et al. [36] ) 1 A Integral of ecg cycle Naive Bayes Acc =94.74
(lead 1) Subjects: 290 subjects
. DWT Sp =99
Sharmaetal (4]  12leads | ame specific Multiscal SVM Se =93
' 1074 frames for Ml and HC ! !sca © e!wergy ) €=
Multiscale eigen analysis Acc = 96
ifi Sp =94.19
1 lead Beatgbecifl No feature extraction P
Acharya et al. [46] HC: 10,546 ) CNN Se = 95.49
(lead II) or feature selection
MI: 40,182 Acc = 95.22
B — “o7
) S No feature extraction ) Sp =97.37
Liu et al. [49] 4 leads HC: 80 records ) Multilead CNN  Se = 95.40
or feature selection
MI: 167 records Acc = 96.22
Beat specific VMD Sp =99.83
Proposed work 12 leads HC: 8000 Multiscale mode energy SVM Se =99.89
MI: 8000 Eigen values Acc =99.86

Several methods using single-lead ECG have been proposed and developed to detect the
presence of M| [36,46]. Liu et al. [49] used four leads (aVL, V2, V3, and V5) to detect anterior
MI, including anteroseptal Ml and anterolateral MI. The segmented ECG beats are used
as input to multilead-CNN and obtained specificity of 97.37%, sensitivity of 95.40%, and
accuracy of 96.00 %. Since MI occurs in different leads of MECG, analysis on all 12 leads
will provide more useful information and yield a better result than single lead and fewer leads
in detection. In this work, we have used standard 12 leads ECG signal for analysis. The
framework for feature extraction in this study is similar to the method used in [44]. In their
work, 1074 frames of within-class variations data of HC and MI multilead ECG are used for
evaluation. Each frame consists of four ECG beats. They have used DWT to decompose the
ECG signal up to the 6th level of decomposition, whereas in this work, the VMD technique is
implemented. In our study, subject-wise validation approach is performed [107]. 10000 beats
of MECG, both from HC and M, are utilized for analysis in this work. Comparative analysis of

the results shows that our proposed method exhibited better performance than DWT based
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approach and other methods, as shown in Table 3.2,

3.3 Summary

In this chapter, a novel method is proposed to investigate the pathological characteristics of
MI from MECG. Normal and pathology Ml MECG signals are analyzed using VMD based
approach. The preprocessed noise-free signal is subjected to the VMD algorithm. The
changes that are observed in the mode coefficients from the VMD caused the variations in the
values of different features that can capture useful information from a given ECG signal. The
multiscale mode energy is one such feature acquired from the different decomposed mode
that reflects the significant change of the pathological signal. Also, the interlead correlations of
the MSMM affect the covariance structures, and the eigen values of the MSMM exhibit these
changes. Therefore, the change in the ECG signal of a pathological signal can be represented
by the computed eigen values and can be used as a feature. Hence, these extracted feature
subsets can further be employed to train the classification models to discriminate between
healthy control and MI. Analysis with number of multilead ECG data shows that the multiscale
mode energy and eigenvalue features are capable of discriminating HC and MI. The proposed
method achieved the highest classification performance from the SVM classifier with an RBF
kernel and obtained 99.88% specificity, 99.90% sensitivity, and accuracy of 99.88%. The
yielded results indicate that the proposed method is capable of successful detection of Ml

and achieved better results than existing methods.
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4. Synthesis of Twelve-lead ECG from a Reduced Lead Set

The approaches discussed in chapter 2 primarily focused on leveraging the spatial or inter-
lead correlation between the twelve-lead ECG signals within the transformed domain for
model learning. However, the ECG signals inherently exhibit both inter-lead and intra-lead
correlations [43]. Developing a model that effectively captures and utilizes this spatio-temporal
information could enable the generation of lead signals without losing critical diagnostic detalils.
In this chapter, we introduce an enhanced ECG spatial resolution approach that exploits the
spatio-temporal correlations within the hidden feature space to improve ECG reconstruction
accuracy.

The proposed approach take leverage of the enhanced inter-lead correlation of the
ECG signal in the wavelet domain. The inter-lead correlation of a twelve-lead ECG in the
wavelet subband is significantly higher compared to that of the original signals in the time
domain [108]. This high correlation between different leads within the same wavelet scale can
be effectively utilized to train non-linear models. By leveraging this enhanced correlation in the
wavelet-transformed domain, it is possible to develop more accurate models that preserve the
spatial relationships between leads while improving ECG signal reconstruction and diagnostic
reliability.

Over the past decade, several studies have employed linear transformation techniques
to derive the full 12-lead ECG from its subset [9,18]. While these linear approaches can
achieve high accuracy when electrode placement remains consistent [8,/54], they encounter
significant challenges in real-world scenarios, particularly when serial ECGs are recorded
over intervals of days or weeks without professional supervision. In such cases, variations
such as electrode misplacement or external noise can degrade the quality of the recorded
ECG, making accurate synthesis more difficult.

To address these challenges, non-linear methods, especially those based on ANNs
have been explored for their potential to improve reconstruction accuracy and overcome the
limitations of traditional linear techniques [64]. Indeed, existing literature provides ample
evidence of the effectiveness of non-linear models as robust alternatives to conventional
approaches [8,109]. Furthermore, the electrogenesis of cardiac signals is not strictly a linear
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4.1 Preprocessing

process, further supporting the use of non-linear methods in ECG signal synthesis [62,/63].

4.1 Preprocessing

The standard 12-lead ECG signal is corrupted with different types of noise and baseline
wander since it is recorded and captured by skin electrodes. The electrodes are sensitive to
minor electrical variations in the skin, and noise from internal or external sources can easily
be introduced, leading to incorrect interpretations. Hence, ECG preprocessing is essential
in order to remove noise and produce a cleaner, more easily interpretable ECG. Baseline
wander is a low-frequency (0-0.5 Hz) interference caused by changes in electrode impedance,
body movement and respiration. The raw ECG signal is passed to the Butterworth high-pass
filter to remove the baseline wander [43]. Furthermore, the processed ECG mean of each

lead is removed, and the amplitude is normalized to 1.

4.2 ECG Signal Representation in Wavelet Domain

The DWT has an inherent ability that bears good time-frequency localization and effectively
characterizes the ECG signal’s behavior. In this work, the DWT is used to decompose
the characteristics of the three predictor leads up to six levels of decomposition. Essential
characteristics of ECG is captured by the approximation coefficients and detail coefficients at
different scales. The nonstationary, transients, and time-varying characteristics inherent in
physiological signals have revitalized attention to apply the DWT transformation to analyse
and characterize the ECG signals. Such application using multiresolution properties includes
noise removal [110], detecting cardiac abnormalities [43], delineation of ECG characteristics
features [111], QRS detection [112], and ECG compression [108]. The DWT has the advan-
tage that it grossly segments the important attributes of ECG into different subbands. The
inter-lead correlation of 12-lead ECG in the wavelet subband is higher than that of the original
time domain signals [108].

The multi-resolution analysis of the DWT enables detailed examination of the ECG signals
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4. Synthesis of Twelve-lead ECG from a Reduced Lead Set

at the subband level. The pyramid algorithm operates through the filter bank implementation
by passing the ECG signal through low-pass and high-pass filters, followed by decimation

and is defined by the following equations:

Yiow|n] = Z x[mlu[2n — m] (4.1)

m

Ynigh[n] = Z x[m]v[2n — m] (4.2)

m

where y,,[1n], ynign[n] are the outputs of the low-pass (v) and high-pass (v) filters, re-
spectively. In the next level of decomposition, the filter output of the low-pass filter is further
processed by passing it again through a new low-pass filter and a high-pass filter and this
continues for further levels.

In wavelet transform, there are numerous families of wavelets, such as Daubechies,
Haar, Morlet, Daubechies biorthogonal, etc. The choice of predefined basis functions
determines the compactness of the resulting wavelet representation. If the characteristics of
the wavelet basis functions resemble the ECG signal, the more compact the representation
[113]. Therefore, Daubechies 6 wavelet is used since its wavelet function matches the
ECG signal pattern. In this work, the three preprocessed predictor leads defined by z1,
z2, and zy» are individually fed as an input to the DWT block as shown in Figure [4.1]
The DWT decomposes these ECG leads to six levels of decomposition. The essential
characteristics of the ECG signal are apportioned across different wavelet subbands based
on their frequency content, with the lower frequency subbands containing the majority of the

significant information [44].

4.3 Synthesis of Twelve lead using DWT based ANN model

The pyramidal multi-resolution DWT decomposes the ECG signal such that each level of
decomposition correlates to a distinct frequency band, and the clinical information and

important characteristics of the ECG signal are discovered in each subband. Hence, the
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4.3 Synthesis of Twelve lead using DWT based ANN model

multi-resolution technique combined with an efficient algorithm with good applicability in
modeling non-linear dynamical problems could give promising results in reconstructing the

standard 12-lead ECG from the limited 3 leads.

Lead I Lead Il L'

. v .

ANN
BLOCK
IDWT IDWT IDWT IDWT IDWT
Vi1 V3 V4 V5 V6

Figure 4.1: Block diagram of the proposed method

ANNSs are widely-used to approximate non-linear biomedical signals with high generality.
To synthesize the independent ECG signals i.e. V1, V3, V4, V5, and V6 from the predictor
(I, 11, V2) 12-lead ECG subset, we employed a set of multi-layer feed-forward ANNs which
applied one input layer, one hidden layer and one output layer trained by means of the
back-propagation algorithm. The relationship between the input and the output layers of the
model are expressed by the biases and weights of the hidden layer. Each neuron’s output is
determined by the weights, along with the activation function. Back-propagation computes
the derivatives of the activation functions in each successive neuron to obtain the optimal
weights so as to generate the best outcome. The log sigmoid function is used as an activation
function. In this work, 5 ANN block are employed to derive the 5 missing leads as shown in
Figure 4.1} Each ANN block consist of seven individual ANN. The input to the first ANN is the
approximation subband coefficient of the three predictor lead (I ,lI, V2), and the input of the
second ANN is the coefficient of the detail 6 subband and so on for the sixth and the seventh
ANN respectively as shown in Figure [4.1] The outputs of the ANNSs are the target coefficients.

Each individual ANN consists of 3 input neurons (subband coefficients for each input), 10
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4. Synthesis of Twelve-lead ECG from a Reduced Lead Set

hidden neurons, and an output layer.

The proposed method to reconstruct the standard 12-lead ECG involves several stages
as shown in the block diagram in Figure [4.1] In this study, lead I, lead Il, and precordial
lead V2 are chosen as the predictor lead set as they achieved the good performance. In
this work, the input three predictor leads |, Il, and V2 is passed to DWT multi-resolution
technique. The DWT decomposed the input ECG signal up to six levels of decomposition.
The approximation coefficient and details coefficient obtained from the DWT are fed to the
ANN. The multi-resolution technique has the ability to resolve the ECG signal into different
frequency bands called the subbands. These subbands contain important attribute of the
ECG signal. When each subband from the DWT decomposed ECG signal is given as an
input to an ensemble of ANN algorithm, it is expected that the network may learn better than
the whole frame of an input signal. ANN is proven to be an effective model to characterize
an ECG signal due to its ability to map complex and nonlinear problems. The outcome from
each ANN is fused and fed to the inverse discrete wavelet transform (IDWT). The output of

the IDWT is the derived ECG signal, namely, V1, V3, V4, V5, and V6.

4.3.1 Performance Measures

The derived signals are compared with the original signals for assessing the performance of
the proposed model. Standard closeness measures, namely, correlation coefficient (cc) and

R? statistics, are used in this study. The cc is given as

o — >y (i — 1) (vi = 0) (4.3)
VI G — )2y S (0 — 0)2
where p; and v; are the values of the precordial original signal and synthesis signal, iz and
v are their mean values, respectively.
The root mean square error (RMSE) is the difference of the root-mean-square between

the original and its reconstructed waveforms, and is defined as
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RMSE = \/ Eﬁl(%_ o) (4.4)

The variation of the diagnostic information between the actual and its reproduced version

is measured by wavelet energy based diagnostic distortion (WEDD) [17]. It is given as

T+1
WEDD =Y wWPRD,, t=12,..,T+]1 (4.5)

t=1
where WPRD is the wavelet percentage root mean square difference, w; is the subband

weight, and T is the decomposition level. The weight is evaluated as

oy TE‘J] L P3(j) 4.6)
St 20 p2())

where w; is the weight of t"* subband, p;(j) denotes the wavelet coefficients of the original
signal in t** subband, and J, is the length of wavelet coefficients in ¢! subband.
WPRD is the inexactness obtain between the wavelet coefficients of the precordial original

leads and its synthesis leads. WPRD can be expressed as

Z}]t:l[pt(j) — pe(5))?
S ()]

where p,(j) is the wavelet coefficients of the synthesis signal in t** subband.

4.4 Results of the DWT based ANN model

In this work, the PTB diagnostic ECG database is utilized to assess the proposed method.
The database comprises 290 subjects with a total record of 549 from healthy volunteers
as well as patients having various cardiovascular diseases are assembled. Each individual

record contains standard 12 leads along with three vectorcardiogram orthogonal leads. The
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4. Synthesis of Twelve-lead ECG from a Reduced Lead Set

Table 4.1: Performance evaluation of the DWT based ANN model for the reconstruction of 12-lead
ECG

r R? (%) WEDD (%)
V1 0.98 95.21 18.34
V3 0.98 95.65 14.04
V4 0.97 92.56 21.11
V5 0.97 93.00 20.63
V6 0.98 94.24 19.27
Average 0.98 94.13 18.68

15 leads are recorded simultaneously at a sampling rate of 1kHz, with a 16-bit resolution over
a range of + 16.384 mV. In this work, 16000 samples are used for training the model, and
10000 samples are used for reconstructing the derived lead sets.

Reconstruction accuracy for each lead subset of the reconstructed leads is compared
with their originals. Overall waveform similarity is evaluated by standard closeness measures,
namely, correlation coefficient (r), and coefficient of determination (R?) between the recon-
structions and their originals. The diagnostic closeness of the synthesized precordial leads
with the original precordial leads is assessed by wavelet energy based diagnostic distortion
(WEDD) measure [114]. The result of the proposed method is established from the average
obtained value from the performance metrics of the five reconstructed precordial leads.

Table shows the performance assessment of the proposed model. The lead V2 is
used in the predictor lead set, hence the experimental result shown in Table for five
missing leads, namely, V1, V3, V4, V5, and V6. The WEDD value is low while the correlation
coefficient and R? values are high. The higher average correlation value of 0.98 indicate
that the reconstructed leads bear a good resemblance with their original. The average R?
value of 94.13% shows that the proposed method achieved high-quality result for the set of
data that has been evaluated. The WEDD obtained an average value of 18.68% indicate

the synthesized leads preserve the significant diagnostic information. Taking account of the
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4.5 Synthesis of Twelve lead using DWT based LSTM Model

individual precordial lead, lead V3 achieves the best result in terms of k2, and WEDD with a
value of 95.65%, and 14.04% respectively. From Table [4.1], it is observed that, based on the
performance metrics the proposed model has the potential to synthesize the 12-lead ECG
with minimal reconstruction error. The good performance obtained by the proposed system
may be because the ANN learn better signal characteristics from a particular subset of the
decomposed frequency bands from the decomposed DWT technique than the whole frame of

the signal.

4.5 Synthesis of Twelve lead using DWT based LSTM Model

The recurrent neural network (RNN) architecture has recently become a popular choice,
particularly to model chronological sequences. The RNN model operates in such a way that
the neuron outputs are applied to their own inputs recursively. Thus to make a decision,
the RNN cell considers both the past information and present data. However, the limitation
of the conventional RNN in dealing with long-term dependencies is that the gradient of the
backpropagated error either blows up (explode) or decays (vanish) exponentially. The LSTM
network was introduced to overcome the vanishing and exploding gradient problem [115], and
has emerged as one of the most popular RNN architectures to date. It is a novel recurrent
network architecture designed to use feedback loops to retain past information and predict
time-series data. The main advantage of the LSTM network is modeling sequential data
and thus used to learn complex dynamics of the biomedical signals including ECG. Several
works using LSTMs have been proposed in the classification of ECG signals and ECG
biometrics [116-118]. The fundamental idea behind the LSTM cell are special structures
consisting of memory cells and memory blocks, along with the multiple nonlinear gating units

which regulate the flow of the information.
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Figure 4.2: Block diagram of the DWT based LSTM proposed model

Figure[4.2)shows the block diagram of the DWT based LSTM proposed model. In this study,

we used four LSTM networks to exploit the spatio-temporal information of the ECG signal. The

output of the LSTM is fed to the inverse discrete wavelet transform in order to derive a missing

precordial lead. For each derived lead, a separate network is trained with three predictor

leads using training dataset. During estimation, the three predictor leads and corresponding

network are used to get the targeted derived lead 7, (t € {V1,V3,V4,V5 V6}).

4.5.1 Energy based Subband Selection

The energy contributions of each subband in the wavelet domain are different. In this study,

the relative wavelet subband energy is computed to analyze the energy contribution of the
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4.5 Synthesis of Twelve lead using DWT based LSTM Model

Table 4.2: Energy contribution efficiency of the predictor leads

| ] V2

ECE Asg 37.3608 42.6670 34.7520
ECE Dg 24.7236 23.1034 21.0569
ECE Ds 27.1188 22.9986 26.2175
ECE D4 10.0026 10.2596 16.0139
ECE D3 0.5778 0.9712 1.3728
ECE D, 0.1084 0.0955 0.2291

ECE D, 0.1080 0.0846 0.3578

wavelet coefficients, and the subbands that have high energy (possess significant information)
are used for further analysis. The energy contribution efficiency (ECE) is defined as the ratio
of the energy of the wavelet coefficients of a particular subband and the total energy of the
coefficients. The ECE of the approximation subband (As) and detail subbands (D, — Ds) are
calculated in this analysis. The ECE of the subband &k, k = 1,2, ..., (K + 1) is defined as [119]

N 2
ECE = K%ﬁﬁf”ﬁ( 3 k=1,2,..,(K+1) (4.8)
m=1 n=1Jm n

where y;(n) denotes the output of the k' subband at point n, N} is the number of elements in
the k" subband, and K is the number of decomposition levels. In order to observe the actual
energy distribution of PQRST complex features, ECE values are calculated for zero mean
ECG signals.

The ECE values of the subbands of the predictor leads are shown in Table 4.2l Most of
the energy of the wavelet subbands follow descending characteristics. The approximation
subband (A6) contributes the highest energy whereas the lowest detail subband (D1) con-
tributes the least. The variation in ECE values reflects the variation in energy distribution
across subbands. These experimental results clearly show that the ECE values of higher
subbands (A6, D6, D5 and D4) are high while the lower detail subbands (D3, D2 and D1) are
very low. In [114], it is reported that the significant information in the ECG signal is observed
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4. Synthesis of Twelve-lead ECG from a Reduced Lead Set

in higher subbands, while the subbands D3 — D1 show primarily the noise components of the
signal. Thus, in this work, the four higher subbands that possessed the dominant energy of
the ECG signal are employed for further processing and fed as an input to LSTM networks.
As shown in Figure [4.2] the approximation subbands [Ag', A§?, Ag"?] are given as input to the
first LSTM network and the detail subbands [Dg!, Dg?, Div?] to the second LSTM network,

and so on for other detailed subbands.

4.6 Results of the DWT based LSTM model

This study uses the publicly available PTB diagnostic ECG to assess the proposed model. The
database has a well classified 549 ECG recordings related to healthy control and pathological
signal. Each ECG signal is represented by 15 lead (standard 12-lead + 3 orthogonal leads)
and digitised at a sampling rate of 1 kHz. In this work, the standard twelve leads are used, and
the preprocessing is carried out to eliminate noise and artifacts using the method described
in subsection 2.1. Subsequently, a total of 17,000 samples are utilized to carry out the
experiment, of which 7000 samples are used for training the model, and 10,000 samples are
used in the testing set.

In the experiment, we used LSTM with 150 hidden units, sequence input with 3 dimensions,
and 1 fully connected layer, which was decided empirically by comparing the performance
with varying numbers of hidden network units using training data. A batch size of 128 and an
epoch number of 200 are used during the simulation. The time-step was 500, so the input
data size is 3x500, and the output data size is 1x500. We employed Adam optimizer with an
initial learning rate of 0.01. This experiment is conducted in a MATLAB environment.

In this work, ECE of the wavelet subbands are computed and the higher scales that
contribute significant information of the ECG signal are employed for further analysis. In this
study, we validate our proposed model by introducing noise in the ECG signal. The noises
are modeled as additive white Gaussian noise. The analysis of the noise addition ECG signal

is conducted in the testing phase and the results in detail are presented. Standard closeness
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4.6 Results of the DWT based LSTM model

Table 4.3: Performance evaluation of the proposed method

RMSE (mV) r R? (%) WEDD (%)
V1 48.39 0.98 96.29 14.55
V3 69.16 0.99 97.64 12.07
\Z 58.86 0.98 95.24 17.36
V5 57.59 0.97 94.97 17.91
V6 42.29 0.97 94.82 18.85
Average 55.28 0.98 95.79 16.15

metrics namely, correlation coefficient (r), RMSE, and R? statistics are used to assess the
performance of the proposed model. The diagnostic variation between the original signal and
the reconstructed signal is evaluated by WEDD. Table [4.3| presents RMSE, correlation, R?,
and WEDD values of the five missing precordial leads.

The table demonstrates the proximity effect mentioned in [9]. Leads close to the basis
lead have better reconstruction results than those further away, as evidenced by the values
of R? and WEDD of the V1 and V3 leads, which have higher values than other precordial
leads due to their proximity to V2, one of the chosen predictor leads in this study. It is
observed from the table that all the derived precordial leads bear high correlation values. The
low average RMSE value of 55.28 mV and the higher average R? value of 95.79% indicate
that the synthesized lead possesses a good similarity with the original signal. Using the
proposed methodology, we have found that the value of R? for all the precordial leads is
above 95%, which is practically retracing the original waveform. The low average value of
16.15% for WEDD suggests that the reconstructed leads retained the original signal without
losing diagnostic information. Considering an individual lead, precordial lead V3 gives the
best performance for correlation, R* and WEDD with the values of 0.99, 97.64%, and 12.07%,

respectively, while lead V6 achieves the best RMSE value of 42.29 mV.
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4. Synthesis of Twelve-lead ECG from a Reduced Lead Set

Table 4.4: Performance of the ablation study

RMSE (mV) r R (%)  WEDD (%)
with all the 56.29 098  96.80 14.74
subbands
without D1, D2, 51 41 099  97.79 13.78
and D3

4.6.1 Ablation study: performance with and without discarding lower
subbands of the DWT

Table [4.4] shows the experimental results of the proposed method that is conducted (i) with all
the subbands and (ii) discards the four lower subbands of the DWT. A total of 10 records is
used in this study. As can be seen from the table, the analyzing performance without the lower
subbands is superior to the one when all the subbands are considered. This means that the
subbands D1, D2, and D3 can be removed without degrading the performance of the model.
The results indicate that the higher subbands of the DWT contain diagnostically significant
information of the ECG and the lower subbands are the noise components of the signal. The
computational complexity is reduced when the four lower subbands are discarded.

In [120], a single LSTM network is used to synthesize the 12-lead ECG from a limited lead
set. However, the correlation coefficient of their model achieves an average value of 0.95,
while the proposed model obtains better performance with a correlation coefficient value of
0.98. This is due to the higher inter-lead correlation among the respective DWT subbands,
and the four LSTM networks learns spatio-temporal information of the ECG characteristics

adequately.

4.6.2 Performance of the Proposed Model in the Presence of Noise

The verification of the proposed system in the presence of noise was conducted by analysing
the different levels of additive white Gaussian noise (AWGN). In Table [4.5] two SNR values
of 10 dB and 20 dB are used for the analysis. A total of 10 records from the PTB database

are used in this study. The performance of the proposed model in the presence of AWGN is
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4.6 Results of the DWT based LSTM model

shown in Table 4.5 From the table, it is evident that the proposed method shows a promising

performance even in the presence of noise.

Table 4.5: Performance of the proposed model in the presence of noise

RMSE (mV) r R?(%)  WEDD (%)
10 dB 55.14 0.98 97.32 14.36
20 dB 52.68 0.99 97.64 13.95

4.6.3 Diagnosability of the Proposed Method

Diagnosability assesses the proposed method’s ability to generate twelve leads for a given
pathology that can discriminate from healthy control ECG [60]. It is defined as the ratio of the
derived ECG classification accuracy (Accy) to that of the original ECG classification accuracy

(Acc,) and is computed as

Acey

Diagnosability = x 100 (4.9)

cc,

Here accuracy is defined as, accuracy=(TP + TN)/(FP + FN + TP + TN) where FP
denotes False Positive, TP denotes True Positive, FN denotes False Negative, and TN
denotes True Negative. Acc, is the accuracy obtained by the classifier when classifying
between normal and pathological ECG. While Acc, is computed in the same manner as the
Acc, but the pathological signal is generated by the proposed model. The inputs for the
classification algorithm are the feature vectors extracted from the covariance matrices and
the multiscale mode energy of the twelve leads. The feature extraction and classification
techniques are implemented using the method described in [121]. In this work, diagnosability
is implemented for three different types of pathological cases namely, myocardial infarction
(MI), cardiomyopathy, and dysrhythmia. For MI, a total of 22 records, splitting 11 data
each for MI and healthy control is used to train the model. The diagnosability result of

98.02% is achieved for the MI data. Similarly, 10 records each of healthy and pathological
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data of cardiomyopathy is employed to test the diagnosability of the model. In this case, a
diagnosability of 97.39% is obtained. For dysrhythmia, 18 records comprising healthy and
pathological cases are used and achieved 98.27% diagnosability. The diagnosability results
reveal that the classifier can distinguish between the healthy and pathological signal with very
good accuracy using reconstructed leads. Thus, the reconstructed dataset of the different
classes can discriminate healthy and pathological data with accuracy at par with the original

dataset.

Table 4.6: Summary of selected studies conducted for the reconstruction of 12 lead ECG signals
obtained from PTBDB.

Performance
Number of
Author Technique RMSE (mV) r R2(%) WEDD (%)
leads

S.P. Nelwan et al. [8] 3 Linear Regression 88.69 0.96 88.61 26.03
Ind dent C t

G.Tsouri et al. [61] 3 naependent Lomponent oz 56 093 8672  26.99
Analysis

. Principal Component

S. Maheshwari et al. [10] 8 . 53.66 0.95 90.21 16.07

Analysis
) Support Vector

P. Kaewfoongrungsi et al. [122] 4 . 94.74 0.97 26.64

Regression
. Avrtificial Neural

H. Atoui et al. [64] 3 45.72 0.98 15.01
Network

J. Lee et al. [123] 3 State Space Model 185.45 0.83 51.40

. Multi-scale Linear

J.J. Nallikuzhy et al. |60] 3 . 63.88 0.98 94.23 18.97
Regression

J.J. Nallikuzhy et al. [124] 3 Dictionary Learning 54.26 0.98 15.70

Lu-di Wang et al. [65] 3 CNN 0.94

Proposed method 3 DWT and LSTM 55.28 0.98 95.79 16.15
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4.7 Performance Comparison with the Existing Methods

In this work, the proposed method is compared with the previously established works. Table
summarises the researchers’ various techniques for the reconstruction of 12-lead ECG
obtained from the same commonly accessible public PTB database. Most of the studies
are conducted based on linear transformation techniques using independent three leads
ECG signals as the basis leads. This includes linear regression (LR) model [8], independent
component analysis (ICA) based model [61], ANN based model [64], state space (SS)
model [123], multi-scale linear regression (mLR) model [60], and the dictionary learning
(DL) model [124]. An investigation into the transformation of the standard 12-lead system
from three predictor leads of our preliminary finding is presented in [125]. Our earlier work
achieved a correlation value of 0.98, RMSE value of 78.00 mV, R? value of 94.93%, and
WEDD value of 21.02%. The refinement in this work over the previous work includes subband
selection based on energy contribution, noise added to the ECG signal, and fine-tuning of the
LSTM parameters. This led to a significant improvement in the performance of the current
work. Maheshwari et al. [10] conducted a study using eight leads ECG signals using PCA to
synthesis 12-lead ECG. An investigation on a set of transfer function from SVR for deriving
the 12-lead ECG from the lead |, lead Il, V1, and V6 was studied by Kaewfoongrungsi et
al. [122]. From Table [4.6] it can be seen that the proposed reconstruction methodology
performs better than LR, ICA, SVR and mLR based models. The value of RMSE and WEDD
using PCA model yields better result than our proposed model. Since PCA is applied on
the eight independent leads, it certainly captures better information, ultimately improving
the results. As can be seen from the table, the obtained results of the proposed model
are comparable with that of the dictionary learning based model [124], but the limitation
associated with the latter model is that once the types of datasets change, one needs to
perform the dictionary learning process again. Besides, the reconstruction performance
significantly depends on the accuracy of learned dictionaries. Atoui et al. [64] applied a

nonlinear ANN using leads I, Il, and V2 for the synthesis and obtained better results than the
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proposed method. In their work, they segmented a 1 sec duration [P-onset - 18 ms, T-offset +
38 ms] representative cycle to determine the morphological features of PQRST onset and
offset from every 10 sec ECG record. Eventually, the representative cycle of the original ECG
signal was employed for further analysis. The limitation of their method is that the diagnostic
information is lost during the extraction of a representative cycle, in which the reconstructed
signal does not reflect the meaningful pathological changes for the pathological signal [65].
Another nonlinear method proposed by Wang et al. [65] using CNN to derive the standard
12-lead ECG achieves an average correlation coefficient of 0.94. Compared to the CNN
model, our proposed methodology obtained a better result which is 0.98. The LSTM has
an edge over the CNN method for the analysis of time-series data, as the former has the
capability to capture long temporal dependencies due to the internal memory mechanism.
The experimental results reveal that our proposed model can efficiently recover the original
information with minimal loss while preserving the visual essence of the ECG signal.

LSTM has found many applications in the analysis of ECG signal for classification and
person identification. However, in this work, our aim is to consolidate the significant diagnostic
information present in twelve leads ECG onto three independent leads in order to minimize
the number of channels and subdue the constraints from technical and medical science
domains. One major advantage of the proposed model over other existing models is that
our method provides a robust solution against noise. Experimental results reveal that the
proposed method can learn spatial and temporal information of the ECG signal, presenting
a good potential for reconstruction and the ability to discriminate between pathological and

healthy control signal.

4.7.1 Performance Comparison with the Existing LSTM-based Approach

In [120], LSTM network is used to synthesize the 12-lead ECG from a limited lead set. A
quantitative comparison with the proposed method in terms of correlation coefficient (r),
RMSE, and R? statistics along with a diagnostic variation between the ground truth and the
reconstructed signal i.e., WEDD are presented in Table In this comparison, we have
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evaluated the performances of both methods with and without the presence of noise. From
the table, we can observe that in the case of noise-free conditions, the proposed method
performs slightly better than the existing LSTM-based method [120]. To demonstrate the
performance in the presence of noise, we varied the input noise level by changing the input
signal’'s SNR from 20dB to 0dB. For better visualization, a comparison of reconstruction
performance in the presence of noise is also shown in Figure [4.3] In the presence of a higher
noise level, the performance of the existing LSTM-based method [120] significantly degrades.
The proposed method can preserve better reconstruction quality even at higher noise levels.
This is due to the lower subbands of the DWT being the noise components of the signal
and are not involved in the reconstruction process of the proposed method. Besides, the
proposed method exploits higher inter-lead correlation among the respective DWT subbands,
and LSTM networks adequately learn spatiotemporal information of the ECG characteristics.

As a result, the proposed method yields a noise-free and improved reconstruction of signals.

Table 4.7: Comparison of reconstruction performance with existing LSTM-based method in and
without the presence of noise.

Input Method RMSE (mV) r R? (%) WEDD (%)
Without noise Sohn et al. 40.33 0.99 98.39 11.98
Proposed 39.42 0.99 98.50 11.24
With SNR 20dB Sohn et al. 47.42 0.99 97.95 13.12
Proposed 43.51 0.99 98.06 11.36
With SNR 15dB Sohn et al. 60.65 0.98 96.78 15.13
Proposed 53.04 0.98 97.27 12.78
With SNR 10dB Sohn et al. 95.39 0.96 92.90 19.46
Proposed 69.02 0.98 96.00 14.33
With SNR 5dB Sohn et al. 153.29 0.92 80.28 28.38
Proposed 101.68 0.96 91.47 18.67
With SNR 0dB Sohn et al. 256.20 0.84 60.86 45.85
Proposed 173.67 0.89 74.87 28.06
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Figure 4.3: Comparison of reconstruction performance of the proposed method with existing LSTM-
based method in terms of RMSE, correlation coefficient (r), R? and WEDD

4.7.2 Performance Comparison with Inter-patient Data

A set of experiments is also carried out to demonstrate the performance of unseen scenarios,
i.e., inter-patient pathological data. For this, we have trained both the methods, i.e., the
existing LSTM-based method [120] and the proposed method, with the healthy ECG data
and tested on pathological data having a myocardial infarction. For visualization of the
reconstruction performance, a representative reconstructed signal corresponding to lead V4
using both methods and ground truth is shown in Figure [4.4] In the figure, red represents
ground truth, whereas blue and black represent the existing LSTM-based method [120] and
the proposed method, respectively. It is clearly visible that with respect to ground truth, the

proposed method shows less distortion compared to the existing LSTM-based method [120].
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Figure 4.4: Comparison of reconstruction performance of the proposed method with existing LSTM-
based method using inter-patient data.

4.8 Summary

This chapter sought to address the challenges faced by the cardiologists and the obstacles
encountered during ambulatory monitoring, personalized health care, remote health care,
telemonitoring, continuous monitoring, etc. We have proposed a novel reconstruction method-
ology based on long short-term memory approach on the wavelet subbands for reconstruction
of the missing precordial leads of the standard 12-lead ECG and the results indicate that our
method is well-founded and fine reconstruction quality can be established. The three-lead
system used in this study needs no modifications to the standard electrode placement of
a twelve-lead system, making it a viable clinical option. The proposed method attained
high-performance results even with the addition of noise in the ECG signal. This implies that
the proposed model can efficiently reconstruct the 12-lead ECG from three leads and has the
potential to classify between cardiac diseases and healthy control ECG signals even when

there is noise in the signal.
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5. Person Specific Information from Synthesized ECG Signal

Biometric systems play a crucial role in safeguarding the privacy and security of data-driven
intelligent technologies. With the substantial advancement of Al-based systems, there has
been significant exploration across various biometric modalities, including, speech, iris, face,
gait, fingerprint, and electrocardiogram (ECG) [89]. Among these, the ECG signal stands
out for its resilience to spoofing attacks, owing to its intrinsic liveliness characteristics and
provide valuable insights into a person’s psychological and clinical status, offering multifaceted
benefits beyond biometric identification. Moreover, ECG signals can be accessibly recorded
using off-the-person setups, enhancing their usability. ECG-based biometric systems are
applicable in a wide range of domains such as continuous authentication [21], healthcare
services [22,/126], and mobile devices [72]. The growing demand for healthcare services
has heightened the need for robust privacy and security measures to protect vital medical
information. In this context, ECG-based biometric systems present a compelling solution,
particularly in hospital settings, where they are less likely to be affected by deformation or
environmental variations compared to other biometric modalities.

The ECG signal is a time-varying waveform with biometric information embedded in its
temporal dynamics. In the existing literature, ECG-based biometric systems are generally
categorized into two main approaches: fiducial point-based and non-fiducial point-based
methods. The former relies on detecting specific landmarks in the ECG signal, most commonly
the R-peak, or extracts numerous fiducial points prior to further analysis, while the latter
does not require detecting any such points. The performance of fiducial point-based systems
depends heavily on the precise identification of these fiducial points. Studies such as [21]
and [80] addressed this challenge by identifying and discarding incorrectly detected R-peaks.
They also employed an outlier removal algorithm designed to eliminate ECG beats that
significantly deviate from the majority of beats associated with a given individual.

Over the past decade, various transform domain and time-domain methods have been
investigated and proposed to extract biometric information from the single-lead or 12-lead
ECG using signal processing techniques. The handcrafted features were then used to train
machine learning classifiers for verification or identification tasks. However, the challenge
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Figure 5.1: Block diagram of the proposed framework.

of extracting discriminative features consistently across individuals has limited the effective-
ness of such approaches. Recent efforts have shifted towards leveraging deep learning
models, which can automatically learn effective biometric representations directly from raw
ECG signals in an end-to-end manner. According to the available literature, no study is
conducted on biometric identification of the synthesized ECG. Therefore, in this chapter, we
have investigated the effectiveness of the synthesised ECG signals for person identification
applications.

We have used lead |, Il, and V2 for the synthesis of the rest of the ECG leads. An
LSTM based model using wavelet decomposed ECG signal is used for the synthesis of the
ECG signals. Subsequently, each of the synthesised ECG signals is fed to a hierarchical
long short-term memory (HLSTM) based biometric system to investigate the effectiveness
of the reconstructed ECG signal for person identification application. This has led to the
development of a new metric, i.e., person identifiability (PI), to evaluate the performance of a
synthesis model.

The remaining portions of this chapter are structured as follows. In Section the
proposed framework is described. Section describes the experimental setup. The results

obtained in the experiment are discussed in Section[5.3] Finally, the summary of the chapter
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is presented in Section 5.4

5.1 Proposed Method for Person ldentification

Figure shows the block diagram of the proposed framework. In this work, we have
used three leads, i.e., lead |, lead Il, and lead V2 for the synthesis of lead V1, V3, V4, V5,
and V6. Then, the HLSTM based biometric system is employed to obtain the identification

performance using the synthesized leads.

5.1.1 ECG Synthesis Model

In this work, we have used the ECG synthesis model proposed in our previous work [125].
Figure shows the block diagram for the ECG synthesis. The ECG synthesis module
consists of a wavelet decomposition module followed by an LSTM based synthesis network.
Three leads, i.e., lead |, lead Il, and V2, are first preprocessed and then given as input to the
synthesis module. During the preprocessing stage, the 12-lead ECG signal is downsampled to
500 Hz, followed by a filtering process as given in [125]. The amplitude and mean of the filtered
ECG signal are normalized to one and zero, respectively. The preprocessed ECG signals are
decomposed into six-level wavelet sub-bands, i.e., [z, T4, Ths, T4y, T3, Ty, 2, ], Where
i = 1,2, and V2. Each sub-band signal from the three leads is concatenated and given as
input to the LSTM module to synthesize the respective sub-band signal of another lead (i.e.
Vi, V3, Vi, Vs, and V). Finally, the synthesized ECG signal is obtained by taking the inverse

discrete wavelet transform of the synthesized sub-band signals.

5.1.2 Biometric System

In this work, we have employed the HLSTM based biometric system for the person identifi-
cation [118]. The ECG signal is first preprocessed and segmented to give it as input to the
HLSTM model. The preprocessing stage includes resampling the ECG signal to 200 Hz and
then filtering it using a band pass filter with a lower cut-off frequency of 0.5 Hz and a higher

cut-off frequency of 40 Hz. Following the preprocessing stage, the training ECG sequences
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Lead | Lead Il V2

e f—

Figure 5.2: Block diagram of the ECG synthesis model

are extracted from the ECG signal using a 2 seconds rectangular window with an overlap of
0.75 fractions. The testing ECG sequences are extracted using the same rectangular window
without any overlap. The process is similar to the method proposed in [118]. The ECG
sequences are further segmented into smaller ECG segments using a 100 ms rectangular
window with an overlap of 0.75 fractions. These smaller ECG segments are given as input to
the HLSTM model at each time stamp.

Figure [5.3]shows the architecture of the HLSTM model. The HLSTM model consists of
two layers of LSTM. The first layer of the LSTM takes the ECG segments are input. The
output of the first layer of LSTM selected in an interval is given as input to the second layer
of the LSTM. This allows the model to learn both the intra-beat and inter-beat variation of
the ECG signal. The HLSTM model can encode long-term information of the ECG signal.
Finally, the output of the second layer of the LSTM is given to an attention module to give
more weight to the ECG segments with more biometric information. The attention weights

are calculated using the Equation Here, h, is the output of the second layer LSTM at
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Figure 5.3: Network architecture of the HLSTM model.

time stamp ¢. Finally, the biometric representative vector c is obtained by taking the weighted

summation of the hidden vectors at all the time stamps. This is shown in Equation[5.3]

exp(score(hy))
ST exp(score(hy))
score(h;) = Why+ b (5.2)

c= Z = i ahy (5.3)

Finally, the context vector (C') is fed to a fully connected layer followed by a softmax

o, = softmax(score(h;)) =

(5.1)

function to obtain the posterior probability output (P(S,/C)) of the context vector belonging
to a subject S;. Finally, the candidate subject is identified by finding the maximum posterior

probability corresponding to a subject.
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P(5,/C) = softmazx(WC + b) (5.4)

5.1.3 Person ldentifiability

Various performance measures have been developed to quantify the quality of the synthesized
ECG signal, e.g. correlation coefficients (CC) [127], RMSE, WEDD, diagnosability etc. In
this work, we have proposed a new performance measure, i.e., person identifiability (PI), to
measure the performance of a synthesis model. The performance measure, Pl, is defined

using the accuracies obtained using the original ECG signal and the synthesized ECG signal.

100, if 4¢C% « 100 > 100

Pl — ACC, (55)
ACC, A
G x 100, otherwise

5.2 Experimental Setup

In this work, we have used the publicly available PTB diagnostic ECG database. The database
contains 549 recordings from 52 healthy subjects and 238 subjects with cardiac ailments.
The ECG signals in this database are recorded using the standard 12-lead ECG recording
setup and 3-orthogonal frank-lead system. In this work, we have considered the ECG signals
recorded using the standard 12-lead ECG setup. Each ECG signal in this database is digitized
at 1 kHz. In this work, an ECG signal of a duration of 14 seconds is used to train the neural
network model designed for ECG synthesis. We have used an ECG signal of a duration of 20
seconds for testing the model.

The testing data of a duration of 20 seconds is again used in the training and testing
process of the ECG biometric system. Out of the 20 seconds of duration, we have used
12 seconds of data for training the biometric system and 8 seconds of data for testing the

biometric system. The train and test data are collected from different locations of the ECG
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Table 5.1: Comparison of Person Identification Performance on Original ECG Signal (O) and Synthe-
sized ECG Signal (S)

Leads Type Acc EER F1 Sen Pre
Vi O 89.13 25.47 88.90 89.13 90.43
S 86.96 31.27 87.00 86.96 89.40
V3 O 82.61 28.36 81.87 82.61 82.54
S 83.70 28.01 82.52 83.70 83.70
V4 O 79.35 25.86 78.64 79.35 80.07
S 79.35 29.27 76.25 79.35 75.93
V5 O 88.04 31.77 86.82 88.04 86.88
S 80.43 37.97 78.19 80.43 78.19
V6 O 89.13 30.14 88.55 89.13 88.62
S 85.87 37.06 83.73 85.87 86.18

signal. This is done by first extracting the training data and then the testing data is extracted.
The training data for the ECG biometric system is extracted only from the original ECG signal
(O). Whereas the testing data are extracted from both the original (O) and synthesized (S)
ECG signals. This allows the comparison of the biometric information present in both the
original and the synthesized ECG signal.

The performance of the synthesis model is evaluated using the correlation coefficients
(CC), RMSE, WEDD, and person identifiability (Pl1). The person identification performance for
both the original and the reconstructed ECG leads is obtained using accuracy (Acc), equal

error rate (EER), F1 score (F1), sensitivity (Sen), and precision (Pre).

5.3 Results and Discussions

The performance of the person identification using the original ECG signal and the synthesized
ECG signal is tabulated in Table From Table [5.1] it can be observed that the person
identification performance using the synthesized ECG signal is nearly the same as the original

ECG signal. Maximum identification accuracy of 89.13% is obtained using the original ECG

TH-3921_146102031

92



5.4 Summary

signal of lead V1 and V6. Although the identification accuracy using the synthesized ECG
signal follows the same trend, maximum identification accuracy of 86.96% is obtained using
the synthesized ECG signal of lead V1. From Table [5.1], it can be observed that the model
gives better performance using the synthesized ECG signal. This may be because of the fact
that the synthesis model is able to learn person specific information and thus result in a better
synthesized ECG signal which has fewer noises and deformations.

The performance of the synthesis model is tabulated in Table 5.2 From Table 5.2} it can
be observed that the proposed Pl performance measure gives performance consistent with
other performance measures, i.e., CC, RMSE, and WEDD. The synthesized signal of lead V5
gives the worst performance, and the signal of lead V3 gives the best performance respective
to the CC performance measure. It can be observed that the CC results are consistent with
the Pl performance measure. This shows that the Pl performance measure can also be used

for evaluating the performance of a synthesis model.

Table 5.2: Performance Evaluation of the Synthesized ECG Signal

Leads CC RMSE WEDD Pl

V1 0.98 42.56 24.40 97.57
V3 0.99 71.72 17.94 100

V4 0.98 100.51 23.36 95.25
V5 0.97 87.13 20.42 91.36
V6 0.98 50.49 19.01 96.34

Average 0.98 70.48 21.02 971

5.4 Summary

In this work, we have analysed the effectiveness of the synthesised ECG signal for biometric
applications. Experimental results show that the synthesised ECG signal contains similar
biometric information compared to an original ECG signal. We have also developed a new
performance measure, i.e., person identifiability (Pl), for the ECG synthesis model. The
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Pl performance measure makes use of the identification accuracy of the original and the
reconstructed ECG signal. We have shown that the proposed performance measure gives

consistent results with the existing performance measures.
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6. Conclusions

The growing prevalence and impact of CVDs on public health have underscored the urgent
need for automated diagnostic and secure healthcare systems. Automated ECG interpretation
methods are essential to facilitate rapid and reliable screening of cardiac abnormalities in
both home-care and hospital-care settings. Such systems can significantly enhance cardiac
disorders management and reduce healthcare costs. Consequently, the development of
intelligent, automated techniques suitable for remote, portable ECG monitoring devices
is vital for enabling early diagnosis and severity evaluation of cardiac conditions, thereby
assisting physicians in commencing timely and effective treatment strategies, ultimately
improving patient outcomes. In addition, advancements in wearable technologies, such as
mobile applications, patch monitors, and smartwatches have made it possible to monitor
cardiac health with greater speed and accuracy. However, these advancements also raise
critical concerns regarding the privacy and security of sensitive medical data collected during
diagnosis. In this context, the present thesis aims to develop an automated ECG interpretation
and security system for the diagnosis of cardiac disorders using standard 12-lead ECG signal.

The work in each chapter of this thesis is summarized as follows.

« Chapter 1 presents an insights into the electrophysiological activities of the heart
and the graphical representation of cardiac conduction system in ECG system. This
chapter discusses various ECG acquisition setups, including the single-lead ECG
recording system, Holter monitoring, and the 12-lead ECG system. It further presents
the morphological characteristics of normal ECG signals, as well as those linked to
a range of cardiac abnormalities. Additionally, it presents a concise overview of the

reconstruction of the 12-lead ECG.

« Chapter 2 presents a comprehensive literature review of existing automated methods
for diagnosing myocardial infarction using 12-lead ECG signals, synthesis of the 12-lead
ECG, and ECG-based biometric systems. While numerous approaches have been
proposed for automated ECG interpretation and analysis, several research gaps remain

inadequately addressed. The final section of this chapter highlights these gaps and
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outlines the motivation behind the current research.

» Chapter 3 presents a new approach for detection of M| using multilead ECG. A VMD
technique is used for quantifying diagnostic information of myocardial infarction from
the ECG signal. Changes observed in the mode coefficients obtained through VMD are
found to cause variations in the values of various features, which are used to extract
clinically significant information from the ECG signals. Among these, multiscale mode
energy is extracted from the decomposed modes and is shown to reflect substantial
differences in pathological signals. Additionally, the inter-lead correlations present in the
MSMM are found to affect its covariance structure, and these alterations are captured
in the eigenvalues of the MSMM. Consequently, changes in pathological ECG signals
are represented through these eigenvalues, which are then used as features. These
extracted features are employed to train classification models aimed at distinguishing
between healthy controls and individuals with MI. Among the classifiers tested, the
SVM with a RBF kernel is found to deliver the highest performance, achieving 99.88%
specificity, 99.90% sensitivity, and an overall accuracy of 99.88%. Based on the results
obtained, it is concluded that the proposed method is capable of accurately detecting

MI and demonstrates superior performance when compared to existing approaches.

» The standard 12-lead ECG system, recorded using ten electrodes, is the most widely
used lead system among cardiologists. However, utilizing multiple electrodes may
cause discomfort, reducing patient compliance. Simultaneously processing signals from
numerous electrodes increases the complexity and expense of the recording system.
In ambulatory settings, even acquiring a standard 12-lead ECG can be challenging.
To address the above challenges, in Chapter 4, we presented an enhanced ECG
spatial resolution approach that exploits the spatio-temporal correlations within the
hidden feature space. The proposed approach take leverage of the enhanced inter-lead
correlation of the ECG signal in the wavelet domain. This high correlation between

different leads within the same wavelet scale can be effectively utilized to train RNN
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model. The performance of the proposed model is assessed by standard closeness
metrics namely, RMSE, correlation coefficient, and R? statistics. The diagnostic variation
between the original signal and the reconstructed signal is evaluated by WEDD. The
average RMSE, correlation, R?, and WEDD values are 55.28, 0.98, 95.79%, and
16.15%, respectively. The results indicate that our method is well-founded and fine
reconstruction quality can be established. The three-lead system used in this study
needs no modifications to the standard electrode placement of a twelve-lead system,
making it a viable clinical option. The proposed method attained high-performance
results even with the addition of noise in the ECG signal. This implies that the proposed
model can efficiently reconstruct the 12-lead ECG from three leads and has the potential
to classify between cardiac diseases and healthy control ECG signals even when there

is noise in the signal.

» Chapter 5 presents ECG based biometric system of the synthesized ECG by leveraging
the temporal variation of the ECG signal. An LSTM based DWT is developed to generate
the five leads from the three predictor leads. The HLSTM based biometric system is
employed for the person identification. Each of the synthesised ECG signals is fed to a
HLSTM based biometric system to investigate the effectiveness of the reconstructed
ECG signal for person identification application. The person identification performance
for both the original and the reconstructed ECG leads is obtained using accuracy (Acc),
equal error rate (EER), F1 score (F1), sensitivity (Sen), and precision (pre). A new
performance measure is developed, i.e., person identifiability (PI), for the ECG synthesis
model. The Pl performance measure makes use of the identification accuracy of the
original and the reconstructed ECG signal. Experimental results shows that the person
identification performance using the synthesized ECG signal is nearly the same as the
original ECG signal. Maximum identification accuracy of 89.13% is obtained using the
original ECG signal of lead V1 and V6. It is evident from the experimental results that the
proposed performance measure gives consistent results with the existing performance

measures.
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6.1 Scope for the Future Work

The following would be the directions for future work.

» The proposed VMD based method can be extended for localization of MI. The VMD
technique can be used for detection of other cardiac abnormalities such as bundle

branch block, hypertrophy and cardiomyopathy.

» Most derived ECG models are patient-specific, as their personalized learning processes
yield high reconstruction accuracy. However, existing global models often fail to preserve
essential clinical information. Developing global models that maintain diagnostic integrity
while enhancing reconstruction accuracy represents a promising direction for future

research.

« The most convenient approach for ECG-based biometric systems is the off-the-person
ECG recording setup. However, performance often declines in this setup due to the low
signal-to-noise ratio (SNR), particularly in signals exhibiting significant baseline drift and
abrupt fluctuations. Biometric identification and verification accuracy can be improved
by enrolling and testing subjects using high SNR ECG signals. Therefore, developing
a quality assessment algorithm based on estimating the periodicity of the ECG signal

could be a valuable enhancement for ECG-based biometric systems.
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