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Abstract

In this work, we developed a hybrid Gaussian-Dipole model for ECG simulation,
combining Gaussian functions with a dipole-based representation of the heart’s
electrical activity. The model achieved high fidelity for Lead II and reasonable
performance across 12-leads, effectively simulating pathologies like ischemia and
ventricular tachycardia. The model’s strengths include efficiency, flexibility, and
applicability to algorithm validation, medical education, and cardiac research.
However, limitations include less accurate 12-lead parameter estimation and
limited capture of beat-to-beat variability. This work advances diagnostic algo-
rithm development, medical training simulation systems, and computational car-
diology, offering potential improvements in patient care and clinical outcomes.
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General introduction

The electrocardiogram (ECG) stands as one of the most fundamental diagnostic tools in
modern cardiology, offering a non-invasive window into the heart’s electrical activity [1].
Since its inception over a century ago with the pioneering work of Waller [2] and subsequent
development by Willem Einthoven in 1924 [3], who was awarded the Nobel Prize for his
contributions, the ECG has proven invaluable for detecting cardiac arrhythmias, conduction
abnormalities, ischemic heart disease, myocardial infarction, and various electrolyte disorders
[4, 5]. The ECG captures potential differences on the body surface caused by depolarization
and repolarization of the heart muscle, thus providing valuable information about the elec-
trical state and function of the heart. However, the complexity of interpreting ECG signals
and understanding the intricate relationship between cardiac electrophysiology and surface
potentials presents ongoing challenges for both clinicians and researchers [6].

The advent of computational modeling has revolutionized our approach to understand-
ing and simulating cardiac electrical activity [7, 8]. ECG simulation models serve multiple
critical functions in cardiovascular medicine and research by providing controlled environ-
ments for investigating the fundamental mechanisms linking cellular electrophysiology to
the characteristic waveforms observed on surface recordings [9]. These models are essential
for developing and validating automated ECG analysis algorithms, particularly for rare or
complex arrhythmias that may be underrepresented in clinical databases [10]. Educational
applications represent another significant domain where ECG simulators prove their worth,
allowing medical students and healthcare professionals to practice ECG interpretation on
diverse signal patterns in a safe, interactive environment [11].

Medical physics plays a vital role in the development and refinement of ECG technol-
ogy. Medical physicists engage in the design and optimization of recording instruments, the
modeling of electrical signaling in biological tissues (the forward problem), and the intri-
cate processing and analysis of ECG signals for precise diagnostic information extraction
(the inverse problem) [12, 13]. These tasks encompass noise filtering, characteristic wave

detection (QRS complex), analysis of heart rate variability (HRV), and the construction of
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mathematical models to interpret ECG signals accurately.

While real ECG data is readily available in medical databases like PhysioNet [14, 15], the
need to simulate synthetic ECG signals is surging due to multiple factors. Firstly, acquiring
sufficiently large datasets with all pathological conditions to effectively train and test diag-
nostic algorithmsespecially Al-based onesproves challenging [16]. Secondly, synthetic signals
enable complete control of all signal parameters including heart rate, waveform morphol-
ogy, noise level, and specific abnormalities, making them ideal for systematic testing and
performance evaluation of signal processing algorithms and automated diagnostic systems
[17]. Thirdly, simulation serves as an invaluable pedagogical tool for students in medicine,
medical physics, and engineering to understand ECG dynamics and the influence of various
physiological and pathological states [18]. Finally, simulation can be utilized to create test
data for evaluating the safety and robustness of cardiac monitoring devices.

This thesis addresses these challenges by developing a novel hybrid Gaussian-Dipole model
for ECG simulation, designed to balance physiological realism with computational efficiency.
The model combines Gaussian functions to represent the temporal morphology of ECG wave-
forms with a dipole-based approach to capture the spatial projection of cardiac electrical
activity across multiple leads. By leveraging real ECG data from the MIT-BIH Arrhythmia
Database, the model is parameterized to simulate both Lead IT and 12-lead ECGs, including
pathological conditions such as ischemia and atrial fibrillation. The primary objectives of this
work are to review existing ECG simulation methods, formulate and implement the hybrid
model, evaluate its performance against real data using quantitative metrics, and discuss its
potential applications and limitations.

In the preparation of this thesis, artificial intelligence tools were utilized to enhance the
quality and presentation of the research work. Specifically, Al-assisted tools were employed
for text refinement and rephrasing to improve clarity and coherence, formatting consistency to
ensure professional presentation standards, and debugging programming code to identify and
correct computational errors in the simulation algorithms. These tools served as supportive
instruments to augment the research process while maintaining the scientific integrity and
originality of the work.

The thesis is structured as follows: Chapter 1 provides the theoretical foundations of
ECG signals, covering cardiac anatomy, electrophysiology, and the 12-lead system. Chap-
ter 2 explores physical and mathematical models for cardiac electrical activity, laying the
groundwork for the hybrid approach. Chapter 3 details the methodology, including data pro-

cessing, model implementation, and evaluation as well as the results for Lead II and 12-lead
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simulations and discusses the model’s strengths, limitations, and future directions.
Through this work, we aim to contribute a versatile tool for medical physics, supporting

advancements in cardiac diagnostics, algorithm development, and education in the face of

the growing global cardiovascular disease burden.




Chapter 1

Theoretical Foundations of ECG
Signals

1.1 Introduction

The electrocardiogram (ECG) is a fundamental non-invasive diagnostic tool that records
the electrical activity of the heart over time. It plays a critical role in the detection and
monitoring of various cardiac pathologies, including arrhythmias, ischemic events such as
myocardial infarction, and conduction system disorders. While modern ECG systems have
been significantly enhanced by digital signal processing, machine learning, and wearable
technologies, the accurate interpretation and development of such systems still rely heavily
on a deep understanding of the physiological mechanisms underlying ECG waveforms.

This chapter provides a comprehensive overview of the theoretical foundations necessary
to interpret ECG signals from both a biological and physical perspective. It begins with
a brief historical and technological context before delving into cardiac anatomy and the
specialized structures responsible for the initiation and propagation of the cardiac impulse.
A detailed explanation of cellular electrophysiologyparticularly action potentialis followed by
a description of how these microscopic events translate into macroscopic ECG waveforms.
This foundation serves as an essential prerequisite for the mathematical and computational

modeling approaches explored in subsequent chapters.
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1.2 Historical and Technological Background

The origins of electrocardiography go back to the late 19th century, with pioneering work
by scientists such as Galvani in 1791, Matteucci in 1842, and Kolliker Miiller in 1855, who
investigated electrical currents in muscle contractions [19]. The first recordings of the elec-
trical activity of the heart on the body surface were made by Augustus Desiré Waller in
1887 using the capillary electrometer developed by Lippmann [2]. However, it was Willem
Einthoven who laid the true foundation for clinical electrocardiography. In 1903, he intro-
duced the string galvanometer, a groundbreaking device that allowed precise measurement
of the electrical potentials of the heart and led to the definition of the PQRST complex [3].
Einthovens pioneering work earned him the Nobel Prize in Physiology or Medicine in 1924
and marked the birth of modern cardiology.

Following Einthovens breakthrough, researchers like Thomas Lewis and Francis Wilson
further advanced the understanding of cardiac electrophysiology, particularly in the realm
of arrhythmias and interpretation of the ECG [20]. During the past century, ECG technol-
ogy has undergone a significant evolution, from early analog devices to sophisticated digital
systems equipped with microprocessors, advanced filtering algorithms, wireless transmission
capabilities and artificial intelligence for automated rhythm analysis [21, 22]. The emergence
of portable and wearable ECG monitors has expanded thier application beyond traditional
clinical settings, especially for long-term cardiac surveillance [23, 24, 25].

Despite these technological advancements, the biophysical principles governing ECG sig-
nal generation remain unchanged. A solid understanding of these principles continues to
be essential for clinicians and researchers aiming to develop novel diagnostic tools or refine

existing methodologies in the ever-evolving field of electrocardiography.

1.3 Cardiac Anatomy and Electrical Conduction

1.3.1 Cardiac Chambers

The heart consists of four chambers two atria and two ventricles each playing a distinct
and essential role in the circulatory function of the cardiovascular system.

- Right Atrium: The right atrium receives deoxygenated blood from the systemic circu-
lation via the superior and inferior venae cavae, as well as the coronary sinus [26]. Its interior
is divided into three anatomical regions: the sinus venarum (smooth posterior wall), the

anterior portion lined with parallel muscular ridges called pectinate muscles, and the atrial
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Inferior
vena cava

Figure 1.1: Diagram of the human heart with labeled chambers and valves [7].

septum. Tt contains several key structures, including the sinoatrial (SA) node, which acts
as the hearts primary pacemaker, the atrioventricular (AV) node, and the fossa ovalis,
a remnant of the fetal foramen ovale [27].

- Left Atrium: Positioned posterior to the right atrium and superior to the left ventricle,
the left atrium receives oxygenated blood from the lungs through the pulmonary veins. Like
the right atrium, it has a smooth-walled main chamber and a pectinate atrial appendage. It
plays a crucial role in delivering oxygen-rich blood to the left ventricle during diastole [28].

- Right Ventricle: The right ventricle pumps deoxygenated blood from the right atrium
into the pulmonary trunk, which carries it to the lungs for oxygenation. It forms most of the
anterior surface of the heart and contains prominent muscular structures known as trabeculae
carneae. The outflow tract of the right ventricle, called the conus arteriosus or infundibulum,
is smooth-walled and separates the left and right ventricular outflow tracts [29].

- Left Ventricle: The left ventricle is responsible for pumping oxygenated blood into the
systemic circulation via the aorta. Due to the high pressure required for systemic circulation,
it has the thickest myocardial wall among all four chambers. Its internal surface is marked
by fine trabeculae carneae and strong papillary muscles. The left ventricle forms most of the

left lateral surface of the heart, and its contraction is critical for maintaining adequate blood
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flow to body tissues [1].
Enclosed within the pericardial sac, the hearts muscular architecture ensures synchro-
nized contraction and relaxation cycles, enabling efficient pumping and optimal circulatory

performance.

1.3.2 Cardiac Valves

Posterior

Tricuspid valve Bicuspid (mitral)

Right Left
side of side of
heart heart

Aortic valve Pulmonary valve

Anterior

Figure 1.2: Heart valves [30].

The unidirectional flow of blood through the heart is ensured by four major cardiac valves,
each playing a crucial role in maintaining efficient circulation. These valves prevent retrograde
blood flow during the cardiac cycle and are supported by specialized structures such as
chordae tendineae and papillary muscles to ensure proper function and prevent prolapse
during systolic contraction [26].

- Tricuspid Valve: Located between the right atrium and right ventricle, this valve
consists of an annulus, three leaflets (anterior, posterior, and septal), papillary muscles, and
chordae tendineae. It prevents backflow of blood into the right atrium during ventricular

systole and partially separates the inflow and outflow tracts of the right ventricle [31].
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- Pulmonary Semilunar Valve: Positioned at the exit of the right ventricle, this valve
guards the orifice leading into the pulmonary artery. It comprises three symmetric cusps
anterior, left, and right that resemble parachutes in shape. During diastole, these cusps
meet centrally within the lumen to block retrograde blood flow from the pulmonary trunk
back into the right ventricle [32].

- Mitral (Bicuspid) Valve: Situated between the left atrium and left ventricle, the
mitral valve has two leaflets anterior and posterior along with chordae tendineae and two
papillary muscles. The fibrous annulus supports most of the valve structure, while the medial
portion receives support from adjacent aortic structures. This valve ensures one-way flow of
oxygenated blood from the left atrium into the left ventricle during diastole [31].

- Aortic Semilunar Valve: Found at the junction of the left ventricle and the ascending
aorta, this valve consists of three semilunar-shaped cusps attached to a fibrous annulus.
During systole, it allows ejection of oxygenated blood into the systemic circulation, and
during diastole, it closes tightly to prevent regurgitation. The sinotubular ridge, a circular
anatomical landmark on the aortic wall, contributes to the structural integrity of this valve
complex [1].

These valves work in coordination with the myocardial contraction cycle to maintain

optimal hemodynamic efficiency throughout the cardiovascular system.

1.3.3 Pericardium

The pericardium is a protective, double-layered membranous sac that surrounds the heart
and plays a critical role in maintaining its anatomical position and reducing mechanical stress
during cardiac activity [26]. It consists of three main layers:

- Fibrous Pericardium: This is the outermost layer, composed of dense connective
tissue. It forms a loose-fitting sac around the heart, extending over the diaphragm and
attaching to the bases of the great vessels. The fibrous pericardium anchors the heart within
the mediastinum and prevents excessive distension of the cardiac chambers [27].

- Parietal Layer of the Serous Pericardium: This serous membrane lines the inner
surface of the fibrous pericardium. It forms the boundary of the pericardial cavity and works
in conjunction with the visceral layer to facilitate smooth cardiac motion[33].

- Visceral Layer of the Serous Pericardium (Epicardium): This layer directly
covers the surface of the myocardium and is considered part of the heart wall. It secretes
lubricating fluid into the pericardial cavity and contributes to the structural integrity of the
heart [28].
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Figure 1.3: Pericardium [33].

Between the parietal and visceral layers lies the pericardial cavity, which contains a small
volume of serous fluid. This fluid acts as a lubricant, minimizing friction between the heart

and surrounding structures during contraction and relaxation cycles.

1.4 Cardiac Conduction System

The cardiac conduction system is a network of specialized myocardial cells responsible for
the generation and coordinated propagation of electrical impulses throughout the heart.
This system ensures synchronized and rhythmic contractions necessary for effective cardiac
function [1, 28].

- Sinoatrial (SA) Node: Positioned in the upper posterior wall of the right atrium
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Terminal
purkinje fibers

Bachmann's

Sinoatrial
(SA) node
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Atrioventricular

(AV) node Left bundle

branch (LBB)
Bundle of His

Right bundle
branch (RBB)

Figure 1.4: Cardiac Conduction System.

near the entrance of the superior vena cava, the SA node acts as the hearts primary pace-
maker. Its cells exhibit spontaneous depolarization, initiating the cardiac rhythm at a rate
of approximately 60100 beats per minute under normal conditions. The nodes activity is
modulated by autonomic innervation, local blood flow, and various chemical factors [34, 27].

- Intra-atrial and Internodal Pathways: These pathways facilitate the rapid spread
of the impulse across both atria. Three major tracts have been identified the anterior (via
Bachmann’s bundle to the left atrium), middle (Wenckebach pathway), and posterior (Thorel
pathway) which ensure efficient signal transmission to the AV node[35].

- Atrioventricular (AV) Node: Located within Kochs triangle in the right atrium,
the AV node serves as a critical relay point between the atria and ventricles. It introduces
a physiological delay in impulse transmission (reflected as the PR interval on the ECG),
allowing sufficient time for ventricular filling before contraction. The node contains fast and
slow conduction pathways; the fast pathway conducts quickly but has a longer refractory
period, while the slow pathway recovers more rapidly, offering protection against excessive
ventricular rates during tachyarrhythmias.

- Bundle of His: This structure represents the sole electrical connection between the
atria and ventricles. It originates from the AV node and extends into the interventricular

septum, where it bifurcates into the left and right bundle branches.

10
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- Left and Right Bundle Branches & Purkinje Fibers: The right bundle branch
transmits the impulse to the right ventricle, while the left bundle branch divides into anterior
and posterior fascicles to supply different regions of the left ventricle. These signals are then
distributed through the Purkinje fiber network, which ensures rapid and nearly simultaneous
activation of ventricular myocardium, resulting in synchronized contraction [36]. These fibers
are anatomically variable and extend into trabeculae such as the moderator band, playing a
key role in ventricular excitation.

Disruptions at any level of the conduction system may lead to arrhythmias or conduction
blocks, often detectable through characteristic changes in ECG morphology and timing[37].

Understanding this system is essential for diagnosing and managing cardiac rhythm disorders.

1.5 Electrophysiological Basis of ECG Waves

The electrocardiogram (ECG) reflects the summation of electrical activity generated by car-
diac myocytes during the cardiac cycle. This bioelectrical activity originates from depolar-
ization and repolarization processes in myocardial and pacemaker cells, which are governed

by specific ion currents across the cell membrane.

1.5.1 Phases of the Cardiac Action Potential

Each heartbeat begins with an action potential in pacemaker or working myocardial cells,

consisting of five distinct phases (Figure 1.5):

1. Phase 0 (Rapid Depolarization): Voltage-gated sodium (Na™) channels open at
a threshold potential ( 70 mV), leading to a rapid influx of Na™ and a sharp rise in

membrane potential.

2. Phase 1 (Initial Repolarization): Brief opening of transient outward potassium

(K™) channels causes partial repolarization.

3. Phase 2 (Plateau Phase): A balance between inward calcium (Ca*") current and

sustained K+ efflux maintains the depolarized state, prolonging contraction duration.

4. Phase 3 (Repolarization): Increased KT conductance and closure of C'a?* channels

restore the resting membrane potential ( 90 mV).

5. Phase 4 (Resting/Spontaneous Depolarization): In pacemaker cells (e.g., SA

node), a slow inward current () gradually depolarizes the membrane toward threshold,

11
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Figure 1.5: Cardiac Action Potential: Phases and Ionic Currents[38].

enabling automaticity. The intrinsic firing rate of the SA node is typically 60100 beats

per minute.

These phases are mediated by specific ion channels and transporters, and their coordi-
nated activation determines the shape and duration of the action potential, which directly

influences ECG morphology.

1.5.2 ECG Waveform Interpretation

The standard ECG waveform represents the cumulative extracellular manifestation of these
cellular events across the entire myocardium. Each component correlates with a specific stage
of cardiac electrical activity:

As shown in Figure 1.6, the cardiac impulse starts at the sinoatrial (SA) node, initi-
ating atrial contraction (P wave). It then travels through the atrioventricular (AV) node,

where a brief delay ensures complete ventricular filling before ventricular activation (QRS

12
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Table 1.1: ECG components and corresponding cardiac events.

Segment Description

P Wave Atrial depolarization initiated by the SA node

PR Interval | Time from onset of atrial to ventricular depolarization;
includes AV nodal delay

QRS Complex | Ventricular depolarization; large amplitude due to mas-

sive ventricular mass

ST Segment | Period between ventricular depolarization and repolar-

ization

T Wave Ventricular repolarization

QT Interval | Total duration of ventricular electrical activity (from Q

onset to T end)

complex) via the Bundle of His, bundle branches, and Purkinje fibers. Finally, ventricular
repolarization generates the T wave, completing the cardiac cycle.

This coordinated propagation occurs via gap junctions low-resistance connections that
allow the myocardium to function as a functional syncytium, ensuring rapid and synchronized
contraction [27].

Abnormalities in ECG waveform morphology or timing often reflect underlying patholo-
gies such as arrhythmias, ischemia, or conduction disorders, making the ECG a cornerstone

of clinical cardiology.

1.6 Lead Systems and Cardiac Axis

The 12-lead electrocardiogram (ECG) represents a fundamental diagnostic modality in clin-
ical cardiology and medical physics, enabling the non-invasive assessment of the hearts elec-
trical activity. This technique relies on the spatial recording of cardiac bioelectric potentials
through a standardized configuration of limb and precordial leads. These leads provide or-
thogonal projections of the cardiac dipole vector in both the frontal and horizontal planes,
thereby facilitating the detection and localization of various pathological conditions, includ-
ing arrhythmias, conduction abnormalities, myocardial ischemia, and structural alterations.
The recorded signals originate from transmembrane ionic currents associated with myocardial
depolarization and repolarization, which propagate through conductive body tissues and are

detected as potential differences on the body surface. This section explores the electrophysi-

13
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Figure 1.6: Trajectory of a normal cardiac vector[39].

ological and physical principles underlying ECG signal generation, with particular emphasis

on dipole theory, lead system orientation, and mathematical modeling of extracellular poten-

tials, in relation to their application in clinical diagnostics and biomedical research.

1.6.1 12-Lead ECG Configuration

The 12-lead ECG system uses limb and precordial leads to record cardiac electrical activity:

« Bipolar Limb Leads (I, II, III): These form Einthovens triangle in the frontal plane,

with electrodes on the right arm (RA), left arm (LA), and left leg (LL):

Vi=Via—Vga
Vir =Vir — Vra
Virr =Vir — Via

Einthovens law ensures consistency:

Vir=Vr+ Vi

—~~
_ =
w N =
N— SN—

(1.4)
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Figure 1.7: The standard ECG waveforms [40].

o Augmented Unipolar Limb Leads (aVR, aVL, aVF): Referenced to Wilsons

central terminal:

_ Vea +Via+Vip

Vv 3
The augmented leads are:

Vo — 2Vra = Via —Vip
aVR — 3

Voo — 2Via —Vera —Vip
aVL — 3

Voo — 2Vir — VrRa — Via
aVF —

3

(1.5)

(1.6)
(1.7)

(1.8)

o Precordial Leads (V1Vg): Unipolar leads on the chest, referenced to Vi, capture

horizontal-plane activity:

Vv, = Vohest; — Vv forit =110 6

(1.9)

These leads enable localization of myocardial injury, hypertrophy, or conduction abnor-

malities by providing multi-plane views.

1.6.2 Cardiac Vector and Lead Orientation

The hearts electrical activity is modeled as a time-varying cardiac dipole, ﬁ(t) = D,(t)i +

D,(t)] + D.(t)k, representing summed myocardial action potentials. The ECG signal is the
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V=g - dg

Figure 1.8: Einthoven limb leads and Einthoven triangle

Figure 1.9: Einthovens triangle and hexaxial reference system, showing bipolar (I, II, III)

and augmented leads (aVR, aVL, aVF), with precordial lead placements.

projection onto the lead axis:

ECCiena(t) = D(t) - L = | D(t)| cos() (1.10)

where L is the leads unit vector, and 6 is the angle between ﬁ(t) and L. The mean
electrical axis, derived from Leads I and aVF, ranges from 0° to 90° normally, with deviations
indicating pathologies [26].

The extracellular potential is governed by the Poisson equation:

V- Ji(r,t)

g

V2p(r,t) = — (1.11)

where j;(T’, t) is the source current density and o is tissue conductivity.
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Figure 1.10: Cardiac dipole ﬁ(t) projections onto lead vectors, showing deflection types.

1.6.3 Physical Basis of ECG Signal Generation

ECG signals arise from ionic currents during depolarization and repolarization. The resting
transmembrane potential (V,,, & —80mV to —90mV) is set by ion gradients, per the Nernst

equation:

i = 1y (“.On]‘“) (1.12)
z

The action potential is modeled by:

AV,
Cm? = —([Na+[K+[Ca+Istim) (113)

Extracellular potentials propagate through the body:

—

o7 1) = — /JS(F’U'(F_?) v’ (1.14)

 dno |7 — 73

1.6.4 Clinical Applications

The ECG diagnoses:

e Arrhythmias: Atrial fibrillation (irregular P waves), ventricular tachycardia (wide

QRS).

o Conduction Disorders: AV block (prolonged PR), Wolff-Parkinson-White (short
PR, delta wave).

o Myocardial Injury: ST elevation (> 1 mm), pathological Q waves.
« Hypertrophy: Sokolow-Lyon criteria (Sy; + Rys Jve > 35 mm).

« Electrolyte Imbalances: Peaked T waves (hyperkalemia), prolonged QT (hypocal-

cemia).
e Pericarditis: Widespread ST elevation.

e Pulmonary Embolism: S1Q3T3 pattern.
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1.7 Conclusion

This chapter presented the foundational knowledge required to understand the generation
and interpretation of ECG signals. Beginning with the structural organization of the heart
and its conduction system, we examined how electrical activation is initiated and propagated
through the myocardium. We linked cellular electrophysiology to the formation of ECG
waveforms and explained the significance of each component in clinical cardiology. Finally,
we reviewed the standard lead configurations and the vector-based approach to interpreting
ECG signal morphology.

This theoretical framework provides the essential background for the mathematical and
computational models discussed in the following chapter, which will explore the physics and

mathematics behind ECG signal simulation and analysis.
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Chapter 2

Physical and Mathematical Modeling
of Cardiac Electrophysiology

2.1 Introduction

The mathematical modeling of cardiac electrophysiology constitutes a fundamental tool for
explaining the electrical functions and basic mechanisms of the heart. This discipline allows
to simulate and investigate cardiac electrophysiological phenomena across a spectrum of
scales, ranging from individual cardiomyocytes to entire cardiac tissues. These models yield
invaluable insights into both normal cardiac physiology and pathological states, thus making
considerable contributions to clinical diagnostics and therapeutic interventions.

The electrocardiogram (ECG), a non-invasive diagnostic methode, records the heart’s
electrical activity via surface electrodes, producing characteristic waveforms[41]. This elec-
trical activity originates within a complex network of specialized cells, beginning at the sinoa-
trial node and propagating through the atrioventricular conduction system, finally displaying
as measurable potentials on the body surface [9]. Accurate simulation of ECG signals is of
dominant importance for medical education, the testing of medical devices, the validation
of diagnostic algorithms, and computational cardiology [41, 17]. Reaching realistic wave-
forms requires modelling both the electrophysiology at the cellular level and the macroscopic
propagation of electrical fields through cardiac tissue and the torso [42].

This chapter offers a review of ECG simulation models. We will present models that
describe cellular action potentials, the propagation of electrical excitation through cardiac
tissue, and those for generating ECG waveforms. We will critically evaluate these models

based on their physiological accuracy, computational efficiency, and suitability for diverse
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applications, including medical training simulators

2.2 Cellular Action Potential Models

The heartbeat begins at the cellular level, where the action potentiala rapid change in a cells
electrical potentialdrives cardiac rhythm. Modeling these cellular dynamics is the foundation
of cardiac electrophysiology simulations, capturing the interplay of ion flows across the cell

membrane.

2.2.1 Hodgkin-Huxley Model

In 1952, Hodgkin and Huxley transformed our understanding of excitable cells with their
seminal model of the squid giant axon [43]. This Nobel Prize-winning framework, originally
developed for neurons, has become a cornerstone for modeling cardiac cells by describing how

voltage-gated ion channels generate action potentials.

2.2.1.1 Model Description

The Hodgkin-Huxley model envisions the cell membrane as an electrical circuit, with the lipid
bilayer acting as a capacitor and ion channels as variable conductors. It accounts for the flow
of sodium (Na'), potassium (K¥*), and leak currents, driven by electrochemical gradients
defined by the Nernst potential:

RT [ion] ot
Vin=—F7In | = 2.1
zF . ( [ion]i, (2.1)
Here, R = 8.314J - K™! - mol™' is the gas constant, T is the absolute temperature, z is
the ions valence, and F' = 96,485 C - mol~" is Faradays constant.
The membrane potential V' evolves according to:
av

Cm% = —TLon(Vim, hyn) + Lo (2.2)

where (), is the membrane capacitance, I is an external stimulus current, and [y, is

the total ionic current:

[ion = gNamSh(V — VNa) + gKn4(V — VK) + gL(V — VL) (23)
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Figure 2.1: Schematic of the Hodgkin-Huxley model, illustrating the membrane as a capacitor

with voltage-dependent sodium, potassium, and leak conductances.

The conductances gna, gk, and g, represent sodium, potassium, and leak channels, re-
spectively, with Vxa., Vk, and V;, as their Nernst potentials. The gating variables m, h, and

n describe the probability of channel activation or inactivation, governed by:

‘Zj = an(V)(1 =) — Bu(V)n0 (2.4)
CZ? = (V)1 = m) = Bun(V)m (2.5)
2 = (V)1 B) — (V) (26)

The rate constants «(V') and (V') are voltage-dependent, enabling the model to capture

the nonlinear dynamics of action potential generation.

2.2.1.2 Applications

o Exploring the mechanisms of action potential generation and ion channel dynamics.
« Assessing the impact of pharmacological agents on cardiac cell behavior [41].

e Serving as a foundation for more complex cardiac-specific models.

2.2.1.3 Limitations

» Computationally intensive, especially for large-scale simulations involving many cells.
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o Requires adaptation for cardiac cells, which have distinct ion channel profiles compared

to neurons.

o Challenging to scale to whole-heart models without simplification.

2.2.2 FitzHugh-Nagumo Model

The FitzHugh-Nagumo model, introduced in the early 1960s [44], simplifies the Hodgkin-
Huxley framework to capture the essential dynamics of excitability with fewer variables,

making it computationally efficient and mathematically tractable.

2.2.2.1 Model Description

This model reduces the complex dynamics to two variables: a fast variable v, representing the
membrane potential, and a slow variable w, representing recovery processes. The governing

equations are:

LAV 2.
G =UT g W + (2.7)
dw

i - 2.
7 e(v+a—bw) (2.8)

Here, I is an external stimulus current, ¢ < 1 sets the time scale separation, and a and b
adjust the excitation threshold and recovery dynamics. The cubic term in the first equation
mimics the rapid depolarization of an action potential, while the slow variable ensures a

refractory period.

2.2.2.2 Applications
e Modeling wave propagation and spiral waves in cardiac tissue, relevant to arrhythmias.
o Educational tools to demonstrate excitability principles.

o Exploring qualitative dynamics of cardiac excitation.

2.2.2.3 Advantages
o Computationally lightweight, enabling large-scale simulations.
o Analytically tractable, supporting phase-plane analysis.

o Captures key features like thresholds and refractory periods.
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2.2.2.4 Limitations

o Oversimplifies ionic mechanisms, limiting physiological detail.
o Parameters are phenomenological, not directly tied to measurable quantities.

o Less accurate for quantitative predictions compared to biophysical models.

2.3 Propagation of Electrical Excitation in Cardiac Tis-

sue

Once an action potential is initiated, it spreads through the heart, coordinating contraction.
Modeling this propagation requires accounting for the tissues complex structure, including

its anisotropic electrical properties.

2.3.1 Bidomain Model

The bidomain model is the gold standard for simulating cardiac tissue electrophysiology,
offering a detailed representation of electrical activity across intracellular and extracellular

domains [45].

2.3.1.1 Model Description

This model treats cardiac tissue as two interpenetrating domains: the intracellular space (in-
side cells) and the extracellular space (outside cells), each with distinct conductivity tensors
o; and o.. The transmembrane potential V,, = V; — V, links these domains. The governing

equations are:

)

V- (0.VV.) = =Bl — I, (2.10)

where (3 is the membrane surface-to-volume ratio, I, ; and I, . are stimulus currents, and

I,,, is the transmembrane current:

oV,

A - m
" Cmat

+ Lion(Vin, ) (2.11)
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The ionic current [y, is typically defined by a cellular model (e.g., Hodgkin-Huxley), and
y represents state variables. The bidomain model captures the anisotropic propagation of

action potentials, crucial for realistic simulations.

2.3.1.2 Applications

o Simulating ECG generation by computing extracellular potentials.
e Studying complex arrhythmias and defibrillation effects.

o Investigating the impact of tissue anisotropy on wave propagation.

2.3.1.3 Limditations

o High computational cost due to coupled equations and complex ionic models.

e Requires detailed knowledge of conductivity tensors, which are hard to measure.

2.3.2 Monodomain Model

The monodomain model simplifies the bidomain framework by assuming proportional anisotropy

between intracellular and extracellular domains, reducing computational demands.

2.3.2.1 Model Description

Assuming o, = Ao;, the bidomain equations reduce to a single reaction-diffusion equation:

OV .
5Cmﬁ + B]ion(vma y) =V- (Ueﬂvvm) + ]app (212)
Here, oo = 1%\01- is the effective conductivity, and I, is an applied stimulus. This model

focuses on the transmembrane potential V,,, sacrificing direct computation of extracellular

potentials.

2.3.2.2 Applications

» Large-scale simulations of action potential propagation.

e Studying wave dynamics and spiral wave formation.
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2.3.2.3 Advantages

e Lower computational cost than the bidomain model.

e Simpler to implement and solve numerically.

2.3.2.4 Limitations

o Cannot directly compute extracellular potentials, limiting ECG applications.

o Assumes proportional anisotropy, which may not hold in pathological conditions.

2.4 Mathematical Models for ECG Waveform Simula-
tion

While biophysical models offer deep mechanistic insights, mathematical models focus on
replicating ECG waveforms efficiently, making them ideal for real-time applications and ed-

ucational tools [41].

2.4.1 Physiological Oscillator Models

The hearts rhythm arises from specialized pacemaker cells. Oscillator-based models capture

this rhythmicity by representing key conduction nodes as coupled oscillators.

2.4.1.1 Van der Pol Oscillators

The Van der Pol oscillator, originally developed for electrical circuits, models the hearts
conduction system using coupled, nonlinear oscillators [46]. The governing equation is:
d? d
T -y
dt? dt

where g controls nonlinearity and w sets the oscillation frequency. Coupled oscillators

+w?r =0 (2.13)

can represent the sinoatrial node, atrioventricular node, and His-Purkinje system, generating
ECG-like signals [?].
Advantages: Captures rhythmic behavior and conduction system interactions. Limi-

tations: Simplified representation requiring careful parameter tuning.
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2.4.2 Morphological Models

Morphological models prioritize replicating the shape of ECG waves (P, QRS, T') using math-
ematical functions, sacrificing physiological detail for simplicity.

2.4.2.1 Gaussian Function-Based Models

Gaussian functions model ECG waves as bell-shaped curves [17]:

(t —t;)?
V(t) = Z Ajexp | — = + Vhaseline (2.14)

i€{P,Q,R,5,T}

where A;, t;, and o; define amplitude, timing, and width, respectively. Multi-lead ECGs

use lead-specific scaling factors:

(t—t;)?
Vieadj (t) = Z kj,iAi exXp | — (215)
Advantages: Simple, efficient, and intuitive for basic simulators. Limitations: Lacks
physiological grounding and struggles with complex arrhythmias.
2.4.2.2 Sinusoidal Waveform Models
Fourier-based models represent ECGs as sums of sinusoids [?]:

M
V(t) = Ao+ > Apsin(2r fit + dr) (2.16)

k=1
Time-varying parameters A (t), fr(t), and ¢ () incorporate heart rate variability (HRV).
Advantages: Effective for periodic signals and frequency analysis. Limitations: Re-

quires many harmonics for sharp features like QRS complexes.

2.4.3 Dynamic Models (ECGD)

Dynamic models generate sequences of heartbeats with realistic variability, crucial for long-

term ECG simulations.

2.4.3.1 McSharry Model

McSharry et al. proposed a three-dimensional dynamical system to generate ECGs with
HRV [17]:
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d

ditj =ar —wy (2.17)

d

c% = oy + wx (2.18)
AB?

dz _ > a;AGexp (— 921 ) — (2 — 20) (2.19)

dt i€{P,Q,R,S.T} 2b;

The phase angle § = atan2(y, z) drives wave generation, with z(¢) as the ECG output.
Extensions include HRV effects like respiratory sinus arrhythmia [?].
Advantages: Captures waveform morphology and HRV dynamics. Limitations: Re-

quires careful parameter tuning and may miss complex pathologies [?].

2.4.4 Reaction-Diffusion Models for Waveform

Reaction-diffusion equations, typically used for propagation, can also generate waveforms via

their reaction term:

%‘tf =V -(DVV)+ f(V,9) (2.20)

These are valuable for modeling waveform changes due to propagation effects, such as in

ischemia.

2.5 Forward Problem of ECG Generation

The forward problem links cardiac electrical activity to body surface potentials, modeling

the heart as a source within the torsos volume conductor.

2.5.1 Equivalent Source Models

To simplify the hearts complex activity, equivalent source models are used.

2.5.1.1 Dipole Models

A single current dipole H (t) approximates the hearts electrical activity, with multi-dipole or

multipole expansions for added detail.
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2.5.1.2 Distributed Surface Models

e Uniform Double Layer (UDL): Models the depolarization wavefront as a dipole

layer.
« Equivalent Double Layer (EDL): Places dipoles on epicardial /endocardial surfaces.

» Epicardial/Endocardial Potential (EP) Models: Uses surface potentials as bound-

ary conditions.

2.5.1.3 Transmembrane Potential (TMP) Models

TMP models use the myocardial V,,, distribution, often from bidomain simulations, to com-
pute surface potentials, offering a direct link to cellular dynamics.

Volume Conductor Model and Solution Methods

The torso is modeled as a heterogeneous conductor, governed by Laplaces or Poissons
equation. The Boundary Element Method (BEM) discretizes only interfaces between regions,

reducing computational cost compared to Finite Element or Finite Difference methods.

2.6 Physical Models: Linking Cellular Activity to Sur-

face Potentials

Physical models bridge cellular events to ECG signals, providing insights into how microscopic

activity translates to clinical measurements

2.6.1 Heart Vector Model (Dipole Model)

The heart vector model simplifies the hearts activity as a single dipole H (t), projected onto

lead vectors L to compute ECG voltages [47):

Viead(t) = H(t) - L (2.21)

Lead vectors for the 12-lead ECG are derived from geometric assumptions like Einthovens
triangle [48]. This model supports multi-lead ECG synthesis [49].
Advantages: Intuitive, efficient, and suitable for multi-lead ECGs. Limitations: Over-

simplifies distributed sources and struggles with localized pathologies.
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2.7 Deep Learning-Based Models

Deep learning offers innovative solutions for generating realistic ECGs, particularly for data-

intensive applications.

2.7.1 Generative Adversarial Networks (GANs)

GANSs use a generator and discriminator to produce synthetic ECGs, with conditional GANs
enabling targeted generation for specific conditions.
Applications: Data augmentation, pathology simulation, and anonymization.
Advantages: Highly realistic outputs and flexibility.

Limitations: Training instability and data requirements.
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Chapter 3

ECG Simulation using Hybrid
Gaussian-Dipole Model

3.1 Introduction

Current approaches to ECG simulation span a broad spectrum, from simple mathematical
functions to sophisticated biophysical models [41]. At one end, basic models employ combina-
tions of elementary waveformssuch as Gaussians, sine waves, or polynomialsto approximate
the characteristic P-QRS-T complex. While computationally efficient, these approaches of-
ten lack physiological realism and may struggle to accurately represent the variability seen
in clinical practice, particularly under pathological conditions.

At the opposite extreme, detailed biophysical models simulate electrical activity at the
cellular or tissue level, incorporating anatomical heart geometry and solving complex partial
differential equations [45, 50]. These models offer exceptional fidelity but require substantial
computational resources and extensive parameterization, limiting their practical application
in real-time scenarios or large-scale studies.

The hybrid Gaussian-Dipole model presented in this chapter represents a promising mid-
dle ground between these approaches. By combining the mathematical simplicity of Gaussian
functions with the physiological insight of dipole modeling [51, 5], this framework aims to
balance computational efficiency with biological plausibility. The model leverages Gaussian
functions to represent individual ECG components (P, QRS, and T waves) while employ-
ing a dipole vector to capture the heart’s overall electrical orientation. This dipole is then
projected onto standard lead axes to generate realistic multi-lead ECG signals.

This work details the development and application of this hybrid model for simulating
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both standard Lead II ECG signals and comprehensive 12-lead recordings. We explore the
mathematical foundations, parameter estimation methodologies using real ECG data from
the MIT-BIH Arrhythmia Database [52], and the practical implementation in Python. The
model’s performance is evaluated through comparison with actual recordings, and its versa-

tility is demonstrated through simulation of various pathological conditions.

3.2 Theoretical Background and Model Formulation

3.2.1 Gaussian Representation of ECG Components

The choice of Gaussian functions for modeling ECG waveforms stems from their natural
ability to approximate the smooth, bell-shaped characteristics commonly observed in physio-
logical signals [17]. A Gaussian function provides a mathematically tractable representation
while maintaining biological plausibility for cardiac electrical events.

The fundamental Gaussian function is defined as:

G(t, A, u,0) = A-exp (_(t—,u)Q> (3.1)

202

where A represents the amplitude, p the temporal offset (mean), and o the standard
deviation controlling the width of the function.
In our hybrid model, each cardiac electrical event within a single heartbeat is represented

by one or more Gaussian components, positioned relative to the R-peak time ty:

P wave: Modeled as a single Gaussian representing atrial depolarization

QRS complex: Represented by three Gaussians (Q, R, S waves) capturing ventricular

depolarization

ST segment: Modeled as a wide, low-amplitude Gaussian representing early repolar-

ization

T wave: Composed of two Gaussians allowing for asymmetric morphology

The complete single-beat waveform is constructed as:

W(t) = Gp(t) + GQRs(t) + GST(t) + GT(t) (32)
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where each component is defined relative to the R-peak:

Gp(t) = G(t,Ap,tp + pp,op) (3.3)

Gors(t) = Y G(t, A tr + i, 04) (3.4)
ie{Q,R,S}

Gsr(t) = G(t, Ast, tr + psr, osr) (3.5)

Gr(t) = G(t, Ar1, tr + pir1, 0r1) + G(t, Aro, tr + pira, 012) (3.6)

3.2.2 Dipole Model and Spatial Projection

The heart’s electrical activity can be approximated as an equivalent current dipole vector
d(t) = [d,(t),dy(t),d.(t)] located at the heart’s electrical center [51]. This representation,
while simplified, captures the essential spatial characteristics of cardiac electrical propagation
and has been fundamental to understanding ECG lead systems since the work of Frank [47]
and Wilson [53].

The dipole components are constructed as weighted combinations of the Gaussian wave-

form components:

dy(t) = wp,Gp(t) + wors:Gors(t) + WsrGsr(t) + wryGr(t) (3.7)
dy(t) = wp,Gp(t) + wors,Gqrs(t) + wsryGsr(t) + wryGr(t) (3.8)
dz(t) = wszp(t) + wQRSzGQRS(t) -+ wSTZGST(t) + ’LUTZGT(t) (39)

The weights w;; reflect the relative contribution of each cardiac event to the overall dipole
moment in each spatial direction, derived from physiological understanding and empirical
observations [5].

The potential measured by any ECG lead is obtained through vector projection:
Viead(t) = d(t) - Lyjeqq = dy(t) Ly + dy(t) Ly + d.(t) L, (3.10)

where Lijeqq = [Ly, Ly, L] represents the lead vector for the specific ECG lead.
For the standard 12-lead system, the lead vectors are defined according to conventional
electrode placements [4]. The limb leads follow the Einthoven triangle configuration, while

precordial leads capture the heart’s electrical activity from the horizontal plane.
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3.3 Methodology

3.3.1 Data Source and Preprocessing

Our parameter estimation utilizes the MIT-BIH Arrhythmia Database [52], a gold stan-
dard resource containing 48 half-hour ambulatory ECG recordings sampled at 360 Hz. The
database provides both raw signal data and expert annotations for R-peak locations and
arrhythmia classifications, making it an invaluable resource for cardiovascular research [14].

The preprocessing pipeline involves several key steps:

1. Data loading: ECG records are accessed using the WFDB Python package [15], with

automatic download if not locally available

2. Signal segmentation: Representative segments containing multiple cardiac cycles are

extracted based on R-peak annotations

3. Signal conditioning: Basic filtering and noise reduction are applied to improve fea-

ture detection accuracy [21]

For this study, we primarily focus on Lead II recordings, as this lead provides excellent

visualization of atrial and ventricular activity and is commonly used for rhythm analysis [1].

3.3.2 Parameter Extraction

Accurate parameter estimation forms the foundation of realistic ECG simulation. We em-
ploy the NeuroKit2 library [54], a comprehensive physiological signal processing package, for
automated feature extraction.

The parameter extraction process includes:

1. R-peak refinement: While R-peaks are available from MIT-BIH annotations, we

apply additional peak detection algorithms to ensure consistency [39]

2. Wave delineation: P and T wave peaks are identified using discrete wavelet transform
methods [22]

3. Statistical analysis: Mean values and variability measures are computed for key

parameters including wave amplitudes, temporal offsets, and durations

Key extracted parameters include:
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o P wave offset (up): Average time difference between P-peaks and corresponding R-

peaks

o T wave offset (ur): Average time difference between T-peaks and corresponding R-

peaks

Wave amplitudes (Ap, Ag, Ar): Mean signal amplitudes at respective peak locations

Heart rate variability measures for rhythm generation [55]

3.3.3 Lead II Simulation Implementation

The Lead II simulation focuses on generating a single-lead ECG signal using extracted pa-

rameters from real data. The implementation follows these steps:

1. Parameter initialization: Gaussian parameters are set based on extracted statistics,

with physiologically reasonable defaults for undetected features

2. Waveform generation: For each cardiac cycle, individual Gaussian components are

generated and combined
3. Dipole calculation: The 3D dipole vector is computed using predefined weights

4. Lead projection: The dipole is projected onto the Lead II vector to obtain the final

signal

5. Noise addition: Realistic noise components including baseline wander and high-

frequency artifacts are incorporated [56]

6. Signal scaling: The synthetic signal is scaled to match the statistical properties of

the reference signal

This detailed process allows the Lead II code script to generate a synthetic Lead 11 ECG
signal that is morphologically similar to a target real ECG segment, based on extracted
parameters and the hybrid Gaussian-Dipole model. The workflow of the Lead II script is
illustrated in Figure 3.1.
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Figure 3.1: Lead II code flowchart
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3.3.4 12-Lead ECG Simulation

The 12-lead simulation extends the single-lead approach to generate a complete standard

ECG. Key enhancements include:

1. Multi-lead projection: The same dipole vector is projected onto all 12 standard lead

vectors simultaneously

2. Pathology simulation: Specific parameter modifications simulate common cardiac

abnormalities

3. Independent noise: Fach lead receives independent noise components to simulate

realistic recording conditions

3.3.4.1 Pathological Condition Simulation

The model’s flexibility allows simulation of various cardiac abnormalities through targeted

parameter modifications:

Ischemia: ST segment elevation and T wave inversion through amplitude adjustments

Atrial fibrillation: P wave suppression and irregular R-R intervals

Ventricular tachycardia: Increased heart rate and widened QRS complexes

Bradycardia: Reduced heart rate with normal morphology

These pathological patterns are based on established clinical criteria and electrophysio-
logical understanding [57, 1].

The workflow of the 12 leads script, including pathology simulation, is illustrated in Figure
3.2.
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Figure 3.2: 12-Lead code flowchart
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3.4 Results and Evaluation

3.4.1 Lead II Simulation Performance

The Lead II simulation was evaluated using MIT-BIH record 100, demonstrating strong

quantitative performance:

Mean Squared Error: 0.0065
Correlation Coefficient: 0.8859
Dynamic Time Warping Distance: 2.2441

Match Percentage: 88.59%

These metrics indicate excellent morphological similarity between synthetic and real sig-

nals. The high correlation coefficient suggests the model successfully captures the overall

waveform characteristics, while the low MSE indicates minimal amplitude differences.
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Figure 3.3: Comparison of Real (MIT-BIH Record 100, Lead II segment) and Synthetic
Lead IT ECG signals generated by Lead II code. (Top) Time-domain signals. (Bottom)
Power Spectral Densities (PSDs). Quantitative metrics (MSE, Correlation, Match %) are

displayed.
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3.4.2 12-Lead Simulation Results

The 12-lead simulations produced visually recognizable ECG patterns for both normal and

pathological conditions. Performance metrics for various simulated conditions are summa-
rized in Table 3.1.

Table 3.1: Performance metrics for 12-lead ECG simulations

Condition MSE Correlation DTW PSD Corr. Match (%)
Normal 0.0687 0.7640 5.4638 0.7139 76.40
Ischemia 0.0802 0.7843 6.0522 0.7674 78.43
Atrial Fibrillation 0.0837 0.7374 6.7937 0.6899 73.74
Ventricular Tachycardia 0.1088 0.8197 7.8972 0.7917 81.97
Bradycardia 0.0671 0.7547 2.3517 0.6865 75.47

The results demonstrate the model’s capability to generate distinguishable patterns for
different pathological conditions while maintaining reasonable similarity to expected mor-
phologies. This is evident through qualitative assessment of the generated pathological ECGs
(visualized in Figures 3.5a to 3.5d), which demonstrates the following key findings:

o Ischemia (Fig. 3.5a): The simulation exhibit ST-segment elevation and potentially
T-wave inversion in specific leads, consistent with the parameter modifications (Agr
increase, Ars inversion). The location of these changes (which leads are affected)

depended on the underlying dipole modification but is generalized in this simulation.

o Atrial Fibrillation (Fig. 3.5b): The simulation showed an irregularly irregular
rhythm (varying R-R intervals) and absent or replaced P waves (often by fibrillatory
waves, though the model simplifies this by setting Ap = 0).

» Ventricular Tachycardia (Fig. 3.5c¢): The simulation displayed a rapid heart rate
and wide QRS complexes, consistent with the increased rate and widened Gaussian

parameters (0g, 0, 0s). P waves were dissociated or absent.

« Bradycardia (Fig. 3.5d): The simulation showed a slow, regular rhythm with normal
P-QRS-T morphology, reflecting the decreased heart rate parameter.
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Figure 3.4: Simulated Normal Sinus Rhythm 12-Lead ECG generated by 12 Leads Code

(Calibration: 25 mm/s paper speed, 10 mm/mV sensitivity)
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3.4.3 Spectral Analysis

Power spectral density analysis revealed good frequency domain matching between synthetic
and reference signals. The PSD correlation values ranged from 0.69 to 0.79 across different
conditions, indicating that the model captures not only time-domain morphology but also

essential frequency characteristics [58].
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Figure 3.6: Power Spectral Density (PSD) analysis for the synthetic Normal Sinus Rhythm
12-Lead ECG.

3.5 Discussion

3.5.1 Model Strengths

The hybrid Gaussian-Dipole approach offers several significant advantages:

1. Computational efficiency: The model generates ECG signals rapidly, making it

suitable for large-scale studies and real-time applications

2. Physiological interpretation: Parameters have clear relationships to cardiac elec-

trophysiology, facilitating intuitive control and modification [59]

3. Flexibility: The framework easily accommodates simulation of various pathological

conditions through targeted parameter adjustments

4. Multi-lead capability: Single parameter sets generate consistent 12-lead ECGs through

spatial projection
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3.5.2 Current Limitations

Several limitations must be acknowledged:

1. Simplified cardiac representation: The single dipole model cannot capture all

complexities of distributed cardiac electrical activity [60]

2. Fixed Gaussian shapes: Real ECG morphology exhibits greater variability than

fixed Gaussian functions can represent

3. Approximate lead vectors: The model uses simplified lead vectors that may not

account for individual anatomical variations

4. Limited beat-to-beat variability: Normal physiological variations in rhythm and

morphology are not fully captured [61]

3.5.3 Validation and Clinical Relevance

The quantitative metrics demonstrate the model’s ability to generate ECG signals with strong
similarity to real recordings. The correlation coefficients above 0.76 for all conditions indi-
cate good morphological fidelity. However, comprehensive validation requires testing across
diverse patient populations and pathological conditions.

The model’s educational value is particularly noteworthy. The ability to generate con-
trolled, labeled ECG patterns makes it valuable for training automated analysis algorithms
and educating healthcare professionals. The pathology simulation capabilities enable creation

of rare or complex scenarios that might be difficult to obtain from clinical databases.

3.6 Future Directions

3.6.1 Model Enhancements

Several avenues for improvement merit investigation:

1. Advanced parameter estimation: Machine learning approaches could optimize pa-

rameter extraction from multi-lead recordings [10]

2. Multi-dipole models: Incorporating multiple dipoles could better represent complex

cardiac electrical patterns
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3. Patient-specific modeling: Integration with medical imaging could enable person-

alized lead vector calculations [62]

4. Enhanced variability: Incorporation of physiological variability models would im-

prove realism [63]

3.6.2 Extended Applications
The framework’s flexibility suggests several promising applications:

1. Algorithm development: Providing diverse training data for machine learning-based

ECG analysis systems [64]

2. Device testing: Supporting development and validation of ECG monitoring devices
23]

3. Clinical decision support: Generating reference patterns for automated diagnostic

systems

4. Research tools: Enabling controlled studies of ECG interpretation and analysis meth-

ods

3.6.3 Integration with Advanced Models

Future work could explore integration with more sophisticated cardiac models:

1. Electrophysiological coupling: Linking Gaussian parameters to cellular-level elec-
trical activity [65, 66]

2. Anatomical integration: Incorporating realistic heart geometry and tissue properties
[67]

3. Hemodynamic interactions: Modeling the relationship between electrical activity

and mechanical function [68]

3.7 Conclusions

This study successfully demonstrates the application of a hybrid Gaussian-Dipole model for
ECG simulation, achieving a practical balance between computational efficiency and physi-

ological realism. The model’s ability to generate both single-lead and 12-lead ECG signals
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with good fidelity to real recordings, combined with its flexibility in simulating pathological
conditions, establishes its value for research, education, and algorithm development.

The quantitative evaluation revealed strong performance, with correlation coefficients ex-
ceeding (.76 for all tested conditions and achieving 0.89 for the carefully parameterized Lead
IT simulation. The model’s capability to simulate common cardiac abnormalities through
intuitive parameter modifications demonstrates its practical utility for diverse applications
[69].

While current limitations existparticularly regarding the simplified cardiac representa-
tion and fixed morphological constraintsthe framework provides a solid foundation for future
enhancements. The computational efficiency and physiological interpretability make it par-
ticularly suitable for educational applications and algorithm testing scenarios where large
volumes of controlled, labeled data are required.

Looking forward, this work establishes a foundation for more sophisticated hybrid mod-
eling approaches that could incorporate patient-specific anatomical information, advanced
physiological variability, and integration with detailed electrophysiological models. Such
developments would further enhance the model’s clinical relevance while maintaining its
computational advantages.

The hybrid Gaussian-Dipole approach represents a valuable contribution to the toolkit
of ECG simulation methods, offering researchers and educators a practical, flexible, and
physiologically meaningful framework for generating synthetic cardiac electrical signals. As
computational modeling continues to play an increasingly important role in cardiovascular
medicine [70], such tools will prove essential for advancing our understanding of cardiac

electrophysiology and improving diagnostic capabilities.
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(General conclusion

This thesis has successfully developed and evaluated a hybrid Gaussian-Dipole model for ECG
simulation, offering a practical solution for generating realistic ECG signals. By integrating
Gaussian functions to model the P, QRS, ST, and T waves with a dipole-based representation
of the hearts electrical activity, the model achieves a balance between computational efficiency
and physiological plausibility.

Using the MIT-BIH Arrhythmia Database, the model was parameterized to simulate Lead
IT and 12-lead ECGs, demonstrating high fidelity for Lead II (correlation of 0.89, MSE of
0.0065) and reasonable performance across 12 leads, with effective simulation of pathologies
like ischemia and ventricular tachycardia. These results were validated using metrics such
as Mean Squared Error, Correlation, Dynamic Time Warping Distance, and Power Spec-
tral Density Correlation, confirming the models ability to capture key morphological and
frequency characteristics.

The hybrid models strengths lie in its efficiency, flexibility, and applicability to algorithm
validation, medical education, and cardiac research. Compared to computationally intensive
biophysical models, it offers a faster alternative suitable for real-time applications. Its ad-
justable parameters enable simulation of various cardiac conditions, making it a valuable tool
for training and testing. However, limitations include less accurate 12-lead parameter esti-
mation, simplified dipole assumptions, and limited capture of beat-to-beat variability. These
challenges highlight opportunities for future work, such as automated parameter extraction,
multi-dipole models, patient-specific lead vectors, and enhanced variability and noise models.

The contributions of this thesis extend beyond the model itself, providing a framework
for integrating theoretical insights from cardiac electrophysiology with practical simulation
techniques. The model supports advancements in diagnostic algorithm development, med-
ical training simulators, and computational cardiology, with potential to improve patient
outcomes through enhanced diagnostic tools. Moving forward, refining the models physio-
logical accuracy and expanding its scope to include a broader range of pathologies will further

strengthen its impact.
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General conclusion

This work underscores the power of interdisciplinary approaches in medical physics, bridg-
ing theoretical foundations with practical applications to advance our understanding and

management of cardiac health.
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